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Comprehensive echocardiogram evaluation 
with view primed vision language AI

Milos Vukadinovic1,2, I-Min Chiu1,3, Xiu Tang4, Neal Yuan5,6, Tien-Yu Chen7, Paul Cheng4, 
Debiao Li8, Susan Cheng1, Bryan He9,11 ✉ & David Ouyang1,10,11 ✉

Echocardiography is the most widely used cardiac imaging modality, capturing 
ultrasound video data to assess cardiac structure and function1. Artificial intelligence (AI) 
in echocardiography has the potential to streamline manual tasks and improve 
reproducibility and precision2. However, most echocardiography AI models are 
single-view, single-task systems that do not synthesize complementary information 
from multiple views captured during a full examination3,4, and thus lead to limited 
performance and scope of applications. To address this problem, we introduce 
EchoPrime, a multi-view, view-informed, video-based vision–language foundation 
model trained on over 12 million video–report pairs. EchoPrime uses contrastive 
learning to train a unified embedding model for all standard views in a comprehensive 
echocardiogram study with representation of both rare and common diseases and 
diagnoses. EchoPrime then utilizes view classification and a view-informed anatomical 
attention module to weight video-specific embeddings that accurately map the 
relationship between echocardiographic views and anatomical structures. With 
retrieval-augmented interpretation, EchoPrime integrates information from all 
echocardiogram videos in a comprehensive study and performs holistic clinical 
interpretation. In datasets from five international independent health-care systems, 
EchoPrime achieves state-of-the-art performance on 23 diverse benchmarks of 
cardiac form and function, surpassing the performance of both task-specific approaches 
and previous foundation models. Following rigorous clinical evaluation, EchoPrime 
can assist physicians in the automated preliminary assessment of comprehensive 
echocardiography.

In recent years, medical AI has progressed substantially, driven by the 
fast improvements of deep learning methods and the use of larger and 
larger medical datasets. AI has matched or surpassed the accuracy of 
clinical experts in various applications5, such as skin cancer classifica-
tion6 and breast mammogram lesion detection7. However, because 
these models are tailored to specific tasks through supervised learning, 
they lack the ability to synthesize information in a holistic manner, 
unlike clinical experts that integrate multiple data points for a compre-
hensive assessment. Moreover, with thousands of possible diagnoses 
and diseases, it is impractical to train separate models for every indi-
vidual medical task. This limitation gave rise to foundation models8–16, 
task-agnostic models pre-trained on large datasets that demonstrate 
robust performance in various downstream tasks. Foundation models 
have already been utilized across various medical subfields, including 
pathology17, drug repurposing18, chest X-ray19 and retinal imaging20.

Echocardiography, or cardiac ultrasound, is the most common 
form of cardiac imaging and benefits from high volume, low cost, 

portability and lack of ionizing radiation. With the highest temporal 
resolution across all imaging modalities, echocardiography videos 
capture changes in heart motion and structure associated with car-
diomyopathy, valvular disorders, tamponade and arrhythmias. Pro-
gress towards a foundation model for echocardiography was made 
with EchoCLIP3, which was trained on over 1 million echocardiogram 
videos and demonstrated good performance across a diverse range 
of benchmarks for cardiac image interpretation. However, EchoCLIP 
utilizes only a static image encoder from a single echocardiogram 
view, rather than incorporating available dynamic videos from a 
comprehensive ultrasound examination. As a result, it might miss key 
temporal and functional insights that are vital for echocardiographic  
analysis.

In this work, we introduce EchoPrime, a video-based foundation 
model for echocardiography, trained with contrastive learning 
on more than 12 million videos paired with expert interpretations 
and designed to synthesize data from multiple videos to deliver 

https://doi.org/10.1038/s41586-025-09850-x

Received: 12 October 2024

Accepted: 3 November 2025

Published online: xx xx xxxx

Open access

 Check for updates

1Department of Cardiology, Smidt Heart Institute, Cedars-Sinai Medical Center, Los Angeles, CA, USA. 2Department of Bioengineering, University of California Los Angeles, Los Angeles, CA, USA. 
3Department of Emergency Medicine, Kaohsiung Chang Gung Memorial Hospital, Kaohsiung, Taiwan. 4Division of Cardiology, Department of Medicine, Stanford University, Palo Alto, CA, USA. 
5Department of Medicine, University of California, San Francisco, CA, USA. 6Division of Cardiology, San Francisco Veterans Affairs Medical Center, San Francisco, CA, USA. 7Division of Cardiology, 
Department of Medicine, Kaohsiung Chang Gung Memorial Hospital, Kaohsiung, Taiwan. 8Biomedical Imaging Research Institute, Cedars-Sinai Medical Center, Los Angeles, CA, USA. 
9Department of Computer Science, Stanford University, Stanford, CA, USA. 10Division of Research, Kaiser Permanente Northern California, Pleasanton, CA, USA. 11These authors contributed equally: 
Bryan He, David Ouyang. ✉e-mail: bryanhe@cs.stanford.edu; david.ouyang@kp.org

https://doi.org/10.1038/s41586-025-09850-x
http://crossmark.crossref.org/dialog/?doi=10.1038/s41586-025-09850-x&domain=pdf
mailto:bryanhe@cs.stanford.edu
mailto:david.ouyang@kp.org


2  |  Nature  |  www.nature.com

Article

comprehensive interpretations. We tested the performance of the 
model on datasets across five international health-care systems on an 
extensive benchmark of multi-modal retrieval metrics, clinical echo-
cardiography interpretation tasks covering all cardiac structures, and 
transfer learning tasks related to cardiac pathophysiology. We found 
that EchoPrime consistently outperforms other medical foundation 
models (BioMedCLIP and EchoCLIP) and either matches or exceeds 
the performance of task-specific ultrasound models. In additional 
analyses, we found that EchoPrime prioritizes views similar to clinical 
experts when assessing many echocardiogram videos through multiple 
instance attention. EchoPrime is the largest existing echocardiography 
AI model trained on over ten times the data of previous models and 
natively provides multi-view, multi-task and multi-video assessments. 
To advance AI in medicine research, we have publicly released code, 
weights and a demo.

