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Congenital heart disease (CHD) represents a multifaceted medical condition that requires early detection and diagnosis

for effective management, given its diverse presentations and subtle symptoms that manifest from birth. IoMT addresses

the crucial challenge of timely identification and detection of cardiovascular diseases by utilizing IoMT data, aiming to

enhance the accuracy and efficiency of diagnosis, which in turn enables prompt intervention and improves patient

outcomes. 
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1. Introduction

Cardiovascular disease is a significant medical condition that affects heart performance and leads to complications such

as coronary artery disease and impaired vascular function . These difficulties can result in myocardial infarction and

cerebrovascular accidents. According to a survey, heart disease annually impacts an estimated 620,000 individuals in the

United States . While heart disease can affect both genders, males are more vulnerable. Statistics from 2010 show that

a quarter of all fatalities were attributed to heart disease. In the United States, there are approximately 738,000 cases of

heart attacks, with 528,000 of these cases being initial occurrences. The remaining 220,000 individuals experience

subsequent episodes. Symptoms of heart disease include chest tightness, pain and discomfort, shortness of breath, ankle

swelling, neck and abdominal pain, rapid heartbeat, dizziness, cardiac arrest, fainting, changes in skin color, ankle

irritation, weight loss, and fatigue. The manifestation of symptoms depends on the type of cardiovascular ailment, which

include but are not limited to arrhythmia, myocardial infarction, heart failure, congenital coronary artery disease, mitral

valve insufficiency, and dilated cardiomyopathy.

Congenital heart disease (CHD) refers to a group of structural abnormalities in the heart that occur during the prenatal

stage of development . These congenital abnormalities manifest during the prenatal period and affect the morphology

and physiology of the heart, leading to various cardiovascular complications. CHD is a common congenital anomaly

around the world, imposing a significant health burden on affected individuals and medical systems alike. The global

incidence of CHD shows significant variation, with an estimated occurrence of approximately 1% of all live births . In the

United States, it is believed that around 40,000 newborns are affected by CHD each year. The severity of the condition

can vary, ranging from individuals who experience minimal to no symptoms to those who require immediate medical

attention. CHD encompasses a diverse range of anomalies, including structural malformations in the heart valves, walls,

and vasculature. Examples of frequently encountered instances of CHD include atrial septal defects, ventricular septal

defects, and Tetralogy of Fallot .

It is widely recommended that all pregnant women worldwide undergo fetal evaluation and ultrasound between 18 and 24

weeks of gestation . This procedure involves detailed imaging, including ultrasound scans of the heart, which has the

potential to identify over 90% of severe congenital heart conditions. However, despite the widespread use of fetal

ultrasound technology, the prevalence of fetal detection for genetic cardiovascular diseases within the community ranges

from 30 to 50% . The hypothesis suggests that the main reason for the significant disparity in diagnoses is insufficient

and inconsistent proficiency in analyzing fetal cardiac images . This is primarily due to the complexity of detecting a

small and rapidly beating fetal heart as well as the relatively low awareness of congenital coronary artery disease among

healthcare providers, given its low incidence. Although clinical quality assurance efforts focused on a single center and

conducted on a small scale have shown promising results in improving CHD detection rates by up to 100%, the

sustainability and scalability of such programs present significant challenges. To address this, experiments were

conducted to determine if utilizing machine learning (ML) analysis of images could improve the evaluation rates typically

observed in community medicine . This was achieved by training the ML model on data from a limited number of

clinically relevant imaging studies.

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]



Machine learning has been demonstrated to be proficient in detecting intricate image patterns and successfully applied in

adult cardiovascular ultrasound technology . It has even surpassed the performance of physicians in tasks involving the

classification of views, using small and downsampled databases. However, despite its widespread usage across various

domains, the application of machine learning in the context of CHD or fetal ultrasound still requires further refinement. The

use of deep learning in medical scenarios that are inherently rare presents inherent limitations, irrespective of the volume

of training data available.

2. Machine Learning in Coronary Heart Disease

Various conventional techniques in machine learning have been employed to address the challenges associated with

manually analyzing electrocardiogram (ECG) signals in Coronary Heart Disease (CHD). The conventional machine

learning approach involves several steps, including preprocessing, feature extraction, feature selection, and

categorization processes. Differentiating between normal and CHD signals based on their distinctive characteristics is a

time and resource-intensive task. The robustness of the features obtained is significantly impacted by the quality of the

underlying data. Preprocessing steps, such as noise elimination and R-peak identification, are essential to extract crucial

attributes needed for effective categorization. This research suggests leveraging machine learning to improve the

efficiency of an automated CHD diagnosis method, aiming to overcome the limitations associated with traditional machine

learning approaches. Machine learning algorithms play a crucial role in acquiring and recognizing unique features from

input ECG signals. The goal is to enhance the accuracy and effectiveness of the diagnostic process for CHD through the

utilization of advanced machine learning techniques.

