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ABSTRACT

Sudden cardiac death (SCD) remains one of the leading causes
of mortality worldwide. The purpose of this study is to predict SCD early and to distinguish
it from congestive heart failure (CHF), which presents with similar electrocardiographic

patterns.
S EESERERVYEREEE In this study, shallow and fully automated models based on

convolutional neural networks (CNNs) are presented to predict SCD. In these models the
electrocardiogram (ECG) signal is given as input to the model, and classification is

erformed at the output of the model.

s The first model, which is based on one-dimensional CNNSs, could predict SCD with

an accuracy of 96%. In the next step, by adding data related to CHF, an accuracy of 97.85
was obtained in the three-class classification (hormal, before SCD, and CHF). In the second
model, which is based on two-dimensional CNNSs, first, each part of the ECG signals was
converted into two-dimensional images using continuous wavelet transform (CWT) and

iven as input to the model. This model was able to predict SCD with 99% accuracy.
mpThe proposed fully automated CNN-based models demonstrated high predictive
accuracy for SCD within one hour before its occurrence.

I E lectrocardiogram (ECG), Convolutional Neural Networks (CNNs), Sudden
Cardiac Death (SCD), Congestive Heart Failure (CHF).
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Extended Abstract

Introduction

CD is one of the main causes of death and a

significant global health concern. It usually

occurs suddenly and is triggered by

arrhythmias, such as ventricular fibrillation

(VF). SCD can be prevented and detected
early, which can significantly enhance patient outcomes
and reduce the strain on healthcare systems. In this study,
we present a completely automatic and comprehensive
three-class classification framework based on advanced
deep learning methods of one-dimensional (1D) and two-
dimensional (2D) CNNs. This work introduces a novel and
powerful scheme for automated SCD, CHF, and normal
classification of ECGs using both one-dimensional (1D)
and two-dimensional (2D) CNNs. we extended the
classification task to a three-class problem by introducing
data from patients with congestive heart failure (CHF). The
classes included normal, pre-SCD, and CHF. This
modification aimed to investigate whether the models
could differentiate between different types of cardiac
abnormalities beyond SCD.

Methods

The ECG data for this investigation were acquired from
public clinical databases. All recordings were annotated
and segmented into uniform windows for training and
assessment. This study presents two convolutional neural
network (CNN) approaches — 1D-CNN and 2D-CNN —
for the prediction of sudden cardiac death (SCD) and its
differentiation from congestive heart failure (CHF).

In the first model, raw ECG signals were directly input
into a 1D-CNN model. In the second approach, we
transformed the ECG signals using continuous wavelet
transform (CWT) into 2D time-frequency representations.
These data were then fed into a 2D-CNN network. The
improved performance of the 2D-CNN model highlights its
effectiveness in extracting more informative features from
ECG signals for accurate SCD predictions.

The intended architecture of the 1D-CNN model has
multiple layers of convolutional kernel networks, has
ReLU activations, and culminates at max pooling layers to
perform dimensionality reduction and find more prominent
features from the ECG signal over time. The last layers
consist of flattening, fully connected dense layers, and the
softmax output layer for multiclass prediction.

On the other hand, the 2D-CNN model was trained on
images created from CWTSs through a deeper architecture.
Convolutional layers optimized their kernel sizes for
medically sketched spectrograms and were joined with
dropout and batch normalization to prevent overfitting and
increase generalization. Both models were trained by
cross-entropy loss, using the Adam optimizer, with
learning rate tuning and early stopping employed against
overtraining.

These results demonstrate the effectiveness of both CNN
architectures in distinguishing between normal, pre-SCD,
and CHF conditions, with the 2D-CNN model again
outperforming the 1D-CNN, This could be due to the fact

that, in comparison to 1D CNNs, 2D CNNs, inspired by the
human visual system, are better equipped to capture
complex spatial features, and when combined with the
Discrete Wavelet Transform (DWT), they further enhance
the feature extraction by leveraging multi-resolution and
multi-directional analysis.

To optimize computational performance and reduce the
complexity of the models without sacrificing accuracy, we
implemented architectural and hyperparameter
optimizations on both of the CNN models. These results
confirm the potential of the proposed method as a reliable
tool for the early prediction of SCD and the stratification
of cardiac risk. Such results make these models highly
suitable for real-time or embedded healthcare monitoring
systems.

