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Abstract

Brain clocks are promising tools for evaluating brain health. However, most current methods rely on
structural neuroimaging. Functionally based approaches remain scarce, especially for assessing age-
related neurodegenerative diseases. This study examines whether the brain age gap (BAG), the difference
between chronological and predicted brain age, reflects neurodegeneration when estimated from
electroencephalographic resting-state (rSEEG) « -oscillations, a well-established marker of brain
functional aging. It also explores whether a-based brain clocks reflect sociodemographic diversity and
structural inequality. The BAG was computed using spectral descriptors of a-activity in the rsEEG source
space of 1,228 healthy participants, individuals with mild cognitive impairment (MCI), and patients with
Alzheimer's disease or behavioral variant frontotemporal dementia, residing in 10 countries with varying
levels of structural inequality. BAGs are increased in MCI and dementia groups, particularly in posterior
cortical regions. Structural inequality emerges as the strongest predictor of BAG, surpassing cognition,
education, and sex. The findings indicate that an a-oscillation-based brain clock provides a sensitive
functional marker of brain aging, capable of capturing neurodegenerative processes as well as the impact
of social disparities. This scalable, accessible approach to brain health shows promise for translational use
and population-wide screening in underserved, resource-limited settings.

Index Terms— Brain Aging; Brain Clock; Electroencephalography (EEG); Neurodegenerative diseases;
Alzheimer’s Disease (AD); Frontotemporal dementia (FTD); Dementia; Mild cognitive impairment
(MCD).

Introduction

AGING comprises the progressive deterioration of physiological functions vital for survival and
adaptation'. This functional decline varies across physiological systems, suggesting that biological age
can be a more reliable indicator of disease susceptibility and mortality than chronological age®. In this
context, brain clocks, also known as brain age models, compute the discrepancy between an individual's



physiological and chronological brain ages (the brain age gap, BAG). Positive BAGs indicate accelerated
brain aging, a hallmark or a risk factor of neurodegenerative diseases, inducing cognitive decline to
dementia®®. Furthermore, the BAG is influenced by a complex interplay of factors encompassing
sociodemographic diversity and socioeconomic disparity”.

The BAG has traditionally been estimated using structural neuroimaging®®°. Brain-age models based
on functional brain data remain comparatively scarce, especially in the context of neurodegeneration®!%!!,
Functional information, however, is crucial as disruptions in neural dynamics often precede macroscopic
structural damage and behavioral alterations during the aging and preclinical phases of neurodegenerative
diseases. Recent developments in brain-age modeling, particularly studies using resting-state magneto-
and electroencephalography (rsM/EEG), have provided a methodological framework for this
purpose>!>13,  The rsM/EEG captures brain oscillatory electrical activity under relaxed
psychophysiological conditions, typically recorded with eyes closed in an unconstrained, task-free mental
state. BAG estimates from these oscillations have been obtained using machine-learning/deep-learning
frameworks'®. In multimodal brain clocks, incorporating rsM/EEG features adds to the information

provided by magnetic resonance imaging (MRI), which is primarily driven by 8-30 Hz oscillations'.

In adults, dominant rsEEG activity is observed at 8-12 Hz in posterior (parietal and occipital) scalp
locations'>. This activity, the a -oscillations, exhibits significant age-related alterations, mainly

16-18 and reduced spectral power!®?, The magnitude of

characterized by frequency slowing
posterior EEG a-activity correlates with cognitive decline in patients with Alzheimer’s disease (AD)?!?2,
the most prevalent neurodegenerative disease in aging, and distinguishes these patients from healthy
control (HC) individuals®. Periodic spectral EEG measures are fundamental for capturing individual
differences in brain dynamics, outperforming aperiodic EEG components?®. Likewise, changes in the EEG
periodic (oscillatory) activity mostly explain the high-to-low frequency power shift that characterizes

AD?,

In this context, the EuroLAD-EEG Consortium, a platform for dementia research, recently assembled a
large database comprising clinical, sociodemographic, and rsEEG data from individuals residing in
countries across the Global South and North?*2’. Initial analyses using this database revealed that
variations in rsEEG features, including a reduction in a-oscillation power, were associated with advanced
age, poorer cognitive performance, and male sex**. Follow-up studies demonstrated that national-level
socioeconomic factors, particularly structural inequality, can exert a more significant influence than
individual-level characteristics on the complexity, connectivity, and spectral properties of rsEEG,
including key descriptors of a-activity?®. Subsequent investigations on functional cortical networks
revealed that structural inequality, environmental pollution, and health disparities significantly increased
BAG?’. Differences in BAG between HC individuals and AD patients, and between males and females,
were positively associated with country-levels of structural inequality °. Therefore, brain clocks derived
from rsEEG a-activity may offer valuable insights into the brain aging trajectories associated with
neurodegenerative diseases that induce cognitive decline leading to dementia. This approach is grounded
on a brief rsEEG recording, followed by cortical source estimation of well-established quantitative rsEEG
descriptors, and the application of artificial intelligence-based algorithms that integrate individual



characteristics (e.g., sex and educational attainment as a proxy for cognitive reserve) alongside national-
level structural inequality.

This study uses the EuroLAD-EEG database?® to investigate whether the BAG estimated from source-
space rsSEEG a-activity progressively increases along a continuum from HC participants to individuals
with mild cognitive impairment (MCI) and patients with dementia (AD or behavioral variant
frontotemporal dementia, bvFTD). The spectral descriptors of rsEEG a-activity and the EEG source
generators most relevant to constructing the brain age model were identified. Then, the contribution of
demographics, educational attainment, cognition, income inequality, and clinical diagnosis to the BAG
was investigated.

