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Aims Automatic echocardiographic measurements using artificial intelligence have shown promising results; however, they have 
not been compared with manual measurements regarding heart failure (HF) progression and algorithm runtime.

Methods 
and results

Data came from the prospective HF study MyoVasc (NCT04064450), which involved a highly standardized 5-h examination, 
including comprehensive echocardiography, at a dedicated study centre between January 2013 and April 2018. Worsening 
of HF was a primary composite endpoint, recorded by structured follow-up, death certificates, and medical records. The 
automated assessment was performed using EchoDL, eight 3D convolutional neural networks (CNNs) trained to predict 
clinical parameters. Manual and automatic left ventricular ejection fraction (LVEF), E/E′-ratio and left ventricular mass (LVM) 
demonstrated a good intraclass correlation coefficient {LVEF: 0.75 [95% confidence interval (CI) 0.75–0.77], E/E′-ratio: 0.59 
[CI 0.56–0.61], LVM: 0.64 [CI 0.62–0.66]}. After a median follow-up of 3.8 years (IQR 2.1–5.0), 470 patients experienced 
worsening of HF. In multivariable Cox analysis, comparison of manually and automatically assessed LVEF, E/E′-ratio and LVM 
demonstrated risk estimates slightly in favour of the CNNs. Direct comparison of C-indices showed significantly better mod
el performance for automatically determined LVEF (0.71 vs. 0.73, P = 0.038) and E/E′-ratio (0.64 vs. 0.66, P = 0.013) and a 
trend for LVM (0.66 vs. 0.68, P = 0.063). Echo-DL required an average of 1053.4 ms (95% CI 1050.7–1056.0) to analyse a 
four-second-long echocardiogram.

Conclusion Automated analysis of echocardiograms using 3D CNNs was comparable to manual measurements in predicting HF-specific 
outcomes. Echo-DL offers potential time savings and improved risk prediction in clinical settings, allowing integration into 
echocardiographic hardware.
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Introduction
Echocardiography is one of the most important and frequently per
formed cardiological diagnostic methods, and it is essential for the diag
nosis and risk stratification of heart failure (HF).1 However, image 
acquisition and standard measures are time-consuming, require exten
sive training, and have high inter-observer variability, especially in the 
case of sequential examinations.2

Manual echocardiographic assessment relies on human visual inter
pretation, limiting the inclusion of information beyond the human 
eye’s capabilities. Advanced techniques, such as global longitudinal 
strain (GLS) based on speckle tracking, have proven superior to con
ventional echocardiographic measures in the risk assessment of indivi
duals with HF by detecting speckles inaccessible to the human eye.3

With the increasing computing power over the last years, the imple
mentation of artificial intelligence has become feasible, offering the po
tential to improve echocardiography. Various convolutional neural 
networks (CNNs) achieved reliable results in view classification4–7

and automated reading of echocardiographic measures such as left ven
tricular ejection fraction (LVEF) and left ventricular mass (LVM),6 and 
detect conditions, e.g. atrial fibrillation. Moreover, these experiments 
are not limited to echocardiograms. They have also been used to detect 
reduced LVEF from 12-lead electrocardiograms in sinus rhythm.8,9

Early neural networks for echocardiographic analysis relied on segmen
tation data as ground truth and used 2D CNNs for frame-by-frame seg
mentation of each video. Based on all segmentations, an algorithm 
identified left ventricular end-systolic (LVESV) and end-diastolic 
(LVEDV) volumes, and LVEF was calculated, a time and resource-intensive 
approach.6

A recent method used automatically computed segmentations to 
find all frames of a heartbeat, and the corresponding video served as in
put for a three-dimensional (3D) CNN to predict the LVEF.10 This de
creases computational time by directly processing sequential image 
data, which is essential for routine clinical use.

