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IMPORTANCE Echocardiography is a cornerstone of cardiovascular care, but relies on expert
interpretation and manual reporting from a series of videos. An artificial intelligence (AI)
system, PanEcho, has been proposed to automate echocardiogram interpretation with
multitask deep learning.

OBJECTIVE To develop and evaluate the accuracy of an AI system on a comprehensive set of
39 labels and measurements on transthoracic echocardiography (TTE).

DESIGN, SETTING, AND PARTICIPANTS This study represents the development and
retrospective, multisite validation of an AI system. PanEcho was developed using TTE studies
conducted at Yale New Haven Health System (YNHHS) hospitals and clinics from January
2016 to June 2022 during routine care. The model was internally validated in a temporally
distinct YNHHS cohort from July to December 2022, externally validated across 4 diverse
external cohorts, and publicly released.

MAIN OUTCOMES AND MEASURES The primary outcome was the area under the receiver
operating characteristic curve (AUC) for diagnostic classification tasks and mean absolute
error for parameter estimation tasks, comparing AI predictions with the assessment of the
interpreting cardiologist.

RESULTS This study included 1.2 million echocardiographic videos from 32 265 TTE studies of
24 405 patients across YNHHS hospitals and clinics. The AI system performed 18 diagnostic
classification tasks with a median (IQR) AUC of 0.91 (0.88-0.93) and estimated 21
echocardiographic parameters with a median (IQR) normalized mean absolute error of 0.13
(0.10-0.18) in internal validation. For instance, the model accurately estimated left ventricular
ejection fraction (mean absolute error: 4.2% internal; 4.5% external) and detected moderate
or worse left ventricular systolic dysfunction (AUC: 0.98 internal; 0.99 external), right
ventricular systolic dysfunction (AUC: 0.93 internal; 0.94 external), and severe aortic stenosis
(AUC: 0.98 internal; 1.00 external). The AI system maintained excellent performance in
limited imaging protocols, performing 15 diagnosis tasks with a median (IQR) AUC of 0.91
(0.87-0.94) in an abbreviated TTE cohort and 14 tasks with a median (IQR) AUC of 0.85
(0.77-0.87) on real-world point-of-care ultrasonography acquisitions from YNHHS
emergency departments.

CONCLUSIONS AND RELEVANCE In this study, an AI system that automatically interprets
echocardiograms maintained high accuracy across geography and time from complete and
limited studies. This AI system may be used as an adjunct reader in echocardiography
laboratories or AI-enabled screening tool in point-of-care settings following prospective
evaluation in the respective clinical workflows.
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E chocardiography is a pillar of cardiovascular diagnos-
tics, providing in-depth phenotyping of cardiac, valvu-
lar, and vascular structure and function.1 More than

7.5 million echocardiographic studies are performed annu-
ally in the US alone, and increasing referrals contribute to ris-
ing health care expenditures across most nations.2,3 Accurate
reporting of echocardiography requires time, skilled acquisi-
tion, and expert readers, but remains limited by the availabil-
ity of sufficient experts and substantial interrater variability.4,5

Reliance on scarcely available expert interpretation poses a bar-
rier to access to this important diagnostic modality, espe-
cially given the increasing accessibility of handheld ultraso-
nography devices at the point of care.6,7

Artificial intelligence (AI) algorithms have shown promise
in automating various aspects of echocardiography report-
ing, from detecting valvular abnormalities8-11 to quantifying
key measurements such as left ventricular ejection fraction
(LVEF)12-17 and others.18-23 However, existing solutions typi-
cally rely on single-view inputs and are limited to single
tasks.8,11,13,20,22-26 This process differs from clinical practice, in
which multiple views and imaging modes, such as color Doppler
imaging, are integrated to form a comprehensive evaluation,
spanning functional and structural metrics of all major cham-
bers, valves, and vessels. Versatile AI systems that handle this
multiview, multitask workflow accurately and robustly would
enable efficient, reader-independent phenotyping of echocar-
diography, but are currently lacking.

To bridge this gap and provide a scalable solution for fully
automated echocardiographic interpretation, an end-to-end,
view-agnostic deep learning model capable of simultane-
ously performing the full range of key echocardiographic re-
porting tasks was developed and validated. This study pre-
sents the development of PanEcho, a novel AI model that uses
multitask deep learning on more than 1 million standard
2-dimensional (2D) B-mode and color Doppler echocardio-
gram videos to perform 39 diverse interpretation tasks and re-
port its internal and external validation across a range of ac-
quisition protocols. In addition to this study report, the model
and source code have been publicly released to accelerate re-
search on AI-enabled echocardiographic interpretation.

Methods
Data Source and Patient Population
This study was approved by the Yale University and local in-
stitutional review boards, and the need for informed consent
was waived because this research represents secondary analy-
sis of existing data. This study adhered to all applicable ele-
ments of the TRIPOD+AI reporting guideline.

Model Development and Internal Validation
Data for model development and internal validation were de-
rived from transthoracic echocardiography (TTE) studies per-
formed at Yale New Haven Health System (YNHHS) hospitals
from 2016 to 2022 during routine clinical care. We used a pre-
viously published approach8 to extract and deidentify echo-
cardiographic videos by masking out pixels containing pro-

tected health information. This study included 2D grayscale and
color Doppler videos from all echocardiographic views. The
YNHHS cohort was split into development and validation sets,
with studies from July 2022 to December 2022 set aside as a tem-
porally distinct internal validation set. The remaining studies
from January 2016 to June 2022 were used for model develop-
ment after removing studies from all validation set patients to
prevent data leakage. The development set was randomly par-
titioned into training (92.5%) and tuning (7.5%) sets at the pa-
tient level for model training. See the eMethods in Supplement 1
for full details on YNHHS dataset curation and preprocessing.

External Validation
This study featured 4 cohorts for external validation: RVENet+,
POCUS (point-of-care ultrasonography), EchoNet-Dynamic,
and EchoNet-LVH, representing a broad range of phenotypes
with standard and point-of-care echocardiographic acquisi-
tions across time and geography. The RVENet+ cohort con-
sisted of complete echocardiographic studies conducted at the
Heart and Vascular Center of Semmelweis University in
Budapest, Hungary, from 2013 to 2021 and included all avail-
able 2D views. As previously described,27,28 this cohort com-
prised 7 distinct subpopulations including elite athletes and
heart transplant recipients, representing a diverse popula-
tion. This cohort underwent the same deidentification and pre-
processing steps as the YNHHS cohort.

The POCUS cohort consisted of consecutive patients who
underwent cardiac-focused POCUS imaging as part of care in
YNHHS-affiliated emergency departments (EDs) from 2016 to
2023. In contrast to all other cohorts that included studies per-
formed by echocardiography technicians, these abbreviated
scans were performed by ED clinicians. We present analysis in
a subset of patients with POCUS imaging and a temporally linked
complete echocardiographic examination performed no more
than 1 day apart, essential to provide reliable ground truth la-
bels. This cohort underwent the same deidentification and pre-
processing steps as the YNHHS and RVENet+ cohorts, ensur-
ing no patient overlap with the YNHHS development cohort.
Additional quality control was needed to ensure minimal diag-
nostic quality in these noisy acquisitions by nonexperts, re-
moving noncardiac views and filtering for studies with at least
3 of these 5 key views: parasternal long axis (PLAX), paraster-
nal short axis at the papillary level, apical 4-chamber (A4C),

Key Points
Question Can artificial intelligence (AI) fully automate
echocardiogram interpretation?

