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A B S T R A C T

Pathology diagnosis based on EEG signals and decoding brain activity holds immense importance in under-
standing neurological disorders. With the advancement of artificial intelligence methods and machine learning
techniques, the potential for accurate data-driven diagnoses and effective treatments has grown significantly.
However, applying machine learning algorithms to real-world datasets presents diverse challenges at multiple
levels. The scarcity of labeled data, especially in low regime scenarios with limited availability of real patient
cohorts due to high costs of recruitment, underscores the vital deployment of scaling and transfer learning
techniques. In this study, we explore a real-world pathology classification task to highlight the effectiveness
of data and model scaling and cross-dataset knowledge transfer. As such, we observe varying performance
improvements through data scaling, indicating the need for careful evaluation and labeling. Additionally, we
identify the challenges of possible negative transfer and emphasize the significance of some key components
to overcome distribution shifts and potential spurious correlations and achieve positive transfer. We see
improvement in the performance of the target model on the target (NMT) datasets by using the knowledge
from the source dataset (TUAB) when a low amount of labeled data was available. Our findings demonstrated
that a small and generic model (e.g. ShallowNet) performs well on a single dataset, however, a larger model
(e.g. TCN) performs better in transfer learning when leveraging a larger and more diverse dataset.

1. Introduction

In recent years, significant strides have been made in the field
of pathology diagnosis, propelled by advancements in brain imaging,
particularly the analysis of electroencephalogram (EEG) signals and
the decoding of brain activity [1,2]. The broad domain of brain sci-
ence extensively employs EEG to scrutinize the electrical activities of
the brain, achieved by strategically placing electrodes on the scalp’s
surface. These methodologies offer valuable insights into the intrica-
cies of human brain function, furnishing critical information for the
comprehension and diagnosis of diverse neurological disorders. Ma-
chine learning methodologies have played a central role in processing
EEG data, fostering the creation of automated systems for pathology
classification [3,4].

However, despite the remarkable progress made, the application of
machine learning algorithms to real-world datasets presents a set of
challenges [5]. One significant challenge arises from the scarcity of
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labeled data, particularly in scenarios where the number of instances
is limited, commonly referred to as low regime data. In such cases,
conventional machine learning techniques may struggle to achieve sat-
isfactory performance due to the insufficient amount of data available
for accurate model training [6]. The insufficient amount of data avail-
able is due to data privacy and security issues, especially when dealing
with sensitive or personal data from multiple users or domains [7,
8]. The scarcity of accessible EEG datasets has posed challenges in
accurately estimating mental states using deep learning models [9].

To address this data scarcity issue, efforts have been made to create
large-scale datasets by recording EEG signals directly from patients in
hospitals [10,11]. These initiatives aim to gather diverse and compre-
hensive data, encompassing a wide range of neurological conditions
and patient demographics. By collecting data in real-world clinical
settings, these datasets capture the complexity and heterogeneity of
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pathology cases encountered in actual practice. However, in some con-
ditions, collecting more data directly from patients in hospital settings
is often hindered by challenges such as high costs, time constraints,
and logistical difficulties [12]. In light of these obstacles, transfer
learning emerges as a compelling solution for addressing data scarcity
in EEG signal analysis [13]. Leveraging pre-existing knowledge from
large-scale datasets recorded in real-world clinical settings, transfer
learning enhances training efficiency, accelerates learning convergence,
and improves model adaptability to diverse neurological conditions.

Another challenge that arises from applying machine learning algo-
rithms to real-world EEG datasets is the low generalization performance
due to distribution shift [14] and noise [15]. Distribution shift refers to
the phenomenon where the data distribution of the test set differs from
that of the training set, which can lead to a degradation of the model’s
accuracy on unseen data [16]. Noise refers to the unwanted variations
or distortions in the EEG signals, which can be caused by various
factors, such as electrode placement, muscle artifacts, eye movements,
or environmental interference [5]. These factors can affect the quality
and reliability of the EEG data, making it difficult for machine learning
models to extract meaningful features and patterns [17].

One possible solution to overcome these challenges is to use transfer
learning, which is a technique that allows a model that has been trained
on a source task or domain to be adapted to a new target task or domain
by transferring some of its knowledge [13]. Transfer learning can lever-
age the information learned from a large and diverse source dataset
to improve the performance of a model on a small and specific target
dataset. Transfer learning significantly reduces the training time and
enhances accuracy. Furthermore, this approach can effectively address
the challenges of data insufficiency, variability, and inefficiency that
are common in brain–computer interface applications [18]. However,
transfer learning also poses some risks, such as negative transfer, which
occurs when the transferred knowledge is irrelevant or harmful to the
target task or domain [19]. Negative transfer can result in a worse
performance than training from scratch, and it can be caused by
various factors, such as domain discrepancy, task discrepancy, or label
discrepancy [20]. Therefore, it is important to select an appropriate
source dataset and a suitable transfer learning method for the target
task or domain.

In this work, we investigated the knowledge transferability across
two pathological detection datasets, The widely used Temple University
Hospital Abnormal (TUAB) [11] and the new NUST-MH-TUKL (NMT)
scalp EEG dataset [10], which contain thousands of recordings labeled
as normal or abnormal by a team of qualified neurologists in different
population and hospitals. We studied how and when a transfer of
gained knowledge is possible. Furthermore, we shed light on the black
box complex structure of deep neural networks via the Centered Kernel
Alignment (CKA) similarity method. CKA metric evaluates the degree
of similarity between the representations learned by different neural
networks [21]. Our work improved the performance of the target model
by leveraging knowledge from the source dataset (TUAB) to the target
(NMT) datasets.