Lau et al. trained a 3D CNN that embeds short segments of the 
echocardiogram by training a multi-task neural network for view classi
fication and four clinical measurements. The latent representations are 
combined with a multi-instance attention head network to predict 
measurements for the study. The model accurately predicted the clin
ical parameters and demonstrated, in comparison to manual measures, 
a greater association with four incident outcomes. It showed similar 
quality results on two external datasets.11 This approach is adequate 
for offline analysis by combining information from different videos 
and views, but it is less suitable for real-time echocardiographic 
processing.

EchoDL was developed for real-time application on standard 
echocardiographic hardware, enabling fast and accurate measure
ments during examinations. Previous work demonstrated the cap
abilities of neural networks to predict clinical parameters from 
echocardiograms, specifically for individual or a smaller number of 
parameters. In this study, eight functional and structural parameters 
were inferred from neural networks, and their correlation with clin
ical outcomes was analyzed, thereby increasing trust in automatic 
measurements.

This work focuses on developing a high-speed 3D CNN for real-time 
assessment on standard echocardiogram hardware. The latter part of 
the study evaluates the approach by comparing the predictive perform
ance of automated measurements with manual methods, particularly 
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for HF progression. The aims of the present study were (i) to develop 
high-speed 3D CNNs for the assessment of echocardiograms usable on 
current echocardiogram hardware in real-time, (ii) to train a model that 
achieves equivalent performance to manual observers and to previously 
published neural networks, and (iii) to compare the value of manual and 
automated measures for predicting worsening of HF.

Methods
Study design and population
The analyzed data were from the MyoVasc study, an investigator-initiated 
prospective cohort study on HF (NCT04064450). Study design and base
line clinical characteristics of the study sample have been published 
elsewhere.12

In summary, a highly standardized investigation examined patients aged 
35–84 with echocardiographic evidence of systolic or diastolic cardiac dys
function, along with population-based controls, at a dedicated study centre. 
Of 3289 individuals categorized as HF in Stages 0 to D, according to current 
guidelines,1 echocardiographic data were available in 2466 individuals. After 
a median follow-up of 3.8 years (IQR 2.1–5.0), the primary endpoint of wor
sening of HF was reached by 470 individuals, and all-cause death by 335. 
More information on the study sample’s clinical characteristics is in 
Supplementary material online, Table S1, and the available measures for 
each parameter are in Table S5.

The responsible ethics committee and the data safety commissioner ap
proved the study. It adhered to the Declaration of Helsinki and the stan
dards of Good Clinical and Epidemiological Practice. The analysis of 
automatically derived measures was not pre-specified. Its objective was de
fined before implementing the experiments, which were conducted follow
ing best practices for machine learning research to mitigate bias.

Acquisition of clinical data and outcome
All study procedures were performed by trained personnel according to pre
defined standard operating procedures. Cardiovascular risk factors, including 
diabetes mellitus, dyslipidaemia, a family history of myocardial infarction or 
stroke, arterial hypertension, obesity, and smoking, were assessed through 
physical examination, anthropometry, computer-assisted interviews, blood 
pressure measurements, and laboratory analysis. Information on clinical out
comes was obtained through annual follow-up investigations, including a 
computer-assisted telephone interview, medical reports, and quarterly vital 
status queries to national registries. Source data, including death certificates 
and medical records, were obtained where possible and adjudicated by a clin
ical events committee. Worsening of HF was defined as the primary endpoint 

and included the transition from asymptomatic to symptomatic HF in asymp
tomatic individuals, HF hospitalization and cardiac death.

