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H I G H L I G H T S

• This work presents TransformEEG, a novel hybrid convolutional-transformer model.

• TransformEEG reduces performance variability in Parkinson’s Disease detection.

• TransformEEG was evaluated on four public datasets comprising 290 subjects.

• Data augmentation further enhances TransformEEG performance.

• Classification threshold correction further enhances TransformEEG performance.
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A B S T R A C T

Electroencephalography (EEG) is establishing itself as an important, low-cost, noninvasive diagnostic tool for the 

early detection of Parkinson’s Disease (PD). In this context, EEG-based Deep Learning (DL) models have shown 

promising results due to their ability to discover highly nonlinear patterns within the signal. However, current 

state-of-the-art DL models suffer from poor generalizability caused by high inter-subject variability. This high vari-

ability underscores the need for enhancing model generalizability by developing new architectures better tailored 

to EEG data. This paper introduces TransformEEG, a hybrid Convolutional-Transformer designed for Parkinson’s 

disease detection using EEG data. Unlike transformer models based on the EEGNet structure, TransformEEG in-

corporates a depthwise convolutional tokenizer. This tokenizer is specialized in generating tokens composed of 

channel-specific features, which enables more effective feature mixing within the self-attention layers of the trans-

former encoder. To evaluate the proposed model, four public datasets comprising 290 subjects (140 PD patients, 

150 healthy controls) were harmonized and aggregated. A 10-outer, 10-inner Nested-Leave-N-Subjects-Out (N-

LNSO) cross-validation was performed to provide an unbiased comparison against seven other consolidated EEG 

deep learning models. TransformEEG achieved the highest balanced accuracy’s median (78.45 %) as well as the 

lowest interquartile range (6.37 %) across all the N-LNSO partitions. When combined with data augmentation 

and threshold correction, median accuracy increased to 80.10 %, with an interquartile range of 5.74 %. In con-

clusion, TransformEEG produces more consistent and less skewed results. It demonstrates a substantial reduction 

in variability and more reliable PD detection using EEG data compared to the other investigated models.
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1. Introduction

Parkinson’s Disease (PD) is the second most common chronic neu-

rodegenerative disorder. It is a progressive disease that primarily affects 

individuals over the age of 65, with both incidence and prevalence 

steadily increasing with age [1]. The disease results from the death 

of dopaminergic neurons in the substantia nigra [2]. Symptoms can 

vary among individuals and include motor symptoms, such as tremors, 

bradykinesia (slowness of voluntary movement initiation), akinesia 

(absence of normal unconscious movements), and hypokinesia (reduc-

tion in movement amplitude), as well as non-motor symptoms like 

sleep behavior disorders, constipation, and anxiety [3,4]. PD symp-

toms can significantly reduce patients’ quality of life, especially since 

no disease-modifying pharmacological treatments are currently avail-

able [5]. Therefore, early diagnosis of PD is of clinical significance, as it 

can help improve patients’ quality of life by potentially slowing disease 

progression.

Electroencephalography (EEG) is establishing itself as an important, 

low-cost, noninvasive diagnostic tool for the early detection of PD. This 

success stems from the potential use of quantitative EEG measures as 

biomarkers of disease severity and progression [6]. In [7], the analysis 

of 36 different studies confirmed that both global and domain-specific 

cognitive impairments correlate with EEG “slowing” [8]. EEG slowing 

is associated with alterations in the normal oscillatory brain activity, 

characterized by decreased spectral power in alpha and beta bands and 

increased spectral power in delta and theta bands.

To identify differences between healthy and PD individuals in EEG 

recordings, several automatic classification approaches have been in-

vestigated [9]. Among these, methods based on deep learning (DL) 

have shown promising results due to the ability of neural networks 

to discover highly nonlinear patterns embedded within the signal 

[10]. Various architectures have been explored, including Convolutional 

Neural Networks (CNNs) [11], Recurrent Neural Networks (RNNs) [12], 

and, more recently, transformer models [13].

However, current state-of-the-art EEG deep learning models suffer 

from poor generalizability, underscored by their high sensitivity to vari-

ations in the experimental setting. In [14], it was found that variations in 

the preprocessing pipeline can lead to significant fluctuations in model 

accuracy. Focusing on the PD detection results reported in this study, 

when data are preprocessed with only a minimal filtering, median accu-

racy reaches 66 %. Introducing independent component rejection [15] 

increases the median accuracy to 75 %, but adding more advanced ar-

tifact removal techniques (e.g., artifact subspace reconstruction [16]) 

causes the metric to drop back down to 67 %. These results show that 

certain EEG artifacts can improve the accuracy of deep learning models 

but can also alter the quality of the learned features, ultimately reducing 

their generalizability.

Similarly, the way EEG data are partitioned can greatly overestimate 

the model’s performance and generalizability. In [17], it was demon-

strated that EEG deep learning models can reach almost perfect accuracy 

(with little variability) if segments from the same EEG recordings are as-

signed to both the training and test sets. However, when a cross-subject 

analysis is performed, accuracy drops by over 20 %, accompanied by an 

alarming increase in result variability. This variability suggests that in-

herent characteristics of the EEG signal, such as biometric features and 

potential correlations across consecutive segments, can be exploited by 

the model to solve the task at hand without necessarily learning features 

that are truly representative of the underlying pathology.

Recently proposed EEG-DL models incorporate attention layers to 

better identify and capture long-range patterns within the signal [18– 

20]. However, these models often use EEGNet-like convolutional en-

coders to generate the sequence of tokens that are fed into the trans-

former blocks, which limits the capabilities of the attention layers [21]. 

While the addition of transformer layers on top of an EEGNet-like convo-

lutional tokenizer can improve model performance, it does not address

the generalizability issue reported in [17] using the same family of 

models, which might stem from how tokens are generated.

When evaluated with unbiased cross-validation methods such as the 

Nested-Leave-N-Subjects-Out (N-LNSO), EEG deep learning models of-

ten show reduced generalizability, reflected in lower performance and 

higher variability [17]. This variability not only makes it difficult to 

compare models fairly, but it also underscores the need for enhancing 

model generalizability by developing new architectures that are better 

tailored to EEGs. Improving generalizability is essential for ensuring the 

reliability of EEG deep learning systems and supporting their application 

in clinical scenarios.

Despite this, recent studies introducing novel EEG deep learning 

models have predominantly focused on evaluating mean classification 

accuracy, overlooking another critical aspect of performance: variabil-

ity across subjects and datasets. In EEG, where inter-subject variability is 

high and clinical reliability is essential, generalizability is as important 

as accuracy. The absence of systematic investigations into variability and 

generalization therefore constitutes a significant gap in current research.

Contributions: This study introduces TransformEEG, a novel hy-

brid Convolutional-Transformer model designed for PD detection using 

EEG data. Unlike transformer models based on the EEGNet struc-

ture, TransformEEG incorporates a carefully designed depthwise con-

volutional tokenizer. This tokenizer specializes in generating tokens 

composed of channel-specific features, enabling more effective feature 

mixing within the transformer encoder. TransformEEG is evaluated on 

Parkinson’s disease classification against seven other consolidated EEG 

deep learning models, showing better results in terms of balanced accu-

racy’s median and interquartile range. To provide reliable performance 

estimates, the evaluation is conducted on four publicly available datasets 

comprising 290 subjects (140 PD patients, 150 healthy controls), us-

ing a 10-outer, 10-inner Nested-Leave-N-Subjects-Out cross-validation 

scheme. Compared to previous literature, this study emphasizes model 

generalizability in two key ways. First, it presents a model designed 

specifically to address the high variability commonly observed in EEG 

deep learning. Second, it analyzes how gradually incorporating data 

augmentation and classification threshold correction affects result vari-

ability, providing a comprehensive assessment of the generalizability of 

the investigated architectures.

Paper structure: The outline of this paper is as follows. Section 2 

describes in detail the experimental setting. Section 3 presents the com-

parative analysis between TransformEEG and seven other EEG deep 

learning models. Section 4 critically discusses the results, highlighting 

potential limitations and future directions. Finally, a conclusion is drawn 

in Section 5.

