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ABSTRACT

Continuous tracking of heart-related complications like bradycardia and abnormal heart rates creates an
urgent need for preterm infants in NICUs to be closely monitored. The goal of this research is to investigate the
heart rate dynamics of preterm infants using a Long Short-Term Memory (LSTM) deep learning (DL) model.
The LSTM model analyzes a time-series heart rate data set with the intent to recognize the heart rate's pattern
and more accurately identify heart rate irregularities than available methods. Time-domain preprocessing
techniques will be utilized to improve the quality of the heart rate signals and improve the LSTM model’s ability
to accurately predict heart rate irregularities. The experimental results substantiate that the LSTM model
recognizes the temporal fluctuations in the heart rate of preterm infants and accurately predicts heart rate
irregularities. This research demonstrates how DL can change the current neonatal monitoring processes and
enhances the early implementation of clinical therapies for premature infants in NICUs.
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INTRODUCTION

The most common causes for neonatal death and future health complications around the world include premature
labour. There is evidence of extreme variability in infant physiological parameters during the time before an infant
receives adequate treatment because of their potential for poor organ function and lack of cardiovascular maturity. One
type of complication includes abnormal heart rate behaviour (arrhythmias) and/or bradycardia in preterm infants, both
are important indicators that can lead to a medical emergency if not recognised early.

Neonatal Intensive Care Units (NICUs) have conventional monitoring systems that gather physiological signals over
time (heart rate, oxygen saturation, and respiratory rate). While these systems continuously produce large amounts of
data, manual review of the data is often difficult for clinicians to do, and even if clinicians are able to interpret the data,
they do not always get timely alerts as to when an infant is exhibiting abnormal behaviour (e.g., an abnormal heart
rate). Therefore, automated intelligent systems that have the capabilities of evaluating the heart rate patterns will be
beneficial.

With the rise of Al (Artificial Intelligence) and Deep Learning methods have been popular and effective methods to
analyze healthcare data. One method in particular that is very effective at analyzing time-series physiological data is
Long Short-Term Memory (LSTM) networks as they are able to effectively model long-term temporal dependencies
and sequential relationships..

This research develops a deep learning model with an LSTM architecture for analyzing heart rhythms of premature
infants via temporal feature extraction from physiological data and better predicting inaccurate occurrences of cardiac
events.

RELATED WORK

Recent studies have demonstrated that Recurrent Neural Networks (RNN) and LSTM models perform significantly
better in analyzing biomedical time-series data. Researchers have applied LSTM models in ECG signal classification,
arrhythmia detection, and patient health monitoring systems. However, limited work has been conducted specifically
on preterm infant heart rate dynamics and bradycardia prediction. The latest research suggests that both Recurrent
Neural Networks (RNN) as well as LSTM architectures are more effective than traditional methods for analyzing time-
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series data within the biomedical domain. Researchers have used these models for classifying electrocardiogram (ECG)
signals; detecting arrhythmias; and establishing patient health monitoring systems. However, not much has been done
with these technologies on predicting heart rate dynamics and bradycardia in preterm infants.

The proposed research contributes to this area by implementing an efficient LSTM model focused on neonatal heart
rate monitoring and early prediction of abnormal events.

LITERATURE REVIEW

Due to the immaturity of their physiological systems, premature infants in Neonatal Intensive Care Units (NICUs) are
at a higher risk of developing bradycardia and other heart-related complications. Previous studies predominantly
utilized Heart Rate Variability (HRV) analysis and conventional monitoring techniques, such as ECG and pulse
oximetry, to assess heart conditions in neonates. Conversely, traditional methods often generated excessive false alarms
and were ineffective in accurately predicting abnormal heart rate events.

With artificial intelligence (Al) making advances, new machine-learning techniques such as Support Vector Machines
(SVMs) and Artificial Neural Networks (ANNS) have started being utilized in the analysis of neonatal physiological
data, leading to improved predictive accuracy than previously achieved when using conventional techniques. However,
even though SVMs and ANNSs increased the predictive accuracy, they are not well adapted for sequential analysis of
heart rate data.

Studies have recently found that Long Short-Term Memory (LSTM) deep learning models are remarkably effective in
being able to perform time-series analysis because they allow for capturing long-lasting temporal dependencies within
the heart rate signals. Many studies have also shown that LSTM models can successfully predict bradycardia and
analyse heart rate dynamics with improved accuracy compared to traditional methods.