Echocardiography
Certified physicians recorded comprehensive transthoracic echocardio
grams (iE33, Philips Healthcare, Germany), and images were digitally stored 
in an archiving and communication system (Xcelera, Philips Healthcare, 
Germany). All structural and functional cardiac measurements were per
formed according to ASE/ESC recommendations.13 LVM was calculated 
using the cube formula. LVEF was determined by the Simpson method in 
the apical four-chamber view. Peak early (E) and late (A) diastolic inflow vel
ocities were measured by pulsed-wave Doppler, and peak mitral annular 
longitudinal early velocity (E′) was obtained by placing the sample volume 
at the lateral mitral annulus. GLS was measured offline using QLab 9.0.1 
(Philips Healthcare, Germany), as previously described.3

Data preparation and training of the 3D 
convolutional neural network
Available echocardiograms stored in a picture archiving system were trans
ferred to an external storage device. DICOM metadata were removed, and 
each loop was converted to audio video interleave (AVI) format. The quality 
of apical 4-chamber (A4C) views was then categorized according to the fol
lowing grades (1: Very good, 2: good, 3: satisfactory, 4: adequate, 5: poor, 6: 
insufficient) and labelled by a board-certified cardiologist (S.O.T.). Finally, 
the best A4C for obtaining left ventricular measures in a study was marked. 
The labelled dataset is referenced as the Mainz dataset.

The dataset was transferred to a server containing an NVIDIA A100 for 
training. The runtime comparison was performed on a mid-range graphics 
card (NVIDIA GeForce RTX 2070 SUPER) representing current echocar
diography hardware.

In pre-processing, DICOM files were converted to AVI, and the interface 
around the heart was cropped to avoid information leakage. During the 
training, online augmentation was performed, including changes in bright
ness (reduction or increase between 0% and 10%), rotation (left or right 
by up to 10°), and translation (10 pixels in both horizontal and vertical di
rections). Additionally, temporal augmentation, where different segments 
of an echocardiogram were extracted and used as training input, was 
applied.

Eight different single-task 3D CNNs were trained, one for each clinically 
relevant echocardiographic measure of the Mainz dataset (LVEDV, LVESV, 
EF, LVM, LVIDD, LVIDS, GLS, E/E′). Two models were trained to predict 
multiple echocardiographic measures simultaneously: one for structural 
and one for functional parameters. These models will be referred to as 
EchoDL and multi-task EchoDL.

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 1 Echocardiographic characteristics of the study sample and inter-observer reliability

Parameter Manual Automatic Intraclass correlation coefficient  
(95% CI)

Left ventricular function
LV ejection fraction (%) 54.2 ± 11.3 54.0 ± 9.1 0.76 (0.75–0.77)

Global longitudinal strain (%) −17.2 ± 4.4 −17.1 ± 3.2 0.67 (0.65–0.67)

E/E′-ratio 9.8 ± 5.2 9.5 ± 3.6 0.59 (0.56–0.61)
Left ventricular structure

LV end-diastolic volume (mL) 110 ± 47 109 ± 41 0.82 (0.81–0.83)

LV end-systolic volume (mL) 54 ± 37 53 ± 32 0.85 (0.84–0.86)
LV internal diameter end-diastole (cm) 5.0 ± 0.8 5.0 ± 0.6 0.66 (0.64–0.68)

LV internal diameter end-systole (cm) 3.6 ± 0.9 3.6 ± 0.7 0.77 (0.75–0.78)

LV mass (g/m) 205.0 ± 72.6 207.0 ± 56.0 0.64 (0.62–0.66)

Automatic measures were inferred with Echo-DL on the Mainz dataset with a six-fold cross-validation.
LV, left ventricular.
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The neural network’s backbone is a 3D ResNet with 100 input frames. 
For inference, 100-frame subvideos were extracted from the whole echo
cardiogram and used as input, with the final prediction calculated as the 
average of all video results. Training consisted of a six-fold cross-validation 
on the Mainz dataset, where four sets were used for training, one for valid
ation, and one for calculating the test metrics in each iteration.

