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Abstract

Background: Electroencephalography (EEG) iswidely used in medicine asatechnique for the assessment of several brain-related
pathologies. However, EEG interpretation requires specialized expertise and remains a labor-intensive task, particularly for
prolonged recordings in intensive care, where timely expert review is often challenging.

Objective: Theaim of this study isto address this problem by using Al methods to automate EEG interpretation and compare
the performance of different modeling approaches.

Methods: A gradient boosting—based model, inspired by the work of Albagami et al, was implemented and compared to deep
learning (DL )—based models using convol utional neural networksto classify images generated from raw EEG signals. The models
were trained and tested on pediatric EEGs acquired at the University Hospital in Essen.

Results: The DL model showed higher observed sensitivity (78.3%) and F;-score (80%) compared to the gradient boosting
model (sensitivity: 65.2%; F;-score: 73.8%), indicating improved detection of abnormal EEGs. However, the gradient boosting
approach achieved higher specificity (93% vs 89.6%), suggesting a stronger ability to recognize normal EEGs. Overall, both
methods yielded promising results, with classification accuracies reaching up to 85.3%.

Conclusions: Both approaches show potential for automated EEG interpretation. Future improvements, including larger and
more diverse datasets, refined DL architectures, and integration of explainable Al techniques, could further enhance performance.

(JMIR Med Inform 2026;14:€96601) doi: 10.2196/96601
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Introduction

Theelectrical activity of the human brainisimpacted by alarge
number of cerebral and noncerebral diseases [1].
Electroencephal ography (EEG) iswidely used in medicine for
the assessment of such pathologies. However, EEG
interpretation requires specialized expertise and remains a
labor-intensive task, particularly for prolonged recordings in
intensive care, where timely expert review is often challenging

2.

In critical care, EEG recordings are frequently conducted for
hours or even days and, at the same time, require close to
real-time interpretation in order to perform neuroprotective or
rescue measures in case of deterioration. In this context,
time-compressed mathematical transformations of the raw EEG,
referred to as quantitative EEG, facilitate the detection of
changes but still require human interpretation [3]. Especialy
in pediatric critical care patients, EEG interpretation is further
complicated by age-dependent physiological differences in
electrocortical activity, underlying acute and chronic diseases
[4-6]. Critical illness-related metabolic and hemodynamic
imbalances and neuroactive medications such as sedation or
antiepileptic drugs add up, causing dynamic changes in
electrocortical activity [7]. Automated real-time abnormality
detection could advance recognition of present or new-onset
abnormalities and help to direct diagnostic and neuroprotective
measures.

Machinelearning (ML) and deep learning (DL ) provide methods
that are suitable to address these problems. In recent years, Al
has become an important part of health care, offering solutions
that help medical staff to make diagnosesfaster and with higher
accuracy [8]. In the context of the automated interpretation of
EEGs, some progress has already been made. The TUH
Abnormal EEG Corpus [9] is a dataset provided by Temple
University that consists of 2993 EEGs acquired from adult
patients. Each EEG was either labeled as normal (no signs of
pathology) or as abnormal (pathological EEG) by expert
neurologists. This dataset has been used by different research
groups as a basis for building and testing novel Al pipelines
dedicated to the EEG interpretation task [10-12]. Another
example is represented by Standardized Computer-based
Organized Reporting of EEG-Artificial Intelligence, an Al
model capable of fully interpreting routine clinical EEGs[13].
Thismodel wastrained on abig multicenter dataset comprising
atotal of 30,493 fully annotated normal and abnormal clinical
EEGs.

While the combination of Al-driven methodologies and EEG
recordings acquired in pediatric intensive care units (PICUs) as
input data has been explored in severa studies [14-16], little
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work has been done on the Al-assisted interpretation of such
recordings[17,18]. Thisstudy aimsto addressthisresearch gap
by automating and comparing the task of interpreting EEGs
acquired in PICUs using multiple ML and DL methods. We
propose an EEG classification pipelinethat relieson aclassical
gradient boosting approach inspired by the work of Albagami
et a [11] aswell asa DL approach. In the latter one, the EEGs
are converted to images and classified using a modified
ResNet-50 architecture [19].

Methods

Ethical Consider ations

The EEG measurements used in thiswork were recorded in the
Department for Pediatrics | (Klinik fur Kinderheilkunde I) of
the University Hospital in Essen. All analyses were approved
by the local Ethics Committee of the Medical Faculty of the
University of Duisburg-Essen (20-9444-BO, 21-10264-BO).
Written informed consent was waived according to local
legidation for the analysis of retrospective anonymized data.
All methods were conducted in accordance with relevant
guidelines and regulations, including the principles outlined in
the Declaration of Helsinki.

