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Echocardiography is a unique diagnostic tool for intraoperative monitoring and assessment of patients with cardiovascular diseases. However,

there are high levels of interoperator variations in echocardiography interpretations that could lead to inaccurate diagnosis and incorrect treat-

ment. Furthermore, anesthesiologists are faced with the additional challenge to interpret echocardiography and make decisions in a limited time-

frame from these complex data. The need for an automated, less operator-dependent process that enhances speed and accuracy of

echocardiography analysis is crucial for anesthesiologists. Artificial intelligence is playing an increasingly important role in the medical field

and could help anesthesiologists analyze complex echocardiographic data while adding increased accuracy and consistency to interpretation.

This review aims to summarize practical use of artificial intelligence in echocardiography and discusses potential limitations and challenges in

the future for anesthesiologists.

� 2020 Elsevier Inc. All rights reserved.
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ECHOCARDIOGRAPHY PLAYS an important role in the

diagnosis and management of patients with cardiovascular dis-

eases. It allows for real-time imaging of the heart and quick

detection of various anomalies.1 Despite the abundance of

echocardiographic interpretation and evaluation guidelines,

the quantification and diagnosis based on subjective review of

2- and 3-dimensional echocardiography is still imperfect and
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error-prone. There is a high level of interoperator variation in

the interpretation of echocardiography, which has been a long-

standing problem.2 Interoperator variation can lead to incorrect

diagnoses, especially when poor-quality images are inter-

preted. In addition, anesthesiologists usually have limited time

to optimize echocardiographic images and measurements in

the operating rooms and have to make diagnoses quickly in

hemodynamically unstable patients. The need for fast, auto-

mated analysis of echocardiography data that are less depen-

dent on operator effort is crucial for anesthesiologists.

Artificial intelligence (AI) can serve as a new tool to meet

this need. AI has been defined as the study of algorithms that

give machines the ability to reason and perform functions such

as problem-solving, object and word recognition, inference of
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world states, and decision-making.3 There are several applica-

tions of AI technologies in anesthesiology, including depth of

anesthesia monitoring, control of anesthesia delivery, event

prediction, and ultrasound guidance.4 Meanwhile, the use of

AI in echocardiography has grown exponentially over the past

few years, providing a new way to overcome interoperator var-

iability and lack of extensive operator experience. Although

the application of AI in echocardiography is still in its infancy,

the future application of this technology has great potential

and is expected to help improve the accuracy and efficiency of

manual tracing. AI technology can aid in a more standardized

analysis of echocardiographic images/videos to reduce human

errors by generating accurate, consistent, and automated inter-

pretations.

As the number of quantitative parameters that are measurable

during an echocardiography examination continues to grow and

now includes data such as 3-dimensional echocardiography

(3DE) and speckle tracking, it is becoming necessary to find a

way to make this complex and voluminous data easily readable

and usable by anesthesiologists. Currently, most echocardiogra-

phy data remain underutilized, but AI technologies and cloud-

based systems offer the potential to interpret multiple datasets

simultaneously in an efficient and automated way.

Machine learning is a subfield of AI that is designed to teach

computers to analyze a large number of data points quickly,

accurately, and efficiently by using complex computational

and statistical algorithms. This use of AI is particularly rele-

vant to echocardiography because machine learning allows a

computer to acquire knowledge from input data, predict out-

comes, and improve machine reaction when encountering sim-

ilar data in the future. Today, machine learning has many

applications, including usage in voice and natural language

processing, image and video processing and recognition,

vehicular technology and automated driving, and game-play-

ing computers.5 Machine learning can be divided further into

supervised, unsupervised, and reinforcement learning (Fig 1).6

In supervised learning, the machine is “taught” to classify data

by providing it with a labeled training dataset. During training,

machine learning algorithms learn underlying patterns within

the data and compare them with known results. Once the

machine is trained, its capabilities are tested with an invisible

dataset. This allows for the accuracy of models to be assessed

and compared with human interpretations. Supervised learning

methods include random forests, support vector machines, and

artificial neural networks. Unsupervised learning is not pro-

vided with human-coded outcomes, so the model has to clas-

sify data itself based on its own analysis. This has the potential

to identify novel relationships within the data. Reinforcement

learning is a machine learning extension of classic decision-

making schemes.7 It is concerned with how software agents

can take actions when interacting with a given environment.