EchoPrime is a video-based vision–language model trained with 
12,124,168 echocardiography videos and paired text reports from 
275,442 studies across 108,913 patients at Cedars-Sinai Medical Center 
(CSMC; Table 1). EchoPrime consists of multiple modules integral for 
the interpretation of echocardiography, including a video encoder, 
text encoder, view classifier and anatomical attention module (Fig. 1). 
The video and text encoders are trained contrastively on sampled 
echocardiogram video clips and corresponding cardiologist report 
texts to learn a joint video–text representation space. A view clas-
sification model was trained on 77,426 sonographer-labelled vid-
eos to classify B-mode and colour Doppler videos into 58 standard 
echocardiographic views and utilized by an anatomical attention 
module to determine the relative importance of each echocardio-
gram video for interpretation tasks using multiple instance learning. 
During inference, EchoPrime provides a comprehensive interpreta-
tion of an echo study by assigning views to each video, mapping the 
videos into a contrastive joint video–text latent space, and finally 
retrieving study interpretations guided by the anatomical attention  
module.

Automated echocardiogram interpretation
EchoPrime can simultaneously interpret a wide range of cardiac fea-
tures and diagnoses that represent a wide range of pathophysiology 
seen over a decade of echocardiography at a large tertiary care centre 
(Supplementary Video 1). To obtain echocardiogram examination 
interpretations, we used retrieval augmented interpretation, a method 
similar to retrieval augmented generation21. Retrieval augmented 
interpretation works by retrieving the historical echocardiogram 
reports that best match input echocardiogram videos, and then fil-
ters the information from these reports into final output interpreta-
tions based on anatomical attention (see Methods for details). This 
approach allows a single foundation model to be applied directly to 
all echocardiography interpretation tasks, enabling the prediction 
of hundreds of pathologies across 15 sections of over 1,000 differ-
ent statements that cardiologists frequently make in interpreting 
echocardiograms.

We evaluated EchoPrime on a diverse set of benchmarks for cardiac 
structure and function across datasets from five different institutions 
(Table 2). On echocardiographic data from all five geographically 
diverse hospitals, EchoPrime outperformed previously developed 
foundation models for both general biomedical imaging and echocar-
diography3,4,22–24 (Fig. 2 and Supplementary Tables 1–5), and without 
additional fine-tuning or training, EchoPrime outperforms or matches 
fully supervised models for single-task prediction25–30 (Extended Data 
Table 1). EchoPrime had a mean area under the curve (AUC) of 0.92 on 
CSMC, 0.89 on Stanford Healthcare (SHC), 0.85 on Beth Israel Deacon-
ess Medical Center (MIMIC), 0.86 on Chang Gung Memorial Hospital 
(CGMH) and 0.88 on Kaiser Permanente (KP) health-care system across 
17 classification tasks and 11 regression tasks (Table 2, Extended Data 
Table 2 and Supplementary Fig. 1). On a held-out internal validation 
and external validation cohorts from four international hospitals, 
EchoPrime outperformed both previously developed foundation mod-
els and task-specific echocardiography AI models. Without additional 

Table 1 | Clinical characteristics of the study cohorts

Characteristic CSMC SHC MIMIC CGMH KP

Videos (n) 12,124,168 91,746 75,768 24,724 201,752

Studies (n) 275,442 1,792 2,431 1,188 4,891

Patients (n) 108,913 1,779 1,767 1,188 4,891

Age (mean (s.d.)) 66.31 (16.7) 60.42 (17.3) 67.67 (13.5) 65.87 (16.4) 67.28 (14.6)

Female (n (%)) 117,324 (42.6) 843 (47.0) 909 (51.4) 583 (49.1) 2,392 (48.0)

Race (n (%))

Non-Hispanic white 166,091 (60.3) 900 (50.2) 1,234 (69.8) 0 (0.0) 2,990 (61.1)

Black 35,624 (12.9) 76 (4.2) 343 (19.4) 0 (0.0) 459 (9.4)

Hispanic 27,194 (9.9) 241 (13.5) 68 (3.8) 0 (0.0) 50 (1.0)

Asian 20,299 (7.4) 301 (16.8) 45 (2.5) 1,188 (100.00) 786 (16.1)

Other 19,832 (7.2) 161 (9.0) 42 (2.4) 0 (0.0) 496 (10.1)

Unknown 5,321 (1.9) 85 (4.7) 35 (2.0) 0 (0.0) 110 (2.2)

Pacific Islander 984 (0.4) 28 (1.6) 0 (0.0) 0 (0.0) 0

Conditions (n (%))

Hypertension 112,919 (41.0) 1,055 (59.9) 1,510 (85.5) − 2,142 (43.8)

Heart failure 93,875 (34.1) 746 (41.6) 996 (56.4) − 1,015 (20.8)

Atrial fibrillation 60,448 (21.9) 555 (30.0) 510 (28.9) − 937 (19.2)

Chronic kidney disease 50,302 (18.3) 580 (32.4) 755 (42.7) − 820 (16.8)

Diabetes mellitus 46,656 (16.9) 168 (9.3) 486 (27.5) − 1,038 (21.2)

Pulmonary artery disease 28,903 (10.5) 41 (2.3) 141 (8.0) − 250 (5.1)

Cerebrovascular accident 18,442 (6.7) 104 (5.8) 160 (9.1) − 412 (8.4)

