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ABSTRACT

Background: Deep learning (DL) is increasingly used for the automated analysis of echocardiographic
videos. These end-to-end pipelines often incorporate models targeting common preprocessing tasks to
ensure the selection of videos and frames suitable for their primary analytic objective. However,
publicly available models supporting these core steps remain limited.

Objectives: We aimed to develop three DL models for distinct preprocessing tasks: Model-V for
view classification, Model-O for orientation classification, and Model-CC for identifying end-diastolic
(ED) and end-systolic (ES) frames.

Methods: Model-V was trained and internally validated on 13,864 videos and externally evaluated
on 5,650 videos. Model-O and Model-CC were trained and internally validated on 5,513 and 3,108
apical 4-chamber view (A4C) videos, respectively, and both were externally tested on the same set of
1,200 A4C videos.

Results: Model-V discriminated A4C from non-A4C with balanced accuracies of 0.991
(0.987–0.994) and 0.895 (0.884–0.907), and Model-O distinguished Stanford from Mayo orientation
with balanced accuracies of 0.995 (0.990–1.000) and 0.960 (0.948–0.971) during internal and external
testing, respectively. Model-CC identified ED frames with mean absolute errors (MAEs) of 4.041
(3.878–4.210) and 3.117 (3.044–3.193) frames and ES frames with MAEs of 2.799 (2.708–2.894) and
4.827 (4.738–4.917) frames in the internal and external test sets, while failing to identify only
7.3 and 4.2% of ED frames and 1.2 and 3.6% of ES frames, respectively.

Conclusions: The proposed models demonstrated good performance across key preprocessing tasks;
thus, they constitute readily integrable components for end-to-end DL pipelines in automated
echocardiographic analysis.
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Introduction

Deep learning (DL) has been increasingly used for the
automated analysis and interpretation of echocardiograms,
offering the potential to streamline workflows, reduce
operator dependence, and improve the reproducibility of
measurements [1–3]. DL models designed for high-level
tasks, such as assessing systolic or diastolic function or
predicting disease progression and adverse outcomes, typi-
cally rely on a series of preprocessing steps that transform
raw echocardiographic images and videos into a standard-
ized format [4–8]. In addition to conventional preprocessing
operations, such as isolating relevant regions by cropping or
masking, standardizing spatial resolution through resizing or
downsampling, and normalizing pixel intensities, several
other tasks can be considered as part of preprocessing in a
broader sense [9, 10].

View classification represents one such task. Although
each echocardiographic view has its own value, the apical
4-chamber view (A4C) is particularly informative because it
simultaneously visualizes both atria and ventricles, making it
indispensable for assessing chamber size and function [11].
Consequently, the A4C view is frequently used as the sole or
primary input for DL models targeting the automated
assessment of atrial and ventricular structure and function,
and accurate selection of A4C is therefore a prerequisite for
these applications [4, 5, 12–15]. Importantly, centers differ
in their preferred left-right orientation when acquiring A4C
recordings: most use the Stanford orientation, in which the
left ventricle (LV) appears on the right side of the image and
the right ventricle (RV) on the left, whereas some centers
prefer the Mayo orientation, where the LV is displayed on
the left side and the RV on the right. Given that orientation
differences may adversely affect models that are not orien-
tation-agnostic (i.e., not trained to handle both orientations),
reliable orientation classification is crucial for enabling
horizontal flipping before A4C videos are supplied to those
models.

Another important preprocessing step is temporal
standardization, which may involve identifying key
frames within the cardiac cycle, specifically end-diastole
(ED) and end-systole (ES) [4, 12, 16]. By cutting echo-
cardiographic videos at these specific time points, they can
be split into individual cardiac cycles, allowing for tem-
poral alignment and providing a standardized input for
the subsequent primary analysis step. This standardiza-
tion is not only relevant for DL models but also benefits
other quantitative image analysis techniques, such as the
radiomic analysis of echocardiographic videos, which
frequently rely on ED and ES frames to extract mean-
ingful and reproducible features [17, 18].

Despite the indisputable importance of the aforemen-
tioned preprocessing tasks, publicly available and thoroughly
validated models for performing them remain scarce.
Motivated by this, we developed, extensively validated, and
released three dedicated DL models for view classification,
orientation classification, and ED/ES frame identification
(Fig. 1), providing the research community with reliable,
ready-to-use components for constructing robust end-to-
end DL pipelines for echocardiographic video analysis.

