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Abstract  
Artificial intelligence systems that support rapid and reliable 
decision-making under time-sensitive constraints must inter-
pret high-dimensional sensory inputs while remaining robust 
to variability and noise. Electroencephalography (EEG) ex-
emplifies such a sensing modality due to its non-stationarity, 
subject variability, and sensitivity to recording conditions. 
This study evaluates a Transformer-based framework for 
multi-class classification of Parkinson’s disease medication 
state (PD-ON, PD-OFF) and healthy controls using struc-
tured spectral and entropy-based EEG features. Rather than 
proposing an end-to-end raw-signal model, we assess 
whether attention-based sequence modeling offers ad-
vantages over classical classifiers when operating on physio-
logically interpretable representations. Three heterogeneous 
BIDS-formatted OpenNeuro datasets (PD1: n = 31; PD2: n = 
50; PD3: n = 56) were evaluated using subject-wise grouped 
cross-validation to prevent participant-level data leakage. 
The Transformer achieved near-ceiling F1-scores on rela-
tively homogeneous datasets (PD1: 99.33%; PD3: 98.35%) 
and competitive performance on the more heterogeneous 
PD2 dataset (88.36%), underscoring the impact of sensing 
variability on robustness. Attention analysis indicates adap-
tive weighting of informative temporal–spectral features. 
These findings provide a systematic empirical evaluation of 
attention-based sequence modeling under heterogeneous 
sensing conditions. 
 

Code — https://github.com/relee2022/EEG-PD-Classifica-
tion 
Datasets —  
  https://openneuro.org/datasets/ds002778/ver-
sions/1.0.2; https://openneuro.org/datasets/ds003490/ver-
sions/1.1.0; https://nemar.org/dataexplorer/detail?da-
taset_id=ds003506  
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1  Introduction    
AI systems designed for time-sensitive autonomous opera-
tion increasingly face the challenge of making reliable deci-
sions in complex sensory environments under operational 
constraints. Whether applied in defense, medicine, robotics, 
or human–machine teaming, these systems must process 
high-bandwidth data streams, adapt to uncertainty, and gen-
erate rapid, context-appropriate outputs. EEG signals, non-
invasive recordings of cortical electrical activity, are partic-
ularly difficult to interpret due to their noise, variability, and 
rapid temporal fluctuations (Delorme, Sejnowski, and 
Makeig 2007; Jung et al. 2000). Developing AI models ca-
pable of extracting stable and interpretable features from 
EEG under such variability provides a controlled yet chal-
lenging testbed for studying robust sensing and sequential 
decision frameworks. 

Parkinson’s disease (PD), a progressive neurodegenera-
tive disorder affecting millions worldwide, presents a com-
pelling testbed for such approaches (Tysnes and Storstein 
2017; Tarakad and Jankovic 2017). PD is associated with 
alterations in neural oscillations, particularly within beta-
band activity, which can be captured through EEG (Brittain 
and Brown 2014; Little and Brown 2014; Holt et al. 2019). 
Traditional EEG analysis methods are time-consuming, sen-
sitive to human subjectivity, and limited in their suitability 
for real-time diagnostic contexts. As a result, recent work 
has turned toward machine learning techniques for auto-
mated PD detection (Abdulhamit Subasi and Gursoy 2010; 
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Betrouni et al. 2019; Geraedts et al. 2021; Kurbatskaya et al. 
2023). 

In this work, EEG-based Parkinson’s disease classifica-
tion is formulated as a sequential decision modeling prob-
lem under sensing uncertainty rather than a static pattern 
recognition task. The proposed system processes segmented 
neural signals, extracts informative spectral and entropy-
based features, and produces data-driven classifications. All 
evaluations are conducted offline; references to time-sensi-
tive processing are conceptual and reflect the sequential 
structure of the data rather than real-time clinical deploy-
ment. A key requirement for such models is the ability to 
generalize across subjects and heterogeneous recording con-
ditions, a challenge well documented in EEG research (He 
and Wu 2020; Zhang et al. 2023). Transformer architec-
tures, originally developed for natural language processing 
and increasingly adopted for physiological signal analysis, 
are well suited to this setting. Through their self-attention 
mechanism, Transformers dynamically weight relevant neu-
ral features, allowing the model to emphasize task-critical 
information while suppressing noise. 