In this work:

• We investigated the knowledge transferability across two patho-
logical detection datasets, The widely used Temple University
Hospital Abnormal (TUAB) [11] and the new NUST-MH-TUKL
(NMT) scalp EEG dataset [10], which contain thousands of
recordings labeled as normal or abnormal by a team of qualified
neurologists in different population and hospitals.

• We studied how and when a transfer of gained knowledge is
possible

• We shed light on the black box complex structure of deep neural
networks via the Centered Kernel Alignment (CKA) similarity
method. CKA metric evaluates the degree of similarity between
the representations learned by different neural networks [21].

• We improved the performance of the target model by leveraging
knowledge from the source dataset to the target dataset, and
showed that our model can generalize well to unseen data.

2. Materials and method

2.1. Datasets

Our experiment is based on the TUAB Abnormal EEG Corpus3
(v3.0.0) [11,22], which is a publicly available dataset of significant
size that facilitates the task of decoding general pathology from EEGs.
The corpus comprises 2993 recordings, each lasting at least 5 min,
obtained from 2329 unique patients. It is divided into a training and a
final test set. The corpus includes recordings of both male and female
patients from a broad age range, spanning from 7 days to 96 years,
covering infants, children, adolescents, adults, and seniors. The dataset
includes various pathologies diagnosed in patients, such as epilepsy,
strokes, depression, and Alzheimer’s disease, among others. However,
only binary labels are available (See Fig. 1A).

The NMT EEG dataset is an open-source annotated dataset of
healthy and pathological EEG recordings [10]. The dataset consists of
2417 recordings from unique participants. Each recording is labeled as
either normal or abnormal by a team of expert neurologists. The dataset
also includes demographic information such as the gender and age of
the patients. The dataset focuses on the South Asian population and
can be used for training machine learning models to identify normal
and abnormal EEG patterns. The dataset is intended to increase the
diversity of EEG datasets and to overcome the scarcity of accurately
annotated publicly available datasets for EEG research (See Fig. 1A).

The dataset is imbalanced in pathological and gender classes, in the
training and statistics shift in the test sets, which may pose a challenge
for machine learning algorithms. In the training set, there are 66.38%
male and 33.62% female subjects, with 13.50% of the male subjects
and 16.67% of the female subjects having abnormal EEG recordings. In
the test set, there are 68.65% male and 31.35% female subjects, with
47.24% of the male subjects and 51.72% of the female subjects having
abnormal EEG recordings.

Fig. 1A illustrates the challenge of generalization and transfer across
different subsets and datasets, as the distribution of groups changes
drastically in each case. For example, the NMT dataset has a lower
proportion of abnormal recordings in the training than the TUAB
dataset. Moreover, within each dataset, the train and evaluation subsets
have different class balances, which can affect the performance and
robustness of the models. Therefore, it is important to consider these
factors when designing and evaluating the models for EEG analysis.
Each dataset has a validation set, which we use for testing the models.
We did not use any information from this set during training, to avoid
data leakage. We split the training sets into 85% and 15% for training
and validation, respectively. The validation set was used to select the
best model based on the balanced accuracy metric. The test set was
used to evaluate the final performance of the selected model on unseen
data.

For the preprocessing step, We applied the same preprocessing steps
to both datasets, which are TUAB and Temple. These steps are: We
selected a subset of 21 electrode positions following the international
10–20 placement because these electrode positions were common to
all the recordings in the datasets. We discarded the first 60 s of every
recording, We used a maximum of 20 min of every recording, to avoid
considerable feature generation and resampling times for exceptionally
long recordings. We downsampled the EEG recordings to 100 Hz and
clipped them at ±800 μV to reject unphysiologically extreme values and
to ensure comparability to previous works [10,23]. We z-scored each
channel of the recordings based on the channel mean and standard
error, to normalize the data and reduce the effect of outliers. We also
normalized each channel in each trial to range [0 1], to make the data
more suitable for the neural network models.

We preprocessed both datasets in the same way, as follows. We
chose 21 electrodes (Fig. 1B) that were common to all recordings in
the dataset, following the international 10–20 system. We removed the
first 60 s of each recording, as they contained many artifacts that could
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Fig. 1. Overview (A) Comparison of the recording sites (flags), number of recordings in minority groups (cylinders) and distribution with respect to age in two EEG datasets: TUAB
and NMT. In the NMT dataset, the statistics between splits, gender and datasets vary drastically. The age distribution differs in data splits for gender and pathological states. The
number of samples in different conditions is not balanced, which may affect the performance of the models. Cylinders are used to show that the number of recordings in minority
groups in NMT is five times smaller than TUAB. (B) Our neural network model for pathological detection in EEG using transfer learning. The model transfers weights from a
source domain (TUAB) to a target domain (NMT). The model leverages the knowledge from the source domain and applies it to the target domain, which may have different
distributions or characteristics. The backbone could be TCN, Deep4Net, ShallowNet or EEGNet.

be due to adjusting the electrode cap or finding a comfortable position.
We also limited each recording to 20 min at most, to reduce the
computation time for feature extraction and resampling. We resampled
the recordings to 100 Hz and clipped them at ±800 μV, following the
same procedure as in Kiessner et al. [23] for TUAB and Khan et al. [10]
for NMT. We applied Artifact Subspace Reconstruction (ASR) [24] to
remove artifacts from the EEG recordings, based on principal compo-
nent analysis (PCA) and robust statistics. We normalized each channel
to its mean and standard deviation using z-score and scaled the data
between zero and one.