Usually, the agent needs to achieve a definite goal via maxi-

mizing a cumulative reward function through trial and error.

This produces an agent that is suitable for a dynamic environ-

ment.

The inclusion of machine learning in echocardiography

seems promising because the technology can accurately
identify various echocardiographic features and predict out-

comes without the limitations inherent in the current human

interpretation. AI technologies have been used in clinical set-

tings to automatedly measure left ventricular (LV) ejection

fraction (EF), chamber dimensions, wall thickness, and other

variables in an automated manner. Deep learning (DL), specif-

ically using convolutional neural networks (CNNs), is a cut-

ting-edge machine learning technique that has proven

successful at learning patterns in images. The deep layer of

CNNs can extract the detailed low-level information from the

original image and synthesize the information into the higher-

level structural information, which can identify the complex

entity from the image. This technique may be useful in analyz-

ing echocardiographic findings of various heart diseases.8-10

DL has not been applied widely in echocardiography. Madani

et al. trained a CNN to simultaneously classify 15 standard

views (12 videos and 3 still images) based on 267 labeled still

images and videos from transthoracic echocardiography that

captured a series of real-world clinical variations.11 They

found that the model used some of the same features in the

echocardiograms that human experts use to make their deci-

sions and it could be extended to clinical practice, research,

and training in the future.
AI for LV Systolic Function Evaluation

AI in 2D LVEF and Cardiac Output

Ejection fraction (EF) is one of the most relevant clinical

parameters in echocardiography. However, determination of

EF by manual tracing of endocardial borders is time-consum-

ing, operator- dependent, and inconsistent. Automatic cardiac

ultrasound image interpretation has the potential to transform

clinical practice in a number of ways, including enabling a

range of assessments of cardiac functions by nonexperts in pri-

mary care and rural settings (Fig 2).

Knackstedt et al. tested a new, fully automated software that

uses machine learning�enabled image analysis.12 Transtho-

racic echocardiography views (apical 4- and 2-chamber) were

collected from 4 centers on 255 patients in sinus rhythm. The

imaging assessed EF using both visual estimation and manual

tracing (biplane Simpson’s method). Furthermore, machine

learning�enabled software (AutoLV, TomTec-Arena 1.2;

TomTec Imaging Systems, Unterschleissheim, Germany) was

applied for fully automated EF and longitudinal strain (LS)

measurements. AutoLV can provide biplane end-diastolic and

end-systolic stroke volumes, EF, and LS. AutoLV use was fea-

sible and produced results in 98% of studies, and the average

analysis time was 8 § 1 s/patient. There was consistent agree-

ment among automated EF, local-centermanual tracking, and

reference- centermanual tracking. Similarly, automated and

manual LS measurements showed good agreement. This indi-

cated that fully automated analysis of echocardiography

images could provide rapid and repeatable LVEF and LS

assessments.12

Asch et al. tested 297 sets of EF to evaluate the accuracy and

reproducibility of a new algorithm for automated EF



Fig 1. One subfield of artificial intelligence is machine learning, which can be divided further into supervised, semi-supervised, and unsupervised learning,

depending on whether the sample used for learning is fully labeled, partially labeled, or unlabeled.
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calculation based on DL. The results showed that the accuracy

with DL EF was comparable with results of cardiologists and

sonographers with better reproducibility. Suggestions were

made to introduce DL EF algorithms into echocardiography

reading workflow to improve accuracy and reproducibility.13

The newly released Venue (GE Healthcare, Chicago, IL)

platform can calculate the velocity time integral (VTI) and car-

diac output in real time. After running the Auto-VTI tool, the

VTI Trending Tool can help clinicians visualize the trend and

determine a next course of action. Auto-VTI can provide up to

a 90% reduction in keystrokes and take up to 82% less time

than manual method of calculations, as performed by

experts.14 Using an experimental model of hemorrhagic shock,
Fig 2. GE Vscan LVivo (GE Healthcare, Chicago, IL) EF tool automatically traced

speckle-tracking algorithm and Simpson’s rule. This second-generation tool offers

most appropriate images to speed quantification and workflow. EF, ejection fraction

