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ABSTRACT 

Echocardiography is one of the most accessible and versatile tools in cardiac 

imaging. It offers excellent diagnostic value for a wide range of cardiovascular 

diseases. However, the dependence on operator skill and the long time required 

to take and interpret measurements correctly can limit its efficiency. Artificial 

intelligence (AI), through machine learning (ML) and deep learning (DL), 

promises a solution to these challenges. It can assist in image acquisition, 

interpretation, analysis, and diagnostics and be used to train expert and novice 

clinicians. Despite the potential of AI-assisted echocardiography, many 

weaknesses remain, including small and non-diverse datasets used in research 

studies, the "black-box" nature of DL algorithms, and ethical concerns. With 

further research, AI has the potential to streamline echocardiographic workflows, 

enhance diagnostic precision, and make cardiovascular care more accessible and 

efficient. 
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1. INTRODUCTION  

Through the years, echocardiography has remained one of the most valuable and 

widely accessible tools for cardiac imaging (Papolos et al., 2016). It is relatively 

cost-effective, non-radioactive, and offers real-time results, making it 

instrumental in diagnosing various cardiovascular diseases, such as valvular 

defects, heart failure, cardiomyopathies, and congenital abnormalities, and 

evaluating the effects of already implemented treatments (Via et al., 2014). 

Despite its benefits, echocardiography is not without limitations. The operator's 
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competence can significantly impact the examinations' accuracy, which can cause differences in image interpretation (De-Geer et al., 

2015).  

Intra- and inter-operator variability is a significant challenge, which creates a need for an objective, automated diagnostic system. 

Additional drawbacks of echocardiography include a low signal-to-noise ratio, inconsistent image quality, and a lower level of 

reproducibility. Manual measurements and image evaluations can require significant time, resources, and competence (Lang et al., 

2015). Artificial intelligence (AI) offers a promising solution to these challenges and has found widespread application in 

echocardiographic research.  

Through machine learning (ML) and deep learning (DL), AI can learn from processed data, identify patterns, and make informed 

predictions. AI-driven automation has the potential to accelerate and enhance various echocardiographic procedures by improving 

image acquisition, automating measurements, increasing diagnostic precision, creating new diagnostic patterns, and mitigating human 

error (Motwani et al., 2017). This review presents the current state of AI in echocardiography, highlighting its benefits, challenges, and 

future potential. 

 

2. METHODOLOGY 

This review examines using artificial intelligence (AI) in echocardiography by identifying, analyzing, and synthesizing relevant studies. 

We searched peer-reviewed literature using electronic databases, including PubMed, Scopus, IEEE Xplore, and Google Scholar. The 

search covered studies published from January 2014 to August 2024. Keywords and search terms included "AI in echocardiography", 

"machine learning in cardiac imaging", "deep learning for cardiovascular diagnostics", and "automated cardiac function assessment". To 

ensure the quality of the cited studies, we excluded non-peer-reviewed articles, abstracts, or editorials, papers focusing only on 

theoretical models without practical application in echocardiography, and studies not available in full text.  

 

3. RESULT AND DISCUSSION 

Artificial intelligence overview 

Artificial Intelligence (AI) studies computational algorithms that can perform human-like tasks such as problem-solving, formulating 

analyses, and decision-making (Iezzi et al., 2019). In recent years, its use has started to be widely researched and implemented in 

various medical fields, mainly due to pattern and object recognition as well as identification. It creates value for AI in disease 

prognosis, helping to develop treatment plans and offering prognostic data (Gulshan et al., 2016; Chilamkurthy et al., 2018; 

Krittanawong et al., 2021). AI evolution, beginning in the 1950s, has introduced two main concepts - machine learning (ML) and its 

subset deep learning (DL).  

ML models analyze data, learn from it, and then make predictions or decisions based on it. They are also able to provide predictions 

based on new, unseen data. There are three main categories of ML - supervised, reinforced, and unsupervised ML (Table 1). In 

supervised learning, the model learns from labeled data, meaning each input has to come with a corresponding output. Unsupervised 

learning occurs when the model is given unlabeled data, and must find patterns and structures within it. In contrast, systems employ 

reinforcement learning by receiving input and output data and acquiring specific behaviors through trial-and-error processes, which 

are optimized using a reward signal.  

