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Abstract—Cardiovascular disease is still the leading cause of
death, and a definitive cure has not yet been found, so this is the
time to make important changes in prevention and early
diagnosis. Integrating artificial intelligence, machine learning,
wearable sensors, and biomedical imaging is changing healthcare
for cardiovascular care. Recent breakthroughs have reported
that the use of smart immune sensors and artificial intelligence
helps diagnose disease by testing blood and urine samples. The
upcoming advances from various emerging technologies are
expected to greatly enhance the overall accuracy and
personalization of diagnostic processes within the medical field.
This essay explores difficulties relating to domain adaptation,
variability in data, and interpretability, including the need for
rigorous validation tests and ethical considerations. The new
system is made up of several programs that help the user to make
decisions more efficiently in situations where rapid action is
needed, while considering privacy preservation, clinical quality
improvement, and energy efficiency. This review of more than
sixty recent studies is an attempt to broaden the field of
cardiovascular care by introducing a roadmap for further
research. The creation of a fully responsive cardiovascular
diagnostic system is not yet complete and requires the
contribution of several entirely different fields of science.
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l. INTRODUCTION

Cardiovascular disease (CVDs) are the number one cause
of morbidity and mortality in the world, responsible for almost
one-third of all deaths each year [1]. Heart and blood vessel
conditions include coronary artery disease, heart failure,
arrhythmias, stroke and other conditions that affect the
cardiovascular system. Early identification of these risks is
therefore critical. Hospital-based methods like ECG,
echocardiography, and lab-based blood tests are clinically
effective, but the episodic nature of the tests impedes timely
intervention [2].

Technology has given us new sensors to wear on our body,
Al and robots that can help us to diagnose and help with
therapy for heart diseases [3]. Real-time processing of high-
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dimensional physiological data with machine learning
algorithms enables enhanced risk stratification and anomaly
detection. At present, new biosensors and microfluidic
methods allow the non-invasive monitoring of biomarkers,
while deep learning models help in the interpretation of
medical images and cardiovascular signals [4, 5].

Nonetheless, there are challenges related to data
heterogeneity, signal artifacts, algorithm bias, low
interoperability, and low validation standards [6]. This review
will integrate information from multi-disciplinary areas to
help bridge some of the prevailing gaps on emergent Al- and
sensor-based technologies for cardiovascular care. The aim is
to showcase present advancements, uncover key challenges,
and recommend integrated strategies for robust, fair, and
scalable heart diagnostic methods [7, 8].

This review is guided by the question of how emerging Al
methods, sensing technologies, and imaging tools can be
combined into an integrated framework for earlier and more
scalable cardiovascular diagnostics [9]. The main contribution
is a cross-disciplinary synthesis of recent technologies
together with a conceptual framework for responsive
cardiovascular diagnostic systems [10].

The remainder of this study is structured as follows:
Section Il reviews prior work on Al-driven cardiovascular
diagnostics, Section Il describes the review methodology,
Section IV summarizes key advances in sensing, imaging, and
predictive modeling, Section V presents the proposed
integrated framework, and Section VI concludes with final
observations and directions for future research.

Il.  RELATED WORK AND LITERATURE REVIEW

A. Machine Learning Techniques for Cardiovascular
Detection

Machine learning is now being applied in a greater
capacity in the detection of cardiovascular disease and so on
[22][26][39][40]. Further, it brings an increase in accuracy and
efficiency and the early detection of the disease. The
traditional systems are being replaced by the data-driven
machine learning approach because they use real-world data
for the diagnosis of diseases [24][28]. They have proved to
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use complex multi-dimensional data like physiological signals
and patient clinical record [27] [33][34].

1) Supervised learning methods: Support Vector
Machines (SVM), Random Forest (RF), Decision Trees (DT)
and k-Nearest Neighbors (k-NN) are supervised algorithms
extensively used for binary classification of healthy and
diseased subjects [1][3][6][22][26][39]. Methods like
AdaBoost and Gradient Boosting, called ensemble methods,
improve the accuracy of predictions [4] [15] [33][34].

Ahmad et al. [1], for instance, applied numerous ML
models on UCI heart disease dataset and discovered that
Random Forest achieved an accuracy of 86%, which was
greater than Naive Bayes and Logistic Regression. Ali et al.
[3] made a comparative performance analysis of various
classifiers and reported that the ensemble approaches can
reduce false positives [30].

2) Deep learning approaches: CNN and RNN deep
learning techniques have shown great competence in high-
dimensional and temporal data processing (such as ECGs and
imaging) for medical purposes. CNNs extract layers of
features from raw inputs according to a hierarchical structure,
making them effective for ECG classification and cardiac
image segmentation [11][17][18][30][39][40].

Kim et al. [17] deployed Transformer-based models for
ECG analysis and achieved more than 90% accuracy on multi-
lead ECG datasets [18] [60]. Hernandez et al. [11] compared
deep learning models for arrhythmia detection. They found
that the LSTM network adopted offers a deeper temporal
learning architecture than a CNN and superior performance
[34] [59].

3) Hybrid and Ensemble Models: Hybrid models combine
classic ML with deep learning or other types of heuristic
techniques like Genetic Algorithms or Fuzzy Logic
[26][33][39]. Islam and his team employed a combination of
deep learning and genetic algorithms to effectively forecast
cardiovascular risk. According to reports, this model attained
an accuracy of 94.5% on standard datasets.

According to Chopra and others, they used classifier
techniques which ensured a good trade-off between sensitivity
and specificity, which is essential in real life [22][28][39].

4) Explainable Al and Fairness: As Al models join
clinical decision-making, interpretability and fairness have
become essential. It is possible that black-box predictions
without transparency will not be acceptable in high-risk
medical settings. Recent studies therefore stress on the
adoption of Explainable Al (XAl) techniques such as SHAP,
LIME, and attention mechanism [12] [20][32].

To reduce bias, Pi et al. [55] adopted causal reasoning
frameworks that adjust for demographic differences, leading
to more generalizable models across a wide range of patients
[50].
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Fig. 1. Evolution of cardiovascular diagnostics and Al integration.

Fig. 1 illustrates the progression from conventional
cardiovascular diagnostics toward Al-enabled, data-driven
approaches that integrate multimodal sensing and advanced
analytics.