Myocardial infarction 18,283 (6.6) 296 (16.5) 507 (28.7) − 460 (9.4)
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fine-tuning or training, EchoPrime outperforms or matches fully super-
vised models for a single-task prediction25–30 including a 2% improve-
ment over EchoNet-Dynamic25 in R2 score for left ventricular ejection 
fraction, 2% improvement in the area under the receiver operating 
characteristic curve (AUC) over Echonet-TR26 for assessing tricuspid 
regurgitation, 4% increase over EchoNet-MR27 for assessing mitral 

regurgitation, and similar to improved performances for pericardial 
effusion28 and aortic stenosis29. Compared with other echocardiog-
raphy AI models, EchoPrime has superior performance (Extended 
Data Table 3 and Supplementary Tables 1–5), particularly driven by 
differences in low-quality and low-view-count images when informed 
by anatomical attention (Extended Data Table 4).
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Fig. 1 | EchoPrime overview. a, Training dataset characteristics. The schematics 
were adapted from Flaticon by FreePik (https://www.flaticon.com). b, Video 
and text encoders are trained to map videos and text into a joint latent space. 
The view classifier and multiple instance learning are trained separately to 
learn view weighting based on the anatomical section. LV, left ventricle. 

SSN, suprasternal notch. c, Inference pipeline. When given a comprehensive 
echocardiogram study, EchoPrime determines the view for each video, uses 
contrastive encoder on the joint video–text latent space for retrieval augmented 
interpretation, and weights the interpretation of each video by anatomical 
attention for a study-level assessment of each cardiac structure.

https://www.flaticon.com
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Our model performed favourably when compared with other foun-
dation models such as BioMedCLIP4, a general foundation model 
for biomedicine, and EchoCLIP3, a previous foundation model for 
echocardiography (Fig. 2). EchoPrime demonstrated significant 
improvements over previous models in predicting features related 
to the motion of cardiac structures. Specifically, in estimating left 
ventricular ejection fraction, EchoPrime achieved a mean absolute 
error (MAE) of 4.79 on the internal CSMC dataset, compared with 
MAEs of 26.93 and 7.00 for BioMedCLIP and EchoCLIP, respectively. 
On external validation cohorts, EchoPrime had MAE ranging from 
4.14 to 6.46, whereas BioMedCLIP and EchoCLIP had MAEs ranging 
from 23.00 to 32.64 and 6.23 to 10.37, respectively. In detecting aor-
tic regurgitation, EchoPrime achieved an AUC of 0.88 versus 0.54 
and 0.68 for BioMedCLIP and EchoCLIP in the internal dataset, and 
0.78–0.89 versus 0.53–0.58 and 0.61–0.67 for BioMedCLIP and Echo-
CLIP, respectively, in the external datasets (full results are in Table 2). 
Our results show that EchoPrime outperforms other echocardiogra-
phy and medical imaging foundation models, often by a significant 
margin, and matches or exceeds the performance of task-specific  
models.

To contextualize the performance of EchoPrime and reproducibility 
of assessments, we assessed cardiologist interobserver variability in 
a series of paired echocardiogram studies from the same patient for 
which cardiologists noted no significant change. We found that the 
agreement of EchoPrime with cardiologists is comparable with the 
agreement between two cardiologists as EchoPrime had an average 
balanced accuracy of 0.89, whereas the cardiologists had a balanced 
accuracy of 0.82 (Extended Data Table 5). In addition, EchoPrime 
achieves consistently high negative predictive values across all vali-
dation sites on core tasks (Supplementary Table 6), suggesting its 
utility in preliminary assessment of echocardiography images as 
well as triaging normal studies that require more urgent clinician  
review.

Multi-view data improve performance
Our model synthesizes the full range of information from an echocar-
diogram study, including multiple videos of different views and clinical 
report text up to 512 tokens long. This marks a significant improvement 
over previous medical foundation models such as BioMedCLIP and 
EchoCLIP, which process only single-view, individual images and han-
dle text up to 77 tokens long. We experimented with batch size, video 
encoder architecture, video weighting approaches and the number 
of candidate reports (Extended Data Table 6, Supplementary Tables 7 
and 8 and Supplementary Fig. 2) to select the final EchoPrime hyper-
parameters and performance. On videos-to-text retrieval (Table 3), 
the correct text report appeared in the top 10 EchoPrime-matched 
text reports for 98% of the studies from the test set (Recall@10), out-
performing EchoCLIP by 45%. Similarly, on the text-to-videos task 
EchoPrime achieved Recall@10 of 97%, outperforming EchoCLIP by 
35%. Retrieval was more challenging in normal studies than abnormal 
studies, although strong performance was achieved in both subcohorts 
(Supplementary Table 9).

Cardiologists integrate information from multiple views and vid-
eos to provide a holistic assessment, and EchoPrime was designed to 
weight the interpretation of multiple videos from multiple views. To 
demonstrate the impact of integrating multiple clips, multiple videos 
and multiple views, we compared the performance of the EchoPrime 
encoder when input is a single frame versus single video versus mul-
tiple videos versus multiple videos with multiple instance attention 
weighting (Extended Data Fig. 1). The gradual improvement across 
multiple tasks reflects the relevance of temporal and view-specific infor-
mation to each task and the importance of the anatomical attention 
module. EchoPrime can additionally be leveraged even in low-quality 
images or settings where limited views are acquired (Extended Data 
Table 4). We evaluated EchoPrime in the set of studies in which the 
study was described as ‘technically difficult’ in the clinician report and 

Table 2 | EchoPrime echocardiography interpretation performance across datasets from five different medical centres

 Task CSMC SHC MIMIC CGMH KP

Left ventricle ejection fraction (R2) 0.83 (0.81–0.85) 0.79 (0.76–0.82) 0.74 (0.66–0.80) 0.51 (0.44–0.57) 0.66 (0.62–0.71)

