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Abstract: In this comprehensive study, we employed a versatile approach to tackle the
prediction challenges associated with atrial fibrillation (AF) and cardiovascular events (CE).
Exploiting the Gaussian copula synthesizer technique for data generation, we created high-
quality synthetic data to overcome the limitations posed by scarce patient records. Heart
rate variability (HRV), known to be an efficient indicator of cardiac health often used with
artificial intelligence (AI), was used to train and optimize custom-built deep learning (DL)
models. Additionally, we explored transfer learning (TL) to enhance the model capabilities
by adapting our AF classification model to address CE classification challenges, effectively
transferring learned features and patterns, without extensive retraining. As a result, our
models achieved accuracy rates of 77% for AF and 82% for CEs, with high sensitivity,
highlighting the efficacy of synthetic data generation and transfer learning in improving
classification performance across diverse medical datasets. These findings hold significant
promise for enhancing diagnostic and predictive capabilities in clinical settings, ultimately
contributing to improved patient care and outcomes.

Keywords: synthetic data generation; heart rate variability; atrial fibrillation; cardiovascular
events; deep learning; transfer learning; event early detection

1. Introduction
Atrial fibrillation (AF) and hypertension are significant contributors to cardiovascu-

lar risk. One of the most common types of arrhythmia is AF, whose incidence increases
exponentially with age [1–3]. This condition is caused by an abnormal sinus rhythm,
which results in an irregular heartbeat that can often be associated with several adverse
health outcomes, including stroke and heart failure [4–7]. Sadly, the economic and clin-
ical burden of AF is substantial due to repeated hospitalizations and healthcare service
utilization. Therefore, the prediction of AF is clinically and economically significant [8,9].
As reported by Velleca et al. [10], in Italy, France, Germany, and England alone, more
than 11 million patients are affected by this disease, with an average annual cost of more
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than EUR 600 million. Regarding cardiovascular diseases in general, The American Heart
Association projected that the total cost of cardiovascular diseases, including myocardial
infarction (MI), in the United States will rise from USD 627 billion in 2020 to USD 1851 bil-
lion by 2050, driven by a near quadrupling of healthcare costs [11]. In the European Union,
cardiovascular diseases (CVDs) cost approximately EUR 282 billion annually, meaning
EUR 630 per EU citizen [12]. Heart rate variability (HRV) and electrocardiography (ECG)
are essential methods for diagnosing and managing a wide range of cardiovascular, cere-
brovascular, and related diseases. ECG is simply the recording of the bio-electrical activity
of the heart. HRV is a measure of the variation in cardiac rhythm; usually a heart that has a
higher HRV represents the ability of the subject to adapt rapidly to different stimuli and is
correlated with a healthier condition [13]. HRV analysis has evolved a lot over time, and,
to date, there are many indices that can be extracted from an ECG record. Time-based,
frequency-based, and non-linear features can be easily calculated from a heart rate record,
where each of these features represents a different aspect of the HRV and different values
have been correlated with different outcomes [14]. These techniques provide detailed
insights into the autonomic nervous system, offering crucial prognostic information that
can guide clinical decisions and improve patient outcomes [15]. Given the high variability
and number of patients, AI-based systems could help physicians in the difficult task of
monitoring patients and deciding on the best treatment approach. Developing AI-driven
clinical decision support systems (CDSS) requires extensive patient data to ensure accuracy
and reliability. However, this requirement introduces significant privacy challenges, as the
reliance on large datasets amplifies concerns about data security, informed consent, and
the potential for unauthorized exploitation of sensitive information [16]. Synthetic data
offer a promising solution to these privacy concerns. By generating artificial datasets that
mirror the statistical properties of real patients, synthetic data enable the development
and validation of CDSSs without exposing personal health information. This approach
facilitates data sharing and collaboration across institutions, while adhering to stringent
privacy regulations [17]. However, it is important to acknowledge that synthetic data have
limitations, including the potential risks of data leakage and dependency on imputation
models. Not all synthetic datasets precisely replicate the content and properties of the
original data, which may impact their applicability across different applications [18]. De-
spite these challenges, the integration of synthetic data into AI model development has
significant potential to advance CDSSs, while protecting patient privacy. In this paper, we
introduce an approach that aims to predict high-risk cardiovascular and cerebrovascular
events in hypertensive patients well before their occurrence. Our work involved develop-
ing a custom DNN specifically tailored for detecting atrial fibrillation (AF), using a small
dataset obtained from a single hospital. To address the limitations posed by the small size
of the dataset, we used synthetic data generation techniques to augment our training set.
Furthermore, we extended our investigation by applying TL techniques, where parts of
the weights obtained from the deep learning (DL) model trained for AF prediction were
utilized to train another model tasked with detecting cardiovascular events (CE). By inte-
grating DL with advanced data generation methods, our study aimed to demonstrate the
effectiveness of this combined approach in enhancing predictive accuracy and robustness
in healthcare applications. To summarize, our goal is to equip clinicians with innovative
technological solutions for predicting adverse cardiovascular outcomes. Exploiting deep
learning and synthetic data generation, our approach addresses the challenges of data
sharing, enhancing model quality, while preserving patient privacy. With our approach,
the similarities between common and rare CVDs can be exploited to tackle the significant
problem of the small datasets for the latter class of patients. This aspect will boost the qual-
ity of models developed for the prediction and management of CVDs in general. Moreover,



Appl. Sci. 2025, 15, 1178 3 of 21

with a validated and safe infrastructure, it will be possible to share valuable insights about
the features of disease patients, without the risk of exposing their real data; this will further
improve the efficacy of CDSSs, lowering the burden on the economy and personnel of
healthcare systems.

We had the unique opportunity to work with a locally available dataset containing
Holter ECG data from patients who developed atrial fibrillation (AF). Leveraging this
dataset, we aimed to explore its potential in predicting rarer and more severe cardiac events.
To extend the analysis, we incorporated a widely recognized dataset containing detailed
HRV features from patients who had experienced different cardiac and cerebrovascular
events, including 11 myocardial infarctions, three strokes, and three syncopal episodes.
This work addresses critical gaps in cardiovascular risk prediction by leveraging advanced
synthetic data generation and transfer learning methods to enhance model performance
on limited datasets. By tailoring deep learning architectures for atrial fibrillation and
cardiovascular event classification, this approach not only achieves robust accuracy but
also addresses the challenges of data scarcity and privacy in healthcare. These innovations
promise significant practical implications, including improving clinical decision support
systems, optimizing resource allocation, and ultimately advancing patient care through
early risk stratification and targeted intervention strategies.

2. Related Works
Advances in HRV and ECG analysis have greatly improved our ability to predict

and manage CVDs. For example, Weimann and Conrad [19] demonstrated the use of
deep convolutional neural networks (CNNs) combined with TL to classify ECG recordings,
specifically focusing on AF detection. This approach significantly reduces the need for
extensive annotations by leveraging large pretrained datasets like Icentia11K and fine-
tuning them on more specific datasets, such as PhysioNet/CinC Challenge 2017. Similarly,
Melillo et al. [20] explored the use of HRV to predict cardiovascular and cerebrovascular
events in hypertensive patients. Their study employed various data-mining algorithms,
including support vector machines, tree-based classifiers, and artificial neural networks,
achieving notable sensitivity and specificity rates. This demonstrated that HRV analysis
could be a reliable method for early risk stratification of hypertensive patients. Additionally,
Alkhodari et al. [21] utilized HRV features and the RUSBOOST algorithm to predict cardio-
vascular and cerebrovascular events in hypertensive patients, achieving high accuracy and
F1 scores. This approach highlights the potential of HRV and machine learning to enhance
prognostic assessments and clinical decision-making. Deka et al. [22] advanced this fur-
ther by integrating dual-tree complex wavelet packet transform (DTCWPT) and nonlinear
HRV feature extraction with cost-sensitive RUSBoost (CS-RUSBoost) to effectively identify
high-risk hypertensive patients.

