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Abstract

Background Neural recordings capture crucial pathophysiological processes along the
dementia continuum. However, cross-center variability in recording techniques and
paradigms limit their generalizability and diagnostic power, preventing clinical use. We here
propose a computational approach enabling cross-center classification even in the
presence of completely different clinical pipelines.
Methods We leveraged a digital twin model to derive digital biomarkers linking
neurodegeneration mechanisms to alterations in neural activity across multiple recording
modalities. We tested the generalizability of digital biomarkers through cross-center
classification of Mild Cognitive Impairment (MCI) and healthy subjects in two independent
clinics. The two datasets presented different recording techniques (EEG and MEG),
preprocessingmodalities, recruitment criteria and diagnostic guidelines. Digital biomarkers
derived from one clinic were tested for classifying patients in the other clinic and vice versa
employing a transfer learning approach.
Results Digital biomarkers outperform standard biomarkers in the MCI vs healthy
classification in both separate datasets (83% vs 58% for EEG dataset and 75% vs 68%
for MEG dataset). Moreover, they achieve accurate and consistent cross-center
classification (77–78% accuracy), while standard biomarkers perform poorly in the
generalization attempt (56–65%). Additionally, digital biomarkers reliably predict global
cognitive status across clinics across both datasets ( p < 0.01), while standard biomarkers
present no correlation.
Conclusions Digital biomarkers generalize across recording techniques and datasets,
enabling a cross-modal and cross-center classification of a patient’s condition. These
biomarkers offer a robust measure of patient-specific neurodegeneration, mapping neural
recordings anomalies into a common framework of underlying structural alterations. The
vast differences between the two datasets support the applicability of this approach also in
the presence of high inter-center variability.

The functional characterization of prodromal dementia conditions constitutes
a fundamental step to support an early diagnosis of cognitive decline and for
the understanding of its pathophysiology1. Non-invasive recordings2–4, com-
bined with computational techniques5–9, are promising candidates for this
task, due to their high temporal resolution and reduced discomfort for the

patient. While many works have explored the combination of non-invasive
recordings and machine learning methods for dementia classification10–13 this
approach ultimately failed to reach clinical stage. Main obstacles include the
lack of interpretability and reproducibility of these methods14,15, and poor
generalizability, as models are often trained on monocentric datasets16.

A full list of affiliations appears at the end of the paper. e-mail: alberto.mazzoni@santannapisa.it

Plain language summary

People with pathological cognitive decline
lose memory, reasoning and communication
ability, developing diseases such as
dementia. Non-invasive methods that record
activity in the brain have been investigated to
see whether they can be used to identify
people with pathological cognitive decline.
Ideally these methods would require minimal
equipment and reduce patient discomfort,
but their results often vary greatly between
clinics. We used patient-specific computa-
tional brain models, called digital brain twins,
tofindpossibledigitalmarkersofpathological
cognitive decline. We evaluated whether
these markers could be used to diagnose
pathological clinical cognitive decline across
two groups of people in different clinics. Our
results demonstrate that digital markers
generalize well across different clinical set-
tings and recording methods. They could
provide better indicators of pathological
cognitive decline than currently used alter-
natives and so improve identification of peo-
ple with pathological cognitive decline.
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Predicting clinical evolution for eachpatient requires the assessment of
the status of individual pathophysiological processes. Hence, one cannot
rely on data features alone, which lead to correlational associations by
construction. Digital twins, i.e., personalizedmodels of brain activities, have
been proposed to overcome this limitation, as they encapsulate previous
pathophysiological knowledge about disease evolution and exploit it to
predict the individual case17. However, the use of digital twins to derive
biomarkers of pathological conditions has been rarely attempted18,19.

Here, we use digital twins as a physiologically-informed way to merge
datasets across different modalities and clinical centers. We employed the
previously validated Digital Alzheimer’s Disease Diagnosis (DADD)
model18,20, reproducing cortical activity at several levels of dementia
severity18 to derive patient-specific digital biomarkers of connectivity and
synaptic degeneration representing Mild Cognitive Impairment (MCI)
condition. Here, ‘digital biomarkers’ refer to model-derived neurodegen-
eration parameters estimated from non-invasive recordings.