Methods

Preprocessing of echocardiographic videos

Echocardiographic videos were exported in a Digital Imag-
ing and Communications in Medicine (DICOM) file format.
All frames were extracted from these files, converted to
single-channel grayscale images, and cropped using the
bounding box of the sector-shaped region of interest. Next, a
binary mask was generated by tracking frame-to-frame
changes in the intensity value of each pixel. Pixels that
changed their intensity value by less than five or in fewer
than 10% of the total frames were set to black, while all other
pixels were set to white. To avoid multiple disjoint white
patches in the binary mask, only the contour with the largest
area was retained, and a convex hull was fitted around it.
Then, the bounding box enclosing all white pixels in the
binary mask was used to crop the mask and each frame of
the corresponding video.

View and orientation classifiers – Model-V and
Model-O

To determine the view and orientation of echocardiographic
videos, two classifiers of the same architecture were trained:
Model-V for view classification and Model-O for orientation
classification. Both models operated at the frame level,
and frames and binary masks used as input were resized to
256 3 256 pixels. To derive video-level classifications,
frame-wise predictions were averaged in each video. The
architecture used for both models was ResNext50 [19].
The models were trained with a batch size of 32. To improve
model generalization, several data augmentation techniques
were applied: (1) random rotation with up to 108 in either
direction, (2) random cropping while ensuring that at least
80% of the original frame was retained, and (3) horizontal
flipping with a probability of 0.5. Both models were trained
for 80 epochs, with early stopping implemented based on
validation performance, using a patience of 10 epochs to
prevent overfitting. Additional model-specific details are
presented in the following subsections.

View classifier – Model-V. Model-V aimed to predict the
view of echocardiographic videos. It was designed to classify
each frame of the given video into the following three cat-
egories: (1) standard A4C, (2) RV-focused A4C, or (3) other
view.
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The model was trained, validated, and tested on an in-
ternal dataset of 13,864 videos (2,659 [19%] standard A4C,
1,152 [8%] RV-focused A4C, and 10,053 [73%] other views)
from 1,031 transthoracic echocardiographic examinations
performed between November 2013 and March 2021 at the
Heart and Vascular Center of Semmelweis University
(Budapest, Hungary) (Supplementary Tables 1 and 2). For
training, validation, and testing, this dataset was split at the
video level into three sets in an approximately 65:15:20 ratio.
The model was also tested externally on 5,650 videos (891
[16%] standard A4C, 309 [5%] RV-focused A4C, and 4,450
[79%] other views) from 150 healthy adults enrolled in the
World Alliance of Societies of Echocardiography (WASE)
Normal Values Study [20] and 300 participants of the
Budakalász Epidemiology Study (Supplementary Tables 3
and 4) [21]. All videos of the internal and external data-
sets were reviewed and labeled by an experienced echocar-
diographer.

The output of Model-V is a probability distribution
across three classes. A frame is classified as a non-A4C view
if the probability assigned to the non-A4C (i.e., ‘other’) class
exceeds a predefined threshold. Experiments were per-
formed using both the default threshold of 0.5 and an
optimized threshold determined on the internal validation
set using Youden’s J statistic. If the probability does not
exceed the selected threshold, the frame is classified as either
a standard or an RV-focused A4C view, depending on which
of these two classes has the higher predicted probability.

Model performance was evaluated using the area under
the receiver operating characteristic curve, accuracy,
balanced accuracy, precision, recall, and F1 score. Metrics
were computed with both the default and optimized
thresholds for the 3-class multiclass classification and for
discriminating the combined A4C classes from the other
view class (i.e., binary classification).

Orientation classifier – Model-O. Model-O was trained to
classify whether the A4C videos were acquired in the Stan-
ford orientation (LV on the right and RV on the left side) or
the Mayo orientation (LV on the left and RV on the right
side).

