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IMPORTANCE Artificial intelligence (AI) has been applied to analysis of medical imaging in
recent years, but AI to guide the acquisition of ultrasonography images is a novel area of
investigation. A novel deep-learning (DL) algorithm, trained on more than 5 million examples
of the outcome of ultrasonographic probe movement on image quality, can provide real-time
prescriptive guidance for novice operators to obtain limited diagnostic transthoracic
echocardiographic images.

OBJECTIVE To test whether novice users could obtain 10-view transthoracic
echocardiographic studies of diagnostic quality using this DL-based software.

DESIGN, SETTING, AND PARTICIPANTS This prospective, multicenter diagnostic study was
conducted in 2 academic hospitals. A cohort of 8 nurses who had not previously conducted
echocardiograms was recruited and trained with AI. Each nurse scanned 30 patients aged at
least 18 years who were scheduled to undergo a clinically indicated echocardiogram at
Northwestern Memorial Hospital or Minneapolis Heart Institute between March and May
2019. These scans were compared with those of sonographers using the same
echocardiographic hardware but without AI guidance.

INTERVENTIONS Each patient underwent paired limited echocardiograms: one from a nurse
without prior echocardiography experience using the DL algorithm and the other from a
sonographer without the DL algorithm. Five level 3–trained echocardiographers
independently and blindly evaluated each acquisition.

MAIN OUTCOMES AND MEASURES Four primary end points were sequentially assessed:
qualitative judgement about left ventricular size and function, right ventricular size, and the
presence of a pericardial effusion. Secondary end points included 6 other clinical parameters
and comparison of scans by nurses vs sonographers.

RESULTS A total of 240 patients (mean [SD] age, 61 [16] years old; 139 men [57.9%]; 79
[32.9%] with body mass indexes >30) completed the study. Eight nurses each scanned 30
patients using the DL algorithm, producing studies judged to be of diagnostic quality for left
ventricular size, function, and pericardial effusion in 237 of 240 cases (98.8%) and right
ventricular size in 222 of 240 cases (92.5%). For the secondary end points, nurse and
sonographer scans were not significantly different for most parameters.

CONCLUSIONS AND RELEVANCE This DL algorithm allows novices without experience in
ultrasonography to obtain diagnostic transthoracic echocardiographic studies for evaluation
of left ventricular size and function, right ventricular size, and presence of a nontrivial
pericardial effusion, expanding the reach of echocardiography to clinical settings in which
immediate interrogation of anatomy and cardiac function is needed and settings with limited
resources.
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E chocardiography is the most common cardiac imaging
modality, proven effective in diagnosis and manage-
ment of heart failure, ischemia, valve disease, and con-

genital abnormalities, among others. In the US, echocardiog-
raphy is typically performed in dedicated laboratories, with
acquisition by expertly trained sonographers and interpreta-
tion by board-certified cardiologists.

The application of artificial intelligence (AI) to echocardi-
ography has grown tremendously but has largely focused on
analysis of images already acquired by sonographers, from
chamber quantification to disease detection.1-12 The AI appli-
cations that target the acquisition of sonographer images rep-
resent a novel area of investigation.

In many clinical settings, echocardiography is unavail-
able because of a lack of trained personnel. In these settings,
nonexpert users may perform limited examinations (point-
of-care ultrasound [POCUS]) using handheld or portable ma-
chines, but quality is nonuniform, with risks for nondiagnos-
tic and misleading imaging.13 POCUS is frequently used in
emergency departments; intensive care units; outpatient and
preoperative clinics; and medically underserved areas, from
rural US to low- and middle-income nations to manned space
flights. POCUS also enables frontline clinicians to acquire echo-
cardiograms in patients with coronavirus disease 2019 (COVID-
19), limiting the exposure of sonographers. Technology based
on AI may for allow acquisition of diagnostic-quality ultraso-
nographic studies by users with minimal training in these
settings.

Novel software, developed using deep-learning (DL) tech-
nology and recently authorized by the US Food and Drug Ad-
ministration (FDA),14 can provide real-time prescriptive guid-
ance (turn-by-turn instructions) to novice operators to obtain
transthoracic echocardiographic (TTE) images that allow for
limited diagnostic assessment of cardiac chambers. The ob-
jective of this prospective trial was to determine whether nov-
ice users without prior experience in ultrasonography could
obtain 10 standard echocardiographic views using this
DL-based software, allowing assessment of key cardiac
parameters.

