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Abstract

Cardiovascular diseases (CVDs) remain the leading cause of morbidity and mortality
worldwide, accounting for approximately 17.9 million deaths annually. The increasing
burden of CVDs highlights the critical need for timely diagnosis, continuous
monitoring, and early intervention. Traditional clinical approaches to cardiovascular
monitoring are often episodic, resource-intensive, and limited to healthcare facilities,
thereby constraining proactive disease management. In response, wearable health
technologies have emerged as a transformative solution by enabling real-time, non-
invasive, and continuous tracking of vital cardiovascular parameters such as
electrocardiogram (ECG), photoplethysmography (PPG), heart rate variability (HRV),
and blood pressure. These devices, ranging from smartwatches to ECG patches,
generate vast amounts of physiological data, which, when integrated with advanced
computational tools, can significantly enhance cardiovascular care. Deep learning, a
subfield of artificial intelligence, plays a pivotal role in extracting meaningful insights
from this high-dimensional and time-series data. Techniques such as convolutional
neural networks (CNNs), recurrent neural networks (RNNs), and transformer-based
models have demonstrated exceptional capabilities in arrhythmia detection, blood
pressure estimation, and early prediction of cardiac anomalies. This review
synthesizes the latest advancements in wearable-based cardiovascular monitoring,
with a focus on the integration of deep learning algorithms for real-time data analysis.
We explore the types of wearable sensors, signal processing methods, deep learning
architectures, and system-level implementations. Furthermore, we discuss the clinical
implications, current limitations, regulatory landscape, and future directions, including
edge Al, federated learning, and multi-modal data integration. The convergence of
wearable technologies and deep learning holds the potential to revolutionize
cardiovascular healthcare by transitioning from reactive to predictive and personalized
medicine.
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1. Introduction

Cardiovascular diseases (CVDs) constitute the leading cause of death globally, responsible for nearly 18 million deaths each
year, representing 32% of all global deaths according to the World Health Organization (WHO, 2021). Among these, a significant
proportion occurs prematurely, affecting individuals under the age of 70. The rise in cardiovascular conditions such as
hypertension, arrhythmias, coronary artery disease, and heart failure is driven by lifestyle factors, genetic predisposition, and an
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aging population. This growing health crisis places a
tremendous burden on healthcare systems, particularly in
low- and middle-income countries where access to timely
diagnostics and continuous care is limited. Early detection
and continuous monitoring of cardiovascular health
indicators are crucial for reducing disease severity,
preventing complications, and improving patient outcomes.
Traditionally, cardiovascular diagnostics have relied heavily
on intermittent clinical evaluations and hospital-based
monitoring methods such as electrocardiograms (ECG),
echocardiograms, and stress tests. These diagnostic
modalities, although clinically robust, are limited by their
episodic nature, dependency on in-clinic access, and lack of
real-time insight into dynamic physiological changes.
Furthermore, patients often remain undiagnosed until
symptomatic, missing critical windows for preventive care or
early intervention. Hospital-based systems also fail to
accommodate the growing need for personalized and
decentralized healthcare models, particularly in chronic
disease management, where continuous observation is
pivotal (Manik et al., 2018, Miah et al., 2019, Manik et al.,
2020, Manik et al., 2021) [27:3%, 29, 28]