A dual-center dataset comprising 5,513 A4C videos
(3,527 [64%] with a Mayo and 1,986 [36%] with a Stanford
orientation) from 1,418 transthoracic echocardiographic
studies was used to train, validate, and test the model
internally (Supplementary Tables 1 and 2). These studies
were acquired between November 2013 and March 2021 at
the Heart and Vascular Center of Semmelweis University
(Budapest, Hungary) or between January 2014 and
December 2022 at the University Hospital of the University
of Occupational and Environmental Health (Kitakyushu,
Japan). The dual-center dataset was split at the video level
into training, validation, and testing sets in an 80:10:10 ratio.
The model was also tested externally on 1,200 A4C videos
(563 [47%] with a Mayo and 637 [53%] with a Stanford
orientation) from the same 450 individuals used for the
external validation of Model-V (Supplementary Tables 3 and
4). All videos of the dual-center (i.e., internal) and external

datasets were reviewed and labeled by an experienced
echocardiographer.

Model performance was evaluated using the area under
the receiver operating characteristic curve, accuracy,
balanced accuracy, precision, recall, and F1 score. Perfor-
mance metrics were calculated using both the default
threshold of 0.5 and an optimized threshold determined on
the internal validation set using Youden’s J statistic.

Identifying end-diastolic and end-systolic frames –
Model-CC

To identify ED and ES frames, a DL model –Model-CC – was
trained using Ultrasound Video Transformers (UVT),
a previously published transformer-based architecture [16].
UVT comprises the following components: a ResNet
Autoencoder (ResNetAE) [22] for extracting essential spatial
features, a Bidirectional Encoder Representations from
Transformers (BERT) [23] model adapted for token classifi-
cation to capture the temporal dependencies between frames,
and a regressor composed of fully connected layers to provide
frame-wise predictions, which are then passed through a tanh
activation function to map them to the range [�1, 1]. This
design enables UVT to process videos of any length. Each
frame of the echocardiographic videos was resized to a res-
olution of 128 3 128 pixels before being processed by the
model. Of note, the binary masks were not used as input.
Model-CC was trained with a batch size of 16 for 100 epochs,
using early stopping based on validation performance with a
patience of 5 epochs to prevent overfitting.

Model-CC was trained, validated, and tested on an
internal dataset containing 3,108 A4C videos from
982 transthoracic echocardiographic examinations per-
formed between November 2013 and March 2021 at the
Heart and Vascular Center of Semmelweis University
(Budapest, Hungary) (Supplementary Tables 1 and 2). For
training, validation, and testing, this dataset was split at the
video level into three sets in a 70:10:20 ratio. The model was
externally tested on the same 1,200 A4C videos from 450
individuals used for the external validation of Model-O
(Supplementary Tables 3 and 4). Additionally, Model-CC
was tested on 20 A4C videos from 20 patients in atrial
fibrillation at the time of image acquisition (Supplementary
Tables 5 and 6), who underwent transthoracic echocardio-
graphic examination at the Heart and Vascular Center of
Semmelweis University (Budapest, Hungary).

All videos were reviewed and annotated by an experi-
enced echocardiographer. Within a given cardiac cycle, the
frames with the largest and smallest LV areas were anno-
tated as ED and ES, respectively. In each video, up to three
cardiac cycles were annotated in the internal dataset and up
to five in the external and atrial fibrillation datasets.
As a result, the internal dataset contained 8,454 and 8,454
annotated ED and ES frames, the external dataset contained
4,324 and 4,213 annotated ED and ES frames, and the atrial
fibrillation dataset contained 72 and 72 annotated ED and
ES frames, respectively. For comparison with inter-reader
variability, the external dataset was also annotated by a
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second reader who was blinded to the first reader’s anno-
tations. To avoid supplying unannotated ED or ES frames to
the model during training, only frames from each annotated
ED frame to the subsequent annotated ES frame were used.
A reversed copy of each frame sequence was then inserted
immediately after the original sequence. If the total number
of frames exceeded 128 after this procedure, the video was
randomly cropped to 128 frames.

Model-CC’s predictions were analyzed using signal
processing techniques to identify the peak values corre-
sponding to ED and ES frames. ED frames were identified as
local maxima in the model’s prediction signal. To qualify as
an ED frame, the local maximum must have met the
following criteria: (1) its value was at least 10% of the largest
value in the prediction signal, (2) its prominence was at least
15% of the absolute difference between the highest and
lowest values of the prediction signal., and (3) the heart rate
estimated from the mean time difference between consecu-
tive ED frames did not exceed 200 beats per minute. ES
frames were identified using a similar approach, but applied
to the negative of the model’s prediction signal.