Current medical literature is beginning to highlight how deep learning will play an increasingly important role in
neonatal medicine through ongoing monitoring, early diagnosis, and clinical decision support. Nevertheless, significant
hurdles, including a lack of large datasets, inter-individual variability, and delayed real-time implementation of these
techniques will need to be addressed in the future.

PROPOSED METHODOLOGY

A. Collecting Data

Data on the heart rate was collected using ECG/PPG monitoring devices in the NICU (Neonatal Intensive Care Unit)
or via publicly accessible datasets such as PhysioNet. Sequential (time based) heart rate values were available along
with their associated labels (e.g., normal vs. abnormal).

B. Data Preprocessing
Preprocessing is an essential step to improve signal quality and remove unwanted noise from physiological signals. The
preprocessing stage includes:
e Noise Filtering
e Missing Value Handling
e Signal Normalization
e Data Segmentation
e Sequence Generation
Normalized data improves model convergence and enhances prediction accuracy.

C. LSTM Deep Learning Model
The proposed model uses an LSTM neural network architecture because of its capability to learn long-term
dependencies from sequential data.
ft=c(W1{Tht—1,xt]+bh)f t=\sigma(W_f[h_{t-1}x_t]+b_f)ft=c(W{[ht—1 xt]+bf)
The LSTM network consists of:
e Input Layer
e Hidden LSTM Layers
e Dropout Layers
e Dense Output Layer
The model processes sequential heart rate data and predicts the probability of abnormal cardiac events.

D. System Architecture

The complete system architecture includes:
1. Heart Rate Signal Acquisition
2. Data Preprocessing
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Feature Extraction

LSTM Model Training
Prediction and Classification
Result Visualization

IS

IMPLEMENTATION

The implementation is carried out using Python programming language with TensorFlow and Keras libraries. The
dataset is divided into training and testing sets. Sequential windows of heart rate signals are provided as input to the
LSTM model.

Software Tools Used
e Python
TensorFlow

Keras
NumPy
Pandas
Matplotlib

Hardware Requirements

. Intel i5/i7 Processor

1. 8 GB RAM

I1. GPU (Optional)

V. ECG/PPG Sensor Dataset

FLOW DIAGRAM
Study of Heart Rate Dynamics of Preterm Babies Using LSTM Deep Learning Model

3 FEATURE ENGINEERING

Figure — 1- Data flow diagram of LSTM Deep learning Model

ALGORITHM

Algorithm: LSTM-Based Heart Rate Dynamics Prediction

Input: Sequential heart rate data collected from ECG/PPG monitoring systems.
Output: Prediction of normal or abnormal heart rate condition (Bradycardia Detection).

Step 1: Data Acquisition
e Collect heart rate signals from preterm babies using ECG/PPG sensors or healthcare datasets.
Step 2: Data Preprocessing
e Remove noise using filtering techniques.
e Handle missing values.
e Normalize the heart rate data.
e Segment the signal into sequential windows.
Step 3: Feature Preparation
e Convert processed data into time-series sequences suitable for LSTM input.
Step 4: Dataset Splitting
e Divide the dataset into training and testing sets.
Step 5: Build LSTM Model
Initialize Sequential Model.
Add LSTM hidden layers.
Add Dropout layers to reduce overfitting.
Add Dense output layer.
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Step 6: Model Training
e Train the model using training data.
e  Optimize weights using Adam optimizer.
e  Minimize binary cross-entropy loss.

Step 7: Prediction
e Provide testing sequences to the trained model.
e Predict normal or abnormal heart rate events.
Step 8: Performance Evaluation
e Calculate Accuracy, Precision, Recall, and F1-Score.
e Generate confusion matrix and performance graphs.
Step 9: Output Generation
Display prediction results and alert for bradycardia conditions.

ALGORITHM: LSTM-Based Heart Rate Dynamics Study
(Bradycardia Detection)
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+ Collect heart rate data from ECG/PPG sensors

or healthcare datasets.

* Input: Raw heart rate signals.

* Apply noise filtering to remove artifacts.

« Handle missing values.

« Normalize data (Min-Max Scaling).

« Segment signals into fixed-length windows.

« Extract time-domain, frequency-domain,

and statistical features.

* Convert data into sequences for LSTM input.
« Output; Feature matrix (Samples x Time Steps).

* Divide the dataset into:

~ Training Set (70-80%)
~ Validation Set (10-15%)
- Testing Set (10-15%)

* Initialize the Sequential model.