HRV and ECG analysis have been extended to diagnose a variety of cardiac patholo-
gies. Rajput et al. [23] developed an advanced system for assessing hypertension severity
using ECG signals. They employed a bi-orthogonal wavelet filter bank (BOWFB) to de-
compose ECG signals into sub-bands, followed by extracting features, such as sample
entropy and wavelet entropy. Their ensemble bagged trees (EBT) classifier achieved a high
accuracy of 99.95%, demonstrating the potential for automated early stage hypertension
detection. Furthermore, Jin et al. [24] utilized TL to predict myocardial injury from continu-
ous single-lead ECG signals. By pretraining on labeled 12-lead ECGs and fine-tuning on
single-lead data, their models achieved significant improvements in prediction accuracy,
surpassing traditional diagnostic methods. Additionally, Alghamdi et al. [25] developed a
computer-aided diagnosis (CAD) system for MI detection using deep learning, achieving
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accuracies of 99.02% and 99.22% with their models, demonstrating the robustness of these
methods in clinical applications.

Heart failure prediction and management have also benefited from advancements in
HRV and ECG analysis. Kusuma and Jothi [26] presented a model combining deep CNNs
for feature extraction with long short-term memory (LSTM) networks for classification,
achieving an accuracy of 95.21%. This highlights the potential of these technologies for
early and accurate diagnosis of congestive heart failure (CHF). Moses et al. [27] also focused
on distinguishing between healthy individuals and those with CHF using HRV data and
machine learning algorithms. Their study analyzed ECG recordings from the PhysioNet
database, achieving the highest accuracy of 77% using KNN and decision tree models.
This demonstrates HRV’s potential as a non-invasive biomarker for early detection and
management of CHF.

Machine learning techniques applied to HRV data have also enhanced stroke risk
prediction. Chen et al. [28] introduced a hybrid deep transfer learning-based stroke risk
prediction (HDTL-SRP) framework, leveraging data from correlated sources like hyperten-
sion and diabetes. This approach addressed the challenges of small and imbalanced stroke
datasets, demonstrating the significant potential for accurate stroke risk prediction, while
preserving patient privacy.

The use of big data in cardiovascular practice is growing rapidly and has great poten-
tial to have a positive impact on patients’ quality of life, but the road to implementing such
systems in regular care is long and needs further studies, as Rumsfeld et al. [29] covered in
their review. It is not easy to achieve high accuracy in real case scenarios, while avoiding
bias or information leakage due to oversampling techniques. Mixing data from patients
with different outcomes is useful. In our case, we used AF and CE data, demonstrating that
TL is an effective technique for grouping cardiovascular data to improve the prediction
of various cardiovascular events. Our HRV data for the models were generated syntheti-
cally to address the need for a high data volume and to safeguard patients’ data privacy.
General ECG data generation has been proven to achieve permissive performance in the
development and objective assessment of novel machine learning algorithms, such as in
the work of Gillette et al. [30], where they generated a novel synthetic database comprising
a total of 16,900 12-lead ECGs based on electrophysiological simulations. Chen et al. [28]
strongly supported the principle of shared data for clinical applications. They developed a
prediction model for stroke based on synthetic data generation and TL. Training generators
with real data protects the identity of patients, while harnessing the valuable information
contained in the data. By using a model trained on stroke and other pathologies with many
common aspects, such as diabetes and hypertension, they achieved an accuracy of 91.2% in
predicting stroke risk.

3. Materials and Methods
In this study, we tackled the processing of patient HRV datasets for two classification

tasks by employing resource-efficient methods, synthetic data generation, deep learning
techniques, and transfer learning. The overall framework is visually outlined in Figure 1.

3.1. Hardware and Software Resources

We conducted this study using a local workstation with macOS Sonoma 14.2, featuring
an 8-Core Intel Core i9 2.3 GHz central processing unit (CPU) (Intel Corporation, Santa
Clara, CA, USA), and 16 GB of random access memory (RAM). Our computational environ-
ment was enriched with a suite of open-source tools, including Keras (v2.15.0) for DL; Pro-
gramming Language: Python (v3.11.11); Conda management system (v24.11.1); PyCharm
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Edu (v2022.1.3) integrated development environment; synthetic data vault (SDV), a Python
library creating tabular synthetic data; and Gaussian Copula Synthesizer (2023) (GCS).

Figure 1. Schematic overview of HRV classification pipeline: (1) data preprocessing (undersampling,
feature selection, shuffling, and train/test split), (2) synthetic data generation, (3) data normalization
(0–1), (4) deep learning model trained on AF data, and (5) transfer learning of AF model and fine-
tuning on CE data. All the preprocessing steps were the same but applied separately to both datasets.

3.2. Datasets

We utilized two distinct datasets comprising patient ECG records obtained from
different medical facilities. Descriptions of the datasets, namely the AF and CE datasets,
are provided below.

3.2.1. Atrial Fibrillation Dataset

The ECG data pertaining to AF were acquired from a study conducted by Goretti et al. [31].
The data were provided by the Santa Maria Nuova Hospital in Florence, Italy. This
dataset encompasses 102 patient records, categorized into two classes: class 0, comprising
60 patients without AF, and class 1, comprising 42 patients diagnosed with AF. In this
dataset, for each patient, three-lead Holter ECG signals with a sampling rate of 200 Sample
per seconds were recorded for 24 h; then, in the preprocessing stage, a duration of three
minutes was selected. All the patients involved in this project underwent a Holter recording
for various different reasons, and a common label was assigned relative to whether or not
AF developed in the subsequent three years.

3.2.2. Cardiovascular Events Dataset

This dataset was sourced from the “Physionet.org” platform under the title “Smart
Health for Assessing the Risk of Events via ECG Database” (SHAREEDB) [20,32,33]. It
comprises data from 139 hypertensive patients aged 55 and above, recruited between
January 2012 and November 2013 at the Centre of Hypertension of the University Hospital
Federico II in Naples, Italy. Each record in the dataset is composed of 24 h worth of
signals recorded with a 3-lead ECG and a sampling frequency of 128 samples per second.
During a 12-month follow-up period aimed at monitoring their cardiac health, 17 patients
experienced adverse CEs: 11 suffered from myocardial infarction, 3 experienced a stroke,
and 3 experienced syncope. These 17 patients were categorized as class 1, “high-risk
patients”, while the remaining 122 subjects were classified as class 0, “low-risk patients”.
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3.3. Data Pre-Processing