2. Methods

This section outlines key methodological aspects of the study. First, 

it provides a concise description of the selected datasets and their 

preprocessing steps. Next, it introduces the proposed TransformEEG ar-

chitecture. Finally, it details additional training information, including 

data partitioning, data augmentation, training hyperparameters, and 

model evaluation strategies. Together with the openly available source 

code repository and supplementary data, this section provides all the 

features listed in [22] to enhance the reproducibility of this study.

2.1. Dataset selection

The analysis was conducted on four open-source datasets, briefly de-

scribed in the following subsections and summarized in Table 1. All 

datasets are publicly available on OpenNeuro 

1 [23], an established plat-

form for sharing neuroimaging data in BIDS format [24]. They were 

selected to provide a sufficiently large number of EEG recordings while

1 [Online] Available: https://openneuro.org/.
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Table 1 

Dataset description.

Dataset ID Original reference # Chan fs [Hz] # Subj # Samples 

1

ds004148 FCZ 64 500 60 2880

ds002778 CMS/DRL 41 512 31 456

ds003490 CPZ 64 500 50 2408

ds004584 PZ 63 500 149 1775

Total 290 7519

1 Assuming EEG windows of 16s and 25 % overlap.

maintaining a balanced distribution of Parkinson’s disease and healthy 

control subjects (140 and 150, respectively). A large number of subjects 

is particularly important for training deep learning models, as further 

discussed in Section 3.5.

2.1.1. Dataset 1: ds004148—EEG test-retest

This dataset [25] comprises resting-state (both eyes-open and eyes-

closed) and cognitive state recordings from 60 healthy subjects, with an 

average age of 20.0 ± 1.9 years. All subjects participated in three record-

ing sessions, during which both resting-state and cognitive tasks were 

performed. To prevent unbalancing the sample distribution across dif-

ferent datasets, only the resting-state recordings from session one were 

considered, as done in [14]. The selected resting-state recordings have 

a fixed duration of exactly 300 s.

2.1.2. Dataset 2: ds002778—UC San Diego

This dataset [26] includes resting-state, eyes-open EEG recordings 

from 15 individuals with Parkinson’s disease and 16 age-matched 

healthy controls. The average age of the two groups is 63.3 ± 8.2 years 

for the Parkinson’s patients and 63.5 ± 9.7 years for the healthy controls. 

Healthy subjects participated in only one session, while Parkinson’s 

individuals underwent two sessions: the first, recorded after they dis-

continued medication for at least 12 hours before the session (ses-off ); 

the second, recorded while they were under medication (ses-on). For the 

subsequent analysis, only the off-medication recordings were included. 

The selected recordings have an average duration of 195.7 ± 18.8 s.

2.1.3. Dataset 3: ds003490—EEG 3-stim

This dataset [27] comprises resting-state EEG recordings (both eyes-

open and eyes-closed) and auditory oddball tasks from 25 individuals 

with Parkinson’s disease and 25 age-matched healthy controls. The av-

erage age of the two groups is 69.7±8.7 years for the Parkinson’s patients 

and 69.3±9.6 years for the healthy controls. Healthy controls participated 

in a single recording session, while Parkinson’s individuals underwent 

acquisitions both off-medication (at least 15 hours) and on-medication. 

For the subsequent analysis, only the off-medication recordings were 

included. The selected records have an average duration of 595.9 ± 

74.0 s.

2.1.4. Dataset 4: ds004584—EEG PD

This dataset [28] comprises resting-state, eyes-open EEG recordings 

from 100 Parkinson’s patients and 49 age-matched healthy controls. The 

average age of the two groups is respectively 68.5 ± 8.1 years for the 

Parkinson’s patients and 70.9 ± 7.6 years for the healthy controls. All 

subjects underwent a single recording session, with an average duration 

of 144.4 ± 46.0 s.

2.2. Data preprocessing

All the selected recordings were preprocessed and harmonized us-

ing an automatic pipeline implemented in BIDSAlign 

2 [29] (v1.0.0). This 

pipeline is based on the findings from a recent analysis on the role of pre-

processing in EEG deep learning applications [14], which showed that

2 https://github.com/MedMaxLab/BIDSAlign.

adding more intensive steps, such as noisy channel removal and win-

dow correction via artifact subspace reconstruction (ASR) [16], does not 

improve model performance. The final standardization, downsampling, 

and window extraction steps were performed online within the Python 

environment during data loading for model training. The preprocessing 

steps are detailed below in their execution order.

1. Non-EEG channels removal: Other biosignals (e.g., ECG, EOG) in-

-

cluded as extra channels were removed.

2. Time segments removal: The first and last 8 s of each recording were

removed to exclude potential divergences in the signal. This step 

limits the removal of brain activity while enhancing the quality of 

the subsequent independent component rejection step.

3. DC component removal: The direct current (DC) voltage was sub

tracted from each EEG channel. This operation is equivalent to 

removing the mean from each EEG channel.

4. Resampling: EEG recordings were resampled to 250 Hz to reduce the

computational burden of the subsequent preprocessing operations.

5. Filtering: EEG signals were filtered with a passband Hamming

windowed sinc FIR filter with passband edges of 1 Hz and 45 Hz.

6. Automatic independent components rejection: Independent

Components (ICs) were extracted using the runica algorithm 

[30], with no limit on the number of components. These compo-

nents were automatically rejected using IClabel [15] by applying 

the following rejection thresholds: [90 %, 100 %] confidence 

for components considered noisy (e.g., muscle, eye, heart, line 

noise, channel noise) and [0 %, 10 %] confidence for components 

representing brain activity, following the approach in [14].

7. Re-referencing: EEG recordings were re-referenced to the common

average.

8. Channel selection: A subset of 32 EEG channels, common to all four

selected datasets, was extracted and used for subsequent analysis.

9. Downsampling: EEG signals were further downsampled to 125 Hz

to improve computation and reduce the GPU’s memory occupa-

tion during model training. As explained in [14], direct resampling 

from 250 Hz to 125 Hz was avoided to preserve the quality of the 

automatic independent component rejection process.

10. Standardization: The z-score operator was applied along the EEG

channel dimension. This step transforms each EEG channel into a 

signal with mean μ = 0 and standard deviation 𝜎 = 1.
11. Windows extraction: EEG data were partitioned into 16-second win-

dows with 25 % overlap to increase the number of samples. This 

step generates a dataset of 7519 samples, 4947 from healthy 

controls and 2572 from Parkinson’s subjects.

Preprocessed data from all the four datasets were combined to con-

struct a binary classification task that aims to distinguish between 

Parkinson’s and healthy subjects.

2.3. Model architecture

TransformEEG is a hybrid convolutional-transformer architecture 

composed of three modules, each stacking a series of neural blocks. 

The first module is the depthwise convolutional tokenizer, which cre-

ates EEG tokens describing local portions of the input window with 

channel-specific features. The second module is the transformer encoder, 

which recombines the generated tokens using the self-attention mecha-

nism. The third module is the classification MLP, which produces class 

predictions based on the output of the transformer encoder. Fig. 1 il-

lustrates the structure of TransformEEG. Table 11 in Section A.7 of the 

Supplementary data includes a detailed description of the input and out-

put dimensions and the number of parameters for each layer. A PyTorch 

[31] implementation of the model is available in the open-source code 

repository. 3 A description of each module is provided below.

3 https://github.com/MedMaxLab/transformeeg.
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Fig. 1. Schematic representation of the TransformEEG architecture. TransformEEG consists of three modules: a depthwise convolutional tokenizer (A), a transformer 

encoder (B), and a classification MLP (C). The depthwise convolutional tokenizer creates EEG tokens describing local time portions of the input window with 

channel-specific features. The transformer encoder recombines the tokens with the self-attention mechanism. The classification MLP outputs class predictions.

2.3.1. Depthwise convolutional tokenizer

The depthwise convolutional tokenizer is a module designed to trans-

form an input EEG window into a sequence of tokens. This module 

consists of two stacked depthwise convolutional blocks, which ex-

tract features based on local temporal patterns within individual EEG 

channels. The depthwise convolutional block performs the following 

operations:

1. Depthwise 1D convolution with a depth multiplier of 2, which

doubles the feature dimension.