Importantly, this study does not introduce a novel Trans-
former architecture. Instead, it provides a systematic empir-
ical evaluation of attention-based sequence modeling ap-
plied to standardized, physiologically interpretable EEG 
features across multiple heterogeneous datasets. 

Our study evaluates the performance, generalizability, 
and interpretability of a Transformer model trained to detect 
PD from EEG across three BIDS-formatted datasets. By 
benchmarking against classical ML models and examining 
attention patterns, we demonstrate how Transformers sup-
port accurate, fast, and explainable decision pipelines appli-
cable to both clinical neurodiagnostics and broader autono-
mous system design. 

2  Related Work 

2.1 EEG-Based Parkinson’s Disease Analysis 
Prior neurophysiological studies have identified abnormal 
beta-band activity, reduced signal complexity, and disrupted 
cortical synchronization in Parkinson’s disease (PD), sup-
porting the use of EEG as a noninvasive diagnostic tool 
(Brittain and Brown 2014; Little and Brown 2014; Holt et 
al. 2019). Early EEG-based PD classification relied on 
handcrafted spectral and statistical features combined with 
classical machine learning methods, demonstrating that 
EEG contains disease-relevant information (Subasi and 
Gursoy 2010). Subsequent studies extended these ap-
proaches to clinical screening and cognitive profiling but re-
ported limited generalizability due to EEG non- stationarity, 

inter-subject variability, and sensitivity to recording condi-
tions and medication state (Betrouni et al. 2019; Geraedts et 
al. 2021; Kurbatskaya et al. 2023; Zhang et al. 2023). 
These findings underscore that within-dataset performance 
may not directly translate to cross-condition robustness, mo-
tivating multi-dataset evaluation frameworks.] 

2.2 Attention-Based Models and Interpretability 
To reduce dependence on manual feature engineering, re-
cent work has explored deep learning approaches for EEG 
analysis. While convolutional and recurrent models capture 
local temporal structure, they often struggle with long-range 
dependencies and cross-subject generalization (He and Wu 
2020). Transformer architectures address these limitations 
through self-attention mechanisms that dynamically priori-
tize informative temporal segments. In contrast to end-to-
end raw-signal modeling approaches, the present study eval-
uates Transformers operating on structured spectral and en-
tropy-based features, enabling interpretability while isolat-
ing modeling capacity from feature extraction. 

2.3 Broader Decision-Making Context 
EEG-based PD classification exemplifies a broader class of 
decision-making problems involving high-dimensional, 
noisy sensory inputs under time constraints. Attention-based 
architectures offer a general framework for adaptive infor-
mation prioritization. Rather than claiming direct real-time 
autonomy deployment, we frame EEG classification as a 
structured sensing problem that reflects key properties of au-
tonomous perception pipelines: noise, heterogeneity, and 
temporal dependency. 