Left ventricle ejection fraction (MAE) 4.79 (4.60–4.97) 4.14 (3.94–4.34) 6.21 (5.54–6.92) 6.46 (6.19–6.74) 4.51 (4.30–4.72)

Pacemaker 0.85 (0.82–0.88) 0.84 (0.81–0.87) 0.86 (0.80–0.92) 0.78 (0.63–0.92) 0.84 (0.81–0.87)

Right ventricle systolic function 0.93 (0.91–0.95) 0.94 (0.88–1.00) 0.98 (0.97–0.99) 0.90 (0.79–0.98) 0.92 (0.88–0.95)

Right ventricle dilation 0.89 (0.83–0.95) 0.85 (0.80–0.90) − 0.87 (0.69–0.97) 0.78 (0.73–0.83)

Left atrial dilation 0.91 (0.86–0.96) 0.73 (0.70–0.75) 0.72 (0.68–0.75) 0.65 (0.62–0.67) 0.77 (0.75–0.79)

Right atrial dilation 0.90 (0.82–0.97) 0.77 (0.74–0.81) 0.65 (0.61–0.69) 0.75 (0.67–0.84) 0.82 (0.79–0.84)

Mitraclip 0.99 (0.99–1.00) 0.98 (0.94–1.00) 0.99 (0.99–1.00) − 1.00 (1.00–1.00)

Mitral annular calcification 0.96 (0.95–0.97) 0.96 (0.94–0.98) 0.88 (0.85–0.91) 0.88 (0.75–0.96) 0.89 (0.86–0.91)

Mitral stenosis 0.96 (0.91–0.99) 0.92 (0.86–0.98) 0.96 (0.95–0.98) 0.79 (0.59–0.98) 0.88 (0.78–0.95)

Mitral regurgitation 0.92 (0.91–0.94) 0.91 (0.89–0.93) 0.81 (0.79–0.83) 0.86 (0.82–0.89) 0.89 (0.86–0.91)

TAVR 1.00 (0.99–1.00) 0.97 (0.90–1.00) 0.96 (0.94–0.98) 1.00 (1.00–1.00) 0.99 (0.98–0.99)

Bicuspid aortic valve 0.83 (0.67–0.96) 0.82 (0.73–0.90) 0.65 (0.52–0.78) 0.67 (0.45–1.00) 0.80 (0.72–0.88)

Aortic stenosis 0.98 (0.96–0.99) 0.96 (0.92–0.99) 0.88 (0.84–0.91) 0.99 (0.98–1.00) 0.97 (0.96–0.98)

Aortic regurgitation 0.88 (0.83–0.93) 0.89 (0.80–0.97) 0.81 (0.75–0.86) 0.78 (0.70–0.84) 0.87 (0.83–0.92)

Tricuspid regurgitation 0.95 (0.93–0.97) 0.88 (0.86–0.91) 0.84 (0.82–0.86) 0.93 (0.90–0.95) 0.91 (0.89–0.93)

Pericardial effusion 0.98 (0.95–0.99) 0.89 (0.77–0.98) 0.87 (0.83–0.92) 0.96 (0.91–1.00) 1.00 (0.99–1.00)

Aortic root dilation 0.91 (0.83–0.98) 0.97 (0.94–.99) 0.98 (0.96–0.99) 0.98 (0.97–1.00) 0.81 (0.78–0.85)

Dilated IVC 0.84 (0.82–0.86) 0.86 (0.81–0.91) 0.59 (0.49–0.69) 0.98 (0.94–1.00) 0.80 (0.77–0.82)

Diastolic dysfunction 0.91 (0.88–0.93) 0.86 (0.81–0.90) 0.93 (0.86–0.98) − 0.84 (0.81–0.87)

PA pressure (R2) 0.43 (0.39–0.47) 0.36 (0.30–0.42) − − 0.31 (0.27–0.35)

PA pressure (MAE) 7.30 (6.95–7.67) 7.97 (7.35–8.66) − − 7.39 (7.08–7.70)

For classification tasks, we report the area under the receiver operating characteristic curve, and regression tasks are evaluated using R2 and MAE. AV, aortic valve; PA, pulmonary artery.  
The values in parentheses show 95% confidence intervals.
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show similar performance. To test the performance in a single-view 
setting, we tested EchoPrime on 2,172 studies with only one A4C video 
per study. Because other echocardiography models do not have a view 
classifier or use anatomical attention, a random single video per study 
was utilized for comparison. The performance across all tasks was 
similar to EchoPrime performance in the full setting.

Interpretable view weighting
Our view classifier achieves a one-versus-rest AUC of 0.997 for predicting 
58 different standard echocardiographic views (Extended Data Fig. 2) 
on the internal test set consisting of 4,000 videos. The view prediction, 
as well as the underlying videos, was then used to train an anatomical 
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vena cava; TAVR, transcatheter aortic valve replacement; TPR, true positive rate.



6  |  Nature  |  www.nature.com

Article

attention module using a multiple instance attention framework to iden-
tify the most relevant views and videos for a given anatomical structure 
and report section (Fig. 3 and Extended Data Fig. 4). With the anatomical 
attention module, we enabled EchoPrime to focus on the most informa-
tive views for the anatomy being evaluated and weigh conflicting assess-
ments of different videos from the same study. (Extended Data Fig. 2b).

For instance, in assessing the mitral valve, the model learned to focus 
on apical-2-chamber (A2C), A4C, parasternal short axis on the mitral 
valve and corresponding colour Doppler views as the key videos. Simi-
larly, the model identified that views where the IVC is clearly visible to 
be the most relevant for prediction tasks involving the IVC. To provide 
context for these results, we asked three independent cardiologists to 
manually assign importance to each view, as well as identify whether 
each structure would be present in each view and compared the focus 
of the model with the consensus cardiologist focus in side-by-side 
weight matrices (Fig. 3d). Both EchoPrime and cardiologists show 
similar emphasis on important views for different tasks, such as both 
highlighted the suprasternal notch view for assessing the aorta and 
the apical views for assessing the left ventricle.