Findings This study reports the development and validation of an
automated AI system for echocardiogram analysis, PanEcho, that
performed 18 diagnostic classification tasks with a median area
under the receiver operating characteristic curve of 0.91 and 21
echocardiographic parameter estimation tasks with a median
normalized mean absolute error of 0.13.

Meaning An AI system can automate complete echocardiogram
interpretation with high accuracy, potentially accelerating
workflows and enabling rapid cardiovascular health screening in
point-of-care settings with limited access to trained experts.
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apical 2-chamber (A2C), and apical 5-chamber (A5C). Full POCUS
cohort curation details are described in previous work29 and the
eMethods in Supplement 1. See Figure 1A for an exclusion flow-
chart of all key internal and external cohorts.

EchoNet-Dynamic13 and EchoNet-LVH24 are publicly avail-
able datasets for assessment of LV function and structure, re-
spectively, that were included as additional external valida-
tion cohorts in this study. EchoNet-Dynamic consists of 10 030
individual A4C videos from unique echocardiograms per-

formed at Stanford University Hospital from 2016 to 2018 with
measurements of LV function and volumes; EchoNet-LVH con-
sists of 12 000 PLAX videos from echocardiograms per-
formed at Stanford Health Care from 2008 to 2020 with mea-
surements of LV dimensions.

Echocardiographic Reporting Labels
For each study in the YNHHS, RVENet+, and POCUS cohorts,
the team of investigators jointly reviewed and defined a list

Figure 1. Artificial Intelligence (AI) System Model Development and Study Design
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PanEcho is an AI model that analyzes all 2-dimensional views acquired during
a transthoracic echocardiogram and automatically performs 39 key
echocardiographic interpretation tasks (B). The model is externally validated on
complete diagnostic-quality echocardiograms as well as limited acquisitions
acquired at the point of care (C).

3D indicates 3-dimensional; A2C, apical 2-chamber; A4C, apical 4-chamber;
A5C, apical 5-chamber; AV, aortic valve; LVH, left ventricle hypertrophy; PLAX,
parasternal long axis; POCUS, point-of-care ultrasonography; PSAX, parasternal
short axis; TTE, transthoracic echocardiography; YNHHS, Yale New Haven
Health System.
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of 39 key reporting tasks, representing a variety of categori-
cal findings and continuous measurements covering all ma-
jor axes of echocardiographic reporting. This included 18 clas-
sification tasks, such as capturing the size, structure, and
function of all 4 heart chambers and valvular disease, and 21
regression tasks quantifying key dimensions of each cham-
ber, blood flow velocities, and more. Labels were extracted
from the local electronic echocardiography reporting sys-
tems and reflected the final measurements and reporting con-
firmed by a certified echocardiographer. All interpretations
were performed in line with standard guidelines of the
American Society of Echocardiography1 and to the discretion
of the echocardiographer; descriptions of all diagnostic la-
bels are detailed in eTable 1 in Supplement 1. We also ex-
tracted a total of 10 labels from EchoNet-Dynamic and EchoNet-
LVH based on the LV measurements provided, such as LVEF
and LV interventricular septum thickness. Because categori-
cal labels were not explicitly provided, we determined these
via thresholds described in the eMethods in Supplement 1.

Model Development
We designed a multitask, video-based deep learning model
with a 2D image encoder, temporal transformer, and output
heads dedicated to individual tasks (Figure 1B). In its design,
the AI system mimics a human reader, integrating all avail-
able echocardiographic views and assessing all 39 echocar-
diographic reporting tasks described above. Each video frame
is first processed by the 2D image encoder, a convolutional neu-
ral network that produces a learned embedding of each frame.
These framewise embeddings are then interpreted as an or-
dered sequence and modeled using self attention30 to learn
time-varying associations over the frames. Finally, a video-
level embedding is formed and used as input to the task-
specific output heads. Rather than develop separate view- and
task-specific models, this design efficiently shares computa-
tion across views with a unified view-agnostic encoder and par-
allelizes task-specific modeling with lightweight output heads
specialized for each task. The model was trained end to end
to minimize the mean of all task-specific losses. See the
eMethods in Supplement 1 for full implementation details.

Multitask Evaluation on Diagnostic Echocardiography
The model was first evaluated across all 39 labels in the inter-
nal YNHHS validation set as well as the 3 external cohorts
RVENet+ (38 labels), EchoNet-Dynamic (4 labels), and EchoNet-
LVH (6 labels) with diagnostic-quality videos from complete
echocardiographic studies (Figure 1C). Because interpreta-
tions are unique to each echocardiographic study, evaluation
was performed at the study level using all available videos and
tasks. For multiview datasets like the YNHHS and RVENet+ co-
horts, the AI system automatically aggregated its predictions
across all videos acquired during a study at inference time to
form study-level interpretations. In contrast, EchoNet-Dynamic
and EchoNet-LVH feature 1 video per study, evaluating the
model’s ability to provide interpretations from a single view.
Beyond predictive performance, the model was also evalu-
ated along dimensions of interpretability, fairness, and robust-
ness to image quality in the internal validation set. Details on

these auxiliary analyses can be found in the eMethods in
Supplement 1.

Multitask Evaluation on Point-of-Care Echocardiography
To illustrate the versatility of our model across imaging pro-
tocols, we also evaluated its performance in both a simulated
abbreviated TTE protocol and a real-world point-of-care set-
ting. To simulate an abbreviated acquisition, inference was per-
formed on the internal YNHHS validation set, but the model
was only given access to a single video from each of the fol-
lowing key views per study if available: PLAX, parasternal short
axis at the papillary level, A4C, A5C, and A2C. Validation was
also performed across actual point-of-care acquisitions from
YNHHS EDs in the POCUS cohort described above. Because
POCUS imaging is focused on ruling out key abnormalities and
lacks the protocolized approach for reliable estimation of lin-
ear or volumetric measurements, evaluation was restricted to
all 15 classification tasks evaluable on grayscale 2D echocar-
diography; this excluded estimation tasks and diagnostic find-
ings, such as valvular regurgitation, that require Doppler
imaging for proper assessment. See the eMethods in
Supplement 1 for full details on point-of-care validation.

Statistical Analysis
Categorical values are summarized as counts and percentages,
whereas continuous variables are summarized as median (IQR)
toaccountforskewness.Classificationtaskswereprimarilyevalu-
ated by area under the receiver operating characteristic curve
(AUC) in addition to sensitivity, specificity, average precision, and
Brier score; class-specific thresholds were determined by maxi-
mizing Youden index on the tuning set. Regression tasks were
primarily evaluated by mean absolute error (MAE) in addition
to Pearson correlation coefficient (r), median absolute devi-
ation,rootmean-squarederror,R2,andnormalizedMAE(divided
by the mean ground truth measurement). For multiclass classi-
fication tasks, we present AUC results on the most severe class
in the main text to simplify the presentation. When summariz-
ing performance across regression tasks with different units,
we report median normalized MAE to account for variations in
scale across measurements. We computed 95% CIs for all met-
rics with 1000 bootstrap samples at the study level using the per-
centile method. Statistical analysis was performed using Python
version 3.10.8 (Python Foundation).