The performance of Model-CC was evaluated based on (1)
the temporal and frame index differences (i.e., mean absolute
error [MAE] and root mean squared error) between the
predicted and reference ED/ES frames, (2) the percentage of
ED/ES frames not identified by the model (i.e., when no ED/
ES was predicted within 400ms – the duration of a cardiac
cycle at a heart rate of 150 beats per minute – from the
corresponding reference frame), and (3) the correlation and
agreement between heart rates estimated from the predicted
ED/ES frames and the actual heart rates, quantified using
intraclass correlation coefficients, coefficients of determina-
tion, and Bland-Altman-derived bias and limits-of-agreement
width. To evaluate the effects of frame rate and actual heart
rate on performance, their associations with errors were
assessed using Spearman’s correlation in the external dataset.
Furthermore, Model-CC’s performance was also compared
with that of a previously published, publicly available DL
model for multibeat cardiac cycle phase detection [24]. Lastly,
to evaluate the impact of Model-CC’s error on a downstream
clinical task, changes in ED and ES LV areas and LV ejection
fraction (LVEF) derived from predicted rather than human-
selected reference frames were quantified. In these experi-
ments, the LV in the selected frames was segmented using a
previously published DL model [25].

Software packages

Data preprocessing and DL algorithms were implemented in
Python (version 3.9.16, Python Software Foundation, Wil-
mington, Delaware, USA) using the PyTorch (version 2.0.1)
Lightning (version 2.1.3) libraries. Models were trained and
evaluated on a computer equipped with a single NVIDIA
GeForce RTX 3090 graphics processing unit.

Code and model availability

To ensure transparency, reproducibility, and the free use of
the models for research purposes, the source code is publicly

available at https://github.com/szadam96/dl-models-for-
echo-video-preprocessing. In addition to the scripts
required for preprocessing, model training, and evaluation,
all model weights are also provided in the repository.

Ethical approval

The study protocol conforms with the principles outlined in
the Declaration of Helsinki, and it was approved by the
Regional and Institutional Committee of Science and
Research Ethics of Semmelweis University (approval num-
ber: 190/2020) and the ethics committees of all other
participating centers.

Results

Performance of the view classifier – Model-V

Using the default threshold, Model-V achieved balanced
accuracies of 0.929 (95% CI: 0.913–0.945) and 0.802 (95%
CI: 0.783–0.822) in the 3-class classification task during
internal and external testing (Table 1), whereas in binary
classification, it discriminated A4C from non-A4C with
balanced accuracies of 0.989 (95% CI: 0.985–0.993) and
0.864 (95% CI: 0.852–0.877) in the internal and external test
sets, respectively (Table 2). After threshold optimization,
Model-V achieved balanced accuracies of 0.931 (95% CI:
0.915–0.947) and 0.835 (95% CI: 0.816–0.853) for 3-class
classification (Table 1), and balanced accuracies of 0.991
(95% CI: 0.987–0.994) and 0.895 (95% CI: 0.884–0.907) for
binary classification on the internal and external test sets,
respectively (Table 2). Other performance metrics are re-
ported in Tables 1 and 2, and confusion matrices are shown
in Fig. 2.

Analysis of performance across subgroups defined by age
(<40 years, 40–64.9 years, and ≥65 years), sex (male and
female), race (White, Asian, and Black; external test set
only), body mass index (BMI; <25 kg/m2, 25–29.9 kg/m2,
and ≥30 kg/m2), and LVEF (<50% and ≥50%; internal test
set only) showed that Model-V performed best in in-
dividuals younger than 40 years and in Asian and Black
individuals, with performance slightly decreasing as BMI
increased, while remaining relatively consistent across sex
and LVEF categories (Supplementary Tables 7, 8, 9, and 10).

Performance of the orientation classifier – Model-O

Using the default threshold, Model-O classified video orien-
tation with balanced accuracies of 0.995 (95% CI: 0.990–1.000)
and 0.957 (95% CI: 0.947–0.968) in the internal and external
test sets, respectively. After threshold optimization, it achieved
balanced accuracies of 0.995 (95% CI: 0.990–1.000) and 0.960
(95% CI: 0.948–0.971) on these two test sets (Table 3).
Additional performance metrics are reported in Table 3, and
confusion matrices are shown in Fig. 3.

