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A Deep Learning Approach to Grading Neonatal Hypoxic-Ischemic
Encephalopathy Using ECG Spectrograms*

Kimia Rezaei1,2 Sean R. Mathieson2 Gordon Lightbody1,2 Geraldine B. Boylan2,3

and William P. Marnane1,2

Abstract— The grade of Hypoxic-Ischemic Encephalopathy
(HIE), a condition caused by cerebral oxygen deprivation,
can be determined through analysis of Electroencephalogram
(EEG). Neonates with moderate to severe HIE can be
treated with therapeutic hypothermia, which has prompted
the development of an automatic HIE grading system.
Electrocardiogram (ECG) signals are easier and more
accessible to obtain than the EEG in the Neonatal Unit and
may help grade HIE. This research explores two different
approaches for grading HIE, leveraging a large ECG dataset
from newborns. The classical approach involves calculating
heart rate (HR) from ECG signal followed by feature extraction
in both time and frequency domains and classification using
Random Forest and multilayer perceptron. In contrast, the
proposed approach extracts the spectrograms directly from
the ECG signal to serve as input for a convolutional neural
network. The results indicate that the proposed method
achieves a higher AUC while bypassing the time-consuming
process of HR calculation and enabling the use of more robust
deep learning models.

Clinical relevance— Utilizing newborn ECG signals as an
alternative to EEG signals for automatic HIE grading may
provide a more accessible method for clinicians to grade en-
cephalopathy and evaluate the need for hypothermia treatment.

I. INTRODUCTION

Hypoxic-Ischemic Encephalopathy (HIE) arises from a
perinatal insult leading to oxygen deprivation and inadequate
blood flow to the brain. It is one of the most common causes
of neonatal mortality and morbidity. HIE may result in brain
injury with associated neurological conditions, including
epilepsy, visual or hearing impairments, and cerebral palsy
[1]. HIE is clinically graded into mild, moderate or severe,
shortly after birth. Neonates with moderate to severe HIE
can be treated using therapeutic hypothermia (TH) which is
the process of body or brain cooling beginning in the first
6-hours following birth. This may mitigate the effects of pro-
gressive encephalopathy and improves long term outcomes
[2]. Therefore, it is critical to have an early assessment of
HIE grade readily accessible in the Neonatal Intensive Care
Unit (NICU). Currently, continuous electroencephalogram
(cEEG) or amplitude integrated EEG (aEEG) is used to
help assess HIE grade. However, classifying HIE using
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neonatal EEG requires expert interpretation, which may not
be available immediately in the Neonatal unit. This has
led to studies focusing on automated HIE grading. Besides
the problem of specialist availability, introducing neonatal
EEG monitoring is challenging due to the high cost of the
equipment and the difficulty in interpreting the results in
the immediate postnatal period in the NICU [3]. This has
prompted the need for alternative methods to help assess
those most at risk. The electrocardiogram (ECG) is another
potential biomarker which is easily accessible to clinicians
and is routinely and continuously monitored in neonates.
Additionally, ECG can be recorded from neonates in smaller
neonatal units and lower resource settings.

Valuable diagnostic information can be obtained, by
analysing and processing of the ECG signal but studies in
grading HIE are limited. Existing studies have used the EEG
signal [4] [5] or needed to analyse the ECG signal through
the extraction of the heart rate (HR) signal [6] [7] [8]. HR
variability (HRV) based methods require several preprocess-
ing steps, including QRS complex detection, NN interval
extraction and feature computation. Traditional approaches
to HRV calculation, such as the Pan-Tompkins algorithm, are
computationally complex and require substantial processing
power, making them unsuitable for use in low-resource
settings or portable devices. Additionally, robust extraction of
NN intervals remains a challenging task, further complicating
the implementation of these methods for clinical applications
[9] [10].

This study introduces an alternative way of analysing the
ECG signal for newborns with different grades of HIE. To the
best of our knowledge, this is the first study utilizing ECG
spectrograms for HIE grading. In this paper, two different
approaches will be investigated using a large dataset:

• The classical method involves extracting the HR signal
from the ECG, followed by computing HR features and
classifying HIE grades using Random Forest (RF) and
multilayer perceptron (MLP).

• The proposed method which directly utilizes the time-
frequency information by computing the spectrogram
of the ECG and classifying HIE through a 2D convolu-
tional neural network (CNN).

This classification is used to determine whether TH needs
to be employed. Therefore, HIE was classified into 2 cat-
egories: Category 0, where babies do not require TH, and
Category 1, where babies require TH. The classical method
and the proposed method were both applied on the same



dataset for the purpose of comparison.