2.2. Models

To evaluate the performance of different models, we trained several
well-known EEG models while altering the number of recordings in the
training set. It is worth noting that the test set remained fixed to the
original split of the dataset. We experimented with five models with at
least five different seeds for each of them. These experiments allowed us
to thoroughly evaluate the effectiveness of data size and parameter size
and select the best-performing model for decoding general pathology
from EEGs. We used all models without making any changes to their
original structure.

The four models that we experimented with are:

• EEGNet [25]: EEGNet is a compact convolutional neural network
that can be used for EEG-based brain–computer interfaces. It is de-
signed to work with different EEG paradigms, such as P300, ERN,
MRCP, and SMR, and to be as efficient as possible. It has only
three convolutional layers and 2018 trainable parameters, which
makes it easy to train and deploy. It uses batch normalization and
ELU activation to improve its performance and robustness.

• ShallowNet [26]: A shallow convolutional neural network that
consists of two convolutional layers, each followed by a max-
pooling layer and a dropout layer. Both layers use batch normal-
ization and ELU activation. The final layer is a softmax layer that
outputs the class probabilities. ShallowNet has 36 722 trainable
parameters.

• Deep4Net [26]: A deep convolutional neural network that consists
of four convolutional blocks, each followed by a max-pooling
layer and a dropout layer. The convolutional blocks have different
numbers of filters, kernel sizes, and strides, and use batch normal-
ization and ELU activation. The final layer is a softmax layer that
outputs the class probabilities. Deep4Net has 277 052 trainable
parameters and was originally proposed for EEG-based emotion
recognition.

Table 1
Models details.

Model name # of parameters Type

TCN [27] 456 502 Temporal ConvNet
Deep4Net [26] 277 052 4-layer ConvNet
ShallowNet [26] 36 722 1-layer ConvNet
EEGNet [25] 2018 Compact ConvNet

Table 2
Hyper-parameters.

Model Drop prob Batch size lr # of epochs Weight decay

TCN 0.0527015 64 0.0011261 35 5.8373053e−07
Deep4Net 0.5 64 0.01 35 0.0005
ShallowNet 0.5 64 0.000625 35 0.0
EEGNet 0.25 64 0.001 35 0.0

• TCN-EEG [27]: A temporal convolutional network that consists of
several residual blocks, each containing two dilated causal con-
volutional layers and different dilation rates. The residual blocks
use weight normalization and ReLU activation. The final layer is
a softmax layer that outputs the class probabilities. TCN-EEG has
456 502 trainable parameters.

Table 1 shows the summary of the models that we used in our
experiments. It includes the name, the architecture, the number of
parameters, and the original reference of each model. The models are
Deep4Net, ShallowNet, TCN-EEG, and EEGNet. They are all convo-
lutional neural networks that can be applied to EEG signal analysis.
However, they differ in their structure, complexity, and specificity.
Some of them are more generic and adaptable, while others are more
tailored and efficient for specific EEG tasks or domains.

2.3. Training

We followed the cropped training approach proposed by [26],
which divides the EEG signals into equally sized, maximally overlap-
ping segments that match the receptive field of the networks. The
receptive field is the number of signal samples that the networks can
process at a time, which varies depending on the network architecture.
All networks, except the TCN, had a receptive field of approximately
600 samples, while the TCN had a receptive field of approximately 900
samples. We used the AdamW optimizer [28] to optimize the categori-
cal cross-entropy loss function, which measures the difference between
the predicted and true class probabilities. AdamW is an improved
version of Adam [29] that decouples the weight decay updates and the
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Fig. 2. The effect of pretraining on pathology detection balanced accuracy in the NMT dataset. The 𝑥-axis shows the number of training samples and the 𝑦-axis shows the test
balanced-accuracy. The orange line represents the performance of fine-tuning a pretrained model and the blue line represents the baseline model trained from scratch. The error
bars show the standard error of the mean across five random seeds.

loss function optimization, which leads to better generalization [28].
We used cosine annealing [30] to schedule the learning rates for both
the gradient and weight decay updates. Cosine annealing is a technique
that gradually reduces the learning rates according to a cosine function,
which helps to avoid local minima and find better solutions. To have
an unbiased selection of hyper-parameters (see Table 2), we followed
the same experimental setup as in [23], which is a recent work on EEG
pathology detection using deep learning. We compared four different
neural network architectures: EEGNet, DeepConvNet, ShallowConvNet,
and TCN. We trained each model from scratch on the source dataset and
fine-tuned pretrained models on the target dataset. We evaluated each
model on both TUAB and NMT datasets using balanced accuracy as the
performance metric.