 3  Experimental Procedure 

3.1 Participants & Data Acquisition 
This study utilizes three publicly available EEG datasets 
from OpenNeuro: PD1 (ds002778) acquired at the Univer-
sity of California, San Diego; PD2 (ds003490) from the 
Cognitive Rhythms and Computation Laboratory at the Uni-
versity of New Mexico; and PD3 (ds003506), also from the 
Cognitive Rhythms and Computation Laboratory at the Uni-
versity of New Mexico. Each dataset includes EEG record-
ings from individuals diagnosed with Parkinson’s disease 
(PD) and healthy control (CTL) participants and is orga-
nized according to the Brain Imaging Data Structure (BIDS) 
standard, enabling consistent and reproducible data access 
and preprocessing. All datasets contain recordings from 
three experimental conditions: Parkinson’s disease on med-
ication (PD-ON), Parkinson’s disease off medication (PD-
OFF), and healthy controls (CTL). Participant ages across 
datasets range from 47 to 84 years old. 
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PD1 consisted of 31 participants (15 PD, 16 CTL) who com-
pleted a 2-minute eyes-closed resting-state EEG task. PD2 
included 50 participants (25 PD, 25 CTL) recorded during 
resting-state EEG while seated. PD3 comprised 56 partici-
pants (28 PD, 28 CTL) who completed a reward-based feed-
back learning task. All datasets were recorded with 64-chan-
nel EEG systems following the international 10–20 mon-
tage. Sampling frequencies ranged from 250 Hz to 1000 Hz, 
and channel metadata were preserved in accordance with 
BIDS specifications. When provided, event markers and 
participant metadata were extracted from the corresponding 
participants.tsv files and events files within each dataset.  

3.2 Preprocessing and Task Procedure 
As shown in Figure 1-3, our methodology is structured into 
three primary stages: preprocessing, feature extraction, and 
model formulation. During preprocessing, raw EEG signals 
are cleaned to remove noise and physiological artifacts that 
may distort neural activity. The cleaned signals are then sub-
jected to feature extraction, where the Fast Fourier Trans-
form (FFT) is applied to convert time-domain signals into 
the frequency domain. Signal complexity is subsequently 
quantified using Shannon entropy. Finally, multiple classi-
fication models are trained on the extracted features, and the 
overall pipeline performance is evaluated using standard 
classification metrics.  

EEG data preprocessing was carried out using both MNE-
Python and EEGLAB, depending on dataset format. Signals 
were bandpass filtered between 1–40 Hz, with notch filter-
ing at either 50 or 60 Hz to remove powerline interference. 
Independent Component Analysis (ICA) was applied to 
eliminate ocular and cardiac artifacts as shown in Figure 4.  

Principal Component Analysis (PCA) was used to reduce 
dimensionality. Data were re-referenced to the average ref-
erence. For resting-state datasets, signals were segmented 
into 2-second epochs (as shown in Figure 5) while task-
based datasets were segmented into trial-based epochs. 

Noisy channels were interpolated, and epochs with am-
plitudes exceeding ±100 μV were excluded from further 
analysis. For each EEG epoch, a comprehensive feature set 
was extracted to capture time-domain, frequency-domain, 
via Fast Fourier.  

Figure 1: EEG preprocessing (Step 1): Raw scalp EEG sig-
nals (top) and corresponding preprocessed signals after fil-
tering and artifact removal (bottom). 

Figure 2: Feature Extraction (Step 2): Preprocessed EEG 
signals analyzed via FFT, with Shannon entropy applied to 
form feature vectors across channels. 

Figure 3: Model Formulation (Step 3): Feature vectors are 
processed by classical machine learning models or Trans-
former decoder for classification and evaluation. 

Figure 4: Raw EEG signal before (left) and cleaned signal 
after (right) preprocessing and the use of ICA-based arti-
fact removal. 
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Figure 5: EEG preprocessing pipeline illustrating sliding-
window epoch generation. Continuous EEG recordings are 
divided into 2-second epochs with a 1-second overlap, al-
lowing adjacent windows to share temporal information 
while maintaining fixed-length input segments for down-
stream analysis. 