Methods
Ethical Approval
The study was approved by the institutional review boards at
both participating institutions (Northwestern Memorial Hos-
pital and the Minneapolis Heart Institute) and was conducted
in accordance with the International Conference on Harmoni-
sation’s Guideline for Good Clinical Practice, document E6.
Written consent was obtained from each participant.

Development and Function of AI-Guided
Image Acquisition Software
The AI-guided image acquisition software (Caption Guidance
[Caption Health, previously known as Bay Labs]), described
in greater detail in the eAppendix in the Supplement and shown
schematically in eFigure 1 in the Supplement, provides real-
time guidance during scanning to assist the user in obtaining

anatomically correct images from standard transthoracic echo-
cardiographic (TTE) transducer positions. The AI guidance is
software only, developed with DL to emulate sonographer ex-
pertise. The software, designed to be compatible with mul-
tiple ultrasonography vendors, was installed on a commer-
cially available system (uSmart 3200t Plus [Terason]). The
software monitors image quality continuously, simultane-
ously providing iterative prescriptive cues to improve the im-
age via the DL algorithm.

The guidance software used convolutional neural net-
works constructed by stacking computational layers, each tak-
ing input from the layer below, transforming and passing it
along to the layer above. The software has several intercon-
nected DL algorithms making 3 simultaneous estimates: (1) di-
agnostic quality of the imagery, (2) 6-dimensional geometric
distance (by position and orientation) between current probe
location and the location anticipated to optimize the image,
and (3) corrective probe manipulations to improve diagnostic
quality. Importantly, the algorithm makes these estimates from
the ultrasonographic imagery alone; no trackers, fiducial mark-
ers, or additional sensors are required.

The DL algorithms were trained using more than 5 mil-
lion observations associating transducer orientation, the di-
agnostic correctness of the resulting image, and the outcome
of subsequent manipulations with diagnostic quality. This
training data set came from 15 registered sonographers via
scans of individuals with a range of body mass index (BMI) val-
ues and pathological conditions, further annotated for qual-
ity by expert sonographers and cardiologists (A.N., R.P.M.,
R.M.L., N.J.W., and J.D.T.). eFigure 1 in the Supplement de-
picts the DL model training data set, expert labeling for image
quality, algorithm optimization, and run-time operation dur-
ing the study.

The DL algorithm estimates image quality via a compo-
nent called the quality meter, suggesting probe manipula-
tions using prescriptive guidance (eFigure 1 in the Supple-
ment). When the real-time quality meter exceeds a preset
threshold, it automatically records a video clip (termed an auto-
capture). Quality is continuously monitored throughout scan-
ning, so the operator can retrospectively save the best clip ob-
served if the auto-capture threshold is not exceeded. If auto-

Key Points
Question Can artificial intelligence guide novice operators to
obtain echocardiographic scans with limited diagnostic utility?

Findings In this diagnostic study, 8 nurses without prior
ultrasonography experience used artificial intelligence guidance to
scan 30 patients each with a 10-view echocardiographic protocol
(240 total patients). Five expert echocardiographers blindly
reviewed these scans and felt they were of diagnostic quality for
left ventricular size and function in 98.8% of patients, right
ventricular size in 92.5%, and presence of pericardial effusion in
98.8%.

Meaning Artificial intelligence can extend the reach of
echocardiography to assess the 4 basic parameters of left
ventricular size and function, right ventricular size, and presence
of a nontrivial pericardial effusion to sites with limited expertise.
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capture is not achieved within 2 minutes, the user may activate
the option called save best clip or continue scanning to achieve
auto-capture. These algorithms operate together to improve
the ultrasonographic image, as in eFigure 1 in the Supple-
ment, in which prescriptive guidance improves a parasternal
long-axis view. eFigure 2 in the Supplement and Video 1 show
additional detail on the user interface.