Both datasets were initially provided as ECG recordings. The CE dataset comprised
24 h recordings, while the AF dataset consisted of 3-min segments, manually chosen based
on data quality, basically those segments where the PQRS components were clearly visible
and were not affected by additional, spurious spikes. HRV features were extracted from
both datasets using Kubios Premium software. Kubios Premium 3.4.1. is a specialized tool
for HRV analysis, recognized for its scientific and professional utility [34]. This same tool
could be used to detect segments of high quality data in case researchers are not acquainted
with visual inspection of ECG recordings. It incorporates a built-in Pan–Tompkins QRS
detector and advanced options for correcting RR interval artifacts, efficiently rectifying
missed, additional, and ectopic beats with high precision. In the CE dataset, we utilized
5-min samples from the 24 h recordings for each subject, selecting segments with minimal
beat corrections and the least noise. For the AF dataset, clinical personnel manually selected
3 min segments of high-quality data, eliminating the need for a window selection phase.
Upon selecting the appropriate ECG time window, Kubios automatically extracted time-
based, frequency-based, and non-linear features. The resulting HRV features were extracted
as tabular data. We used ultra-short term recordings to test a system that, among other
advantages, has the potential to become a cheap, easy, and fast tool for screening. In [35],
the authors highlighted the risk of ultra-short-term HRV analysis, but also suggested that
further development and validation are needed, because this could provide new tools for
overcoming the high cost associated with long-term recordings. They suggested that this
is a new challenge for HRV-based applications, and we believe that we are contributing
more evidence on the effectiveness of using very short ECG recordings; to give another
recent example, Orini et al. [36] successfully predicted increased risk of cardiovascular
events by extracting HRV from tracks shorter than 15 s. Next, to address class imbalances,
both datasets underwent undersampling, a simple procedure that removes random samples
from the majority class until a balance is reached. In the CE dataset, we balanced the
classes by undersampling the larger class 0 (with 122 records) to match the size of class
1 (with 17 records). For the AF dataset, we achieved a balance by randomly selecting
42 records from the available 60 in class 0 to match the size of class 1, also with 42 records.
We acknowledge that our dataset is small and that undersampling further reduced its size.
However, balanced datasets are essential for achieving unbiased data augmentation with
a generative algorithm. For this reason, we applied undersampling before generating the
synthetic data. Subsequently, we retained all features with complete data across the patient
records, resulting in 64 feature columns. The final datasets were shuffled and divided into a
70% training set and a 30% test set. All features were normalized to values between 0 and 1.

3.4. Synthetic Data Generation

Synthetic data generation is the creation of artificial datasets that mimic the char-
acteristics of real-world data in structure, statistical properties, and complexity, without
containing actual sensitive or personally identifiable information. This technique is com-
monly used to protect privacy, enhance data availability, and facilitate model training and
validation, without solely relying on original data [37].

Given the limited number of patient records in both datasets, we chose to bolster
their size and diversity by incorporating synthetic data generation. To achieve this, we
utilized the Gaussian Copula Synthesizer (GCS), a versatile open-source tool renowned
for its efficacy in generating synthetic datasets [38]. Prior to synthesizing the additional
data, we created tailored metadata tables for each dataset. Employing the SDV single-
table metadata method, we emulated the structure and attributes of the original datasets.
Subsequently, a validation process was undertaken to verify the fidelity and compatibility
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of the created metadata with the actual data frames. With the metadata curated, we
sampled synthetic records in GCS to construct dataset-specific models. These models,
informed by the corresponding metadata and a normal distribution, were trained on the
original datasets. The data augmentation process was carried out on the training data
for both datasets, meaning on 70% of the original size. In the case of the training set of
the AF dataset, which initially comprised 58 records, a GCS model was fitted to generate
1000 synthetic records. For the training set of the CE dataset, which originally contained
23 real records, a GCS model was trained to produce 100 synthetic patient records.

The choice of synthetic data ranges was motivated by two key considerations:

• Minimum number of records for generalization: To ensure the deep learning model
was able to generalize well, we needed a dataset size sufficient to capture the variability
in the underlying data distribution. Based on previous empirical experiments, a
minimum of 100 records was found to provide enough variability to train a model
that avoids overfitting while maintaining predictive accuracy. This ensures the model
can generalize effectively to unseen data.

• Maximum number of records to optimize model size: Given that the trained model
was intended for deployment across multiple devices, we aimed to limit the number
of records, to keep the model size manageable. Generating excessively large datasets,
such as 10,000 records, can unnecessarily increase model complexity, resulting in
longer training times and larger model sizes. This can hinder deployment efficiency,
particularly on devices with limited computational and storage capacities.

For the AF model, 1000 records were needed to better generalize on the underlying
HRV features; however, we only needed 100 synthetic records for the CE model, as gen-
eral knowledge was already captured in the larger model of AF then transferred to the
CE model.

3.5. Deep Learning

Deep learning is a subset of machine learning that focuses on training artificial neural
networks to recognize patterns and solve complex tasks by learning from large datasets.
Inspired by the structure and function of the human brain, deep learning models consist of
layers of interconnected nodes (neurons) that progressively extract higher-level features
from input data, enabling applications such as image recognition, natural language pro-
cessing, and autonomous systems. Its effectiveness has been demonstrated in numerous
domains, from healthcare to robotics, showcasing its transformative potential in addressing
real-world challenges [39]. In our case, we developed a simple neural network and we
tested its accuracy in predicting patients at high risk of developing AF and CE. Moreover,
we tested if, and how much, the prediction accuracy of the model changed if we applied
transfer learning, a technique where a model trained on one task is repurposed or fine-
tuned to perform a different but related task, leveraging the knowledge it has already
acquired. This approach is especially effective when the target task has limited data, as
the pretrained model can provide a robust feature representation from the source domain.
Commonly used in fields like computer vision and natural language processing, transfer
learning has significantly improved performance in tasks like object recognition and text
classification [40].

3.6. Atrial Fibrillation Deep Learning Model
3.6.1. Model Architecture

The model was developed using Keras, featuring a custom design for optimal per-
formance. The first hidden layer comprises 64 neurons with a rectified linear unit (ReLU)
activation function. The second hidden layer also consists of 64 neurons with ReLU activa-
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tion, coupled with a 0.5 dropout layer to enhance generalization and prevent overfitting.
The third hidden layer mirrors this structure, incorporating 64 neurons with ReLU acti-
vation and a 0.5 dropout layer. Finally, the output layer is composed of a single neuron
employing a Sigmoid activation function, to perform binary classification. This architecture
aims to capture intricate patterns within the data, promoting efficient learning and robust
predictive capabilities; see the AF model architecture in Table 1.

Table 1. Atrial fibrillation (AF) model architecture summary. Computational complexity analysis of
the proposed deep learning network architecture: For a given number of epochs E, training samples
N, input dimensionality D, and hidden layer size H, the complexity per epoch is on the order of
O(N · D · H). Over E epochs, it scales to O(E · N · D · H).

Model: “Keras Sequential”

Layer (type) Output Shape
Input layer (Dense) (, 64)

Activation (Activation) (, 64)
Hidden layer 1 (Dense) (, 64)
Activation (Activation) (, 64)

Dropout 1 (Dropout) (, 64)
Hidden layer 2 (Dense) (, 64)
Activation (Activation) (, 64)

Dropout 2 (Dropout) (, 64)
Output layer (Dense) (, 1)

Trainable params: 12,545

Non-trainable params: 0

3.6.2. Training

The model underwent compilation using the Adam optimizer [41] to minimize the loss
function during the training of neural networks, with a specified learning rate of 5 × 10−4,
coupled with a binary cross-entropy loss function to effectively guide the training process.
The training regimen extended over 50 epochs, employing a modest batch size of 32 to
balance computational efficiency and model convergence. Throughout the training phase, a
validation split of 20% was applied to assess the model’s generalization on an independent
subset of the training data.