2.4. Evaluation

We evaluated our models on the predefined test set of each dataset,
which was not used for training or validation. We used 15% of the
training set for early stopping and model selection. We used balanced
accuracy [31,32] as the evaluation metric, to compare the performance
across datasets, as one of them was imbalanced. Balanced accuracy
is defined as the average of the recall obtained in each class, and it
is equal to the area under the ROC curve for a binary classification
problem. It is a useful metric when the classes are imbalanced, as it
gives equal weight to each class, regardless of its frequency.

Balanced accuracy is calculated as:

Balanced accuracy =
Sensitivity + Specificity

2
(1)

where:
- Sensitivity: The ‘‘true positive rate’’
- Specificity: The ‘‘true negative rate’’
This formula can also be written as:

Balanced accuracy = 1
2

(

TP
TP + FN + TN

TN + FP

)

(2)

where:
- TP: True Positives
- FN: False Negatives
- TN: True Negatives
- FP: False Positives

2.5. Data augmentation

We used data augmentation for EEG based on this previous work
[33], which proposed and compared different methods of augmenting
EEG data to improve the performance and robustness of machine
learning models. We used four methods of data augmentation, each
with a probability of 0.1 in training all models:

• SignFlip: This method randomly flips the sign of the EEG signals,
which simulates a change in the polarity of the electrodes.

• ChannelsDropout: This method randomly drops out some chan-
nels of the EEG signals, which simulates a loss of contact or a
malfunction of the electrodes. We used a dropout probability of
0.2.

• FrequencyShift: This method randomly shifts the frequency spec-
trum of the EEG signals, which simulates a change in the sam-
pling rate or drift in the frequency band. We used a maximum
frequency shift of 2 Hz.

• SmoothTimeMask: This method randomly masks some time seg-
ments of the EEG signals with a smooth transition, which simu-
lates a temporary occlusion or a distortion of the signals. We used
a mask length of 600 samples.

• BandstopFilter: This method randomly applies a band-stop filter
to the EEG signals, which removes a narrow frequency band from
the signals. This simulates a noise reduction or a notch filter. We
used a bandwidth of 1 Hz.
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• ChannelsShuffle: This method randomly shuffles the order of the
channels of the EEG signals, which changes the spatial configura-
tion of the signals. This simulates a different electrode placement
or a permutation of the channels. We used a shuffle probability
of 0.2.

2.6. Transfer learning

Transfer learning is a technique that allows a model that has been
trained on a source task or domain to be adapted to a new target task
or domain by transferring some of its knowledge [34]. Fine-tuning is
a common method of transfer learning, which involves adjusting the
parameters of the model on the target data while keeping the initial
weights from the source data. Transfer learning and fine-tuning can
help to improve the performance and generalization of the model,
especially when the target data is limited and similar to the source
data [13].

In this work, we applied transfer learning and fine-tuning to our EEG
models, which were trained on two different datasets: TUAB and NMT.
TUAB is a large and diverse dataset of EEG recordings from normal and
abnormal subjects, while NMT is a smaller and more specific dataset
of EEG recordings from normal and pathological subjects. We used
TUAB as the source dataset and NMT as the target dataset, and we
experimented with four models: Deep4Net, ShallowNet, TCN-EEG and
EEGNet.

We trained the models on the whole source dataset (TUAB) and
used the weights of that model to initialize the network to train on the
second dataset (NMT). This way, we hoped to leverage the knowledge
learned from TUAB to improve the performance on NMT. To have a
baseline, we also trained the same models with random initialization on
the target dataset (NMT), without using any information from TUAB.
We compared these two conditions (fine-tuned the pre-trained model
vs. randomly initialized model) on the test set of NMT, using balanced
accuracy as our evaluation metric.

2.7. Representation similarity

Cianfarani et al. [35] provides a novel perspective on how robust
training methods affect the internal representations learned by neural
networks. The authors use representation similarity metrics, such as
centered kernel alignment (CKA) [21], to compare the representa-
tions of different layers of robust and non-robust networks on three
vision datasets. They reveal some interesting properties of robust rep-
resentations, such as less specialization, more homogeneity and higher
overfitting. Inspired by this work, we experimented with different
scenarios to assess the transferability between these two datasets and
models trained on them. We wanted to investigate how the similarity
of representations influences the ability of a model to adapt to a new
domain or task.

3. Results

3.1. Transfer learning

The results in Fig. 2 indicate that pretraining enhances pathology
detection performance, particularly in the low data regime (<100 sam-
ples). This is crucial due to the low sample size in clinical studies, which
poses a challenge for deep learning approaches. Our results suggest
that the transfer is feasible if several criteria are satisfied, such as data
normalization and adequate preprocessing.

The results in Fig. 3 show that the pretrained model does not
maintain high performance on the source dataset while adapting to the
target dataset. The performance of the baseline model on the source
dataset increases a bit as it trains on the target dataset. The results also
show a sign of catastrophic forgetting in these real-world datasets.

Table 3
Performance of models on different distributions. The highlighted numbers in bold
indicate the best performance in each scenario and underlined text means that the
performance of the model was very close to the best performance in that scenario (12
scenarios). PtTUAB > FtNMT means Pre-train a model on TUAB and Fine-tuned on
NMT.