To assess the models’ performance, the mean absolute error (MAE), the 
root mean squared error (RMSE), and the relative absolute error (RAE) 
were calculated. RAE uses the mean of the training set. For external valid
ation, the publicly accessible Stanford dataset was used. It contains 10 030 
labelled videos from an A4C view, with a resolution of 112 × 112. For each 
echocardiogram, human expert annotations, including measurements of 
LVEF, LVEDV, and LVESV, as well as tracings of the left ventricle, are 
provided.14

Statistical analysis
Continuous variables are represented by mean and standard deviation for 
normal distributions and by median and interquartile range for skewed dis
tributions. Relative and absolute frequencies describe discrete variables. 
Bland–Altman plots were generated, and intraclass correlation coefficients 
(ICCs) were assessed to evaluate inter-observer variability. Multivariable re
gression analysis was performed to analyse the association between avail
able echocardiographic measures (manual and automated), adjusted for 
sex, age, and body height, with log(NT-proBNP). Cumulative incidence 
plots were generated, and multivariable Cox analyses, including C-index, 
were calculated for both manual and automatic echocardiographic mea
sures, adjusted for sex and age, using worsening of HF and all-cause death 
as the dependent variables. Finally, the C-indices of automatic and manual 
models for the same echocardiogram were tested for differences.15

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 2 3D convolutional neural network test metrics for various echocardiographic measures

Parameter RMSE MAE RAE rSpearman

Left ventricular function

LV ejection fraction (%) 7.104 ± 0.303 5.593 ± 0.222 0.683 ± 0.024 0.695 ± 0.027

Global longitudinal strain (%) 3.100 ± 0.161 2.449 ± 0.127 0.717 ± 0.053 0.638 ± 0.047
E/E′-ratio 4.066 ± 0.301 2.781 ± 0.163 0.765 ± 0.024 0.558 ± 0.040

Left ventricular structure

LV end-diastolic volume (mL) 26.040 ± 1.033 18.970 ± 0.642 0.558 ± 0.023 0.789 ± 0.020
LV end-systolic volume (mL) 19.037 ± 1.401 12.570 ± 0.770 0.501 ± 0.018 0.802 ± 0.010

LV internal diameter end-diastole (cm) 0.586 ± 0.029 0.460 ± 0.031 0.746 ± 0.041 0.627 ± 0.032

LV internal diameter end-systole (cm) 0.554 ± 0.023 0.420 ± 0.015 0.627 ± 0.029 0.703 ± 0.026
LV mass (g/m) 54.743 ± 3.008 41.319 ± 1.595 0.743 ± 0.037 0.646 ± 0.030

The mean and standard deviation of the test sets are given. Automatic measures were inferred with Echo-DL on the Mainz dataset with a six-fold cross-validation.
LV, left ventricular; MAE, mean absolute error; RAE, relative absolute error; RMSE, root mean squared error.

Figure 1 Comparison of automatic and manual readings by Bland–Altman plots. Bland–Altman plots of manual and automatic assessed (A) left ven
tricular ejection fraction; (B) E/E′-ratio.
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Method comparison
Echo-DL was compared with two previously published methods: EchoCV6

and EchoNet-Dynamic.10 EchoCV employs a 2D-CNN to segment differ
ent parts of the heart and computes parameters based on the segmentation 
using conventional methods. EchoNet-Dynamic advances by employing a 
3D CNN for parameter prediction. First, it applies a neural network to seg
ment the left ventricle individually in each frame. The segmentations enable 
it to extract segments containing individual cardiac cycles by detecting 
frames with the largest and smallest LV area, which represent the start 
and end of a heartbeat. Frames from the start to the end of the heartbeat 
are extracted and used as input for the neural network.

This experiment aims to compare the prediction quality of the methods 
regardless of their training data; i.e. the comparison focuses on different ap
proaches rather than the data used. However, training EchoNet-Dynamic on 
the Mainz dataset is infeasible because the dataset does not contain tracings 
of the left heart chamber. Therefore, the publicly available Stanford dataset, 
released with EchoNet-Dynamic, was used to compare the methods.