Dataset Collection

The dataset consisted of 916 multichannel routine EEG
measurements acquired on patients between 0 and 18 years.
The EEG recordings were interpreted as part of clinical routine
by a board-certified pediatric neurologist with additional
certification in epileptology and classified as norma or
abnormal. No additional independent review or formal
consensus adjudication was performed as part of the present
retrospective study. In total, 571 normal measurements were
recorded on healthy children who did not assume neuroactive
medications and had no cerebral disease, damage, or
developmental delay. Some of these data were aready used by
Greve et a [6] for a study on amplitude-integrated EEGs. The
remaining 345 abnormal EEGswere acquired inthe PICU, from
critically ill children with manifest or highly suspected
neurological disease [5].

All measurements were acquired with EEG-1200 Neurofax
systems from the company Nihon Kohden, with a set sampling
frequency for all EEGs of 200 Hz. A minimum of 11 and a
maximum of 25 electrodes, placed according to the 10-20 system
[20], were used for the recordings. The subset of electrodes
common to all EEGs contains the following 9 electrodes: Fp1,
Fp2, Cz, C3, C4, T3, T4, O1, and O2 (Figure 1A; image
generated with MNE-Python [21]). An example of a 5-second
portion of an EEG is displayed in Figure 1B.
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Figure 1. (A) Placement of the 9 electrodes common to all measurements. Image generated with MNE-Python. (B) A 5-second portion of an
electroencephal ography. The 9 displayed signals are acquired by the electrodes common to all measurements in the dataset.
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EEG Classification Pipeline

Overview

In Figure 2 (created in BioRender [22]), adiagram of the EEG
classification pipeline implemented for this study is presented.
The pipeline comprises 2 classification models. The baseline

21 22 23 24 25
Time (s)

model is inspired by the work of Albagami et a [11], a
classification model based on gradient boosting, that wastrained
on the Temple University Hospital EEG Abnormal Corpus
dataset [9]. The model consisted of 3 major steps. a feature
extraction step that uses the wavelet packet decomposition
(WPD) method, a feature aggregation step for dimensionality
reduction, and agradient boosting classification of the features.

Figure2. Diagram of theimplemented EEG classification pipeline. The raw dataundergo several common preprocessing steps, after whichit is prepared
for the baseline and CNN model. For the baseline model, WPD features are extracted from the signals and are compressed by means of a feature
aggregation process. Subsequently, the patient’s age is concatenated to the dataset of aggregated features, and gradient boosting—based classification
models are trained. For the DL approach, 2 kinds of images are generated from the signals. The first type of images is STFT spectrograms directly
obtained from the preprocessed signals. The second type is constructed using the extracted WPD features, prior to the feature aggregation step. The
patient’sageisused asaseparateinput inthe CNN architecture. Created in BioRender. CNN: convolutional neural network; EEG: €l ectroencephal ography;

STFT: short-time Fourier transform; WPD: wavelet packet decomposition.
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The second model implemented for this study aimed to classify
images generated from the EEG signals, using a ResNet50-based
convolutional neural network (CNN) architecture[19]. Prior to
the feature aggregation process of the baseline model, images
were generated from the extracted WPD features. Additionally,
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short-time Fourier transform (STFT) spectrograms were
generated directly from the preprocessed data. Both WPD and
STFT images were subsequently fed separately into the same
CNN architecture.
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Preprocessing

All data underwent the same preprocessing steps. Theraw EEG
measurements were retrieved from the database, and al the
sensitive metadata (name, birthday, and identification number
of the patients) were removed. From theraw data, the 9 channels
common to all EEGs present in the database were selected: Fpl,
Fp2, Cz, C3, C4, T3, T4, O1, and O2. To minimize the effect
of artifacts generated from power lineinterference, 50 Hz (power
line frequency in Europe) wasfiltered out of the selected signals
using a digital notch filter. Additionally, a digital band-pass
filter was used to allow freguencies f in the range f,,,=0.3
Hz<f<fign=70 Hz. In the last step, each signal was scaled by
means of the StandardScaler method provided by the Python
library Scikit-learn (version 1.5.2) [23]. No further manual

Poggi et a

artifact rejection has been performed. Theresulting preprocessed
signals were subsequently used for both the WPD feature
extraction and the STFT transformation described in the
following sections.

Baseline Model

A dlightly modified version of the EEG classification model
designed by Albagami et a [11] was implemented and used as
a baseline. In the present study, differently from Albagami et
a [11], the EEGs are segmented into 10-second long time
windows. In addition, the data are augmented by the use of 4
offset values (0, 2.5, 5, and 7.5 seconds) that define the starting
point from which the segmentation process starts (Figure 3).
Additionally, for the present study, the patient's age was
normalized and concatenated to the dataset.

Figure 3. A portion of a preprocessed el ectroencephal ography signal, segmented into 10-second long TW starting from an offset value of 2.5 seconds.