3.3 Fast Fourier Transform (FFT)–Based Feature 
Extraction 
To extract spectral characteristics from EEG signals, the 
Fast Fourier Transform (FFT) was applied to each prepro-
cessed EEG epoch to convert time-domain signals into their 
frequency-domain representations. The discrete Fourier 
transform is defined by the Fourier matrix formulation in 
Equation (1), where the complex root of unity ω = e2πi/n is 
given in Equation (2). Using this formulation, the time-do-
main EEG signal vector is mapped to its corresponding fre-
quency-domain coefficients.The FFT algorithm exploits the 
structure of the Fourier matrix to reduce computational com-
plexity by recursively decomposing the transformation into 
smaller subproblems, as shown in Equation (3). This divide-
and-conquer strategy reduces the computational cost from 
𝑂(𝑛!) to 𝑂(𝑛log	 𝑛)as illustrated in Equation (4). The re-
sulting frequency-domain coefficients 𝑓*", computed accord-
ing to Equation (5), represent the contribution of each fre-
quency component in the EEG signal, while Equation (6) 
describes the inverse transformation back to the time do-
main. FFT-derived frequency coefficients were subse-
quently used to compute spectral features, including relative 
power within standard EEG frequency bands (delta, theta, 
alpha, beta, and gamma). These frequency-domain features 
provide compact representations of neural oscillatory activ-
ity and were incorporated into the feature vector used for 
Parkinson’s disease classification. Spectral features were 
computed consistently across all models to ensure that per-
formance differences reflect modeling capacity rather than 
feature discrepancies. 
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3.4 Shannon Entropy 
And complexity-related characteristics, such as Shannon en-
tropy, were extracted to quantify the irregularity and infor-
mation content of the EEG signals. 

H = −∑ 𝑃(𝑥*) ∙ 𝑙𝑜𝑔/P(𝑥*)#
*.%                  (7) 

Where, H: Shannon Entropy (a single number value, P(xi) 
is the probability of the i-th state or value in the signal, n is 
the total number of states or bins, and b is the base logarithm 
(commonly 2 for bits). A Higher entropy (e.g., 3–4 bits): 
More dynamic brain activity (e.g., problem solving). A 
Lower entropy (e.g., < 1 bit): Reduced complexity, often ob-
served in PD patients. Time-domain features included the 
mean, standard deviation, skewness, kurtosis, and Hjorth pa-
rameters. Frequency-domain features consisted of relative 
power across standard EEG bands: delta (0.5–4 Hz), theta 
(4–8 Hz), alpha (8–13 Hz), beta (13–30 Hz), and gamma 
(30–40 Hz). Entropy-based features such as spectral entropy 
and permutation entropy were also computed. For task-based 
datasets (PD2 and PD3), event-related potential (ERP) fea-
tures were extracted, including the amplitudes and latencies 
of components such as N100/P300 (PD2) and feedback-re-
lated potentials (PD3).  

3.5 Analytical Strategy 
We compared the classification performance of classical ma-
chine learning models and a deep learning approach. The 
classical models included logistic regression (LR), support 
vector machines (SVM), random forests (RF), and decision 
trees (DT). For deep learning, we implemented a Trans-
former-based neural network capable of modeling temporal 
and spectral dependencies across multichannel EEG inputs. 
To ensure robust and unbiased evaluation, we employed 
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stratified 5-fold group cross-validation with grouping by sub-
ject, preventing any subject from appearing in both training 
and test folds. This validation strategy approximates deploy-
ment-relevant generalization more closely than random 
epoch-level splitting and reduces over-optimistic perfor-
mance estimates. Hyperparameters for classical models were 
optimized using grid search, while the Transformer model 
was trained using the Adam optimizer with early stopping 
based on validation loss. Model performance was evaluated 
using multiple metrics: sensitivity (8), precision (9), confu-
sion matrices, and ROC AUC scores. The F1-score (10) was 
emphasized to balance precision and recall in the presence of 
class imbalance, and ROC AUC was used to assess the mod-
els’ discriminative performance across thresholds. 
 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 01
01234

× 100%     (8) 

        𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 01
01231

× 100%              (9) 
 

In (8) and (9), TP denotes true positives, TN denotes true negatives, 
FP denotes false positives, and FN denotes false negatives. 
 
F1-score, 

 𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 × 1567*8*9#	;	<6#8*=*>*=?
1567*8*9#	2	<6#8*=*>*=?