Study Design
Patients at least 18 years old who were scheduled to undergo
a clinically indicated echocardiogram were recruited be-
tween March and May 2019 at 2 academic medical centers:
Northwestern Memorial Hospital, in Chicago, Illinois, and Min-
neapolis Heart Institute, in Minneapolis, Minnesota. Both in-
patients and outpatients were recruited; individuals were ex-
cluded if they were unable to lie flat, had a severe chest wall
deformity (including recent chest surgery), or were unable or
unwilling to provide informed consent. To improve general-
izability, patients were stratified evenly across BMI catego-
ries (<25, 25-30, and >30) and to ensure at least one-third had
structural or functional cardiac abnormalities. After review-
ing a list of daily scheduled echocardiograms, patients were
approached by study coordinators for informed consent, tak-
ing into consideration BMI categories and suspected patho-
logical conditions.

Registered nurses without prior experience performing or
interpreting ultrasonography were recruited for the trial from
hospital personnel. Four nurses were recruited from the heart
failure service at Northwestern Memorial Hospital and 4 oth-
ers with a medical or surgical background were recruited from
the Clinical Trials Unit at Minneapolis Heart Institute. Each
nurse underwent a 1-hour didactic session to become famil-
iarized with the ultrasonography machine and AI guidance. Be-
fore undertaking the study, each nurse performed 9 practice
scans on volunteer models and demonstrated familiarity with
the software. A total of 8 nurses were included in the study,
with each nurse performing 30 scans.

Nurses were instructed to obtain 10 standard TTE
views: a parasternal long-axis view; parasternal short-axis
views (at aortic, mitral, and papillary muscle levels); apical
4-chamber, 5-chamber, 2-chamber, and 3-chamber views;
and subcostal 4-chamber and inferior vena cava (IVC)
views.15 In addition to the scans by nurses, as part of the
study, a duplicate control scan was obtained by a registered
cardiac sonographer within 2 weeks (generally on the same
day) using the Terason hardware but without AI guidance.
This control scan was obtained in addition to the clinical
echocardiogram, which was performed with hospital equip-
ment and interpreted in the standard fashion but not used
in the analysis. These 3 scans could be obtained in any
order. The nurse scans were obtained independently, with-
out any assistance other than the AI guidance, and the
nurse was not present during any sonographer scan or clini-
cal echocardiogram examination. The Terason machine
stored ultrasonography images at 30 frames per second,
with 2-second to 4-second clips recorded for each view.

Following all study and control examinations, a panel of
5 expert echocardiographers (R.M.L., N.J.W., S.G., D.R., and

S.H.L.) independently (and blinded to whether the study
was performed by a nurse or a sonographer) assessed
whether each scan was of diagnostic quality. All readers
were level 3–trained and certified by the National Board of
Echocardiography. This end point was selected in consulta-
tion with the FDA as part of the De Novo submission and
was designed to capture the basic essentials of what consti-
tutes a diagnostic study, in which all images are viewed and
a judgement is made as to whether a given cardiac param-
eter can be interpreted by the reader. A De Novo Submission
was required because there was no predicate device for the
AI guidance, which could be used for a 510(k) clearance.
This appeared to be the first time that a diagnostic ultraso-
nographic device required a De Novo Submission and was
granted breakthrough status by the FDA.

Four prospectively designated primary end points were
evaluated for the study, which assessed whether the nurse
examination, taken as a whole, was of sufficient quality for
the expert readers to make qualitative visual assessment of
(1) left ventricular (LV) size, (2) LV function, (3) right ven-
tricular (RV) size, and (4) the presence of nontrivial pericar-
dial effusion. The end points were tested sequentially. The
FDA agreement required that at least 80% of scans be of suf-
ficient quality for the particular assessment (ie, the 95% CI
lower bound was >80%). Six additional echocardiographic
parameters were assessed as secondary end points: qualita-
tive assessment of RV function; left atrium size; structural
assessment of the aortic, mitral, and tricuspid valves; and
qualitative assessment of IVC size. Further secondary end
points included comparing the diagnostic content of nurse
scans vs sonographer scans obtained without DL software.
Clinical interpretability required most of the expert readers’
approval; at least 3 of 5 readers had to agree that end points
were assessable.

Medical records were reviewed for demographic informa-
tion (age, sex, and BMI) and known cardiac pathology. Fur-
ther information is available at ClinicalTrials.gov (identifier:
NCT03897140).