TW: time window.
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The optimal settings for the baseline model used for the final
evaluations were determined by means of a grid search. Two
gradient boosting algorithms (extreme gradient boosting
[XGBoost] [24] and categorical boosting [CatBoost] [25]) were
chosen, and 3 common parameters were varied during the
training phase. For each combination of the parameters and
algorithm, the validation accuracy was measured. The
parameters included in the grid search are listed in Table S1in
Multimedia Appendix 1.

CNN Model

CNN Architecture

In Figure 4 (crested in BioRender [26]), adiagram of the CNN
architecture implemented for this study is presented. The CNN
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block consists of a pretrained ResNet-50 architecture [19] that
was modified by increasing the number of input channelsto 9
and copying the weights and biases of the 3 original channels
sequentially to the newly created channels. The output of the
CNN block is reshaped by means of a global average pooling
operation, after which it passes through a dropout layer and 3
fully connected layers before the final classification is made.
The age of the patientsis scaled in the range [0, 1] by means of
the MinMax method provided by the Python library Scikit-learn
(version 1.5.2) [23]. Subsequently, this feature is concatenated
to the second fully connected layer (Fc2).
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Figure 4. CNN-based architecture is used to classify the images. The input data consist of a multichannel image together with the corresponding
patient’s age. The image is fed to a modified ResNet-50 block, adapted to receive 9-channel images. After a dropout layer and afirst fully connected
layer (Fcl), the scaled age is concatenated into a second fully connected layer (Fc2). After athird fully connected layer (Fc3), the sampleis classified
as normal or abnormal. Created in BioRender. CNN: convolutional neural network.
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I mage Generation

The CNN architecture described earlier was designed to accept
9-channel images that originated from the selected EEG
channels. After the common preprocessing steps described
earlier, 2 different EEG-to-image conversion pipelines were
investigated: a WPD-based representation and an STFT-based
representation.

WPD-Based | mage Generation

For the WPD representation, wavelet packet features were
extracted from the preprocessed EEG signals using the same
WPD procedure as described for the baseline model, but without
applying the subsequent feature aggregation step. For each EEG
recording, the resulting coefficients were arranged into a
9-channel image, where each channel corresponded to one of
the selected EEG electrodes and the pixel values represented
the extracted WPD features for the respective time windows.
To increase the amount of the training data, images were
generated from WPD features extracted at different offset
values: 0, 2.5, 5, and 7.5 seconds.

STFT-Based | mage Generation

For the STFT representation, the preprocessed EEG signals
were transformed directly using the STFT [27]. The STFT was
computed using aHann window, with awindow and fast Fourier

https://medinform.jmir.org/2026/1/€96601

RenderX

transform length of 2000 samples (10 seconds at a sampling
frequency of 200 Hz) and a hop length of 1000 samples (5
seconds), resulting in a frequency resolution of 0.1 Hz. The
magnitude of the STFT coefficients was logarithmically
transformed. To match the dimensionality of the WPD images,
the STFT representations were limited to 96 frequency bins.
Given the freguency resolution of 0.1 Hz, these bins
corresponded to frequencies ranging from O to 9.5 Hz. In
addition, here, the data were augmented by generating STFT
representations at different offset values: 0, 2.5, 5, and 7.5
seconds.

Both STFT and WPD images were reshaped to acommon width
of 256. In 879 of the 916 (96%) EEGs, the resulting images had
a width that was smaller than 256 pixels. For those images,
symmetric padding was applied. Subsequently, a random crop
operation was performed to reach a final width of 224 pixels.
For theremaining 37 (4%) EEGs, which resulted inimageswith
a width larger than 256, a random crop was applied without
prior padding. Finally, theimageswere normalized in therange
[0, 1].

Theresulting images therefore had acommon spatial dimension
and consisted of 9 channels corresponding to the 9 selected
EEG el ectrodes. An exampleof aset of WPD imagesand STFT
spectrograms generated from the 9 channels of an abnormal
EEG acquired on a 6-year-old patient is presented in Figure 5.
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Figure5. (A) STFT spectrograms generated from an abnormal EEG recording acquired on a 6-year-old patient. (B) WPD images generated from an
abnormal EEG recording acquired on a 6-year-old patient. The images have a height of 96 pixels (corresponding to the extracted WPD features) and a
width in pixels equal to the number of extracted time windows. EEG: electroencephal ography; STFT: short-time Fourier transform; WPD: wavelet

packet decomposition.
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The prepared WPD and STFT images of the training dataset
were presented separately to the CNN architecture described
earlier. For each image representation, a grid search was
performed to investigate the effect of selected CNN
hyperparameters on validation accuracy (Table S2in Multimedia
Appendix 1). Theinvestigated hyperparametersincluded batch
size, dropout probability, weight decay, and learning rate.
Dropout and weight decay were included as regularization
strategiesto reduce therisk of overfitting. In each run, the CNN
wastrained for atotal of 100 epochs, and the setinitial learning
rate was reduced by afactor of 10 after thefirst 70 epochs. The
validation performances obtained with the WPD and STFT
representations were subsequently compared. Since the
STFT-CNN configurations outperformed the corresponding
WPD-CNN configurationsin 176 runsout of thetotal 192 (92%)
grid search runs, the STFT representation was selected for the
final CNN model. The WPD-CNN was therefore not evaluated
on the test dataset. The best-performing STFT-CNN
hyperparameter configuration was subsequently used to train
new final CNN models, as described in the CNN Model
Performance section.