2. Batch normalization, followed by ELU activation.

3. Average pooling with stride 2, which halves the sequence length.

4. Dropout (p = 0.2), which is applied during training for regulariza-

tion.

5. Depthwise 1D convolution with a depth multiplier of 1.

6. Batch normalization, followed by ELU activation.

7. Residual connection addition (from the output after dropout), to

improve gradient stability.

Depthwise convolutions ensure that, first, each feature is associated 

with a unique input EEG channel (even after multiple blocks are ap-

plied sequentially) and, second, that the number of parameters remains 

low. Maintaining a small parameter count helps prevent overparame-

terization and reduces overfitting tendencies, which can be particularly 

detrimental in EEG-based pathology classification tasks, as discussed in 

[32,33]. Average pooling halves the sequence length, thereby reducing 

memory usage and computational load. As a result, the combination of 

depthwise convolutions and pooling produces tokens that represent local

portions (consecutive time steps) of the input EEG window, effectively 

capturing channel-specific features.

Denoting the following variables:

1. B as the batch size,

2. C as the number of input EEG channels,

3. L as the window length,

4. D as the depth multiplier of the depthwise convolutional layer,

5. S and K as the stride and kernel size of the average pooling layer,

respectively.

The combination of two depthwise convolutional blocks produces a new 

multidimensional array with the following dimensions:

(B, C, L) → 

⎧ 

B, C 𓏴 D, 

ߊ

L + (S - K)(1 + S)
S 

2

⎪⎫ 

(1)

Therefore, with input dimensions of (64, 32, 2000), the output dimen-

sions are (64, 128, 498).

The TransformEEG’s tokenizer module diverges from typical EEGNet-

like convolutional encoders used in attention-based architectures such 

as EEGConformer [18] or ATCNet [19]. EEGNet-like encoders treat the 

input window as a single-channel pseudo image, processed with 2D 

convolutional layers that operate along either the temporal or spatial 

dimensions. Consequently, spatial convolutions extract features that are 

linear combinations of the original EEG channels. Additionally, since 

no padding is used, this process conveniently removes the EEG chan-

nel dimension and prepares the input for the transformer encoder (see

Neurocomputing 664 (2026) 132075 
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Supplementary data, Section A.7). However, as a result, attention lay-

ers are forced to perform linear projections on features that may not 

optimally represent the original channels. This redundancy can nega-

tively impact the effectiveness of feature mixing within the transformer 

encoder, as such mixing heavily depends on the quality of channel 

recombination performed by the spatial layers.

In contrast, each module of TransformEEG has a clear and comple-

mentary role. The convolutional tokenizer processes EEG segments as 

multi-channel time-series data. Depthwise convolutions apply a sepa-

rate filter to each input EEG channel independently, aiming to extract 

channel-specific features based on local temporal patterns. No channel 

recombination occurs at this stage, ensuring that the extracted features 

better reflect the properties of each individual channel. This design po-

tentially enhances the generalizability of the model because it allows 

for improved feature mixing across channels within the transformer 

encoder. In summary, the complementary roles of convolutional and 

attention layers enhance the network’s ability to capture both local 

and global patterns within the EEG window, leading to more consistent 

performance, as discussed in Section 3.

2.3.2. Transformer module

The sequence of tokens generated by the depthwise convolutional 

tokenizer is given to the transformer module (Fig. 1, Panel B), which 

consists of a series of transformer encoder layers. Each transformer 

encoder layer processes the input EEG tokens using a self-attention 

mechanism and applies a subsequent non-linear transformation with a 

multi-layer perceptron (one hidden layer with size equal to the embed-

ding dimension, 128). Layer normalization is applied after each skip 

connection, following the approach described in [34]. Permutation op-

erations are included for compatibility with PyTorch library objects. In 

contrast to traditional implementations, no positional embeddings are 

added to the sequence of tokens, nor is a special class token concate-

nated to the output of the convolutional tokenizer [35]. An ablation 

analysis, presented in Section A.4.1 of the Supplementary data, demon-

strates that including one or both of these elements does not improve the 

performance or generalizability of TransformEEG. The number of heads 

in the self-attention layers is set to one. As discussed in Section A.4.2 of 

the Supplementary data, increasing the number of heads does not im-

prove the model’s performance. While using more attention heads allows 

TransformEEG to capture multiple types of relationships within the in-

put data simultaneously, it also increases the chances that the model will 

overfit the training set, especially if the number of subjects (samples) is 

low.

2.3.3. Classification MLP

The output of the transformer encoder is fed into the final classifica-

tion module to generate predictions. Since there is no class token, global 

average pooling is initially performed to produce an embedding vector. 

This embedding vector is then fed into a multi-layer perceptron (MLP) 

comprising one hidden layer. The hidden layer halves the embedding di-

mension and applies a Leaky ReLU activation function (negative slope of 

0.01) as non-linearity. The MLP’s output is subsequently passed through 

a sigmoid function to produce a probability indicating whether the sam-

ple originates from an EEG of a patient with Parkinson’s disease. Sections 

3.1 and 3.2 present the results using a default probability threshold 

of 0.5 to classify samples as positive or negative, while Section 3.3 

presents the results when correction procedures are applied to adjust 

this threshold.

2.4. Implementation details

Models were trained using SelfEEG 

4 [36] (v0.2.0) and figures were 

generated with Seaborn [37]. Experiments were conducted on an NVIDIA 

A30 GPU device with CUDA 12.2. Further implementation details are

4 https://github.com/MedMaxLab/selfEEG.

provided in the Supplementary data and in the openly available source 

code.

2.4.1. Data partition and model evaluation

After dividing the data into 16-second windows with 25 % overlap, 

the datasets were partitioned and evaluated using the Nested-Leave-N-

Subjects-Out (N-LNSO) cross-validation (CV) method described in [14]. 

This method involves concatenating two Leave-N-Subjects-Out CV pro-

cedures to generate a set of unique train-validation-test splits. For each 

split, models are trained on the training set, monitored on the validation 

set, and evaluated on the test set. This study uses ten outer folds and ten 

inner folds, for a total of 100 splits per N-LNSO procedure. Splits were 

stratified by both class and dataset. Specifically, each of the 100 test 

sets included subjects from all datasets and both classes. This stratifi-

cation provides a more reliable estimate of performance, as the model 

must generalize across datasets and classes to achieve high accuracy. 

Additional details are provided in Section A.1 of the Supplementary 

data.

Seven established deep learning models were considered for the 

evaluation. The list is composed of xEEGNet [33], EEGNet [21], 

ShallowNet [38], ATCNet [19], EEGConformer [18], DeepConvNet [38], 

and EEGResNet [39]. These models encompass different architectural 

types, such as convolutional (e.g., EEGNet, ShallowNet) and attention-

based models (e.g., EEGConformer, ATCNet). The number of learnable 

parameters spans from few hundreds (xEEGNet, 245 parameters) to 

more than a million (EEGResNet, 1,337,665 parameters). This diver-

sity enriches the analysis and enables a comprehensive comparison with 

state-of-the-art models.

Models were evaluated using balanced accuracy, defined as the 

macro-average of recall across classes [40]. In binary classification, bal-

anced accuracy has a random chance level of 50 % and gives equal 

weight to each class regardless of its distribution. Results based on 

additional metrics such as F1-Score and Cohen’s kappa are reported 

in Section A.2 of the Supplementary data. The results from all splits 

are aggregated to compare TransformEEG with the other selected EEG 

deep learning models. Comparison metrics include the median value, 

interquartile range (IQR), and the [1st–99th] percentile range.

2.4.2. Data augmentation

To enable a fair comparison of the considered architectures, data aug-

mentation effects were assessed by selecting the optimal configuration 

for each model. A set of 10 different data augmentations was selected 

for the comparison presented in Section 3.2, based on dedicated analyses 

performed on EEG signals [41–44]. Each augmentation was investigated 

individually and in combination with another, resulting in a total of 100 

possible data augmentation configurations. For each of these configu-

rations, a N-LNSO cross-validation was performed on the architectures 

listed in Section 2.4.1. The median and interquartile range of balanced 

accuracy were compared to identify the most effective augmentation 

combination for each model.