ML needs significantly less input data than DL models but is better suited for more straightforward tasks (Krittanawong et al., 2023; 

Johnson et al., 2018). DL, a subset of ML, uses more complex architectures like deep neural networks (DNN), convolutional neural 

networks (CNN), and recurrent neural networks (RNN). These enable it to learn intricate patterns directly from raw data without 

human intervention. The end-to-end learning capability of DL models eliminates the need for labor-intensive manual feature 

engineering (Johnson et al., 2018). 

 

Table 1 Key differences between common ML types 

MACHINE 

LEARNING 

Type of ML Data type Goal 

Supervised learning 
Pre-labeled data - each input has an 

output 

Learn to predict outputs for unseen 

inputs 

Unsupervised learning Unlabeled data - only inputs, no Find patterns and relationships and, 
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labeled outputs based on them, separate data into 

clusters or groups 

Reinforcement learning 
No predefined dataset - interactions 

with the environment 

Learn optimal actions through trial-

and-error.  

 

Ai-Algorithms in echocardiographic imaging 

Image Analysis and Measurements 

One of the main aspects of echocardiography is the assessment of left ventricular (LV) function and size. Left ventricular ejection 

fraction (LVEF) and LV systolic and diastolic function carry significant prognostic value. However, their measurements are subjected to 

operator bias and difficulties with proper image acquisition and correct measurement, making the results variable between operators 

(Mitchell et al., 2019). Tromp et al., (2022) created an automated model to segment cardiac chambers with a segmentation accuracy of 

93,0-94,3% for the left atrium and left ventricle. It was able to correctly classify systolic dysfunction presented as LVEF < 40% with area 

under the operating curve (AUC) 0.90-0.96 and diastolic dysfunction (E/e' ratio - the ratio of early diastolic mitral inflow velocity to 

early diastolic mitral annulus velocity) with AUC 0.91-0.96 depending on the dataset.  

These results suggest that this DL model can provide a diagnostic level of accuracy. With an individual equivalence coefficient 

(IEC) less than 0 for all measurements, the AI algorithm created greater predictability than human experts in this study (Tromp et al., 

2022). Compared to LVEF, there is a more accurate and reproducible assessment of myocardial function - global longitudinal strain 

(GLS). Strain imaging is time-consuming and prone to deviation based on the operator's experience - its analysis could take roughly 5 

to 10 minutes (Barbier et al., 2015). Deng et al., (2022) proposed a CNN for myocardial segmentation and motion estimation. They used 

105 video sequences from an existing database to teach the algorithm and 150 videos from one hospital to evaluate the model's 

effectiveness.  

The results were comparable between DL algorithms and traditional methods, promising for real-time clinical applications and 

enhanced diagnostic efficiency (Deng et al., 2022). Similarly, Salte et al., (2021) designed a DL model to measure GLS and compare the 

results to the standard speckle-tracking software. The presented results were minimally different between the two methods, with a 

mean absolute difference of 1,8%. The time difference, however, was drastic - the AI model took up to 15 seconds per exam, while the 

conventional model took 5-10 minutes to produce results (Salte et al., 2021). 

 

Automated echocardiographic exams 

AI-driven tools streamline processes such as image acquisition, annotation, and report generation, reducing clinicians' workload and 

improving efficiency. For instance, in Zhang et al., (2018) successfully demonstrated a DL model for echocardiogram interpretation 

capable of view classification, image segmentation, cardiac structure and function quantification, and disease detection. The algorithm, 

trained on over 14,000 echocardiograms using convolutional neural networks (CNNs), achieved 96% accuracy in classifying the 

parasternal long axis (PLAX) view. Additionally, it estimated key cardiac structural parameters, such as left ventricular (LV) mass, 

diastolic volume, and left atrial (LA) volume, with mean absolute deviations ranging from 15% to 17%.  

The researchers successfully trained the CNNs to detect hypertrophic cardiomyopathy, cardiac amyloidosis, and pulmonary artery 

hypertension, with an accuracy of 85-93%. Although its diagnostic accuracy did not reach expert performance, it showed promise 

(Zhang et al., 2018). Another study developed the Dimensional Reconstruction of Imaging Data (DROID) model to automate 

measurements of LA and LV structures and functions, associating these measurements with incident cardiovascular outcomes. The 

model performed four classification tasks on over 60,000 echocardiograms, the first being the detection of image type - choosing from 2 

dimensions B mode, Doppler or 3-dimensional images - area under the curve (AUC) on all of them was 1.0.  

