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Abstract—Vasovagal syncope (VVS) is a brief loss of conscious-
ness brought on by an imbalance in the autonomic nervous system
that frequently results in secondary damage. This paper describes
a real-time embedded system for VVS prediction that uses an
Isolation Forest classifier installed on an Arduino Uno and a
web interface, along with ECG-derived heart rate variability
(HRV) parameters. The system’s accuracy in identifying pre-
syncopal patterns is 95.68%. According to a recent study by
Lee et al. (2024), machine learning models utilising HRV alone
could predict syncope with 72% accuracy about three minutes
before to onset. In order to achieve similar predictive capability
without relying on external computing equipment, the current
work expands on these findings by constructing a standalone
embedded system. For continuous ambulatory monitoring, the
suggested system provides an affordable solution.

Index Terms—Vasovagal syncope, Isolation Forest, heart rate
variability, Arduino UNO, embedded machine learning.

. INTRODUCTION

Vasovagal syncope (VVS) is a brief loss of consciousness
brought on by transient global cerebral hypoperfusion as a
result of an aberrant autonomic nervous system reflex reaction.
This reaction lowers cardiac output and systemic vascular
resistance by causing peripheral vasodilation and bradycardia
at the same time. A brief loss of consciousness happens
when cerebral perfusion drops below a crucial threshold.
Even though recovery usually happens on its own, unexpected
episodes of fainting can result in serious secondary injuries
like fractures, head trauma, and cerebral haemorrhage. Ac-

Noor Fathima KKT
Dept. of Biomedical Engineering
KMCT College of Engineering for
Women
Calicut, Kerala, India

Sona VP
Dept. of Biomedical Engineering
KMCT College of Engineering for
Women
Calicut, Kerala, India

Shibitha KP
Assistant Professor
Dept. of Biomedical Engineering
KMCT College of Engineering for Women
Calicut, Kerala, India

cording to epidemiological research, over one-third of people
will have at least one syncopal episode in their lives, with
VVS making up almost half of all cases.

Autonomic dysregulation, which is. typified by elevated
parasympathetic activity and withdrawal of sympathetic tone,
is the basic mechanism underlying VVS. A trustworthy non-
invasive measure of autonomic nervous system function is
heart rate variability «((HRV), which measures variations in
heart rhythm. HRV is especially useful for identifying the
autonomic imbalance that precedes syncopal episodes be-
cause it represents the ongoing interaction between sym-
pathetic and parasympathetic modulation of heart activity.
While frequency-domain parameters like low-frequency (LF)
power, high-frequency (HF) power, and LF/HF ratio provide
insights on sympathovagal balance, time-domain parameters
like SDNN (standard deviation of NN intervals) and RMSSD
(root mean square of successive differences) capture overall
and short-term variability.

Recent developments in machine learning have shown that
using HRV parameters to predict VVS episodes is feasible.
According to Lee et al. (2024), machine learning models that
just used HRV parameters were able to predict syncope with
72% accuracy about three minutes prior to onset, providing
a crucial window for preventive action. Nevertheless, the
majority of current methods have been restricted to computing-
dependent implementations or offline analysis. In order to
translate research-grade predictive capability into a useful
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tool for clinical and home use, the current work expands
on these findings by creating a comprehensive system that
combines real-time ECG acquisition using an Arduino Uno
with AD8232 sensor, HRV processing, and machine learning
inference through an intuitive web interface.