EchoNet-Dynamic and EchoDL were trained on the Stanford train split 
to predict EF. Since EchoCV required DICOM files as input, it could not be 
trained using either the Stanford or Mainz dataset. However, the published 
model of EchoCV, which was trained on a private dataset from the 
University of California, San Francisco, can be employed, albeit with the cav
eat that the training data differs again.

Again, the MAE, MSE, and RAE were calculated using the Stanford test 
split and the complete Mainz dataset to compare the models’ performance. 
Additionally, to assess mean runtimes, 1000 repeated predictions were 
conducted on a four-second video comprising 200 frames.

Results
Model performance
Manual and automated echocardiographic measurements were com
parable, showing only minor differences (see Table 1). RAE was lowest 
for LVEDV and LVESV, while the RAE of LVEF was slightly higher and 
comparable to LVM. The E/E′-ratio demonstrated a comparable RAE to 
LVM, even though no Doppler data were included (Table 2).

The Echo-DL models were compared to the multi-task Echo-DL. 
When predicting functional and structural measures simultaneously 
with two distinct models, RAE changed only marginally for most 

parameters. As expected, the mean runtime was reduced by ∼65% 
(e.g. 1053.4 s [CI 1050.7–1056.0] vs. 365.4 [CI 364.4–366.4], 
Supplementary material online, Table S4) for individual and multi-task 
models using the same input resolution and neural network depth.

Agreement between manual and 
automatic measures
The automatically obtained measures showed a moderate to strong 
correlation with manually read values (rspearman 0.558–0.802), as shown 
in Table 2.

Bland–Altman plots were created to evaluate the agreement be
tween manual and automatic measures. The mean difference between 
the two methods for LVEF was −0.2 [95% line of agreement (LoA) 
−14.2, 13.7] and for E/E′ −0.3 (95% LoA −8.3, 7.7) (see Figure 1), indi
cating a low systematic bias. For both parameters, the slope of the linear 
regression is negative, particularly for E/E′. Supplementary material 
online, Figures S1 and S2 illustrate Bland–Altman plots for the remaining 
echocardiographic measures.

For further analysis, the ICC comparing manually and automatically 
read values were calculated: LVEF [ICC: 0.76 (95% CI 0.75–0.77)], 
end-diastolic (LVEDV, ICC: 0.82 [95% CI 0.81–0.83], and end-systolic 
volumes (LVESV, ICC: 0.85 [95% CI 0.84–0.86] demonstrated 
excellent agreement, while E/E′-ratio (ICC 0.59 [95% CI 0.56–0.61] 
and LVM (ICC 0.64 [95% CI 0.62–0.66] showed good agreement 
(Table 1).

Comparison of the association of manually 
and automatically read measures with 
NT-proBNP
The next step is to analyse the association of echocardiographic mea
sures with the gold-standard HF biomarker NT-proBNP. In multivari
ate linear regression with log(NT-proBNP) as the dependent 
variable, automated echocardiographic measures, except LVESV, had 
slightly higher overall β-estimates than manual measurements after ad
justment for age, sex, and body height (see Table 3).

While there was little difference for LVEF (βmanual: −0.71 (95% CI 
−0.75 to −0.66), P < 0.00000001 vs. βautomatic: −0.71 (CI −0.75 to 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 3 Association of manually and automatically determined echocardiographic measures with log(NT-proBNP)

Parameter Manual Automatic AIC (automatic) − AIC 
(manual)

β-Estimate P-value R² β-Estimate P-value R²

Left ventricular function

LV ejection fraction (%) −0.71 (−0.75 to −0.66) <0.0001 0.435 −0.71 (−0.75 to −0.67) <0.0001 0.439 −14.77
Global longitudinal strain (%) 0.57 (0.53–0.62) <0.0001 0.371 0.60 (0.56–0.65) <0.0001 0.393 −64.53