In recent years, wearable health technologies have emerged
as a promising solution to bridge these diagnostic and
monitoring gaps. Devices such as smartwatches, fitness
trackers, wearable ECG patches, and smart rings have
become increasingly sophisticated and accessible. These
devices are equipped with sensors capable of capturing high-
frequency physiological data such as heart rate, oxygen
saturation (SpO:), heart rate variability (HRV), and
photoplethysmographic (PPG) signals. The ubiquity of these
wearables allows for non-invasive, real-time monitoring of
cardiovascular parameters in everyday settings, offering
insights that are otherwise unattainable in clinical
environments. As a result, wearable devices have
transformed from fitness-oriented consumer gadgets into
essential medical-grade tools for disease monitoring and
prevention (Miah et al., 2019, Manik et al., 2020) [3% 29,
However, the volume and complexity of data generated by
wearable sensors present new challenges in terms of storage,
analysis, and interpretation. These physiological signals are
often noisy, high-dimensional, and non-linear, necessitating
advanced computational methods for effective signal
processing and feature extraction. This is where deep learning
a subset of artificial intelligence (Al) has shown
transformative potential. Deep learning models, including
convolutional neural networks (CNNs), recurrent neural
networks (RNNs), long short-term memory networks
(LSTMs), and transformer-based architectures, have
demonstrated remarkable success in analyzing biomedical
time-series data. These models can learn hierarchical
features, detect subtle anomalies, and perform classification
and prediction tasks with high accuracy—far surpassing
traditional signal processing approaches. For example, CNNs
have been employed to classify ECG signals and detect
arrhythmias with accuracy comparable to that of expert
cardiologists (Rajpurkar et al., 2017; Manik et al., 2018;
Chen et al., 2020; Miah et al., 2019) [¥3 27.10.31 RNNs and
LSTMs are especially well-suited for sequential data such as
heart rate variability and can model temporal dependencies
critical for predicting cardiovascular events. Moreover, the
use of attention mechanisms and transformer models has
opened new avenues for interpretability and long-range
signal understanding in biomedical domains. Integrating
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these Al capabilities with real-time data from wearable
devices offers a powerful paradigm for proactive and
personalized cardiovascular care (Bent et al., 2020; Barrett et
al., 2014) =81,

The application of deep learning to wearable health data is
not merely a theoretical pursuit—it is already influencing the
development of commercial and clinical tools. FDA-
approved devices such as the Apple Watch and AliveCor’s
KardiaMobile have incorporated machine learning
algorithms for atrial fibrillation detection and other
diagnostic tasks. These advancements underscore the
feasibility and growing trust in Al-powered wearable
solutions (Bent et al., 2020) Pl Nevertheless, challenges
remain, particularly regarding data privacy, model
interpretability, and the generalizability of Al models across
diverse populations and conditions (Manik et al., 2022; Chen
et al., 2020; Mahmud et al., 2023) [?6:10. 251 Given the rapid
technological convergence of wearables and deep learning,
there is a pressing need to systematically review and
synthesize the state of research in this domain. This review
aims to bridge that gap by exploring the intersection of real-
time cardiovascular monitoring, wearable health data, and
deep learning algorithms. By providing a comprehensive
overview of current advancements, technological
architectures, and clinical implications, this review serves as
a resource for researchers, clinicians, and developers seeking
to leverage wearable technology and artificial intelligence for
improved cardiovascular health outcomes. As the healthcare
industry increasingly pivots toward digital, patient-centric
models, real-time cardiovascular monitoring powered by
deep learning will play a central role in shaping the future of
precision medicine and preventive care.

2. Wearable technology for cardiovascular monitoring
2.1 Types of wearable devices

The rapid evolution of wearable technology has transformed
the landscape of cardiovascular health monitoring by
providing non-invasive, real-time tracking of physiological
parameters outside traditional clinical environments. These
devices, powered by sensors and wireless communication
systems, offer users and healthcare providers continuous
access to valuable data such as heart rate, electrocardiogram
(ECG), blood oxygen levels, and heart rate variability (HRV).
Among the various form factors, smartwatches, chest straps
and ECG patches, and smart rings and clothing represent the
most widely adopted categories in cardiovascular
applications (Mahmud et al., 2023; Manik et al., 2022) [25.26],

2.2 Smartwatches

Smartwatches are among the most prevalent wearable
devices due to their user-friendly interfaces, portability, and
multifunctionality. Devices like the Apple Watch, Fitbit, and
Samsung Galaxy Watch have incorporated sensors capable of
tracking heart rate using photoplethysmography (PPG),
detecting atrial fibrillation, and estimating blood oxygen
saturation (SpO2). Apple’s FDA-cleared ECG feature in its
Series 4 and later models can record a single-lead ECG and
identify signs of irregular heart rhythms such as atrial
fibrillation (Apple Inc., 2018; Chen et al., 2020) ™ 19, Fitbit
devices offer continuous heart rate monitoring and HRV
analysis, which are crucial for stress assessment and early
detection of cardiovascular anomalies (Bent et al., 2020) [,
These devices also enable integration with smartphone
applications and cloud platforms for health data visualization
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and remote physician access.