Il. METHODOLOGY

The suggested system for the early prediction of vasovagal
syncope is created through a comprehensive approach that
integrates training machine learning models with hardware
implementation and web-based analysis. The methodology
involves acquiring and preprocessing datasets, extracting fea-
tures, developing models in Python with Visual Studio Code,
and deploying them via a Streamlit web application that
processes data from an ECG acquisition system based on
Arduino Uno. The architecture of the system is structured
to facilitate real-time ECG acquisition, signal processing, and
detection of anomalies using the Isolation Forest classifier,
with results presented through an easy-to-use web interface.
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Fig. 1. Hardware Setup

A. Data Acquisition and Processing

The research relies on the PhysioNet SHAREE (Smart
Health for Assessing Risk of Events via ECG) database which
is publicly available and is a collection of physiological signals
maintained by the MIT Laboratory of the Computational
Physiology. This data set includes long term ambulatory ECG
records of human subjects in controlled clinical conditions
to evaluate cardiovascular risk studies. This database contains
about 139 three-lead Holter recordings of 24 hours in length
sampled at 250 Hz and 12-bit resolution. Clinical metadata
and annotations are also available, as well as documented
syncopal events that are used as ground truth labels of VVS
episodes. There were three syncopal events in the dataset that
were specifically diagnosed as being of vasovaginal cause by
the related clinical information. The data is stored as the
WaveForm DataBase (WFDB) format, which guarantees the

compatibility with the existing biomedical signal processing
software. A patient record is made up of several files, a .dat
file which stores raw digitized samples of the ECG waveforms,
a .hea header file which stores metadata such as the sampling
frequency, signal gain, configuration of the lead, and the
duration of recording, and .atr annotation files with R-peak
locations and event markers which have been manually verified
by a professional. Access and preprocessing of data were
done in the WFDB Python library (wfdb) which has functions
to read PhysioNet-formatted signals and annotations, which
are native in Python. The library allows one to extract ECG
signals directly, annotate it, and combine it with NumPy data
structures to analyze it further. The standard practice leads to
reproducibility and following the practice that is set in terms
of biomedical signal processing.

B. HRV Processing and Feature Extraction

The extraction of HRV features was done with the custom
Python programs with reference to the guidelines set by the
Task Force of the European Society of Cardiology. Time-
domain and frequency-domain parameters were calculated in
order to reflect opposing measures of autonomic regulation.
Time-domain measures were Mean RR (average time between
normal beats), SDNN (standard deviation of NN intervals)
which is the general HRV and RMSSD (root mean square
of successive differences) which is a short-term variability
that is mediated by the parasympathetic system. These time
fails are computationally inexpensive and can give clinically
explainable assessments of the cardiac autonomic activity.

The analysis in frequency domain also demanded more
advanced processing since the RR interval series were un-
evenly sampled. RR intervals were initially interpolated and
resampled at 4 Hz, to produce a time series with evenly
spaced time intervals, which would be-analyzed with spectral
analysis. Welch method was used to estimate power spectral
density with the Hann window.and the overlap of the window
is 50 percent. One sample per segment was selected to
balance frequency and statistical reliability as the number of
samples per segment was-256 or the length of the interpolated
series, whichever was small. The Low-frequency (LF) power
was calculated as the power spectral density in the range
of 0.04-0.15 Hz, which is a combination of sympathetic
and parasympathetic modulation. The frequency tool (high-
frequency, HF) power was lifted within a range of 0.15 -
0.4 Hz, as the reference of a pure parasympathetic activity.
This was further converted to LF/HF ratio that was used
as a measure of sympathovagal balance. All these attributes
give an overall physiological description of the activity of the
autonomic nervous system and dynamic changes that occur
before syncopal events.

C. Machine Learning Model and Training

Isolation Forest algorithm was chosen as the anomaly
detection model to use in this application because it has a
basic ability to detect abnormal physiological patterns and
its nature is inherently compatible with the skewed nature

IJCRT2603952 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | h926


http://www.ijcrt.org/

www.ijcrt.org

© 2026 IJCRT | Volume 14, Issue 3 March 2026 | ISSN: 2320-2882

of the data. Isolation Forest is an unsupervised learner in
contrast to supervised methods that use balanced datasets
(labeled and unlabeled), which focus on isolating irregularities
as opposed to modelling normal behaviour. This property
renders it especially useful in the identification of the relatively
uncommon pre-syncopal states in continuous physiological
records, where the number of syncopal events is by far much
lower than the number of normal sinus rhythm recording.