Model Training and Evaluation

The labeled data were split into train and test datasets with a
ratio of 80/20. The split was performed at the EEG measurement
level rather than at the patient level. The splits were stratified
with respect to the target label and age to conserve the original
ratio between norma and abnorma measurements and the
distribution of patients’ ages in both datasets. Since multiple
EEG measurements from the same patient were present in the
abnormal dataset, this procedure could result in recordings from
the same patient being assigned to different subsets. A
retrospective analysis identified 24 patients with recordings
present in both the training and test datasets. Consequently, 32
of the 69 (46%) abnormal recordings in the test dataset
originated from patients who also contributed recordingsto the
training dataset. The training data were further split into 3
stratified foldsthat were used for cross-validation training. The
test dataset was not used for model training and was used only
for the final evaluations of the models.
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The best-trained models given by the grid searches were used
to create classification predictions on the augmented test data.
Each EEG gave rise to 3 vectors (1 for each cross-validation
fold model) containing 4 prediction probabilities (1 for each
offset value) P=(P,, P, 5, Ps, P;5), resulting in a total of 12
prediction probabilities. Thus, the final prediction probability
was given by the average of the 12 vector components. A
measurement was classified asnormal if the average prediction
probability was smaller than 0.5 and as abnormal if the
probability was greater than or equal to 0.5. To assess and
compare the performance of the models, the following
performance metrics were measured: accuracy, specificity,
sensitivity, and F;-score. In addition, from the prediction’s
probabilities, the receiver operating characteristic (ROC) curves
were computed together with their areas under the curve (AUC).
To gain a more in-depth understanding of the importance of
age for the automatic EEG interpretation, the predictions made
on the test data were grouped according to the age groups
described before, and all performance metrics were calculated
on those subsets separately aswell as on the whole test dataset.

Statistical Analysis

Variableswerereported asmean and SD if normally distributed
and otherwise as median and IQR. The Shapiro-Wilk test was
used to assess normality [28]. The age was not distributed
normally and exhibited a median of 6 (IQR 1-13) years. The
95% Clsfor the mean age were estimated using abootstrapping

approach with 1000 iterations[29]. The resulting 95% CI ranged
from 6.6 to 7.4 years.

To assess datistical significance between the models
performances, the McNemar test was used to compare the final
classifications, the Delong test was used to compare the
ROC-AUC values, and paired bootstrap analyses were used to
compare specificity, sensitivity, and F;-score. For each paired
bootstrap analysis, the difference was calculated as the
performance metric of the first model listed in the comparison
minus that of the second model. All statistical analyses were
conducted using Python (NumPy version 1.26.4 and SciPy
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version 1.14.1; Python Software Foundation). P values <.05
were considered statistically significant.

Results

Patient Characteristics

In Figure 6A [30], the duration distribution of the labeled data
is presented. The measurements last on average 16.6 (SD 3.3)

Poggi et a

minutes, with the error given by the SD. Thisvalueis consistent
with the typical duration of routine EEGs [31]. In Table 1,
descriptive statistics of the duration distributions such as mean,
median, SD, and IQR are listed.

Figure6. (A) Duration distribution of the labeled el ectroencephal ography (EEG) considered for the analysis. (B) Age distribution of the labeled EEGs.
In the background, the distribution of the EEGs grouped according to the scheme proposed by Eisermann et d is shown.
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Table 1. Descriptive statistics of the duration of the electroencephal ography measurements.

Label Values, n Mean (SD) (minutes) Median (IQR) (minutes)
Normal 571 16.6 (2.2) 17.0 (15.0-18.0)
Abnormal 345 16.7 (4.6) 15.1 (15.0-16.4)
All 916 16.6 (3.3) 15.6 (15.0-18.0)

Each patient in the normal dataset contributed only 1 EEG
measurement. In contrast, the abnormal dataset comprised 345
recordings from 224 unique patients. Of these, 61 patients
contributed more than 1 recording, accounting for 182
recordingsintotal (median 2, IQR 2-21 recordings per patient).
Consequently, the 916 EEG measurements do not correspond
to 916 unique patients.