Digital biomarkers were used in a transfer learning approach to classify
MCIpatients andhealthy subjects across non-overlapping cohorts fromtwo
independent clinics. Data acquisition in the two cohorts presented different
recording techniques, preprocessing and postprocessing paradigms,
recruitment criteria and diagnostic guidelines. This enabled us to test the
ability of our approach to performmulticentric analysis also in the presence
of high inter-center variability. The classifying performance of these digital
biomarkers was compared with that of standard electrophysiological bio-
markers like power spectral density (PSD) and functional connectivity (FC).
Digital biomarkers enable an accurate cross-modal and cross-center clas-
sification, outperforming standard electrophysiological biomarkers and
paving the way for clinical applications.

Methods
Participants recruitment (Dataset 1)
A total of 44 patients diagnosed withMild Cognitive Impairment (16males
and 28 females; mean age 73.88 ± 8.32 years; mean education 10.14 ± 3.97
years) were recruited from Careggi University Hospital, Florence, Italy.
Participants were enrolled in the PREVIEW project21 (ClinicalTrials.gov
Identifier: NCT05569083), a longitudinal study focused on prodromal
forms of dementia. Classification into cognitive categories was conducted
based on extensive clinical and neuropsychological assessments, adhering
to the NIA-AA criteria for diagnosing mild cognitive impairment22.
Inclusion criteria are reported in Supplementary Materials, “Inclusion
criteria (Dataset 1)” paragraph. A control group of 17 participants (10
males and 7 females) was also enrolled. MCI and control participants were
not matched for age (65.19 ± 4.42 years in the control group, U = 123.0,
p = 0.00001, Mann–Whitney test) or education (13.95 ± 4.03 years,
U = 576.0, p = 0.001, Mann–Whitney test). We ensured that these dis-
crepancies constituted no confounding factor for the results, by assessing
the correlations between age and education levels and the standard EEG
and MEG biomarkers used for classification tasks and for the derivation of
digital biomarkers. These correlation analyses found no statistical sig-
nificance (results are reported in Supplementary Table 1).

Dataset 1 recordingswereobtainedusingelectroencephalography (EEG),
with no source reconstruction. Recruitment and EEG recordings followed the
Declaration of Helsinki and the guidelines of the Committee on Human
ExperimentationatCareggiUniversityHospital, Florence, Italy.The studywas
approvedby the local InstitutionalReviewBoard (CareggiUniversityHospital,
reference number: 15691oss), and all patients provided informed consent.

Participants recruitment (Dataset 2)
A total of 32 patients diagnosed with amnestic Mild Cognitive Impairment
(aMCI) (18males and 14 females; 21with single-domain aMCI and 11with
multiple-domain aMCI; mean age 71.31 ± 6.83 years; mean education
10.54 ± 4.33 years) were recruited from the Center of Cognitive and
Memory Disorders at the Hermitage Capodimonte Clinic in Naples, Italy.
All participants were right-handed native Italian speakers, with MCI diag-
noses made following the criteria established by the National Institute on

Aging-Alzheimer’s Association22. Inclusion criteria are reported in Supple-
mentary Materials, “Inclusion criteria (Dataset 2)” paragraph. A control
group of 32 participants (19 males and 13 females), matched for age
(69.9 ± 5.61 years) and education (12.96 ± 4.56 years), was also enrolled.

Dataset 2 recordings were obtained using magnetoencephalography
(MEG) with source reconstruction. For all MCI patients and 27/32
controls both source-reconstructed MEG data and neuropsychological
assessments data were available and were then included in the present
study. The study protocol received approval from the ethics committee
“Comitato Etico Campania Centro” (Protocol number: 93 C.E./Reg.
n.14-17OSS), with all participants providing informed consent in written
form as per the Declaration of Helsinki.

Signals recordings and preprocessing (Dataset 1)
EEG data were collected from subjects who met the inclusion criteria out-
lined in the study. The EEG recordings were conducted while subjects were
seated in a comfortable position with eyes closed. Signals were collected
using the 64-channels Galileo-NT system (E.B. Neuro S.p.a.), with sensor
topography following the extended 10/20 system. Unipolar signals were
recordedat a sampling rate of 512 Hz, and electrode impedances,monitored
throughout EEG acquisition, were maintained in the 7–10 kOhm range.
Portions of the signal where impedance deviated outside of the 7–10 kOhm
range were discarded.