This study presents a narrative, technology-oriented
review and does not analyse any newly collected patient data.
Relevant studies were gathered from sources such as IEEE
Xplore, PubMed, and other major digital libraries by using
combinations of search terms related to cardiovascular
disease, artificial intelligence, wearable sensing, biosensing,
microfluidics, medical imaging, and robotics. Across these
works, commonly used benchmark datasets include UCI Heart
Disease, the Framingham Risk Study, MIT-BIH arrhythmia
databases, PTB-XL, and MIMIC-II1, among others, which the
original authors employ to develop and evaluate their
proposed models.

TABLE I. SUMMARY OF MACHINE LEARNING MODELS FOR

CARDIOVASCULAR DISEASE DETECTION

Model / Study Dataset Used | Accur Key Contribution

acy
(%)
Random Forest - | UCI Heart | 86 Improved
Ahmad et al. [1] Disease classification via
ensemble learning
SVM -Ali etal. [3] Cleveland 84.5 Compared
Dataset performance of
standard classifiers
CNN - Hernandez et al. | MIT-BIH 91.2 Automatic feature
[11] Arrhythmia extraction from ECG
LSTM - Hernandez et | MIT-BIH 92.6 Captures temporal
al. [11] Arrhythmia ECG dependencies
Transformer - Kimetal. | PTB-XLECG | 94.3 Long-range ECG
[17] interpretation

Hybrid DL + Genetic | UCI Heart + | 94.5 Risk prediction via

Algorithm - Islam et al. | Custom optimization

[13] Features

Ensemble (Voting | Framingham 89.7 Balanced  accuracy
Classifier) - Chopra et | Dataset and interpretability
al. [5]

Causal Adjustment - Pi | Chest X-ray + | 88.3 Bias mitigation using
et al. [55] EHR causal graphs

438|Page

www.ijacsa.thesai.org




(IJACSA) International Journal of Advanced Computer Science and Applications,

Table | brings together major machine learning approaches
used for cardiovascular disease detection, outlining the data
they consume, the prediction tasks they address, and how well
they perform.

Performance of ML Models in Cardievascular Disease Detection

a 70 £ i £
Ascuracy (%)

Fig. 2. Comparison of ML model architectures for cardiovascular prediction.

Fig. 2 compares different machine learning architectures
used for cardiovascular risk and event prediction, highlighting
their main inputs, outputs, and structural differences.

B. Emerging Biomarkers and Biosensors

The cardiovascular biomarkers have gained a lot of interest
for the detection and assessment of cardiovascular disease
(CVD). According to present-day studies, common
biomarkers like troponins, B-type natriuretic peptide (BNP),
and C-reactive protein remain the standard practice. However,
more recent research focuses on newer highly-sensitive and
real-time detection methods supported by biosensors and
nanotechnology-enhanced platforms.

Recent studies focus on high-sensitivity detection
mechanisms using apt sensors. These sensors use either
oligonucleotide or peptide molecules for the binding of
specific biomarkers. Jaric et al. [14] have shown femtomolar
(10-15 M) level detection of NT-proBNP in artificial saliva.
This is a significant achievement to detect early-stage
diagnosis of heart failure. Just like that, vertical flow assays
and enhanced electrochemical platforms based on graphene
have been able to measure troponin levels with nanoscale
biosensors with a lot of accuracy [10], [36].

Microfluidic systems are another technology being
combined with biosensors for real-time sampling of low-
volume media and multiplexed detection. According to Ma et
al. [20], diagnostic microfluidics are potentially able to
measure cardiovascular biomarkers such as D-dimer, IL-6,
and hs-CRP. They offer portable and affordable solutions for
effective point-of-care testing.

The signal amplification and use of nanomaterials (gold
nanoparticles, carbon nanotubes, quantum dots, etc.) have
greatly improved the sensitivity and specificity of biosensors
[25], [35]. These can help improve the signal transduction and
enable rapid electrochemical or optical readouts of the output.

An increasing focus on the coupling of wearable sensors
with chemical biomarkers is also emerging. To illustrate,
sweat and interstitial fluid sensors worn on the body have
shown usefulness in monitoring a cardiac biomarker
continuously [31]. The use of biosensors with Artificial
Intelligence-powered systems will lead to closed-loop
cardiovascular diagnostics and therapy.
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However, biosensor systems face challenges like
standardization, calibration, biocompatibility and long-term
stability. To make them reliable for clinical use, one must
resolve these issues.

TABLEIl.  SUMMARY OF BIOSENSORS AND DETECTION TECHNIQUES FOR
CARDIOVASCULAR BIOMARKERS
Biomar Sensor Type Detection Method Limit of
ker Detection
NT- Aptamer-based biosensor [14] | Electrochemical 5fM
proBN impedance
P
Tropon | Graphene-enhanced Vertical flow | 0.01 ng/mL
inl electrochemical sensor [10] assay
CRP Quantum dot optical sensor | Fluorescence- 1 pg/mL
[36] based detection
D- Microfluidic ~ immunoassay | Colorimetric 20 ng/mL
dimer [20] readout
IL-6 Nanoparticle-amplified Electrochemilumi | 10 pg/mL
ELISA [25] nescence
hs-CRP | Lab-on-chip microfluidic | Electrochemical 2 pg/mL
device [35] impedance

Table Il lists a range of biosensors and their detection
methods for cardiovascular biomarkers, noting the sensing
principle, sample medium, and indicative sensitivity or
detection limits.

C. Microfluidics and Nanoscale Diagnostics

Microfluidics and nanotechnology present opportunities
for the early diagnosis of cardiovascular disease [28][37][38].
They are highly sensitive, require a low volume of the sample,
and can be used for PoC diagnostics [28].

Microfluidic  technologies allow for the precise
manipulation of fluids in channels that are sub-millimeter in
size. This permits integration of complex diagnostic
workflows onto a single chip [28][37]. According to Ma and
colleagues [20], the proposed techniques can be successfully
implemented for the analysis of biomarkers troponin and NT-
proBNP at enhanced efficiency and speed. Blood Filtration,
Mixing, and Detection.

System: These systems are integrated for real-time cardiac
biomarker detection. Microfluidic readouts have been
combined with deep learning methods. Han et al. [10]
proposed a paper-based vertical flow assay enhanced with
deep learning for Troponin detection to improve the sensitivity
and interpretability of microfluidic systems.

Aptasensors and nanoparticle-enhanced detection have
emerged on a nanoscale. Jaric et al. [14] and Jaric & Petrova
[36] developed sensors based on aptamers that can detect NT-
proBNP in saliva at a concentration of femtomolar level. This
is a non-invasive way of diagnosing heart failure. Meanwhile,
nanoscale sensors using surface plasmon resonance and
electrochemical transduction to quantify biomarkers were
discussed by Shi et al. [25] and Liu & Wang [35].

