
Circulation: Cardiovascular Imaging

905

Circulation: Cardiovascular Imaging is available at www.ahajournals.org/journal/circimaging

Circ Cardiovasc Imaging. 2023;16:e015569. DOI: 10.1161/CIRCIMAGING.123.015569 November 2023

 

Correspondence to: Roberto M. Lang, MD, University of Chicago Medical Center, Room 5509, 5758 S Maryland Ave, MC 9067, Chicago, IL 60637. Email  
rlang@medicine.bsd.uchicago.edu
For Sources of Funding and Disclosures, see page 912.
© 2023 The Authors. Circulation: Cardiovascular Imaging is published on behalf of the American Heart Association, Inc., by Wolters Kluwer Health, Inc. This is an open 
access article under the terms of the Creative Commons Attribution Non-Commercial-NoDerivs License, which permits use, distribution, and reproduction in any 
medium, provided that the original work is properly cited, the use is noncommercial, and no modifications or adaptations are made.

ORIGINAL ARTICLE

Real-Time Artificial Intelligence–Based Guidance 
of Echocardiographic Imaging by Novices: 
Image Quality and Suitability for Diagnostic 
Interpretation and Quantitative Analysis
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Dan Spiegelstein, PhD; Noa Avisar, PhD; Itay Kezurer, MS; Asaf Mazursky, MD; Ran Handel, MD; Yotam Peleg , MD;  
Shir Avraham, MD; Achiau Ludomirsky, MD; Roberto M. Lang, MD

BACKGROUND: We aimed to assess in a prospective multicenter study the quality of echocardiographic exams performed by 
inexperienced users guided by a new artificial intelligence software and evaluate their suitability for diagnostic interpretation 
of basic cardiac pathology and quantitative analysis of cardiac chamber and function.

METHODS: The software (UltraSight, Ltd) was embedded into a handheld imaging device (Lumify; Philips). Six nurses and 3 
medical residents, who underwent minimal training, scanned 240 patients (61±16 years; 63% with cardiac pathology) in 10 
standard views. All patients were also scanned by expert sonographers using the same device without artificial intelligence 
guidance. Studies were reviewed by 5 certified echocardiographers blinded to the imager’s identity, who evaluated the ability 
to assess left and right ventricular size and function, pericardial effusion, valve morphology, and left atrial and inferior vena 
cava sizes. Finally, apical 4-chamber images of adequate quality, acquired by novices and sonographers in 100 patients, 
were analyzed to measure left ventricular volumes, ejection fraction, and global longitudinal strain by an expert reader using 
conventional methodology. Measurements were compared between novices’ and experts’ images.

RESULTS: Of the 240 studies acquired by novices, 99.2%, 99.6%, 92.9%, and 100% had sufficient quality to assess left 
ventricular size and function, right ventricular size, and pericardial effusion, respectively. Valve morphology, right ventricular 
function, and left atrial and inferior vena cava size were visualized in 67% to 98% exams. Images obtained by novices and 
sonographers yielded concordant diagnostic interpretation in 83% to 96% studies. Quantitative analysis was feasible in 83% 
images acquired by novices and resulted in high correlations (r≥0.74) and small biases, compared with those obtained by 
sonographers.

CONCLUSIONS: After minimal training with the real-time guidance software, novice users can acquire images of diagnostic 
quality approaching that of expert sonographers in most patients. This technology may increase adoption and improve 
accuracy of point-of-care cardiac ultrasound.

GRAPHIC ABSTRACT: A graphic abstract is available for this article.
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Unlike other cardiac imaging modalities, ultrasound 
imaging allows real-time visualization of the heart, 
lending itself to rapid assessment of cardiac size, 

structure, function, and hemodynamics. As a result, 
echocardiographic images are widely used for diagnos-
tic interpretation, with a well-documented prognostic 
utility. However, one of the main challenges of echocar-
diographic imaging is that extensive training is required 
to obtain high-quality diagnostic images, and as a con-
sequence, ultrasound examinations are predominantly 
performed in dedicated laboratories by highly specialized 
personnel. Furthermore, until recently, echocardiographic 
equipment has been limited in terms of portability.