The EEGpre-processing pipeline was implemented onMATLABwith
the commercially available EEGLAB Toolbox23, following the PREP
pipeline24, followed by Independent Component Analysis (ICA) artifact
rejection. This includes: (i) band-pass filtering in the 0.5–45Hz range using
a Butterworth filter, (ii) identification and subsequent removal of noisy
channels, (iii) average re-referencing, (iv) visual rejection of high-amplitude
artifacts and (v) ICA-based detection and elimination of artefactual com-
ponents. The details of each step are reported in Supplementary Materials,
“Signal preprocessing (Dataset 1)” paragraph.

Signals recordings and preprocessing (Dataset 2)
Data were collected using a magnetoencephalography (MEG) system with
154 magnetometers and nine reference sensors in a magnetically shielded
room (ATB, Biomag, ULM, Germany) to minimize external noise. Head
position under the helmet was defined with Fastrack (Polhemus), digitizing
four anatomical landmarks (nasion, left and right preauricular points, and
the vertex) and the positions of four reference coils attached to the subject’s
head. Each subject underwent two recordings (3.5min each) with a 1-min
rest period, in a resting state with eyes closed. Cardiac activity and eye
movements were also recorded. Preprocessing was similar to that described
by Liparoti et al.25. Source reconstruction was based on the volume con-
duction models described by Nolte26, using the automatic anatomical
labeling (AAL) atlas27. The procedure is reported in Supplementary Mate-
rials, “Signal preprocessing (Dataset 2)” paragraph.

Electrophysiological metrics
For both datasets, we extracted relative power spectral density (PSD)
values in standard frequency bands (delta: 0–4 Hz, theta: 4–8 Hz, alpha:
8–13 Hz, beta: 13–30 Hz, gamma: 30–45 Hz). Functional connectivity
(FC) was assessed using both standard Pearson correlation or amplitude
envelope correlation (which is extremely robust to volume conduction
effects28), choosing the most informative one after dataset merging
(standard Pearson correlation). For both metrics, we considered only
significant correlation values (p < 0.05). FC was computed within stan-
dard frequency bands and across the whole-band range (0.5–45 Hz as
signals were band-pass filtered within this frequency interval). We
computed electrophysiological metrics in both datasets with the same
technique, but separately for EEG (Dataset 1) in sensor space and MEG
with source reconstruction (Dataset 2) in source space. To quantify the
role of preprocessing techniques, in the Supplementary Materials
“Comparison between preprocessed and raw signals (both datasets)”
paragraph, we also report the results of statistical analysis and digital
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biomarkers derivation based on electrophysiological metrics derived
from raw signals (i.e., without preprocessing) in both datasets.

DADDmodel and simulated signal
The DADD digital twin model used in this study has been previously
described in detail in previous publications from our group18,20. Briefly, it
represents the brain cortex as a network of 76 interacting regions using The
Virtual Brain (TVB) platform29. Neural activity within each region of
interest (ROI) is simulated using a mean-field approximation based on a
modified Jansen-Rit neural mass model30, These ROIs are connected
through a high-fidelity structural connectivity matrix derived from human
tractography data31.

There is a notable discrepancy between the number of ROIs in the
model parcellation (n = 76) andboth the EEGsensors (n = 65) and theROIs
of the atlas used for source reconstruction of MEG signals (n = 90). This
discrepancy arises from the choice of structural connectivity data, which is
independent of the functional atlas used for source reconstruction, and of
course from the EEG cap used in experimental recordings. This allowed us
to test another aspect of the flexibility of the model, i.e., its ability to bridge
different parcellation schemes and recordingmodalities (e.g., EEG in sensor
space and MEG in source space).

The model output thus consists of simulated time series representing
neural dynamics in each ROI at different levels of structural neurodegen-
eration. Within the model, neurodegeneration is modeled by three para-
meters affecting both synaptic transmission and connectivity.