Train Test on (BAC)

Model Train on TUAB NMT TUAB+NMT

TCN

TUAB 81.69 ± 0.35 63.04 ± 2.00 74.71 ± 0.62
NMT 58.16 ± 9.90 70.34 ± 4.79 63.42 ± 7.48
TUAB+NMT 80.92 ± 0.73 73.53 ± 1.92 78.04 ± 1.19
PtTUAB > FtNMT 65.92 ± 4.41 73.70 ± 3.32 69.35 ± 2.50

Deep4Net

TUAB 81.64 ± 0.52 62.77 ± 1.63 74.82 ± 0.81
NMT 63.00 ± 5.40 71.56 ± 4.87 66.88 ± 5.17
TUAB+NMT 80.90 ± 1.12 72.95 ± 1.34 77.51 ± 0.77
PtTUAB > FtNMT 59.00 ± 5.06 73.34 ± 3.32 65.18 ± 3.81

ShallowNet

TUAB 82.40 ± 0.74 62.02 ± 2.01 74.96 ± 1.18
NMT 66.27 ± 1.60 72.81 ± 2.85 69.22 ± 0.92
TUAB+NMT 80.98 ± 1.14 71.52 ± 1.23 77.09 ± 0.55
PtTUAB > FtNMT 66.82 ± 0.37 73.18 ± 1.61 69.73 ± 0.73

EEGNet

TUAB 81.40 ± 0.60 61.45 ± 4.22 74.19 ± 1.73
NMT 62.09 ± 6.57 70.63 ± 2.36 66.02 ± 4.51
TUAB+NMT 80.90 ± 1.28 71.52 ± 1.23 75.85 ± 1.52
PtTUAB > FtNMT 65.82 ± 0.97 69.71 ± 2.98 67.82 ± 1.75

To enable a model to work on both datasets, we opt to train a model
on the concatenate and train on both datasets as suggested in [19].
However, this approach faces the challenges of class imbalance and
dataset bias, which affect the model’s performance and generalization.
To address these challenges, we designed a data sampler that sam-
ples uniformly from each dataset and each class, ensuring a balanced
and fair representation of the data. The performance of the resulting
network is reported as follows:

Table 3 shows the performance of the models under different train-
ing and test distributions. We can observe that the models trained on
TUAB, which is a large and diverse dataset, have a high balanced
accuracy (BAC) on TUAB itself, but a low BAC on NMT, which is a
small and noisy dataset. This indicates that the models suffer from
distribution shifts and overfitting when they encounter data from a
different domain. For example, when we train on TUAB, the best
performance on the TUAB dataset is 82.40 and it drops by 20.38 to
62.02 when we test on NMT, which is out of its distribution. On the
other hand, the best BAC on NMT is 73.70, which we assume is in
distribution accuracy. So the difference between a classifier that has not
seen any data from the NMT dataset and one that has seen the whole
NMT data is 11.68. This shows that there is still room for improvement
in transferring knowledge from TUAB to NMT.

Table 3 also shows the performance of models that have been
trained on the concatenation of both datasets, TUAB and NMT. We can
see that these models have comparable BAC on both datasets compared
to models trained on a single dataset. It was expected that combining
data from different domains could improve the robustness and general-
ization of the models, as they can learn from a larger and more diverse
set of examples. However, these models have a lower BAC than the
models fine-tuned with our proposed framework, which indicates that
simply concatenating data is not enough to achieve optimal transfer
learning. We also see that as the model is bigger, it can get better
BAC on the concatenated data, since the model has more capacity. For
example, TCN, which has the largest number of parameters among the
four architectures, has the highest BAC on both TUAB and NMT when
trained on the concatenated data and ShallowNet which is a small and
simple network that has the best accuracies in single datasets training.
This implies that larger models can benefit more from combining data
from different domains, as they can learn more complex and diverse
features.
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Fig. 3. The performance on the source dataset (TUAB) while finetuning or training on the target dataset (NMT). The 𝑥-axis shows the number of training samples from the target
dataset and the 𝑦-axis shows the balanced accuracy of the source dataset. The orange line represents the pretrained model that is finetuned on the target dataset and the blue line
represents the baseline model that is trained from scratch on the target dataset.

Fig. 4. Cross-model similarity between different layers of networks trained on the source (TUAB) and trained on the target (NMT) dataset.
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Fig. 5. The effect of discriminative fine-tuning on the balanced accuracy (BAC) of
the model for the NMT dataset. The 𝑥-axis shows Discriminative Learning Rates, and
the 𝑦-axis shows the BAC score. The figure shows that the model with discriminative
fine-tuning achieves a higher BAC score than the baseline model, indicating that it can
better adapt to the new domain and task.

3.2. Representation similarity

Fig. 4 shows the degree of similarity between different layers of
networks trained on TUAB and NMT datasets. The similarity between
TUAB and NMT networks decreases from the early layers to the last
layers, as shown in Fig. 4, implying that the datasets have different
representations at higher levels of abstraction. In the TCN, we see that
the first block is similar but the other blocks are different which implies
that features on the blocks other than the first block are very different
between the two networks. These results demonstrate that the last layer
of the network needs to have specific features, while the earlier layers
can have general features.