Subgroup analyses showed consistent performance
across age, sex, BMI, and LVEF categories (Supplementary
Tables 11 and 12).
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Performance of the cardiac cycle phase detection
model – Model-CC

Model-CC identified ED frames with MAEs of 4.041 (95%
CI: 3.878–4.210) and 3.117 (95% CI: 3.044–3.193) frames
and ES frames with MAEs of 2.799 (95% CI: 2.708–2.894)
frames and 4.827 (95% CI: 4.738–4.917) frames in the in-
ternal and external test sets, respectively (Table 4). Although
these values fall within an acceptable range, they were higher
than the mean absolute inter-reader differences, which were
0.740 (95% CI: 0.663–0.822) frames for ED frames and 1.663
(95% CI: 1.569–1.763) frames for ES frames in the external
test set. Importantly, the model was unable to identify only
7.3 and 4.2% of the ED frames and 1.2 and 3.6% of the ES
frames in the internal and external test sets, respectively
(Table 4). In the atrial fibrillation dataset, Model-CC ach-
ieved similar performance in identifying ES frames (MAE:
4.143 [95% CI: 3.357–5.057] frames, unidentified: 2.8%) but
lower performance in identifying ED frames (MAE: 6.433
[95% CI: 5.200–7.733] frames, unidentified: 16.7%)
compared with the external test set (Supplementary
Table 13).

Model-CC’s absolute error (in frames) showed moderate
positive correlations with frame rate for both ED and ES
frames (ρ 5 0.533 and ρ 5 0.665, both P < 0.001). After
conversion to milliseconds by normalizing to frame
rate, these associations became very weak for ED frames
(ρ 5 �0.088, P < 0.001) and non-significant for ES frames
(ρ 5 0.009, P 5 0.577). The model’s absolute error (in
frames) showed weak negative correlations with heart rate
for both ED and ES frames (ρ 5 �0.146 and ρ 5 �0.221,
both P < 0.001). These correlations remained weak but
became positive for both ED and ES frames (ρ 5 0.205 and
ρ 5 0.192, both P < 0.001) after normalizing errors to the
length of the cardiac cycle.

In the internal test set, the model tended to perform
better for ED frames in individuals younger than 40 years,
females, and those with lower BMI and preserved LVEF, and
for ES frames in individuals younger than 40 years and those
with preserved LVEF (Supplementary Tables 14 and 15). In
the external test set, performance was highest among in-
dividuals aged 40–64.9 years and White individuals for both
ED and ES frames (Supplementary Tables 16 and 17).

The actual heart rate could be estimated with MAEs of
4.106 (95% CI: 3.586–4.698) and 1.911 (95% CI: 1.665–
2.187) beats per minute based on the predicted ED frames
and with MAEs of 2.460 (95% CI: 2.190–2.759) and 1.757
(95% CI: 1.517–2.030) beats per minute based on the pre-
dicted ES frames in the internal and external test sets,
respectively (Table 4). Moreover, strong agreement and
correlations were observed between the predicted and actual
heart rates in both test sets (Table 4, Fig. 4).

In comparison with the previously published model by
Lane et al. [24], Model-CC showed slightly higher errors
(MAE: 3.117 [95% CI: 3.044–3.193] vs. 2.249 [95% CI:
2.168–2.333] frames and 4.827 [95% CI: 4.738–4.917] vs.
3.684 [95% CI: 3.594–3.772] frames for ED and ES frames,
respectively) but no meaningful difference in the proportion
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of unidentified frames (4.2% vs. 3.6% and 3.6% vs. 3.7% for
ED and ES frames, respectively; Supplementary Table 18).
Interestingly, the lower error of the previously published
model did not translate into superior performance in heart
rate estimation compared with Model-CC (Supplementary
Table 18).