The integrated development environment used was Visual

Studio Code and Python 3.9 was used to develop the mod-...
els. SHAREE dataset was used to give the pattern of the:
baseline norms that were extracted in non-syncopal segments,..
where the anomalous pre-syncopal patterns were detected. The™
algorithm builds an ensemble of isolation trees recursively..

by performing a random sampling of both features and split
values that are selected, and continuous cutting up the feature
space to the point that individual samples are isolated. This
is based on the premise that anomalous cases are few and are
distinct in the feature characteristics they have and thus fewer
splits are needed in order to isolate them and as a result shorter
path lengths are obtained through the trees. The mathematic
expression of the anomaly score of a given sample is:

s(x, n) =2 — c(n)E(h(x))

and E (h (x)) is the mean path length of all trees in the
ensemble, and ¢ (n) is a normalization term, taking into
consideration dataset size. A score of 1 shows that there is
a high probability of anomaly whereas a score of 0 shows
normal patterns. The contamination parameter can be changed
to shift the decision boundary to an estimated proportion of
data anomalies.

The systematic experimentation on the training data was
used to optimize the hyperparameters. Estimators were to be
100, which is enough to make the model very stable, but still
computationally efficient enough. The empirical setting of the
contamination factor was 0.02 that relied on the anticipated
prevalence of aberrant data points in the physiological data
and the real prevalence of syncopal cases within the dataset.
The trained model was tested with the entire dataset consisting
of 136 non-syncopal and 3 syncopal subject recordings with
an overall accuracy of 95.68 percent in the pre-syncopal
conditions detection. The confusion matrix indicated that the
number of 133 true negatives, 3 false positives, and 3 false
negatives showed strong discrimination ability. Precision and
recall of the non-syncopal classification report indicated a
value equal to 0.98, and 0.98 respectively, which demonstrates
that the model could classify correctly the physiological nor-
mal conditions and at the same time sensitive to the abnormal
conditions. The model has been thereafter coded with the
joblib library and incorporated into the web application to
make inferences in real-time.

D. Arduino Uno Integration and Web-Based Analysis

The trained Isolation Forest model was deployed within
a Python-based web application rather than on the micro-
controller itself, adopting a client-server architecture that

Fig. 2. HRV Comparison:syncopal vs non-syncopal
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Fig. 3. Mean HRV Comparison

leverages the computational capabilities of a host computer
while maintaining a simple, low-cost data acquisition front-
end. This design decision was made to ensure that the complex
signal processing and machine learning computations could
be performed efficiently without the constraints of embedded
hardware, while still providing a practical and portable data
acquisition solution.

ECG signals are acquired in real-time using an AD8232
analog front-end module connected to disposable surface elec-
trodes in a standard three-lead configuration. The AD8232
is a dedicated integrated circuit designed for ECG signal
conditioning, performing instrumentation amplification, right-
leg drive noise rejection, and preliminary filtering. It outputs
a conditioned analog signal within the 0-5V range compatible
with the Arduino Uno’s analog input pins. This analog signal
is sampled by the Arduino Uno’s 10-bit analog-to-digital con-
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Fig. 4. HRV Correlation Matrix
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verter (ADC) at 128 Hz, matching the standardized sampling
rate used in the SHAREE dataset and providing sufficient
temporal resolution for accurate HRV analysis while balancing
data fidelity and serial transmission bandwidth.

The Arduino Uno firmware was developed in the Arduino
Integrated Development Environment (IDE) using embedded
C++. The firmware continuously reads the ECG signal from
analog pin AO at the specified sampling rate, converts the
raw ADC values (0-1023) to signed 16-bit integers, and
transmits them over USB serial communication as raw binary
data. Unlike a fully embedded approach, the Arduino Uno
implements no onboard signal processing, feature extraction,
or machine learning inference, serving exclusively as a data
acquisition front-end to minimize hardware complexity and
power consumption. This design allows the Arduino to operate
for extended periods on battery power while streaming data to
the host computer for analysis.