Transfer learning
We evaluated the performance of the video encoder of EchoPrime 
for both echocardiographic and out-of-domain medical diagnosis 
tasks to assess whether EchoPrime learns intrinsic knowledge about 
echocardiography and cardiac pathophysiology. We fine-tuned vision 
transformers in a low-data, fully supervised setting, comparing differ-
ent initialization weights and found that initializing with EchoPrime 
weights leads to better performance than Kinetics initialization or 
training from scratch for assessment of mitral regurgitation, identifi-
cation of pacemaker, diagnosis of cardiac amyloidosis and diagnosis 
of ST-elevation myocardial infarction (STEMI; Extended Data Fig. 3).

Multimodal cardiovascular diagnosis
Using the video embeddings in EchoPrime, linear probing can identify 
cardiac diseases not typically diagnosed by echocardiography with 
high accuracy including cardiac amyloidosis and STEMI (multimodal 
cardiovascular diagnoses). Using EchoPrime embeddings with linear 
probing, we could identify STEMI with an AUC of 0.90 and amyloidosis 
with an AUC of 0.95 even with limited training data. It was also pos-
sible to predict multimodal cardiovascular diagnoses without any 
supervised fine-tuning, with a non-parametric k-nearest neighbour 
probing approach, that could identify STEMI with an AUC of 0.92 and 
amyloidosis with an AUC of 0.96 (Fig. 2d).

Discussion
EchoPrime is a multi-view, view-informed, video-based deep learn-
ing algorithm for comprehensive assessment of echocardiograms. 
Trained on over ten times more data than existing echocardiography 
AI models, EchoPrime integrates view-dependent information into 

clinical assessments across a wide range of interpretations of cardiac 
structure and function. Incorporating videos from more than 10 years’ 
worth of echocardiography data at a large academic medical centre, 
EchoPrime integrates anatomical attention and retrieval augmented 
interpretation to achieve state-of-the-art performance on a wide range 
of interpretation tasks beyond both previous foundation models and 
task-specific echocardiography AI models. In addition, EchoPrime 
excels in many tasks where no previous AI models have been developed 
and shows generalizability in four external validation cohorts. With 
publicly released code, weights and demo, we hope EchoPrime can be 
a resource to the medical and AI communities.

Compared with previous echocardiographic models, EchoPrime 
has a longer temporal context, longer text context length and inte-
grates complementary videos with a robust view classifier and multiple 
instance anatomical attention. Trained on more than ten times the data 
of other recent echocardiography AI models24,31, EchoPrime improves 
upon models in low-resource and low-quality image settings. By utiliz-
ing multiple instance learning to integrate information from multiple 
videos, we reproduced the relationship between echocardiographic 
views and the associated anatomical structures that cardiologists use to 
make EchoPrime an inherently clinically interpretable model. Trained 
on the largest corpus of echocardiographic data, our model can detect 
rare diseases and cardiovascular diseases not typically assessed by 
cardiac ultrasound31,32.

A few limitations are worth considering. As EchoPrime relies on a video 
encoder, still images such as spectral Doppler and M-mode were excluded 
from the training set. Even though much of their information is already 
present in B-mode and colour Doppler videos, future iterations might 
benefit from including these image types. Parallel work in direct anno-
tation of echocardiography images can help to inform assessment of 
echocardiographic measurements31 (Supplementary Table 10). Although 
EchoPrime was evaluated at four geographically distinct academic medi-
cal centres, all data were collected retrospectively. Future experiments 
should include prospective evaluations in real-world settings to under-
stand human–computer interaction as well as accuracy and acceptability 
of EchoPrime assessment. Working within a complex ecosystem such as 
health care requires understanding the human–computer interaction 
through clinical trials and identifying optimal integration into clinical 
workflows. Point-of-care ultrasound is one high-value use case such that 
AI can provide rapid expert evaluation of frontline diagnostic informa-
tion. Combined with AI-based probe guidance33,34, EchoPrime has the 
potential to automate the echocardiographic workflow.

The Achilles heel of medical imaging lies in human heterogeneity, 
and opportunities in the future lie in the potential integration of AI 
into the health-care system. Our results represent an important step 
towards the automated evaluation of cardiac ultrasound. EchoPrime 
augments existing methods for interpreting echocardiography and has 
the potential to streamline manual tasks and improve the reproduc-
ibility of cardiac imaging. Trained on the most echocardiography data 
to date and using anatomical attention as well as retrieval augmented 
interpretation, EchoPrime performs comprehensive evaluation of 
echocardiography videos.

Table 3 | Cross-modal retrieval metrics on a test set of video–text report pairs

Model Videos to text Text to videos

Mean 
rank

Median 
rank

Recall@1 (%) Recall@5 (%) Recall@10 (%) Mean 
rank

Median 
rank

Recall@1 (%) Recall@5 (%) Recall@10 (%)

EchoPrime 2.86 1 70 94 98 3.05 1 69 94 97

VideoMAE 4.24 1 67 91 95 4.44 1 66 91 95

Resnet2+1D 5.41 1 63 91 95 5.50 1 62 90 95

EchoCLIP 58.71 9 20 42 53 37.07 5 25 50 62

Lower rank is better, and higher recall is better. Best performance was for EchoPrime. EchoPrime was compared with different video encoders (VideoMAE and ResNet2+1D) trained on the same 
dataset.
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Methods

Dataset and cohort curation
The CSMC echocardiography laboratory performs clinical echocardi-
ography for a wide range of indications ranging from asymptomatic 
pre-operative screening to evaluation for open heart surgery or heart 
transplant. A standard full resting echocardiogram study consists of a 
series of 50–150 videos and images visualizing the heart from different 
angles and locations, using multiple acquisition techniques includ-
ing standard 2D videos, tissue Doppler images and colour Doppler 
videos. Each echocardiogram study corresponds to a unique patient 
during a specific examination, with different videos representing dif-
ferent facets of cardiac function. We utilized all adult transthoracic 
echocardiogram studies for EchoPrime training, excluding studies 
for paediatric echocardiography and adult congenital heart disease 
echocardiograms.