With technological developments, imaging equipment 
has become smaller and, therefore, more portable, and 
the use of cardiac ultrasound has become ubiquitous, 
expanding in many hospitals to the bedside. Importantly, 
this includes critically ill patients and patients in the 
emergency department, where imaging is increasingly 
performed by physicians with different backgrounds and 
levels of training in ultrasound imaging.1,2 These miniatur-
ized ultrasound devices have fewer features and capa-
bilities, making them easier to operate. Not surprisingly, 
when combined with their low cost, these developments 
have made cardiac ultrasound attractive among a wide 
variety of nontraditional users.3,4 Nevertheless, to date, 
echocardiographic image acquisition and interpretation 
remain highly dependent on the operator’s experience, 
thereby creating opportunities for automation and stan-
dardization using artificial intelligence (AI).5–12 Thus, the 
growing need for training medical personnel has brought 
to the forefront the idea of using AI as an aid in cardiac 
ultrasound imaging.

Accordingly, a machine learning–based software 
application for real-time guidance of echocardiographic 
imaging was recently developed. Our novel software 

uses intuitive visual cues to guide image acquisition; its 
display is similar to that of a computer gamer’s controls 
tracking hand’s movements, to guide the user on how to 
manipulate the transducer to obtain the desired echocar-
diographic view.

This multicenter study was designed to evaluate the 
ability of medical professionals without prior imaging 
experience, after a short course on basic cardiac ultra-
sound and the use of this software, to perform limited 
transthoracic echocardiography examination at a level 
sufficient for diagnostic evaluation in common clini-
cal scenarios that involve handheld cardiac ultrasound. 
Our specific aim was to compare the quality of images 
acquired by novices using the real-time AI guidance 
against those obtained by expert sonographers using the 
same imaging equipment without AI guidance, in terms 
of their ability to allow qualitative evaluation of basic car-
diac pathology, as well as quantitative measurement of 
cardiac chamber size and function.

METHODS
The data used in this study will not be publicly available.

Population
We prospectively enrolled 240 adult patients over a period of 
12 weeks at echocardiography laboratories of 3 medical cen-
ters (75 at the University of Chicago, Chicago, IL; 81 at Aurora 
Milwaukee, Milwaukee, WI; 84 at Sheba Medical Center, Tel 
Aviv, Israel), including 150 patients (63%) with a wide range 
of cardiac pathology (age, 61±16 years; 144 males; height, 
171±10 cm; weight, 80±17 kg; body mass index [BMI], 
26.5±4.5 kg/m2). The study group represented a typical popu-
lation of patients undergoing echocardiographic examination 
in a large tertiary care setting, including patients with varying 
degrees of left ventricular (LV) and right ventricular dysfunction 
and valvular heart disease. The study was approved by the insti-
tutional review boards of the participating institutions, and writ-
ten informed consent was obtained in each patient who agreed 
to participate, after their clinically indicated examination was 
completed. Exclusion criteria were any cardiac conditions that 
would render the patients unstable (such as acute myocardial 
infarction, decompensated heart failure, cardiac tamponade, 
and acute pulmonary edema), congenital heart abnormalities, 
BMI >40 kg/m2, pregnancy, severe chest wall deformities, and 
prior pneumonectomy. From the initial cohort of 245 patients 
screened for inclusion, 5 patients were ultimately excluded 
because of poor acoustic windows noted in prior echocar-
diographic examinations. The majority of study subjects were 
White (76.5%), about a fifth were Black (22.0%), and the rest 
were Asian (1.5%). Approximately two-thirds of the subjects 
reported that they had never consumed alcohol or smoked 
(65.5% and 67.4%, respectively).

Study Design
The patients underwent echocardiographic examinations by 6 
nurses (Advocate Aurora Research, Milwaukee, WI and Sheba 
Medical Center, Israel) and 3 medical residents (University of 

CLINICAL PERSPECTIVE
We found that after minimal training with the novel 
artificial intelligence guidance software, novice users 
can acquire images of diagnostic quality approaching 
that of expert sonographers and allowing qualitative 
diagnostic interpretation and quantitative analysis. 
We believe that this technology may increase the 
adoption of and improve the accuracy of point-of-care 
cardiac ultrasound.