In their study, Xu et al.  presented a novel methodology for the automated classification of pediatric Congenital Heart

Disease (CHD) through the analysis of heartbeats. The researchers conducted an extensive extraction of diverse features

from normal heart signals, encompassing characteristics derived from the time domain, frequency domain, and wavelets.

Employing machine learning methodologies, particularly random forest and support vector machines, the proposed

approach demonstrated promising outcomes. The results revealed a commendable accuracy rate of 87.5% in effectively

categorizing CHD cases. Additionally, the specificity and sensitivity values were noteworthy, standing at 89.7% and 85.2%,

respectively. These findings underscore the efficacy of the devised method in reliably identifying pediatric CHD through

the analysis of heartbeats, showcasing its potential as a valuable diagnostic tool in this medical context.

Ng et al.  designed an automated framework aimed at classifying perioperative hazards in patients with complex

Congenital Heart Disease (CHD) by leveraging retinal images. The authors introduced an innovative feature extraction

method that harnessed both color-based and texture-based characteristics obtained from retinal images. Subsequently,

these extracted features were employed in risk classification through the application of machine learning, specifically

utilizing a support vector machine. Results from the implemented framework demonstrated a notable predictive accuracy,

achieving an impressive rate of 84.9% in effectively identifying perioperative risks in patients diagnosed with complex

congenital heart disease. This research highlights the potential of utilizing retinal images and advanced machine learning

techniques as a valuable tool for automating the identification of perioperative hazards, thereby contributing to enhanced

patient care and risk management in the context of complex CHD cases.

Kobel et al.  conducted a thorough assessment of the Apple Watch iECG’s effectiveness in detecting Congenital Heart

Disease (CHD) in children. The study involved obtaining iECG measurements from pediatric patients, including those with

and without CHD. A meticulous comparative analysis was performed by juxtaposing the iECG data against conventional

ECG records. The outcomes of this investigation suggest a promising role for the Apple Watch iECG as a potential

screening tool for CHD in children, revealing a sensitivity of 92% and an accuracy of 93% in identifying the condition. In a

separate study led by van Genuchten and colleagues , the physical capacity of children diagnosed with CHD was

evaluated. A cohort of pediatric patients with CHD underwent exercise tests to assess their peak oxygen uptake

(VO peak). The research findings unveiled a significant revelation—children with CHD exhibited diminished exercise

capacity compared to their healthy counterparts, as evidenced by lower VO peak measurements. These results

underscore the considerable impact of CHD on the ability of pediatric populations to partake in physical activities,

shedding light on the broader implications of the condition on the overall well-being of affected individuals.

Kavitha et al.  introduced an innovative approach termed Multilayer Deep Detection Perceptron (MLDDP) for the

identification of testicular deviations, both with and without Congenital Heart Disease (CHD). This practical method utilized

a Multilayer Deep Learning framework that incorporated multiple layers of perceptrons to discern anomalies associated

with CHD. Upon evaluating the proposed MLDDP on a provided dataset, it demonstrated an exceptional detection

accuracy of 95.4% in precisely identifying testicular deviations, irrespective of the presence of CHD. The success of

MLDDP underscores the potential of machine learning techniques in advancing the diagnosis of CHD-related conditions.
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In a distinct study, Liu et al.  concentrated on the computer-aided analysis of heart sounds in pediatric patients

diagnosed with left-to-right shunt CHD. The researchers introduced a methodology leveraging machine learning

techniques, specifically employing a Convolutional Neural Network (CNN), to extract pertinent features from heart sound

signals and accurately classify the presence of left-to-right shunt CHD. The outcomes were noteworthy, with a precision

rate of 90.8% and a region under the receiver operating characteristics curve of 0.935, indicating the method’s efficacy in

identifying and categorizing CHD with left-to-right shunt. These findings underscore the potential of machine learning-

based analyses in supporting medical professionals in diagnosing specific types of CHD, showcasing the promising

intersection of technology and healthcare.