Image courtesy of GE Healthcare.
a recent study by Bobbia et al. determined that the Venue

Auto-VTI tool was better correlated with cardiac output mea-

sured by thermodilution than by manual echocardiographic

measurements (Fig 3).15

AI in 3D LVEF

Multiple studies have demonstrated the advantages of 3DE

over 2DE. However, lengthy acquisition times and advanced

training requirements limit the use of 3DE in clinical settings.

Automated cardiac chamber quantification technique, which

requires minimal or no manual correction of endocardial bor-

ders, potentially could allow integration of 3DE volumetric
the endocardial borders during systole and diastole based on a 2-dimensional

view recognition enabled by artificial intelligence. It automatically selects the

.



Fig 3. Automatic identification of left ventricular outflow tract in transthoracic echocardiography 3-chamber view measuring the left ventricular outflow tract

diameter and performing Doppler calculation to provide a continuous cardiac output display on GE Venue machines. CO, cardiac output; LVOT, left ventricular

outflow tract; VTI, velocity time integral.

Image courtesy of GE Healthcare.
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LV and left atrial (LA) measurements into routine practice

(Fig 4). A prototype 3DE automated analysis software simulta-

neously detected LV and LA endocardial borders through an

adaptive analytics algorithm and found that the automated

chamber quantification analysis can provide accurate, simulta-

neous measurements of LV end-diastolic volume, LV end-sys-

tolic volume, LVEF, and LA volume. This software generated

reproducible results; reduced the duration of examination; and

provided larger volumes than manual measurements, slightly

smaller values than cardiovascular resonance imaging without

contour adjustment, and similar values to resonance imaging

after contour adjustment. In addition, this software did not

require any manual input once the 3D dataset was loaded to

automatically perform these measurements. Unfortunately,

this software could not be used in patients with irregular car-

diac rhythms and poor endocardial visualization. The use of

echocardiographic contrast agents with this algorithm was not

tested.16

AI in Ventricular Deformation Analysis

Novel echocardiographic techniques allow for the assess-

ment of intrinsic mechanical properties of the myocardium,

including myocardial deformation or strain. Strain reflects
myocardial systolic function more accurately than does con-

ventional cavity-based echocardiographic parameters.17-19

This quantitative method for assessing regional and global LV

function has been widely used to detect LV systolic dysfunc-

tion in cardiomyopathies, cardio-oncology, and in the presence

of cardiac remodeling in which LVEF remains within the nor-

mal range. Assessment of global longitudinal strain (GLS) pro-

vides additional information on the heterogeneity and timing

of ventricular contractility. Furthermore, the visualization of

disease-specific strain patterns and regional differences in

myocardial function have been useful clinically as qualitative

bull’s eye plots or polar maps (Fig. 5 and 6).

Subtle differences between myocardial segments and time

intervals during stress echocardiography can be difficult to rec-

ognize visually because of the limited temporal resolution of

human vision. Tabassian et al. used machine learning to ana-

lyze the spatiotemporal characteristics of velocity, strain, and

strain rate tracing.20 They analyzed all 18 segments of the left

ventricle during rest and submaximal exercise in 4 groups,

including patients with heart failure with preserved ejection

fraction, hypertensive patients, breathless control patients, and

healthy patients. The 3 main phases were preprocessing of the

data, statistical modeling, and automatic classification. The

results showed that learned strain rate parameters gave the



Fig 4. Automatic left ventricular volume and ejection fraction calculation from 3-dimensional transesophageal dataset using the Philips EPIQ CVx system (Phi-

lips, Amsterdam, Netherlands).
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highest accuracy for allocating patients into each of the 4

groups and into 2 specific classes (asymptomatic v symptom-

atic). Machine learning of strain rate compared with standard

measurements gave the greatest improvement in accuracy for

the 2-class task (+23%; p < 0.0001) compared with +11% (p

< 0.0001) using velocity and +4% (p < 0.05) using strain.