Nonstandard Abbreviations and Acronyms

AI artificial intelligence
BMI body mass index
IVC inferior vena cava
LV left ventricular
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Chicago Medical Center, Chicago, IL) with no prior imaging 
experience. The potential novices were offered to participate 
in the study, and the first ones who responded with interest 
were recruited. The nurses were recruited in cardiology clin-
ics, and the medical residents were approached on cardiology 
inpatient services. These novice imagers underwent a brief 
training course that included 8 hours of lectures on cardiac 
anatomy, basic principles of ultrasound imaging of the heart, a 
demonstration of the novel AI-based guidance software (ver-
sion 1.1.0, 2022; UltraSight, Ltd, Rehovot, Israel), which was 
integrated into a commercial handheld ultrasound imaging sys-
tem, and a tutorial on its use with a supervised hands-on train-
ing session. The training was standardized and was performed 
simultaneously for all participants at each institution. This was 
followed by 8 practice scans by each participant, using the 
real-time guidance software. Following this training, each nov-
ice imaged between 23 and 30 patients (totaling 240) with 
AI guidance, including 10 standard echocardiographic views. 
Imaging was performed completely independently, with no one 
present in the imaging room, other than the novice and the 
patient. In the same setting, each patient underwent imaging 
by an expert cardiac sonographer, including acquisition of the 
same 10 standard views via 3 acoustic windows (parasternal, 
apical, and subcostal), using the same imaging equipment, but 
without using AI guidance. Images acquired by both novices 
and expert sonographers were reviewed by 5 expert readers to 
compare their quality, as well as suitability for qualitative diag-
nostic interpretation and detection of basic pathology. Finally, 
the images were subjected to a quantitative analysis of LV size 
and function and the results compared between the 2 groups 
of images.

Device Description
The novel machine learning–based guidance model is a soft-
ware application interfaced with a commercial handheld ultra-
sound imaging system (Lumify; Philips Healthcare, Cambridge, 
MA). It receives as an input a live stream of 2-dimensional 
ultrasound images and performs real-time adaptive guidance 
by comparing the current transducer position and orientation 
at any given moment to the transducer optimal position and 
orientation needed to obtain a preset target tomographic view 
of the heart. In addition, it displays image quality assessment 

indicators designed to provide the user with feedback regard-
ing the similarity of the current image and the desired target 
view. The system is based on a convolutional neural network, 
which was trained to guide acquisition of 10 standard views 
via 3 acoustic windows: parasternal long axis, parasternal short 
axis at the aortic valve level, parasternal short axis at the mitral 
valve level, parasternal short axis at the papillary muscle level, 
apical 4 chamber, apical 2 chamber, apical 3 chamber, apical 
5 chamber, subcostal 4 chamber, and subcostal inferior vena 
cava. To achieve this goal, it continuously displays the current 
and desired transducer position and orientation on a secondary 
display as visual guiding cues to what transducer maneuvers 
are needed to obtain the optimal view, namely sliding, rota-
tion, rocking, or tilting (Figure 1). This secondary display also 
includes an image quality assessment indicator in a manner 
that does not interfere with the ultrasound image and other 
information shown on the main screen. This provides real-time 
feedback on the image quality from the current transducer 
position as compared with the ideal position for a specific view.

Software Architecture and Development
The deep learning–based core is a stand-alone software appli-
cation, installed on a tablet device, utilizing only the tablet’s pro-
cessing power without requiring internet connectivity. The core 
component of the algorithm is the neural network that consists 
of convolutional transformers and multilayer perceptron layers. 
The model was implemented into software and trained using 
the open-source PyTorch Lightning interface (version 1.5.9). 
The development of the neural network was divided into an 
algorithm training, refinement stage, and a postalgorithm lock 
validation stage. The first step in the algorithm development 
was the creation of the scans’ data sets, used for the algorithm 
training and testing. These scans were collected in a multisite 
clinical study, designed to acquire the ultrasound transducer 
position and orientation. Expert sonographers captured images 
of subjects with a wide range of ages, BMIs, and pathologies. 
This training data set contained >5 000 000 individual data 
points on transducer location using the Philips Lumify ultra-
sound imaging device. The data set included labels from expert 
sonographers and cardiologists, annotating the scans’ diagnos-
tic quality and was used to train the algorithm with the dis-
tances of each of the 10 views, to accomplish guidance actions 

Figure 1. Artificial intelligence–based 
echocardiographic image acquisition 
guidance system setup.
An example of a system screen (right) 
showing the actual real-time view (middle) 
and visually intuitive instructions aimed at 
guiding the novice user how to manipulate 
transducer position and orientation toward 
achieving the target view (top, right), 
along with the ideal target view shown as 
a reference (top, left; see text for details). 
The quality bar is located on the top right 
corner of the screen. PLAX indicates 
parasternal long axis.
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and diagnostic quality thresholds for the 10 views. The resul-
tant software has been evaluated for its guidance cues, the 
precision of estimates versus sonographer judgements, and its 
estimation of diagnostic quality, by predefined tests, and by a 
pilot testing of novice user performance, before its validation in 
this pivotal study.