II. METHOD

A. Dataset

In this work, two datasets called ANSeR1 and ANSeR2
were employed [11] [12]. The EEG was recorded from
neonates at risk of seizures shortly after birth. A subset of
EEGs from infants with HIE were graded by a neurophys-
iologist as normal, mild, moderate, severe and isoelectric,
with each baby having up to five 1-hour epochs of annotated
signals. Epochs were extracted from the EEG records at
postnatal ages of 6, 12, 24, 36, and 48 hours (if available).
Recordings without ECG signal or those highly corrupted by
noise were excluded.

ECG 1-hour epochs were labelled into 2 categories. Cat-
egory 0 includes cases of normal and mild HIE, where
babies do not require TH, and Category 1 includes cases of
moderate, severe, and isoelectric HIE, where babies require
TH. For each baby, there was more data available but
unlabelled. In order to exploit these recordings to enhance
the model performance, the signals between these intervals
were weakly labelled based on the previous and post epoch
labels. The weak labelling was only applied on ANSeR2
dataset which was used as training dataset.

In this study, 58 out of 91 neonates from ANSeR1 and 76
out of 90 neonates from ANSeR2 were included, with EEG
recordings sampled at a rate of 256 Hz. The ANSeR1 dataset
includes 216 1-hour epochs (130 class 0, 86 class 1). The
ANSeR2 dataset comprises 263 strongly labelled and 1286
weakly labelled 1-hour epochs (799 class 0, 750 class 1).

B. HIE Grading Using HR Features, RF and MLP

The Pan-Tompkin method was used to identify R-peaks
in the ECG signal and extract the NN intervals [13]. Al-
though this method is generally effective, it can still produce
inaccuracies or missed peaks during QRS detection. The
main reason for this issue is that this method is primarily
designed to detect peaks in typical heart rhythms, whereas
real-world ECG recordings are often affected by various
types of artifacts and noise. During HIE, changes in HR can
introduce abnormalities in the ECG signal, further compli-
cating accurate detection[8]. This can impact the accuracy
of computed values during the feature extraction phase.
An example of peak detection from a noisy ECG signal
segment using the Pan-Tompkin method is illustrated in Fig.
1. As shown, during the spikes, some peaks were either not
detected or incorrectly identified.

Fig. 1. An example of a noisy ECG signal where Pan-Tompkins missed
some peaks and falsely detected others.

The Hampel filter was applied to eliminate outliers from
NN interval data, preparing it for further feature extraction.
For adults, the average resting HR typically falls between
60-100 BPM, whereas it is notably higher in newborns.
Therefore, selecting an epoch length of 4 minutes strikes
a balance between an optimal window for HR data analysis
and sufficient duration to accurately capture seizure events
and other abnormalities [14] [15]. Features were then cal-
culated for each 4-minute segment of the HR signal. An
80% overlap is applied to minimize information loss at
the segment boundaries, ensuring a better representation of
signal patterns.

Sixteen time and frequency domain features were ex-
tracted from each segment [16]. Frequency domain parame-
ters were extracted by estimating the power spectral density
(PSD) of NN series using Welch’s method. Therefore, the
NN sequences need to be resampled at uniform intervals.
A spline interpolation technique which involves fitting low-
degree polynomials to small subsets of the values was used
for this purpose. The four extracted features include Very
Low Frequency (VLF) power, Low Frequency (LF) power,
High Frequency (HF) power with frequency bands of (0.01-
0.04 Hz),(0.04- 0.2 Hz) and (0.2- 2 Hz) respectively, along
with the LF/HF ratio. Time domain features include Mean of
the NN interval (muNN), the standard deviation of NN Series
(SDNN), root mean of squared NNI differences (RMSSD),
skewness and kurtosis of NN distribution were extracted.
In addition, a geometrical parameter called the triangular
index, which represents the ratio between the number of
NNI and the maximum of the NNI histogram was calculated.
Nonlinear features Approximate Entropy (ApEn) to measure
regularity and complexity of a stationary signal, Poincaré
parameters SD1, SD2, SD2/SD1 ratio for self-similarity
computation [17] and Cardiac Vagal Index (CVI) and the
modified Cardiac Sympathetic Index (CSI) [18] were also
computed.

Supervised classification was performed using a RF model,
with hyperparameters optimized through grid search. The
final selected parameters are presented in Table I.