A Python script (ecg file extract.py) was devel-
oped to interface with the Arduino Uno, capture the streaming
ECG data, and save it in the standard WFDB format. The

script includes automatic COM port detection to simplify the
user experience, scanning for connected Arduino devices by
matching common USB-to-serial converter identifiers. Once
connected, it records ECG samples for a user-specified du-

ration, typically 60 seconds, and saves the data using the
wfdb.wrsamp function. The recorded signal undergoes dig-

ital bandpass filtering (0.5-40 Hz) using a second-order But-
terworth filter implemented with scipy.signal to further
enhance signal quality. R-peak detection is performed using
scipy.signal.find peaks with parameters optimized
for ECG morphology, including a minimum distance constraint
of 0.6 times the sampling rate (0.6 Xfs) and an adaptive thresh-
old based on the mean signal amplitude plus 0.6 times the
standard deviation (1.5 X x, where x represents the mean signal
amplitude). Detected R-peak locations are saved as WFDB
annotation files (.qrs), enabling subsequent HRV analysis using

the same tools and algorithms applied during model training.

A Streamlit-based web application (app . py) serves as the

primary user interface and analysis engine, with all computa-
tional functions encapsulated in a separate hrv_engine.py
module. The application features a clean, intuitive interface

designed for ease of use by healthcare professionals and
patients alike. Users can upload their recorded WFDB files
(.dat, .hea, and optional .grs) through a simple file upload
interface. Upon receiving the files, the application temporarily
stores them and uses the wfdb library to read the ECG signal
and sampling frequency.

If QRS annotation files are provided, the application uses
these expert-validated peak locations for RR interval com-
putation. Otherwise, it performs automatic R-peak detection
using the same find peaks algorithm with empirically
determined parameters. The detected R-peak locations are used
to compute RR intervals, which undergo the same physiolog-
ical filtering applied during training (0.3-2.0 seconds). HRV
features including SDNN, RMSSD, LF power, HF power, and
LF/HF ratio are extracted using the compute hrv function

from hrv_engine.py, which implements the identical al-
gorithms used during model development.

The pre-trained Isolation Forest model is loaded within the
web application and applied to the extracted three-dimensional
feature vector (SDNN, RMSSD, LF/HF ratio). The model
returns both a binary classification (normal or anomalous) and
a continuous anomaly score. Results are displayed in real-
time through an interactive dashboard featuring color-coded
result panels (green for normal with checkmark icon, red for
anomaly with warning icon), key HRV metrics displayed as
interactive metric cards with appropriate units (milliseconds
for time-domain measures, ratio for LF/HF), and a horizontal
bar chart showing the anomaly score relative to the decision
boundary at zero.

The application also provides comprehensive visualization
tools to aid clinical interpretation. The ECG trace is dis-
played with overlaid R-peaks, allowing visual verification
of detection accuracy. An RR tachogram shows beat-to-beat
interval variations with a horizontal line indicating the mean
RR interval. A power spectral density plot highlights the LF
and HF bands with shaded regions, providing insight into the
frequency distribution of heart rate variability. An expand-
able clinical interpretation guide offers reference ranges for
HRV parameters and their physiological significance, helping
users understand the results in the context of syncope risk
assessment. All visualizations use a dark theme optimized for
prolonged viewing, with clear labeling and consistent color
schemes.

E. Real-Time Data Acquisition and Validation

An integrated data analysis and acquisition pipeline was
built to test the full functionality of the system. Raw ECG
samples are sent to the host computer with the Streamlit web
application at 128 Hz by the Arduino Uno via USB serial. The
application logs the streaming data over a specified time to the
user, automatically creates files.compatible with WFDB, and
fully analyzes HRV and detects anomalies in near real-time.