The age distribution of the datais presented in Figure 6B. This
feature exhibited amedian of 6 (IQR 1-13) years. The 95% Cls
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for the mean age ranged from 6.6 to 7.4 years. With 197 EEGs,
O-year-old patients accounted for the highest number of
recordings. To study the effect of age on the performance of
the trained models, the patients were arranged into 5 separate
age groups according to the grouping schemefor pediatric EEGs
proposed by Eisermann et a [30]. The distribution between
normal and abnormal EEGs in these groupsis shown in Figure
6B. In Table 2, the number of norma and abnormal
measurements as well as their total sum is listed for each age

group.
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Table 2. Grouping of the dataset according to the scheme proposed by Eisermann et a [30].

Group name Minimum age (years) Maximum age (years) Normal, n Abnormal, n Total, n
do 0 0 68 129 197
d1.2 1 2 77 50 127
935 3 5 75 41 116
96,12 6 12 155 76 231
013,18 13 18 196 49 245

Baseline M odel Performance

All combinations of the grid search parameters resulted in a
total of 54 modelstrained by means of a3-fold cross-validation.
The XGBoost algorithm outperformed the CatBoost algorithm
in all runs except one. The model achieving the highest
validation accuracy was trained with the XGBoost algorithm
set with the following parameters: max_depth=6, Neyiinaior=500,
and n=0.05. Those settings were used for the fina evaluations
on the test dataset (see the Model Comparison section for a
thorough overview of the models’ performances). Additionally,
to study the effect of age on the classification’s performance,
this feature was removed from the input data, and an XGBoost
model was trained using the best parameters found by the grid
search.

CNN Model Performance

All combinations of the parameters defined by the grid search
resulted in atotal of 192 trained models for each type of input
images (WPD or STFT). In 176 of the 192 (92%) grid search
runs, the CNN trained with the STFT images outperformed the
same CNN trained with the WPD images when comparing the
validation accuracies. The highest measured validation accuracy
was provided by a model trained with STFT images and
initialized with a batch size of 8, a dropout probability of O,
weight decay set to 0.01, and a learning rate of 0.001. Those
settings were used for the final evaluations of the CNN model
(from now on STFT-CNN). To reach convergence for the final
model, the number of epochswasincreased to 500. In addition,
the initial learning rate was decreased by a factor of 10 after

300 and 400 epochs. This final model was trained in 3-fold
cross-validation. Furthermore, for this approach, to study how
age affects the classification’s performance, a further model
was trained in 3-fold cross-validation with the same best
parameters found by the grid search but excluding the age
feature from the input data.

Model Comparison

Models Trained With Age Feature

Themain classification resultsare summarized in Table 3. When
trained including the age feature, the STFT-CNN and baseline
models are capable of correctly classifying EEG recordings
from the test dataset with a similar degree of accuracy of
approximately 85% and 83%, respectively. The STFT-CNN
model exhibits higher sensitivity and F;-score (approximately
13 and 6 percentage points higher, respectively) than the
baseline model, thereby indicating better abilitiesin identifying
abnormal EEG recordings. On the contrary, the baseline model
is better able to correctly classify normal EEG recordings and
shows a higher specificity (around 93%) when compared to the
STFT-CNN model (around 90%). Those behaviors are aso
confirmed by the confusion matrices of the 2 models displayed
in Figure 7. The STFT-CNN correctly identifies 9 more
abnormal measurements than the baseline model, which,
conversely, is able to spot 4 more normal measurements than
the STFT-CNN model. This behavior is further illustrated by
the ROC curves computed from the prediction’s probabilities
performed at different thresholds (Figure 8A) [30]. For false
positiverates (ie, 1-specificity), values smaller than 50%, higher
sensitivity values are measured with the STFT-CNN model.

Table 3. Overview of the classification’s performance of the short-time Fourier transform (STFT)-convolutional neural network (CNN) and baseline

models trained with and without the patient’s age as an input feature?.

Model Accuracy (%) Specificity (%) Sensitivity (%) F1-score (%) ROCP-AUCE (%)
STFT-CNN+age 8534 89.6 78.3 80.0 89.6
Baselinet+age 82.6 93.0 65.2 738 87.4
STFT-CNN-age 84.2 88.7 76.8 785 89.2
Baseline—age 79.9 92.2 59.4 68.9 87.2

#The performances were computed on the test dataset that was kept separate from the training process.