Ge et al. proposed an innovative method for identifying Pulmonary Hypertension (PH) associated with Congenital Heart

Disease (CHD) by incorporating time–frequency domain analysis and machine learning (ML) characteristics . The

researchers integrated time–frequency analysis techniques into an ML framework to extract relevant features from

echocardiographic data. Through their approach, the method achieved an impressive precision level of 91.6% in

accurately identifying pulmonary hypertension linked to congenital heart disease. This study demonstrates the efficacy of

combining advanced signal processing techniques with machine learning approaches to enhance the identification and

characterization of specific cardiac conditions, specifically focusing on the challenging context of pulmonary hypertension

in the presence of congenital heart disease.

Steeden et al.  delved into the exploration of utilizing artificial intelligence (AI) in the assessment of Congenital Heart

Disease (CHD). The authors undertook a thorough examination of AI-based methodologies, specifically machine learning

(ML), applied to tasks such as image analysis, risk estimation, and detection within the realm of CHD. Their

comprehensive analysis provided insightful perspectives on the potential of AI in augmenting the assessment and

treatment of individuals with CHD. By shedding light on the various applications of AI in the context of CHD, the study

contributes to the evolving landscape of medical technology and its role in advancing cardiac care and diagnostics.

Alici-Karaca et al. introduced a Convolutional Neural Network (CNN) with a lightweight architecture designed to precisely

classify cases of radiation-induced liver disease, as detailed in their research publication . While their study does not

directly focus on congenital heart disease, it underscores the application of machine learning in medical image analysis.

The featured lightweight CNN successfully achieved an impressive classification accuracy rate of 93.1% when tasked with

identifying radiation-induced liver disease. This result highlights the versatile capacity of machine learning to be applied

across diverse medical conditions, showcasing its potential in aiding accurate diagnoses beyond the specific context of

congenital heart disease.

Qiao et al. presented the Residual Learning based Diagnostic System (RLDS), an innovative diagnostic system employing

residual learning, designed for cases of fetal Congenital Heart Disease (CHD) . This system utilized residual learning, a

type of machine learning, to extract distinctive features from images of fetal echocardiography for discrimination.

Remarkably, the diagnostic accuracy of the RLDS for fetal CHD reached an impressive 96.5%. Additionally, the system

offered interpretability by generating attention maps and assigning importance scores to features, enhancing the

understanding of the diagnostic process for medical professionals. This research underscores the potential of

incorporating machine learning, specifically residual learning, in creating advanced diagnostic tools for fetal CHD with the

added benefit of interpretability.

The following Table 1 summarizes key findings from various studies investigating the use of machine learning (ML) in

cardiovascular health, focusing on congenital heart disease (CHD) and related conditions. Each entry includes the

reference number, author, study objective, and identified limitations. This compilation offers a succinct overview of the

objectives pursued by researchers, shedding light on both the potential and challenges associated with ML applications in

the diagnosis and assessment of cardiovascular health.

Table 1. Key Findings.

S.No Author
Information Objective of the Work Limitations

1 Xu et al. Automated classification of pediatric CHD
through heartbeat analysis using ML

Time and resource-intensive differentiation
between normal and CHD signals; Impact of data
quality on feature robustness

2 Ng et al. 
Automated framework for classifying
perioperative hazards in complex CHD using
retinal images and ML

Limited generalizability; Dependency on image
quality
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S.No Author
Information Objective of the Work Limitations

3 Kobel et al. Assessment of Apple Watch iECG in detecting
CHD in children

Small sample size; Limited diversity in patient
population

4 van Genuchten
et al. 

Evaluation of physical capacity in children
diagnosed with CHD

Small sample size; Limited to exercise capacity
assessment

5 Kavitha et al. Introduction of Multilayer Deep Detection
Perceptron (MLDDP) for identifying testicular
deviations with or without CHD

Limited validation on diverse datasets;
Dependency on data quality

6 Liu et al. 
Computer-aided analysis of heart sounds in
pediatric patients with left-to-right shunt CHD
using CNN

Limited to specific type of CHD; Dependency on
quality of input heart sound data

7 Ge et al. 
Identification of Pulmonary Hypertension
associated with CHD using time–frequency
domain analysis and ML

Limited to Pulmonary Hypertension;
Generalization to other types of CHD

8 Steeden et al. Exploration of AI-based methodologies for
CHD assessment

Limited discussion on specific limitations;
Generalizability to different AI methodologies

9 Alici-Karaca et
al. 

CNN for classifying radiation-induced liver
disease

Limited to radiation-induced liver disease;
Dependency on image quality

10 Qiao et al. Introduction of RLDS for diagnosing fetal CHD
using residual learning

Limited to fetal CHD; Dependency on the quality
of fetal echocardiography images
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