× 100%          (10) 

4  Results 
Table 1 summarizes the F1-score performance of the Trans-
former model and four classical machine learning classifiers 
across the three EEG datasets (PD1–PD3). Overall, the 
Transformer model achieved the highest classification per-
formance on PD1 and PD3, with F1-scores of 99.33% and 
98.35%, respectively. These results indicate a strong ability 
of the Transformer architecture to capture discriminative 
EEG patterns in both resting-state and task-based datasets. 
On the PD1 dataset, the Transformer model outperformed 
all baseline methods, exceeding Random Forest by more 
than 2% and outperforming Support Vector Machine and 
Logistic Regression by larger margins. Similar performance 
trends were observed for PD3, where the Transformer 
achieved the highest F1-score compared to all classical clas-
sifiers. These near-ceiling results likely reflect the relative 
homogeneity of acquisition protocols and participant char-
acteristics within these datasets. For the PD2 dataset, perfor-
mance differences among models were less pronounced. 
While the Transformer achieved an F1-score of 88.36%, 
Random Forest slightly outperformed it with an F1-score of 
91.76%. In contrast, Support Vector Machine and Logistic 
Regression exhibited substantially lower performance on 
PD2, with F1-scores below 30%. The reduced performance 
across models on PD2 highlights the impact of increased 
heterogeneity, including mixed task conditions, medication 

variability, and recording differences. While the Trans-
former did not outperform all baselines on PD2, it remained 
competitive with nonlinear ensemble methods and substan-
tially exceeded linear classifiers. Figures 6-11 further illus-
trate classification performance through confusion matrices 
and ROC–AUC curves for each dataset. The confusion ma-
trices show strong diagonal dominance for the Transformer 
model on PD1 and PD3, indicating high agreement between 
predicted and true labels. ROC–AUC curves demonstrate 
consistently high discriminative capability for the Trans-
former across datasets, with near-perfect separation ob-
served on PD1 and PD3. 

 
F1-Scores 

Dataset Transformer RF DT SVM LR 

PD1 99.33% 97.09% 83.45% 90.24% 88.1% 

PD2 88.36% 91.76% 86.08% 27.94% 27.36% 

PD3 98.35% 94.6% 90.22% 27.15% 26.45% 

Table 1: Comparison of F1-scores (%) for the Transformer 
model and classical machine learning classifiers (Random 
Forest, Decision Tree, Support Vector Machine, and Lo-
gistic Regression) across the three EEG datasets (PD1–
PD3). 

 
Figure 6: Confusion matrix for the Transformer model on 
the PD1 dataset, comparing true and predicted labels 
across the three categories: PD-ON, PD-OFF, and CTL. 
Strong performance is indicated by high values along the 
diagonal, reflecting accurate alignment between true and 
predicted classifications.  
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Figure 7: ROC–AUC curves (numbered from top left to 
bottom) for all classifiers evaluated on the PD1 dataset, in-
cluding SVM, Transformer, Logistic Regression, Decision 
Tree, and Random Forest. The curves illustrate the trade-
off between the true positive rate and false positive rate for 
each model. 

 

 

 

Figure 8: Confusion matrix for the Transformer model on 
the PD2 dataset, comparing true and predicted labels 
across the three categories: PD-ON, PD-OFF, and CTL. 
Strong performance is indicated by high values along the 
diagonal, reflecting accurate alignment between true and 
predicted classifications. 

 

Figure 9: ROC–AUC curves (numbered from top left to 
bottom) for Transformer-Encoder deep learning classifier 
evaluated on the PD2 dataset. The curve illustrate the 
trade-off between the true positive rate and false positive 
rate for each model. 

 

 

Figure 10: Confusion matrix for the Transformer model on 
the PD3 dataset, comparing true and predicted labels 
across the three categories: PD-ON, PD-OFF, and CTL. 
Strong performance is indicated by high values along the 
diagonal, reflecting accurate alignment between true and 
predicted classifications.  