Analysis of Image Quality and Diagnostic 
Capability
Images acquired by both the novices and the expert sonog-
raphers were reviewed in a random order by 5 independent, 
experienced echocardiographers outside of the participating 
institutions, who were blinded to the identity of the operator. 
Each of the 5 readers reviewed and graded image quality for 
each of the 10 views of each of the 480 exams (240 per-
formed by novices and 240 by sonographers), according to 
the American College of Emergency Physicians guidelines for 
quality assurance grading scale of 1 (poor, with no recogniz-
able structures) through 5 (excellent visualization, completely 
supportive of the diagnosis), and a score of ≥3 was considered 
as sufficient quality.

In addition, the 5 readers evaluated the ability of each exam 
to allow diagnostic assessment of LV and right ventricular size 
and function, pericardial effusion, morphology of the aortic, 
mitral, and tricuspid valves, and left atrial and IVC size. This 
ability was graded in a binary manner, namely using a yes or 
no answer. Finally, each reader classified each of the above 
features as normal, abnormal, or inconclusive. The adjudicated 
decision for each end point was based on a majority rule among 
the 5 readers, namely consensus of at least 3 of 5 readers.

Quality grades, diagnostic capability, and abnormality sta-
tus were compared between images acquired by novices 
and sonographers. To determine factors that may affect the 
image quality and diagnostic capacity, these comparisons were 
repeated for subgroups of subjects defined by BMI of 0 to 
25 kg/m2 (33.7% of the patients), 26 to 30 kg/m2 (39.4%), 
and >30 kg/m2 (26.9%); sex (1.5 male-to-female ratio); age 
≤60 years (n=107), >60 to ≤70 years (n=55), and >70 years 
(n=78); and the presence of cardiac pathology (150 positive 
and 90 negative). In addition, these comparisons were repeated 
between exams performed by nurses versus those performed 
by medical residents.

Sample Size Calculation
Based on the results of the pilot study, assuming that the true 
proportion of each of the primary end points is 0.9, 240 sub-
jects were required to complete examination by novice users to 
have an overall power of 80%. This sample size was required 
for meeting 4 null hypotheses that the proportions of subjects 
with sufficient quality for each end point is 0.8, versus the alter-
native that proportions are different from 0.8. Calculations were 
done considering a 2-sided type I error rate of 5%. Sample size 
calculation accounted for the between-novice variability.

Suitability for and Accuracy of Quantitative 
Analysis
A subset of images of 100 randomly selected study subjects, 
whose images received a quality score of ≥3, were analyzed 
using conventional methodology (Image Arena v. 2.30.00; 

TomTec, Unterschleissheim, Germany), to measure LV vol-
umes, ejection fraction, and global longitudinal strain in the api-
cal 4-chamber view. These measurements obtained from the 
images acquired by sonographers were used as a reference 
standard to determine whether quantitative analysis of images 
of sufficient quality generated by novices would yield similar 
results as those acquired by experts.

Statistical Analysis
The proportion of subjects for whom there was agreement in 
the clinical interpretation between the exams using the novices’ 
and the sonographers’ images was calculated, including a 95% 
Wilson CI. The significance of the differences between these 
ratios was tested using χ2 statistics. Quantitative measurements 
of LV volumes and ejection fraction were expressed as median 
values with the corresponding interquartile ranges. Comparisons 
between measurements obtained from the novices’ and sonog-
raphers’ images included linear regression, Pearson correlation 
coefficients, Bland-Altman analyses of biases, and limits of 
agreement. Significance of biases was assessed using 2-tailed 
paired Student t tests. All analyses were performed using R, ver-
sion 4.1.2 (The R Foundation for Statistical Computing).