3.7. Cardiovascular Event Transfer Learning Model
3.7.1. Model Architecture

In pursuit of enhancing the model’s classification capabilities to encompass CEs, a
transfer learning strategy was implemented. The pre-existing model, initially designed for
AF classification, served as the foundation. To facilitate the adaptation to CEs, the layers
beyond the first dense layer, including those responsible for AF classification, were frozen.
This retention of foundational aspects allowed the model to retain its learned features
specific to AF, while accommodating the incorporation of new knowledge related to CEs.
For model extension, additional layers were introduced and fine-tuned to the distinctive
characteristics of CE data. A new dense layer, comprising 32 units and employing ReLU
activation, was introduced, followed by a 0.5 dropout layer to enhance the generalization.
The output layer, a single dense layer, utilized a Sigmoid activation function to tailor the
model’s output for the binary classification of CEs. This strategic combination of frozen and
extended layers ensured a synergistic transfer of knowledge from the original AF-focused
model, promoting robust classification capabilities across diverse cardiac events; see the
CE model architecture in Table 2.
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3.7.2. Training

For the training of the transfer learning model, a meticulous approach was adopted.
The model was compiled utilizing the Adam optimizer, with a specified learning rate
of 5 × 10−4, and we employed a binary cross-entropy loss function to effectively guide
the learning process. Training unfolded over a duration of 10 epochs, with each epoch
comprising batches of 32 samples to balance the computational efficiency and convergence
stability. This careful training strategy ensured that the transfer learning model not only
leveraged the foundational knowledge acquired during training of the initial model but also
fine-tuned its parameters to adapt specifically to the nuances of cardiac event classification.
Through this iterative and focused training process, the model strove to attain a refined and
robust understanding of the target domain, optimizing its predictive performance for CEs.

Table 2. Cardiovascular event (CE) model architecture summary. Computational complexity analysis
of the transfer learning architecture: by freezing the earlier layers, gradients need only be computed
for the newly added (unfrozen) layers. Thus, if D′ is the input dimensionality fed into the first
unfrozen layer and H′ is the size of the newly added layers, the computational complexity per epoch
reduces to O(N · D′ · H′). Over E epochs, it becomes O(E · N · D′ · H′). This maintains a linear
scaling with the number of samples, epochs, and the size of the unfrozen portion of the model.

Model: “Keras Sequential”

Layer (type) Output Shape
Input layer (Dense) (, 64)

Activation (Activation) (, 64)
Hidden layer 1 (Dense) (, 32)
Activation (Activation) (, 32)

Dropout 1 (Dropout) (, 32)
Output layer (Dense) (, 1)

Trainable params: 2113

Non-trainable params: 4160

4. Results
4.1. Accuracy of Synthetic Data Generation

To evaluate the correct distribution of the synthetically generated data with respect to
the original dataset, we employed statistical analysis. Once validated, we tested the model
on unseen data to evaluate the performance of the described custom network.

4.1.1. Statistical Analysis

In this work, we used two sets of methods to analyze our synthetic AF and CE data;
the “evaluate quality” function [42] of SDV single table and the Mann–Whitney test [43].

Table 3 displays the quality function results. Below, we provide a detailed interpreta-
tion of the results and their implications:

• Column shapes (for single columns of data and is often called the marginal distribution
of each column): While these values may appear slightly lower than other metrics, they
still indicate a strong resemblance between real and synthetic column distributions.

• Column pair trends (for pair of columns and is the correlation or bivariate distribution
of columns): These high percentages indicate that relationships and dependencies
between pairs of columns (e.g., correlations) in the synthetic data closely mimic
those in the real data. This demonstrates that the structural integrity of the dataset
is preserved, which is critical for maintaining its utility in downstream tasks like
machine learning model training.
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• Overall score: These scores combine multiple aspects of statistical similarity and
indicate a strong match between real and synthetic datasets. An overall score above
85% provides confidence that the generated data retain the key representational
features of the real data, while reducing risks associated with direct data sharing.

Within the Open-CESP initiative, a key aspect of synthetic data utility lies in its
capacity to mirror the statistical characteristics of the original data. This necessitates a
significant degree of distributional similarity between the synthetic data and the original
dataset [44]. When generating synthetic data, it is crucial to balance the resemblance to the
original data with privacy requirements. While a higher similarity enhances usability in
practical applications, the generated data must differ enough to prevent leakage of sensitive
information. This balance, often referred to as “realism” or “resemblance”, is validated
through statistical comparisons and expert qualitative assessments to ensure the synthetic
data are both plausible and privacy-preserving [45]. We considered these critical points
in our approach, and the reported statistical similarities between the real and synthetic
datasets for AF and CEs highlight our commitment to effectively addressing both utility
and privacy requirements.

Table 3. Statistical similarities between real and synthetic datasets of AF and CEs.

Property Atrial Fibrillation (AF) Cardiovascular Events (CE)

Column shapes 82.05% 79.61%
Column pair trends 95.74% 96.12%

Overall score 88.89% 87.86%

The Mann–Whitney test was used to investigate the differences in HRV parameters.
The median, interquartile range (IQR), and p-value were estimated for each parameter.
We did not interpret the Mann–Whitney U test’s results as direct “quality scores”, instead,
p-values indicated whether there was a statistically significant difference between the
synthetic and real data distributions for each feature. A high p-value suggests similarity,
implying that the synthetic data closely reflect the real data distribution. In this way, the
test helped us assess the “quality” of the synthetic data: if distributions did not differ
significantly, we considered the synthetic data to be good quality in representing that
feature. Our findings for both datasets are described next:

4.1.2. Atrial Fibrillation

The analysis revealed that the median values for most HRV parameters in the synthetic
dataset were comparable to the real dataset. Notably, the following parameters showed
significant differences between the two datasets (p < 0.05), suggesting potential variations:

• NNxx (beats): Number of successive RR interval pairs that differ more than xx ms;
• pNNxx (%): NNxx divided by the total number of RR intervals;
• Very low frequency (VLF) (Hz) AR spectrum: The overall activity of the various slow

mechanisms of the sympathetic function.

See the parameter differences in Table 4.
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Table 4. Synthetic features statistically different with respect to the original AF data. To see the full
table with all listed features check Table A3 in Appendix A.

Feature Number Feature Name Synthetic (1000) Real (58) p-Value
Median [IQR] Median [IQR]

11 NNxx (beats) 10.00 [0.00, 24.00] 1.50 [0.00, 13.25] 0.009
12 pNNxx (%) 5.62 [0.00, 13.14] 0.92 [0.00, 7.75] 0.007

51 VLF (Hz) AR
spectrum 0.04 [0.03, 0.04] 0.04 [0.04, 0.04] <0.001

4.1.3. Cardiovascular Events

Only TINN (ms) (Triangular interpolation of NN intervals measured in milliseconds),
showed significant differences between the synthetic and real datasets (p < 0.001), suggest-
ing potential variations; see the parameter differences in Table 5. Furthermore, in Figure 2,
we visual show the similarity between two pairs of our features (synthetic vs. real).

Table 5. Synthetic features statistically different with respect to the original CE data. To see the full
table with all the listed features, check Table A4 in Appendix A.