Segmenting predicted rather than human-selected
reference frames yielded mean differences of 4.294 (95% CI:
3.936–4.653)% and 4.727 (95% CI: 4.307–5.148)% for the
ED and ES LV areas in the internal test set, and 5.183 (95%
CI: 4.767–5.622)% and 8.145 (95% CI: 7.664–8.635)% for the
ED and ES LV areas in the external test set. Mean absolute
differences in LVEF were 3.877 (95% CI: 3.498–4.255) per-
centage points when calculated from LV areas segmented in
predicted ED but reference ES frames, 4.339 (95% CI: 3.966–
4.721) percentage points when calculated using reference ED
but predicted ES frames, and 5.271 (95% CI: 4.791–5.756)
percentage points when calculated using predicted ED and
ES frames in the internal test set. Corresponding values in
the external test set were 3.729 (95% CI: 3.369–4.117) per-
centage points, 5.611 (95% CI: 5.224–6.018) percentage

points, and 6.178 (95% CI: 5.691–6.708) percentage points,
respectively.

Discussion

In the present study, we introduced three DL models tar-
geting preprocessing tasks commonly incorporated into DL
pipelines for the automated analysis of echocardiograms:
Model-V for view classification, Model-O for orientation
classification, and Model-CC for identifying ED and ES
frames. Across both internal and external test sets, all three
models demonstrated good performance. Although the
models’ performance showed some degradation in certain
subgroups, particularly those with a higher likelihood of
poor acoustic windows and suboptimal image quality (e.g.,
obese patients), it remained acceptable across all subsets. We
made the code and model weights available in a public re-
pository (https://github.com/szadam96/dl-models-for-echo-
video-preprocessing), providing the research community
with reliable, ready-to-use components for constructing

Table 2. Performance of Model-V in the internal and external test sets (binary classification)

Accuracy Balanced accuracy Precision Recall F1 AUC

Internal test set

Default threshold
0.987

(0.983–0.991)
0.989

(0.985–0.993)
0.962

(0.950–0.974)
0.993

(0.987–1.000)
0.977

(0.970–0.984)
0.998

(0.997–0.999)

Optimized threshold
0.988

(0.983–0.992)
0.991

(0.987–0.994)
0.960

(0.948–0.972)
0.997

(0.995–1.000)
0.987

(0.971–0.986)
–

External test set

Default threshold
0.935

(0.929–0.941)
0.864

(0.852–0.877)
0.942

(0.928–0.957)
0.741

(0.717–0.765)
0.829

(0.812–0.846)
0.979

(0.975–0.983)

Optimized threshold
0.946

(0.941–0.952)
0.895

(0.884–0.907)
0.928

(0.913–0.944)
0.808

(0.785–0.830)
0.864

(0.849–0.879)
–

Performance metrics are reported with 95% confidence intervals calculated from 10,000 stratified bootstrap resamples.
AUC – area under the receiver operating characteristic curve.

PREPROCESSING MODELS FOR ECHOCARDIOGRAPHIC VIDEOS

MayoStanfordOtherA4C

View classifica�on Orienta�on classifica�on Iden�fying ED/ES frames

Model-V Model-O Model-CC

..
..

..
..

..
..... ...

ED

Fig. 1. DL models for automated view and orientation classification and cardiac cycle phase detection in echocardiography. In the present
study, we developed and validated three DL models targeting preprocessing tasks commonly incorporated into DL pipelines for the
automated analysis of echocardiograms: Model-V for view classification (A4C vs. other views), Model-O for orientation classification
(Stanford vs. Mayo orientation), and Model-CC for identifying ED and ES frames. A4C – apical 4-chamber view, DL – deep learning,
ED – end-diastolic, ES – end-systolic
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Fig. 2. Confusion matrices showing the classification performance of Model-V. Confusion matrices are presented for both the binary and
3-class view classification tasks in the internal test set (upper panel) and the external test set (lower panel). A4C – apical 4-chamber view,
RV – right ventricle
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end-to-end DL pipelines for echocardiographic video anal-
ysis.

An essential and advantageous attribute of the proposed
models is their ability to process echocardiographic videos of
arbitrary length, as well as their modular design, which al-
lows them to be used as standalone tools or to be integrated
into existing pipelines, either individually or sequentially as
part of a multi-step preprocessing chain.