Synaptic degeneration is governed by the lp (from local parameter,
since it affects local activity) parameter with the equation:

τi ! τHCi þ lp× τmax
i � τHCi

� �

τe ! τHCe þ lp× τmin
e � τHCe

� �
; 0 < lp < 1

ð1Þ

Connectivity degeneration is described by the cp and np parameters,
according to the equation:

Cweight !
CHC
weight � cp×Cmax

weight; if Clength >C
th
length;

CHC
weight þ np× cp×Cmax

weight; if Clength <C
th
length

; 0 < cp < 1

(

ð2Þ

The synaptic degeneration parameter (lp) affects only the local
dynamics of the neural mass, while connectivity degeneration (cp) and
neuroplasticity (np) influence the structural connectivity matrix. Biophy-
sically, lp reflects cortical hypo-inhibition and hyperexcitation due to early
Abeta deposition32 in regions corresponding to early Braak stages, mainly
frontal and temporal regions33. The cp parameter portrays white matter
atrophy34. Thenpparameterdescribes theneuroplastic effects on connective
rewiring35. The values in the equations are derived from biophysical con-
straints and can be consulted in a previous work from our group18.

Additionally, we considered the squared sumbetween the connectivity
and synaptic degeneration parameter, referred as total degeneration para-
meter, according to the equation:

Total Degeneration ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
cp2 þ lp2

q
ð3Þ

Statistics and reproducibility
Comparisons across groups were conducted using the Mann–Whitney U
test, suitable for comparing two independent groups when assumptions of
normality and equal variances are not met. Classification performances
were statistically compared using McNemar’s test applied to confusion
matrices (See Supplementary Materials, “Machine learning pipeline, classi-
fication and cross-classification” paragraph).

Outliers were defined as datapoints that rangedmore than 3σ from the
nearest datapoint, where σ is the standard deviation of the sample.

Correlation between standard and digital biomarkers with MMSE
scores was evaluated with Scipy’s linregress command. MMSE scores were
age-corrected prior to the analysis. The correction was made by computing
the slope of the regression line SAge=MMSE between age and MMSE (across
both datasets), and then adding to theMMSE score the weighted age value,
according to the formula:

Corrected MMSE ¼ MMSE þ absðSAge=MMSEÞ×Age ð4Þ

Where abs represents the absolute value. Education presentedno significant
relationship with MMSE across both datasets (r =−0.04, p = 0.81) and was
thus excluded from the correction of MMSE scores. All computational and
data analysis pipelines were implemented in Python, with simulations
conducted using the Virtual Brain software, and analyzed with standard
Python packages such as SciPy, NumPy, and Pandas. Machine learning
pipeline was implemented using Scikit-Learn and is reported in Supple-
mentary Materials, “Machine learning pipeline (classification and cross-
classification)”.

Results
We analyzed two distinct datasets (Fig. 1A). The first comprised 17 healthy
controls (CTR) subjects and 44 MCI patients, that were recruited at the
Neurological Department of Careggi Hospital in Florence, Italy and
underwent resting-state electroencephalography (EEG).

The second dataset comprised 27 CTR subjects and 32 amnestic MCI
patients, that underwent magnetoencephalography (MEG) at the Hermi-
tage Hospital in Naples, Italy. Patients in the two datasets presented no
statistical differences in biological sex composition (chi-square test = 2.22,
p = 0.14), age (Mann–Whitney U-test=479.0, p = 0.068) and education
(U = 628.5, p = 0.89). We evaluated the cross-modal and cross-center clas-
sification performance of digital biomarkers compared to standard bio-
markers (Fig. 1B). Using a transfer learning approach, we trained machine
learning classifiers on patients from one dataset and tested their ability to
classify patients from the other dataset (Fig. 1C).

Digital Biomarkers discriminate between diagnostic categories
across both datasets
EEG and MEG signals were pre-processed prior to statistical analysis (see
Methods, “Signals recordings and preprocessing” paragraphs). We extracted
the same standard biomarkers from the recordings of the two datasets (see
“Electrophysiological metrics” paragraph). We then used standard bio-
markers toderivedigital biomarkers following aprocedure already validated
on EEG data18,20 (see Supplementary Materials, “Determination of perso-
nalized digital biomarkers” paragraph). We computed the mutual infor-
mation between the categorical variable of patients’ clinical condition (CTR
vs MCI) and both standard and digital biomarkers after merging the two
datasets (seeMethods, “Mutual Information” paragraph).We identified the
beta/theta PSDratio as themost informative standardbiomarker (MI = 0.21
[0.04, 0.32]), while the most informative digital biomarker was found to be
the squared sum of synaptic degeneration and connectivity degeneration
parameter (total degeneration parameter, MI = 0.21 [0.09, 0.24]).