Feature Feature Synthetic (100) Real (23) p-Value
Number Name Median [IQR] Median [IQR]

14 TINN (ms) 49.50 [24.75, 74.25] 115.00 [71.50, 189.00] <0.001

Figure 2. Box plots comparing two examples of HRV features, SDNN (ms) and pNNxx (%), be-
tween synthetic (blue) and real (green) data for cardiovascular events (CE). Each box shows the
median (horizontal line), interquartile range (IQR, box boundaries), and mean (represented by the
triangle inside the box), with whiskers indicating the data range. p-values (SDNN: 0.840, pNNxx:
0.827) are displayed inside the chart, highlighting the similarity between the synthetic and real
data distributions.

4.2. Experiment Setup

In the following section, we present the results obtained by testing our models trained
in different conditions:

• Atrial fibrillation prediction:

– Training model on synthetic and real data.
– Training model on real data only.
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• Cardiovascular events prediction:

– Training model using transfer learning with synthetic and real data.
– Training model using transfer learning and real data.
– Training model on real data only, without transfer learning.

4.2.1. Classification Performance on Atrial Fibrillation

The AF classification model was tested on the 30% of the dataset that constituted
26 real patient records. The model with the best performance had an accuracy of 77% on
the test set; see its confusion matrix in Table A1 in Appendix A.

Table 6 includes all the performance metrics of our AF models. Model (1) trained on
synthetic + real data outperformed (2) trained on real data in almost all metrics, demonstrat-
ing its effectiveness. For the without AF class, (1) achieved a balanced precision and recall
(0.71 and 0.83) with an F1-score of 0.77, compared to (2)’s 0.62 precision and 0.71 F1-score.
Similarly, for the diagnosed with AF class, (1) showed a higher precision (0.83 vs. 0.80) and
recall (0.71 vs. 0.57), leading to a better F1-score (0.77 vs. 0.67). Model (1) also had higher
specificity (0.83 vs. 0.80) and AUROC (0.77 vs. 0.70), indicating better overall discrimina-
tion and reliability. These results highlight the benefit of combining synthetic data with
real data to improve predictive performance.

Table 6. Classification report of model performance on atrial fibrillation (AF) datasets: (1) Synthetic +
Real data: Deep learning model trained on synthetic + real data. (2) Real data: Deep learning model
trained on real data.

Trained on Classes Precision Recall F1-Score Specificity AUROC

(1) Synthetic + Real data (Without AF) 0.71 0.83 0.77 0.83 0.77(Diagnosed with AF) 0.83 0.71 0.77

(2) Real data (Without AF) 0.62 0.83 0.71 0.80 0.70(Diagnosed with AF) 0.80 0.57 0.67
Precision: The proportion of true positives among the predicted positives. Measures accuracy in positive predictions.
Recall (Sensitivity): The proportion of true positives among the actual positives. Indicates the ability to detect positive
instances. F1-Score: The harmonic mean of precision and recall. Balances precision and recall in a single metric.
Specificity: The proportion of true negatives among the actual negatives. Reflects the ability to correctly identify
negatives. AUROC (Area Under Receiver Operating Characteristic Curve): A summary of the trade-off between true
positive rate and false positive rate across all thresholds. Measures overall classification performance.

4.2.2. Classification Performance for Cardiovascular Events

The CE classification model was tested on the 30% of the dataset that constituted
11 real patient records. The model had an accuracy of 82% on the test set; see the confusion
matrix in Table A2 in Appendix A.

Table 7 includes all the performance metrics of our CE models. Model (1) synthetic +
real data outperformed models (2) real data and (3) no transfer learning in almost all metrics,
demonstrating its effectiveness. For (without CE), (1) achieved a balanced precision and
recall (0.83 each) with an F1-score of 0.83, compared to (2)’s 0.80 precision, 0.67 recall, and
0.73 F1-score. Model (3) performed the worst, with a precision of 0.56 and an F1-score of 0.67.
Similarly, for (diagnosed with CE), (1) showed a higher precision (0.80 vs. 0.67 for (2) and 0.50
for (3)) and recall (0.80 vs. 0.80 for (2) and 0.20 for (3)), leading to a better F1-score (0.80 vs. 0.73
and 0.29, respectively). Model (1) also had a higher specificity (0.80 vs. 0.67 and 0.50) and
AUROC (0.82 vs. 0.73 and 0.52), indicating better overall discrimination and reliability.

These results highlight the benefit of combining synthetic data with real data and the
importance of transfer learning for improved predictive performance.
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Table 7. Classification report of model performance on CE dataset: (1) Synthetic + Real data: Transfer
learning model trained on synthetic data. (2) Real data: Transfer learning model trained on real data.
(3) No Transfer Learning: Deep learning model trained on real data without transfer learning.

Trained on Classes Precision Recall F1-Score Specificity AUROC

(1) Synthetic + Real data (Without CE) 0.83 0.83 0.83 0.80 0.82(Diagnosed with CE) 0.80 0.80 0.80

(2) Real data (Without CE) 0.80 0.67 0.73 0.67 0.73(Diagnosed with CE) 0.67 0.80 0.73

(3) No Transfer Learning (Without CE) 0.56 0.83 0.67 0.50 0.52(Diagnosed with CE) 0.50 0.20 0.29
Precision: The proportion of true positives among the predicted positives. Measures accuracy in positive predictions.
Recall (Sensitivity): The proportion of true positives among the actual positives. Indicates the ability to detect positive
instances. F1-Score: The harmonic mean of precision and recall. Balances precision and recall in a single metric.
Specificity: The proportion of true negatives among the actual negatives. Reflects the ability to correctly identify
negatives. AUROC (Area Under Receiver Operating Characteristic Curve): A summary of the trade-off between true
positive rate and false positive rate across all thresholds. Measures overall classification performance.

5. Discussion
In our study, we aimed to predict high-risk events, like AF and CEs, in hypertensive

patients using DL and TL methodologies, leveraging synthetic data generation to address
the challenge of small datasets. The results obtained, from testing both models on real
datasets, showed the promising quality of the synthetic data and its ability to generalize
on unseen data. Furthermore, with the limited real data testing set of the CE dataset,
we showed the value of transfer learning. By freezing one layer from the AF model, we
transferred a basic understanding of the HRV data to help in the training of another task,
namely predicting severe cardiovascular events. The evaluation results demonstrated the
effectiveness of the models in discriminating between individuals with and without a
risk of developing AF/CEs, with moderate to high performance across different metrics.
Confusion matrices provided insights into the models’ predictive capabilities, highlighting
their ability to accurately classify patients based on their cardiac health status. The model
decision criteria were consistent with those presented in the literature; in fact, the most
predictive features, listed in Figures A1 and A2 in Appendix A, were mainly related to the
frequency group, such as VLF, low frequency (LF), and high frequency (HF). Our results
can be understood in the context of the comparable studies summarized in Table 8. Other
AI-based models have been tested for similar purposes, showing promising performance.
However, a weakness in most cases is that different preprocessing steps are executed before
splitting the data into training and test sets, leading to classification results being reported
on the same data used to extract insights for class differentiation. For example, improperly
applying undersampling or oversampling techniques, such as performing these steps
before splitting the data, can introduce bias into an algorithm’s predictive performance.

Our model achieved an accuracy of 82% for CE prediction. This performance is on par
with other leading methods. For instance, Melillo et al. [20] utilized a random forest model
for cardiovascular event prediction using HRV data, achieving a sensitivity, specificity, and
accuracy of 71.4%, 87.8%, and 85.7%, respectively. Their model demonstrated effective early
risk prediction, and our approach further enhances the overall stratification by integrating
synthetic data and transfer learning techniques.