Determining the optimal data augmentation is a challenging pro-

cess, as both the median (central measure) and the interquartile range 

(variability) are crucial in the comparison. In addition, these two val-

ues evolve on different scales, increasing the challenges in weighting 

their improvement over the reference baseline. In order to identify a 

consistent and objective measure, which takes into account the relative 

improvements of both the baseline median and interquartile range, this 

work proposes the Augmentation Relative Improvement Score (ARIS). 

ARIS is defined as follows

ARIS =

⎧

⎜

⧼

⎜

⎩

0, if M b 

> M or IQR b 

< IQR,

M b - M 

M b
𓏴 

IQR - IQR b
IQR b

, otherwise.
(2)

where:

1. M isb  the median baseline without data augmentation.
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Table 2 

Data augmentation hyperparameters: hyperparameter values are randomly se-

lected at each call to increase sample variability.

Data

Augmentation

Hyperparameter

Name

Hyperparameter Value

Sign Flip None None

Time Reverse None None

Band Noise Bandwidth band ∈ {delta, theta, alpha, beta, gamma low}
𝜎 𝜎 ∈ [0.8, 0.9]

Signal Drift Slope m/(125 𓏴 16) m ∈ {±0.5, ±0.4, ±0.3}
SNR Scaling SNR SNR ∈ [8, 10]
Channel 

Dropout

Channels to drop n ∈ [4, 16], n ∈ Z

Masking Masked portions k ∈ {3, 4, 5}
Masking ratio p ∈ [0.2, 0.35]

Signal Warp Number of

segments

n ∈ {6, 7, 8}

Stretch strength k st ∈ [1.25, 1.50]
Squeeze strength k sq = 1

Phase

Randomizer

perturbation

strength

s = 0.9

Phase Swap None None

2. M is the current median value with data augmentation.

3. IQR b 

is the baseline interquartile range.

4. IQR is the current interquartile range.

This score ensures that data augmentations that do not improve both 

the median and interquartile range of the balanced accuracy are dis-

carded. Additionally, it ensures improvements are properly weighted by 

the scale of the baseline value.

A description of each data augmentation, along with the set of pa-

rameters used (detailed in Table 2), is provided below. Their Python 

implementation is available within the selfEEG source code, which is 

openly accessible on GitHub. An analytical formulation is also provided 

to clarify their description. The input EEG window is denoted as a ma-
𓏴trix  

 X ∈ R 

C N , where C is the number of channels and N is the number 

of time steps. The value of N is calculated as N = fs  

𓏴 L, with f s 

being 

the sampling frequency in Hertz (125 Hz) and L the sequence length in

seconds  

 (16 s). The augmented version of X is denoted as X~  ∈ R 

C𓏴N . 

Additionally, x value 

 

is used to indicate the of channelc,t   c at the time 

step t of an EEG sample X.

• Time Reverse: This transformation flips the signal horizontally by

applying the following operation:

~x c,t 

= x c,L-t (3)

• Sign Flip: The signal is flipped vertically. This data augmentation

simulates an inversion of polarity in the electrodes and it is described 

by the transformation

~X = -X (4)

• Band Noise: This augmentation adds random noise filtered within

specific EEG bandwidths. Given the impulse response h(t) of a band-

pass filter that preserves a particular EEG bandwidth, the augmented 

EEG sample can be defined as:

~x c,t 

= x c,t + (𝜖 ∗ h)(t) (5)

where 𝜖(t) is Gaussian noise with variance 𝜎 

2 , an augmentation 

hyperparameter, and ∗ denotes the convolution operation.

• Signal drift: The signal is drifted with either a positive or negative

slope by applying the transformation:

~x c,t 

= x c,t + mt (6)

where m is an augmentation hyperparameter that determines the 

slope of the drift.

• SNR Scaling: This augmentation adds random noise to an EEG sam-

ple, scaled to reach a specified signal-to-noise ratio (SNR). Given a 

target SNR, the augmented EEG sample can be defined as:

~x c,t 

= x c,t 

+ k𝜖 t 

(7)

where

- 𝜖 t 

∼ N (0, 1) is Gaussian noise with unitary variance

- k is a scaling factor calculated as

k = 10 

(- SNR
20 ) 

1
NC

∑ 

c 

∑ 

t
x 

2
c,t (8)

/

• Channel dropout: This augmentation sets a predefined number of

EEG channels to zero. Specifically, given a dropout percentage p and 

a bijective function 𝜎 : S → S that defines a random permutation of 

the elements of a vector, the augmented EEG sample is computed as

~ X = X ⊙ (s C1 

T
N ) (9)

where

s C 

= 𝜎(0 

⎣Cp⎦ 

⊕ 1 C-⎣Cp⎦) (10)

In this context:

- ⊙ is the Hadamard product, representing the element-wise product

of two matrices. 

- s C is a random column vector composed of zeros and ones, 

indicating which channels are set to zero.

- The permutation 𝜎 shuffles the elements of this vector.

- ⊕ is the operator describing the concatenation of two vectors.

• Signal masking: This augmentation sets portions of the signals to

zero. Specifically, given a masking percentage p and a predefined 

number of masking blocks k, the augmented signal can be defined 

as:

~ X = X ⊙ (1 Cm 

T ) (11)

where:

- 1 C is a column vector of ones with length equal to the number of 

channels C,
- m is a column mask vector of length equal to the signal length,

constructed as a concatenation of blocks of ones and zeros, i.e.,

m = 1 b1 ⊕ 0b2 ⊕ 1 b3 ⊕ 0b4 ⊕⋯⊕ 0b2k ⊕ 1 b2k+1 

(12)

with each b i 

representing the length of the corresponding block. 

The total length of m is:

N =
2k+1
∑ 

i=1
b i

and the total number of masked samples, corresponding to the sum 

of the zero blocks, is

Np = 

∑

i=2, 4, 6,..., 2k
b i

The length of each masked portion b i 

is randomly generated, while 

ensuring that the total masked proportion equals the hyperparame-

ter p.
• Signal warp: This augmentation randomly stretch or squeeze por-

tions of the EEG signal along the time axis, proceeding as follows:

1. The EEG signal is divided into multiple chunks (segments).

2. Up to half of these segments are randomly chosen to be stretched,

while the remaining segments are squeezed.
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3. Based on the random selection of the segments to squeeze or

stretch, a non-uniform time grid is constructed. The values of this 

grid are defined according to the stretch and squeeze strengths 

hyperparameters.

4. The EEG signal is interpolated onto this new grid using the

Piecewise Cubic Hermite Interpolating Polynomial (PCHIP) [45].

5. the new signal is treated as uniformly sampled between 0 and the

sequence length L, and a final PCHIP interpolation is performed 

to resample the signal back onto the original time grid.

Therefore, the augmented EEG sample 

~ X is computed as:

~X = pchip(pchip(X, t old 

, t nu 

), t u 

, t old 

) (13)

where:

- pchip(X, t 1, t 2 

) is the function performing the interpolation of a 

signal from a time grid t 1 to a time gird t 2 

. 

- t old is the original time grid. 

- t nu is the non-uniform, warped time grid constructed at step 3.

- t u 

is the uniformly sampled time grid used for the final interpola-

tion at step 5.

• Phase Randomizer: This augmentation randomly perturbs the

phase of the EEG signal. The augmented sample is computed by 

applying the transformation:

~ X = Re(F 

-1 [F [X] ⊙ (1 ce 

○jsØT )]) (14)

where:

- F [X] and F 

-1 [X] denote the discrete Fourier transform (DFT)

and the inverse discrete Fourier transform (IDFT), respectively, 

applied to each channel of the EEG sample X.
- e 

○X = (e 

xij ) is the Hadamard exponential, which computes the 

element-wise exponential of a matrix X.

- Ø ∼ U (0, 2π) 

N is a vector of length N , where each element is in-

dependently drawn from a uniform distribution over [0, 2π), used 

to randomize the phase of each EEG channel.

- s is a scalar between 0 and 1 defining the strength of the phase

perturbation.