2.3 Chest straps and ECG patches

Chest straps and ECG patches offer more precise
cardiovascular monitoring, particularly for fitness enthusiasts
and clinical patients. Devices such as the Polar H10 chest
strap provide accurate heart rate readings based on electrical
signals from the heart, making them ideal for high-intensity
exercise monitoring (Wheat et al., 2021) 71, On the clinical
side, wearable ECG patches like Zio Patch (iRhythm) and
VitalPatch (VitalConnect) offer continuous multi-day ECG
monitoring with medical-grade accuracy. These patches
adhere directly to the chest and can detect a wide range of
arrhythmias, often used in ambulatory ECG studies for early
detection of cardiac irregularities (Barrett et al., 2014; Chen
et al., 2020) [8 19, Their convenience and comfort make them
suitable for extended outpatient monitoring, replacing bulky
Holter monitors in many settings.

2.4 Smart rings and smart textiles

Smart rings and smart textiles represent emerging categories
in wearable cardiovascular monitoring. Smart rings, such as
the Oura Ring, are compact and unobtrusive, equipped with
sensors that measure heart rate, HRV, SpO-, and temperature
during sleep and daily activities. They are especially valuable
in long-term wellness tracking and sleep quality analysis,
with growing interest in clinical applications for detecting
early signs of illness (de Zambotti et al., 2017) 4. Smart
clothing integrates biosensors directly into fabrics, enabling
real-time ECG and respiratory rate monitoring. Examples
include Hexoskin shirts and Myant garments, which can
collect high-fidelity biometric data during both activity and
rest. While still in development for widespread clinical use,
these technologies show promise for continuous and passive
cardiovascular assessment (Slapnicar et al., 2019; Chenet al.,
2020) B5 190 In summary, wearable devices ranging from
commercially popular smartwatches to clinically validated
chest patches and cutting-edge smart textiles offer diverse
solutions for cardiovascular monitoring. Their growing
accuracy, affordability, and integration with Al-driven health
platforms make them indispensable in advancing
personalized and preventive cardiovascular care.

3. Deep learning techniques in cardiovascular monitoring
3.1 Overview of deep learning models

Deep learning (DL) has emerged as a transformative
approach in biomedical signal processing, particularly in the
context of cardiovascular monitoring. The growing volume
and complexity of physiological data collected from wearable
devices necessitate advanced analytical models capable of
learning rich temporal and spatial features. Traditional
machine learning methods often rely on handcrafted features
and domain-specific preprocessing, which can limit
scalability and generalizability. In contrast, deep learning
models are capable of automatically extracting meaningful
patterns from raw or minimally processed data, making them
particularly well-suited for continuous, real-time health
monitoring. The most widely used deep learning
architectures in cardiovascular applications include
Convolutional Neural Networks (CNNs), Recurrent Neural
Networks (RNNs) with variants such as Long Short-Term
Memory (LSTM) and Gated Recurrent Units (GRU), and the
more recent Transformer-based and hybrid models (Alasa,
2020; Alasa, 2021; Hossain, 2021) 22191,
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Convolutional Neural Networks (CNNs) are particularly
effective in analyzing spatial and temporal patterns in one-
dimensional biomedical signals such as electrocardiograms
(ECGs) and photoplethysmographic (PPG) data. CNNs apply
convolutional filters across input signals to detect localized
patterns, such as QRS complexes or arrhythmic intervals in
ECGs. Studies have demonstrated that CNNs can achieve
performance comparable to that of expert cardiologists in
arrhythmia classification tasks (Rajpurkar et al., 2017) 33,
CNNs are also computationally efficient, making them
suitable for deployment on edge devices such as wearables
and smartphones (Alasa, 2020; Alasa, 2021) [,

Recurrent Neural Networks (RNNs), including LSTM and
GRU models, are designed to process sequential data and are
particularly useful in capturing temporal dependencies within
cardiovascular time-series. These architectures retain
information across time steps, allowing them to model
patterns such as heart rate variability and detect trends
indicative of cardiac anomalies. LSTMs, for instance, have
been effectively used to predict blood pressure and classify
arrhythmias based on long-duration ECG signals (Kachuee et
al., 2018; Alasa, 2020) 2.1, GRUs, a more computationally
efficient variant of LSTM, are also widely used in wearable-
based health monitoring systems due to their reduced
complexity and faster convergence.