E/E′-ratio 0.48 (0.44–0.53) <0.0001 0.301 0.52 (0.47–0.56) <0.0001 0.319 −64.32

Left ventricular structure
LV end-diastolic volume (mL) 0.65 (0.60–0.70) <0.0001 0.372 0.68 (0.64–0.73) <0.0001 0.394 −82.957

LV end-systolic volume (mL) 0.71 (0.67–0.76) <0.0001 0.427 0.70 (0.65–0.74) <0.0001 0.421 24.16

LV internal diameter 
end-diastole (cm)

0.59 (0.54–0.63) <0.0001 0.352 0.65 (0.60–0.70) <0.0001 0.384 −123.77

LV internal diameter 

end-systole (cm)

0.72 (0.67–0.76) <0.0001 0.435 0.71 (0.67–0.76) <0.0001 0.431 17.23

LV mass (g/m) 0.59 (0.54–0.63) <0.0001 0.342 0.66 (0.61–0.71) <0.0001 0.380 −144.67

Multivariate linear regression analysis was adjusted for age, sex, and body height with log(NT-proBNP) as the dependent variable.
AIC, Akaike information criterion; LV, left ventricular.
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−0.67), P < 0.00000001) and LVESV (βmanual: 0.71 (CI 0.67–0.76), P <  
0.00000001 vs. βautomatic: 0.70 (CI 0.66–0.74), P < 0.00000001), the dif
ference was pronounced for E/E′-ratio (βmanual: 0.48 (CI 0.43–0.53), P  
< 0.00000001 vs. βautomatic: 0.52 (CI 0.47–0.56), P < 0.00000001); LVM 
(βmanual: 0.59 (CI 0.54–0.64), P < 0.00000001 vs. βautomatic: 0.66 (CI 
0.61–0.71), P < 0.00000001) and LVEDV (βmanual: 0.71 (CI 0.67– 
0.76), P < 0.00000001 vs. βautomatic: 0.70 (CI 0.66–0.74), P <  
0.00000001).

These observations were also reflected in a higher R² of models that 
included automatically measured echocardiographic measures, except 
for those predicting LVESV. The Akaike information criterion (AIC) was 
used to compare the relative quality of both linear regression models. 
The AIC of the automatic-based regression was subtracted from that of 
the manual-based regression. A negative difference means the logistic 
regression trained on automatic measures has less information loss.

The automatic-based model was more accurate for LVEF (−14.77), 
GLS (−64.53), E/E′-ratio (−64.32), LVESV (−24.16), LVIDD (−123.77), 
and LV mass (−144.67), but the manual-based model achieved more ac
curate results for LVIDS (17.23) and LVEDV (82.96).

Comparison of automated and manual 
echocardiographic measures for outcome 
prediction
The applicability of manual and automatic echocardiogram assessment 
for predicting worsening of HF was compared. Figure 2 shows the cumu
lative incidence of worsening of HF according to quartiles of (i) manually 
derived LVEF and (ii) automatically assessed LVEF. The curves resemble 
each other considerably, although the automated LVEF discriminates 

Figure 2 Incidence worsening of heart failure according to manually and automatically assessed left ventricular ejection fraction and E/E′-ratio quar
tiles. Cumulative incidence plots for worsening of heart failure according to quartiles of (A) manual, (B) automatic assessed left ventricular ejection frac
tion, (C ) manual, and (D) automatic assessed E/E′-ratio.
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slightly better within the lower three quartiles. Comparable results were 
observed for the E/E′-ratio, where the automated E/E′-ratio also discri
minates slightly better (Figure 2C and D). Additional cumulative incidence 
plots for the remaining functional and structural echocardiographic mea
surements are in Supplementary material online, Figures S3–SS5.

For all-cause death, the cumulative incidence plots for LVEF and E/E′-ratio 
are shown in Figure 3. Once again, manual and automatic curves resemble 
each other; however, in this instance, for LVEF, the two lower quartiles 
are more distinct, whereas this is not the case for the E/E′-ratio. The remain
ing cumulative incidence plots are presented in Supplementary material 
online, Figures S6-S8.