This study introduces a novel, affordable, and straightforward brain clock based on a-oscillations. We
used this easy-to-measure EEG metric to examine whether BAG is sensitive to neurodegeneration,
sociodemographic diversity, and socioeconomic disparities. The study offers valuable insights into the
aging trajectories associated with neurodegenerative diseases?, highlighting the potential of using rsEEG
a-activity to develop tools for screening the risk of cognitive deficits in older adults, a cost-effective
strategy especially relevant in resource-limited settings. Using a multicenter design®®, the study explores
the generalizability of the results across heterogeneous populations, a critical requirement for robust
translational applications.

Results

Increased BAG in neurodegeneration

The rsEEG metrics for brain age modeling were extracted from canonical (fixed) and individualized
a-frequency bands. The individualized band was defined using two spectral landmarks: the individual
alpha frequency (IAF), identified as the peak frequency with maximum power between 6 and 12 Hz, and
the theta—alpha transition frequency (TF), defined as the frequency with minimum power within the 1-6
Hz range®®32.

The brain age model for EEG a-oscillations yielded adequate goodness of fit (F=75.85, p<0.001,
R?=0.21, MAE=6.22, RMSE=7.78, Cohenf?=0.13). The intercept (y,) of the regression line between
chronological age and brain age increased from HC to MCI to bvFTD (Fig. 1A), suggesting that
individuals with MCI and bvFTD had greater brain age than age-matched HC participants. The regression
line for the AD group had a higher slope (1) and a lower y, than that of the HC group (Fig. 1A), indicating
that AD patients exhibited elevated brain ages compared to age-matched HC peers, particularly at older
chronological ages. The clinical diagnosis exerted a statistically significant effect on BAG (F3,1257=61.16,
p<0.001, Cohen’s f=0.111) (Fig. 1B). Pairwise multiple comparisons using the Fisher LSD method
(p<0.05) revealed that BAG gradually progressed from HC participants to AD patients (Supplementary
Tables 1 and 2).



Relevant features for brain clocks of a-oscillations

The power of the canonical a, (10.5-12 Hz) and the individual low-a (TF to IAF) and high-«a
frequency sub-bands (IAF to IAF+2 Hz)** dominated the set of features most relevant for the brain clock
of rsEEG a-activity (Fig. 1C). The set of relevant metrics also included the IAF and the TF, the other
parameters describing the individual EEG a-frequency band (Supplementary Table 3-6).

To topographically map the brain clock of a-oscillations, SHapley Additive exPlanations (SHAP)*
values were computed to quantify the relative importance of each feature within the regression model.
Furthermore, anatomically and functionally linked brain compartments were merged into consolidated
regions of interest (ROIs) (Supplementary Table 7)**%%. For each ROI, the absolute SHAP values of all
contributing features were summed and then rescaled to a 0-1 range, yielding a normalized measure of
regional importance in brain age prediction. The occipital, parietal, cingulate, and hippocampal brain
regions emerged as the most relevant ROIs of the brain clock of a-oscillations in both HC and clinical
groups (i.e., MCI, bvFTD, and AD) (Fig. 1D). Other contributing regions were the operculum, orbital
cortex, and inferior frontal gyrus (Supplementary Table 8).

Modulating factors of brain clocks of a-oscillations

The country-level structural inequality was quantified using the Gini coefficient® for countries where
participants resided during EEG acquisition. Three levels of structural inequality were defined: high,
medium, and low (Supplementary Table 9). Country-level structural inequality had a statistically
significant effect on the BAG of the HC group (F@e6s0=12.52, p<0.001, Cohen’s f =0.185)
(Supplementary Table 10). The pairwise multiple comparison (Fisher LSD Method, p<0.05) showed that
the mean BAG of HC individuals increased progressively with increasing levels of structural inequality
(Fig. 2A, Supplementary Table 10). Data quality analyses indicate that the results were not affected by
the study’s multicenter design. Structural inequality was not correlated with the Gini coefficient
(Supplementary Fig. 1, Supplementary Table 11), and the mean number of EEG acquisition electrodes did
not significantly differ across the levels of structural inequality (Supplementary Fig. 2, Supplementary
Table 12). The number of EEG acquisition electrodes did not significantly influence the Overall Data
Quality (ODQ) of the EEG estimated in the source space (Supplementary Table 13), with the ODQ being
a metric that combines parameter informing about the maximum amplitude, the presence of segments
with constant amplitudes, as well as the standard deviation, correlation coefficient, and signal-to-noise
ratio of the signals®®. Neither ODQ, the number of participants, nor the number of channels predicted Gini
(Supplementary Table 14).

When the group-level analysis included both HC participants and AD patients, and the categories of
country-level structural inequality were restricted to middle and high (Fig. 2B), both structural inequality
(Fa,823=15.71, p<0.001, Cohen’s f=0.209) and clinical diagnosis (F(1,s23=36.05, p<0.001, Cohen’s
f=0.138) showed statistically significant effects on BAG (Supplementary Table 10). The interaction
between these factors (F(1,523)=0.08, p=0.769, Cohen’s f=0.010) showed no statistical effect. A higher
BAG was linked to living in countries with increased structural inequality (Fisher LSD Method, p<0.05).



In countries with similar Gini coefficients, the mean BAG of the AD group was statistically significantly
higher than that of the HC participants (Fig. 2B, Supplementary Table 15).