Transformer-based models represent a significant leap
forward in deep learning, offering the ability to model long-
range dependencies in time-series data through self-attention
mechanisms. Originally developed for natural language
processing, transformers have been adapted for biomedical
applications with promising results. Models such as Health
Transformer and BioBERT have demonstrated improved
performance over traditional RNNs and CNNs in tasks
involving multi-signal interpretation and disease prediction
(Li et al., 2021; Alasa, 2021) 232, ChemBERTa and ECG-
BERT, for example, show how domain-specific adaptations
of transformer models can lead to high accuracy in complex
signal classification tasks, such as multi-lead ECG
interpretation. Hybrid architectures combining CNNs with
attention layers or transformer blocks have also emerged,
aiming to leverage the strengths of both localized feature
extraction and global context modeling (Slapnicar et al.,
2019) 31,

3.2 Applications in signal analysis

Deep learning techniques have revolutionized the analysis of
cardiovascular signals by enabling the automatic extraction
of complex patterns from raw data. This has led to significant
improvements in diagnostic accuracy, early disease
detection, and real-time monitoring. Wearable devices
continuously generate high-resolution physiological signals
such as electrocardiograms (ECG), photoplethysmography
(PPG), and heart rate variability (HRV) data, which are ideal
for deep learning-based analysis. Among the most prominent
applications of deep learning in cardiovascular signal
analysis are arrhythmia detection, heart rate and HRV
prediction, and blood pressure estimation using PPG.

3.2.1 Arrhythmia Detection (e.g., Atrial Fibrillation)

One of the most impactful applications of deep learning is in
the detection of arrhythmias, especially atrial fibrillation
(AF), which is a major risk factor for stroke and heart failure.
Traditional arrhythmia detection relies on manual
interpretation of ECGs by cardiologists, which can be time-
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consuming and subjective. Deep learning models,
particularly convolutional neural networks (CNNs) and
recurrent neural networks (RNNSs), have demonstrated the
ability to classify arrhythmic events with cardiologist-level
performance. For instance, Rajpurkar et al. (2017) [
developed a CNN model trained on over 64,000 ECG
recordings, achieving high accuracy in classifying 14 types
of arrhythmias, including AF. These models have been
incorporated into commercial devices like the Apple Watch
and KardiaMobile, enabling real-time arrhythmia screening
in non-clinical environments (Slapnicar et al., 2019) (%1,

3.2.2 Heart Rate and HRV Prediction

Heart rate (HR) and heart rate variability (HRV) are critical
indicators of autonomic nervous system activity and
cardiovascular health. Deep learning models, particularly
LSTM and GRU networks, are adept at capturing the
temporal dynamics of HRV from sequential ECG or PPG
data. These models have been applied to predict short-term
fluctuations in heart rate and detect stress, fatigue, or cardiac
dysfunction. For example, deep recurrent networks have been
trained to identify HRV anomalies associated with sleep
apnea and stress-related disorders using wearable-derived
signals (Liu et al., 2018; Chen et al., 2020) [+ 10
Furthermore, HRV analysis using Al can aid in early warning
systems for cardiac events and support remote monitoring for
at-risk patients.

3.2.3 Blood Pressure Estimation from PPG

Non-invasive, cuffless blood pressure (BP) estimation using
PPG signals is a rapidly growing research area, especially
relevant for continuous cardiovascular monitoring through
wearables. Traditional BP monitoring methods are either
invasive or rely on bulky cuff-based devices, which are
unsuitable for continuous tracking. Deep learning models
such as CNNs and hybrid CNN-LSTM architectures have
been trained to estimate systolic and diastolic pressure from
PPG waveforms with promising accuracy. Studies like that of
Slapnicar et al. (2019) B have demonstrated the feasibility
of using DL models to predict BP levels in real-time, using
large public datasets such as MIMIC. These models consider
pulse transit time, waveform morphology, and contextual
features, offering a scalable solution for continuous BP
monitoring in daily life (Banerjee et al., 2021; Chen et al.,
2020) [ 1% In conclusion, deep learning models are
transforming signal analysis in cardiovascular monitoring by
offering high precision, automation, and scalability. Whether
through arrhythmia detection, HRV analysis, or non-invasive
BP estimation, these applications are setting the stage for
intelligent, proactive, and personalized cardiovascular care.