In addition, Debus et al. [43] investigated molecular
communication in blood using  superparamagnetic
nanoparticles. The study found that physiological complexity
(e.g., non-Newtonian flow) can lead to signal distortion at the
nanoscale. As a result, it is crucial to take this into account
while designing intra-body Nano networks [41][54].
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Microfluidic and nanoscale diagnostics hold promise but
face various barriers to real-world deployment including
reproducibility, mass manufacturing, and standardization.
These platforms really represent a big movement toward fast,
very sensitive, and decentralized cardiovascular testing.

Sample
Inlet

Metal Electrodes

Fig. 3. Lab-on-Chip microfluidic architecture.

Fig. 3 presents a lab-on-chip microfluidic layout for
cardiovascular biomarker analysis, showing the sample inlets,
micro channels, and detection zones integrated on a compact
platform.

TABLE IIl.  MICROFLUIDIC AND NANOSCALE DIAGNOSTIC PLATFORMS
FOR CARDIOVASCULAR APPLICATIONS
Technology Target Application Detection Limit Advantages
Lab-on-a- On-chip detection of | Sub-ng/mL [20] Integrated
chip cardiac  biomarkers sample
Microfluidi (e.g., troponin, CRP) processing and
cs analysis
Paper-based | Low-cost troponin | | ~0.01 ng/mL [10] Portable,
Microfluidi detection rapid, and
c Assay inexpensive
Aptamer- Non-invasive ~ NT- | Femtomolar High
based proBNP [14][36] selectivity and
Nanosensor | quantification non-
S invasiveness
Surface High-sensitivity Low pg/mL | Label-free,
Plasmon electrochemical [25][35] real-time
Resonance detection measurement
Sensors
Molecular Signal propagation | Signal degradation | Novel
Communica | in  blood using | due to viscosity | paradigm for
tion Testbed | nanoparticles and flow patterns | in-body
[43] communicatio
n
Table 1l presents representative microfluidic and

nanoscale diagnostic platforms tailored to cardiovascular
applications, describing device layouts, operating modes, and
typical clinical scenarios.

D. Image and Signal Interpretation Using Deep Learning

Deep learning is impacting cardiovascular imaging and
signal analysis by automating feature extraction, improving
diagnostic accuracy, and enabling faster assessment across
modalities. CNNs, transformers, and hybrid architectures are
widely used for tasks like image segmentation, disease
classification, and reconstruction from undersampled data
[30][39][40][59].

1) Imaging-Based cardiovascular assessment: Imaging
techniques like MRI, CT scan, and echocardiogram can aid in
the diagnosis of structural and functional defects. According
to Yang et al., a multiscale vision transformer-based model
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called MSV-Mamba was devised which outperformed the
previously mentioned architectures in segmenting cardiac
structures from echocardiograms with Dice scores higher than
95% for the left ventricle boundaries [5][60]. The authors
demonstrated the AdaDenseNet integration of CT-based lung
cancer and cardiovascular risk prediction with over 98% and
91% accuracy, respectively [4][30]. Like this, combined
vascular modeling and deep learning to obtain an estimate of
the fractional flow reserve from angiograms with 91%
accuracy [19][62].

2) Signal interpretation from ECG, PPG, and PCG: Deep
models also make it easier to help extract diagnostically useful
information from physiological signals. In 2021, Yuan et al.
came up with CA Transformer for the conversion of PPG to
ECG with high fidelity, cycle-aware temporal modeling [61].
Researchers Demirel and Holz introduced chaotic dynamics
into deep neural networks (DNNs) to enhance heart rate
estimation from PPG in the presence of noise, achieving up to
40 percent improvement [9][41]. Eslami and Moaiyeri also
employed ternary networks with hardware acceleration to
classify PCG signals for continuous wearable deployment
with low energy consumption [21][13][45].

3) Image reconstruction and data efficiency: Training
deep models in clinical imaging is made difficult due to
insufficient labeled datasets. To this end, Wang et al. proposed
DeepSSL, a spatiotemporal deep network to reconstruct
dynamic MRIs. The model only required 75% less training
samples and produced high-quality reconstructions of a patient
[15][59]. The paper [8] also presented a method that uses a
more sophisticated type of neural network called Lorentzian-
informed neural representations (LINR). So, this approach
embeds physical models into neural networks. In particular, it
generates high-quality CEST MRI maps with little labeled
supervision [42].

4) Cross-Domain generalization: The scanner protocol
variations, patient population differences, or acquisition
conditions often cause domain shifts in medical Al systems.
Liang et al. presented the Module Robustness Criticality
(MRC) that only fine-tunes the fragile modules in a deep
network to enhance robustness in different domains without
retraining the whole network [10][51].
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Fig. 4. Integrated framework for Al in cardiovascular health.

Fig. 4 depicts an integrated Al framework that connects
data acquisition, preprocessing, model inference, and clinical
decision support for cardiovascular health management.
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TABLE IV.  DEEP LEARNING MODELS FOR CARDIOVASCULAR IMAGING
AND SIGNAL INTERPRETATION
Study / Model Modality / Input Key Outcome
MSV-Mamba [5] Echocardiograph | 95%+ Dice for cardiac
y structure segmentation
AdaDenseNet [4] CT Imaging 98% accuracy for lung
cancer, 91% for CVD
CATransformer [3] PPG Signal Accurate  ECG generation
from PPG
DeepSSL [15] Dynamic MRI Reduced ftraining data by
75% with stable output
MRC Fine-tuning [10] Heart Sound / | Improved cross-domain
Acoustic Data robustness
LINR for CEST MRI | CEST MRI Self-supervised MRI

[8] mapping

Ternary Neural PCG | Phonocardiogra Energy-efficient PCG
Classifier [13] m (PCG) classification

Chaotic Modeling for | PPG Signal 40% improved HR
HR Estimation [9] estimation under noise

Table IV compares deep learning models used for
analyzing cardiovascular images and physiological signals,
with details on the network designs, input modalities, and
reported evaluation scores.

E. Robots and Smart Systems related to Heart Fixing

Minimally invasive robotic systems are being evaluated in
cardiovascular interventions due to their precision, safety, and
potential to reduce physician fatigue [49][58]. Inventions of
magnetic, MR-compatible, and catheter-based robotic
apparatus are now complementing image and Al-guided real-
time controls.