Furthermore, country-level structural inequality, cognitive status (assessed using the raw total score
from the Mini-Mental State Examination, MMSE)?’, educational attainment, and sex contributed to
distinguishing between HC individuals with increased vs. delayed brain aging, defined by BAG values
above and below the median of the BAG distribution (Fig. 2C). The classification yielded moderate
performance (AUC of ROC curve: 0.76, accuracy: 0.74, precision: 0.72, Fl-score: 0.77, recall: 0.84). The
country-level structural inequality was the most influential predictor of BAG, followed by the cognitive
status, educational attainment and sex (Fig. 2C). Expanding the analysis to include both HC and clinical
groups and incorporating clinical diagnosis as an additional predictive variable also resulted in an
adequate classification of individuals with increased vs. delayed brain aging (AUC of the ROC curve:
0.70, accuracy: 0.71, precision: 0.71, Fl-score: 0.81, recall: 0.94) (Fig. 2D). Structural inequality
remained the most influential predictor, followed by cognitive status, educational attainment, clinical
diagnosis, and sex (Fig. 2D).

Discussion

We investigated brain clocks of EEG a-activity in a cohort of 1,228 participants (50 to 90 years) of
both sexes with different clinical statuses (i.e., HC, MCI, bvFTD, and AD) and varying cognitive reserve,
as reflected by their educational attainment. They were enrolled in 10 countries with different structural
inequalities. Results showed that the BAG was significantly related to rsEEG a-activity estimated in the
occipital, parietal, cingulate, frontal, and hippocampal brain regions. BAG was also effectively related to
diversity and disparity. At the group level, increased BAG was associated with higher country-level
structural inequality and neurodegeneration. Furthermore, country-level structural inequality emerged as
the most influential predictor of BAG at the individual level, surpassing cognitive status, educational
attainment, and clinical diagnosis.

This study demonstrates that BAG, estimated using an easily interpretable and clinically accessible
EEG signature of brain function, is sensitive to neurodegeneration, individual diversity, and
socioeconomic disparities. The model offers insights into age-related changes through well-described
oscillatory dynamics, thereby complementing traditional brain age models based on T1-weighted
morphometry or diffusion-based connectivity estimates. The a-oscillations measures are well-recognized
indicators of aging and cognitive decline. However, this is the first time these measures have been used
to develop sensitive brain clocks. The study’s multicenter design enhances the generalizability of the
findings across diverse populations, underscoring the importance of socioeconomic variables in assessing
brain aging.

Group differences in BAG

The brain clock of a-oscillations showed adequate goodness of fit (Fig. 1), with an MAE within the
range reported in previous EEG-based brain age models (5-12 years)>!*383%  Although higher than the
MAE typically observed in MRI-based approaches, this is expected, as functional brain clocks capture



dynamic neural processes that are not accessible through structural imaging*. Notably, while tightly fitting
brain-age models minimize error, they often yield predictions that provide limited information beyond
chronological age®. Moderate-fitting models, such as the a-frequency brain clock, can exhibit greater
sensitivity to neurodegeneration and sociodemographic influences. Furthermore, the MAE reported in this
study is consistent with single-site EEG studies'® despite the added variability of a multicenter design.
Multicentric studies enhance the generalizability of results* and enable assessment of sociodemographic
influences on brain age, thereby providing greater translational value for clinical and population-based
applications.

The linear relationship between the brain age estimated from a-frequency oscillations in the EEG-
source space (Fig. 1A) and chronological age supports previous studies demonstrating linear associations
between age in older adults and the magnitude of those oscillations'®, a result with potential clinical
applications for population-based aging screening. Furthermore, the findings indicate that alpha-band
EEG activity reflects meaningful deviations from normative brain aging trajectories among individuals
with MCI and dementia, highlighting the role of clinical status in shaping these trajectories. This result
aligns with and complements previous studies using other neuroimaging approaches>***!. However, the
mean BAG differences among groups were modest, with BAG distributions showing substantial overlap
(Fig. 2B). This is not unexpected, as the present brain age model was restricted to a single EEG frequency
band. Greater discriminative power can be anticipated from integrative approaches that combine a larger
number of spectral descriptors with complementary EEG domains, including complexity and connectivity
measures. The variability observed in our BAGs ( 2.1-2.8 years, Supplementary Table 1) aligns with
previous reports from both EEG- and MRI-based studies®!®, where variability depends on the modality
and analytic pipeline employed*3®42. The effect sizes obtained in this study further indicate that factors
beyond clinical diagnosis contribute substantially to the explained variance of BAG. This interpretation
is supported by our classification analyses, which demonstrated that structural disparity, cognition, and
education exert stronger modulatory influences on BAG than clinical diagnosis of brain health (Fig. 2D).

The increased BAG of MCI individuals and patients with dementia can, in part, be attributed to the
atrophy of the posterior cortical generators of rSEEG a-frequency oscillations. Abnormalities in those
oscillations have been linked to reduced cortical gray matter volume in individuals with MCI and patients
with AD®. Increased BAG can also reflect disrupted cholinergic activity in the basal forebrain and its
connections to the thalamus and posterior cerebral cortex that regulate cortical arousal and vigilance, a
hallmark of neurodegenerative conditions such as AD3>#45 This dysfunction may lead to altered
oscillatory dynamics within thalamic and cortical networks that generate the brain a-rhythm**®, which
critically depend on the integrity of the forebrain cholinergic pathways and their cortical targets*’.

The rsEEG a-predictors of BAG

EEG metrics derived from individual a-frequency bands were relevant to brain age estimates (Fig. 1C,
Supplementary Tables 3-6). This is consistent with previous research showing that power descriptors of
individual EEG a-activity enable the accurate classification of HC and AD individuals®**®, Compared
with the canonical approach, individualized a-frequency bands more sensitively capture age-related



slowing of rsEEG rhythms and the decline in IAF observed in AD and related neurodegenerative
disorders*®, effects driven primarily by changes in periodic oscillatory activity rather than by non-
oscillatory (aperiodic) components®.