The MLP model built in this study consists of three fully
connected layers. The first two layers are followed by batch
normalization, rectified linear unit (ReLU) activation, and
dropout. The input to the model comprises 16 features, so
the first layer is configured with 16 neurons. The number of
neurons increases to 64 in the second layer to capture more
information from the data. In the third layer, the number
of neurons is reduced to 32, and the final layer outputs 2

TABLE I
OPTIMIZED HYPERPARAMETERS OF THE RANDOM FOREST MODEL FOR

HIE GRADING, DETERMINED THROUGH GRID SEARCH

parameter value parameter value
number of trees 1000 min samples split 10

max depth 7 min samples leaf 5
max features 4 criterion gini



neurons, corresponding to the number of classes. The dropout
probabilities were set to 0.6 for both layers to enhance
regularization. The model’s loss was calculated using the
cross-entropy loss function. Training was conducted with
a batch size of 1,024 over 100 training iteration utilizing
AdamW optimization with an initial learning rate (LR) of
10−5. The model had 3,426 parameters and feature weights
were initialized using Kaiming method.

C. HIE Grading Using Spectrograms and CNN

This method is proposed to address the limitations and
shortcomings of the classical approach. In this method, the
time-frequency information of the ECG signal is directly
computed using the spectrogram. Spectrograms are one of
the common tools of signal representation by computing
the change of a nonstationary signal’s frequency content
over time using consecutive Fourier transforms. The use
of ECG spectrograms has also been demonstrated to be
effective in classifying the severity of tetanus [19], despite
infections present a relatively simpler classification challenge
through ECG compared to neurological conditions. Addition-
ally, utilizing spectrograms enables the use of deep learning
models like CNNs, which have proven to surpass classical
methods in robustness and offer several advantages. CNNs
automatically learn features directly from raw data and are
specifically designed to handle spatial information While
traditional approaches depend on manual feature engineering.
CNNs are translation-invariant, meaning they can recognize
shifts in the input data and are more resilient to noise.

In the first step, a notch Filter was applied to the ECG
signals to remove the 50 Hz noise. Next, a high pass
Butterworth filter with a cut off frequency of 0.5 Hz was
used to remove baseline drift. Spectrograms were computed
for each 4-minute segment of denoised ECG signal. The
Hamming window with size of 28 seconds with 1 second
shift between consecutive windows was chosen. To em-
phasize lower frequencies, a logarithmic spectrogram was
calculated and trimmed to a maximum frequency of 9 Hz
capturing the essential initial harmonics of the signal [20].
This transformation adjusted the spectrogram shape from
3585× 213 to a more square-like shape of 253× 213. This
improves CNN processing by simplifying the application
of convolutional and pooling layers, which operate more
efficiently with balanced aspect ratios. An example of a 4-
minute segment of ECG logarithmic spectrogram is illus-
trated in Fig. 2. The spectrogram matrix is a 2D array where
each element represents the power spectral density of the
signal at a given frequency and time. These matrices were
then standardized to have a mean of zero and a standard
deviation of one, then used as input for the classification.

The input tensor has a shape of 1×253×213 representing
the number of channels, height, and width, respectively.
The simplicity of the input data allowed the design of a
shallow yet effective and time-efficient CNN. The proposed
CNN architecture consists of 4 blocks for feature extraction
each consisting of a convolutional layer followed by a batch
normalization, ReLU and max pooling. The filter size of the

first convolutional layer is 5×5. The max pooling and batch
normalization layers were applied afterward to reduce the
number of parameters to train and help to limit overfitting.
The max pooling layer decreases the spatial dimensions of
the matrix, but the receptive field, which is the size of
the region in the input that produces the feature, increases
[21]. Therefore, the filter size was reduced to 3× 3 in the
second and third convolutional layer to capture more local
information from the input data. Consequently, the filter size
of the fourth convolutional layer was further reduced to
2× 2. The final layer of this model is a global-averaging
layer, producing one sample for all channels. Afterwards,
classification was performed by 2 fully connected layers. The
overview of the proposed CNN is illustrated in Fig. 3.

Cross entropy loss function was used and the network
trained using AdamW optimization. Weights initialization
was employed using Kaiming method. The model was
trained with a batch size of 1,024 over 100 training iterations
to optimize the loss and a starting LR of 10−6 was used
but scheduled to be increased during training. Additionally
a weight decay value of 10−4 was considered. The CNN
only required 21,192 trainable parameters. All experimental
procedures are executed using PyTorch 2.3 on Tesla V100-
SXM2-16GB GPU.