3.3. Discriminative fine-tuning

Based on insights in Section 3.2, we hypothesize if we adjust the
learning rate during the fine-tuning process from the last layer to
the early layers, giving more weight to the lower layers that are
more similar across datasets and less weight to the higher layers that
are more divergent would improve the transfer performance. In the
literature, it is called Discriminative Fine-Tuning. Discriminative Fine-
Tuning is a technique for transferring knowledge from a pretrained
model to a downstream task. It involves using different learning rates
for different layers of the model, depending on how relevant they are
to the task. The idea is to fine-tune the lower layers more slowly since
they capture general features, and the higher layers more quickly since
they capture task-specific features [36]. It has been shown that it works
for MRI fine-tuning [37]. Here as our results confirm these assumptions,
we fine-tune the model using the discriminative fine-tuning technique.
This allows us to leverage the pretrained knowledge from the TUAB
dataset and adapt it to the NMT dataset, which has a smaller size and
a different domain. We compare the performance of our model with
different learning rate schedules and report the results in Fig. 5.

Fig. 5 shows the impact of different learning rate decay factors
on the performance of the model. The learning rate decay factor is
the ratio between the learning rates of two consecutive layers. The
𝑥-axis shows the learning rate decay factor, and the 𝑦-axis shows
the balanced accuracy (BAC) score. The figure shows that the model
with discriminative fine-tuning achieves a higher BAC score than the
baseline model when the learning rate decay factor is 0.9, indicating
that it can better adapt to the new domain and task. However, when
the learning rate decay factor is 0.5, the performance of the model
with discriminative fine-tuning drops significantly, suggesting that it is
too aggressive and causes instability in the training process. Therefore,
choosing an appropriate learning rate decay factor is important for
discriminative fine-tuning, as it adds a new hyperparameter to the
model.

3.4. Pre-training (Why large neural networks?)

After examining the results in Fig. 6A, we observe that all models
perform similarly and reach a consistent saturation accuracy of around
80% but showcase different slopes. For example, Shallownet excelled
over others under the low data regime and with fewer than 200
recordings. However, in situations with a higher number of recordings,
larger networks such as TCN outperformed other models. Regarding
out-of-distribution data in Fig. 6B, Deep4Net and TCN outperform the
smaller network EEGNet. These larger networks demonstrate superior
generalization capabilities and increased capacity to adapt to new tasks,
as illustrated in Fig. 2.

3.5. Model and data size

In this paper, we address the problem of EEG classification and
transfer learning using several well-known architectures in the litera-
ture. For the ablation studies, we opt to explore temporal convolutional
networks (TCN) that capture both spatial and temporal patterns be-
cause of their flexibility to change the number of blocks and filters and,
therefore, the number of model parameters and depth. Also, TCN has
been shown to achieve superior performance for EEG time series anal-
ysis compared to recurrent neural networks (RNN) and feed-forward
networks (FFN) [38]. However, TCN also requires careful preprocessing
and architecture design to improve its generalization ability and data
efficiency.

In this section, we compare TCN models with different numbers of
filters in one layer. We evaluate the models on in-distribution (TUAB)
and out-of-distribution (NMT) test sets, using balanced accuracy as the
metric. Fig. 7 shows the results of our comparison.

Fig. 7 illustrates that increasing the number of filters in one layer
TCN model improves the performance on both test sets. The 𝑥-axis
shows the number of recordings, the 𝑦-axis shows the balanced accu-
racy of our TCN model and the colors are the number of filters (4, 8, 16,
32, 64). The error bars are the standard error of five runs. We can see
that more filters lead to higher accuracy on both test sets. This suggests
that more filters can capture more spatial and temporal features from
the EEG data, and enhance the representation learning ability of the
TCN model. However, more filters also increase the model complexity
and computational cost. Therefore, we need to find a trade-off between
performance and efficiency.

In addition to the number of filters, we also explore the effect of
the number of blocks in the TCN model. We fix the number of filters
to 8 and vary the number of blocks from 1 to 6. We evaluate the
models on in-distribution (TUAB) and out-of-distribution (NMT) test
sets, using balanced accuracy as the metric. Fig. 8 shows the results
of our exploration.

Fig. 8 demonstrates that deeper networks are not different from
shallow networks in terms of performance on both test sets. The 𝑥-axis
shows the number of recordings, the 𝑦-axis shows the balanced accu-
racy of our TCN model and the colors are the number of blocks (1, 2, 3,
4, 5 or 6). The error bars are the standard error of five runs. We can see
that there is no notable difference between the models with different
numbers of blocks on both test sets. This indicates that increasing the
depth of the TCN model does not improve its representation learning
ability or generalization ability. Therefore, we conclude that shallow
networks are sufficient and efficient for the pathology detection task
and width is more important than the depth of the network.

4. Discussion

The main contribution of our work is to demonstrate the effec-
tiveness of transfer learning for EEG pathology detection, especially
when the target dataset is small and specific. We showed that by
leveraging a larger and more diverse source dataset, we can improve
the performance of the target model on the NMT dataset. We also
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Fig. 6. Scaling behavior of different EEG models on the TUAB (Source) and NMT (Target) dataset. It illustrates the balanced accuracy plotted against the number of recordings in
the training set for various models. The accuracy increases as the number of recordings increases, but the curve is saturated after reaching 1000 recordings. Larger models show
better performance when more data is available. The error bars represent the standard error.

Fig. 7. Effect of the number of filters in the blocks of TCN architecture on in-distribution and out-of-distribution balanced accuracy. The 𝑥-axis shows the number of recordings,
and the 𝑦-axis shows the balanced accuracy of our TCN model. Colors show the number of filters. The error bars show the standard error across five runs. We can see increasing
the number of filters improves the performance of our model on both test sets.