Strain rate also was the best at predicting 6-minute walk dis-

tance as an independent reference criterion. Machine learning

of spatiotemporal variations of LV strain rate during rest and

exercise could be used to identify patients with heart failure

with preserved EF and provide an objective basis for diagnos-

tic classification.20

Echocardiography generates several thousand data points

during each examination, and these numbers are likely to grow

with the advent of multidimensional cardiac imaging techni-

ques such as speckle-tracking echocardiography (STE). This

amount of complex data is difficult for clinicians to fully

assimilate and interpret, and only a fraction of the available

and potentially useful information is fully used for diagnostic

interpretations and clinical decision-making. Interestingly,

recent standardization efforts have made surprising revelations

that STE-derived measurements are more reproducible than

conventional 2D and Doppler measurements.21 Furthermore,

automated approaches in STE recently have been developed

and have been shown to improve efficiency and reduce inter-

observer and intraobserver variability.12 Complex pattern rec-

ognition in big data is better performed using machine
learning approaches and computer-based cognitive tools for

automated analysis.22 Sengupta et al. tried to use a complex

chronic disease model of constrictive pericarditis and restric-

tive cardiomyopathy to demonstrate the feasibility and effec-

tiveness of a cognitive computing-machinelearning approach

for automated interpretations of STE data.23 During image

analysis, the STE software measured each parameter at multi-

ple spatial locations within the myocardium and at multiple

time points within the cardiac cycle. From the available 1,800

STE data points and 17 clinical and conventional echocardio-

graphic variables for each patient, those with the highest pre-

dictive accuracy were selected for inclusion in the associative

memory algorithm. In total, 15 STE data points and 4 echocar-

diographic variables (e0, E/e0, septal, and posterior LV wall

thickness) were automatically selected by the associative

memory algorithm and demonstrated incremental diagnostic

value in distinguishing constrictive pericarditis from restrictive

cardiomyopathy. Another study suggested that machine-learn-

ing algorithms can assist in the discrimination between physio-

logic and pathologic patterns of hypertrophic remodeling

(Fig 7).24

The application of machine-learning algorithms and auto-

mated STE could enable development of real-time decision

support systems for different disease phenotypes directly from

gray scale 2D echocardiographic images, which is particularly

useful for novices with limited experience. The ability to han-

dle large volumes of data using this approach and integrate the



Fig 5. Left ventricular strain analysis using artificial intelligence in the GE Vivid system. The system automatically recognizes appropriate views; defines region of

interest; traces the endocardium, myocardium, and epicardium borders; and calculates regional and global left ventricular strain.

Image courtesy of GE Healthcare.

Fig 6. Autostrain left ventricle analysis of peak strain and time to peak strain for 17 segments of the left ventricle on the Philips EPIQ CVx system.
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Fig 7. A machine-learning model was developed to differentiate between left

ventricular hypertrophy in athletes (ATH) versus patients with hypertrophic

cardiomyopathy (HCM).
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data with clinical echocardiographic variables has the potential

for significantly improving workflow in busy echocardiogra-

phy laboratories.

AI for Right Ventricular Systolic Function Evaluation

Although parameters of right ventricular (RV) size and func-

tion are clinically important in cardiac and noncardiac surgery,

echocardiographic evaluations of this chamber are complicated

because of its complex shape and motion. Whereas visual quali-

tative assessment historically has been the mainstay of analysis,

quantitative assessment now is recommended by the American

Society of Echocardiography.25 Hence, development of new

tools for fast, accurate, and reproducible measurement of RV

indices would address an important clinical need.