An important advantage of the proposed framework is
that it eliminates the need for manual feature extraction by
automatically learning complex patterns directly from raw
or transformed data, which, in turn, simplifies the analysis
process.

Moreover, both the 1D-CNN and 2D-CNN models were
designed with shallow architectures to balance
performance and computational efficiency, making them
suitable  for real-time clinical applications or
implementation on portable monitoring devices. Using
CWT as a preprocessing step in the 2D-CNN pipeline
allowed the extraction of meaningful time-frequency
patterns associated with different cardiac states, further
contributing to the model’s better performance.

To validate our models, we used a publicly available
ECG dataset containing annotated recordings of normal,
pre-SCD, and CHF conditions. We applied standard data
preprocessing procedures, including signal normalization
and segmentation. For the 2D-CNN, CWT was applied
using the Morlet wavelet function, and the data were
resized to standard dimensions for the model input. We
performed 10-fold cross-validation to ensure the statistical
robustness of the reported metrics. Keeping in mind the
importance of model generalizability, we have validated
our best-performing models on a completely separate set
of external ECG datasets, showing relatively consistent
performance since the accuracy and precision of the
models have only slightly decreased. This shows the strong
robustness of the models across varied data sources and
patient populations. Hence, it can be said that the trained
CNN architectures not only learn patient-specific features
but are also generalizable to broader clinical scenarios.

The results across all experiments showed that both
CNN models were capable of distinguishing between
cardiac conditions with high accuracy, sensitivity, and
specificity. The success of this work highlights the
applicability of deep learning to life-critical biomedical
signal analysis.

In summary, this study presents a novel and efficient
deep learning-based framework for predicting sudden
cardiac death and classifying other related cardiac
abnormalities using ECG signals. The integration of CWT
with  CNN models, particularly in the 2D-CNN
architecture, significantly enhances the model’s ability to
learn discriminative features and improves classification
performance. The proposed system offers a scalable and
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accurate solution for real-time cardiac monitoring by
automating the detection process and avoiding reliance on
handcrafted features.

What makes this study particularly important is that it
extends the prediction window for SCD to within 60
minutes of occurrence. This improvement is considerably
more than what one study has ever reported. Early
prediction of this time window permits the testing of
clinical intervention strategies like administering
medication, remote monitoring, or defibrillation, which
may then save lives. Further, the differentiation between
chronic heart failure (CHF) and SCD is highly pertinent
clinically CHF patients frequently demonstrate similar
ECG risk patterns to those observed in SCD, which can
lead to misclassification and inappropriate treatment. This
is where our proposed system comes in to address this
challenge, rendering a valuable decision-support tool for
clinicians.

Results

In the two-class classification (pre-SCD and normal), the
1D-CNN model achieved 96% accuracy, while the 2D-CNN
achieved 99% accuracy. For the three-class task (normal,
pre-SCD, and CHF), the 1D-CNN model achieved 97.85%
accuracy, and the 2D-CNN model achieved 99% accuracy.
After implementing architectural and hyperparameter
optimizations, the improved models reached higher accuracy
rates: 98.68% for two-class and 99.71% for three-class
classification. The 2D-CNN consistently outperformed the
1D-CNN, likely due to its ability to capture complex spatial
features and leverage multi-resolution analysis provided by
the CWT. What makes this study particularly important is
that it extends the prediction window for SCD to within 60
minutes of occurrence.

Conclusion

The integration of raw time-series analysis with time-
frequency transformations permits a multi-faceted
viewpoint of cardiac behavior, thus furthering
classification performance. The accuracy that was
obtained, particularly in the three-class scenario,
showcases deep learning's capability of transforming
cardiac risk assessment and patient monitoring.

The future work will engage in integrating other
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biosignals, such as Heart Rate Variability (HRV) and
Blood Pressure (BP), into a multimodal framework for
enhancing prediction accuracy and reliability. Moreover,
we will work on deploying our model in a real-time
wearable environment to evaluate its performance in
continuous cardiac monitoring settings. We shall also look
into the use of explainable Al for model decisions and
improve the transparency and interpretability of model
decisions for better acceptance in clinical practice.
Furthermore, using transfer learning and increasing patient
populations could be performance improvement.
Deployment of the models on embedded systems for real -
time monitoring and alert generation is also a promising
direction.

Our findings underscore the potential of deep learning as
a transformative tool in preventive cardiology. With
continued development, such systems can support
clinicians in identifying at-risk patients, enabling timely
intervention and ultimately saving lives.
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