To evaluate the predictive value of automatic echocardiographic 
measures, multivariable Cox models were constructed: After 

adjustment for age and sex, manually measured LVEF and E/E′-ratio 
for worsening of HF conferred a 1.84-fold [95% CI (1.71–1.99), P <  
0.0001] and 1.31-fold [(CI 1.23–1.40), P < 0.0001] increased risk of 
worsening of HF, respectively. The risk estimates for LVEFautomatic [haz
ard ratio (HR) 1.91 (CI 1.77–2.07), P < 0.0001] and E/E′-ratioautomatic 
[HR 1.41 (CI 1.31–1.51), P < 0.0001] were higher.

Similar observations were made for cardiac structural measures: 
LVEDVmanual, LVESVmanual, and LVMmanual showed a 1.54-, 1.52-, and 
1.58-fold increased risk for worsening of HF, whereas automatically ob
tained LVEDV, LVESV, and LVM demonstrated a 1.67-, 1.67-, and 
1.75-fold increased risk, respectively, as shown in Table 4.

The same experiments were repeated for all-cause death (Table 5). 
For all-cause death, the differences were smaller. The indices for 

Figure 3 Incidence all-cause death according to manually and automatically assessed left ventricular ejection fraction and E/E′-ratio quartiles. 
Cumulative incidence plots for all-cause death according to quartiles of (A) manual, (B) automatic assessed left ventricular ejection fraction, (C ) manual, 
and (D) automatic assessed E/E′-ratio.
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automatic values are greater in five cases and the same in the remaining 
cases; however, there is no evidence of statistical differences.

Model performance was compared using the C-index to measure dif
ferences in HRs. Except for GLS, the C-indices of the models based on 
automated measures were higher. Indeed, a statistically significant differ
ence could be confirmed for the functional parameters LVEF and E/E 
′-ratio, as well as for the structural parameters LVEDV, LVESV, LVIDS, 
and LVIDD. At the same time, a trend was observed for LVM (Table 4).

Method comparison
First, the predictive performance of LVEF was compared across three 
methods (EchoDL, EchoNet-Dynamic, and EchoCV) and two different 
datasets (Mainz and Stanford).

For the Mainz dataset, the test metrics (MAE, RMSE, and RAE) of EchoDL 
were comparable to those of EchoNet-Dynamic, as shown in Table 6. The 
LVEF model, with an input resolution of 112 × 112, was evaluated on the 

Stanford dataset for external validation, achieving comparable results: MAE 
5.908, RMSE 7.906, RAE 0.562, rSpearman 0.678 (Table 6).

However, EchoCV demonstrated error metrics nearly twice as high 
as those of EchoNet-Dynamic and EchoDL. Unfortunately, it is impos
sible to verify whether the differences stem from the training data or 
the method used by EchoCV.

EchoCV required the longest prediction time at 22.76 s (95% CI 
22.72–22.79). EchoNet-Dynamic was the second fastest method, at 
394.7 ms (CI 394.3–395.1), while EchoDL was approximately four 
times faster, with 102.5 ms (CI 102.0–103.0).

Discussion
This study evaluated eight 3D CNNs for the automated measurement of 
structural and functional left ventricular parameters. Echo-DL was bench
marked against two existing methods and compared with manually ob
tained measures for predicting NT-proBNP and worsening of HF.
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Table 4 Comparison of manual and automatically determined echocardiographic measures in predicting worsening of 
heart failure

Parameter Manual Automatic P for difference

Hazard ratio  
[95% CI]

P-value C-index Hazard ratio  
[95% CI]

P-value C-index

Left ventricular function

LV ejection fraction (%) 1.84 (1.71–1.99) <0.0001 0.71 1.91 (1.77–2.07) <0.0001 0.73 0.038
Global longitudinal strain (%) 2.04 (1.83–2.27) <0.0001 0.71 1.87 (1.73–2.02) <0.0001 0.73 0.25