• Phase Swap: Presented in [44], this data augmentation consists in

merging the amplitude and phase components of biosignals from dif-

ferent sources to help the model learn their coupling. Specifically, the 

amplitude and phase of two randomly selected EEG samples are ex-

tracted using the discrete Fourier transform. New samples are then 

generated by applying the inverse discrete Fourier transform, com-

bining the amplitude from one sample with the phase from the other. 

This process is described by the following transformation:

~ X 

i = Re 

⎧ 

F 

-1 

｢ 

⎪F [Xi ]⎪ ⊙ e 

○jarg(F [X 

j ]) 

⎤⎫ 

(15)

where:

- ⎪F [X 

i]⎪ is the amplitude of the EEG sample X 

i.

- arg(F [X 

j ]) is the phase of the EEG sample X 

j .

Whenever possible, the same data augmentation is applied to all chan-

nels of an EEG sample and broadcasted across the batch dimension to 

improve computational efficiency. Additionally, data augmentation was 

performed during 75 % of the training iterations. In other words, when 

a batch is created, there is a 75 % probability that it will be augmented 

with the selected data augmentations; otherwise, the identity function 

is applied. This additional randomness helps balance the number of 

original and augmented samples provided to the model.

Table 3 reports the top three data augmentation strategies for each 

model, except for TransformEEG, whose results are presented in detail 

in Section 3.2. To select the optimal data augmentation, the median and 

IQR of balanced accuracy variations were computed using a 10-Outer, 

5-Inner N-LNSO cross-validation. The number of inner folds was reduced 

for this specific analysis to halve the total number of required training 

sessions and account for computational limitations.

Table 3 

Top three data augmentations for each model. The median and interquartile 

range (IQR) of balanced accuracy are reported as differences from a base-

line obtained using 10-Outer, 5-Inner N-LNSO cross-validation, chosen due to 

computational limitations. The best data augmentations for TransformEEG are 

detailed in Section 3.2.

Model Top 3 data augmentations Δ Bal. Acc. ARIS

Median IQR

xEEGNet Baseline 73.51 10.98 –

Signal drift + phase swap +2.57 -4.12 1.31⋅10 

-2

Masking + phase swap +2.80 -3.69 1.28⋅10 

-2

Phase swap + sign flip +1.58 -5.32 1.04⋅10 

-2

EEGNet Baseline 74.41 6.61 –

Chan. drop. + band noise +1.28 -0.56 1.46⋅10 

-3

Band noise +0.58 -0.76 9.00⋅10 

-4

Band noise + time reverse +0.32 -0.73 4.70⋅10 

-4

ShallowNet Baseline 77.03 11.37 –

Chan. drop. + masking +3.37 -3.35 1.29⋅10 

-2

Chan. drop. + SNR scale +2.62 -3.61 1.08⋅10 

-2

Chan. drop. +1.45 -4.38 7.26⋅10 

-3

ATCNet Baseline 69.40 10.76 –

Phase swap + masking +5.78 -4.91 3.81⋅10 

-2

Time reverse + phase swap +5.64 -4.36 3.30⋅10 

-2

SNR scaling + phase swap +5.24 -4.62 3.24⋅10 

-2

EEGConformer Baseline 77.39 7.58 –

Chan. drop. + SNR scale +1.88 -1.98 6.32⋅10 

-3

Signal drift + band noise +0.68 -2.04 2.37⋅10 

-3

Chan. drop. + signal drift +1.13 -1.15 2.21⋅10 

-3

DeepConvNet Baseline 70.81 16.11 –

Phase swap + band noise +4.88 -8.26 3.53⋅10 

-2

Chan. drop. + band noise +4.67 -7.99 3.27⋅10 

-2

Chan. drop. + phase swap +4.18 -8.70 3.19⋅10 

-2

EEGResNet Baseline 72.94 7.81 –

Rand. phase + signal drift +1.24 -1.55 3.37⋅10 

-3

Phase swap + SNR scale +0.98 -1.37 2.33⋅10 

-3

Time reverse +0.99 -0.86 1.48⋅10 

-3

2.4.3. Training hyperparameters

A fixed random seed value of 42 was used to minimize randomness in 

the code and enhance reproducibility, as recommended in [22]. An anal-

ysis of how the random seed affects the accuracy estimation of N-LNSO 

cross-validation is provided in Section A.3 of the Supplementary data. 

This analysis confirms that the study’s conclusions are not influenced by 

the choice of the seed.

Model weights were initialized using Pytorch’s default initialization 

settings and were trained with Adam optimizer (𝛽 1 

= 0.75, 𝛽 2 

= 0.999, no 

weight decay) [46]. The batch size was set to 64, and the initial learning 

rate was 2.5 ⋅ 10 

-4 . An exponential scheduler with 𝛾 = 0.99 was used to

reduce the learning rate after each epoch. The learning rate at the epoch

i is computed as:

lr i = lr 0 

𓏴 𝛾 

i (16)

Binary cross entropy was used as loss function. The maximum num-

ber of epochs was set to 300 to ensure convergence across all the selected 

models. To prevent overfitting, early stopping with a patience of 20 

epochs was implemented as an additional regularization method. Early 

stopping can be integrated into N-LNSO cross-validation procedures, as 

each partition includes a unique triplet of training, validation, and test 

sets.

3. Results

This section presents the results of the comparative analysis of 

TransformEEG. It is structured as follows:

1. Section 3.1 presents the baseline results for TransformEEG and

the seven models used for the comparison. These results are for 

a pipeline without data augmentation and threshold correction.
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Fig. 2. Performance comparison of the selected models using a 10-outer, 10-inner N-LNSO cross-validation scheme. Models are organized in ascending order based 

on the number of learnable parameters from left to right. All models were trained without data augmentation or threshold correction to serve as a baseline reference. 

TransformEEG ranks first in median balanced accuracy and interquartile range. It also achieved the highest minimum accuracy. These results demonstrate the superior 

generalizability of the proposed TransformEEG architecture for the investigated task.

2. Sections 3.2 and 3.3 evaluate TransformEEG and the seven mod-

els used for the comparison within a richer training pipeline that 

includes data augmentation and threshold correction.

3. Section 3.4 explores how performance changes when window-level

predictions are aggregated to create a single prediction for an entire 

subject’s EEG.

4. Section 3.5 examines performance variations when the number of

subjects is reduced, assessing the importance of data harmonization.

5. Section 3.6 presents an evaluation of TransformEEG and three ma-

chine learning models trained with hand-crafted features, including 

subject age.

During the presentation of the results, no statistical test outcomes 

will be reported. As explained in [17], the Nested-Leave-N-Subjects-Out 

(N-LNSO) cross-validation procedure generates more reliable perfor-

mance estimates. However, it does not align with the key assumptions 

of statistical tests designed to identify significant differences in variance 

between models (e.g., Levene’s test, Fligner-Killeen’s test). Specifically, 

sample independence is violated because different N-LNSO splits share 

overlapping training sets. This violation increases the risk of Type I 

errors and can lead to misinterpretation of the results.

3.1. Baseline comparison

Fig. 2 presents the results of TransformEEG compared to the other 

seven selected models. No data augmentation or threshold correction 

was included at this stage to provide a baseline reference for subsequent 

analysis. TransformEEG ranks first in terms of median balanced accuracy 

(78.45 %) and IQR (6.37 %). It also achieved the highest minimum ac-

curacy (64.46 %). ShallowNet and EEGConformer achieve comparable 

median accuracies (77.72 % and 77.31 %, respectively), but they exhibit 

higher variability in the results. Additionally, TransformEEG demon-

strates a high median number of effective training epochs, defined as 

the number of epochs required to reach the best validation accuracy 

during training. This metric indicates how well the model’s reduction in 

training loss is accompanied by a corresponding reduction in validation 

loss, reflecting better generalization to unseen data. A very low num-

ber of effective training epochs suggests that the model quickly reaches 

its optimal validation performance, which may be indicative of overfit-

ting tendencies and lower generalization capabilities. On the contrary, a 

higher number of epochs can imply better generalization, as the model 

continues to improve over more training iterations. With a median of 

21 effective training epochs, TransformEEG ranks among the best mod-

els, second only to the minimalist xEEGNet, which has a median of 37 

epochs. This result demonstrates that, despite having 210,561 learnable

parameters, TransformEEG does not rapidly overfit the training set as 

some comparable transformer architectures do, such as EEGConformer, 

which has a median of only two effective training epochs.