Subsequently, we ran statistical analyses to compare the values of the
most informative standard and digital biomarkers across conditions in the
two datasets. ForDataset 1, themost informative standard biomarker (beta/
theta ratio) did not display a significant difference between the two condi-
tions (U = 502, p = 0.054, d = 0.2, Fig. 2A). However, the total parameter
digital biomarker presented significant differences across groups (U = 196,
p = 0.010, d =−0.9). For Dataset 2, the beta/theta ratio did significantly
differ across groups but with a moderate effect size (U = 622, p = 0.004,
d = 0.5). The total degeneration parameter was also significant, presenting a
larger effect size (U = 257, p = 0.006, d =−0.8, Fig. 2B).
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Digital Biomarkers predict global cognitive status of
patients (MMSE)
We then investigated the relationship between identified biomarkers (both
standard and digital) and global cognitive status measured with the (age-)
corrected Mini-Mental State Examination (MMSE) in MCI patients, mer-
ging the two datasets. This was done with a linear regression analysis
between the candidate biomarkers (either standard or digital) and MMSE
scores corrected for patient’s age (see Methods, “Statistics and Reproduci-
bility” paragraph). Notably, while for standard biomarkers no significant
correlation was found (the highest correlation was found for the beta/theta
ratio, r = 0.13, p = 0.15, see Fig. 2C), the synaptic degeneration digital bio-
marker showed a significant negative correlation with corrected MMSE
(r =−0.27, p = 0.009, Fig. 2D). In other words, greater synaptic damage
predicted byourmodel correlatedwithpoorer global cognitive performance
during clinical assessments. We tested the robustness of this prediction by
bootstrapping 100 times the merged dataset to analyze the resulting dis-
tribution of r-values (Supplementary Fig. 1). The r-values for the digital
biomarkers’ linear regression presented bimodality (Hartigan’s dip test,
p < 0.001), reflecting the diverse nature of patients in the two datasets.
Bimodality was not observed in linear regression r-values for standard
biomarkers. This bimodality was further confirmed by running the same
linear-regression analysis between correctedMMSE and both standard and
digital biomarkers separately for the two datasets (Supplementary Fig. 2).
No significant correlation with corrected MMSE was found for standard
biomarkers in Dataset 1 (the highest correlation was found for alpha band
power, r = 0.10, p = 0.28), while the connectivity degeneration parameter
showed significant correlation (r =−0.29, p = 0.036). In Dataset 2, no
standard biomarker predicted global cognitive state with significance
(highest correlation was found with beta/theta ratio, r = 0.14, p = 0.23).
Among digital biomarkers, the synaptic degeneration parameter strongly
predicted corrected MMSE in MCI patients (r =−0.47, p = 0.004).

Digital Biomarkers classify patients in intra-clinical and cross-
clinical settings, always outperforming standard biomarkers
Next, we assessed the performance of both standard and digital bio-
markers in classifying healthy controls versus MCI patients. We eval-
uated the classification performance of both standard and digital
biomarkers using a nested cross-validation approach (see Supplemen-
tary Materials, “Machine Learning Pipeline (Classification and Cross-
Classification)” paragraph). We incorporated a feature selection routine
in the training set to identify the most informative features for both
groups of biomarkers. We then compared classification performances.
The classifying features for standard biomarkers are reported in
the SupplementaryMaterials “Mutual Information” paragraph, while all
digital biomarkers were considered as potential features in the digital
biomarker set. Multiple machine learning algorithms were tested
(see SupplementaryMaterials, “Machine learning pipeline (classification
and cross-classification)” paragraph), selecting the one that obtained
the best performance for all classifications (reported in Supplementary
Table 2). In Dataset 1, the digital biomarkers outperformed the standard
biomarkers in terms of mean accuracy (0.83 ± 0.07 vs 0.58 ± 0.04), and
area under the receiver operator characteristic (ROC) curve (AUC, 0.79
vs 0.62, Fig. 3A). Statistical test on the performance of both classifiers
confirmed the superiority of digital biomarkers (p = 0.006, McNemar’s
test). Similar results were obtained for Dataset 2, with the digital bio-
markers showing higher accuracy 0.75 ± 0.03 vs 0.68 ± 0.04) and AUC
(0.77 vs 0.69, Fig. 3B), even if the differences between classifiers were not
statistically significant (p = 0.22, McNemar’s test). These findings sug-
gest that digital biomarkers are more effective and generalizable in
distinguishing between healthy and MCI patients across different
datasets, and that the digitalization leads to similar classification per-
formances starting from either MEG or EEG (as opposed to standard
classification that was clearly superior in MEG).