Overall, the findings underscore the core role of the low a-frequency sub-band in BAG estimations
(Fig. 1C, Supplementary Table 3-6). The power of this EEG frequency sub-band has been considered a
neural correlate of the participant’s global attentional readiness and aging!®*. Its reduction may reflect
the desynchronization of dominant posterior rsEEG rhythms, a phenomenon associated with
neurodegenerative processes, including the progression of AD.

Topographic representation of the « -brain clock

Key regions governing the brain clock for EEG a-activity—including the occipital, parietal, and
cingulate cortices—exhibit decreased and disrupted a-oscillations in aging and neurodegeneration'®>!. In
AD patients, the magnitude of a-oscillations has been associated with occipital cortical volume>**?,
Altered EEG a-power has also been linked to hippocampal and parietal atrophy>*°>, both of which are
key brain regions for the brain clock of a-oscillations (Fig 1D). These results align with previous findings
indicating a systematic decline in EEG a-power estimated in the limbic and parietal brain regions as
individuals age'®, a pattern pronounced in AD patients®!. Moreover, these findings are consistent with
computational modeling studies suggesting that EEG a-power and the IAF are contingent upon the

number and synchrony of neurons within the cortical generators of a-oscillations®.

Although the cingulate cortex is cytoarchitectonically and functionally heterogeneous, it exhibits
significant atrophy in Alzheimer's disease when considered as a whole, highlighting its vulnerability to
neurodegeneration®’. The volume of posterior cingulate cortex and other default mode network (DMN)
regions positively correlates with rsEEG a -source activity and global cognitive status in older
individuals®®. Compared with HC participants, AD patients exhibit reduced DMN gray matter volume,
diminished rsEEG a-source activity in those regions, and lower global cognitive status®®. Similarly,
parietal cortical areas integral to the DMN, including the postcentral and supramarginal gyri, exhibit
severe atrophy in patients with bvFTD>°,

Demographic diversity and structural inequality are reflected in the a-brain clock

The BAG estimated from rsEEG a-activity progressively increased with rising levels of structural
inequality (Fig. 2A, B). This finding complements studies suggesting that country-level structural
inequality modulates EEG source-space dynamics®® and that differences in BAG between HC individuals
and AD patients widen as country-level structural inequality increases’. Higher country-level structural
inequality is associated with reduced source-space rsEEG a-power, particularly in the cingulate cortex
and the parietal lobe?®, two of the brain regions with the highest preponderance in the brain clock of rsEEG
a -activity (Fig. 1D). The rsEEG «a -activity estimated in regions critical for mapping brain aging
trajectories (occipital and parietal lobes) (Fig. 1D) is also modulated by sex, educational attainment as a
proxy of cognitive reserve, and cognitive status’*. Notably, EEG spectral metrics most affected by
cognitive status (power in the a2 and low-a EEG frequency bands)** were also ranked among the most
significant contributors to the brain age model (Fig. 1C).



The heterogeneous influence of diversity and disparity on the BAG of HC participants (Fig. 2C)
emphasizes the profound impact of country-level structural inequality on brain dynamics, which can
exceed the significance of general cognitive status and educational attainment®!. The relatively lower
influence of sex on brain age compared with other variables (Fig. 2C) aligns with findings from other
multifactorial analyses conducted across diverse populations®*2%,

While BAG varied significantly across participant groups (Fig. 1B), clinical diagnosis was not the
primary determinant of BAG outcomes (Fig. 2D). Instead, its effect was surpassed by the influence of
country-level structural inequality, general cognitive status, and education attainment (Fig. 2D). Although
challenging, this result does not represent an isolated observation since previous studies illustrate that
clinical diagnosis can be outweighed by the cognitive status and educational attainment even when brain
health is evaluated behaviorally®?. This emphasizes the complex interplay between physiological and
environmental factors that underline brain aging trajectories and the relevance of adopting
multidimensional approaches to assess brain health®.

Methodological remarks

The following methodological limitations should be considered when interpreting the results. The study
is characterized by an unbalanced sample, with the recruitment of participants with neurodegenerative
diseases confined to specific countries with middle and higher structural inequality. Future research must
strengthen cross-country and cross-regional analyses by employing representative cohorts that span
broader geographic and demographic contexts. Furthermore, longitudinal studies are imperative for
elucidating brain aging trajectories and disease progression®. Notably, future studies should incorporate
the age of disease onset and disease duration at the time of EEG recording as predictors of BAG,
considering that different cognitive impairments are associated with early- and late-onset AD®°. Similarly,
incorporating individual-level demographics and socioeconomic indicators, such as gender identity,
ethnicity, household income, and quality of education, will enhance the understanding of social diversity
and provide a more comprehensive perspective on disparity beyond country-level indices. Finally,
expanding the set of cognitive assessment tools beyond the MMNE to include cognitive social variables
such as empathy and compassion will help to capture the full spectrum of mental abilities.

EEG acquisition and processing challenges that may affect model outcomes include the use of diverse
electrode configurations, the use of an average brain template for EEG source space estimation, and the
choice of ROI definitions. EEG scalp topographies derived from different electrode layouts were
integrated using a head mesh model of 1082 electrodes®®®’. This is an alternative to spatial harmonization
procedures implemented in other multicenter studies, which are based on assigning equivalent electrodes
according to distances®®®. In our study, the number of EEG electrodes was not correlated with the Gini
coefficient (Supplementary Figure 1, Supplementary Table 11) or with the mean Gini index of each of the
three country-level structural inequality categories used in BAG comparisons (Supplementary Figure 2,
Supplementary Table 12). As in previous studies using this dataset®*?3, the number of channels used for
EEG acquisition did not predict the signal quality in the EEG source space (Supplementary Table 13).
This is in accordance with analyses conducted in the group of HC, which demonstrate that neither the
ODQ, the number of HC individuals per recruitment center, nor the number of EEG acquisition channels
predicted the country-level structural inequality (Gini coefficient) when this outcome was assessed using



logistic regressions®® (Supplementary Table 14). Future research should leverage high-density electrode
arrays and individual MRI data to increase the resolution and robustness of EEG source-space estimates,
refining the interpretation of individual differences across diverse populations and advancing our
understanding of brain health.