The following tasks were estimating image quality - good vs. poor and determining axis - on vs. off - in both AUC values were 0,87 

- and view classification. Based on the gathered data, the AI model was also taught to predict possible cardiovascular outcomes. A 1-SD 

decrease in LVEF was associated with a 43% greater risk of heart failure (Hazard Ratio [HR]: 1.43; 95% CI: 1.23-1.66). A 1-SD decrease 

in LVEF increased atrial fibrillation (AF) risk by 19% (HR: 1.19; 95% CI: 1.10-1.27). A 1-SD decrease in LVEF was associated with a 17% 

increased risk of death (HR: 1.17; 95% CI: 1.06-1.30). The AI outperformed traditional human echocardiographic reports in predicting 

outcomes, showing greater consistency and stronger associations with heart problems (Lau et al., 2023). 
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Narang et al., (2021) offered an interesting perspective on the automatization of echocardiography in their multi-center diagnostic 

study. Eight nurses with no prior expertise in echocardiography were trained with an AI model for only one hour before taking study 

exams. AI provided real-time guidance during the scans, significantly reducing the need for extensive training or expert supervision. 

Nurses acquired diagnostic-quality scans for left ventricular size, function, and pericardial effusion in 98.8% of cases and right 

ventricular size in 92.5%. Their scans were nearly as accurate as sonographers' for core diagnostic parameters, highlighting AI's 

potential to aid non-expert healthcare workers in diagnostic services (Narang et al., 2021). 

 

Diagnostic capabilities 

Apart from general echocardiographic exams, efforts to diagnose specific conditions with AI also have been noted. Due to its pattern 

recognition capabilities, DL algorithms can analyze subtle changes in the morphology and function of the myocardium, which might be 

too miniscule for a human observer. Left ventricular hypertrophy (LVH) is a common heart condition caused by many diseases. It is 

also a prognostic factor for cardiovascular events. Standard echocardiography allows its detection in the early stages, although the 

exam results can vary between the operators. With this in mind, efforts have been made to create reliable and objective automatic 

systems.  

Yu et al., (2022) proposed a DL framework trained on over 1610 transthoracic echocardiograms to detect LVH and its etiology- 

hypertrophic cardiomyopathy (HCM), cardiac amyloidosis (CA), and hypertensive heart disease (HHD). Compared to diagnoses made 

by two experienced clinicians, the AI model yielded better results in distinguishing LVH and its etiology. The network demonstrated 

superior accuracy (96.2%) compared to two echocardiographers (84.6%) in detecting LVH. Similarly, differentiating the etiology of LVH 

- specialists had an accuracy of 55,2%, whereas the network had 80,4%. The AI network performed better than echocardiographers in 

LVH detection and etiology classification (Yu et al., 2022).  

Similarly, another study created a CNN model to diagnose LVH, among others, with an AUC of 0,75 (Ghorbani et al., 2020). 

Another common cardiac disease associated with morbidity and mortality is aortic stenosis (AS). Ordinarily, the diagnosis uses 

Doppler echocardiography, which requires time and operator skills. Seeing the growing need for a quick and easily accessible AS 

diagnostic tool, Holste et al., (2023) used a DL model to presume the presence of AS based only on PLAX videos without the Doppler 

input. Researchers introduced the DL architecture to approximately 37,000 transthoracic echocardiogram videos comprising 16 

consecutive frames. It performed remarkably with AUC 0.92-0.98 with high sensitivity (85%) and specificity (96%).  

Their findings have great potential to improve early detection and monitoring of AS and enable widespread screening in primary 

care or emergency settings (Holste et al., 2023). A separate study, this one using both two-dimensional and Doppler images, offered 

similar results. Measurements taken by an already pre-existing, FDA-approved artificial neural network called Us2.ai were compared 

to the findings of trained echocardiographers, showing a strong correlation between the two. Parameters like peak velocity (Vmax) and 

mean pressure gradient (MPG) showed almost perfect resemblance. Lower accuracy for the left ventricular outflow tract diameter 

(LVOTd) and its higher exclusion rate indicates that this particular parameter can be challenging for human and AI models.  