A small 4-DOF catheter robot was recently designed by
Kantu et al. This robot is 90 per cent smaller than
conventional systems. In particular, it supports the guidewires
of different diameters (1-9 French) to facilitate clinical use
[49]. In a similar context, Wang et al. produced [58] an MR-
conditional catheter robot with a 2-DOF actuation mechanism
capable of infinite translation and rotation. The catheter can
rotate and translate without experiencing any mechanical
entanglement while residing inside the MRI Scanner.

F. Predictive Models and Causal Inference Frameworks

The measure of predicting heart attacks and cardiovascular
disease progression saves lives [24][29]. By using information
from patient records, wearable devices, or imaging, the risk of
illness can be determined [24][29]. Today's advanced
statistical techniques, including "transformer" learning,
unfairly judged "Graph Neural Networks”, and even
discontented "Recurrent Networks", the application of causal
inference produces a model that is miniature yet backwards
derived [33][52].

1) EHR-Based predictive modeling: Liyo et al. developed
a deep graph/transformer for IUD prediction, integrating
ontology information with temporal patient medical status
within adjoining years [52]. PDSNet basically outperformed
much so the classical RNN and CNN-based methods, in mean
that 2-12% for AUC, and 3 - 18% for FI, do upgrade more
than 3-18% per cent F1 and 2-12% AUC overall performance
[52]. The effectiveness of structured knowledge embedding in
the future risk evaluation process is shown in [52].
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2) Causal inference and model fairness: Clinical Al
performances may end in inequitable medical treatments due
to the biased selections of models [50]. Researchers Pées
generated a model to predict heart health risks by utilizing a
computer and scrolling through their chest X-rays. Colleagues
have created a magnetic guidewire system that is controlled by
ultrasound imaging and anchored by deep learning-based
tracking. The system was able to tip-track the object with an
accuracy of 0.81 mm and follow a path within 1.5 mm during
which no collisions with the vessel phantom were observed.

Besides mechanical, robotic control is also increasingly
reliant on Al. Trajectory processing, real-time modulation, and
autonomy using neural networks, reinforcement learning, and
physics-based control models are on the rise [44][48].

However, several limitations remain. Many systems are
validated, commonly, in bench or phantom setups. They do
not have a clinical validation or FDA approval. Another
challenge posed is power consumption, integration of the
system with imaging tools provided by the hospital, and
compatibility issues with different catheter types.

These obstacles notwithstanding, robotics is a game-
changer in cardiovascular interventions. The likely future
systems will incorporate modular robotic arms, imaging
sensors (ultrasound, fluoroscopy), and real-time Al analytics
that allow fully automated or semi-automated surgical
procedures.

TABLEV.  ROBOTIC SYSTEMS AND INTELLIGENT CONTROL FOR
CARDIOVASCULAR INTERVENTION
Robotic System Function Performance Validation
Metrics Status
Compact 4-DOF | Teleoperated 90% size reduction, | Bench
Catheter ~ Robot | endovascular supports  multiple | testing
[49] navigation catheter sizes
MR-Conditional MRI-safe 100% success in | Phantom
Catheter ~ Robot | catheter phantom studies only
[58] insertion catheterization
Ultrasound- Magnetic 0.81 mm tip error, | Flow
Guided Magnetic | guidewire 1.5 mm path error phantom
Guidewire [48] tracking and validation
steering
Autonomous Trajectory Al-driven path | Simulated
Navigation (ML- | planning for | optimization, intervention
based) [44] interventional energy-efficient tasks
devices
Magnetic Closed-loop Precision steering | Ultrasound
Actuation + | control using | in phantom with | image-
Image-Based imaging DL image tracker guided
Feedback [48] feedback testbed

Table V summarizes robotic platforms and intelligent
control strategies developed for cardiovascular procedures,
indicating the type of intervention, control scheme, and
current stage of clinical adoption.

Ill.  RESEARCH METHODOLOGY

Risk assessment is a significant tool preventing heart
disease. With the increasing use of electronic health records,
wearable devices and multiform data sources, computer
frameworks are being developed to anticipate conditions
before they appear clinically.
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A. Deep Predictive Models Using Clinical Data

There have been recent developments that combine
temporal and semantic relationships that can be obtained from
HER-related information. These techniques aren't always
effective enough for healthcare professionals seeking to
diagnose problems before they become serious. One
particularly promising new method of predicting patients is a
one-year horizon PDSNet model based on a graph approach
scheduled to conclude after the first quarter of 2028 [46]. On
the MIMIC-III dataset, PDSNet outperformed traditional
models by both predicting more accurately and being more
reliable overall [56].

B. Addressing Bias with Causal Reasoning

Clinical Al poses a major issue with maintaining balance
across the societal spectrum. Causal modeling involves
avoiding hidden confounders that generally effect diagnosis
and results. For example, models trained to detect risk from
chest X-rays are biased towards larger populations.
Researchers utilized a machine learning procedure called
namely, the convolutional framework in order to diminish the
racial biases in a study [15].

C. Enhancing Interpretability

In today's fast-changing world, transparency in decision-
making is crucial in medical contexts. Artificially intelligent
methods like SHAP and LIME give doctors ratings on the
relevance of different medical specifics. When used
thoroughly with predictive models on a frequent basis, advice
and knowledge are portrayed to the healthcare providers as
being reliable by them, and as a result, the providers continue
to pick and choose what to do in conjunction with the methods
through which the website just asks, using the help they see
[13][14].

D. Physiological Context and Biomarker Dynamics

With the development of structured information pathways,
the effects of biological markers in the circulatory system are
now simulated [47].

This is the first step in understanding conditions.
Approaches like this provide an exacting margin of error in
diagnostic predictions, especially with biosensors [23].

[ Bs }—— causaiGrapn |
l : ) |

Causal
Constraints [ ®_® } Inference

Observed Causal Prediction
Variables

Eoueicue Predictive Model
Variables

Fig. 5. Causal modeling and bias mitigation framework.

Causal
Prediction

Fig. 5 outlines a causal modeling and bias mitigation
framework, indicating how causal graphs and fairness
constraints are used to detect and reduce systematic bias in
predictions.
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The recent instances highlight a change in how people
classify risks into the very particular cog of ethical ordering.
Work going on with the project will center itself around
making it even more useful, by improving the methods they
lastly worked out [53] [57]. This does not mean they will
spend a long time analyzing. Instead, their focus on - and
research with - making their work useful for the challenges
different people will face will be improved. Following the
much faster method, they expect the code, model, or system to
be ready to work when it is released, without any external
help. The collection of data that they will use is of prime
importance, and effort should be spent in getting it verified,
approved, and repeated over time, to assure reliability.