Liu et al. demonstrated the feasibility of using an AI-based

algorithm to quantify GLS as an intraoperative RV function

evaluation method. These data indicated that RV fraction area

change (FAC) has a strong correlation with the GLS, whereas

the systolic excursion velocity and tricuspid annular plane
Fig 8. Autostrain right ventricle analysis of peak strain and time to peak strain for r

system.
systolic excursion (TAPSE) have no similar correlation with

the GLS or the FAC.26 Their study demonstrated the feasibility

of automated AI-based RV analysis across multiple commer-

cially available systems in patients with varying degrees of

RV dysfunction. However, this retrospective analysis was per-

formed by a single experienced echocardiographer, and inter-

observer variability was not assessed.

Another study tested a new approach using speckle tracking

to automate the measurement of RV size/function and com-

pared assessments with the conventional manual methodol-

ogy.27 The software used RV endocardial boundaries to

quantify the RV area throughout the cardiac cycle by automati-

cally tracking intramyocardial speckles frame-by-frame. The

analysis resulted in a number of conventional quantitative indi-

ces of RV size and function including end-diastolic area; end-

systolic area; FAC; RV dimensions (RV basal diameter, RV

midcavity diameter, and RV length); TAPSE; and RV basal

free-wall segment peak systolic excursion velocity. Time

required for this automated analysis was approximately 30 sec-

onds per patient, compared with 4 minutes for conventional

manual analysis. The parameters obtained with the semiauto-

mated approach were consistent with manual measurements.

This rapid and practical semiautomated technique provided

quantitative parameters of RV size and function that were

comparable with conventional measurements.

Because of the complex geometry and function of the right

ventricle, it is very difficult to accurately assess the systolic

function of the chamber. M-mode (TAPSE) and 2D parameters

(RV FAC and RV volume change) have been used, but the

accuracy and consistency are not ideal. Recently, automatic

RV strain analysis using speckle tracking has been developed

and used clinically (Fig 8).
ight ventricular free wall and interventricular septum on the Philips EPIQ CVx
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AI for Aortic Valve Evaluation

Technologic advancements have made it possible to use AI-

based algorithms for valvular analyses that are based on pat-

tern recognition, with a high degree of reproducibility. Accu-

rate measurement of the aortic valve (AV) annulus and root is

important in the treatment of AV disease. The progress in AV

repair surgery and the evolution of transcatheter aortic valve

replacement have refocused the need for quantitative imaging

of the aortic root.

Calleja et al. successfully demonstrated the ability of an

automated algorithm to model the AV and root from 3D trans-

esophageal echocardiography (TEE) and computed tomogra-

phy (CT) data.28 Their data in the normal population showed

that the conventional single-dimensional sagittal diameter

measurement of the maximal sagittal diameter on 2D TEE not

only underestimated values but was less reproducible com-

pared with automated 3D TEE measurements and CT model-

ing. In addition, automated modeling algorithms could

quantify and characterize the distinctive anatomic changes of

the AV and the root in aortic regurgitation and severe aortic

stenosis.28 Unfortunately, the study has not validated findings

with independent standards, such as measurements made dur-

ing surgery. Furthermore, there are still significant challenges

to automatically detect annulus pathology, such as severe cal-

cification and bicuspid AV. The study by Thalappillil et al.

showed that periprocedural AV measurement by automated

echocardiographic software correlated with CT in patients

with severe aortic stenosis. The large range of the limits of
Fig 9. Automatic mitral valve analysis on mitral valve morphology, coap
agreement needed to be considered when using this software

to size valve implants. External validation of novel software,

particularly those based in proprietary algorithms, should be

performed by multiple groups before adoption into clinical

practice. The authors’ real-world analysis showed that this AI

software is promising, but limitations with this technology

remain.29
AI for Mitral Valve Evaluation and Surgery

Objective and quantitative echocardiographic analyses are

very important for the diagnosis, therapeutic planning, and

perioperative management of patients with mitral valve (MV)

disease. With the popularity of minimally invasive or percuta-

neous interventions, direct visual evaluation of the valve dur-

ing surgery has become limited or impossible and reliance on

echocardiography for accurate MV morphology and pathology

diagnosis is essential. At present, a variety of algorithmic soft-

ware is available for this kind of analysis (Fig 9). Whereas

some are semiautomated, most software packages require a

significant amount of user input, which can lead to error ampli-

fication and variation.30 Because geometric valve evaluation is

based on pattern recognition and the detection of subtle

changes, AI has been integrated into these programs. Recent

advances in AI and machine learning have led to the develop-

ment of fully automated valve analysis software packages that

require little or no user input. Although these are automated

and self-learning, there are considerable doubts about their
tation, and dynamic movements using the Philips EPIQ CVx system.
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clinical feasibility and reproducibility in analysis as described

in the following.