Statistical Analysis
Since the study sought to evaluate the performance of nurses
in performing AI-assisted echocardiograms, the statistical
analysis was designed to account for variance both of the en-
rolled patients (eg, body habitus, technical difficulty, cardiac
abnormalities) and the 8 nurses. This analysis was performed
via a multireader, multicase power analysis and sample size
determination using iMRMC version 4.0 (FDA).16 The MRMC
software calculated the 95% CIs around the point estimate for
each of the 4 primary end points, which accounted for clus-
tering within nurses. If the lower confidence limit was more
than 80%, the end point passed; the 4 end points were tested
sequentially. All analysis was conducted by a statistician un-
affiliated with study funder Caption Health (Doug Milikien, MS,
Accudata Solutions), and all data were made available to the
FDA for their review.

Using the results from preliminary data, we determined
that a study of 8 nurses each scanning 30 patients (a total of
240 scans) would have statistical power of 0.98 for each pa-
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rameter or greater than 0.92 for 4 sequentially tested param-
eters (eAppendix in the Supplement for more details).

For normally distributed variables, means and SDs are
reported; for nonnormal variables, medians and interquar-
tile ranges are reported. For the 4 primary end points, the
proportion of studies judged by the panel to be diagnostic
was compared with the predefined acceptance criterion of
80%. For the primary and secondary parameters, the pro-
portion judged clinically evaluable are reported with 95%
CIs. Also reported in eTable 5 in the Supplement is the num-
ber of cases in which the cardiologist judgment was unani-
mous, shared by 4 of 5 experts, or shared by 3 of 5 experts.

Results

As shown in Figure 1, a total of 244 patients were enrolled (123
at Minneapolis Heart Institute and 121 at Northwestern Me-
morial Hospital). Six patients (2.5%) did not complete 1 or both
examinations, while 238 patients (97.5%) completed both the
nurse and sonographer examinations. One patient withdrew
because of discomfort during the scan, determined to be un-
related to the guidance software, and another was with-
drawn because of equipment malfunction. The remaining 4
withdrawals (1.6%) were logistical and unrelated to the study.

Figure 1. Study Design

Nurse Participation

9 Nurses with no prior ultrasonography 
experience identified as users

9 With minimal training (1 h didactic, 
9 training scans, and 3 qualification scans)

8 Users with independent scans acquiring 
10-view protocol for 30 patients
4
4

At NM
At MHI

Patient Enrollment and Participation

247 Patients identified

244 Patients enrolled and provided consent
121
123

At NM
At MHI

Scans completed
in either order

240 Patients with complete nurse
examinations
120
120

At NM
At MHI

241

238

Patients with complete 
sonographer examination
119
122

At NM
At MHI

Patients with complete nurse 
and sonographer examinations
119
119

At NM
At MHI

Panel Participation

240 Patients’ studies with nurse 
examinations sent to panel 
of 5 expert cardiologists
120
120

At NM
At MHI

235 Patients’ studies with nurse and 
sonographer examinations sent
to panel of 5 expert cardiologists
116
119

At NM
At MHI

1 User did not complete 
30 10-view protocols 
(employment terminated 
after 1 examination for 
reasons unrelated to study)

3 Patients excluded
2
1
1

2

At NM
At MHI
Scanned by nurse who 
was terminated
Not scanned

1 Patient withdrew at NM for 
personal reasons before 
sonographer and nurse 
examination

3 Patients at MHI withdrew 
before nurse examinations
1

1
1

Because an incision 
site precluded apical views
For personal appointment
Because of adverse 
event unrelated to study

2 Patients withdrew prior to
the sonographer examination
1

1

At NM due to an 
equipment issue
At MHI left early

3 Patients excluded at NM 
because studies contained 
still frames, not video clips

mITT population
Safety population

MHI indicates the Minneapolis Heart
Institute; mITT, modified intention to
treat; NM, Northwestern Memorial.
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In all cases in which a nurse began a scan, all 10 views were
successfully acquired. A total of 240 patients (mean [SD] age,
61 [16] years old; 139 men [57.9%]; 79 [32.9%] with body mass
indexes >30) completed the study; 153 (63.8%) had known car-
diac pathology, including 51 (21.3%) with implanted cardiac de-
vices (intracardiac leads and prosthetic valves).

eTable 1 in the Supplement lists the patient demograph-
ics, with clinical history and known diagnoses at the time of
enrollment. eTable 2 in the Supplement shows findings from
the clinical echocardiographic study and observed and known
implanted devices at each enrolling site.