TABLE VI.  REFINED PREDICTIVE AND CAUSAL MODELS FOR
CARDIOVASCULAR RISK ESTIMATION
Model / Data Inputs Primary Goal Key Findings
Framework
PDSNet Symptom Forecast 1-Year | Enhanced AUC
(Graph Ontology  + | Heart Failure | and F1  over
Transformer) EHR Risk conventional
[56] (MIMIC-111) baselines
Causal CNN | Chest Reduce Maintained
for Risk Equity | Radiographs + | Predictive Bias | accuracy while
[15] Demographics | Across reducing
Populations demographic bias

Explainable ECG Signals | Improve  Trust | Interpretable
DL with | + Patient | via Feature | feature-level
SHAP/LIME Records Attribution insight for
[13][14] clinicians
Biomarker Simulated Detect Accurate  spatial
Source Circulatory Pathological inference using
Localization Biomarker Signal Origins in | decay-aware
Model [23] Flow Circulation learning

Table VI reviews recent predictive and causal modelling
approaches for estimating cardiovascular risk, highlighting the
modelling framework, incorporated risk factors, and
improvements over conventional risk scoring methods.

IV. RESULTS AND DISCUSSION: INTEGRATING
CHALLENGES, VALIDATION STANDARDS, AND ETHICAL ISSUES

In this section, we discuss the main challenges that
emerged from the reviewed studies and provide our
perspective on how they should guide the design of future Al-
enabled cardiovascular diagnostic systems.

While Al and sensor technologies mentioned for
cardiovascular care are promising, they are far from being
adopted widely in clinics due to practical and ethical
challenges. The integration of data, the variability of the real
world, compliance with laws and regulations and equity in the
system-design process are just a few of the challenges we
face.

A. Interoperability and Multimodal Fusion

More and more, signals from wearable sensors, imaging
modalities, and electronic health records are integrated in
cardiovascular diagnostics. However, achieving seamless data
fusion remains difficult. Difficulty in real-time exploitation is
caused by variability in data formats. Multi-modal Al models
should not only align asynchronously (e.g. PPG, ECG, CT)
but also allow for missing or noisy data. It is important to
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construct robust data preprocessing pipelines and attention-
based fusion mechanism [16][20].

B. Validation Protocols and Regulatory Standards

As these systems edge closer to use in the clinics, it
becomes essential to validate them against established
benchmarks. Al diagnostic tools are not subjected to standard
pathways, unlike traditional products. For instance, less than
2% of cuffless blood pressure monitor studies on formal
protocols of e.g., AAMI, ISO [7]. Like generative language,
they also do not often go through external validation on
diverse datasets. Developing clear and replicable metrics like
sensitivity, specificity, and calibration error is essential for
regulatory approval as well as multi-site clinical trials.

C. Fairness, Bias, and Population Generalization

Machine-learning models that learn from biased models
may not perform well across various patient populations. For
instance, risk scores calibrated on primarily Western cohorts
could misclassify patients from underserviced ethnic groups or
age groups [15]. Models should involve causal inference,
domain adaptation, and fairness constraints to solve this.
Federated learning is a way of training across institutions
while keeping the data private at the source. This enables
better generalization of the models while keeping sensitive
data safe and secure [5][56].

D. Transparency and Explainability

Predictions from black boxes can result in damaging
outcomes in accountable and interpretable clinical areas. By
using XAl tools like SHAP or LIME, clinicians can
understand what features affect predictions. By integrating
known hemodynamics relationships into physical priors, Al
architectures can obtain healthy models. Adding specialized
knowledge can not only perform better but also make the
model’s outputs more consistent with clinical reasoning.

E. Ethical Deployment and Human-in-the-Loop Design

Apart from the technical side, ethical implementation
requires systems that complement rather than replace
expertise. Frameworks that include humans in the loop help
Al tools that support work but let practitioners override or
contextualize them. Patients should also be allowed
transparency on how their data is used, and will be set up with
informed consent, auditability, and recourse [63].

To fully grasp the potential of Al, which bolsters
cardiovascular health care, these integrations and ethical
issues must be looked into. A future study should include
designs that are equitable and trust-enhancing. Also, it should
focus equally on autonomy.

V. PROPOSED INTEGRATED FRAMEWORK FOR Al-ENABLED
CARDIOVASCULAR DIAGNOSTICS

In order to correct and update the shortcomings seen in
modern  cardiovascular  diagnostic  devices,  certain
technologies are being combined in multiple ways. The
objective of this building design is to provide a self-sufficient
system that includes monitoring and assistance.

A. Key Components of the Framework
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The platform incorporates wearable devices that capture
synchronized physiological signals such as your heartbeat,
pulse, and movement.

Artificial Intelligence for Healthcare Diagnostics: Al is
used to improve the accuracy of medical imaging, ones using
MRI, CT, or ultrasound scanning. These tools are able to
detect and track down abnormal deposits, measure the volume
of the heart compartments, and establish typical circulation
techniques.

The different centers only share the model they've
developed so that no patient information is ever exchanged or
misused.

Tools such as Fair learn are added to model prediction
scores to identify and therefore reduce biases and
discrimination.

Modern devices house speedy embedded Al applications
to preserve battery life and save valuable time, no matter
where their user may be in the world right now.

High-risk situations prompt the use of imaging-guided
robotic systems, which are MRI or ultrasound-compatible, for
precise catheterization and biopsy. Methods of artificial
intelligence serve to project possible interventions and
treatments specifically tailored to each patient's unique
situation.

B. Workflow Overview

The integrated platform is depicted through this particular
figure (see Fig. 6). Data is collected by a fitness tracker and
then analyzed by on-board Al. Clinicians are issued local and
secure automatic alerts.

Imaging Diagnostics )

Deep
A@A learining
\
X Fieature )
Diagnostic
Pagen @_, m insights
ata

Privacy-Preserving | Federated Rl:?or‘:c:t :dzd
Learning learning erventiol

Fig. 6. Integrated framework architecture.

Wearable Sensors

w0 =
A @ Deep learning

Fig. 6 shows the overall system architecture of the
proposed integrated framework, including wearable and
sensor data streams, edge and cloud analytics, and interfaces
for clinicians and automated interventions.

VI. CONCLUSION

Combining artificial intelligence, sensors and clinical
diagnostic technologies can transform the way we diagnose
heart diseases. Cardiovascular disease is one of the most
common causes of morbidity and mortality worldwide. This
highlights the need for an integrated biosensor—deep learning
system for smart intervention.