Methods

Participants

The dataset used in this study®® comprises rsEEG recordings from 1,319 individuals residing in
Argentina, Brazil, Chile, Colombia, Cuba, Greece, Italy, Ireland, Turkey, and the United Kingdom (Fig.
3A). A portion of this dataset has been used in studies on dementia’®7> and is publicly available?’. The
Institutional Ethics Committees of each participating center approved the collection and use of de-
identified data, with participants providing informed consent in accordance with the Declaration of

Helsinki. All ethical regulations relevant to human research participants were followed.

Participants were categorized as HC, MCI, bvFTD, or AD, and grouped by the Gini coefficient of their
respective nations at the time of data collection >?*%!. This coefficient quantifies deviations in income
distributions within an economy from perfect equality®® and ranges from 0 to 100, where 0 indicates
perfect country-level equality, and 100 represents complete country-level inequality’®. Three levels of
structural inequality were defined: high, medium, and low (Fig. 3B, Supplementary Table 9). This
classification, along with information on age, educational attainment, cognitive status, and clinical
diagnosis of the participants (Fig. 3C, Table 1), was incorporated into subsequent analyses.

The cognitive status was assessed using the raw total score from the Mini-Mental State Examination
(MMSE)*’, a valuable instrument for general cognitive assessment in clinical and research contexts 77.
The MMSE scores range from 0 to 30, with scores < 24 indicative of abnormal cognitive function.
Participants with MCI met the Petersen criteria, with MMSE scores below the cut-off threshold 2478,
Clinical diagnosis of AD was based on the current criteria of the National Institute of Neurological
Disorders and Stroke—Alzheimer's Disease and Related Disorders (NINCDS-ADRDA) working group for
probable AD”°. Likewise, patients with bvFTD fulfilled the revised criteria for probable bvFTD?#0,

EEG recording, processing, and normalization

The rsEEG was recorded using scalp electrodes under eyes-closed and general psychophysical
relaxation conditions, with participants seated comfortably in an armchair. Electrooculographic activity
was also recorded to control eye movements and blinking. Antialiasing, analog filtering, and frequency
sampling were performed before digital storage. The EEG acquisition setting used at each recruitment
center is reported in Supplementary Table 16.

The rsEEG was processed using an automatic pipeline that included protocols to mitigate cross-site

81-83  which has been adopted in studies on brain age’, social diversity?*,

methodological variations
country-level socioeconomic disparity %8, and dementia>’>7>. The EEG was filtered between 0.5 and 40

Hz, re-sampled to 512 Hz, and re-referenced using the reference electrode standardization technique®*



(Fig. 3C). Blinking, ocular artifacts, and myogenic activity were corrected using ICLabel (a tool for the
classification of EEG-independent components into signals and different categories of noise)® and
EyeCatch (a tool for identifying eye-related scalp EEG maps)®. Noisy channels were replaced using
weighted spherical interpolations®. Z-score transformations of the EEG time series were computed
independently for each recruitment center to reduce inter-site variability’®’3. The artifact-free EEG
activity derived from the electrode montage used at each recruitment center was interpolated to produce
datasets with a 128-radial electrode layout, using a mesh-head model of 1082 virtual electrodes, as
implemented in the EEGLAB headplot function®”. This approach has been employed as a spatial
normalization method in studies examining between-subject and between-session variances across EEG
acquisition®”, and has been implemented in previous multicenter EEG studies »**?%, Transforming low-
density electrode configurations into high-density montages implies generating virtual channels that carry
redundant information from the original signals. While this transformation does not imply a gain of
information, it reduces the dependence of EEG source estimation on the number of electrodes when
applying inverse solution models, whose spatial resolution is inherently constrained under low-density
electrode setups.

EEG source estimation

EEG brain sources (Fig. 1C) were estimated using the standardized low-resolution electromagnetic
tomography (sSLORETA) method implemented in the LORETA KEY software®:2°, Standardized current
density maps were computed within the 6242 voxels (5 X 5 X 5 mm each) of the SLORETA brain model,
for each of the 153,600 voltage distributions corresponding to the first five minutes of artifact-free rsEEG.
The sLORETA head model consisted of three concentric spheres, and a signal-to-noise ratio of 1 was used
as a regularization parameter of the SLORETA transformation matrix. A brain segmentation of 82
compartments was implemented using the Automated Anatomical Labeling (AAL) atlas®®. The inverse
solution for each scalp voltage distribution yielded the estimated current-density time series across all
voxels of the SLORETA head model. The time series for voxels corresponding to the same AAL brain
region were averaged to yield the mean brain source time series for that specific AAL region’%72,

EEG parameters

The normalized power spectral density (nPSD) for each AAL brain region was calculated using Welch's
method, employing a 4-second Hanning window with 50% overlap, resulting in a spectral resolution of
0.25 Hz°%%2, The canonical a-frequency sub-bands were alphal (a1), ranging from 8.5 to 10 Hz, and
alpha2 («2), spanning 10.5 to 12.0 Hz®3. The individual a-frequency sub-bands were defined as low-a
(TF to IAF) and high-a (IAF to IAF+2 Hz)® (Fig. 1D). Using the canonical definition of a-frequency
sub-bands ensured cross-study comparability in brain aging. At the same time, the individualized
approach accounted for the typically lower IAF observed in AD patients compared with HC
individuals®®3!,

The relative power density (RPD, the mean nPSD) was calculated for each canonical and individual a-
frequency sub-band. Additionally, the equivalent percent power (EPP) of each a-frequency sub-band,
representing the proportion of nPSD within the sub-band relative to the total nPSD, was computed®2°.
These parameters (RDP and EPP), IAF, and TF were used for BAG assessments.