Of the 244 study patients, 240 were scanned by the 8
nurses and thus assessable for the primary and secondary end
points. Figure 2, Video 2, and eFigure 3 in the Supplement show
representative diagnostic-quality images obtained by a nurse.
The nurses could scan and acquire images in all patients, with
the median acquisition time for the 10 TTE images being 30
(range, 9-82) minutes. Overall, 1109 clips (46.2% of the nurse
acquisitions) were auto-captured, while the rest used the save
best clip option. From a technical perspective, the threshold

of quality can be adjusted, resulting in higher or lower pro-
portion of scans captured via auto-capture.

For the 4 primary end points, the nurse scans were judged
to have adequate quality to assess the clinical parameters in
nearly all patients, including LV size, LV function, and peri-
cardial effusion (Table 1) in 237 of 240 scans (98.8%) and RV
size in 222 of 240 scans (92.5%). There was no significant dif-
ference in nurses’ ability to obtain diagnostic scans across BMI
categories and in patients with vs without cardiac pathology
(eTable 4 in the Supplement), nor any change as nurses scanned
more patients (eTable 6 in the Supplement). For the second-
ary end points, the proportion of scans with adequate quality
was found in more than 90% of patients for all parameters, ex-
cept for qualitative assessment of the IVC size (138 [57.5%]) and
tricuspid valve (200 [83.3%]) (eTable 3 in the Supplement).

When comparing nurse scans and sonographer scans using
the same hardware without guidance, there was no signifi-
cant difference in the assessment of the 4 primary end points
(Table 2), nor was there a significant difference among the sec-
ondary clinical parameters, except for IVC size (nurse, 135

Figure 2. Representative Still Images of 4 of the 10 Standard Transthoracic Echocardiographic Views
Acquired by a Nurse Using the Deep-Learning Algorithm That Were Judged to Be of Diagnostic Quality

Parasternal long-axis viewA Apical 4-chamber viewB

Apical 3-chamber viewC Subcostal inferior vena cava viewD

All 10 images are in eFigure 3 in the Supplement.
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[57.4%] vs sonographer, 215 [91.5%]), which is likely associ-
ated with the proximity of the IVC and descending aorta and
is a clear target for further algorithm development. Unsurpris-
ingly, there were more parameters assessed as diagnostic in
the sonographer scans than nurse scans. As shown in eTable 5
in the Supplement, most assessments reflected unanimity
among the readers (1870 of 2400 [77.9%] for the nurse scans;
2054 of 2400 [85.6%] for the sonographer scans).

Furthermore, the clinical assessment of 10 key cardiac
parameters comparing normal conditions vs abnormalities based
on the blinded evaluation from the expert cardiologists is pre-
sented in eTable 7 in the Supplement. When the studies were
reviewed by expert echocardiographers (blinded to whether the
acquisition was performed by the nurse or the sonographer),
there was an agreement of greater than 90% between the nurse-
acquired and sonographer-acquired studies when adjudicating
whether LV size (95.7% [95% CI, 92.2%-97.6%]), LV function
(96.6% [95% CI, 93.3%-98.2%]), RV size (92.5% [95% CI, 88.1%-
95.3%]), RV function (92.9% [95% CI, 88.7%-95.7%]), presence
of a nontrivial pericardial effusion (99.6% [95% CI, 97.6%-
99.9%]), aortic valve structure (90.6% [95% CI, 85.9%-
93.8%]), mitral valve structure (93.3% [95% CI, 89.3%-95.9%]),
and tricuspid valve structure (95.2% [95% CI, 91.1%-97.4%]) were
deemed either normal/borderline or abnormal.

Discussion
The application of AI to medical imaging is rapidly advanc-
ing. Most prior work has focused on interpretation or analysis

of already acquired images, whether from radiography, com-
puted tomography, magnetic resonance imaging, or ultraso-
nography. However, to our knowledge, no AI technology to
guide image acquisition has been evaluated prospectively, es-
pecially with novice users. This study demonstrates that an
AI algorithm can guide novices, without prior ultrasonogra-
phy experience, to acquire 10 standard TTE images that, when
analyzed together, provide limited diagnostic performance for
the evaluation of LV size and function, RV size, and presence
of a nontrivial pericardial effusion.