4. Current limitations and challenges

Despite the immense promise of integrating wearable health
data with deep learning for real-time cardiovascular
monitoring, several technical, ethical, and practical
limitations continue to hinder widespread clinical adoption.
These challenges span across model development, data
management, and system deployment, and addressing them
is essential to ensure reliability, fairness, and patient safety.

4.1 Model generalizability and patient variability

Deep learning models are often trained on datasets collected
from controlled environments or homogenous populations,
which may not generalize well across diverse patient groups.
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Factors such as age, gender, skin tone, activity level, and
comorbidities can affect physiological signals like ECG and
PPG. For instance, wearable sensors may produce different
signal qualities depending on skin pigmentation or wrist
circumference, leading to inconsistent model performance
(Banerjee et al., 2021) 1. A model trained predominantly on
middle-aged males may underperform on data from elderly
females or patients with arrhythmic disorders. Hence,
ensuring demographic diversity in training datasets and
validating models across populations is critical for
developing clinically robust Al tools.

4.2 Data privacy, security, and ethical concerns

The collection and transmission of continuous health data
from wearable devices raise substantial privacy and security
concerns. Real-time monitoring involves capturing sensitive
physiological information that, if leaked or misused, could
violate patient confidentiality or lead to discriminatory
practices. While regulations like HIPAA (in the U.S.) and
GDPR (in Europe) provide legal frameworks, technical
enforcement of these standards such as through data
encryption, anonymization, and access control is still
evolving (Banerjee et al., 2021) Ul Moreover, ethical
challenges related to informed consent, data ownership, and
the right to opt out must be addressed as Al becomes more
embedded in healthcare.

4.3 Limited availability of labeled real-world data
High-quality, labeled real-world datasets are the cornerstone
of effective deep learning. However, obtaining accurately
annotated data from wearable devices is both labor-intensive
and expensive. Manual labeling of ECG or PPG signals
requires clinical expertise and can be error-prone (Chen et al.,
2020; Banerjee et al., 2021) [0 7 Additionally, most
wearable-collected data in the wild is noisy, imbalanced, or
lacks associated clinical outcomes, limiting its utility for
supervised model training. Efforts to create large-scale,
standardized, and diverse open-access datasets like
PhysioNet are underway but remain insufficient to support
the full spectrum of cardiovascular conditions and population
variability.

4.4 Interpretability of deep learning decisions

Deep learning models, especially deep neural networks, often
function as “black boxes,” making it difficult to understand
how specific predictions are made. In clinical settings, the
inability to explain why a model predicts arrhythmia or high
blood pressure undermines trust among healthcare providers
and can delay regulatory approval. Interpretability is essential
not only for clinical transparency but also for debugging,
auditing, and identifying bias in model performance. While
tools like SHAP (SHapley Additive exPlanations) and LIME
(Local Interpretable Model-agnostic Explanations) offer
post-hoc interpretability, they are not yet standard in
wearable health systems and often fall short in explaining
complex time-series predictions (Chen et al., 2020) [,

5. Future Perspectives

As wearable technology and deep learning continue to
mature, the future of real-time cardiovascular monitoring is
poised to shift from reactive diagnostics to proactive,
personalized, and continuous care. The integration of
innovative machine learning strategies with next-generation
sensors will enable a more holistic understanding of
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cardiovascular health, while simultaneously addressing
current limitations in privacy, data diversity, and system
interoperability. A promising direction in Al for healthcare is
the use of federated learning (FL), a decentralized model
training approach where data remains on local devices, and
only model updates are shared with central servers (Chen et
al., 2020; Manik et al., 2022) 1% 261 This method enhances
data privacy and security by eliminating the need to transfer
sensitive  health information across networks. In
cardiovascular monitoring, federated learning can be
particularly useful for training models on data collected from
heterogeneous sources, such as wearable devices in different
geographic regions or clinical settings. FL also promotes
collaborative Al development among institutions without
exposing raw patient data, which could lead to more
generalizable models across diverse populations (Li et al.,
2020; Mahmud et al., 2023) [2223],