Results
Study Cohorts and Model Development
The YNHHS cohort included 1 193 876 echocardiographic vid-
eos comprising all 2D views from 32 265 transthoracic echocar-
diography studies of 24 405 unique patients across YNHHS hos-
pitals (median [IQR] age, 69.0 [58.0-79.0] years; 16 819 [52.1%]
men). The model was developed using 999 727 videos from
25 130 studies of 18 343 YNHHS patients from January 2016 to
June 2022, while 5130 studies from 4588 distinct patients from
July to December 2022 were used as a temporally distinct in-
ternal validation set. This set featured a broad range of echo-
cardiographic phenotypes with a median (IQR) LVEF of 61.4%
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(57.0%-65.0%) and 284 studies (5.8%) including individuals
with moderate or worse LV systolic dysfunction, 86 (1.8%) with
severe aortic stenosis, and 612 (12.2%) with moderate mitral re-
gurgitation; see additional details in the Table.

The external RVENet+ cohort included 18 862 echocar-
diographic videos from 944 complete echocardiographic
studies of 831 patients from the Heart and Vascular Center of
Semmelweis University in Budapest, Hungary, from Novem-
ber 2013 to March 2021 (median [IQR] age, 50.0 [25.0-66.0]
years; 586 [62.1%] male). This cohort featured a unique com-
position of 7 subpopulations, with median (IQR) LVEF of 57.5%
(52.2%-61.4%) and 122 (12.9%) studies with moderate or worse
LV systolic dysfunction, 85 (9.0%) with severe aortic stenosis,
and 141 (17.0%) with moderate or worse mitral regurgitation. The
POCUS cohort consisted of 25 407 videos from 3310 studies of
3170 patients undergoing cardiac-focused point-of-care echo-
cardiography in YNHHS-affiliated EDs from September 2015 to
November 2023 (median [IQR] age: 66.0 [53.0-79.0] years, 1811
[54.8%] male) (Table). Full description and statistics of all co-
horts can be found in eTable 2 in Supplement 1.

Validation on Diagnostic Echocardiography
The AI system performed 18 diagnostic classification tasks with
a median (IQR) AUC of 0.91 (0.88-0.93) in internal YNHHS vali-
dation and 17 diagnostic tasks with a median (IQR) AUC of 0.91
(0.85-0.94) in international RVENet+ validation (Figure 2;
eTable 3 in Supplement 1). The model accurately assessed ven-
tricular structure and function, with internal AUCs of 0.94
(95% CI, 0.93-0.95) (external AUC, 0.98 [95% CI, 0.98-0.99])
for moderate or higher increased LV size, 0.98 (95% CI, 0.98-
0.99) (external AUC, 0.99 [95% CI, 0.98-0.99]) for moderate
or worse LV systolic dysfunction, 0.92 (95% CI, 0.91-0.93) (ex-
ternal AUC, 0.92 [95% CI, 0.90-0.93]) for moderate or worse
LV diastolic dysfunction, 0.88 (95% CI, 0.86-0.90) (external
AUC, 0.98 [95% CI, 0.97-0.99]) for LV wall motion abnormali-
ties, and 0.94 (95% CI, 0.91-0.94) (external AUC, 0.94 [95% CI,
0.92-0.96]) for right ventricular systolic dysfunction. The
model also achieved excellent discrimination of valvular dis-
ease, with internal AUCs of 0.98 (95% CI, 0.98-0.99) (exter-
nal AUC, 1.00 [95% CI, 0.99-1.00]) for severe aortic stenosis,
0.96 (95% CI, 0.94-0.98) (external AUC, 1.00 [95% CI, 1.00-
1.00]) for mitral stenosis, 0.91 (95% CI, 0.90-0.91) (external
AUC, 0.92 [95% CI, 0.91-0.94]) for moderate or worse mitral
regurgitation, and 0.90 (95% CI, 0.89-0.91) (external AUC, 0.91
[95% CI, 0.90-0.93]) for moderate or worse tricuspid regurgi-
tation. Additional phenotypes of pericardial effusion and LV
outflow tract obstruction were classified with internal AUCs
of 0.91 (95% CI, 0.83-0.97) (external AUC, 0.94 [95% CI, 0.89-
0.98]) and 0.94 (95% CI, 0.88-0.89), respectively.

Beyond categorical classification, the model estimated 21
echocardiographic parameters with median (IQR) normal-
ized MAEs of 0.13 (0.10-0.18) in internal validation and 0.16
(0.11-0.23) in the external RVENet+ cohort (Figure 3; eTable 4
in Supplement). The model accurately quantified LV dimen-
sions and function, with MAEs of 4.2% (95% CI, 4.1%-4.3%)
(external AUC, 4.5% [95% CI, 4.3%-4.7%]) for LVEF, 1.3 mm
(95% CI, 1.3-1.3) (external AUC, 1.3 mm [95% CI, 1.3-1.4]) for LV
interventricular septum thickness, 1.2 mm (95% CI, 1.1-1.2)

(external AUC, 1.1 mm [95% CI, 1.0-1.1]) for LV posterior wall
thickness, and 3.8 mm (95% CI, 3.7-3.9) (external AUC, 3.7 mm
[95% CI, 3.6-3.7]) for LV internal diameter. For the right ven-
tricle, the AI system estimated MAEs of 4.0 mm (95% CI, 3.9-
4.1) (external AUC, 3.9 mm [95% CI, 3.7-4.0]) for right ven-
tricular internal diameter diastole, 3.4 mm (95% CI, 3.3-3.4)
(external AUC, 3.8 mm [95% CI, 3.6-3.9]) for tricuspid plane
excursion velocity, and 1.9 cm/s (95% CI, 1.9-2.0) (external AUC,
2.0 cm/s [95% CI, 1.9-2.1]) for RV systolic excursion velocity.
Atrial dimensions of left atrial internal diameter and left
atrial volume were estimated with internal MAEs of 4.0 mm
(95% CI, 3.9-4.1) (external AUC, 4.0 mm [95% CI, 3.8-4.3]) and
9.4 cm3 (95% CI, 9.2-9.6) (external AUC, 13.4 cm3 [95% CI, 12.9-
13.9]), respectively. The model quantified Doppler-derived
measurements with MAEs of 0.3 m/s (95% CI, 0.3-0.3) (exter-
nal AUC, 0.4 m/s [95% CI, 0.3-0.4]) for peak aortic velocity,
5.6 mm Hg (95% CI, 5.4-5.7) (external AUC, 6.5 mm Hg
[95% CI, 6.1-6.9]) for tricuspid peak gradient, and 2.0 (95% CI,
1.9-2.0) (external AUC, 2.2 [95% CI, 2.1-2.3]) for mean E/e’ ra-
tio. See eFigure 1 in Supplement 1 for Bland-Altman plots com-
paring key AI vs ground truth measurements.

In addition to accuracy, the model demonstrated group
fairness by exhibiting demographic parity across sex and race
(eFigure 2 in Supplement 1), robustness by reliably estimat-
ing LVEF under varying image quality (eFigure 3 in Supple-
ment 1) and interpretability by correctly identifying the most
relevant views for each task in accordance with guideline-
recommended best practices1 (Figure 4). For instance, in line
with standard echocardiographic interpretation, the PLAX view
was most informative for LV dimension measurements as well
as aortic valve and aortic root characterization. Similarly, A4C
was most informative for estimating LVEF and classifying LV
dysfunction, Additionally, color Doppler videos were the most
informative for all valvular regurgitation tasks, which typi-
cally involve assessment with color Doppler echocardiogra-
phy. Detailed task-specific view relevance scores are de-
picted in eFigure 4 in Supplement 1.