Echocardiography is a highly specialized imaging tool that
is central to understanding cardiovascular pathology. Per the
American College of Cardiology and American Society of Ech-
ocardiography, a level 3 echocardiographer (with the highest
level of training) requires 9 cumulative months of specialized
fellowship training in acquisition and interpretation of
echocardiograms.17 Most sonographers spend at least 2 years
in formal training before taking a registry examination. The
ability to provide echocardiography outside the traditional
laboratory setting is largely limited by a lack of trained sonog-
raphers and cardiologists to acquire and interpret images. Using
this AI-based technology, individuals with no previous train-
ing may be able to obtain diagnostic echocardiographic clips
of several key cardiac parameters.

Improvements in ultrasonography and computer hard-
ware have led to the downsizing and cost reduction of ultra-
sonography machines, with handheld devices commercially
available including standalone transducers interfacing with
smart phones. The DL algorithm developed in this study is rela-
tively compact (approximately 1.5 GB) and trained on images

Table 1. Proportion of Nurse-Acquired Artificial Intelligence–Guided Echocardiography of Sufficient Quality
to Assess Core Cardiac Clinical Parameters in Population Scanned by Nursesa

End
point

Clinical parameter examined by
qualitative visual assessment

Performance
goal, %

Total scans
performed,
No.

Scans of
sufficient
quality, No.

Scans of sufficient
quality (95% CI)

1 Left ventricular size 80 240 237 98.8 (96.7-100)

2 Global left ventricular function 80 240 237 98.8 (96.7-100)

3 Right ventricular size 80 240 222 92.5 (88.1-96.9)

4 Nontrivial pericardial effusion 80 240 237 98.8 (96.7-100)

a See eTable 3 in the Supplement for
corresponding results for the
secondary parameters.

Table 2. Comparison of Nurse-Acquired and Sonographer-Acquired Studies
for Primary and Secondary Clinical Parametersa

Image
No.

Clinical parameter examined by
qualitative visual assessment

No. (%) [95% CI]

Nurse-
sonographer
difference,
percentage
pointsNurse examination Sonographer examination

1 Left ventricular size 232 (98.7) [96.3-99.7] 235 (100) [98.4-100.0] −1.3

2 Global left ventricular function 232 (98.7) [96.3-99.7] 235 (100) [98.4-100.0] −1.3

3 Right ventricular size 217 (92.3) [88.2-95.4] 226 (96.2) [92.9-98.2] −3.9

4 Nontrivial pericardial effusion 232 (98.7) [96.3-99.7] 234 (99.6) [97.7-100.0] −0.9

5 Right ventricular function 214 (91.1) [86.7-94.4] 226 (96.2) [92.9-98.2] −5.1

6 Left atrial size 222 (94.5) [90.7-97.0] 234 (99.6) [97.7-100.0] −5.1

7 Aortic valve 215 (91.5) [87.2-94.7] 228 (97.0) [94.0-98.8] −5.5

8 Mitral valve 226 (96.2) [92.9-98.2] 233 (99.1) [97.0-99.9] −2.9

9 Tricuspid valve 195 (83.0) [77.6-87.6] 217 (92.3) [88.2-95.4] −9.3

10 Inferior vena cava size 135 (57.4) [50.9-63.9] 215 (91.5) [87.2-94.7] −34.1
a This Table includes both study

populations shown in Figure 1.
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from multiple vendors, and it therefore could be ported to work
on multiple platforms.

Our study met all FDA-prespecified primary end points,
with consistent results across BMI categories and cardiac pa-
thology, including potential distractors, such as pacemakers
and prosthetic valves, with little difference between the nurse
and sonographer scans. We designed this study to mimic clini-
cal practice, in which the reader integrates multiple views to
make a final diagnosis. For example, RV size may be indeter-
minate in parasternal and apical images but assessable in sub-
costal views. Similar to real-world interpretation, the blinded
experts in this study had access to all views when judging qual-
ity. An alternative approach, where each clip is assessed indi-
vidually for diagnostic quality, would be an interesting as-
pect to explore in the future.

In contrast with image acquisition, echocardiographic in-
terpretation using AI has progressed in recent years. Multiple
studies have demonstrated automated quantification of LV and
RV volumes or ejection fraction, global longitudinal strain, and
atrial size or function from both 2-dimensional and 3-dimen-
sional acquisitions.1,5,6,10-12,18-20 Similarly, AI-driven disease
identification has included aortic stenosis severity, LV wall mo-
tion abnormalities, differentiating causative mechanisms of LV
hypertrophy (hypertrophic cardiomyopathy, cardiac amyloi-
dosis, athlete heart), and grading diastolic dysfunction.2,7-12,21,22

Automated image interpretation has less variability than semi-
automated or manual analyses. Combining AI-guided acqui-
sition with automated interpretation could extend the reach
of echocardiography to better recognize pathology.