Another key future direction is multimodal data integration,
wherein diverse types of health data such as ECG signals,
echocardiograms, cardiac MRI images, lab test results, and
even genomic profiles are analyzed collectively to derive
deeper insights into cardiovascular risk and progression. For
example, combining real-time ECG data from wearables with
structural  imaging could enhance detection of
arrhythmogenic substrates or heart failure patterns (Alasa,
2020; Alasa, 2021; Chen et al., 2020) ™ 2 01 Similarly,
integrating genomic risk factors with dynamic physiological
data may allow the prediction of individualized disease
trajectories. Deep learning models such as transformers and
graph neural networks (GNNs) are increasingly being
explored for this purpose due to their capability to handle
complex, structured data across modalities. The convergence
of wearable data and deep learning also supports the
transition to personalized cardiovascular medicine. Al can
analyze longitudinal trends in heart rate, blood pressure,
activity, and HRV to deliver customized recommendations
and early alerts tailored to an individual’s baseline
physiology and risk profile. Predictive models could
eventually suggest optimal medication regimens, dietary
changes, or physical activity goals based on real-time data
streams (Alasa, 2020; Alasa, 2021; Hossain, 2021) [ 2 281,
Furthermore, adaptive learning systems may adjust
prediction thresholds and model weights dynamically as
patient data evolves over time, improving the sensitivity and
specificity of early warning systems.

For wearable-Al solutions to gain widespread adoption, they
must be seamlessly integrated into the broader clinical and
hospital  infrastructure. ~ Achieving  this  requires
interoperability standards such as HL7 FHIR (Fast
Healthcare Interoperability Resources), which allow
wearable data to be incorporated into electronic health
records (EHRs) and utilized by clinicians in their workflows.
Such integration would enable bidirectional communication
allowing physicians to remotely monitor patients and adjust
care plans, while patients receive timely, data-driven insights
through their devices. Interoperability also supports
population-level analytics, helping health systems identify
trends, allocate resources, and manage chronic
cardiovascular conditions more effectively.

6. Conclusion

The field of real-time cardiovascular monitoring has
undergone a significant transformation, driven by the
convergence of wearable health technologies and deep
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learning algorithms. This synergistic integration enables
continuous, non-invasive tracking of vital cardiovascular
parameters such as ECG, PPG, HRV, and blood pressure—
providing actionable insights far beyond the capabilities of
traditional, episodic diagnostic methods. The ability to
process physiological data in real time and detect anomalies
such as arrhythmias or hypertension has opened new avenues
for early intervention, personalized medicine, and remote
patient management. Wearable technologies, ranging from
smartwatches and ECG patches to emerging smart rings and
textiles, have evolved from consumer gadgets into powerful
medical-grade devices. Simultaneously, deep learning
models, including CNNs, LSTMs, GRUSs, and transformers,
have demonstrated exceptional performance in analyzing
complex cardiovascular signals enabling accurate arrhythmia
detection, heart rate and HRV prediction, and non-invasive
blood pressure estimation. Together, they form a robust,
scalable framework for proactive cardiovascular care.
Despite these advancements, challenges such as model
generalizability, data privacy, interpretability, and the limited
availability of labeled real-world data must be addressed to
fully unlock the clinical potential of wearable-Al systems.
Future research directions, including federated learning,
multimodal data integration, and interoperable system
design, promise to enhance the scalability, equity, and
precision of these technologies. In conclusion, the integration
of wearable health data with deep learning is poised to
redefine the landscape of cardiovascular healthcare. As
technological innovations continue to mature and regulatory
frameworks evolve, we anticipate a future where real-time,
Al-powered cardiovascular monitoring becomes a standard
component of personalized and preventive medicine,
ultimately improving patient outcomes and reducing the
global burden of heart disease.
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