PROC: receiver operating characteristic.
CAUC: area under the curve.
dvaluesin italics format indicate the best performance for each metric.
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Figure 7. Confusion matrices of the STFT-CNN and baseline models computed on the test dataset. Both models were trained with and without the age
feature. CNN: convolutional neural network; STFT: short-time Fourier transform.
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Figure 8. (A) ROC curves of the STFT-CNN (green) and baseline (yellow) models trained with (continuous lines) and without (dashed lines) the age
feature. The prediction’s probabilities and corresponding threshol ds were computed on the test dataset. (B) Accuracy, sensitivity, and specificity measured
on separate age groups. Thetest dataset was split into 5 age groups according to the grouping scheme proposed by Eisermann et a, and the performance
metricswere computed for al groupsfor both STFT-CNN (green bins) and baseline models (yellow bins) trained with (plain color) and without (hatched
bins) age. AUC: areaunder the curve; CNN: convolutional neural network; ROC: receiver operating characteristic; STFT: short-time Fourier transform.
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Despitethese differencesin theindividual performance metrics,
the statistical analyses did not revea significant differences
between the 2 models for most performance metrics. The
McNemar test showed no significant difference in the fina
classifications performed by the models (P=.46), and the
Del ong test indicated no significant difference between their
ROC-AUC vaues (P=.14). The paired bootstrap analysis
showed that the observed differences in F;-score
(baseline-STFT-CNN: —0.06, 95% CI —0.15 to 0.02; P=.16)
and specificity (baseline-STFT-CNN: 0.03, 95% CI —0.02 to
0.10; P=.31) were compatiblewith 0. In contrast, the difference
in sensitivity was statistically significant (baseline-STFT-CNN:
-0.13, 95% ClI -0.25 to -0.02; P=.03), indicating higher
sensitivity for the STFT-CNN model.
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Models Trained Without Age Feature

The baseline model trained without the age feature shows a
reduction in al performance metrics compared with the same
model type trained including age (Table 3). In particular, a
decrease of approximately 3%, 1%, 6%, and 5% is measured
on accuracy, specificity, sensitivity, and F;-score, respectively.
This decline in performance suggests that the age featureis an
important component for interpreting EEG recordings by means
of the baseline model. A further clueis provided by the feature
importance scores of the baseline model trained including the
patient’s ages. For the 3 cross-validation folds, the age feature
isranked at the 41st, 79th, and 57th position with a gain score
of 14.8, 10.6, and 12.3, respectively. Therefore, with atotal of
1729 input features, age belongs to the top 2%, 5%, and 3% of
the most important features of the models for the 3 different
folds, respectively. Despite the measured drop in performance,
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the statistical tests showed no statistically significant difference
between the models: the McNemar test for accuracy (P=.30),
the DelL ong test for ROC-AUC (P=.18), and paired bootstrap
analysisfor specificity (baseline with age-baseline without age:
0.01, 95% CI —0.03 to 0.05; P=.82), sensitivity (baseline with
age-baseline without age 0.06, 95% CI —-0.03 to 0.15; P=.26),
and F,-score (baseline with age-baseline without age: 0.05,
95% CI —0.02 to 0.12; P=.18). The STFT-CNN model trained
without the age feature performed equally well as the original
STFT-CNN model. As shown in Table 3, al performance
metrics exhibit no significant difference, and the ROC curves
computed from the predicted probabilities of both models
overlap and cover almost the same area (Figure 8A).

When comparing the baseline and the CNN models trained
without the age feature, the differencesin thefina classification
performance were not statistically significant according to the
McNemar test (P=.23). Similarly, the difference in specificity
was not significant according to the paired bootstrap analysis
(baseline without age-STFT-CNN without age: 0.03, 95% ClI
—0.03 to 0.09; P=.31). However, the CNN moded showed a
higher F;-score (0.79 vs 0.69) and sensitivity (0.77 vs 0.59)
compared with the baseline model without age, with the paired
bootstrap analysis indicating evidence of a difference for the
F,-score (baseline without age-STFT-CNN without age—0.10,
95% Cl —0.20 to 0.00; P=.05) and sensitivity (baseline without
age-STFT-CNN without age: —0.17, 95% CI —0.30 to —0.05;
P=.01). A similar trend was observed for the ROC-AUC, where
the Del_ong test indicated an evidence of a difference between
the 2 models (P=.05). Overall, these results suggest that, in the
absence of age information, the STFT-CNN model retains its
discriminative ability, whereas the baseline model appears to
rely more strongly on age-related information for optimal
performance. The ROC curves computed from the predicted
probabilities further support this observation, with the
STFT-CNN model achieving a dlightly larger area under the
curve compared with the baseline model without age (Figure
8A). Thisindicatesimproved discrimination between abnormal
and normal EEG recordings across different classification
thresholds.

Models' Performances on Different Age Groups

In Figure 8B, a graphical representation of the accuracies,
sensitivities, and specificitiesis provided for both STFT-CNN
and baseline model strained with and without age and measured
across al age groups. All other performance metrics can be
inspected in Table S3in Multimedia Appendix 1. Additionally,
the number of normal and abnormal EEG recordingsin the test
dataset across all age groups is provided in Table $4 in
Multimedia Appendix 1.