Further studies and improvement in this area are needed (Krishna et al., 2023). One of the causes of AS is a process called aortic 

valve calcification. It progresses rather slowly, requiring several echocardiographic exams or computed tomography scans through the 

years. Elvas et al., (2024) created a CNN model to locate the aortic valve on the parasternal short-axis view and identify its calcium 

structures with a precision of 95% and 92%, respectively. The main challenge of their work was the slim database used - only 61 images. 

With promising results, the algorithm requires application to more extensive and more diverse databases to validate its 

effectiveness.was created (Elvas et al., 2024).  

Katsushika et al., (2021) tried to combat the problem of the diagnosis of cardiac sarcoidosis (CS). For being the leading cause of 

death in patients with sarcoidosis, its examination can be complex, consisting of many tests, one of them being echocardiography. 

However, although there are findings specific to CS in echocardiography, the sensitivity of performed exams can be pretty low - 

reportedly even 12,6 %. The group used an existing algorithm, initially used for LVEF measurements, modifying it to detect CS. The 

study used 302 videos, 151 of which came from 50 CS patients, and the rest were from a control group. The results, performed on the 

set of 41 additional echocardiographic movies, were comparable to examinations conducted by five experienced specialists - the pre-

trained algorithm had an AUC of 0.842, while the cardiologists had an AUC of 0.855.  

This CNN model might be a valuable tool for CS detection. However, more experimentation is still needed, preferably on a more 

extensive database (Katsushika et al., 2021). The clinical implementation of AI systems in echocardiography has made promising 
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advancements. Tools such as Ultromics' EchoGo Heart-failure and EchoGo Amyloidosis received FDA approval for aiding in the 

diagnosis of heart failure with preserved ejection fraction and cardiac amyloidosis. These devices are primarily intended to support 

clinicians in making decisions and improving diagnostic precision, which may result in earlier interventions and better patient 

outcomes (FDA, 2020; FDA, 2024). 

 

Challenges and ethical considerations  

The implementation of AI in echocardiography faces several methodological and ethical challenges. Data quality and size are 

significant limitations, with many studies relying on small, non-diverse datasets, which can lead to biased outcomes and reduce model 

generalizability. DL models taught on small datasets can create incorrect results that mislead clinicians and negatively impact patient 

care. To address and combat data size issues, researchers can use transfer learning - ML subtype in which an existing algorithm, pre-

trained on a more extensive database, is adapted to meet new needs and applied to a smaller database (Shin et al., 2016; Katsushika et 

al., 2021). Additionally, multi-center, multi-vendor studies are essential to ensure diverse and comprehensive datasets and provide 

generalizability of created models.  

Another disadvantage of DL algorithms is the lack of interpretability - the "black-box" problem. While the models can make exact 

predictions or classifications, the specific pathways through which they arrive at these outcomes are often challenging for humans to 

conceptualize (Krittanawong et al., 2019). It can hinder the findings' reproducibility and cause bias detection problems. Because of 

these, it can be challenging for practitioners to trust their results without knowing and understanding exactly how the models work. In 

contrast, over-reliance on AI tools could cause deskilling among clinicians. Creating algorithms should be implemented into medical 

education to better understand and apply DL networks to their clinical work and research basics of ML understanding.  

A relationship between cardiologists and AI engineers is essential to optimize results and create a mutual understanding. 

Furthermore, there are legal and ethical concerns about using AI in medicine. The large databases required by the DL models may 

include sensitive patient information and be vulnerable to potential security breaches, which can result in data leaks or misuse of data 

for non-medical purposes. Over time, patients may grow concerned about the safety of their information, which can limit the data they 

provide. Using large datasets presents its own set of challenges. Many echocardiography datasets are not widely available, and creating 

new ones can be costly and time-consuming (Krittanawong et al., 2019). 

 

4. CONCLUSIONS 

Echocardiography presents many benefits compared to other imaging methods, but valuable usage demands extensive training and 

operator time. AI, particularly deep learning architectures, has great potential to assist echocardiographers, making their job easier - 

improving diagnostic accuracy and efficiency. DL-driven echocardiography has the potential to revolutionize and redefine 

cardiovascular care by allowing earlier disease detection, personalized treatment planning, and broader accessibility to 

echocardiography. However, data quality, interpretability, and ethical considerations must be resolved to guarantee safe and successful 

clinical integration. Future research should concentrate on large-scale, diversified datasets, interdisciplinary collaborations, and 

educational projects to raise patient care and streamline workflow.  
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