 
 

1. Transformer (AUC = 0.998)  
2. Random Forest (AUC = 0.996)  
3. SVM (AUC = 0.964)  
4. Logistic Regression (AUC = 0.958) 
5. Decision Tree (AUC = 0.863)  
---  Chance 
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Figure 11: ROC–AUC (numbered from top left to bottom) 
curves for Transformer-Encoder deep learning classifier 
evaluated on the PD3 dataset. The curve illustrate the 
trade-off between the true positive rate and false positive 
rate for each model. 

 5  Discussion 
Across the three datasets, the Transformer model demon-
strated strong within-dataset performance, particularly on 
PD1 and PD3, indicating its capacity to model structured 
temporal and spectral EEG representations. These results 
suggest that the mechanism used by the model can effec-
tively identify discriminative patterns when acquisition pro-
tocols and participant characteristics are relatively uniform. 
At the same time, the competitive performance of Random 
Forest across datasets highlights that handcrafted spectral 
and entropy features retain substantial discriminatory value. 
Because all models were trained on identical feature sets, 
performance differences reflect modeling capacity rather 
than feature differences. 

The reduced performance observed on PD2 provides im-
portant context for interpreting the overall results. PD2 in-
troduces greater heterogeneity, including variability in re-
cording conditions, medication state, participant behavior, 
and task structure. Performance reduction across multiple 
models on this dataset underscores a well-documented chal-
lenge in EEG classification: sensitivity to non-stationarity 
and inter-site variability. PD2 serves as a realistic stress test 
of robustness under heterogeneous conditions. While the 
Transformer did not outperform all baselines on PD2, it re-

mained competitive with ensemble methods and substan-
tially exceeded simpler models, suggesting that temporal 
modeling provides advantages under increased complexity. 

Although near-ceiling F1-scores were achieved on PD1 
and PD3, these findings should be interpreted with caution. 
High classification metrics may be influenced by engineered 
feature representations, limited sample sizes, and relative 
dataset uniformity. To mitigate overfitting and optimistic 
bias, all evaluations employed subject-wise grouped cross-
validation, ensuring that no participant contributed data to 
both training and testing sets. This validation strategy pro-
vides a realistic estimate of generalization, although cross-
dataset transfer remains a challenge. 

From a broader perspective, this study contributes to un-
derstanding how sequence models behave under noisy high-
dimensional sensory data. EEG signals provide a controlled 
yet challenging testbed characterized by temporal depend-
ency, signal noise, and acquisition variability. The findings 
illustrate both the promise and the limitations of temporal 
modeling in such environments. While the model can prior-
itize informative spectral and temporal patterns, robustness 
remains dependent on dataset structure and variability. Fu-
ture work incorporating data harmonization and larger 
multi-site datasets will be necessary to strengthen generali-
zation. 

6  Conclusion 
This study provides a systematic evaluation of a Trans-
former model for multi-class Parkinson’s disease classifica-
tion using structured EEG features across three heterogene-
ous datasets. The model achieved strong within-dataset per-
formance on relatively uniform datasets PD1 and PD3 and 
competitive performance on a more heterogeneous dataset 
PD2, highlighting both the effectiveness and the limitations 
of temporal modeling under data variability. 

The primary contribution of this work lies in rigorous 
multi-dataset benchmarking under subject-wise grouped 
cross-validation. By isolating modeling capacity from fea-
ture engineering and explicitly analyzing performance vari-
ation across datasets, the study clarifies how temporal mod-
eling behaves under different levels of heterogeneity. 

The results show that the model can effectively operate 
on physiologically interpretable spectral and entropy-based 
representations, supporting structured and explainable deci-
sion processes. At the same time, performance variability 
across datasets underscores the challenge of robustness to 
non-stationarity and inter-site differences in EEG classifica-
tion. 

Future work should focus on cross-dataset evaluation, 
data harmonization techniques, and expanded multi-site 
data collection to further assess generalizability. By exam-
ining temporal modeling under realistic sensory variability, 
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this study contributes to the broader goal of designing sys-
tems that are reliable, interpretable, and capable of accurate 
decision-making in complex and variable environments. 
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