Besides the modular design and public availability of the
models, another major strength of our study is the use of an

extensive external test set, comprising videos sampled from
the WASE Normal Values Study and the Budakalász
Epidemiology Study. The former was a prospective, multi-
center, cross-sectional study that enrolled 2,262 healthy
adults between 2016 and 2019 across 19 centers in 15
countries spanning six continents, with the overarching goal
of establishing reference ranges for echocardiographic pa-
rameters [20, 26]. In contrast, the latter study was a com-
munity-based, voluntary screening program conducted in
central Hungary between 2011 and 2014, with a total of

Table 3. Performance of Model-O in the internal and external test sets

Accuracy Balanced accuracy Precision Recall F1 AUC

Internal test set

Default threshold
0.996

(0.993–1.000)
0.995

(0.990–1.000)
1.000

(1.000–1.000)
0.990

(0.980–1.000)
0.995

(0.990–1.000)
1.000

(1.000–1.000)

Optimized threshold
0.996

(0.993–1.000)
0.995

(0.990–1.000)
1.000

(1.000–1.000)
0.990

(0.980–1.000)
0.995

(0.990–1.000)
–

External test set

Default threshold
0.956

(0.945–0.967)
0.957

(0.947–0.968)
0.926

(0.908–0.945)
0.984

(0.975–0.993)
0.954

(0.943–0.966)
0.987

(0.981–0.993)

Optimized threshold
0.958

(0.981–0.993)
0.960

(0.948–0.971)
0.934

(0.916–0.952)
0.980

(0.968–0.993)
0.957

(0.945–0.968)
–

Performance metrics are reported with 95% confidence intervals calculated from 10,000 stratified bootstrap resamples.
AUC – area under the receiver operating characteristic curve.
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Fig. 3. Confusion matrices showing the classification performance of Model-O. Confusion matrices are presented for orientation classifi-
cation in the internal test set (upper panel) and the external test set (lower panel)
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Table 4. Performance of Model-CC in the internal and external test sets

MAE
(frames)

RMSE
(frames)

MAE
(ms)

RMSE
(ms) Not found

MAE – HR
prediction (bpm)

RMSE – HR
prediction (bpm)

ICC – HR
prediction

R2 – HR
prediction

Internal test set
End-diastolic
frames

4.041
(3.878–4.210)

5.253
(4.975–5.544)

76
(73–78)

96
(91–101)

7.3%
(124/1,704)

4.106
(3.586–4.698)

9.778
(7.414–12.198)

0.830
(0.774–0.888)

0.552
(0.318–0.737)

End-systolic
frames

2.799
(2.708–2.894)

3.414
(3.266–3.577)

53
(51–55)

63
(61–66)

1.2%
(21/1,704)

2.460
(2.190–2.759)

5.452
(4.217–6.916)

0.938
(0.910–0.960)

0.865
(0.788–0.917)

External test set
End-diastolic
frames

3.117
(3.044–3.193)

3.992
(3.824–4.172)

65
(63–66)

78
(76–81)

4.2%
(183/4,324)

1.911
(1.665–2.187)

4.954
(3.940–5.964)

0.915
(0.879–0.945)

0.827
(0.753–0.888)

End-systolic
frames

4.827
(4.738–4.917)

5.663
(5.541–5.790)

97
(96–99)

107
(105–109)

3.6%
(153/4,213)

1.757
(1.517–2.030)

4.803
(3.411–6.167)

0.926
(0.887–0.960)

0.839
(0.739–0.918)

Performance metrics are reported with 95% confidence intervals calculated from 10,000 stratified bootstrap resamples.
bpm – beats per minute, ICC – intraclass correlation coefficient, HR – heart rate, MAE – mean absolute error, RMSE – root mean squared error, R2 – coefficient of
determination.
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Fig. 4. Performance of Model-CC in the internal and external test sets. (A) Performance of Model-CC evaluated based on the correlation
and agreement between heart rates estimated from the predicted ED/ES frames and the actual heart rates, visualized using scatter and Bland-
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2,420 adult participants [21]. Thus, the external test set
derived from the data collected in these studies provided an
exceptionally diverse testing environment, characterized by
wide variability in ultrasound vendors, acquisition protocols,
technical settings, patient demographics (i.e., age, sex, and
race/ethnicity), and cardiovascular risk factors.

For many years, view classification has been a crucial
preprocessing step in automated echocardiographic analysis
pipelines [25, 27]. Although reliance on this step may
decrease somewhat with the emergence of view-agnostic
models [28], accurate view identification will likely remain
essential in workflows where views are analyzed separately in
downstream steps. Likewise, orientation classification will
remain highly relevant, particularly when orientation-sen-
sitive models (e.g., those relying on the detection of specific
anatomical landmarks) are deployed at institutions where
the left–right orientation of A4C echocardiographic videos is
not standardized or differs from that of the training center.
Taken together, these considerations underscore that both
Model-V and Model-O address tasks that will remain
important for the foreseeable future and thus constitute
valuable additions to the armamentarium of publicly avail-
able tools for echocardiographic video analysis.

