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Introduction: The early diagnosis of Alzheimer’s disease (AD) remains a major clinical challenge limited by 
the high cost and accessibility of gold-standard neuroimaging tools. Electroencephalography (EEG) offers 
a low-cost, portable alternative positioning as a promising candidate for AI-driven screening. However, 
conventional machine learning approaches are constrained by small, single-center datasets and high inter-
subject variability (Aviles et al, 2024).  

Foundation models, large neural networks pretrained on massive, diverse datasets, can overcome these 
bottlenecks by learning universal representations. While initial studies show state-of-the-art performance 
in EEG-based AD detection, their scalability and generalizability remain unproven, limiting their clinical 
translation (Wang et al., 2025). Here, we finetune a leading EEG foundation model one of the largest EEG-
AD cohort to our knowledge and test its generalization on a fully independent, publicly available 
benchmark. 

Methods : The dataset included 1,646 subjects (779 AD, 867 age and comorbidity matched controls) with 
20-minute resting-state EEG collected from multiple clinical centers. Subject-independent splits (60% 
train, 20% validation, 20% test) were used. Final evaluation assessed performance on the held out internal 
test dataset and critically, on the full independent external dataset (n= 65) assessing real-world 
generalizability (Miltiadous et al., 2023).  

We finetuned the BioSerenity-E1 foundation model (Bettinardi & Rahmouni, 2025), a transformer-based 
architecture pretrained on over 4,000 hours of clinical EEG to learn generalizable spatiotemporal 
representations. For binary AD classification, the pretrained encoder was frozen, and a classification head 
was trained. This classification head processes the encoder's token outputs through intra- and inter-
attention mechanisms that model dependencies within and across the temporal and channel dimensions. 
The features were aggregated to produce record-level predictions specialized in AD pathology while 
preserving the foundation model's EEG representations.  

Results The finetuned foundation model achieved balanced accuracies of 0.74–0.78 on the external 
dataset, depending on hyperparameter configuration, and 0.69–0.70 on the internal test set. Across all 
evaluation settings, performance was characterized by consistently high specificity (0.97–1.00) and 
moderate sensitivity (0.47–0.75). For comparison, a spectro-temporal transformer (Hata et al., 2025) was 
trained under the same protocol. It exhibited lower and more variable performances specifically on the 
internal dataset (balanced accuracies : 0.6 - 0.65). 

Discussion: This study demonstrates robust generalization of an EEG foundation model for AD detection, 
validating its use on a large clinical cohort. The strong performance on the external dataset, coupled with 
higher specificity than sensitivity, confirms the model learns transferable neurophysiological signatures 
while highlighting the inherent difficulty of the diagnostic task. The advantage of foundation models is 
further demonstrated when compared to a strong contemporary baseline model trained under identical 
rigorous conditions. 



 

 

While higher performances have been reported on the same dataset (accuracy = 91.34, Wang et al., 2025), 
those studies typically include data from this dataset in the training. In contrast, our methodology uses 
100% of the external cohort as a strictly independent benchmark, which yields more moderate but clinically 
realistic performances.  

Our work underscores the need for more rigorous validation protocols in EEG-based AD research. We 
acknowledge that a primary limitation is the reliance on clinician-derived labels rather than biomarker-
confirmed diagnoses. Future work should incorporate biomarker-verified labels, explore advanced fine-
tuning strategies to improve sensitivity, and pursue validation in larger multi-center cohorts. This work 
confirms the potential of foundation models for translating research-grade EEG algorithms into scalable 
and reliable tools for Alzheimer's disease assessment. 
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