Validation on Point-of-Care Echocardiography
The model performed 15 diagnostic classification tasks with a
median (IQR) AUC of 0.91 (0.87-0.94) in an abbreviated TTE
cohort, as well as 14 tasks with a median (IQR) AUC of 0.85
(95% CI, 0.77-0.87) in a POCUS cohort of bedside ED acquisi-
tions (Figure 5; eTable 5 in Supplement 1). The AI system ac-
curately performed ventricular assessment, with abbrevi-
ated TTE AUCs of 0.98 (95% CI, 0.97-0.98) (POCUS: 0.93
[95% CI, 0.92-0.94]) for moderate or worse LV systolic dys-
function in the simulated point-of-care cohort , 0.94 (95% CI,
0.92-0.95) (POCUS: 0.89 [95% CI, 0.87-0.90]) for moderate or
higher increased LV size, 0.91 (95% CI, 0.89-0.92) (POCUS: 0.83
[95% CI, 0.82-0.85]) for moderate or worse LV diastolic dys-
function, 0.93 (95% CI, 0.91-0.94) (POCUS: 0.85 [95% CI, 0.83-
0.87]) for moderate or greater increased LV wall thickness, 0.92
(95% CI, 0.90-0.93) (POCUS: 0.85 [95% CI, 0.84-0.86]) for RV
systolic dysfunction, and 0.88 (95% CI, 0.86-0.90) (POCUS:
0.87 [95% CI, 0.86-0.89]) for moderate or greater increased RV
size. The model also accurately detected severe aortic steno-
sis with an AUC of 0.96 (95% CI, 0.94-0.97) and mitral stenosis
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Table. Description of Internal and External Validation Cohorts

YNHHS

RVENet+ POCUSDevelopment Validation
Dates sampled 1/2016-6/2022 7/2022-12/2022 11/2013-3/2021 9/2015-11/2023

Unique patients, No. 19 817 4588 831 3170

Unique studies, No. 27 135 5130 944 3310

Unique videos, No. 1 079 596 114 280 18 862 25 407

Unique videos per study,
median (IQR)

39.0 (30.0-48.0) 17.0 (12.0-31.0) 19.5 (17.0-22.0) 6.0 (5.0-9.0)

Demographics

Age, median (IQR), y 69.0 (58.0-79.0) 68.0 (57.0-78.0) 50.0 (25.0-66.0) 66.0 (53.0-79.0)

Sex, No. (%)

Male 14 234 (52.5) 2585 (50.4) 586 (62.1) 1817 (54.9)

Female 12 901 (47.5) 2545 (49.6) 358 (37.9) 1493 (45.1)

Race, No. (%)a

American Indian 68 (0.3) 15 (0.3) 0 115 (3.7)

Asian 436 (1.7) 112 (2.3) 0 68 (2.2)

Black 3711 (14.4) 679 (14.0) 0 871 (27.7)

Pacific Islander 36 (0.1) 10 (0.2) 0 12 (0.4)

White 20874 (80.9) 3893 (80.6) 944 (100) 2073 (65.8)

Other 693 (2.7) 124 (2.6) 0 (0) 10 (0.3)

Ethnicity, No. (%)a

Hispanic 2094 (7.9) 472 (9.5) 0 2884 (88.6)

Non-Hispanic 24316 (92.1) 4486 (90.5) 944 (100) 372 (11.4)

Patient status, No. (%)

Outpatient 16842 (62.5) 3511 (68.7) 524 (55.5) 0

Inpatient 8398 (31.2) 1296 (25.4) 420 (45.5) 0

Observation 1638 (6.1) 291 (5.7) 0 0

Emergency 63 (0.2) 11 (0.2) 0 3310 (100)

Hypertension, No. (%) 19982 (73.6) 3577 (69.7) 372 (39.4) 2323 (70.2)

Diabetes, No. (%) 7266 (26.8) 1243 (24.2) 119 (12.6) 1001 (30.2)

Dyslipidemia, No. (%) 5754 (21.2) 1164 (22.7) 239 (25.3) 493 (14.9)

Chronic kidney disease, No. (%) 2576 (9.5) 350 (6.8) 108 (11.4) 442 (13.4)

Coronary artery disease, No. (%) 5520 (20.3) 824 (16.1) 91 (9.6) 1103 (33.3)

Left ventricle

LV systolic dysfunction, No. (%)

Mild 1906 (7.5) 319 (6.5) 130 (13.8) 430 (13.8)

≥Moderate 1989 (7.9) 284 (5.8) 122 (12.9) 755 (24.2)

LV ejection fraction,
median (IQR), %

62.0 (56.2-66.9) 61.4 (57.0-65.0) 57.5 (52.2-61.4) 57.0 (40.0-63.0)

LV diastolic dysfunction, No. (%)

Mild 6872 (35.9) 1214 (29.8) 182 (22.0) 473 (26.7)

≥ Moderate 2965 (15.5) 333 (8.2) 159 (19.2) 416 (23.5)

Increased LV size, No. (%)

Mild 1489 (7.3) 338 (7.9) 81 (8.6) 351 (13.3)

≥Moderate 1283 (6.3) 270 (6.3) 89 (9.4) 547 (20.8)

LVIDd, median (IQR), mm 45.5 (40.9-50.1) 46.0 (41.8-50.7) 49.0 (45.0-55.0) 47.2 (42.1-52.8)

LVIDs, median (IQR), mm 29.5 (25.7-34.0) 30.0 (26.2-34.0) 33.0 (28.0-38.0) 32.2 (27.6-39.0)

Increased LV wall thickness, No. (%)

Any 13 499 (54.8) 1971 (40.2) 232 (24.6) 1206 (44.1)

≥ Moderate 3260 (13.2) 315 (6.4) 46 (4.9) 258 (9.4)

IVSd, median (IQR), mm 10.9 (9.1-12.6) 10.0 (8.8-11.5) 11.0 (9.0-12.0) 10.0 (8.9-11.7)

LVPWd, median (IQR), mm 10.4 (9.0-12.0) 10.0 (8.7-11.2) 9.0 (8.0-10.0) 10.0 (8.9-11.4)

LV wall motion abnormalities, No. (%) 1847 (20.7) 348 (22.6) 116 (12.3) 630 (44.5)

(continued)
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with an AUC of 0.94 (95% CI, 0.92-0.96) (POCUS: 0.92
[95% CI, 0.88-0.95]) from simplified acquisitions. Additional
diagnostic findings of pericardial effusion and elevated LV out-
flow tract pressure were detected with AUCs of 0.91 (95% CI,
0.82-0.97) (POCUS: 0.86 [95% CI, 0.84-0.88]) and 0.94
(95% CI, 0.87-0.99), respectively.