Similarly, Alkhodari et al. [21] employed the RUSBOOST algorithm to predict cardio-
vascular events, achieving an accuracy of 97.08% and an F1 score of 86.67%. Both their
study and ours used balanced datasets with undersampling techniques to address the class
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imbalance. This methodological choice ensures our model maintains a balance between
predictive performance and practical applicability in diverse clinical settings.

Deka et al. [22] applied a cost-sensitive RUSBoost algorithm to identify high-risk
hypertensive patients, achieving an F1 score of 93.47%. Similarly, Moshawrab et al. [46]
used support vector machines (SVM) and reported an accuracy of 91.80% and an F1-score of
92.06%. These studies highlight the effectiveness of machine learning in cardiovascular risk
prediction. Our inclusion of synthetic data generation and TL offers a unique advantage,
by enhancing model adaptability and performance, particularly in scenarios with limited
real-world data.

Table 8. Comparison of different studies on HRV analysis methods.

Study Dataset Method Sensitivity Specificity Accuracy F1

Melillo et al. [20]
- HRV for risk of
vascular events

- Random Forest
(RF) 71.4% 87.8% 85.7% N/A

(2015) - 139 Holter
recordings

Zhang et al. [47]

- EMR for
cardiovascular

disease

- Enhanced
Character-level

Deep CNNs
N/A N/A 95.22% 95.16%

(2019) - 659 records (EnDCNNs)

Alkhodari et al. [21]
- HRV for cardio

events
- Random Under-

Sampling N/A N/A 97.08% 86.67%

(2020) - 139 Holter
recordings

Boosting
(RUSBOOST)

Deka et al. [22]
- HRV for cardio

events
- Cost-Sensitive

RUSBoost N/A N/A N/A 93.47%

(2021) - 139 Holter
recordings (CS-RUSBoost)

Moshawrab et al.

- HRV for
cardiovascular

events

- Support Vector
Machines N/A 87.09% 91.8% 92.06%

[46] (2023) - 139 Holter
recordings (SVM)

Moses et al. [27] - HRV for Heart
Failure Prediction

- Support Vector
Machines 74% 74% 74% 73%

(2024) - 99 records (SVM)

Our AF Model - HRV for - Deep Learning 71% 83% 77% 77%
Atrial with Synthetic

(2024) Fibrillation Data

Our CE Model

- HRV for
Cardiovascular

Events

- Transfer Learning
with 83% 80% 82% 82%

(2024) - 139 Holter records Synthetic Data

Our study’s results are also consistent with those of Zhang et al. [47], who proposed
an enhanced deep convolutional neural network (EnDCNN) for cardiovascular disease
prediction using electronic medical records (EMRs), achieving high accuracy and F-scores.
This consistency across different methodologies and datasets underscores the robustness of
deep learning techniques in HRV-based predictions. Additionally, their use of EMRs and
our integration of synthetic data both reflect a broader trend towards leveraging diverse
data sources to improve model performance.

Moses et al. [27] focused on distinguishing between healthy individuals and those
with congestive heart failure using HRV data and machine learning algorithms. Their study
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achieved a highest accuracy of 74% using support vector machines. Our approach achieved
a higher accuracy, and this difference may be owing to the combination of synthetic data
and TL to address the limitations of the small dataset, a methodology not employed by
Moses et al. [27].

The incorporation of synthetic data generation and transfer learning in our study
provides a robust framework for improving predictive accuracy in medical research, partic-
ularly for conditions with limited datasets. Using synthetic data generation techniques, we
generated high-quality synthetic data to augment our training sets, ensuring our models
could generalize well to unseen data. We showed that, by using transfer learning tech-
niques and synthetic data, our deep learning architecture outperformed the same model
when trained with only real data and without transfer learning, proving the efficacy of mix-
ing these methodological approaches when developing clinical decision support systems.
This method addresses a significant limitation in medical research, where small datasets
cannot be improved due to privacy reasons, often hindering the development of reliable
predictive models.

6. Conclusions
This study addresses the challenge of processing patient HRV datasets for classification

tasks using resource-efficient methods, synthetic data generation, deep learning techniques,
and transfer learning. The utilization of these techniques offers a promising approach to
overcome the limitations posed by small datasets in medical research, enabling robust anal-
ysis and model development. The schematic overview provided in Figure 1 illustrates the
pipeline employed in the classification of atrial fibrillation and cardiovascular events based
on HRV data, highlighting the integration of various methodologies for comprehensive
data analysis with final prediction performance. Such methods can provide clinicians with
useful insights about the condition of patients in advance of event outcomes, allowing
them to design the best therapeutic path to prevent severe consequences. The aim was
to prove that synthetic data can improve clinical decision support system performance,
but, in future works, it will be interesting to explore the performance of the models when
changing and optimizing parameters like the size of the synthetically generated data and
the model hyperparameters. The study’s limitations include the reliance on small, imbal-
anced datasets despite synthetic augmentation, which may not fully capture real-world
variability. The fidelity of the generated data to actual clinical scenarios needs further
validation. Additionally, the approach’s generalizability across diverse populations and its
integration into routine clinical workflows remain untested, warranting broader studies.
We generated synthetic data to overcome the small dimensions and proportions of the
dataset, and we proved that this approach secured a boost in classification performance.
The main contributions of this work can be summarized as follows:

• Usage of a small fraction (5 or 3 min) of ECG data to extract HRV parameters.
• Usage of synthetic data generation to improve performance, even with unbalanced

datasets, while safeguarding the privacy of the patients.
• Prediction of CEs is an important aim for the optimal allocation of clinical resources.

Estimating event outcomes can help design efficient therapeutic paths.
• The models trained with synthetic data and transfer learning outperformed the same

architecture trained with only real data and without transfer learning.
• TL is efficient in predicting CEs with a model trained for atrial fibrillation. Merg-

ing pathologies with similar features could help improve the efficacy of the predic-
tion model.
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Appendix A

Table A1. Confusion matrix of the best performing deep learning model of atrial fibrillation (AF)
trained on synthetic dataset and tested on real patient dataset.

Predicted Class Actual Class
Without AF Diagnosed with AF

Without AF 10 2
Diagnosed with AF 4 10

Classification threshold = 0.5.

Table A2. Confusion matrix of the best performing model of cardiovascular events (CE) trained on
(transfer learning and CE synthetic dataset) and tested on real patient dataset.

Predicted Class Actual Class
Without CE Diagnosed with CE

Without CE 5 1
Diagnosed with CE 1 4

Classification threshold = 0.4.

Figure A1. Feature importance in atrial fibrillation (AF) dataset. Top 20 important HRV features for
AF classification.

https://github.com/alexsalman/heart_rate_variability
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Figure A2. Feature importance in cardiovascular events (CE) dataset. Top 20 important HRV features
for CE classification.

Table A3. Comparison of HRV features: Synthetic vs. real data of atrial fibrillation (AF).