Jeganathan et al. retrospectively analyzed the intraoperative

3D TEE data acquired from 4 patients with normal MVs

undergoing coronary artery bypass graft surgery, using eSie

Valve Software (Siemens Healthcare, Mountain View, CA).31

Using the 3D control button, a full-volume MV dataset was

acquired over 2-to-3 beats at an average volume rate of 10-to-

14 /s without R-wave gating. The quality of the data was

ensured with the absence of any dropout and inclusion of the

entire mitral annulus, coaptation zone, and the leaflets. Three

different datasets were acquired for each patient by an experi-

enced echocardiographer. The following 6 geometric parame-

ters of interest were selected for this study: (1) mitral annulus

anterolateral posteromedial diameter, (2) mitral annulus ante-

roposterior diameter, (3) mitral annular area, (4) mitral annulus

nonplanarity angle, (5) mitral annulus total perimeter, and (6)

anterior and posterior leaflet areas. Results showed that it was

feasible to perform automatic analysis of the MV with good

reproducibility. The commonly used geometric parameters of

the MV could be obtained without a large amount of user

input, which might introduce consistency and accuracy into

quantitative MV analysis. In addition, the software can analyze

valves throughout both the systolic and diastolic phases and

automatically track the entire leaflet surface dynamically.

MV repair is preferred when surgical treatment is required.

Accurate identification of mitral valve prolapse (MVP) is criti-

cal to surgical planning. Although 3D TEE improves the visuali-

zation of the MV, image interpretation still depends on the

individual echocardiographer. A novel computer-learning tech-

nique called “anatomical intelligence in ultrasound” semiauto-

matically analyzes the annulus and leaflet parameters with more

accuracy and efficiency among novice users in locating surgi-

cally defined prolapse.32 The use of anatomical intelligence in

ultrasound significantly improved the diagnostic performance

and reproducibility of prolapse localization by minimizing man-

ual positioning of anatomic markers during the annular tracking

and leaflet tracing process. However, the software was used spe-

cifically to localize prolapse but was not designed to identify

nonprolapse pathologies, such as clefts or chordal rupture.

Sotaquira et al. proposed a semiautomatic algorithm for

mitral annulus (MA) and mitral leaflet segmentation from the

real-time 3D TEE data, which can characterize the shape of

the MV at only 9 points of user interaction and calculate new

parameters, such as regional tenting height and the thickness

of the leaflet.33 Compared with the manual tracing method,

this method of verification had good reproducibility and less

error in segmentation, which was equivalent to voxel resolu-

tion. The proposed rapid, model-free, semiautomated MA and

mitral leaflet quantified reporting performance made it promis-

ing for future clinical applications, such as in the operating

room, where rapid results are important.

In addition, a prototype tool for visualization of a 3D virtual

semitransparent mitral annulus plane has been developed on

the already existing 3D holographic display to enhance the

ability to visualize the MV prolapsing segments.34 The ratio-

nale of adding a virtual annulus plane is that it may improve
the diagnostic accuracy of MV disease, especially prolapses

involving the anterior leaflet. In addition, residual prolapses

can be detected perioperatively, thus avoiding repair failures.

The authors tested the feasibility of establishing a virtual MA

plane and found that MV analysis adding a 3D virtual semi-

transparent mitral annulus plane was feasible, with high accu-

racy and precision, providing a quick and less subjective

method for diagnosing MVP. This novel method may improve

preoperative diagnostics and may convey a better understand-

ing of the pathophysiology of MV disease. The potential appli-

cation of this method is to more accurately locate and quantify

MVP tissue in MV lesions.