Discussion

This study presents a view-agnostic deep learning model for
automated echocardiography interpretation developed and
validated on more than 1 million videos spanning a broad range

Table. Description of Internal and External Validation Cohorts (continued)

YNHHS

RVENet+ POCUSDevelopment Validation
Right ventricle

RV systolic dysfunction, No. (%) 2785 (11.3) 371 (7.8) 76 (8.1) 819 (29.1)

TAPSE, median (IQR), mm 21.0 (18.0-24.9) 21.2 (18.0-24.8) 21.0 (17.0-26.0) 19.0 (16.0-23.0)

RV S’, median (IQR), cm/s 12.3 (10.4-14.4) 12.6 (10.9-14.7) 13.0 (11.0-15.0) 11.9 (9.5-14.0)

Increased RV size, No. (%)

Mild 2483 (10.0) 457 (9.6) 94 (10.0) 427 (15.3)

≥Moderate 1515 (6.1) 215 (4.5) 112 (11.9) 411 (14.7)

RVIDd, median (IQR), mm 31.0 (27.1-35.1) 30.9 (27.0-34.9) 31.0 (28.0-35.0) 32.0 (28.2-36.3)

Left atrium

Increased LA size, No. (%)

Mild 4897 (18.0) 805 (15.7) 125 (14.8) 403 (12.2)

≥Moderate 5392 (19.9) 798 (15.6) 273 (32.3) 741 (22.4)

LA volume, median (IQR), cm3 58.5 (45.0-74.3) 55.2 (43.0-70.0) 64.5 (46.2-91.3) 61.9 (47.0-79.0)

Right atrium

RA transverse dimension,
median (IQR), mm

37.3 (33.0-43.0) 37.0 (33.0-42.0) 40.5 (35.0-45.0) 40.0 (34.0-46.0)

Increased RA size, No. (%)

Any 3219 (29.7) 507 (29.3) 220 (23.3) 541 (41.3)

Valvular assessment

AV stenosis, No. (%)

Mild to moderate 2808 (12.1) 401 (8.5) 9 (1.0) 164 (7.1)

Severe 1934 (8.3) 86 (1.8) 85 (9.0) 38 (1.6)

AV regurgitation, No. (%)

Mild 4309 (17.7) 773 (16.4) 140 (14.8) 398 (15.3)

≥Moderate 1645 (6.8) 272 (5.8) 31 (3.3) 164 (6.3)

AV structure, No. (%)

Bicuspid 212 (0.9) 52 (1.1) 8 (0.8) 10 (0.4)

MV stenosis, No. (%)

Any 812 (4.1) 89 (2.1) 11 (1.3) 71 (3.4)

MV regurgitation, No. (%)

Mild 8594 (33.5) 1419 (28.3) 209 (25.2) 815 (29.1)

≥Moderate 4000 (15.6) 612 (12.2) 141 (17.0) 544 (19.4)

TV regurgitation, No. (%)

Mild 8829 (33.8) 1580 (31.1) 310 (32.8) 939 (30.7)

≥ Moderate 3960 (15.2) 610 (12.0) 102 (10.8) 692 (22.6)

RV systolic pressure, median (IQR),
mm Hg

29.0 (23.0-38.0) 27.5 (22.5-35.0) 28.0 (22.0-38.0) 37.0 (28.0-49.0)

Other

Aortic root dim., median (IQR), mm 33.0 (30.0-36.0) 33.0 (30.0-36.6) 32.0 (30.0-34.2) 33.0 (30.0-36.0)

Any pericardial effusion, No. (%) 1006 (4.0) 21 (3.4) 47 (5.0) 305 (10.9)

Elevated RA pressure (≥ 8 mm Hg),
No. (%)

4940 (20.8) 722 (15.5) 531 (56.2) 1200 (43.2)

Abbreviations: AV, aortic valve; IVSd, interventricular septum thickness at diastole;
LA, left atrium; LV, left ventricle; LVIDd, left ventricular internal diameter at
diastole; LVIDs, left ventricular internal diameter at systole; LVPWd, left ventricular
posterior wall thickness at diastole; MV, mitral valve; RA, right atrium; RV, right
ventricle; RVIDd, right ventricular internal diameter at diastole; RV S’, right

ventricular systolic excursion velocity; TAPSE, tricuspid annular plane systolic
excursion; TV, tricuspid valve; YNHHS, Yale New Haven Health System.
a Race was included in this specific analysis of fairness as per the TRIPOD+AI guide-

lines. Race was self-reported by patients based on fixed categories presented.
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Figure 2. Multitask Classification Performance Evaluation

0 0.6 1.00.4 0.8
Area under the curve (95% CI)

0.2

No. of studies
meeting label
definition/
No. with labels

Sensitivity
(95% CI)

Specificity
(95% CI)

AV stenosisa

Area under
the curve
(95% CI)

86/4701 0.94 (0.89-0.98) 0.95 (0.94-0.95)YNHHS (US) 0.98 (0.98-0.99)

85/944 0.96 (0.93-0.99) 0.98 (0.97-0.99)RVENet+ (Hungary) 1.00 (0.99-1.00)

Mitral valve stenosis

89/4202 0.96 (0.96-0.97) 0.82 (0.75-0.88)YNHHS (US) 0.96 (0.94-0.98)

11/829 1.00 (1.00-1.00) 0.95 (0.94-0.97)RVENet+ (Hungary) 1.00 (1.00-1.00)

LV systolic dysfunctionb

Elevated LVOT pressure gradient

24/4354 0.88 (0.75-1.00) 0.95 (0.95-0.96)YNHHS (US) 0.94 (0.88-0.99)

0/944 NA NARVENet+ (Hungary) NA

RV systolic dysfunction

371/4743 0.89 (0.88-0.90) 0.80 (0.77-0.84)YNHHS (US) 0.93 (0.91-0.94)

76/944 0.92 (0.87-0.97) 0.82 (0.80-0.84)RVENet+ (Hungary) 0.94 (0.92-0.96)

284/4878 0.92 (0.90-0.95) 0.94 (0.94-0.95)YNHHS (US) 0.98 (0.98-0.99)

122/944 0.97 (0.94-0.99) 0.89 (0.87-0.91)RVENet+ (Hungary) 0.99 (0.98-0.99)

1264/10 032 0.80 (0.78-0.82) 0.91 (0.91-0.92)EchoNet-Dynamic (US) 0.94 (0.94-0.95)

Increased LV sizeb

270/4268 0.81 (0.77-0.85) 0.92 (0.91-0.93)YNHHS (US) 0.94 (0.93-0.95)

89/944 0.71 (0.63-0.78) 0.90 (0.88-0.92)RVENet+ (Hungary) 0.91 (0.88-0.93)

418/11 713 0.95 (0.93-0.97) 0.93 (0.92-0.93)EchoNet-LVH (US) 0.98 (0.98-0.99)

Pericardial effusion

21/623 0.91 (0.89-0.93) 0.86 (0.73-0.96)YNHHS (US) 0.91 (0.83-0.97)

47/944 0.68 (0.56-0.79) 1.00 (1.00-1.00)RVENet+ (Hungary) 0.94 (0.89-0.98)

LV diastolic dysfunctionb

333/4071 0.88 (0.85-0.91) 0.81 (0.80-0.82)YNHHS (US) 0.92 (0.91-0.93)

159/826 0.95 (0.92-0.98) 0.78 (0.76-0.81)RVENet+ (Hungary) 0.92 (0.90-0.93)

Mitral valve regurgitationb

612/5007 0.74 (0.71-0.77) 0.87 (0.86-0.88)YNHHS (US) 0.91 (0.90-0.91)

141/829 0.88 (0.83-0.92) 0.83 (0.80-0.85)RVENet+ (Hungary) 0.92 (0.91-0.94)