For EchoPrime training, we curated a dataset of 12,124,168 2D and 
colour Doppler echocardiography videos from 275,442 studies and cor-
responding medical reports from 108,913 patients collected between 
2011 and 2022. DICOM images were queried from the clinical data stor-
age system, converted to AVI video files, and de-identified before model 
training and inference. Data were split by patient into training, valida-
tion and internal test datasets. The training data contained 11,984,170 
videos derived from 272,256 studies across 107,663 patients from the 
CSMC, and the CSMC data were the only data used to train the model. 
The validation data contained 25,167 videos from 565 studies across 
250 patients and were used to select the best-model checkpoint. The 
internal test set contained 114,831 videos derived from 2,621 studies 
across 1,000 patients, it was completely withheld during training and 
used solely for a single, final evaluation of our model. The full train-
ing dataset consists of transthoracic echocardiogram (TTEs) studies, 
transoesophageal echocardiogram and stress echocardiography stud-
ies; however, downstream experiments and validation tests focused 
specifically on TTEs, which accounted for 234,036 out of a total of 
275,442 studies.

For linear probing and transfer learning experiments, we compiled 
two focused datasets for diseases not typically diagnosed by echo-
cardiography (multimodal cardiovascular diagnoses): one for STEMI 
and another for amyloidosis. Studies from the CSMC were collected 
and reviewed, with clinical expert labelling of 641 STEMI cases and 159 
cardiac amyloidosis cases. For the STEMI dataset, all reviewed studies 
included ECG modality, and positive cases were determined through 
conventional clinical definition (ST changes on ECG). For cardiac amy-
loidosis, all patients had confirmatory technetium pyrophosphate, 
cardiac MRI, biopsy or laboratory testing. To ensure representation 
in the test set, approximately one-third of the cases were reserved 
for testing (200 STEMI and 50 amyloidosis), whereas the remaining 
cases were used for training. To assess inter-physician variability in 
echocardiography interpretations, we evaluated clinician interpreta-
tions and EchoPrime interpretations on a cohort of patients under-
going consecutive echocardiogram studies for which a cardiologist 
thought there was no significant difference between the two studies. 
This dataset comprised 4,607 paired studies for which we evaluated 
the degree of variation between the first and second studies of the 
same patient.

External validation datasets
For external validation, we obtained echocardiographic data from four 
geographically distinct international sites to evaluate the performance 
of EchoPrime. From SHC, we collected 91,746 videos from 1,792 TTE 
studies across 1,792 patients. From the MIMIC dataset, we used 75,768 
videos from 2,431 TTE studies with corresponding echocardiogra-
phy reports across 1,767 patients. From the CGMH Hospital in Taiwan, 
we acquired 24,724 videos with reports from 1,188 TTE studies, each 
from a unique patient. The CGMH dataset had 21 videos per study on 

average, notably, smaller from the three US sites (31–51). From the KP 
medical centre, we collected 201,752 videos from 4,891 studies obtain 
in September 2023. All video data from external datasets underwent 
the same preprocessing workflow, including RGB conversion, crop-
ping to the ultrasound region and resizing to 224 × 224. Study labels 
were extracted in quantitative form from reports using regex with 
institution-specific custom phrases. All data from external validation 
sites were used exclusively for validation and were not accessible to 
the model during training.

Contrastive vision–language training
To develop video and text encoders that map videos and text into a 
joint representation space (Fig. 1b), we adopted the contrastive strat-
egy used in CLIP8, but modified the encoder architectures to allow for 
video and long context text input. For the video encoder, we selected 
a multi-scale vision transformer (mVIT)35 architecture with weights 
pretrained on the kinetics dataset36. The last layer of the video encoder 
was modified such that the output was 512-dimensional. For the text 
encoder, we selected Wordpiece Encoding tokenization and BERT37 
architecture with weights pretrained on PubMed abstracts (BioMed-
BERT38). A fully connected layer was appended on top of the BERT 
classification (CLS) token vector representation to obtain a similarly 
sized 512-dimensional embedding. mVIT was chosen as the video 
encoder because mVIT effectively captures temporal dynamics, as 
evidenced by performance changes when video frames are shuffled, 
a phenomenon not observed in other vision transformers39. PubMed-
BERT was selected as the text encoder due to its pretraining on 21 Gb of 
medical text, giving our model a head start in understanding medical 
literature. PubMedBERT has a maximum context length of 512 tokens 
(which is of sufficient length to capture 99.56% of the reports in our 
training dataset).

During training, batches of 32 video–report pairs were constructed, 
with each pair consisting of a video and report from the same study, 
and all pairs within a batch coming from different studies. The input 
video size was 224 × 224 × 16 × 3 with a stride of 2 to increase the tem-
poral context despite only 16 frames. The video data pixel intensity 
was normalized using the mean and standard deviation of the training 
dataset. For reports longer than 512 tokens, a random 512 tokens were 
selected starting with either a start token or the first token appear-
ing after a [SEP] token. Videos were fed through the video encoder 
and reports were fed through the text encoder to obtain embeddings.  
A dot product was taken between video and report embeddings to 
obtain a similarity matrix. This similarity matrix was scaled by a train-
able temperature parameter (starting at 1.0).