Fig. 1 | Cross-modal and cross-centric classification of mild cognitive impair-
ment using digital biomarkers. A Participants from two different datasets and
multi-modal recording techniques were considered. Both datasets comprised
healthy controls (CTR) and mild cognitive impairment (MCI) patients, enrolled
with different criteria from two independent clinics. The two datasets employed
different recording techniques, with Dataset 1 using EEG and Dataset 2 employing
MEG with source reconstruction. B Biomarkers were derived for each patient,

using either standard analysis of electrophysiological recordings or personalized
brain models (digital biomarkers). C Biomarkers performance was assessed by
using them as classifying features between healthy and MCI condition. Leveraging
a transfer-learning approach, the generalizability of such classifications was also
assessed, by employing the classifier trained on Dataset 1 to classify patients of
Dataset 2 (and vice versa). Performances of standard and digital biomarkers were
then compared.
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We finally tested the performance of both standard and digital bio-
markers in supporting the cross-classification of patients (see Supplemen-
tary Materials, “Machine learning pipeline (classification and cross-
classification” section).

For cross-classifications from Dataset 1 to Dataset 2, digital
biomarkers achieved higher accuracy when compared with standard
biomarkers (0.78 ± 0.03 vs 0.56 ± 0.04) and AUC (0.74 vs 0.53,
Fig. 3C). Superior performances were confirmed by McNemar’s test
(p = 0.0001). Similarly, for cross-classifications from Dataset 2 to
Dataset 1, digital biomarkers demonstrated superior performance
(p = 0.031, McNemar’s test), with higher accuracy (0.77 ± 0.03 vs
0.65 ± 0.06) and AUC (0.76 vs 0.70, Fig. 3D).

Discussion
Overall, digital biomarkers demonstrated strong cross-classification cap-
abilities, in contrast to the poor performance observed in standard bio-
markers. Thesefindingsmark a significant advance toward integrating non-
invasive recordings and computational methods into clinical practice.
Additionally, by reconstructing the structural mechanisms underlying
various functional and dynamic alterations, digital biomarkers exhibited
great generalizability across recording types.

The DADD model replicates neural activity at various levels of neu-
rodegeneration by incorporating parameters that describe multiscale
pathological mechanisms related to dementia progression. Namely, the
synaptic degeneration parameters capture hyperexcitation effects due to
early amyloid-beta deposition36. The connectivity degeneration parameter
portrays white matter atrophy due to axonal damage34,37. The neuroplasti-
city parameter captures the connective rewiring operated by the brain to
cope with connectivity insults38. These parameters were able to distinguish
between healthy and MCI patients in both datasets with consistent per-
formance, outperforming both MEG and EEG and mapping alterations
observed in both recording techniques to a common framework.

Reproducibility is a pivotal requirement in clinical studies15, and
digital biomarkers allowed to obtain consistent results using the same
classification techniques on different datasets adopting different inclu-
sion criteria, recording modalities, pre-processing and post-processing
techniques. Such reproducibility resulted to be impossible for standard
biomarkers, which achieved variable results on the two different datasets
with overall low performance, coherently with multi-centric studies
conducted with similar methodology39.

As expected, MEG data provided better classification performance
compared to EEG. However, when the classification was performed using

Fig. 2 | Digital biomarkers discriminate between clinical conditions and predict
global cognitive status of the patient. A Boxplot comparison of most informative
standard biomarker and most informative digital biomarker across groups (Dataset
1, 17 HC and 44 MCI). Only total degeneration was found to significantly differ
across groups. B Boxplot comparison of most informative standard biomarker and
most informative digital biomarker across groups (Dataset 2, 27 HC and 32 MCI).
The beta/theta PSD ratio (see Main Text) was found to significantly differ across
groups, although with moderate size effect. Total degeneration displayed similar
significance and larger size effect.CNo significant correlationwith correctedMMSE