This DL algorithm was developed to extend echocardiogra-
phy access but not to replace sonographers who provide expert
imaging. Combining this tool with automated image interpre-
tation may allow cardiac screening in remote settings; an early
version of this software was tested in Rwanda to diagnose rheu-
matic mitral stenosis from the parasternal long-axis view (C.
Cadieu, PhD; written communication; November 5, 2018). Im-
age interpretation was not included in the version of the soft-
ware examined in this study. Future refinements may extend this
guidance technology to include other views, spectral and color
Doppler usage, and other organ systems.

In the US, cardiac ultrasonography has spread widely out-
side the echocardiography laboratory, with millions of stud-
ies performed in emergency department, intensive care units,
primary care offices, and other sites. Training and credential-
ing guidelines are inconsistent across medical fields, with car-
diology requiring 150 studies performed and 300 interpreted
before independent practice23 while the American College of
Emergency Physicians allows as few as 25 cardiac studies for
competence.24 An unintended consequence of varying train-
ing requirements may be incorrect interpretation of ultraso-
nographic images.13,25 It is possible that the ultrasonography
guidance demonstrated in this study, authorized by the FDA
through a De Novo classification via the Breakthrough De-
vices Program, could serve to bring considerable expertise to
users with less experience.

One emerging role for this technology is providing echo-
cardiograms to patients with COVID-19. The American Col-
lege of Cardiology states, “Patients demonstrating heart fail-

ure, arrhythmia, ECG changes or cardiomegaly should have
echocardiography,”26 but this may also expose sonographers
to excessive risk. To avoid this, the American Society of Ech-
ocardiography recommends that such patients undergo a PO-
CUS examination by a frontline clinician to determine the need
for a full echocardiogram.27 The AI guidance demonstrated here
may increase the yield of POCUS echocardiograms and de-
crease sonographer exposure to COVID-19; this technology has
been deployed in several COVID-19 units in the US, with prom-
ising early experience.

Limitations
There are several limitations to this study. While the sample
size powered the primary end points, the number of patients
and nurses is relatively small to fully assess generalizability.
To include patients with a wide BMI and pathology spec-
trum, patient recruitment was not consecutive. Further-
more, patients were not recruited from intensive care units or
the emergency department. This may limit the generalizabil-
ity of the study. The study nurses were ultrasonography na-
ive, but their medical background likely helped to some ex-
tent (although we have successfully trained certified medical
assistants with even briefer familiarization to the software than
used in this study28). Additional investigation using layper-
sons to capture echocardiography images using the software
would aid in assessing generalizability.

Another limitation of this study was that there was no con-
trol group for the nurse scanners. The comparison in the study
was against sonographer acquisitions, but an additional con-
trol group of novices untrained with the algorithm was not
used. Furthermore, the study location were 2 large, aca-
demic hospitals. Further validation across a variety of set-
tings would help strengthen the results of the study. To date,
the algorithm only guides the acquisition of 10 standard TTE
views (mostly allowing for the qualitative assessment of ana-
tomic parameters and gross ventricular function). Future re-
visions of the algorithm may allow for color, pulsed-wave, and
continuous-wave Doppler acquisitions, thereby allowing for
interrogation of hemodynamics and valve function. These re-
finements would certainly require further investigation on per-
formance. We anticipate further improvements in the quality
of guidance with additional training of the DL algorithm. Fur-
thermore, incorporation of enhanced algorithms to aid in in-
terpretation of the obtained images would be helpful.

Conclusions
This AI guidance algorithm represents a step forward in the in-
teraction of AI with medical imaging and may allow for exten-
sion of ultrasonography to settings that ordinarily do not have
access. The ability of novice personnel to acquire limited di-
agnostic echocardiographic studies of 4 common parameters
(LV size and function, RV size, and the presence of a non-
trivial pericardial effusion) in patients across a spectrum of pa-
tient BMIs and cardiac pathologies should promote further in-
vestigation into the feasibility and dissemination of this
technology.
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