The cross-entropy loss was calculated between this scaled similarity 
matrix and an identity matrix, which represents the correct matching 
of video–reports pairs. The AdamW optimizer is used, with a start-
ing learning rate of 4 × 10−5, weight decay of 1 × 10−6 and the Reduce
OnPlateau learning rate scheduler. We froze the weights of the first six 
layers of the text encoder to retain the general knowledge captured 
by the pretrained BioMedBERT, while updating all other encoder 
parameters. The best checkpoint was selected based on the valida-
tion loss. With this setup, the model was first pretrained on the full 
dataset for 60 epochs. It was then fine-tuned on a refined dataset, 
which included cleaned interpretation text reports that corrected 
common typographical errors and excluded stress echocardiogram 
and transoesophageal echocardiogram studies for 20 epochs. Multiple 
batch sizes were compared during training with similar performance 
(Supplementary Table 7).

Learning anatomical view weighting
Different echocardiography views offer different insights into cardiac 
form and function, with some cardiac structures being only visible 
in certain views but all views providing complementary diagnostic 
information. We utilized an attention-based deep multiple instance 
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learning (MIL)40 method to learn relative weights that captures the 
importance of each echocardiogram view and video for interpretations 
of different anatomical structures.

We first trained a view classifier to provide a fine-grained characteri-
zation of echocardiogram views as defined by the American Society of 
Echocardiography guidelines41. We selected 77,426 echocardiogram 
videos, a subset of videos from the training set, for cardiac sonog-
raphers to label into 58 different view categories and trained an 
image-based ConvNextBase42 view classification model on 224 × 224 
images. The AdamW optimizer was used to minimize the cross-entropy 
loss, and the best checkpoint was selected based on validation loss. 
During training random image frames were taken from each labelled 
video and augmentation techniques including RandAugment43 and 
RandomErasing44 were applied. Held-out datasets of studies from dif-
ferent patients were used for validation and testing.

For MIL, we used the contrastive video encoder and view classi-
fier to produce a concatenated embedding for each input video of a 
given echocardiogram study (Extended Data Fig. 4). The concatenated 
embedding is a one-hot-encoded view classification vector as well 
as the contrastive video embedding, and MIL is trained to produce 
importance weights for each video in relation to interpretations sep-
arated by anatomical structure. These MIL-generated weights were 
then used to compute a weighted average of the video embeddings 
produced by the video encoder. The resulting weighted average and 
individual video-level prediction were passed through a multilayer 
perception (MLP) to produce an ensembled final prediction. During 
training, the prediction was compared with the ground truth to com-
pute loss, which was then backpropagated to update the MLP and MIL 
weights. The output vector of alphas for MIL represents the importance 
of each view for assessing each anatomical structure. The anatomical 
structure was defined by structured section in the echocardiogram 
report (‘left ventricle’, ‘right ventricle’, and so on) and each interpre-
tation task was ensembled to create total weighting vectors for each 
anatomical section, forming the anatomical attention module.

Cross-modal retrieval
We assessed the retrieval accuracy of EchoPrime at the study level. For 
each echocardiogram study, we generated embeddings for all available 
videos using the video encoder and averaged to create a study embed-
ding. Similarly, using the text encoder, the report text was mapped 
to a report text embedding. Using these EchoPrime embeddings, we 
performed a cross-modal search to find text reports or studies that 
are semantically similar to a given query study or a query text report 
by their cosine similarity. To evaluate accuracy, we reported the mean 
and median rank of the correct candidate for both videos-to-report and 
report-to-videos retrieval. In addition, we followed the approach used in 
ALIGN9 and measured Recall@K, which indicates the percentage of the 
test set for which the correct result is found within the top K-retrieved 
samples. For comparison, we also calculated retrieval metrics for the 
previously developed EchoCLIP model.

Retrieval augmented interpretation
Similar to retrieval augmented generation21, we leveraged the corpus 
of historical echocardiogram reports and videos for EchoPrime study 
interpretation. Using pre-trained parametric memory (EchoPrime 
weights) and non-parametric memory (a corpus of clinical reports), 
our approach leveraged anatomical attention to weight the 
cross-modal retrieval based on each section in an echocardiogram 
report. Interpretations were weighted by anatomy and video to obtain 
comprehensive echocardiography examination interpretations. The 
anatomical attention module identifies the most informative views 
for the specified section and computes a weighted average of video 
embeddings based on their views, resulting in a section-specific study 
embedding. We used this method to generate 50 candidate interpre-
tation reports and average features across these 50 reports to obtain 

final predictions. Quantitative assessments are the average of the 50 
reports, whereas the final EchoPrime report displayed the finding if 
an individual finding was present in more than half of the retrieved 
reports for categorial findings. Hyperparameter k = 50 was chosen 
because it achieves the optimal trade-off between performance and 
runtime (Supplementary Fig. 2). This approach does not require addi-
tional fine-tuning and can generalize to predict any feature present 
in the reports.

Multimodal disease diagnosis
We applied k-nearest neighbour and linear probing on top of EchoPrime 
for multimodal cardiovascular diagnoses prediction. We focused on 
STEMI and cardiac amyloidosis, for which echocardiography is not the 
definitive diagnostic test but can provide corroborating evidence. In 
this setting, patients with clinically diagnosed STEMI or cardiac amy-
loidosis were identified and the EchoPrime embeddings were used to 
evaluate whether linear probing can identify patients with this diag-
nosis despite not being in the echo report text. Study embeddings are 
obtained by averaging the embeddings of all videos within each study 
and used along with clinician-assigned diagnoses to fit the models. For 
k-nearest neighbour probing, we used KNeighborsClassifier, and for 
linear probing, we applied LogisticRegression, both from scikit-learn 
library.