was found for standard biomarkers (the highest correlation was found with beta/
theta ratio, r = 0.13, p = 0.15). D Synaptic degeneration presented significant anti-
correlation with corrected MMSE (r =−0.27, p = 0.009). Reported values in C and
Dwere normalized before plotting. Notation: In the boxplots, whiskers represent 1.5
times the interquartile range and median is highlighted by horizontal black line. In
linear regression plots, shaded areas represent error bands with confidence intervals
(2.5%–97.5%). Significance notation: * stands for p < 0.05; ** stands for p < 0.01,
two-sided Mann–Whitney test.
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digital biomarkers, this difference between datasets faded. This suggests that
the extractionofdigital biomarkersmight alsobeused to “clean”noisier data
(as in EEG), bringing the level of classification to a level comparable to the
gold-standard (MEG). This might have major practical implications given
the relatively low-cost and wide-spread availability of EEG, as opposed to
MEG which is typically only available in large research facilities.

Moreover, while no standard biomarker correlated with patients’
cognitive status, digital biomarkers predicted corrected MMSE scores with
high significance, linking synaptic degeneration to cognitivedecline severity.
Notably, in Dataset 1, the connectivity degeneration parameter (cp) was
found to anti-correlate with corrected MMSE. Patients in this cohort are
MCI of no specific type. The cp parameter captures the disconnection
effects, which arewidely documented to correlatewith cognitive decline due
to age or disease34,40. On the contrary, inDataset 2 the synaptic degeneration
was found to strongly anti-correlate with corrected MMSE. Patients in
Dataset 2 are amnestic MCI, known to present higher degeneration of
temporal lobes related to amyloid deposition when compared to non-
amnestic MCI41. Crucially, the synaptic degeneration parameter selectively
alters synaptic transmission in prefrontal and temporal lobes (seeMethods,
“DADD Model and Simulated Signals” paragraph). Hence, digital

biomarkers not only correlate with cognitive status, but also offer inter-
pretable prediction on the macro- and micro-structural alterations leading
to cognitive decline in MCI patients.

We have already attempted a CTR-MCI classification on patients of
Dataset 1 in a previous work18 by using standard biomarkers, obtaining
better results compared with the ones discussed here. The EEG biomarkers
used for classification in that study were selected specifically for Dataset 1
through a tailored feature selection process.However, the need for common
electrophysiologicalmetrics to characterize both datasets led to a significant
drop in classification performance within this dataset, once again high-
lighting a lack of generalizability of standard biomarkers.

This limitation was evident in both intra- and inter-dataset classifica-
tions. In the intra-dataset classification, Dataset 2 showed higher mean
accuracy (0.68) compared to Dataset 1 (0.58), possibly due to the difference
in classification power between EEG (Dataset 1) and MEG (Dataset 2), as
mentioned above. For inter-dataset classification, transferring the classifi-
cation from Dataset 2 to Dataset 1 achieved greater mean accuracy (0.65)
than the reverse (0.56 for Dataset 1→ 2). In contrast, digital biomarkers
deliveredmore consistent results,with similar performances in intra-dataset
classification mean accuracy (0.83 for Dataset 1, 0.75 for Dataset 2) and

Fig. 3 | Digital biomarkers enable a robust cross-centric classification of mild
cognitive impairment. A Biomarker performance in healthy-MCI classification for
Dataset 1. Digital model-based biomarkers presented higher values in mean accu-
racy (left, p = 0.006) and area under the roc curve (right). B Biomarker performance
in healthy-MCI classification for Dataset 2. Also for Dataset 2 digital model-based
biomarkers outperformed standard biomarkers in mean accuracy (left) and area
under the roc curve (right), although with no statistical significance (p = 0.22).
CCross-centric classification performance based on standard anddigital biomarkers
(training on Dataset 1, testing on Dataset 2). Digital biomarkers presented higher

accuracy (left, p = 0.0001) and higher area under the ROC curve (right), while
standard biomarkers presented slightly above chance performances.DCross-centric
classification performance based on standard and digital biomarkers (training on
Dataset 2, testing onDataset 1). Also in this case, digital biomarkers presented higher
accuracy (left, p = 0.031) and a slightly higher area under the ROC curve (right).
Notation: error bars represent standard deviation values, while bar height represents
mean value (100 bootstrap iterations). Both mean and standard deviation were
computed after 100 bootstrap iterations for all panels. Significance notation: * stands
for p < 0.05; ** stands for p < 0.01, two-sided McNemar’s test.
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inter-dataset classification mean accuracy (0.78 for Dataset 1→ 2 and 0.77
for Dataset 2→ 1).