Feature Number Feature Name Synthetic (1000) Real (58) p-Value
Median [IQR] Median [IQR]

1 PNS index −0.63 [−1.46, 0.23] −0.57 [−1.23, 0.14] 0.738
2 SNS index 2.13 [0.16, 4.19] 1.55 [0.39, 2.97] 0.170
3 Stress index 20.89 [14.12, 28.23] 17.74 [13.87, 23.55] 0.234
4 Mean RR (ms) 900.77 [780.75, 1019.23] 905.19 [793.98, 1030.33] 0.727
5 SDNN (ms) 22.11 [11.72, 32.16] 20.70 [13.14, 26.75] 0.531
6 Mean HR (beats/min) 70.34 [59.07, 81.94] 66.28 [58.23, 75.57] 0.207
7 SD HR (beats/min) 1.73 [0.98, 2.48] 1.41 [0.99, 2.12] 0.352
8 Min HR (beats/min) 65.19 [55.19, 76.52] 62.07 [54.87, 70.26] 0.231
9 Max HR (beats/min) 75.54 [63.29, 88.03] 71.99 [62.53, 81.32] 0.238
10 RMSSD (ms) 21.85 [7.71, 37.11] 17.38 [11.44, 30.23] 0.459
11 NNxx (beats) 10.00 [0.00, 24.00] 1.50 [0.00, 13.25] 0.009
12 pNNxx (%) 5.62 [0.00, 13.14] 0.92 [0.00, 7.75] 0.007
13 RR tri index 5.60 [3.77, 7.46] 5.62 [3.60, 7.27] 0.848
14 TINN (ms) 107.00 [57.00, 152.00] 101.00 [60.00, 127.00] 0.554
15 DC (ms) 13.67 [6.96, 19.91] 11.06 [7.72, 19.21] 0.594
16 DCmod (ms) 22.82 [8.93, 37.95] 17.62 [11.91, 33.10] 0.518
17 AC (ms) −12.97 [−18.20, −6.88] −11.32 [−17.30, −7.06] 0.762
18 ACmod (ms) −22.25 [−36.13, −9.66] −18.30 [−29.50, −12.65] 0.534
19 VLF (Hz) 0.04 [0.03, 0.04] 0.04 [0.03, 0.04] 0.235
20 LF (Hz) 0.06 [0.05, 0.08] 0.05 [0.04, 0.07] 0.291
21 HF (Hz) 0.26 [0.21, 0.31] 0.27 [0.20, 0.32] 0.995
22 VLF (ms2) 54.03 [2.92, 112.87] 26.56 [12.01, 69.15] 0.218
23 LF (ms2) 319.61 [8.79, 641.64] 164.21 [43.76, 399.63] 0.246
24 HF (ms2) 256.24 [0.97, 1025.54] 85.15 [42.10, 203.47] 0.343
25 VLF (log) 3.28 [2.53, 4.12] 3.28 [2.49, 4.24] 0.983
26 LF (log) 4.99 [4.03, 5.86] 5.10 [3.78, 5.99] 0.853
27 HF (log) 4.45 [3.40, 5.37] 4.44 [3.74, 5.32] 0.704
28 VLF (%) 12.41 [6.57, 18.24] 9.40 [5.47, 16.93] 0.331
29 LF (%) 52.28 [40.11, 64.88] 52.74 [34.52, 67.47] 0.693
30 HF (%) 34.64 [21.58, 49.04] 32.39 [18.05, 56.61] 0.994
31 LF (n.u.) 61.15 [46.63, 74.91] 62.71 [38.68, 78.18] 0.887
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Table A3. Cont.

Feature Number Feature Name Synthetic (1000) Real (58) p-Value
Median [IQR] Median [IQR]

32 HF (n.u.) 38.93 [25.06, 53.25] 37.24 [21.81, 61.30] 0.881
33 Total power (ms2) 636.92 [16.26, 1729.63] 333.62 [150.94, 659.64] 0.371
34 LF/HF ratio 2.92 [0.89, 4.86] 1.69 [0.63, 3.58] 0.072
35 RESP (Hz) 0.31 [0.27, 0.34] 0.30 [0.28, 0.33] 0.922
36 SD1 (ms) 15.49 [5.47, 26.31] 12.32 [8.11, 21.45] 0.459
37 SD2 (ms) 26.73 [15.18, 36.61] 25.10 [15.17, 32.29] 0.593
38 SD2/SD1 ratio 1.93 [1.43, 2.46] 1.73 [1.35, 2.27] 0.197
39 Approximate entropy 0.92 [0.84, 0.99] 0.91 [0.84, 0.99] 0.495
40 Sample entropy 1.74 [1.52, 1.97] 1.74 [1.54, 1.92] 0.918
41 alpha 1 1.04 [0.85, 1.23] 1.01 [0.77, 1.22] 0.668
42 alpha 2 0.45 [0.30, 0.60] 0.41 [0.30, 0.59] 0.476
43 Correlation dimension 0.63 [0.00, 1.39] 0.20 [0.01, 0.85] 0.065
44 Mean line length 9.40 [7.44, 11.37] 8.46 [7.36, 10.01] 0.145
45 Max line length (beats) 87.00 [38.00, 131.00] 58.50 [42.00, 92.50] 0.055
46 Recurrence rate (%) 27.34 [20.94, 33.45] 24.96 [20.31, 30.58] 0.164
47 Determinism (DET) (%) 96.69 [95.40, 97.91] 96.80 [95.38, 97.94] 0.857
48 Shannon entropy 2.90 [2.69, 3.12] 2.84 [2.70, 3.03] 0.388
49 MSE(1) 1.74 [1.52, 1.97] 1.74 [1.54, 1.92] 0.917
50 MSE(2) 1.68 [1.45, 1.91] 1.63 [1.43, 1.86] 0.593
51 VLF (Hz) AR spectrum 0.04 [0.03, 0.04] 0.04 [0.04, 0.04] <0.001
52 LF (Hz) AR spectrum 0.08 [0.06, 0.10] 0.07 [0.06, 0.08] 0.435
53 HF (Hz) AR spectrum 0.25 [0.20, 0.30] 0.26 [0.15, 0.31] 0.920
54 VLF (ms2) AR spect. 70.02 [8.91, 128.74] 52.90 [19.33, 98.78] 0.537
55 LF (ms2) AR spectrum 287.63 [50.10, 515.18] 212.48 [62.39, 388.24] 0.248
56 HF (ms2) AR spectrum 222.73 [0.76, 692.79] 94.33 [37.32, 224.52] 0.327
57 VLF (log) AR spectrum 3.69 [2.89, 4.50] 3.96 [2.96, 4.59] 0.697
58 LF (log) AR spectrum 5.04 [4.09, 5.87] 5.36 [4.13, 5.96] 0.750
59 HF (log) AR spectrum 4.49 [3.46, 5.45] 4.55 [3.62, 5.41] 0.634
60 VLF (%) AR spectrum 14.86 [10.05, 19.48] 12.49 [8.96, 20.15] 0.495
61 LF (%) AR spectrum 50.73 [40.52, 61.63] 53.53 [35.22, 61.21] 0.839
62 HF (%) AR spectrum 34.06 [22.11, 47.25] 29.93 [20.11, 50.98] 0.994
63 LF (n.u.) AR spectrum 60.35 [47.52, 73.18] 64.12 [42.67, 75.74] 0.890
64 HF (n.u.) AR spectrum 39.62 [26.69, 52.35] 35.82 [24.25, 57.28] 0.890

Table A4. Comparison of HRV features: Synthetic vs. real data of cardiovascular events (CE).