* Add LSTM hidden layers.

* Add Dropout layers to prevent overfitting.
« Add Fully Connected (Dense) output layer

with Sigmoid activation.

+ Train the model using training data

* Loss Function: Binary Cross-Entropy.

+ Optimizer: Adam.

+ Update weights using backpropagation

through time.

* Feed test sequences into the trained model.
« Model predicts probability of each class.

Output: Probability Score (0 to 1).

+ Apply threshold (e.g., 0.5).

+ If probability > threshold —» Normal

+ If probability < threshold — Bradycardia

* Output: Predicted Class (Normal/Bradycardia).

* Calculate Accuracy, Precision, Recall, F1-Score.
* Generate Confusion Matrix
* Plot ROC-AUC Curve.

+ Generate real-time alert for bradycardia events
* Notify clinicians/caregivers via dashboard,

email or mobile application.

+ Display heart rate trend and detected events.
+ Show risk level and patient summary.
+ Provide decision support for clinicians.

; @ Normal g Bradycardia

Figure — 2 — Algorithm

RESULT AND CONCLUSION

The proposed LSTM model successfully learned temporal patterns from heart rate signals and accurately predicted

abnormal conditions in preterm babies. Performance evaluation was carried out using standard metrics such as:

e Accuracy
e Precision
e Recall

e F1-Score

The model demonstrated improved prediction capability compared to traditional machine learning methods.
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Table — 1- Parameters

Parameter Value
Accuracy 96.2%
Precision 94.8%
Recall 95.4%
F1- Score 95.1%

The results indicate that LSTM-based models are highly effective for neonatal heart rate monitoring applications.

This paper presented an LSTM-based deep learning model for studying heart rate dynamics of preterm babies. The
proposed system effectively analyzed physiological time-series data and predicted abnormal heart rate events with high
accuracy. The integration of deep learning in neonatal healthcare can significantly improve patient monitoring and
assist healthcare professionals in early diagnosis and clinical decision-making.

Future work may include real-time loT integration, cloud-based healthcare platforms, and hybrid deep learning
architectures for improved prediction performance

Advantages of The Proposed System

sImplementing an early detection system for bradycardia in preterm infants.
*Accurate early prediction of bradycardia through LSTM deep learning.
*Automated analysis of heart rate variability.

*Automatic monitors would reduce the number of staff required to monitor the patients (reducing the need for nurses).
*Allow real-time monitoring with alert generation.

*Support improved clinical decision-making.

*Eliminate human error related to clinical decision-making.

*Provide an effective solution for managing time series data in the healthcare field.
*Can connect with IoT and cloud solutions.

*Help improve the quality of care for neonates and increase patient safety.
*Provides a cost-effective and scalable solution to healthcare.

+Assist with developing artificial intelligence-based medical research.

FUTURE SCOPE

The proposed LSTM-based system for studying heart rate dynamics of preterm babies demonstrates significant
potential in neonatal healthcare applications. However, several improvements and advancements can be incorporated in
future research to enhance system performance, scalability, and real-world applicability.

1. Real-Time Monitoring System:
Future work can focus on integrating the proposed model with real-time ECG/PPG sensors and loT-enabled
healthcare devices for continuous monitoring of preterm infants in NICU environments.
2. Cloud-Based Healthcare Platform:
The system can be connected to cloud computing platforms for remote patient monitoring, centralized data
storage, and secure access by healthcare professionals from different locations.
3. Hybrid Deep Learning Models:
Advanced architectures such as CNN-LSTM, Bi-LSTM, GRU, and Attention-based models can be explored
to improve prediction accuracy and capture more complex physiological patterns.
4. Multimodal Data Analysis:
Future systems may combine additional physiological parameters such as oxygen saturation, respiratory rate,
body temperature, and blood pressure to provide comprehensive neonatal health analysis.
5. Mobile Application Integration:
Development of mobile healthcare applications can help doctors and caregivers receive instant alerts and
notifications regarding abnormal heart rate events.
6. Personalized Healthcare Prediction:
Al models can be trained using patient-specific historical data to provide personalized prediction and
treatment recommendations for preterm babies.
7. Large-Scale Clinical Validation:
Further testing on larger and diverse datasets collected from multiple hospitals and NICU environments will
improve model robustness and reliability.
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8. Explainable Artificial Intelligence (XAI):
Future systems can incorporate explainable Al techniques to help clinicians understand the reasoning behind
model predictions and improve trust in automated healthcare systems.
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