RESULTS
There were no adverse events of complications encoun-
tered during the study that could be attributed to the use 
of the AI guidance software. Most images acquired by 
both the sonographers and the novice users achieved a 
quality score ≥3 by the majority of the readers and, there-
fore, were deemed suitable for diagnostic evaluation, with 
the percentages of scores being only slightly higher for 
sonographers (88%–100%, depending on specific view), 
compared with novices (81%–94%). Table 1 shows these 

Table 1. Percentages of the Adequate Quality Images 
(American College of Emergency Physicians Score, ≥3) 
Acquired by Sonographers and Novices in the 240 Study 
Patients

View 

Sonographers Novices 

P value Score, ≥3 (CI) Score, ≥3 (CI)

PLAX 100% (98%–100%) 86% (79%–93%) 0.24

PSAX-AV 95% (92%–99%) 72% (65%–79%) 0.042

PSAX-MV 98% (95%–99%) 88% (83%–92%) 0.41

PSAX-PM 100% (98%–100%) 90% (85%–96%) 0.42

AP4 100% (98%–100%) 94% (90%–97%) 0.64

AP2 98% (96%–100%) 85% (78%–90%) 0.28

AP3 98% (96%–99%) 83% (76%–91%) 0.21

AP5 98% (96%–99%) 87% (80%–95%) 0.37

SC-4C 91% (86%–95%) 81% (73%–89%) 0.39

SC-IVC 88% (84%–92%) 68% (61%–75%) 0.007

Data are listed by view with the corresponding CIs. 4C indicates 4 chamber; 
AP2, apical 2 chamber; AP3, apical 3 chamber; AP4, apical 4 chamber; AP5, 
apical 5 chamber; AV, aortic valve; IVC, inferior vena cava; MV, mitral valve; PLAX, 
parasternal long axis; PM, papillary muscle; PSAX, parasternal short axis; and 
SC, subcostal.
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data on a view-by-view basis, depicting considerable vari-
ability between views. Notably, percentages of scores 
≥3 for images acquired by the novices were the lowest 
in the subcostal IVC, parasternal short-axis at the aortic 
valve level, subcostal 4-chamber, as well as in the apical 
3-chamber and apical 2-chamber views, in this order, with 
the differences being statistically significant only in the 
former 2 views (namely, subcostal IVC and parasternal 
short-axis at the aortic valve level).

The ability of the readers to perform diagnostic evalu-
ation from the 240 exams performed by the sonogra-
phers and the 240 exams performed by the novices is 
summarized in Table 2 on a feature-by-feature basis 
(center columns). Importantly, using images acquired by 
novices, the lower limit of the 95% CI was always >80% 
for the 4 primary end points and most clinically important 
features, including LV size and function, right ventricular 
size, and pericardial effusion. Of all 10 echocardiographic 
features studied, tricuspid valve structure and IVC size 
were the most difficult to image for both novices and 
sonographers, as reflected by the lowest percentages of 
diagnostic quality images.

Subgroup analyses showed that patient’s BMI, age, 
sex, race, and cardiac pathology status had no signifi-
cant effect on the percentages of images acquired by 
novices that achieved quality scores ≥3. Also, there was 
no difference between the percentages of images that 
achieved such scores, when comparing images acquired 
by nurses and medical residents. Similarly, subgroup 
analyses showed that none of these factors had a signifi-
cant effect on the adequacy of image quality as it affects 
the ability of the readers to detect abnormalities.

Table 2 also lists the agreement levels in the diagnos-
tic interpretation, namely normal, abnormal, or inconclu-
sive, for each of the features of interest (right column). 

Overall agreement in the diagnostic interpretation of the 
above features from images acquired by novices and those 
acquired by expert sonographers ranged from 83% to 
96%, depending on the specific abnormality. Importantly, 
for the 4 most clinically important features, including LV size 
and function, right ventricular size, and pericardial effusion, 
the agreement in the diagnostic interpretation was ≥86%.

Quantitative analysis of LV size and function was fea-
sible in 83% of the images acquired by novices. We found 
good agreement between parameters obtained from 
images acquired by novices and sonographers (Table 3), 
as reflected by high correlations (r values between 0.74 
and 0.82) and small biases in LV end-diastolic and end-
systolic volumes (−4±30 and −2±22 mL, respectively; 
Figure 2), ejection fraction (−0.2±8.2%), and global lon-
gitudinal strain (1.2±3.3%; Figure 3).

DISCUSSION
Over the last decade, continuous miniaturization of the 
ultrasound imaging equipment has brought to the fore-
front what only recently seems to be a futuristic idea of 
a miniature echocardiographic system replacing the tra-
ditional stethoscope. These technological developments 
have resulted in a widening spectrum of users, includ-
ing a wide range of physicians and allied health work-
ers with limited or no cardiac imaging experience, driven 
by the advantages of obtaining a quick bedside cardiac 
assessment at the point of care.1–4 Because acquisition 
of optimal echocardiographic views of the heart needed 
for diagnostic interpretation is not trivial and requires 
extensive training (2 years, minimum of 10 hours per 
week), the need for new ways to assist unconventional 
users with limited skills in cardiac ultrasound imaging has 
become clear and urgent.