The STFT-CNN model trained with and without age
outperforms the baseline models in al age groups except for
0o- The STFT-CNN model trained with the patient’s ages shows

higher or equal performanceswhen compared to the same model
trained without this feature, except in the group gs4,. The
highest performances are measured on the age group d; 5, where
thismodel reaches accuracy, sensitivity, and specificity of 92%,
89%, and 94%, respectively. On g,, the baseline model trained
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with the age feature outperforms the STFT-CNN models,
reaching atest accuracy of around 90%. A decreasein accuracy
and sensitivity of around 14% and 26% is measured on the
performance of the baseline model trained without age,
calculated on the subset g,

In generd, in al age groups (with the exception of g,), the
STFT-CNN models tend to show higher sensitivities than the
baseline models, whereas the latter models show similar or
noticeably higher specificities than the one measured with the
STFT-CNN models, thereby reflecting the general performances
measured across the whol e test data comprising all ages.

Discussion

In the present work, an EEG classification pipeline was
designed. The pipelinewastrained and tested on labeled normal
and abnormal pediatric EEG signals acquired in the EEG
department and the PICU of a tertiary children’s hospital. A
model designed by Albagami et al [11] was reproduced and
modified to accommodate the purpose of the present work. This
baseline model was compared to a CNN-based model that
classified images generated from the extracted WPD features
prior to the aggregation process and from STFT spectrograms
of theindividual EEG signals. Thetraining of the CNN fed with
WPD images was discontinued after the grid search tuning, as
176 of the 192 (92%) grid search runs performed worse than
the CNNs initialized with the same hyperparameters but fed
with STFT images.

The effect of age on the model’s performance was explored by
removing this input feature from both approaches. The overall
best performances are provided by the STFT-CNN model trained
with the age feature. This trend was observed across almost al
performance metrics (except for specificity) and was reflected
also in the ROC curves. A plausible explanation is that the
time-frequency representation of the STFT spectrograms
conserves the temporal information stored in the input signals
better than the aggregation of the WPD features. The
STFT-CNN model may therefore be able to learn
time-dependent transient patterns and rhythmic abnormalities
directly from local spectral changes. In contrast, the feature
aggregation step condenses those time-dependent patternsinto
single features, with a potential loss of temporal information.
The consistently lower performance observed in the CNN model
trained using WPD imagesis compatiblewith thisinterpretation.
In a PICU screening context, sensitivity may be considered
particularly relevant because failure to detect an abnormal EEG
could delay further clinical assessment or monitoring. The higher
sensitivity observed for the STFT-CNN model compared with
the baseline model may therefore be clinically relevant from a
screening perspective, enabling a window of opportunity for
neuroprotective interventions with the potential to improve
patient outcomes downstream.

In terms of accuracy, the baseline model trained with the age
feature showed comparable performance as the STFT-CNN
models. The removal of the patients’ ages from the baseline
model resulted in a drop in al measured metrics. Contrary to
expectations, the CNN model without age performed equally
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well as the CNN model trained with the age feature, with no
statistically significant difference measured across the
performance metrics. Most probably, the concatenation of this
single feature to a layer (Fc2) with a rather large number of
input connections (n=512) is not ideal. Therefore, the
information provided by ageis not treated with enough weight
to influence the performance of the model. It is also possible
that some age-dependent patterns (like the different rhythm
velocities in background activity [32]) undergo some kind of
intrinsic normalization process due to the various scaling and
feature extraction steps applied before the classification. Despite
the observed differences in performance, most comparisons
between the models did not reach statistical significance.
Therefore, the results do not provide sufficient evidence to
conclude that the STFT-CNN approach is superior to the
baseline approach. Rather, they indicate a consistent
performance trend that is compatible with the hypothesis that
preserving temporal information in the time-frequency
representation may be beneficial. Increasing the number of EEG
recordings in the test set would improve the statistical power
of the analyses and allow smaller differences in model
performance to be detected with greater confidence.

The performance metrics were also computed for different
subsets of the test dataset. Those 5 separate age groups follow
the scheme proposed by Eisermann et al [30]. This analysis
gave further insight into some of the general findings observed
on the whole test data. In amost all groups, the CNN models
showed dlightly higher accuracies and sensitivities than the
baseline model's, whereas those | atter onestended to show higher
specificities. The big drop in performance of the baseline model
when the age feature was removed was especially visiblein the
group go. This latter group was the only subset where the
baseline model trained with the age feature outperformed the
STFT-CNN models.

Severd limitations of the dataset should be considered when
interpreting these results. First, the number of |abeled abnormal
EEGswasrelatively limited compared with the normal dataset,
and the abnormal recordingswere not evenly distributed across
age groups. In particular, 129 of the abnorma EEGs were
acquired from patients aged 0 years, resulting in comparatively
limited numbers of recordings in the older age groups.
Therefore, the performance observed for these age groups, as
well as the conclusions regarding the influence of age, should
be interpreted with caution. A larger and more age-balanced
dataset containing abnormal EEGs across the entire pediatric
age range would be required to assess the generalizability of
the models more reliably.