3.2. Comparison including data augmentation

This subsection examines how performance varies when an optimally 

selected data augmentation is incorporated into the training pipeline. 

It highlights how TransformEEG maintains leading performance within 

a fair comparison and, more generally, how this step can enhance 

performance and reduce variability across the models considered.

Fig. 3, Panels A and B, show the results of TransformEEG when 

different data augmentation compositions are applied during training, 

following the procedure described in Section 2.4.2. A summary of the 

results from the same analysis performed on the other seven models is 

presented in Table 3. Focusing on TransformEEG, several compositions 

are identified as a good candidate. In particular, using “time reverse” 

in combination with either “masking” or “phase swap” ensures a good 

balance between the median and IQR of the balanced accuracy. The 

combination of time reverse with phase swap results in a decreased IQR 

(from 6.4 % to 5.6 %) at the cost of a slight decrease of the median value 

(−1.3 %). However, this composition does not alter the power spectral 

density (PSD) of the input EEG window, which can be advantageous 

in scenarios where spectral information are combined with temporal 

patterns to enrich the quality of the representations (see Section 4). 

Masking with time reverse allows for a decrease of the IQR (from 6.4 % 

to 6.0 %) and a slight increase in the median value (+0.6 %), achiev-

ing the highest ARIS. Therefore, it was selected and tested against the 

optimal combination of other models.

Fig. 3, Panel C, shows the results of TransformEEG compared to the 

seven other selected deep learning models when optimal data augmen-

tation is applied during training. TransformEEG ranks first in terms of 

median balanced accuracy (79.21 %) and interquartile range (5.97 %). 

As in the previous subsection, ShallowNet and EEGConformer achieve 

comparable median accuracies (78.85 % and 77.62 %, respectively), 

but they exhibit higher variability in their results. These results im-

prove upon the baseline values reported in Section 3.1 and confirm that 

data augmentation can be effectively integrated into EEG deep learn-

ing pipelines to enhance the model’s generalizability. Additionally, if 

the single outlier is discarded from the TransformEEG’s N-LNSO set of 

training instances, the highest minimum balanced accuracy would rise 

from 64.5 % to 71.2 %. In fact, TransformEEG is the only model to 

have nearly all test accuracies (99 out of 100) above 70 %, achieving
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Fig. 3. Effect of data augmentation on the performance of TransformEEG and the other selected EEG-based deep learning models. Panels A and B display the median 

and interquartile range of balanced accuracy, respectively, when different data augmentation compositions are incorporated during the training of TransformEEG. 

For each augmentation combination, an N-LNSO cross-validation was performed. Panel C shows the results of a 10-outer 10-inner N-LNSO performance comparison 

between the selected models when the optimal data augmentation composition for each model is applied during training. Models are organized in ascending order 

based on the number of learnable parameters from left to right. TransformEEG ranks first in median balanced accuracy and interquartile range. These results improves 

baseline values and underscores the potential benefit of integrating properly tuned data during training.

the lowest [1st–99th] percentile range (16.05 %). Low variability re-

vealed that TransformEEG can achieve competitive performance with 

more consistent results.

Considering the entire set of results, all the models achieved an in-

crease in the median balanced accuracy. The interquartile range also 

decreases in most of the models, with ShallowNet being the only excep-

tion (from the baseline 8.95 % to 12.12 %). Despite the increase in the 

IQR, ShallowNet’s [1st–99th] percentile range improved from 29.90 % 

to 25.81 %. These improvements over baseline values underscore the 

potential of integrating properly tuned data augmentations during the 

training of EEG deep learning models.

3.3. Comparison including threshold correction

Table 4 shows the results of TransformEEG against the other selected 

models when the threshold correction method is incorporated to the 

training pipeline. This approach consists of adjusting the default classifi-

cation threshold of 0.5 by searching for an optimal value that maximizes 

the balanced accuracy of the validation set. This adjustment serves as a 

minor correction in case the trained model generates too aggressive or 

too conservative predictions, particularly when the class ratio is slightly 

unbalanced. Using the validation data avoids introducing data leakage, 

as test data cannot be used to inflate the results.

Even in this scenario, TransformEEG ranks first in terms of median 

and IQR of the balanced accuracy. It is the sole model to achieve a 

median balanced accuracy higher than 80 % while also reducing the

IQR from the baseline value of 6.37 % to 5.74 %. ShallowNet maintains 

a comparable median accuracy (79.97 %) but with a higher variability 

of results. This denotes how EEG-specific deep learning models trained 

in combination with carefully selected data augmentations and label 

assignment methods can effectively address generalizability issues.

3.4. Comparison including subject-level predictions

This section explores how performance changes when using window 

aggregation to create a single prediction for an entire subject’s EEG. 

This method is especially important in pathology classification, where 

it’s more clinically relevant to know if an entire EEG recording indicates 

a disease, rather than just a small segment.

The analysis shows that TransformEEG maintains its strong perfor-

mance, not only achieving leading results but also showing the lowest 

variability. This is illustrated in the boxplot in Fig. 4, which shows the re-

sults after predictions from all EEG windows are aggregated into a single, 

subject-level prediction for each recording. Predictions were produced 

using the following procedure:

• A prediction is made for each individual EEG window using a

standard classification threshold of 0.5.

• A minimal ratio of positive windows needed to classify the entire

recording as positive is calculated. This ratio is determined using the 

validation data, ensuring that data leakage is not introduced.

• Based on this ratio, a class label is assigned to each EEG in the test

set, and the confusion matrix is computed.
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Table 4 

Balanced accuracy of the selected models trained with different training modalities and varying number of datasets. Acronyms in the “Training Method” 

column are: B (baseline), DA (data augmentation), T (threshold correction). IQR indicates interquartile range.

Models # Param Training method Balanced accuracy

2 Datasets 4 Datasets

Median IQR [1st–99th] Median IQR [1st–99th]

xEEGNet [33] 245 B 67.99 18.02 47.00 73.31 9.74 26.90

B+DA 77.28 24.83 51.01 75.01 7.90 20.86

B+DA+T 77.35 22.69 48.88 78.03 9.84 20.39

EEGNet [21] 2609 B 70.03 20.96 44.76 75.07 7.32 24.90

B+DA 70.58 18.01 48.98 77.18 6.71 35.44

B+DA+T 67.42 20.20 48.73 78.44 6.88 25.10

ShallowNet [38] 57,441 B 78.73 18.18 41.73 77.72 8.95 29.90

B+DA 71.49 18.48 48.06 78.85 12.12 25.81

B+DA+T 72.29 16.97 49.07 79.91 11.00 25.44

ATCNet [19] 146,629 B 72.73 15.97 44.83 69.02 8.98 28.71

B+DA 73.02 17.56 46.95 77.07 9.43 23.46

B+DA+T 71.89 17.32 49.14 76.85 9.66 23.71

EEGConformer [18] 191,153 B 75.98 15.83 45.14 77.31 10.41 25.18

B+DA 75.46 16.67 49.56 77.62 9.23 28.13

B+DA+T 75.77 14.74 50.00 77.72 9.59 27.71

TransformEEG 210,561 B 72.09 15.93 44.83 78.45 6.37 23.33

B+DA 69.92 14.39 44.62 79.21 5.97 16.05

B+DA+T 70.62 15.07 43.42 80.10 5.74 18.21

DeepConvNet [38] 287,901 B 

* 50.09 0.64 37.17 70.86 14.76 39.60

B+DA 67.97 29.47 40.09 74.07 8.81 37.16

B+DA+T 74.14 32.49 46.62 75.64 9.35 36.04

EEGResNet [39] 1,337,665 B 73.12 13.65 47.71 73.76 9.53 27.68

B+DA 74.24 16.86 44.34 73.49 7.56 29.21

B+DA+T 74.96 17.80 48.29 75.10 6.92 25.10

* Baseline results of DeepConvNet trained with two datasets were ignored because the model collapsed.