Tricuspid valve regurgitationb

610/5076 0.76 (0.73-0.78) 0.86 (0.86-0.87)YNHHS (US) 0.90 (0.89-0.91)

102/944 0.86 (0.81-0.92) 0.80 (0.77-0.82)RVENet+ (Hungary) 0.91 (0.90-0.93)

LV wall motion abnormalities

348/1541 0.76 (0.73-0.80) 0.85 (0.83-0.86)YNHHS (US) 0.88 (0.86-0.90)

116/944 0.98 (0.96-1.00) 0.71 (0.69-0.74)RVENet+ (Hungary) 0.98 (0.97-0.99)

Increased LA sizeb

798/5130 0.79 (0.76-0.81) 0.83 (0.82-0.84)YNHHS (US) 0.89 (0.88-0.90)

273/845 0.78 (0.74-0.82) 0.88 (0.86-0.91)RVENet+ (Hungary) 0.90 (0.88-0.92)

Atrial valve regurgitationb

272/4721 0.85 (0.82-0.89) 0.83 (0.82-0.84)YNHHS (US) 0.92 (0.91-0.93)

31/944 0.77 (0.64-0.90) 0.76 (0.74-0.78)RVENet+ (Hungary) 0.85 (0.81-0.89)

Increased LV wall thicknessb

315/4815 0.90 (0.89-0.90) 0.75 (0.71-0.79)YNHHS (US) 0.91 (0.90-0.93)

46/944 0.50 (0.38-0.62) 0.96 (0.95-0.97)RVENet+ (Hungary) 0.91 (0.88-0.94)

703/11 651 0.92 (0.92-0.93) 0.57 (0.54-0.60)EchoNet-LVH (US) 0.89 (0.88-0.90)

Bicuspid aortic valve

52/4559 0.70 (0.69-0.71) 0.69 (0.58-0.80)YNHHS (US) 0.81 (0.75-0.86)

8/944 0.88 (0.67-1.00) 0.60 (0.58-0.63)RVENet+ (Hungary) 0.83 (0.65-0.96)

Elevated RA pressure

722/4646 0.62 (0.59-0.65) 0.82 (0.81-0.83)YNHHS (US) 0.81 (0.80-0.83)

531/944 0.49 (0.46-0.53) 0.96 (0.94-0.98)RVENet+ (Hungary) 0.80 (0.78-0.82)

Increased RA size

507/1732 0.71 (0.69-0.73) 0.69 (0.66-0.72)YNHHS (US) 0.77 (0.75-0.79)

220/944 0.70 (0.65-0.76) 0.68 (0.65-0.71)RVENet+ (Hungary) 0.75 (0.72-0.78)

Increased RV sizeb

215/4760 0.72 (0.66-0.77) 0.85 (0.84-0.86)YNHHS (US) 0.88 (0.86-0.90)

112/944 0.64 (0.56-0.72) 0.81 (0.79-0.84)RVENet+ (Hungary) 0.83 (0.79-0.86)

Diagnostic task

Multitask international validation of PanEcho on diagnostic classification tasks. Results are presented on the internal YNHHS validation cohort and the external
RVENet+, EchoNet-Dynamic, and EchoNet-LVH cohorts. See eTable 1 for diagnostic definitions and guidelines. aSevere. bModerate or worse.
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Figure 3. Multitask Regression Performance Evaluation

0 30 4020
Mean absolute error (95% CI)
10

No.
Mean absolute
error (95% CI)r (95% CI)

Aortic valve peak velocity, mis
Median (IQR)

4499 0.31 (0.30-0.32)0.79 (0.78-0.81)YNHHS (US) 1.4 (1.2-1.8)
934 0.36 (0.34-0.38)0.84 (0.81-0.86)RVENet+ (Hungary) 1.3 (1.2-1.6)

LV posterior wall thickness at diastole

944 1.05 (1.01-1.09)0.68 (0.65-0.71)RVENet+ (Hungary) 9.0 (8.0-10.0)
11 672 1.28 (1.26-1.29)0.64 (0.63-0.65)EchoNet-LVH (US) 9.9 (8.6-11.3)

Interventricular septum thickness at diastole, mm

RV systolic excursion velocity, cm/s
3631 1.91 (1.86-1.96)0.60 (0.58-0.63)YNHHS (US) 12.6 (10.9-14.7)
831 1.99 (1.90-2.08)0.62 (0.59-0.66)RVENet+ (Hungary) 13.0 (11.0-15.0)

E/e' ratio
4349 1.97 (1.92-2.01)0.80 (0.79-0.81)YNHHS (US) 9.2 (7.2-12.1)
728 2.18 (2.07-2.31)0.84 (0.82-0.86)RVENet+ (Hungary) 7.0 (5.5-10.6)

5045 1.30 (1.27-1.33)0.70 (0.68-0.72)YNHHS (US) 10.0 (8.8-11.5)
944 1.58 (1.52-1.65)0.73 (0.70-0.75)RVENet+ (Hungary) 11.0 (9.0-12.0)
11 681 1.34 (1.32-1.36)0.69 (0.68-0.70)EchoNet-LVH (US) 10.0 (8.6-11.7)

LV outflow tract diameter, mm
3719 1.35 (1.32-1.38)0.59 (0.58-0.61)YNHHS (US) 20.0 (19.0-22.0)
614 1.54 (1.47-1.61)0.53 (0.47-0.58)RVENet+ (Hungary) 20.2 (18.9-22.0)

5040 1.15 (1.13-1.17)0.68 (0.66-0.69)YNHHS (US) 10.0 (8.7-11.2)

Aortic root dimension, mm
4968 2.82 (2.77-2.87)0.69 (0.68-0.70)YNHHS (US) 33.0 (30.0-36.6)
943 2.16 (2.08-2.26)0.51 (0.47-0.55)RVENet+ (Hungary) 32.0 (30.0-34.2)

Tricuspid annular plane, mm
3734 3.36 (3.29-3.43)0.59 (0.58-0.61)YNHHS (US) 21.2 (18.0-24.8)
944 3.78 (3.64-3.92)0.72 (0.69-0.74)RVENet+ (Hungary) 21.0 (17.0-26.0)

LVIDs, mm
5028 3.38 (3.32-3.45)0.80 (0.78-0.81)YNHHS (US) 30.0 (26.2-34.0)
814 4.40 (4.20-4.62)0.86 (0.84-0.87)RVENet+ (Hungary) 33.0 (28.0-38.0)
11 268 3.45 (3.40-3.50)0.86 (0.85-0.86)EchoNet-LVH (US) 31.1 (27.2-36.0)

RVIDd, mm
3430 3.97 (3.87-4.06)0.57 (0.54-0.59)YNHHS (US) 30.9 (27.0-34.9)
944 3.85 (3.67-4.03)0.58 (0.53-0.62)RVENet+ (Hungary) 31.0 (28.0-35.0)

Global longitudinal strain, %
461 1.89 (1.78-2.01)0.65 (0.59-0.71)YNHHS (US) 19.0 (18.0-21.0)a

866 2.65 (2.54-2.75)0.82 (0.80-0.84)RVENet+ (Hungary) 17.6 (13.3-20.7)a

LAIDs, mm
4832 3.98 (3.90-4.05)0.79 (0.78-0.80)YNHHS (US) 39.6 (35.0-45.0)
601 4.03 (3.81-4.25)0.79 (0.77-0.81)RVENet+ (Hungary) 40.0 (34.0-46.0)