Reduction of the EEG analytical space

Resting state a-activity can be detected in most regions of the human brain, although it typically co-
exists with oscillatory activity in other E/MEG frequency bands®. To streamline the analysis of a-activity,
anatomically and functionally linked AAL compartments were merged into consolidated regions of
interest (ROIs), as described in previous studies using the EuroLAD-EEG dataset?*?®. For example,
neighboring brain regions with established functional coupling, such as the hippocampus, para-
hippocampal area, and amygdala, were grouped, as were areas within a given cerebral lobe, such as the
calcarine fissure and surrounding cortex, the cuneus, the lingual gyrus, and the superior, middle, and
inferior occipital gyri. This procedure resulted in ten cohesive ROIs (Supplementary Table 6), allowing
reliable detection of both the IAF and the TF within each ROI. The same ROI selection has been applied
in previous studies investigating associations among the EEG spectrum, sociodemographic diversity, and
country-level structural inequalities?*?®. Focusing on ROIs that encompass structurally and functionally
interconnected areas accounts for the inherently low spatial resolution of EEG inverse solution methods,
thereby enhancing data interpretation and facilitating the identification of meaningful patterns in brain
activity?*?%. This reduction of the EEG analytical space mitigates the effects of the EEG electrode
configuration, given the increased variance that can arise from using spatially harmonized EEG signals
from both low- and high-density electrode configurations. Comparable dimensionality-reduction
strategies have been applied in other dementia studies investigating brain oscillations in the EEG source
space®97

BAG estimation

A linear regression model was constructed to estimate brain age from EEG features using Elastic Net®.
This regularization technique controls model complexity by balancing feature selection and coefficient
shrinkage. Penalties in the model promote sparsity by setting some coefficients to zero, enabling feature
selection and shrinking correlated coefficients toward similar values, thereby mitigating multicollinearity
and overfitting. Elastic Net is advantageous for assessing high-dimensional datasets with correlated

predictors®®, thereby ensuring robustness and interpretability in brain age prediction.

Brain ages were computed using bagging, an ensemble learning technique that enhances predictive
accuracy and reduces variance by training multiple models on bootstrapped subsets of the data and
averaging their outputs!®. Bagging is an ensemble learning method that generates multiple models by
training on different subsets of the data and then averaging the predictions. In this study, 20 brain age
estimates were obtained for each participant and subsequently averaged to enhance reliability. For each
data subset, the HC sample was split into 90% and 10% for training and testing, respectively 1. The
model was trained using 10-fold cross-validation (Fig. 3E). Furthermore, the regression model obtained
during each cross-validation iteration was used to estimate the brain age of one-tenth of the individuals in
each clinical group. This process was repeated 20 times, with the data randomly shuffled in each
iteration?®, Consequently, 20 brain age estimates were generated for each participant, with the mean
serving as the final brain age prediction (Fig. 3E). The BAG was calculated as the difference between
each individual’s actual chronological age and the mean brain age prediction. A positive BAG (BAG > 0)
indicated that the brain's functional age appeared older than expected for the individual’s chronological



age. Conversely, a negative BAG (BAG < 0) indicated that the brain's functional attributes resembled
those of younger peers (Fig. 3F).

A bias systematically exhibited by brain age models is the overestimation and underestimation of brain
age in younger and older individuals, respectively, such that brain age is more accurately predicted for
participants with a chronological age closer to the mean age of the training dataset!?2, This regression-
toward-the-mean bias was adjusted in each cross-validation fold by linearly regressing the chronological
age of the training set on the BAG estimates and using the regression residuals to correct the BAG
estimates. Subsequently, the regression coefficients were used to adjust the BAG for individuals
comprising the test set %,

For each cross-validation fold, we computed the coefficient of determination (R?), the mean absolute
error (MAE), the mean squared error (MSE), Fisher's F, and the model's significance. These metrics were
used to evaluate the model’s performance. Furthermore, SHapley Additive exPlanations (SHAP) values*
were computed to evaluate the relative importance of each feature in the regression models (Fig. 3F).

BAG classifications

An XGBoost classifier was used to distinguish HC participants with low and high BAG, using country-
level structural inequality (measured by the Gini coefficient), demographic factors (sex and educational
attainment), and cognitive status (MMSE score) as predictive variables. The BAG was binarized using
the median (-0.09) rather than zero to ensure a balanced class distribution. A second XGBoost classifier
was used to predict low versus high BAG across the entire sample as a function of the clinical diagnosis
(i.e., HC, MCI, bvFTD, AD), demographic factors (sex and educational attainment), and cognitive status.
For model training and evaluation, the data was split into 80% for training and 20% for testing. A k-fold
(k = 10) cross-validation was used in the training phase. Performance classification metrics were reported,
including accuracy, precision, and recall.