Feature Number Feature Name Synthetic (100) Real (23) p-Value
Median [IQR] Median [IQR]

1 PNS index 0.06 [−0.96, 1.17] 0.34 [−0.78, 1.03] 0.810
2 SNS index 1.24 [0.07, 2.92] 0.20 [−0.28, 2.53] 0.235
3 Stress index 18.14 [11.79, 26.05] 14.80 [10.23, 23.06] 0.198
4 Mean RR (ms) 903.23 [800.83, 975.13] 942.76 [790.94, 1028.20] 0.381
5 SDNN (ms) 27.70 [13.29, 46.17] 30.90 [13.73, 47.81] 0.840
6 Mean HR (beats/min) 67.94 [62.97, 77.89] 63.64 [58.39, 75.88] 0.233
7 SD HR (beats/min) 2.11 [1.24, 3.26] 2.02 [1.29, 3.00] 0.948
8 Min HR (beats/min) 64.44 [58.09, 71.49] 61.34 [54.02, 72.67] 0.308
9 Max HR (beats/min) 73.84 [66.51, 83.09] 69.82 [64.56, 81.36] 0.290
10 RMSSD (ms) 40.39 [22.13, 70.09] 31.31 [18.62, 73.47] 0.935
11 NNxx (beats) 53.87 [0.00, 131.65] 13.00 [3.00, 141.50] 0.685
12 pNNxx (%) 22.36 [2.46, 38.18] 12.00 [1.06, 49.60] 0.827
13 RR tri index 6.87 [3.15, 9.59] 5.58 [4.02, 9.41] 0.851
14 TINN (ms) 49.50 [24.75, 74.25] 115.00 [71.50, 189.00] <0.001
15 DC (ms) 16.76 [5.82, 26.78] 12.15 [6.16, 25.69] 0.933
16 DCmod (ms) 45.48 [20.10, 70.00] 31.52 [19.01, 75.73] 0.933
17 AC (ms) −16.02 [−25.90, −6.40] −13.91 [−25.98, −6.56] 0.992
18 ACmod (ms) −43.01 [−70.02, −18.92] −30.71 [−72.49, −18.87] 0.984
19 VLF (Hz) 0.04 [0.03, 0.04] 0.04 [0.03, 0.04] 0.681
20 LF (Hz) 0.07 [0.04, 0.08] 0.06 [0.05, 0.07] 0.932
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Table A4. Cont.

Feature Number Feature Name Synthetic (100) Real (23) p-Value
Median [IQR] Median [IQR]

21 HF (Hz) 0.29 [0.25, 0.32] 0.29 [0.24, 0.33] 0.695
22 VLF (ms2) 42.31 [0.77, 98.63] 21.34 [11.92, 45.23] 0.462
23 LF (ms2) 161.15 [2.01, 492.59] 103.57 [53.49, 205.44] 0.976
24 HF (ms2) 675.83 [10.66, 1621.47] 141.55 [51.96, 1096.91] 0.680
25 VLF (log) 3.04 [2.32, 3.74] 3.06 [2.48, 3.81] 0.815
26 LF (log) 4.47 [3.64, 5.63] 4.64 [3.98, 5.32] 0.433
27 HF (log) 5.12 [4.12, 6.63] 4.95 [3.95, 6.99] 0.570
28 VLF (%) 9.11 [3.51, 14.69] 6.80 [1.88, 13.70] 0.481
29 LF (%) 37.17 [19.07, 49.42] 32.42 [16.26, 47.79] 0.575
30 HF (%) 55.59 [36.92, 74.30] 55.41 [38.24, 79.80] 0.604
31 LF (n.u.) 40.49 [19.63, 59.00] 36.82 [16.93, 55.82] 0.626
32 HF (n.u.) 58.94 [40.95, 79.56] 62.93 [44.06, 81.93] 0.601
33 Total power (ms2) 819.21 [13.72, 2243.34] 399.90 [160.46, 1495.71] 0.804
34 LF/HF ratio 1.15 [0.06, 2.55] 0.59 [0.21, 1.27] 0.329
35 RESP (Hz) 0.34 [0.29, 0.38] 0.30 [0.25, 0.38] 0.287
36 SD1 (ms) 28.66 [15.82, 49.66] 22.16 [13.19, 52.02] 0.946
37 SD2 (ms) 26.37 [14.00, 41.11] 31.84 [14.87, 39.66] 0.719
38 SD2/SD1 ratio 1.11 [0.73, 1.52] 0.91 [0.72, 1.40] 0.512
39 Approximate entropy 1.06 [0.96, 1.20] 1.08 [1.03, 1.14] 0.726
40 Sample entropy 1.66 [1.43, 1.89] 1.61 [1.40, 1.90] 0.910
41 alpha 1 0.62 [0.39, 0.91] 0.59 [0.37, 0.87] 0.743
42 alpha 2 0.37 [0.26, 0.48] 0.33 [0.24, 0.45] 0.394
43 Correlation dimension 1.41 [0.55, 2.87] 0.66 [0.01, 3.36] 0.943
44 Mean line length 7.19 [5.25, 8.52] 6.71 [5.29, 7.67] 0.630
45 Max line length (beats) 58.73 [29.13, 83.13] 41.00 [30.50, 60.40] 0.379
46 Recurrence rate (%) 18.55 [13.15, 23.24] 15.85 [13.01, 20.57] 0.630
47 Determinism (DET) (%) 93.81 [92.43, 95.40] 93.87 [92.47, 95.85] 0.841
48 Shannon entropy 2.59 [2.34, 2.82] 2.61 [2.32, 2.74] 0.775
49 MSE(1) 1.66 [1.43, 1.89] 1.61 [1.40, 1.90] 0.910
50 MSE(2) 1.61 [1.36, 1.88] 1.63 [1.46, 1.76] 0.982
51 VLF (Hz) AR spectrum 0.02 [0.01, 0.04] 0.04 [0.00, 0.04] 0.331
52 LF (Hz) AR spectrum 0.08 [0.04, 0.10] 0.06 [0.04, 0.10] 0.475
53 HF (Hz) AR spectrum 0.28 [0.24, 0.34] 0.29 [0.21, 0.36] 0.676
54 VLF (ms2) AR spect. 46.75 [3.91, 91.92] 31.48 [20.02, 72.95] 0.825
55 LF (ms2) AR spectrum 156.85 [1.47, 436.10] 101.50 [46.95, 230.65] 0.990
56 HF (ms2) AR spectrum 607.06 [8.90, 1594.85] 122.87 [53.45, 1005.80] 0.728
57 VLF (log) AR spectrum 3.52 [2.66, 4.23] 3.45 [2.99, 4.28] 0.604
58 LF (log) AR spectrum 4.42 [3.40, 5.63] 4.62 [3.85, 5.44] 0.436
59 HF (log) AR spectrum 5.04 [4.01, 6.36] 4.81 [3.97, 6.91] 0.468
60 VLF (%) AR spectrum 11.64 [6.68, 18.66] 9.03 [4.15, 16.48] 0.463
61 LF (%) AR spectrum 32.35 [17.56, 47.24] 27.74 [13.41, 47.65] 0.518
62 HF (%) AR spectrum 53.88 [33.83, 73.24] 62.74 [31.26, 83.11] 0.606
63 LF (n.u.) AR spectrum 38.96 [22.33, 58.89] 31.09 [13.93, 60.25] 0.588
64 HF (n.u.) AR spectrum 60.95 [41.13, 77.17] 68.66 [39.62, 85.66] 0.575
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