Fig. 4. Performance comparison of the selected models using a 10-outer, 10-inner N-LNSO cross-validation scheme. Models are arranged from left to right in order 

of increasing learnable parameters. All models were trained with their optimal data augmentation and predictions of windows of the same EEG recording were 

aggregated to provide subject-level predictions.

TransformEEG ranks first with a median balanced accuracy of 

81.49 % and an IQR of 5.88 %. This performance improves on the results 

from the previous sections and maintains a significant gap in variability 

(IQR) compared to other models. While all models show improvement, 

ShallowNet is the only model to achieve a comparable median accuracy 

(81.14 %), although with a much higher IQR (9.30 %).

Despite the overall improvement, the boxplot reveals a few outliers. 

These may be due to a suboptimal choice for the minimum ratio of posi-

tive windows, highlighting the need for more advanced techniques that 

can robustly aggregate window-level predictions.

It is important to note a key limitation of this aggregation method: 

the number of samples in the confusion matrix is reduced. Since each 

subject can contribute more than 3 % to the total accuracy, each pre-

diction error carries more weight. This makes it difficult to definitively 

state whether the performance improvements are solely due to the bene-

fits of the aggregation procedure or if they are influenced by the reduced 

sample size.

3.5. Model scalability

This subsection examines performance variations when the amount 

of training data is reduced. It highlights generalizability limitations com-

mon to all architectures, including smaller models, which are favored in 

this type of analysis due to their lower number of parameters.

Previous Sections 3.1–3.3 demonstrate the efficacy of TransformEEG, 

which outperforms other models in terms of the interquartile range and 

the [1st–99th] percentile range of the balanced accuracy. These findings 

are consistent across different metrics, as confirmed in Section A.2 of 

the Supplementary data. However, training deep learning models such 

as TransformEEG often heavily depends on the amount of training data 

available. Table 4 illustrates how performance varies when the number 

of subjects decreases from 290 to 81, using data from the ds002778 and 

ds003490 datasets, as in [14]. Focusing on the baseline results (Table 4, 

“B” rows), performance variability across all investigated models in-

creases substantially, even in lighter models such as xEEGNet (from
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Table 5 

Balanced accuracy comparison between TransformEEG and three 

machine learning models.

Models Balanced accuracy

Median IQR [1st–99th]

Without age 

Logistic regression 72.76 9.37 28.00

SVM 73.43 9.54 33.73

Random Forest 75.39 6.89 19.45

With age

Logistic regression 72.87 9.54 27.82

SVM 73.00 8.31 32.49

Random Forest 77.89 6.40 18.47

TransformEEG 79.21 5.97 16.05

9.74 % to 18.02 %). TransformEEG’s interquartile range rises similarly, 

despite remaining one of the lowest among all the investigated mod-

els. Its median balanced accuracy also drops by 6.01 %, ranking below 

other lighter models such as ShallowNet. When training with only two 

datasets, adding data augmentation or threshold correction does not pro-

duce the same benefits observed when using data from all four datasets. 

This result emphasizes the importance of standardizing and aggregat-

ing EEG recordings from multiple centers to facilitate more effective 

learning of disease-specific EEG features and to ensure consistent results 

across different splits.

3.6. Comparison with machine learning models

This subsection presents a comparison between TransformEEG and 

three machine learning (ML) models: Logistic Regression, Support 

Vector Machine (SVM), and Random Forest (RF). It shows that while 

ML models can achieve good performance, they still underperform 

compared to TransformEEG in terms of both median accuracy and 

interquartile range.

Training a machine learning model requires a set of hand-crafted 

features. Based on recent literature [47], a set of 24 intra-channel and 

12 inter-channel features, capturing information from both time and fre-

quency domains, was selected. Intra-channel features were extracted for 

each of the 32 EEG channels, resulting in a feature vector of length 780. 

Feature extraction was performed on 16-second windows obtained af-

ter the segmentation step described in Section 2.2, ensuring that dataset 

length was preserved and comparisons remained fair and reliable.

For each ML model, N-LNSO splits were used to generate the same 

ensemble of test metrics as for TransformEEG. Model hyperparameters 

were optimized using the validation set of each N-LNSO split to prevent 

data leakage. The best-performing model was subsequently evaluated 

on the corresponding test set. The complete list of selected features and 

optimized hyperparameters for each model is provided in Section A.8 of 

the Supplementary data.

Table 5 shows that TransformEEG remains the best-performing 

model, even when ML models are trained with age included as an ad-

ditional predictor to facilitate the identification of young controls from 

the ds004148 dataset. These results suggest that TransformEEG can au-

tomatically extract features that generalize better to unseen subjects 

compared to the provided hand-crafted features.

4. Discussion

EEG-based deep learning models often exhibit high variability, which 

can only be assessed through the use of appropriate model evalua-

tion techniques [17]. This aspect is particularly relevant in pathology 

detection tasks, where the direct association between patient ID and 

health status (class label) can strongly influence training dynamic, 

serving as a shortcut for minimizing the training loss [48]. Nested 

approaches, such as the N-LNSO, offer more reliable performance es-

timates but also reveal strong variability related to changes in data

splits. This variability complicates the comparison of different EEG 

deep learning models, as median accuracy values become less infor-

mative due to the wide range of accuracies observed across different 

splits.

TransformEEG was specifically designed to advance current general-

izability challenges in EEG pathology detection, focusing on Parkinson’s 

disease. It features a depthwise convolutional tokenizer that specializes 

in generating tokens describing local time segments of the EEG window 

with channel-specific features. This tokenizer differs from EEGNet-like 

convolutional blocks and enables more effective feature mixing oper-

ations within the transformer’s self-attention layers, as presented in 

Section 2.3.

Baseline results in Section 3.1 show that TransformEEG ranks first 

in terms of the median (78.45 %) and IQR (6.37 %) balanced accu-

racy. It also achieved the highest minimum accuracy (64.5 %). These 

results improve further if additional regularization techniques, such as 

data augmentation, are applied during training. After applying an opti-

mal data augmentation composition for each model and adjusting the 

classification threshold, TransformEEG achieves a median balanced ac-

curacy of 80.10 % and an IQR of 5.74 %, remaining the best among the 

models investigated (see Section 3.3).

The strength of TransformEEG lies in the clear and complemen-

tary roles assigned to each of its modules. For example, the depthwise 

convolutional tokenizer does not perform feature mixing between EEG 

channels, unlike other EEG transformer models [18]. Instead, it spe-

cializes in extracting representations based on local temporal patterns 

within each individual EEG channel. This design allows the transformer 

encoder, where most of the model’s parameters reside, to be the sole 

module responsible for feature mixing across channels. The combination 

of convolutional and attention layers enhances the network’s ability to 

capture both local and global patterns within the EEG window, leading 

to more consistent performance across different N-LNSO splits. This con-

sistency highlights the superior capability of the model to generalize to 

diverse data and partitions.

To enable attention layers to capture long-range temporal patterns 

without overfitting the training set, it is essential to use a sufficient num-

ber of EEG recordings from different subjects. Results in Section 3.5 

investigate how model performance changes when the number of sub-

jects is reduced from 290 to 81, replicating the experimental setting

presented in [14]. When only 81 subjects are used, performance variabil-

ity across all investigated models increases drastically. TransformEEG 

was not excluded by this trend. The interquartile range increase of 

9.56 % and the median balanced accuracy drop of 6.01 %. This result 

suggests that a larger number of subjects is necessary to enable the ef-

fective training of EEG deep learning architectures. It also emphasizes 

the need for creating novel large-scale, multi-center datasets.