Statistics and Reproducibility

The study sample size (1319 participants) exceeded the minimum threshold required to detect a small
effect size (Cohenf2= 0.04) in multiple linear regression analyses (F test, fixed model) and a medium
effect size (Cohen's f=0.15) in fixed-effects ANOVA (F test, main effects, and interactions), ensuring a
statistical power of 0.95103,

A Welch’s ANOVA (p<0.05) was performed to compare the mean BAG across groups and to examine
variations in the BAG of HC as a function of structural inequality (Fig.3A, Table 1). This parametric test
was chosen due to its suitability for cases where the study has a large sample size but the assumption of
homoscedasticity is not met!®®. Furthermore, a two-way ANOVA (p<0.05) was conducted to analyze
variations in BAG as a function of the structural inequality of the country of residence and participants'
clinical diagnosis. The factor "structural inequality" included two levels: middle and high Gini, while the
factor "group" comprised HC and AD. Unfortunately, restricting the ANOVA factors to two levels was
necessary due to the absence of a representative sample of AD patients from countries classified in the
lower GINI group and the limited geographical distribution of MCI and bvFTD patients (Table 1). For



example, the MCI sample from medium-Gini-level countries comprised only Turkish participants, while
the high-Gini-level bvFTD sample included only Colombian participants. The Fisher LSD test (p<0.05)
was the post hoc test for multiple comparisons in all statistical analyses.

To analyze the effect of possible confounders, we assessed whether the number of electrodes
across sites influenced the results by testing associations between the number of EEG electrodes and
country-level structural inequality. Additionally, consistent with our previous studies?*®!, the ODQ
index?® of the EEG signals estimated in source space was used to control for potential confounds related
to electrode number, sample size, and structural inequality. The ODQ quantifies the proportion of high-
quality epochs in a recording by integrating signal-quality parameters such as maximum amplitude,
standard deviation, correlation coefficient, and signal-to-noise ratio. Values range from 0, indicating that
all epochs were classified as low quality, to 100, indicating that all epochs were classified as high quality>°.
As in previous studies?*®!, logistic regression and group-level statistical analyses were performed with
the Gini coefficient as the dependent variable to evaluate whether ODQ, the number of participants per
center, or the number of channels predicted structural inequality values.
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Tables

Table 1: Details of the study sample

group reée;;lvle country n fim ratio age years of education cognition
Ireland 85 41:44 67.6+5.5 15.2+4.0 29.0+1.0

low UK 50 25:25 68.7+7.8 16.1+6.0 -
Greece 24 10:14 68.8+5.3 - 30.0+0.0

Italy 22 13:9 61.7£7.9 15.3+5.0 -
HC Cuba 9 7:2 58.3+4.4 12.1+1.8 29.8+0.5
middle Argentina 40 29:11 66.5+8.3 17.7£2.3 28.9+0.8
Turkey 252 152:100 66.148.2 11.0£5.3 29.0£1.2
Chile 50 35:15 70.1+£7.1 14.8+4.3 28.8+1.4
high Colombia 77 60:17 59.5+6.4 13.74£5.1 27.9+1.7
Brazil 72 42:30 67.8+£10.0 12.1£3.6 27.8£1.5
MCI middle Turkey 95 45:40 73.246.5 8.9+4.4 25.0+£3.6
high Colombia 133 111:22 62.5+6.2 8.1£5.4 27.0£1.7
) Argentina 33 13:20 69.5+9.1 14.8+4.6 26.9£3.8
wEtD M e 18 12:6 70.7+5.9 14.6+3.7 23.144.7
high Colombia 6 2:4 66.5+5.8 7.8£6.7 21.8+4.7
Argentina 32 19:13 73.8+£7.5 9.9+5.0 23.7+3.3
middle Turkey 96 62:34 74.2+5.1 8.8+4.4 19.9+4.8
AD Chile 60 26:34 71.2£7.0 12.4+4.9 21.5+4.0
high Colombia 44 30:14 72.7£5.6 13.5+3.8 21.3£3.4
Brazil 72 49:23 80.7+6.6 10.1+4.3 21.0+4.5

HC: healthy controls, MCI: mild cognitive impairment, bvFTD: behavioral variant frontotemporal dementia, AD:

Alzheimer’s disease



Figure Caption

Fig. 1: Brain age model of source-space EEG a-frequency oscillations. A) Linear regression between
chronological age and brain age derived from a-oscillations, shown for each participant group. Individual
data points (circles) and the corresponding regression line are depicted, with regression parameters
detailed for each group. B) BAG obtained in each group of participants. Circles represent individual
values. The horizontal bar represents the median and the 25th/75th percentile of the distribution. C)
Feature importance, ranked by SHAP values. Bar lengths indicate the relative contribution of each feature,
with dark and light tones differentiating hemispheric origins. D) Topographical map of the brain clock of
EEG a-frequency oscillations. Representative regions contributing to the brain age model are highlighted
in various brain views. Maps in A) were generated using MapChart (mapchart.net) and are used under the
CC BY-SA 4.0 license. The icons representing filtering, resampling, and artifact correction in C) were
obtained from iStockphoto.com through a paid subscription. The human silhouette used in the acquisition
schematic of C) was obtained from Shutterstock.com through a paid subscription. The source-localization
schematic in C) was created by the authors to match the silhouette in the acquisition panel, and the brain
graphic in the source-localization panel was adapted from Servier Medical Art (SMART) under the CC
BY 4.0 license. Some of these licensed third-party elements were also reused in the Graphical Abstract,
and the same credit and licensing information applies to those elements.