Motivated by challenges faced by surgeons in performing

reconstructive cardiac surgical interventions, Brulina et al.

found a method for performing modeling and simulation to

predict the closure of the MV using patient-specific anatomic

information derived from 3D TEE. The ability to predict the

MV closure behavior is an important step along the way of

developing personalized simulation tools that would allow a

surgeon to perform preoperative planning and decide among

various MV repair options. The method exploits the Saint Ven-

ant-Kirchhoff elasticity model that is tuned to match empirical

observations of the MV strain-stress behavior. Using intraoper-

ative 3D TEE data, the proposed simulator was evaluated in 10

test cases and resulted in mean prediction absolute error values

of 1.81 mm.35 Such a system would allow the surgeon to assess

the quality of the reconstruction process by examining the

postoperative anatomy and physiology predicted by the results.

This would be an important tool to guide less-experienced sur-

geons to perform successful MV repairs given the increased

mortality and morbidity associated with surgery performed in

hospitals with smaller surgical numbers.36

AI in Automatic Diagnosis

Recently, Zhang et al. used a DL model to build a fully auto-

mated echocardiogram interpretation program, including view

identification, image segmentation, quantification of structure

and function, and disease detection.9 Using more than 14,000

echocardiographic studies, the algorithm achieved a 96% accu-

racy in image recognition for distinguishing between broad

echocardiographic view classifications (eg, parasternal long-

axis from short-axis) and 72% to 90% accuracy of image seg-

mentation. Furthermore, the authors showed that the algorithm

for automated quantification of cardiac structure and function

was comparable with or even superior to manual measurements

across 11 internal consistency metrics (eg, the correlation of LA

and LV volume), and that the CNNs were successfully trained

to detect hypertrophic cardiomyopathy, cardiac amyloidosis,

and pulmonary artery hypertension, with high accuracy.9

Although the accuracy has not reached that of experts, applica-

tion of DL to echocardiography interpretation is promising.

Limitations of AI in Echocardiography

AI could help echocardiographers obtain data more quickly

and improve the accuracy and consistency of interpretations.
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However, AI cannot yet integrate prior knowledge effectively

(at least, in the same way as a human), and in the absence of

large datasets, it would be difficult to train the network to cor-

rectly identify rare anomalies. At present, one of the most

mentioned limitations of AI is the “black box” problem (ie,

because the human brain doesn’t work the same way as neural

networks, which break down problems into millions of pieces,

it can not conceptualize the algorithms the AI is using). People

can overcome this AI shortcoming by improving its level of

transparency and understanding of its predictions. Machine

errors will always need to be safeguarded by humans to ensure

the avoidance of harm to patients. Presently, the best use of

the technology would be to save time for physicians on repeti-

tive, low-level, and mundane activities, such as measurements,

data preparation standardization, and quality control, thus

allowing for more time for higher levels of interpretation,

patient care, and medical decision-making.
Conclusion

Echocardiography has become an important imaging tool

for anesthesiologists to monitor and diagnose major cardiotho-

racic pathologies in both noncardiac and cardiac surgical

patients during the perioperative period. However, it is a user-

dependent approach that requires extensive training in order to

accurately interpret the data. The role of AI technologies is

expanding in helping anesthesiologists manage complicated

echocardiography data and providing more accurate and con-

sistent interpretations in a limited timeframe, with the goal of

improving the outcomes of patients with cardiovascular dis-

eases during surgery. However, it is unlikely that machines

will completely replace human experts in echocardiographic

interpretations. AI, machine learning, and DL methods have

unlocked the secrets of the connections between the machine

and disease states, yet AI remains a “black box” for many. To

ensure no harm is done to patients, humans must remain an

integral part of clinical care and the diagnostic process to pro-

tect against machine mistakes. Despite limitations, AI technol-

ogy remains an integral concept in the future of

echocardiography, and additional research is needed. Anes-

thesiologists need to be aware of the advantages and limita-

tions of AI technology in echocardiography.
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