Table 2. Percentages of Images With Sufficient Quality to Allow 
Diagnostic Interpretation (Center) and Percentages of Images Resulting 
in Concordant Diagnostic Interpretation From Images Acquired by 
Sonographers and by Novices (Right) in the 240 Study Patients

 

%Diagnostic quality (CI)
%Diagnostic 
agreement Sonographers Novices 

LV size 100% (98%–100%) 99% (99%–100%) 96% (92%–98%)

LV function 100% (98%–100%) 100% (97%–100%) 86% (81%–90%)

RV size 98% (96%–99%) 93% (89%–99%) 87% (82%–91%)

Pericardial effusion 100% (98%–100%) 100% (98%–100%) 94% (90%–96%)

RV function 98% (97%–100%) 94% (90%–98%) 96% (93%–98%)

LA size 99% (98%–100%) 94% (90%–97%) 83% (77%–87%)

AV structure 97% (97%–100%) 89% (84%–93%) 88% (82%–91%)

MV structure 98% (97%–100%) 98% (95%–99%) 90% (96%–93%)

TV structure 89% (86%–99%) 74% (67%–80%) 95% (90%–97%)

IVC size 87% (82%–90%) 67% (59%–75%) 85% (78%–90%)

Data are listed by the echocardiographic feature of interest with the corresponding CIs. AV 
indicates aortic valve; IVC, inferior vena cava; LA, left atrium; LV, left ventricle; MV, mitral valve; RV, 
right ventricle; and TV, tricuspid valve.
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The simultaneously increasing role of AI in medicine 
combined with the exponential increase in computing 
power has led to the development of novel machine 
learning techniques for real-time prescriptive guidance 
of echocardiographic image acquisition.5,6,12 While the 
technicalities of machine learning algorithms are difficult 
to understand for most who are not professionals in this 
area, it is well known that for these techniques to be suc-
cessful, training the computer requires large amounts of 
data with as many as possible anatomic and functional 
variations. Luckily, echocardiographic images of hun-
dreds of thousands of patients with millions of images 
traced, measured, and characterized by human experts 
over the years are available for developers in this field, 
resulting in a relatively fast development and a growing 
number of validation studies.

Our study was designed to test the ability of novel soft-
ware to guide the acquisition of 10 standard echocardio-
graphic views of diagnostic quality by nurses and medical 
residents with no prior ultrasound imaging experience, 
who had undergone only minimal training. We found that 
guided image acquisition by these users resulted in image 
quality approaching that of images obtained by experi-
enced cardiac sonographers, as reflected by similar rates 
of examinations that achieved the American College of 
Emergency Physicians quality scores ≥3 assigned by 
the majority of readers. Not surprisingly, the parasternal 
short-axis at the aortic valve level, subcostal 4-chamber, 
and the subcostal IVC views were the most difficult for 
the novices to achieve diagnostic quality because these 
3 views were also the most challenging for the expert 
sonographers. Importantly, however, images acquired by 
novices achieved score ≥3 in >80% of the cases in 8 of 
the 10 standard views.

Further examination of the readers’ ability to detect 
abnormalities from these images showed that tricuspid 
valve structure and IVC size were the most difficult to 
assess from the novices’ images. However, these also 

were the 2 features that were the most difficult to evalu-
ate from the images acquired by the sonographers. 
Importantly, images acquired by the novices allowed 
diagnostic assessment in over 89% of the cases for 8 
of the 10 examined features. All these findings occurred 
irrespective of factors that are known to affect the 
level of technical difficulty of echocardiographic imag-
ing, including BMI, age, sex, and the presence of car-
diac pathology. Finally, and most importantly, diagnostic 
assessments made using the novices’ images and expert 
sonographer’s images were concordant in at least 85% 
of the cases, including all examined features.

Moreover, quantitative measurements performed 
on the images acquired by the novices resulted in val-
ues closely related to those obtained from the images 
acquired by expert sonographers, indicating that when 
aided by the real-time guidance software, the novices 
can generate echocardiographic views of sufficient qual-
ity that lend themselves to accurate quantification of LV 
volumes and function, including both ejection fraction 
and global longitudinal strain.