Fig. 8. Effect of the number of blocks in the blocks of TCN architecture on in-distribution and out-of-distribution balanced accuracy. The 𝑥-axis shows the number of recordings
and the 𝑦-axis shows the balanced accuracy of our TCN model. Colors show the number of blocks. The error bars show the standard error across five runs. We can see increasing
the number of filters improves the performance of our model on both test sets.

showed that the choice of the model architecture and the transfer
learning method are crucial for the success of the transfer learning
approach. We found that a larger model (TCN) can benefit more from
transfer learning than a smaller model (ShallowNet). Our results in
Table 3 and Fig. 2 show that transfer learning is more effective when
the target dataset is small and specific, but its advantage diminishes
when the full datasets are used.

In Fig. 6 all models show a saturation accuracy of around 80% in the
source task (TUAB) which may have arisen from label noise or inter-
rater agreement, as discussed in previous literature [23,39]. Based on
our findings, we can conclude that approximately 500 recordings are
sufficient for this task, and adding more recordings beyond 500 until
the total of 2700 did not significantly improve the performance of the
models. These results suggest that adding more data beyond a certain
point may not always yield better results, and careful consideration
of the amount of data used in training is essential for optimal model
performance. Furthermore, we also identified that there are 54 common
subjects in the two pathological groups (normal/abnormal) in the TUAB

dataset. There are 149 out of 2993 rows that have their pathological
status changed, some of them within a few days. This could be one of
the possible sources of label noise that affects the model performance
and generalization. This also might be due to noisy input data as
it is a problem in other medical domains (e.g. magnetic resonance
imaging [40]), which can be mitigated by transfer learning [37].

Gemein et al. [39] developed a feature-based decoding framework
for analyzing EEG data and demonstrates that it achieves accuracies
similar to state-of-the-art deep neural networks. The accuracies ob-
tained ranged from 81 to 86% across both approaches, and analysis
showed that they used similar aspects of the data, such as delta and
theta band power at temporal electrode locations. The study argues
that the accuracies of current binary EEG pathology decoders could
saturate near 90% due to imperfect inter-rater agreement of clinical
labels and that such decoders are already clinically useful where experts
are rare. Our results confirm these findings, meaning that we also
observe a saturation accuracy of around 80% for all the networks when
trained on the TUAB dataset. However, we also notice that although
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all the networks achieve similar accuracy when trained on all available
recordings, their scaling and transfer behavior are different.

The difference between the reported accuracy in our results and
the previous results comes from the fact that we chose the best model
based on a validation set and reported results on the predefined test set,
while they might have used Oracle model selection [16]. Oracle model
selection is a method of choosing the best model based on the test
set performance, which can lead to overfitting and optimistic results.
By using a validation set, we avoid this problem and ensure that our
results are more realistic and generalizable. We also report balanced
accuracy (BAcc) as our evaluation metric, which is the average of the
recall obtained in each class. BAcc is a suitable metric for ML when the
goal is to minimize the overall classification error, especially when the
classes are imbalanced [41].

It is worth noting that there have been several efforts to extend
clinical EEG datasets with a larger number of recordings. For instance,
a recent study proposed a dataset [23] with 15,300 automatically
labeled EEG recordings and evaluated and improved the performance
of machine learning algorithms on this dataset. However, our results
in Section 3.4 suggest that for this specific task of general pathology
decoding from EEGs, we do not need more than 500 recordings to
achieve good model performance. This may be due to the richness and
diversity of the TUAB Abnormal EEG Corpus3 (v3.0.0), which contains
recordings from patients of various ages and with different patholo-
gies. However, more recording in the source domain might improve
the pretrained model. Further research could investigate whether this
conclusion holds for other types of EEG analysis tasks or if more data is
necessary for different contexts. Our findings suggest that we might be
in the early stages of the broken scaling laws [42] where improvements
are minimal, but significant improvements could be achieved beyond
a certain point, which is consistent with the non-monotonic transitions
observed in neural scaling behavior.

In practical situations, any automated screening algorithm is highly
likely to encounter data from sources it has not seen before. Therefore,
it is crucial to assess how well different architectures can handle varia-
tions in the devices and sources used for data acquisition. Ideally, deep
learning algorithms should consistently perform well across different
datasets. However, this is not always the case. Evaluating the perfor-
mance of abnormal EEG detection across datasets has been difficult
due to the lack of publicly available datasets specific to this problem.
To address this, In [10] they tested the generalization performance
of several CNN-based architectures. They trained them on the TUAB
dataset and then evaluated their performance on the NMT dataset.
They reported that there was a noticeable decline in performance, with
the Shallow CNN architecture achieving an accuracy of 45% and an
AUC of 0.48, and the Deep CNN architecture achieving an accuracy
of 48% and an AUC of 0.46. Similar performance degradation was
observed when these architectures were trained on the NMT dataset
and tested on the TUAB dataset. These results emphasize the impor-
tance of collecting diverse datasets from multiple sources, as algorithms
trained on data from a single source struggle to generalize well in the
case of EEG data. In contrast to the challenges mentioned earlier, our
findings provide encouraging evidence that the two datasets, TUAB and
NMT, exhibit transferability and perform well in the context of our
study. Despite the anticipated performance degradation when applying
the Deep and Shallow CNN architectures trained on one dataset to
the other, we observed that these models still achieved satisfactory
results. Specifically, the TCN architecture attained the best accuracy
of 63.04%±2.00 when tested on the NMT dataset, and the performance
degradation was 18.65%. These findings suggest that, to some extent,
the models trained on one dataset were able to generalize to the other
dataset and improved with fine-tuning. However, finetuning may not
always be an absolute requirement, and probing methods are sufficient
when datasets are within the distribution [43]. The improvement after
fine-tuning with discriminative learning rate in our results implies a

divergence in distribution between the two datasets, an observation
that might be unexpected for some other datasets.