Fig. 2: Group-level statistics of the brain age gap (BAG) estimated from source-space rsEEG a-activity
and classification of accelerated vs. delayed brain aging. A) Mean BAG comparison of HC across groups
of countries with diverse structural inequality. B) Mean BAG variations as a function of the group of
participants (diagnosis) and structural inequality. The analysis only considered two categories of country-
level structural inequality and two groups of participants (HC and AD). In A) and B), the circles represent
individual values, and the horizontal bar represents the median and the 25th/75th percentile of the
distribution. C) Classification of accelerated vs. delayed brain aging in HC. D) Classification of
accelerated vs. delayed brain aging in the entire sample. In C) and D, the panels from left to right illustrate
the ROC curve, the confusion matrix, and the relative importance of the predictive variables in the
classification. Measures of the classification performance are outlined. acc: accuracy, pred: precision, rec:
recall. The box plots represent the mean (solid vertical line) and the 25th/75th percentile of the distribution,
with points representing the 5th/95th percentile of the distribution.

Fig.3: Methodological framework for brain age gap (BAG) estimation using EEG a-oscillations. A)
Geographic and group-level characterization of the study sample. Countries were grouped into lower,
middle, and higher structural inequality categories based on the GINI coefficient, with distinct colors
representing each group. The participant numbers per group are indicated. B) Age distribution stratified
by group and sex. C) Key processing and harmonization steps for the estimation of a-oscillations in the
EEG source space. D) Definitions of the EEG a-band adopted in the study. The bandwidth limits are
presented in each case. E) Workflow for constructing the brain age model of a-oscillations, including data
splitting and repetition procedures used to obtain brain age estimates for every participant. F) BAG
computation. The panel illustrates group-level brain aging, defines accelerated aging, and presents an
analysis of feature importance alongside a topographical representation of the brain clock for a -
oscillations. G) Group-level statistics and classification of BAG. Group-level variations in BAG were



investigated as a function of the country-level structural inequality and the participant group. Accelerated
vs. slowed brain aging was classified using predictive variables such as country- and individual-level
measures of diversity and disparity, as well as diagnosis.

Editorial Summary:

Alpha-oscillation EEG brain clocks reveal accelerated brain aging in dementia, while country-level
inequality strongly shapes brain age gaps, supporting scalable screening in underserved, resource-
limited settings.
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Communications Biology thanks the anonymous reviewers for their contribution to the peer review of
this work. Primary Handling Editors: Sahba Besharati and Jasmine Pan. A peer review file is available.
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A) BAG of HC as a function of structural inequality
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C) Classification of accelarated aging in HC
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B) BAG differences between HC and AD
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A) Geographic and group-level profile of the study sample

TN

i

.
1 ERN
)

. GINI . e ’
A N s Fhigher i% ; ’
/ N\ i i {
; I lower middle higher  total
LK B ey HC 18t 351 149 681
£
! /Y 5 y MCI - 95 133 228
. / N ’
g A e 4 h . |ower bVFTD o 51 6 57
Latin America Eurasia AD - 188 116 304
B) Age distribution by gender
8 |
X HC
E Efemale
%‘ 3 Emale
C
(3]
©
0 i
60 80
age (years)
C) EEG processing and harmonization
N 4 R )

AW filtering resampling artifact spatial site
MWW correction normalization normalization MW\
\ J (& J \ J N J
acquisition processing harmonization source localization

D) Alpha band definitions

E) Brain age model of alpha oscillations

, - — * in each fold
subject specific osarRtON20 g| training sample | testing sample
— ®
3 WTF - 1AF iteration 2 | © ° © o X
© M |AF - IAF+2Hz 500 000 o 000 000 @0 El o ° .
g (— iteration 1 = ® o '
Q0 ececesse o o0 ceee O = ® e o °® . Q
g cAnenic COCT - -
Q Itivariate alph tt
M 8.5Hz — 10Hz . = MUIGATIEE 2Pha atsm
M 10.5Hz - 12Hz ¢ 10 folds ° & 2 20
[ ]
T IAF N e 55 Brainage(=1/202x
Q5 5 1 E= )
frequency (Hz) \ 2
F) Estimation of brain age gap (BAG) ® G) Comparisons and classifications
o
[0}
H,C:, §§ group-level XGBoost
e clinical group © G statistic classifications
2 h- 2 g— .
® £ :
& BAG (x) = b-c ® HH £
g S contributing s : k3]
BAG >0 regions o 3
ft aright @ =
@ accelerating , ; l
, aging 0 :
chronological age BAG (years) influence on BAG




BAG (years)

BAG (years)

f score

/Study sample AR Methods %
CEON o tota V4 RERSREEERE
N/ = Q o0
A Euasia | HC 681 - ) 2| o/
. rasia | ¢ = ol
( Latin jf urast ) = (=10 lidati o e/ o
. America | ,'S / MCl 228 . crossvalidation sle 67
N / L W / byFID ST AW o - .
L /N I e v e
N~ TS N\ AD 508 AW chronological age
— — source space EEG correlation models BAG estimation
lower  Ginjindex ~ Nigher )\ alpha oscillations W,
Result h
S brain age gap (BAG) BAG differences between HC and AD accelarated brain aging
£ @
A0 - 5 8 on | o p——
5 S cog | o -
bvFTD = o
e cdu o I
— >
MCl = z
5 S diag {11
o
HC —— oo IIie (S)@390I6@00 01 &) % 5 sex +[D+
2 |
-10 -5 0 5 10 8 6 -4 2 0 2 4 6 8 0 50 100 150 200 250 300

/




Graphical Abstract

The brain age gap (BAG) estimated from electroencephalographic (EEG) alpha oscillations
is increased in individuals with neurodegenerative conditions. Country-level structural
inequality surpasses cognition and diagnosis as a key predictor of BAG, highlighting
socioeconomic impacts on brain aging. The findings underscore the potential of EEG for
accessible brain health screening, especially in underserved populations.