LV ejection fraction, %
5045 4.17 (4.08-4.25)0.85 (0.84-0.86)YNHHS (US) 61.7 (57.0-65.1)
944 4.53 (4.33-4.71)0.87 (0.86-0.89)RVENet+ (Hungary) 57.5 (52.2-61.4)
10 032 5.53 (5.45-5.62)0.79 (0.78-0.80)EchoNet-Dynamic (US) 59.2 (51.6-64.0)

LVIDd, mm
5039 3.78 (3.70-3.85)0.74 (0.73-0.75)YNHHS (US) 46.0 (41.8-50.7)
944 4.37 (4.19-4.56)0.80 (0.78-0.82)RVENet+ (Hungary) 49.0 (45.0-55.0)
11 713 3.69 (3.64-3.73)0.81 (0.81-0.82)EchoNet-LVH (US) 46.1 (41.7-51.2)

Tricuspid valve peak gradient, mm Hg
3515 5.57 (5.44-5.72)0.64 (0.62-0.66)YNHHS (US) 24.0 (19.0-30.0)
689 6.48 (6.08-6.85)0.68 (0.65-0.71)RVENet+ (Hungary) 22.0 (17.0-30.0)

RV systolic pressure, mm Hg
3298 5.98 (5.84-6.14)0.68 (0.66-0.70)YNHHS (US) 27.5 (22.5-35.0)
689 6.72 (6.30-7.12)0.73 (0.70-0.75)RVENet+ (Hungary) 28.0 (22.0-38.0)

LA volume, cm3

4107 9.41 (9.22-9.60)0.78 (0.77-0.79)YNHHS (US) 55.2 (43.0-70.0)
845 13.4 (12.9-13.9)0.80 (0.78-0.82)RVENet+ (Hungary) 64.5 (46.2-91.3)

RA transverse dimension, mm

LV stroke volume, cm3

3395 11.7 (11.4-12.0)0.77 (0.76-0.78)YNHHS (US) 62.0 (48.3-79.0)
944 17.3 (16.5-18.1)0.62 (0.58-0.66)RVENet+ (Hungary) 69.5 (56.4-84.6)

LV end systolic volume, cm3

3435 10.4 (10.1-10.8)0.90 (0.90-0.91)YNHHS (US) 40.1 (28.9-56.4)
944 19.2 (18.1-20.3)0.90 (0.88-0.91)RVENet+ (Hungary) 55.0 (41.9-78.0)
10 032 14.3 (14.0-14.6)0.82 (0.81-0.83)EchoNet-Dynamic (US) 33.6 (23.7-49.1)

3449 19.0 (18.5-19.5)0.86 (0.85-0.87)YNHHS (US) 105.1 (80.6-136.9)
944 34.8 (33.1-36.6)0.81 (0.78-0.83)RVENet+ (Hungary) 128.9 (104.0-166.1)
10 032 25.4 (25.0-25.8)0.70 (0.69-0.71)EchoNet-Dynamic (US) 82.1 (62.2-108.3)

LV end diastolic volume, cm3

2897 4.67 (4.57-4.78)0.62 (0.60-0.64)YNHHS (US) 37.0 (33.0-42.0)
944 5.15 (4.95-5.35)0.57 (0.53-0.61)RVENet+ (Hungary) 40.5 (35.0-45.0)

Results are presented on the internal Yale New Haven Health System (YNHHS) validation cohort and the external RVENet+, EchoNet-Dynamic, and EchoNet-LVH
cohorts. Median (IQR) is reported for the ground truth measurements in each cohort.
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of acquisitions and phenotypes. PanEcho, the AI system, ad-
vances the current state of AI-enabled echocardiography, en-
abling simultaneous estimation of all key parameters of cardiac
structure and function from any combination of 2D views. The
model integrates multiview information from complete echo-
cardiographic studies while maintaining accurate reporting on
simplified imaging protocols and technically limited POCUS ac-
quisitions from the ED. The model is open-source, extensively
validated internationally, and at the point of care and may sig-
nal a shift from specialized single-task models toward general-
ized multitask AI models poised for clinical deployment.

This AI system was developed to address a critical gap in
AI for echocardiography: the predominance of single-view,
single-task models. Unlike prior approaches that require a par-
ticular echocardiographic view or sequence,12,14,16,24,31 the model
flexibly integrates videos from all available 2D views. Further,
although previous work has primarily been limited to special-
ized single-task models,8,13,14,20,22-24 the current model per-
forms end-to-end estimation of all variables forming the core
of a complete echocardiographic report. This unified ap-
proach is closer to clinical practice, in which a cardiologist syn-

thesizes multiple views and imaging modes to assess all as-
pects of cardiovascular health, and more efficiently scales to
clinical deployment. In the previous paradigm, single-task mod-
els would pose considerable implementation challenges, espe-
cially in computationally constrained environments such as on-
device deployment on a handheld device for point-of-care use.

To understand the contributions of this study, the AI sys-
tem should be evaluated in the context of state-of-the-art com-
mercial systems16,31 and academic efforts.25,32 Although all
report video-based AI models that are capable of automating
many aspects of echocardiographic reporting, key differ-
ences exist in accessibility and extent of validation. First, un-
like commercial products, the current model is fully open-
source, accelerating research on AI for echocardiography.
Second, the model is evaluated across 39 diverse labels span-
ning key diagnostic findings in a complete echocardiographic
report, while comparable studies validate only on subsets of
these labels. Third, the model has been internationally vali-
dated across multiple sites on both complete diagnostic qual-
ity studies and technically limited acquisitions by noncardio-
vascular operators, in contrast to prior work. This extensive

Figure 4. Task-Specific View Relevance
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Radar plots depicting the relative importance of each echocardiographic view
for a given aspect of cardiovascular diagnosis. For each task, a normalized view
relevance score was computed, where 1 indicates the most relevant view; this
score reflects the fraction of the maximum performance metric (area under the
receiver operator characteristic curve for classification tasks and mean absolute
error [MAE] for regression tasks) on a given task when only using videos from
an individual view. Presented view relevance scores were then averaged over all

tasks falling under a given category in each radar plot. Analysis was performed
on the internal YNHHS validation set using up to 3 videos from a given
echocardiographic view per study. A2C indicates apical 2-chamber; A3C, apical
3-chamber; A4C, apical 4-chamber; A5C, apical 5-chamber; AUC, area under the
receiver operator characteristic curve; MAE, mean absolute error; PLAX,
parasternal long axis; PSAX, parasternal short axis; RV, right ventricle; YNHHS,
Yale New Haven Health System.
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validation enables unique opportunities for advancing diag-
nostic care in point-of-care settings and community clinics,
where access to equipment and personnel needed for com-
plete diagnostic echocardiography is limited.