The results in Fig. 3 indicate that the models tend to forget the
previous knowledge when they are fine-tuned on a new task or domain.
This is a common problem in ML known as catastrophic forgetting,
which limits the ability of the models to learn from sequential or
diverse data. This problem poses a challenge and an opportunity for
the fields of continual learning and out-of-distribution generalization,
which aim to develop methods and techniques that can enable the
models to learn continuously from new data without forgetting the old
ones and to generalize well to unseen or novel data that differ from the
training data. These fields can benefit from exploring these real-world
datasets, which can provide realistic and complex scenarios for testing
and improving their methods and techniques.

Several studies investigated the importance of depth and width
of neural networks [44–46]. Our results in Figs. 8 and 7 reveal that
increasing the number of filters improves the performance of the TCN
model on either test set but increasing the number of blocks does not
improve. This suggests that the depth of the network is not a critical
factor for the representation learning or generalization ability of the
TCN model in this task. Therefore, we can conclude that shallow net-
works are sufficient and efficient for the pathology detection task and
that the width of the network is more important than the depth. This
might imply that the function between pathology and the EEG signals
can be approximated better with one Block of TCN which includes two
CNN layers followed by the Relu function and skip connections (See
Fig. A.9 for more detail).

5. Conclusion and outlook

In this work, we presented an approach for EEG pathology detection
based on transfer learning. Our methodology has the potential to
improve the transferability performance of neural network models with
noisy and small sample size datasets by leveraging knowledge from
large and diverse datasets. We conducted extensive experiments on two
real-world EEG datasets, TUAB and NMT. We provide insights into the
transferability of neural network features for EEG pathology detection
by analyzing and visualizing the CKA similarity scores of the feature
maps. Our work has several implications and contributions to the field
of EEG pathology detection and transfer learning. We demonstrated
that transfer learning emerges as a potent methodology to tackle the
challenge of data scarcity issue that hampers the application of machine
learning algorithms to real-world medical datasets. We applied CKA
as a novel and effective measure of similarity between neural network
representations of EEG signals, that can serve as a guiding tool for the
transfer learning procedure and for elucidating the interpretability and
explainability of the learned features. We proposed a simple yet highly
efficient method to identify the optimal transfer point through the CKA
similarity scores. This method has a huge potential to enhance model
generalization and robustness significantly. We provided insights into
the scaling and transfer aspects of the networks, that enable researchers
and practitioners in choosing the optimal network architecture and data
size for their EEG analysis tasks.

In this work, we explored the use of transfer learning for EEG
pathology detection, a challenging task that requires robust and gen-
eralizable neural network models. We proposed a methodology that
leverages knowledge from large and diverse datasets to improve the
transferability performance of neural network models on noisy and
small sampler-size datasets. We evaluated our methodology on two
real-world EEG datasets, TUAB and NMT, and obtained promising
results.

Our work has several implications and contributions to the field of
EEG pathology detection and transfer learning. We demonstrated that
transfer learning is a powerful technique to overcome the data scarcity
issue that limits the application of machine learning algorithms to real-
world medical datasets. We introduced CKA as an effective measure
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Fig. A.9. TCN architecture. A TCN network consists of several convolutional layers with residual connections. Each layer has the same input and output lengths.

of similarity between neural network representations of EEG signals,
which can serve as a guiding tool for the transfer learning procedure
and for enhancing the interpretability and explainability of the learned
features. We proposed a simple yet highly efficient method to identify
the optimal transfer point through the CKA similarity scores, which
can significantly improve model generalization and robustness. We also
provided insights into the scaling and transfer aspects of the networks,
which can help researchers and practitioners in choosing the optimal
network architecture and data size for their EEG analysis tasks.

We believe that our work opens up new avenues for further re-
search and development in the field of EEG pathology detection and
transfer learning. Future work could extend our methodology to other
scenarios of EEG signals, such as single channels or methods that could
handle different data properties. Future work could also explore more
advanced techniques for feature extraction, representation learning,
and domain adaptation, such as graph neural networks, self-supervised
learning, or adversarial learning. We hope that our work will inspire
more research on transfer learning for EEG pathology detection, and
ultimately contribute to improving the diagnosis and treatment of
neurological disorders.
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Appendix. TCN model

In this paper, we use TCN-EEG, A temporal convolutional network
that consists of several residual blocks, each containing two dilated
causal convolutional layers and different dilation rates. The residual
blocks use weight normalization and ReLU activation. The final layer
is a softmax layer that outputs the class probabilities. TCN-EEG has
456502 trainable parameters. See Fig. A.9 for more detail. This archi-
tecture allows us to change the number of blocks and the number of
filters in each block. .
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