An additional limitation arises from differences in the
populations from which the normal and abnormal EEGs were
obtained. The normal EEGs were recorded in healthy children
without neuroactive medication or known cerebral disease,
whereas the abnormal EEGs were obtained from critically ill
PICU patients with manifest or suspected neurological disease.
The models may therefore have learned not only featuresrelated
to EEG abnormality, but potentially also characteristics
associated with the different patient populations and recording
settings. The present findings should thus be considered an
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initial demonstration of the models’ ability to distinguish normal
from abnormal EEGs within this dataset. Further validation in
an independent and representative PICU cohort is needed before
the models can be considered applicable for general bedside
abnormality detection.

A further limitation concerns the patient-level distribution of
the recordings. While each patient contributed only 1 EEG
measurement to the normal dataset, repeated measurements
were available for some patients in the abnormal dataset. As
the dataset was split at the EEG measurement level, a
retrospective analysis identified 24 patients with recordings
represented in both the training and test datasets. In critically
ill patients, EEG activity may change considerably over time
depending on the neurological and clinical state, such that
repeated recordings from the same patient may capture distinct
electrophysiological states rather than represent redundant
observations.  Nevertheless, these recordings share
patient-specific characteristics and cannot be considered fully
independent. The resulting patient-level overlap may therefore
introduce some dependence between the training and test
datasets and may lead to optimistic estimates of model
performance. Therefore, the reported test performance should
not be interpreted as a fully independent assessment of
generalization to previously unseen patients. A patient-level
resplitting and subsequent re-evaluation of the present dataset
was not feasible. In addition, the EEG labels were based on
expert interpretation by acertified pediatric neurol ogist without
independent review or formal consensus adjudication; thus,
interrater reliability could not be assessed. Future studies should
evaluate the models in temporally separated and clinically
well-defined cohorts with patient-level separation and, ideally,
independent expert assessment of EEG labelsto further establish
model generalizability and the robustness of the reference
standard.

A further limitation concerns the frequency range represented
in the STFT-CNN input. Although the EEG signals were
band-passfiltered between 0.3 and 70 Hz during preprocessing,
only the first 96 STFT frequency bins were retained,
corresponding to afrequency range of 0-9.5 Hz. Consequently,
spectral information above 9.5 Hz was not available to the
STFT-CNN. The performance of this model should therefore
be interpreted as reflecting classification based predominantly
on low-frequency EEG information rather than the full
preprocessed frequency range. Future studies should investigate
whether including abroader frequency range provides additional
discriminative information and further improves classification
performance.

The CNN training procedure included several measures to
reduce the risk of overfitting. Hyperparameters including
dropout, weight decay, batch size, and learning rate were
investigated using a grid search based on validation accuracy.
The final models were trained using 3-fold cross-validation,
and thelearning rate was progressively reduced during training.
Nevertheless, overfitting remains a relevant concern, given the
limited number of independent patients and therelatively small
number of abnormal EEG recordings. Future studies should
therefore evaluate the models on larger datasets and, where
possible, use independent external test cohorts.
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Future work should also investigate potential design
modificationsto the STFT-CNN architecturein order to enhance
the role of age as an input feature. In addition, more detailed
annotations of abnormal EEGs covering a broader spectrum of
possible abnormalities and identifying their location within the
signals could enable more targeted classification approaches.
In such a manner, more powerful approaches could be used to
classify the data. The generation of images could be performed
by means of a continuous wavelet transform [33]. Due to the
confined abnormality regions, such images would be of
manageabl e size and would reflect better the different duration
of the various frequency components. In addition, the CNN
architecture could be explored with the use of GradCAM
methods [34] in order to compare the results to the annotated
signals and acquire more explainability.

With the implemented CNN approach, the age of the patients
seems to play a marginal role when classifying the
measurements. Therefore, it could be advantageous to also use
normal and abnormal EEGs from adult patients (like the TUH
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Abnormal EEG Corpusversion 2.0.0[9]) to enhance the quantity
and variability of the data and consequently improve the
performance of the models. It would be also interesting to assess
the performance of more recent EEG interpretation pipelines
(eg, Standardized Computer-based Organized Reporting of
EEG-Artificial Intelligence[13]) and comparetheir performance
to the ones achieved by our model. It isimportant to note that
most of the studies conducted on this topic usualy exclude
abnormal readings from intensive care unit or pediatric patients
[9,13]. For this reason, lower performance should be expected
when feeding those pipelines with the data collected for this
study.

In conclusion, the present study demonstrated the potential for
the Al-supported automated interpretation of pediatric EEGs,
with a focus on EEGs acquired in the PICU and comparison
with EEGs from healthy children outside the PICU. Future
enhancement in data diversity and improvements in the Al
approaches are needed to validate our findings.
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