There are 3 primary clinical applications for PanEcho: as
a preliminary reader for assisted interpretation in echocardi-
ography laboratories, as a tool to identify potentially missed
abnormalities in existing echocardiography databases, and as

Figure 5. Performance Evaluation at the Point of Care
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547/2632 0.72 (0.69-0.75) 0.89 (0.88-0.90) POCUS 0.89 (0.87-0.90)

Increased LV wall thicknessa

250/3355 0.99 (0.99-0.99) 0.90 (0.89-0.91) Abbreviated TTE 0.93 (0.91-0.94)

258/2710 0.70 (0.68-0.71) 0.83 (0.79-0.86) POCUS 0.85 (0.83-0.87)

67/2915 1.00 (1.00-1.00) 0.97 (0.96-0.97) Abbreviated TTE 0.94 (0.92-0.96) 

71/2062 0.95 (0.95-0.96) 0.63 (0.54-0.72) POCUS 0.92 (0.88-0.95) 

AV stenosis 

69/3285 0.42 (0.33-0.53) 0.83 (0.75-0.90) Abbreviated TTE 0.96 (0.94-0.97) 

38/2311 0.55 (0.41-0.68) 0.96 (0.95-0.96) POCUS 0.86 (0.81-0.92)

RV systolic dysfunction 

263/3347 0.99 (0.99-0.99) 0.90 (0.89-0.91) Abbreviated TTE 0.92 (0.90-0.93)

819/2813 0.71 (0.69-0.72) 0.81 (0.79-0.83) POCUS 0.85 (0.84-0.86)

Increased RV sizea

158/3360 0.27 (0.22-0.33) 0.69 (0.63-0.75) Abbreviated TTE 0.88 (0.86-0.90)

411/2793 0.97 (0.96-0.98) 0.38 (0.37-0.40) POCUS 0.87 (0.86-0.89)

LV diastolic dysfunctiona

247/2825 0.51 (0.46-0.57) 0.85 (0.81-0.88) Abbreviated TTE 0.91 (0.89-0.92)

416/1769 0.79 (0.75-0.82) 0.74 (0.72-0.76) POCUS 0.83 (0.82-0.85)

Increased LA sizea

598/3608 0.56 (0.53-0.60) 0.74 (0.72-0.77) Abbreviated TTE 0.87 (0.86-0.88)

741/3310 0.67 (0.64-0.69) 0.74 (0.72-0.75) POCUS 0.78 (0.77-0.80)

Pericardial effusion 

21/619 0.99 (0.98-1.00) 0.91 (0.89-0.93) Abbreviated TTE 0.91 (0.82-0.97)

305/2796 0.48 (0.46-0.50) 0.93 (0.90-0.95) POCUS 0.86 (0.84-0.88)

Elevated RA pressure 

485/3289 0.48 (0.44-0.53) 0.62 (0.58-0.66) Abbreviated TTE 0.80 (0.78-0.82)

1200/2775 0.96 (0.95-0.97) 0.22 (0.20-0.23) POCUS 0.75 (0.74-0.77)

Increased RA size 

374/1267 0.87 (0.84-0.89) 0.70 (0.68-0.73) Abbreviated TTE 0.75 (0.72-0.77)

541/1310 0.36 (0.34-0.39) 0.89 (0.87-0.91) POCUS 0.74 (0.72-0.77)

LV wall motion abnormalities 

249/1096 0.72 (0.67-0.76) 0.73 (0.68-0.78) Abbreviated TTE 0.86 (0.84-0.88)

630/1415 0.81 (0.78-0.83) 0.53 (0.50-0.56) POCUS 0.77 (0.75-0.79)

Bicuspid AV 

37/3219 1.00 (0.99-1.00) 0.75 (0.74-0.76) Abbreviated TTE 0.77 (0.70-0.84)

10/2567 0.95 (0.94-0.95) 0.30 (0.00-0.56) POCUS 0.70 (0.56-0.85)

Multitask validation of PanEcho on diagnostic classification tasks in a simulated
and real-world POCUS dataset. Yale New Haven Health System (YNHHS) 5-view
refers to evaluation on the internal YNHHS validation set, except only using up to
1 video from the following key views per study: PLAX, PSAX, A4C, A5C, or A2C.
Error bars and values in parentheses represent bootstrapped 95% CIs.
The dotted line represents the performance of random guessing. A2C indicates
apical 2-chamber; A3C, apical 3-chamber; A4C, apical 4-chamber; A5C, apical
5-chamber; AUC, area under the receiver operating characteristic curve;

AV, aortic valve; LA, left atrium; LV, left ventricle; LVOT, left ventricular outflow
tract; MV, mitral valve; NA, not applicable; PG, pressure gradient; PLAX,
parasternal long axis; POCUS, point-of-care ultrasonography; PSAX, parasternal
short axis; RA, right atrium; RV, right ventricle; TTE, transthoracic
echocardiography; TV, tricuspid valve; YNHHS, Yale New Haven Health System.
aModerate or worse.
bSevere.
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an efficient screening system for accelerated protocols and
point-of-care examinations performed by nonexperts. Given
its excellent performance on complete echocardiograms, the
model can support expert readers by identifying key abnor-
malities for further interrogation. Prospective integration into
a real-world echocardiography laboratory workflow is needed
to evaluate factors such as interface design and the effect of
human-AI collaboration on interpretation speed and accu-
racy. The model may also be used to efficiently parse existing
repositories of echocardiograms for potential clinical abnor-
malities that were missed at the time of examination to be
flagged for review. Also, the AI system is uniquely suited for
point-of-care settings and community clinics given its exten-
sive validation on POCUS acquisitions. Given the scarcity of
echocardiographic expertise33,34 and increasing accessibility
of portable ultrasound devices,6,7,35 the model could provide
cardiovascular health care that might otherwise be inacces-
sible to many communities. Future work to validate this ap-
proach includes prospective human vs AI evaluation on point-
of-care scans from nonsonographers.

Limitations
Certain limitations merit consideration. First, this model was
limited to 2D grayscale and color Doppler echocardiographic vid-
eos, excluding other acquisitions such as still frames, spectral
Doppler, strain imaging, and 3-dimensional (3D) echocardiog-
raphy, which could improve the predictive performance and ver-
satility of the model. Second, unlike other approaches,13,15-17,31

the current method does not incorporate a segmentation step
for echocardiographic measurements. Although the direct es-
timation approach yields strong numerical results, it may limit
the model’s interpretability; future iterations of the AI system

may supplement the current approach with a segmentation
overlay on select views for improved transparency and ease of
use in clinical deployment. Systematic differences in measure-
ment methods36 limit performance on tasks such as LV vol-
umes, where RVENet+ labels were derived from 3D echocardi-
ography vs the mixture of 2D and 3D methods used in routine
practice across other cohorts. Similarly, performance on
certain labels— such as bicuspid aortic valve and right atrial
abnormalities—is limited by low prevalence37 and difficulty of
interpretation for human experts,38-40 causing class imbal-
ance and noisy ground truth labels, respectively. Third, this
model was limited to the specific suite of 39 tasks defined in this
study and, for certain tasks, may fail to provide sufficiently
granular interpretations to independently guide patient care.
For this reason, a PanEcho-assisted workflow would still ulti-
mately rely on expert supervision to ensure reliable diagnosis
and treatment based on the broader clinical context of each pa-
tient beyond echocardiography.

Conclusions
Results of this study describe the development and valida-
tion of an AI system that automatically interprets key aspects
of echocardiograms—spanning ventricular structure and func-
tion to valvular disease and more—maintaining high accu-
racy across geography and time from complete and techni-
cally limited studies. These findings support further research,
including prospective evaluation in real-world clinical work-
flows, which is needed to assess the efficacy of PanEcho and
similar tools as adjunct readers in echocardiography labora-
tories or AI-enabled screening tools in point-of-care settings.
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