The recorded signal undergoes peak finding with the
scipy.signal.find peaks function with the necessary
parameters optimized to ECG morphology which includes
the minimum distance between the two parameters as well
as the amplitude threshold compared with the mean signal
amplitude (1.5 x mean amplitude). R-peak locations detected
may be written as wfdb annotation files (.qrs) with the
wfdb.Annotation and wfdb.wrann functions in a format similar
to the annotation format of the original SHAREE dataset. This
validation method allows a direct comparison of the data got
in real-time and the characteristics of the training dataset.

Both normal sinus rhythm records and anomalous patterns
were used to test the entire system to ensure that the sys-
tem could detect. Model generalization was tested of test
recordings that were tested against the MIT-BIH Arrhythmia
Database (records 100 and 207). Record 100 (normal sinus
rhythm) was correctly called normal, and record 207 (with
ventricular abnormalities) was correctly called anomalous,
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which proves the capability of the model to differentiate be-
tween normal and abnormal cardiac patterns with the already
proven accuracy of 95.68%.

This is a two part architecture which provides a realis-
tic trade off between simplicity in hardware and computa-
tional power. The Arduino Uno is a low-cost, low-power
data acquisition front-end, and the web application contains
complex signal processing, machine learning inference, and
is conveniently packaged with user-friendly interface. This
design effectively portrays research-quality machine learning
system to an implementable device with the ability to perform
continuous ambulatory monitoring and real-time physiological
measurements to predict vasovagal syncope early.

I1l. RESULT AND DISCUSSIONS

The developed system that proposes early prediction of
vasovagal syncope was built and tested both offline by evaluat-
ing the model with the help of an Arduino Uno data acquisition
front-end and web-based analysis interface. The findings prove
that the Isolation Forest algorithm is effective to identify pre-
syncopal patterns with HRV parameters obtained through ECG
signals.

The Isolation Forest model was trained using HRV features
derived using the SHAREE dataset, which consists of 136
non- syncopal and 3 syncopal subject recordings. This model
had a total accuracy of 95.68 percent in the classification
of syncopal and non-syncopal patterns. The confusion matrix
showed that there were 133 true negatives, 3 false positives
and 3 false negatives which showed strong discrimination.
The classification report indicated a precision of 0.98 and
recall of 0.98 on the non-syncopal class, which indicated
that the model is capable of classifying normal physiological
conditions correctly. Such accuracy is relatively high compared
to earlier studies by Lee et al. (2024), who achieved an
accuracy of 72% with the help of XGBoost in VVS prediction.
This can be explained by the fact that Isolation Forest is not
supervised, and it is specifically better adapted to detecting
anomalies when dealing with unbalanced data when syncopal
events are not very frequent but are rather an exception to
normal physiological conditions.

Comparison of the statistical results between syncopal and
non-syncopal groups showed the presence of significant dif-
ferences in important parameters of HRV. The mean SDNN
(0.291 vs. 0.199, p = 0.029) and mean RMSSD (0.277 vs.
0.175, p = 0.064) were greater in the syncopal group than in
the non-syncopal group. The LF/HF ratio was also a little less
in the syncopal group (0.732 vs. 0.826), but this was not a
statistically significant difference (p = 0.737). According to
Cohen, the d effect size analysis revealed that SDNN (d =
1.52) and RMSSD (d = 1.04) have large effects, meaning that
there are significant differences between the groups. These
differences in HRV are consistent with the known facts about
the involvement of the autonomic nervous system in VVS.
The high SDNN and RMSSD in syncopal subjects indicate
that there is more parasympathetic activity before syncopal
occurrences, which is in line with the typical vagal surge

reported in the literature. The significant values of these
parameters show that they are strong physiological indices of
pre-syncopal state.

Correlation analysis has shown that SDNN and RMSSD (r =
0.75), RMSSD and HF power (r = 0.77) and LF power and HF
power (r = 0.86) have strong positive relationships. There were
moderate negative relationships between the LF/HF ratio and
RMSSD (r = -0.42) and HF power (r = -0.27), which indicate
that the higher the parasympathetic activity is, the smaller is
the sympathovagal balance. These high correlations confirm
the physiological interpretability of the features extracted and
the negative relationship between LF/HF ratio and parasympa-
thetic markers further substantiates the interpretation of LF/HF
as a sympathovagal balance measure.