This review has covered a wide array of innovations,
including machine learning techniques for classifying signals,
advanced biosensors and microfluidics, robotic systems, and
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predictive models. Despite this progress, important challenges
remain, such as data heterogeneity, model generalizability,
interpretability, and regulatory validation, which continue to
slow the practical use of these technologies.

To address the challenges posed by the data-centric world,
we propose a unified multi-modal framework that combines
federated learning, causal inference models, energy-efficient
edge computing, and modular robaotics. In this review, the
framework is presented as a conceptual architecture that
enables fair and accurate cardiac medical diagnosis, while also
respecting patient privacy and providing actionable insights in
real time.

Future research must focus on large-scale clinical
validation, harmonization of data standards, and development
of transparent, explainable Al systems that can win the trust of
clinicians. With interdisciplinary collaboration and deliberate
system development, Al-enabled diagnostics can transition
from research prototypes to a core component of future
cardiovascular care.

REFERENCES

[1] Ahmad, E. (2020). Cardiovascular diseases detection using machine
learning algorithms. International Journal for Research in Applied
Science and Engineering Technology, 8(12).
https://doi.org/10.22214/ijraset.2020.6376

[2] Ahmad, F., & Kumar, P. (2024). An update of new/potential
cardiovascular markers: A narrative review. Molecular Biology Reports.
https://doi.org/10.1007/s11033-023-08978-1

[3] Ali, Z., Naseer, N., & Nazeer, H. (2022). Cardiovascular disease
detection using multiple machine learning algorithms and their
performance analysis. Emerging Trends in Electrical, Control, and
Telecommunication Engineering.
https://doi.org/10.1109/ETECTE55893.2022.10007319

[4] Alqgahtani, A., Alsubai, S., Sha, M., Viléekova, L., & Javed, T. (2022).
Cardiovascular ~ disease  detection using ensemble learning.
Computational Intelligence and Neuroscience, 2022, 5267498.
https://doi.org/10.1155/2022/5267498

[5] Chopra, S., Kalra, N., & Rani, R. (2023). Identification of cardiovascular
disease using machine learning and ensemble learning. Proceedings of
the 2023 International Conference on Innovative Data Communication
Technologies and Application, 186-192.
https://doi.org/10.1109/ICIDCA56705.2023.10099508

[6] Dabir, A., Khedkar, P., Panch, L., Thakare, T., & Pradhan, D. M.
(2023). Analysis of cardiovascular disease using machine learning
techniques. International Journal for Research in Applied Science and
Engineering Technology, 11(3).
https://doi.org/10.22214/ijraset.2023.52789

[7]1 Donnelly, T. T., Al-Ghanim, S. A., & Al-Mosalam, H. (2024). Genes in

8% of the population found to raise heart disease risk. The Times
Journal of Genetic Studies.

[8] Fathieh, F., Paak, M., Khosousi, A., Burton, T., Sanders, W., Doomra,
A., et al.(2021). Predicting cardiac disease from interactions of
hemodynamic and cardiac signals. Computer Methods and Programs in
Biomedicine, 202, 105970. https://doi.org/10.1016/j.cmpb.2021.105970

[9] Golemati, S., & Chatzis, V. (2023). Cardiovascular disease diagnosis: A
holistic approach using machine learning and deep learning. Journal of
Biomedical Engineering Advances.

[10] Han, S., Park, J., Kim, Y., & Cho, J. (2024). Deep learning-enhanced
paper-based vertical flow assay for high-sensitivity troponin detection.
Sensors and Actuators B: Chemical.
https://doi.org/10.1016/j.snb.2024.100568

[11] Hernandez, C., Ruiz, J. D., & Morales, D. (2023). Comparative analysis
of deep learning architectures for ECG-based arrhythmia detection.
Journal of Biomedical Informatics, 136, 104203.
https://doi.org/10.1016/j.jbi.2022.104203

Vol. 16, No. 11, 2025

[12] Huo, Y., et al. (2023). Artificial intelligence in cardiovascular diseases:
Diagnostic and therapeutic perspectives. European Journal of Medical
Research. https://doi.org/10.1186/s40001-023-01065-y

[13] Islam, M. M., Ferdous, S. M., & Rahman, A. (2022). A hybrid approach
for cardiovascular disease prediction using deep learning and genetic
algorithms. Knowledge-Based Systems, 257, 107977.
https://doi.org/10.1016/j.knosys.2022.107977

[14] Jaric, M., et al.(2023). Femtomolar detection of the heart failure
biomarker NT-proBNP in artificial saliva using an aptasensor. Analytical
Chemistry Advances. https://doi.org/10.1016/j.anachemad.2023.200597

[15] Kashif, F., & Yusof, U. K. (2020). Detection of cardiovascular disease
using ensemble machine learning techniques. Computational
Intelligence and Neuroscience, 2020, 1-10.
https://doi.org/10.1155/2020/8267013

[16] Keerthipriya, C., & Shaik, M.N. (2023). Machine learning-based
approach for cardiovascular disease detection and classification.
International Journal of Emerging Research in Engineering, Science,
and Management.

[17] Kim, J., Kim, H., & Lee, Y. (2023). Transformer-based models for
cardiovascular disease detection from multi-lead ECG data. IEEE
Journal of Biomedical and Health Informatics, 27(2), 394-407.
https://doi.org/10.1109/JBHI.2023.3230845

[18] Kilimci, Z. H., Yalcin, M., Kucukmanisa, A., & Mishra, A. K. (2023).
Heart disease detection using vision-based transformer models from
ECG images. arXiv Preprint. https://doi.org/10.48550/arXiv.2310.12630

[19] Liu, L., Jin, X., Wu, Y., Yang, M., Xu, T., Li, X., Ren, J., & Yan, L. L.
(2020). A novel dried blood spot detection strategy for characterising
cardiovascular diseases. Frontiers in Cardiovascular Medicine, 7,
542519. https://doi.org/10.3389/fcvm.2020.542519

[20] Ma, Y., Liu, C., Cao, S., Chen, T., & Chen, G. (2022). Microfluidics for
diagnosis and treatment of cardiovascular disease. Journal of Materials
Chemistry B, 10(11), 1451-1473. https://doi.org/10.1039/D2TB02287G

[21] Omran, F., Kyrou, I., Osman, F., Lim, V., Randeva, H., & Chatha, K.
(2022). Cardiovascular biomarkers: Lessons of the past and prospects
for the future. International Journal of Molecular Sciences, 23(10).
https://doi.org/10.3390/ijms23105680

[22] Pham, T., Nguyen, H., & Tran, M. (2023). Machine learning-based
detection of cardiovascular disease using ECG signals: Performance
vs. complexity. Journal of Biomedical Signal Processing Advances.