D. Training and testing procedure for HIE grading

In all methods, the classifiers were trained on the ANSeR2
dataset and tested on the totally unseen data which was
ANSeR1 dataset. During the training process for loss op-
timization of CNN and MLP models, the training data
(ANSeR2) was randomly split into training (80%) and vali-
dation (20%) sets. Training was stopped when the validation
loss began to increase, indicating the onset of overfitting.
The model corresponding to the highest validation AUC was
selected and subsequently evaluated on the entirely unseen
ANSeR1 dataset, comprising unedited clinical data from
multiple hospitals, to assess its generalization performance.
The predicted probabilities of all test samples in each 1-hour
epoch were averaged, and this mean probability determined
the HIE grade for each baby. The classification performance
on the test data was assessed using the area under the

Fig. 2. Logarithmic spectrogram of a 4-minutes ECG segment (253×213)



Fig. 3. Proposed CNN structure. The input is a 2D spectrogram matrix derived from a 4-minute ECG segment. The model consists of four blocks, each
comprising a convolutional layer (Conv), batch normalization (BNorm), and max pooling (MPool). A global average layer (Glob-ave) is applied at the end
to aggregate the extracted features, followed by a fully connected layer with two linear layers for classification.

receiver-operating curve (AUC) metric and confusion ma-
trices.

III. RESULT

Classifiers using HR features as input achieved AUCs
of 79.18% for RF and 79.59% for MLP, with the deep
learning based MLP marginally outperforming RF. For the
proposed method using the spectrogram as input to the CNN,
an AUC of 80.83% was obtained, demonstrating its higher
performance. Fig. 4 illustrates the ROC curves and AUC
values for all models over the unseen test set. While the
AUC values are relatively close, the CNN with spectrogram
input achieves the highest performance.

The performance of the proposed method varies with
spectrogram length, shape, and window size. To optimize
performance, different spectrogram parameters were tested
with the CNN, as detailed in Table II. Parameters were
selected with an emphasis on maintaining square-shaped
spectrograms for balanced and effective results. The best
performance was achieved using a 4-minute spectrogram
with a 28-second window size.

Fig. 5 illustrates the classification results of all models
across the 5 clinical HIE grades. The charts display the
correct and incorrect binary classification of 1-hour ECG
epochs, with the epochs grouped according to their clini-

Fig. 4. ROC curves and corresponding AUC values for the Random
Forest and Multilayer Perceptron models using extracted features, and the
Convolutional Neural Network using spectrograms. Results are based on the
1-hour epoch from an unseen test set of patients.

TABLE II
COMPARISON OF CNN HIE GRADING AUC RESULTS FOR

SPECTROGRAMS WITH DIFFERENT PARAMETERS. SEGMENT LENGTH

AND WINDOW SIZE ARE GIVEN IN SECONDS(S); IMAGE SIZE IS IN

PIXELS(P); MAXIMUM FREQUENCY (FREQ) IS IN HERTZ (HZ); AND

AUC VALUES ARE REPORTED AS PERCENTAGES.

Segment
length (S)

Image
size (P)

Window
size (S)

Maximum
Freq (Hz)

AUC
(%)

240 253×213 28 9 80.83
120 113×105 16 7 79.86
300 251×251 50 5 78.81

Fig. 5. Models correct and incorrect binary classification of 1-hour ECG
epochs, with the epochs grouped according to their clinical grades.

cal grades. A notable observation is the frequent incorrect
classification of mild HIE cases as class 1, which could lead
to inappropriate treatment with TH. After re-evaluation by an
expert neurophysiologist, 17 1-hour epochs were identified
as borderline cases between mild and moderate grades. Due
to the complexity of HIE signals and the inherent difficulty
in assigning objective labels, these cases could not be clearly
annotated and were therefore excluded. The confusion ma-
trices for all models shown in Fig. 6, demonstrate that the
number of incorrect classifications was significantly reduced
after removing the borderline cases. Furthermore, the CNN
accuracy increased from 71.3% to 77.39%.

IV. CONCLUSION
In this work, the experimental results demonstrate the po-

tential of using ECG spectrograms and deep learning models



Fig. 6. Models confusion matrices based on all data and after removing
the border line HIE 1-hour epochs.

for HIE grading, although the results are marginally better
than traditional HRV-based methods. However, this has the
advantage of removing the process of NN interval extraction
from ECG data which is normally employed using the Pan-
Tompkins method, which is time-consuming, not completely
accurate, and requires extensive data cleaning. Additionally,
using spectrograms allows for the leverage of state-of-the-art
robust deep learning models. Moreover, an AUC of 80.83%
highlights the significant potential for further exploration
in automatic HIE grading, though additional investigation
is needed. This result advances the ability to detect HIE
grades, reducing reliance on constant expert availability and
enabling use in lower-resource hospitals. Using the easily
obtained ECG signal may help clinicians to objectively grade
the severity of encephalopathy which may in turn help
assess suitability for therapeutic hypothermia. Limitations of
this study include variability of inter-rater label agreement
particularly on borderline cases. This study did not take
account of the effect of TH and medication.
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