The use of computational models in personalized medicine is an
emergingfield, and their application for diagnostic and prognostic purposes
remains relatively unexplored—particularly in fields like dementia. One
notable exception is the study by Triebkorn et al.6, where a computational
brain model was employed to improve classification between healthy con-
trols, individuals with mild cognitive impairment (MCI), and Alzheimer’s
disease patients leading to a 0.10 increase in F1-score.

Another promising avenue for patient classification across the cogni-
tive decline continuum involves the use of deep neural networks. Several
studies have leveraged this approach, notably Fouladi et al.11 reported a 92%
accuracy in classifying healthy individuals versus those with MCI or AD
using EEG data and a convolutional neural network. Sibilano et al.10 tackled
earlier stages, reporting a 0.76 F1-score in distinguishing SCD from MCI,
and 0.54 in amulticlass classification task involving healthy, SCD, andMCI
individuals.

While deep learning approaches can achieve high accuracy, they often
lack interpretability and require large datasets—an obstacle in clinical
contexts where extensive data collection is not always feasible. Moreover,
cross-center classification has rarely been attempted using these techniques,
with the notable exemption of Watanabe et al.39, that however focused on
classifying different dementia forms with varying results (AUC ranging
from 0.508 to 0.920).

No study has ever attempted the cross-generalization of bio-
markers derived from non-invasive recordings or computational
models in classifying cognitive decline patients. The recent work by
Watanabe et al.39 identified biomarkers that could discriminate
between different dementia types from electroencephalographic
recordings, enrolling patients from three different centers. However,
the model was trained on overt cases of dementia and was not
generalized with a cross-classification.

It is worth noting that this study presents several limitations.While our
model effectively captures key neurophysiological mechanisms associated
with cognitive decline progression, it is important to acknowledge that
cognitive decline is a multifaceted condition influenced by numerous bio-
logical, psychological, and environmental factors—many of which cannot
be fully represented within a computational framework. Our model cur-
rently focuses on capturing early neurodegeneration processes underlying
pre-clinical or early clinical condition like subjective cognitive decline and
MCI. Further iterations of the model should aim at adapting to a greater
array of conditions, includingovert dementia states likeAlzheimer’s disease.
Additionally, our study was designed to assess the robustness of model-
derived parameters across two independent cohorts acquired fromdifferent
medical facilities. These cohorts differed not only in recording modality
(EEG vs. MEG), but also in preprocessing pipelines, acquisition protocols,
and recruitment criteria.This allowedus to test the capability of themodel to
generalize across datasets presenting a vast array of differences. While the
model parameters consistently outperformed standard biomarkers, which
showed marked variability between cohorts, the numerous differences
between centers introduce potential confounding factors, complicating the
interpretation of why certain standard metrics failed to generalize. Impor-
tantly, although our work leverages two distinct datasets, the term “cross-
centric” in this context refers to the application of themodel across different
modalities and sites, rather than to multiple datasets using the same mod-
ality across different centers. In the latter frame, amulticentric designwould
require using the same approach to, for example, two EEG and two MEG
datasets independently recorded at different sites.

Ensuring that candidate biomarkers can support an accurate cross-
classification is crucial for the clinical application of computational and
machine learning models. Digital biomarkers provided by our model
demonstrated high cross-classification accuracy, providing robust and
interpretable classification.The fact that the twodatasets employeddifferent

recruitment criteria and multimodal recordings techniques, underlies once
more the potential role of digital biomarkers in realistic clinical settings.Our
work paves the way for the translation of non-invasive recordings and
computational models into clinical practice.

Data availability
Data reported in Fig. 2 can be found in.csv format in Supplementary
Data 1–4. Anonymized demographic data (including MMSE and Age) can
be provided by alberto.mazzoni@santannapisa.it (Dataset 1, EEG) and
pierpaolo.sorrentino@univ-amu.fr (Dataset 2, MEG) upon reasonable
request, from a qualified academic investigator.

Code availability
Code for thedigital twin simulationanddigital biomarkersderivation canbe
found in https://github.com/LoreAma/Code_AD_simulations/. Statistical
Analysiswas implemented inPythonusing standard commercially available
packages such as Numpy, Scipy and Scikit-Learn.
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