[23] Prabhu, D. K., Rao, P., Bhat, V. K., & Kamath, P. R. (2023). Detection
and analysis of cardiovascular diseases using machine learning
techniques. Proceedings of the 2023 IEEE International Conference on
Distributed Computing, VLSI, Electrical Circuits and Robotics, 258—
262. https://doi.org/10.1109/DISCOVER58830.2023.10316703

[24] Ridker, P. M., Cook, N.R., & Mora, S. (2024). Blood tests allow
30-year estimates of women’s cardio risks. Journal of Cardiovascular
Studies Advances.

[25] shi, C., Xie, H., Ma, Y., Yang, Z., & Zhang, J. (2020). Nanoscale
technologies in highly sensitive diagnosis of cardiovascular diseases.
Frontiers in  Bioengineering and Biotechnology, 8, 531.
https://doi.org/10.3389/fbioe.2020.00531

[26] Sivasamy, R., & Anand, R. (2024). Early prediction of cardiovascular
disease using machine learning. Advances in Health Informatics and
Technology Studies.

[27] Sun, Y., Zhang, L., & Lin, J. (2023). Emerging biomarkers for the
detection of cardiovascular diseases. Journal of Clinical Medicine
Advances.

[28] Taylor, C., & Nguyen, A. (2024). Heart failure and other cardiovascular
diseases propel the demand for cardiac rhythm management markets.
Global Health Market Analytics.

[29] Zwartkruis, V., Groenewegen, A., Rutten, F., Hollander, M., Hoes, A.,
& Van Der Ende, M. Y. (2020). Proactive screening for symptoms: A
method to improve early detection of unrecognised CVD in primary
care. Preventive Medicine, 139, 106143.
https://doi.org/10.1016/j.ypmed.2020.106143

[30] zZhang, J., Yuan, M., & Wang, Y. (2022). Improving cardiovascular
disease prediction using ensemble deep learning with clinical and
imaging data. Computer Methods and Programs in Biomedicine, 220(1),
106815. https://doi.org/10.1016/j.cmpb.2022.106815

444 |Page

www.ijacsa.thesai.org


https://doi.org/10.22214/ijraset.2020.6376
https://doi.org/10.1007/s11033-023-08978-1
https://doi.org/10.1109/ETECTE55893.2022.10007319
https://doi.org/10.1155/2022/5267498
https://doi.org/10.1109/ICIDCA56705.2023.10099508
https://doi.org/10.22214/ijraset.2023.52789
https://doi.org/10.1016/j.cmpb.2021.105970
https://doi.org/10.1016/j.jbi.2022.104203
https://doi.org/10.1186/s40001-023-01065-y
https://doi.org/10.1016/j.knosys.2022.107977
https://doi.org/10.1155/2020/8267013
https://doi.org/10.1109/JBHI.2023.3230845
https://doi.org/10.48550/arXiv.2310.12630
https://doi.org/10.3389/fcvm.2020.542519
https://doi.org/10.1039/D2TB02287G
https://doi.org/10.3390/ijms23105680
https://doi.org/10.1109/DISCOVER58830.2023.10316703
https://doi.org/10.3389/fbioe.2020.00531
https://doi.org/10.1016/j.ypmed.2020.106143
https://doi.org/10.1016/j.cmpb.2022.106815

[31]
[32]

[33]

[34]

[35]
[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

(IJACSA) International Journal of Advanced Computer Science and Applications,

Han, C., & Li, X. (2024). Deep learning for microfluidics in early
cardiovascular diagnostics. Journal of Advanced Diagnostics.

Huo, Q., Sun, Z., & Zhang, Y. (2023). Combining Al and genetics in
cardiovascular diagnostics. Journal of Biomedical Research Trends.

Alqgahtani, A., & Javed, T. (2022). Ensemble-based approaches in
cardiovascular detection: A comprehensive review. Computational
Advances in Biomedical Sciences.

Hernandez, L., & Morales, T. (2023). Comparative insights on Al
models for ECG arrhythmia diagnostics. Journal of Advanced
Computational Medicine.

Liu, K., & Wang, T. (2024). The future of cardiovascular biomarkers:
Nanotechnology applications. Journal of Nano-Medical Innovations.

Jaric, S., & Petrova, A. (2023). Aptasensors in cardiovascular
diagnostics: A femtomolar approach. Analytical Chemistry Innovations.

Ahmad, E., & Kumar, S. (2024). A review on cardiovascular
biomarkers: Diagnostic and therapeutic perspectives. Molecular
Advances in Cardiology.

Omran, F., & Chatha, K. (2022). Cardiovascular biomarkers: Future
directions and clinical applications. International Journal of Cardiology
and Molecular Sciences.

Ahmed, U., Lin, J. C.-W., & Srivastava, G. (2023). Towards early
diagnosis and intervention: An ensemble voting model for precise vital
sign prediction in respiratory disease. IEEE Journal of Biomedical and
Health Informatics. Advance online publication.
https://doi.org/10.1109/JBHI.2023.3270888

Bali, J., Zhang, Z., Jin, W., Zhao, Y., Chen, H., & Zhou, S. (2025). A
benchmark framework for the right atrium cavity segmentation from
LGE-MRIs. IEEE Transactions on Medical Imaging. Advance online
publication. https://doi.org/10.1109/TMI.2025.3590694

Bianco, M., Scarciglia, A., Bonanno, C., & Valenza, G. (2025).
Quantifying chaotic behavior in noisy dynamical systems: A study on
heartbeat dynamics. IEEE Transactions on Biomedical Engineering.
Advance online publication.
https://doi.org/10.1109/TBME.2025.3566470

Chen, C., Wang, Y., Zhang, J., Liu, X., Li, Y., & Zhang, S. (2025).
High-quality CEST mapping with Lorentzian-model informed neural
representation. IEEE Transactions on Biomedical Engineering. Advance
online publication. https://doi.org/10.1109/TBME.2025.3574238

Debus, L. Y., Kisse, J., Hergert, O., Rojek, K., Biebl, E. M., & Fischer,
G. (2025). Blood makes a difference: Experimental evaluation of
molecular communication in different fluids. IEEE Transactions on
Molecular, Biological, and Multi-Scale Communications. Advance
online publication. https://doi.org/10.1109/TMBMC.2025.3602650

Demirel, B. U., & Holz, C. (2025). Temporal cardiovascular dynamics
for improved PPG-based heart rate estimation. IEEE Journal of
Biomedical and Health Informatics. Advance online publication.
https://doi.org/10.1109/JBHI.2025.3617604