Given that echocardiographic videos may vary sub-
stantially in length (i.e., may contain different numbers of
cardiac cycles) and are often acquired without electrocar-
diographic gating (i.e., they may begin and end at arbitrary
time points in the cardiac cycle), accurate identification of
ED and ES frames is essential for temporal standardization
during preprocessing. Several different approaches have
been employed previously to accomplish this task,
including manifold learning [29], non-negative matrix
factorization [30], convolutional neural networks [31], and
hybrid architectures that combine convolutional and
recurrent neural networks [24]. In this context, the trans-
former-based UVT architecture used in Model-CC repre-
sents a notable advancement, offering improved
capabilities to model temporal dependencies in echocar-
diographic videos [16]. Nevertheless, Model-CC still
exhibited higher prediction errors than inter-reader vari-
ability or the DL model of Lane et al. [24], even though its
performance fell within a clinically acceptable range. This
was also confirmed by a downstream analysis, which
showed that using Model-CC-identified frames instead of
human-selected ones for LV segmentation resulted in only
a 3–7 percentage-point difference in LVEF. Notably, it was
also demonstrated that frame rate had a negligible impact,
while heart rate had a weak impact on Model-CC’s per-
formance, providing evidence of its relative resilience to
these factors.

Limitations

Despite the strengths discussed above, the present study has
some limitations that should be acknowledged. First, Model-
V and Model-CC were trained on data originating from a
single tertiary center, whereas Model-O was trained on a
dataset from two tertiary centers. As such, the training

datasets primarily reflect the patient populations and
acquisition practices of these institutions. Nevertheless, all
three models demonstrated acceptable performance during
external testing, supporting their generalizability and cross-
healthcare-system reliability. Second, the external test set
included only individuals with preserved LVEF, precluding
the comprehensive assessment of model performance in
patients with reduced LVEF. Although such patients were
included in internal testing, additional studies are needed to
confirm model robustness in this population. Third, Model-
V was designed to discriminate A4C from non-A4C views
only, rather than performing complete multi-view classifi-
cation. This design choice was intentional as A4C is one of
the most important echocardiographic views, serving as the
foundation for numerous DL applications and clinical tasks,
including the assessment of atrial and ventricular sizes and
function. Focusing the model exclusively on A4C identifi-
cation reduced model complexity, lowered the required
number of training examples per class, decreased compu-
tational cost, and potentially enabled more accurate
detection of this single high-value view. Fourth, although
Model-CC demonstrated acceptable overall performance, it
is far from being perfect. A substantial generalization gap
was observed between internal and external test sets, likely
reflecting differences in acquisition settings and patient
populations, although performance remained within an
acceptable range. In addition, prediction error was higher for
ED frame identification in atrial fibrillation, indicating
reduced accuracy in the presence of irregular rhythm.
Accordingly, caution is warranted when applying this model
in such patients. Fifth, when analyzing the impact of Model-
CC’s error on a downstream clinical task, imperfections in
the publicly available DL model used for segmentation [25]
may have contributed to the observed differences in LV
areas and LVEF and should be considered when interpreting
these results. Moreover, although this analysis provides
valuable insight into the impact of Model-CC’s prediction
error in a relevant use case, its clinical implications should
ultimately be evaluated in the context of the intended
downstream application prior to deployment. Finally,
although all three models were evaluated on a large and
diverse external dataset, additional validation across
different ultrasound systems, acquisition protocols, clinical
settings, and specific patient populations would be required
to provide further evidence of their robustness and gener-
alizability.

Conclusions

We successfully developed three DL models to perform key
preprocessing tasks (i.e., view and orientation classifications
and ED/ES frame identification) commonly required in end-
to-end pipelines for automated echocardiogram analysis.
Notably, all three models demonstrated good performance
during internal and external testing, underscoring their
suitability as ready-to-use components for such pipelines. By
making the source code and model weights publicly
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available, we aimed to support the research community and
promote further innovation in this domain.
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