As discussed in recent works, EEG deep learning classifiers can 

easily exploit the unique association between labels and participant 

IDs as a shortcut to minimize the training loss [17,32]. This associa-

tion induces severe overfitting and prevents the model from learning 

disease-specific representations. Inter-subject heterogeneity is therefore 

a primary source of variability, and the most effective way to address 

this challenge is by aggregating data from different sources, as done in 

this study. Harmonization tools like BIDSAlign [29] can preprocess and 

standardize EEG recordings from multiple centers, enabling the training 

of more robust EEG deep learning models and facilitating fair bench-

marking. Open platforms like OpenNeuro provide access to a wide range 

of EEG datasets. Although these datasets may differ in experimental 

paradigms (e.g., resting-state vs. task-based) or population character-

istics, they offer an opportunity to enhance model generalizability, 

especially when label-free paradigms, such as self-supervised learning, 

are used [49]. Self-supervised learning is a recent approach designed 

to improve model generalizability by learning meaningful representa-

tions from large, unlabeled datasets. It has been widely adopted to boost 

the performance of EEG deep learning models, often yielding promising 

results. Future research could explore how aggregating heterogeneous,
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unlabeled data with self-supervised methods impacts model generaliz-

ability, building on the findings of this study. This approach would also 

enable the exploration of alternative transformer architectures, which 

are known to require large datasets for optimal performance. Ultimately, 

these strategies have the potential to advance the field and improve the 

reliability of EEG-based deep learning decision support systems [50].

TransformEEG demonstrates promising results in Parkinson’s dis-

ease detection and lays the foundation for addressing generalizability 

issues in EEG-based deep learning pathology classification tasks [32]. 

However, model generalizability depends not only on the architecture 

design, but also on how data are preprocessed, partitioned, and used 

to train and evaluate the model. TransformEEG is a model based on 

temporal analysis. It takes an EEG window in the time domain as in-

put and outputs the probability that the window belongs to one of the 

investigated diseases. While this approach aligns with an optimal en-

gineering solution for addressing the challenges of small dataset sizes 

and GPU memory limitations, it does not necessarily represent the best 

approach for disease detection. In pathology classification tasks, it is 

of greater clinical interest to determine whether the entire EEG origi-

nates from an individual with the target disease, rather than focusing 

solely on a single time window. Therefore, voting or aggregation proce-

dures should be considered and carefully integrated into the evaluation 

process. Not all EEG segments are equally informative of a neurolog-

ical disease, especially when short window lengths are used. Artifacts 

or involuntary movements can obscure disease-specific brain dynamics 

and alter the segment’s power spectral density. Aggregation procedures 

can help address this issue by smoothing disease detection predictions 

across all segments from the same EEG recording. An analysis of ag-

gregation procedures is presented in Section 3.4, demonstrating that 

TransformEEG’s performance improves, achieving a median balanced 

accuracy of 81.49 %. Importantly, this improvement does not negatively 

impact the IQR, which remains the lowest (5.88 %) among all the se-

lected models. However, this analysis is based on a single approach, and 

future research should explore more advanced aggregation methods that 

build on the findings of this study.

Contrary to other models such as xEEGNet, TransformEEG does not 

process the EEG window in the time domain to specifically extract fea-

tures that are linearly proportional to the mean power of EEG bands 

across channels. While this design choice enhances the performance of 

the model, it would be of great clinical interest to assess whether com-

bining both temporal and spectral information could further improve 

model generalizability. Researchers have already explored approaches 

that integrate temporal and spectral information to boost model perfor-

mance, typically by extracting the spectrogram of an EEG window [13]. 

This is also supported in [51], where it is stated that the integration of 

spectral information, such as the power spectral density (PSD), can aid 

in the assessment of certain neurodegenerative disorders. If resting-state 

data are used, as in this study, a potential strategy can involve incorpo-

rating the PSD of the EEG segment in a separate branch to generate an 

additional set of features, or tokens if the model includes transformer 

blocks. Temporal and spectral information can then be combined with 

mid- or late-fusion strategies. See Section A.6.1 of the Supplementary 

data for a preliminary analysis on the integration of the PSD within the 

TransformEEG model.

Beyond the integration of temporal and spectral information, future 

work should also investigate methods that combine spatial, spectral, 

and temporal features in a unified framework. A promising direction 

is highlighted in recent work on fine-grained spatial-frequency-time 

representations for EEG decoding tasks [52], which demonstrates how 

jointly modeling these three dimensions can enhance classification per-

formance, particularly in motor imagery BCI applications. Similar princi-

ples could be applied to capture disease-specific patterns across spatially 

distributed brain regions. Incorporating such approaches within models 

like TransformEEG may improve their ability to generalize by leveraging 

richer and more structured representations of EEG activity. This could

involve adapting tokenization mechanisms to explicitly encode spatial 

location and frequency-band information alongside temporal dynamics.

Results in Section 3 demonstrate that TransformEEG can learn fea-

tures that improve accuracy on unseen subjects. This suggests that the 

learned representations might capture more effectively disease-specific 

characteristics rather than biometric properties of the EEG signal. 

However, this study focuses on Parkinson’s disease detection using a 

binary classification task. Parkinson’s disease is a complex and hetero-

geneous disorder characterized by a variety of symptoms that can lead to 

different disease subtypes, often influenced by the severity of cognitive 

decline. Differentiating these subtypes is of great clinical importance, as 

it is essential for developing personalized therapies. The availability of 

new, large, dedicated datasets will facilitate their integration with ex-

isting data and support the investigation of deep learning approaches to 

automatically identify PD subcategories within a multi-class classifica-

tion framework. This aggregation can address current challenges, such 

as overlapping clinical symptoms and involved brain regions [53], and 

enhance the baseline performances reported in recent studies on similar 

classification problems [14,33]. In addition, future research on different 

neurodegenerative diseases could explore how multimodal approaches 

might address generalizability issues and improve model reliability. 

Combining EEG signals with other neuroimaging (e.g., MRI, fMRI) or 

clinical data (e.g., MoCA, MMSE) can capture complementary informa-

tion, enhancing feature quality at both the unimodal and multimodal 

levels.

TransformEEG represents the first step toward more generalizable 

deep learning-based EEG analysis. However, it is necessary to further 

validate the results with additional datasets, particularly those focused 

on the early stages of Parkinson’s disease. Another important limitation 

concerns the mixing of younger and older control subjects from different 

datasets. Although this strategy increases the number of control samples 

and helps reduce inter-subject variability, it may introduce age-related 

confounds that the model could exploit. Future work should investigate 

the extent to which subject-specific features are encoded, how strongly 

they correlate with covariates, and whether they influence model pre-

dictions. A preliminary discussion of this topic is provided in Section A.9 

of the Supplementary data, with an additional analysis on the CAUEEG 

[54] dataset provided in Section A.9.4. 

Following this direction, future studies should also focus on de-

signing rigorous XAI experiments to provide deeper insights into the 

features learned by EEG deep learning models, including the proposed 

TransformEEG. Such analyses should consider the predictions of all 

input EEG windows, using established techniques such as GradCAM-

like methods [55] across all models trained during the cross-validation 

scheme. Additionally, XAI-specific modifications to the model archi-

tecture should be introduced to map intermediate outputs to scalp 

topographies and temporally related oscillations, as demonstrated in the 

xEEGNet model [33].

Addressing this limitation, along with the future directions outlined 

in this section, will improve the reliability of EEG-based deep learning 

models for pathology detection. These improvements will also facili-

tate the integration of such systems into real-world clinical settings, 

ultimately supporting clinicians and patients more effectively.

5. Conclusion

This work introduces TransformEEG, a novel hybrid convolutional-

transformer model designed to address generalizability issues in 

Parkinson’s disease detection from EEG data. TransformEEG features 

a depthwise convolutional tokenizer that specializes in generating to-

kens representing temporally local segments of the EEG window with 

channel-specific features. This module enables more effective feature 

mixing within the transformer encoder, which is included to capture 

long-range temporal patterns. The model was evaluated using harmo-

nized EEG recordings from four publicly available datasets, comprising
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290 subjects (140 Parkinson’s Disease individuals and 150 healthy con-

trols), through a Nested-Leave-N-Subjects-Out cross-validation scheme. 

When trained with a sufficient amount of data, TransformEEG achieved 

promising results, ranking first among seven other consolidated EEG 

deep learning models in terms of median balanced accuracy (80.10 %), 

interquartile range (5.74 %). These findings demonstrate that design-

ing deep learning models tailored to EEG data and evaluating them on 

large, multi-center datasets can help address generalizability challenges, 

despite the path to solutions that generalize to clinical settings remains 

an open challenge for the global scientific community.
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