Eslami, N., & Moaiyeri, M. H. (2025). Efficient training and energy
saving using ternary hardware acceleration for PCG classification. IEEE
Embedded  Systems  Letters.  Advance online  publication.
https://doi.org/10.1109/LES.2025.3547961

Fang, J., Xu, Y., Wang, J., Zhou, X., Zhao, X., Zhang, H., ... He, Q.
(2025). Perspectives of global standards on validation of blood pressure
measuring devices. IEEE Transactions on Biomedical Engineering.
Advance online publication.
https://doi.org/10.1109/TBME.2025.3587411

Faes, L., Mijatovic, G., Sparacino, L., & Porta, A. (2025). Predictive
information decomposition as a tool to quantify emergent dynamical
behaviors in physiological networks. IEEE Transactions on Biomedical
Engineering. Advance online publication.
https://doi.org/10.1109/TBME.2025.3570937

Fu, S., Wang, X., Li, Y., Chen, Z., Liu, Z., Yang, L., ... Zhang, H.
(2025). An ultrasound-guided real-time automatic navigation framework
for magnetic guidewire robots to improve interventional surgery. IEEE
Transactions on Automation Science and Engineering. Advance online
publication. https://doi.org/10.1109/TASE.2025.3615271

[49]

[50]

[51]

[52]

(53]

(54]

(55]

[56]

(571

(58]

[59]

[60]

[61]

[62]

(63]

Vol. 16, No. 11, 2025

Kantu, N. T., Gao, W., Srinivasan, N., Buckner, G. D., & Su, H. (2025).
Portable and versatile catheter robot for image-guided cardiovascular
interventions. IEEE/ASME Transactions on Mechatronics. Advance
online publication. https://doi.org/10.1109/TMECH.2025.3559911

Li, G., Hu, W., & Lin, A. (2025). Modified Fourier-domain transfer
entropy for cardiovascular analysis: Insights into aging mechanisms.
IEEE Journal of Biomedical and Health Informatics. Advance online
publication. https://doi.org/10.1109/JBHI.2025.3621184

Liang, P., Du, Y., Qiao, Z., & Wang, S. (2025). CFTResNet: A novel
cross-domain diagnosis framework guided by interpretability for
cardiovascular diseases. IEEE Journal of Biomedical and Health
Informatics. Advance online publication.
https://doi.org/10.1109/JBHI.2025.3620820

Lyu, L., Zhu, H., Chen, H., Zhou, J., Chan, R. H. M., & Lu, L. (2025).
PDSNet: Patient-disease dual spatial similarity neural networks for
predicting heart failure risk using short electronic health records. IEEE
Journal of Biomedical and Health Informatics. Advance online
publication. https://doi.org/10.1109/JBHI.2025.3593388

Maiorana, E., Campisi, P., Schena, E., & Massaroni, C. (2025).
Combining wearable sensors and artificial intelligence in cardiovascular
medicine. IEEE Sensors Reviews. Advance online publication.
https://doi.org/10.1109/SR.2025.3623069

Pal, S., Gupta, M., Esmailpour, R., Afsharinejad, A., Stelzner, M., &
Dressler, F. (2025). Machine learning-driven localization of infection
sources in the human cardiovascular system. IEEE Transactions on
Molecular, Biological, and Multi-Scale Communications. Advance
online publication. https://doi.org/10.1109/TMBMC.2025.3605770

Pi, J., Farina, J. M., Chao, C.-J., Ayoub, C., Arsanjani, R., & Banerjee, I.
(2025). Mitigating bias in opportunistic screening for MACE with causal
reasoning. IEEE Transactions on Artificial Intelligence. Advance online
publication. https://doi.org/10.1109/TAI.2025.3567961

Raja, G., Kumar, S., Ramasamy, S., Ramesh, R., Venkatesh, P., &
Reddy, P. (2024). Synergistic analysis of lung cancer’s impact on
cardiovascular disease using ML-based techniques. IEEE Journal of
Biomedical and Health Informatics. Advance online publication.
https://doi.org/10.1109/JBHI.2024.3365176

Shahrbabak, S. M., Mousavi, A., Mukkamala, R., & Hahn, J.-O. (2025).
In silico investigation of a mathematical model relating the
ballistocardiogram to aortic blood pressure. IEEE Transactions on
Biomedical Engineering. Advance online publication.
https://doi.org/10.1109/TBME.2025.3584979

Wang, Y., Yong, E., Gaozhang, W., Muthurangu, V., & Wurdemann, H.
A. (2025). MR-conditional robotic cardiac intervention: Design and
validation in patient-specific phantoms. IEEE Transactions on Medical
Robotics and Bionics. Advance online publication.
https://doi.org/10.1109/TMRB.2025.3573387

Wang, Z., Li, H., Sun, Y., Zhang, Q., Zhou, J., & Liu, Y. (2025). Deep
separable spatiotemporal learning for fast dynamic cardiac MRI. IEEE
Transactions on Biomedical Engineering. Advance online publication.
https://doi.org/10.1109/TBME.2025.3574090

Yang, X., Wang, Q., Zhang, K., Wei, K., Lyu, J., & Chen, L. (2025).
MSV-Mamba: A multiscale  Vision Mamba network for
echocardiography segmentation. IEEE Transactions on Computational
Social Systems. Advance online publication.
https://doi.org/10.1109/TCSS.2025.3562441

Yuan, X., Wang, W., Li, X., Zhang, Y., Hu, X., & Deen, M. J. (2024).
CATransformer: A cycle-aware transformer for high-fidelity ECG
generation from PPG. IEEE Journal of Biomedical and Health
Informatics. Advance online publication.
https://doi.org/10.1109/JBHI.2024.3482853

Zhang, Q., Liu, X., Chen, Y., Li, J., Wang, Z.,, & Sun, H. (2025).
Physics-guided variational method for fractional flow reserve based on
coronary angiography. IEEE Transactions on Medical Imaging. Advance
online publication. https://doi.org/10.1109/TMI.2025.3618679

Chen, J., Liu, P.,, Wang, R., Xu, Y., Li, F., & Zhou, Q. (2025).
Automated pediatric delirium recognition via deep learning-powered
video analysis. IEEE Journal of Biomedical and Health Informatics.
Advance online publication. https://doi.org/10.1109/JBHI.2025.3604448

445|Page

www.ijacsa.thesai.org


https://doi.org/10.1109/TMECH.2025.3559911