Impact of different initialization
We tested whether initializing the model with EchoPrime weights leads 
to higher label efficiency and accuracy than initializing with kinetics 
weights and random initialization. We selected four binary classifica-
tion tasks: pacemaker detection, mitral regurgitation classification, 
amyloidosis detection and STEMI detection. Pacemaker detection was 
trained on A4C right ventricle views, mitral regurgitation on Doppler 
A4C mitral valve views, amyloid detection on PLAX views and STEMI 
detection was trained on A4C views. All tasks were trained on datasets 
of 32, 64, 128 and 256 samples, with an equal distribution of positive 
and negative samples.

Evaluation and benchmarking
To evaluate the accuracy of echocardiography interpretation, we chose 
19 cardiac features of different anatomical structures, including 17 
binary and 2 continuous features (Supplementary Table 11). We identi-
fied corresponding report phrases in report text to obtain ground-truth 
labels based on the presence or absence of a specific interpretation or 
numerical measurements. For tasks assessing severity (trivial, mild, 
moderate and severe), we binarized assessments by considering a 
feature as present if the severity was classified as moderate or severe. 
Accuracy for classification tasks was measured with the area under the 
receiver operating characteristic curve and coefficient of determina-
tion (R2 score) for regression tasks. To calculate the confidence intervals 
for performance metrics, we used a bootstrapping technique. Specifi-
cally, we randomly sampled the dataset with replacement, maintaining 
the same sample size as the original dataset, and computed the perfor-
mance metrics. This process was repeated 10,000 times to generate 
a distribution of the metrics. Finally, we sorted these bootstrapped 
metrics and determined the 2.5th and 97.5th percentiles to obtain the 
95% confidence intervals. To assess the accuracy of our multi-label 
view classifier, we used the average area under the receiver operating 
characteristic curve using a one-vs-rest approach, treating the correct 
class as the positive label and all other classes as the negative label and 
averaged the results across all classes.

To compare the performance with other foundation models, we 
also obtained interpretations using EchoCLIP and BioMedCLIP using 
retrieval. We selected one A4C video per study, embedded each frame of 
the video and averaged the embedding to produce a study embedding. 
Then, similarly to EchoPrime retrieval, we found the closest reports 
to this study embedding and averaged their features to make final 



predictions. We used this method of retrieval because although both 
EchoCLIP and BioMedCLIP are image-based models, A4C is considered 
the most informative view by physicians (Fig. 3d), and this approach 
follows the methodology outlined in the EchoCLIP paper3.

Computing hardware and software
We used Python (v3.8.13), PyTorch (v2.1.2, CUDA 12.1; https://pytorch.
org) and TorchVision (v0.17.0) for all experiments and analyses in the 
study. We used scikit-learn (v1.2.0) (https://scikit-learn.org/) for prob-
ing methods, umap-learn (v0.5; https://umap-learn.readthedocs.io) 
for dimensionality reduction and scipy (v1.12.0; https://scipy.org/) for 
statistics and linear algebra operations. To train EchoPrime, we used 
two 50-Gb NVIDIA RTX A6000 GPUs configured for multi-GPU train-
ing using PyTorch’s DistributedDataParallel. We obtained weights of 
previously developed foundation models from the Hugging Face model 
hub (https://huggingface.co/docs/hub/en/models-the-hub): EchoCLIP 
(https://huggingface.co/mkaichristensen/echo-clip-r) and BioMedCLIP 
(https://huggingface.co/microsoft/BiomedCLIP-PubMedBERT_256-vit_
base_patch16_224).

Ethics statement
This study used retrospective echocardiographic data obtained under 
data-use agreements with CSMC, SHC, KP and CGMH. Data were 
de-identified before analysis. Use of the MIMIC-IV-Echo dataset was 
conducted under its data-use agreement and approved access through 
PhysioNet. No prospective data collection or human participant inter-
vention was performed.

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
Echocardiographic data from the MIMIC, used as an external validation 
site, are available as the MIMIC-IV-Echo dataset (https://physionet.org/
content/mimic-iv-echo/0.1/), where credentialed researchers can apply 
for access. Data from other participating sites (CSMC, SCH, CGMH and 
KP) are not publicly available and can be accessed through data-use 
agreements with the respective institutions.

Code availability
The code used for model inference and the trained model weights are 
publicly available on GitHub (https://github.com/echonet/EchoPrime).
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Extended Data Fig. 1 | The accuracy of predicting aortic regurgitation severity and left ventricular ejection fraction improves progressively from predictions on a 
single image to a full video, a single video to multiple videos in a full study and finally applying anatomical attention (EchoPrime weighting).



Extended Data Fig. 2 | A, UMAP representation of features from the second to last layer of the video classifier. Doppler views are denoted by prefix “D”. B, Case 
study on pericardial effusion prediction demonstrates the advantages of utilizing all videos from the study and applying anatomical weighting.



Article

Extended Data Fig. 3 | Comparison of model performance when initialized with EchoPrime weights versus Kinetics weights versus random weights, showing the 
impact of domain-specific initialization on training efficiency and convergence.



Extended Data Fig. 4 | Weighting the views based on relevance. After 
training the architecture shown in the figure, with view classifier and video 
encoder frozen, MIL learns which views are most informative views for the 
specific feature prediction. The MIL component can be isolated and used as a 
weighting vector in other applications.
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Extended Data Table 1 | EchoPrime versus task-specific models



Extended Data Table 2 | EchoPrime’s performance on regression tasks across three medical centres
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Extended Data Table 3 | Aggregated comparison of EchoPrime and PanEcho on all external validation sites. Asterisks (*) 
denote statistically significant differences (p < 0.05/59 adjusted for multiplicity). The DeLong test was used for comparing 
AUCs, and bootstrapping was used for MAE and R2 metrics



Extended Data Table 4 | EchoPrime performance in low-quality resource-constrained setting
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Extended Data Table 5 | EchoPrime versus physician variability compared to physician versus physician



Extended Data Table 6 | EchoPrime performance with and without anatomical weighting variability

Reported values are balanced accuracies.
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