The implications of all these findings for clini-
cal practice remain to be determined in future stud-
ies. Most importantly, however, this novel AI guidance 
tool is capable of aiding novice users in acquisition 
of images of sufficient quality to allow qualitative and 
also quantitative diagnostic interpretation. This being 
said, the AI guidance tool is by no means intended to 
replace comprehensive echocardiographic examination 
by a professional sonographer but rather to allow nov-
ices to obtain with guidance a limited set of images 
that may aid in a cursory clinical evaluation of a patient 
in a setting where specialized, trained personnel is not 
available. Future studies will determine whether after a 
period of training and using the AI-assisted software, 
the learner will be able to obtain images of similar qual-
ity without AI guidance.

Limitations
In this era of big data, one might see the relatively small 
size of our test group (240 patients) as a limitation. 
Indeed, 240 is a disproportionately small number com-
pared with a considerably larger number of studies used 
for training the deep learning software. However, it is 
important to remember that this was the first study to 
test the feasibility of this novel real-time guidance soft-
ware and evaluate its ability to compete with the quality 
of conventional images obtained by expert sonographers 
in the suitability of images for diagnostic interpretation.

Also, patients with poor acoustic windows noted in 
prior echocardiographic examinations were excluded 
from this feasibility study. This choice was motivated by 
the thought that if sufficient quality is not achievable in 
such patients even for expert imagers, they are not suit-
able to test this new software.

Table 3. Left Ventricular Size and Function Measurements 
Obtained by Conventional Analysis of the Images Acquired 
by Novices With AI Guidance and by Sonographers Using the 
Same Imaging Equipment Without AI Guidance (See Text for 
Details)

 Sonographers Novices Bias 
R value 
(P) 

EDV, 
mL

102 (75 to 126) 97 (70 to 135) −4±30 0.78 
(<0.001)

ESV, 
mL

42 (27 to 57) 41 (25 to 64) −2±22 0.82 
(<0.001)

EF, % 58 (52 to 64) 58 (52 to 63) −0.2±8.2 0.78 
(<0.001)

GLS, % −18 (−21 to −15) −17 (−19 to −14) 1.2±3.3 0.74 
(<0.001)

Data are listed as median values and IQRs. AI indicates artificial intelligence; 
EDV, end-diastolic volume; EF, ejection fraction; ESV, end-systolic volume; GLS, 
global longitudinal strain; and IQR, interquartile range.
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Another limitation of our study is that the accuracy 
of quantitative analysis was only tested for the LV size 
and function. Whether the quality of visualization of 
the other chambers and cardiac structures, especially 
the valves, is suitable for quantitative analysis remains 
to be determined in future studies. Also, this analysis 
included only images that were judged to be of suf-
ficient quality. However, it would not make sense to try 
to obtain accurate quantitative information from images 
that were deemed suboptimal.

Moreover, in this study, the guidance software was 
interfaced with a specific commercial handheld ultra-
sound imaging system. Theoretically, this software could 
be interfaced with any imaging system that provides a 
digital output of a real-time stream of the images dis-
played on the system screen.

Finally, one might question whether patient care 
should be guided by information obtained by nonexpert 

and under what circumstances this would be appropriate 
and ethical. It is important to remember that the software 
tested in this study was designed to broaden the pool 
of personnel capable of obtaining echocardiographic 
images that would be suitable for a cursory clinical inter-
pretation by an expert reader.

Conclusions
This study demonstrated that the new deep learning 
algorithm for real-time guidance of ultrasound imag-
ing of the heart is feasible and in the hands of nurses 
and medical residents with minimal training, can yield 
images of similar diagnostic quality to those obtained by 
expert sonographers in the majority of patients. These 
images not only allow qualitative evaluation of basic 
cardiac pathology but also quantitative measurement of 
LV size and function. This approach may have important 

Figure 2. Agreement between measurements of left ventricular (LV) volumes (end-systolic volume [ESV] and end-diastolic 
volume [EDV]) obtained from images acquired by novices and sonographers.
Linear regressions (top), and Bland-Altman plots (bottom).



Mor-Avi et al AI-Guided Echocardiographic Imaging by Novices

Circ Cardiovasc Imaging. 2023;16:e015569. DOI: 10.1161/CIRCIMAGING.123.015569 November 2023 912

implications in multiple clinical scenarios where immedi-
ate cardiac assessment is needed, such as remote sites 
where services of a specialized echocardiography labo-
ratory are not readily available.
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