The client-server model was also able to show stable per-
formance with ECG data being sent by the Arduino Uno at
128 Hz through USB serial and the data being received by the
Streamlit web app and results displayed within a few seconds.
The AD8232 analog front-end acquisition of real-time ECGs
showed good signal quality that can be used to detect the
R-peak and extract HRV features. The web app was able
to compute SDNN, RMSSD and LF/HF ratio on streaming
ECG data and anomaly detection with the pre-trained Isolation
Forest model. The dashboard is intuitive with the provision of
color-coded results, interactive metric cards that give useful
visions of key HRV parameters, the ECG trace visualizations
with overlaid R-peaks, RR tachogram displaying beat-to-beat
interval variations, power spectral density plot with highlighted
LF and HF bands, and visualization of the anomaly score
against the decision boundary. A clinical interpretation guide is
also incorporated in the interface to guide users on the meaning
of the HRV measures and how they are related to the risk of
syncope.

System functionality was tested through validation testing
with recordings of MIT-BIH Arrhythmia Database. Record
100 (normal sinus rhythm) had been appropriately labeled
as normal, and record 207 (with ventricular abnormalities)
was_appropriately labeled as anomalous, which shows that
the model can also generalize outside the training data. This
validation method proves that the system has the ability to
differentiate normal and abnormal cardiac patterns in real life
situation.

A number of limitations must be mentioned. To begin with,
SHAREE dataset has only three verified instances of vasovagal
syncope which restricts the variety of abnormal patterns which
can be used to train the model. Secondly, the real-time
validation was based on benchmark databases as opposed to
prospective clinical data of VVS patients. Third, the existing
implementation uses a single-lead ECG system, which can be
vulnerable to motion artifact during ambulatory recording, and
needs to be connected to a host computer to analyse, which
can add constraints to mobility during continuous recording.
Nevertheless, the system has these weaknesses, but it still
reveals a good prospect of real-time prediction of VVS and
offers a basis of future clinical practice.
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1V. CONCLUSION AND FUTURE WORK

In this paper, a low-cost and portable system was developed
and validated in predicting vasovagal syncope early, using
ECG-based heart rate variability parameters and machine
learning. The system combines real time ECG recording with
Arduino Uno and AD8232 analog front-end, transmission to
a host computer via serial and a web application based on
Streamlit to process signals and detect anomalies using an
Isolation Forest classifier. The model had a 95.68% accuracy
on PhysioNet SHAREE. Statistic analysis showed high SDNN
(p =0.029) and RMSSD (p = 0.064) in syncopal, which proves
the parasympathetic activation of VVS pathogenesis. Using
correlation analysis confirmed the physiological interpretabil-
ity of extracted features in which there were strong positive
correlations between parasympathetic features. Recordings of
the MIT-BIH Arrhythmia Database were used to validate that
the correct classification of normal and anomalous cardiac
patterns was done. The entire system allows continuous am-
bulatory observation with the least human intervention, which
bridges the gap between clinical research and practical medical
technology in the prevention of secondary injuries due to
syncopal episodes.

Future research will be on multimodal sensor combination
of prediction accuracy with a complete hemodynamic evalua-
tion. A blood pressure sensor would allow measuring directly
the hypotensive episodes that constitute VVS, which would
be a second physiological stream that would potentially be
complementary to HRV analysis. A photoplethysmography
(PPG) sensor would be added to provide continuous oxygen
saturation (SpO 2 ) and peripheral perfusion measurements to
provide information about tissue oxygenation in pre-syncopal
states. The sensor fusion methods could be used to combine
these multimodal inputs in order to develop a more powerful
and precise prediction model.

The future clinical validation of VVS patients undergoing
tilt-table testing is critical in order to establish the real-life
performance of the system and give chances to improve the
performance by expert annotations. This type of study would
additionally allow gathering of more diverse datasets of greater
size that are inclusive of more syncopal events overcoming the
existing constraint of small positive sample size. The applica-
tion of the transfer learning methods may allow personalising
the model to each individual patient, considering the inter-
subject differences in the baseline HRV features and syncopal
patterns. The web interface should be more mobile friendly
since this would enhance portability and allow one to perform
analysis using a smartphone without necessarily using a laptop
computer. Remote patient monitoring, secure data storage
and telemedicine consultations would be possible through
cloud connectivity, further extending the utility of the system
in the management of chronic diseases. Such developments
will make the existing prototype a complete wearable health
monitoring system that can be used in more applications than
just vasovagal syncope to identify other autonomic disorders,
as well as cardiac arrhythmias.

ACKNOWLEDGMENT

We sincerely thank our project guide, Mrs. Shibitha KP,
for her invaluable guidance and support throughout this work.
We also extend our gratitude to the Department of Biomedical
Engineering, KMCT College of Engineering for Women, for
providing the facilities and academic environment essential for
this research.

REFERENCES

[1] H. Bin Lee, G. Park, M. Jung, S. Yong Shin, S. Cho and J. Hwan
Cho, "Machine Learning Model Using Heart Rate Variability for the
Prediction of VVasovagal Syncope,” in IEEE Access, vol. 12, pp. 151153-
151160, 2024, doi: 10.1109/ACCESS.2024.3475746.

[2] Goldberger, A. L., Amaral, L. A. N., Glass, L., Hausdorff, J. M.,
Ilvanov, P. C., Mark, R. G., et al. (2000). PhysioBank, PhysioToolkit,
and PhysioNet: Components of a new research resource for complex
physiologic signals. Circulation, 101(23), e215-220.

[3] Pan,J., & Tompkins, W. J. (1985). A real-time QRS detection algorithm.
IEEE Transactions on Biomedical Engineering, 32(3), 230-236.

[4] Moody, G. B., Pollard, T., & Moody, B. (2022). WFDB Software
Package (Version 10.7.0). PhysioNet.

[5] Piotr Wieniawski, Jakub S. Gasior, Maciej Rosot, Marcel Mtyn'czak,
Ewa Smereczyn’ska-Wierzbicka, Anna Pio’recka-Makuta, Radostaw
Pietrzak, ”Machine Learning Prediction of Recurrent VVasovagal Syncope
in Children Using Heart Rate Variability and Anthropometric Data—A
Pilot Study”, Machine Learning and Knowledge Extraction, vol.7, no.4,
pp.166, 2025.

[6] M. Pietrewicz, A. Polinski, T. Kocejko and J. Wtorek, "A wearable
system developed to monitor people suffering from vasovagal syncope,”
2019 41st Annual International Conference of the IEEE Engineering
in Medicine and Biology Society (EMBC), Berlin, Germany, 2019, pp.
3584-3587, doi: 10.1109/EMBC.2019.8856451.

[7] R. Mccraty and F. Shaffer, “Heart rate variability: New perspectives on
physiological mechanisms, assessment of self-regulatory capacity, and
health risk,” Global Adv. Health Med., vol. 4, no. 1, pp. 46-61, Jan.
2015, doi: 10.7453/GAHMJ.2014.073.

[8] Laguna, P., Mark, R. G., Goldberg, A., & Moody, G. B. (1997). A
database for evaluation of algorithms for measurement of QT and
other waveform intervals in ECG signals. Computers in Cardiology, 24,
673-676.

[9] Task Force of the European Society of Cardiology. (1996). Heart rate
variability: Standards of measurement, physiological interpretation and
clinical use. Circulation, 93, 1043-1065.

[10] Benditt, D. G., & Nguyen, J. T. (2009). Vasovagal syncope: Current
treatment options and future directions. Progress in Cardiovascular
Diseases, 52(4), 339-352.

[JCRT2603952 ] International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org \ h930


http://www.ijcrt.org/