E/E′-ratio 1.31 (1.23–1.40) <0.0001 0.64 1.41 (1.31–1.51) <0.0001 0.66 0.013

Left ventricular structure
LV end-diastolic volume (mL) 1.54 (1.43–1.66) <0.0001 0.67 1.67 (1.54–1.81) <0.0001 0.70 0.00012

LV end-systolic volume (mL) 1.52 (1.42–1.62) <0.0001 0.70 1.67 (1.56–1.78) <0.0001 0.71 0.012

LV internal diameter end-diastole (cm) 1.70 (1.56–1.86) <0.0001 0.67 1.82 (1.68–1.97) <0.0001 0.70 0.0016
LV internal diameter end-systole (cm) 1.76 (1.63–1.88) <0.0001 0.69 1.90 (1.77–2.05) <0.0001 0.73 0.00014

LV mass (g/m) 1.58 (1.46–1.71) <0.0001 0.66 1.75 (1.61–1.90) <0.0001 0.68 0.063

Multivariable Cox regression analysis was adjusted for age and sex, with worsening of heart failure as the dependent variable.
LV, left ventricular.
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Table 5 Comparison of manual and automatically determined echocardiographic measures in predicting all-cause 
death

Parameter Manual Automatic P for difference

Hazard ratio  
[95% CI]

P-value C-index Hazard ratio  
[95% CI]

P-value C-index

Left ventricular function
LV ejection fraction (%) 0.56 (0.51–0.61) <0.0001 0.75 0.56 (0.51–0.61) <0.0001 0.76 0.51

Global longitudinal strain (%) 1.89 (1.67–2.15) <0.0001 0.74 1.81 (1.65–1.99) <0.0001 0.75 0.78

E/E′-ratio 1.45 (1.35–1.56) <0.0001 0.73 1.46 (1.36–1.58) <0.0001 0.74 0.25
Left ventricular structure

LV end-diastolic volume (mL) 1.51 (1.38–1.64) <0.0001 0.73 1.58 (1.44–1.72) <0.0001 0.73 0.30

LV end-systolic volume (mL) 1.53 (1.43–1.65) <0.0001 0.74 1.55 (1.44–1.68) <0.0001 0.74 0.43
LV internal diameter end-diastole (cm) 1.50 (1.36–1.67) <0.0001 0.72 1.65 (1.50–1.82) <0.0001 0.74 0.061

LV internal diameter end-systole (cm) 1.69 (1.55–1.85) <0.0001 0.74 1.69 (1.54–1.85) <0.0001 0.74 0.97

LV mass (g/m) 1.52 (1.38–1.67) <0.0001 0.73 1.66 (1.51–1.83) <0.0001 0.74 0.26

Multivariable Cox regression analysis was adjusted for age and sex, with worsening of heart failure as the dependent variable.
LV, left ventricular.
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Echo-DL is a simplified version of EchoNet-Dynamic that does not 
depend on segmentation to detect individual heartbeats. Instead, it 
uses enough input frames to encompass an entire heartbeat, which is 
expected to enhance processing speed, achieving near real-time predic
tions. Echo-DL demonstrated error rates comparable to those of the 
other models while requiring the least computational time, thereby val
idating that the extraction of individual heartbeats is unnecessary.

EchoDL’s low computational requirements enable it to run on 
off-the-shelf echocardiography hardware without needing a high-end 
GPU. To estimate the time required for manual measurements, two 
study clinicians measured the same parameters five times in an offline 
setting. Although this approach was not performed on the same echo
cardiograms, making a direct comparison impossible, it does enable the 
estimation of potential time improvements. The study physicians spent 
∼11.7 min (see Supplementary material online, Material) measuring the 
same parameters, reducing the required time from minutes to seconds. 
Plans are being made to implement the model on echocardiographic 
equipment in accordance with existing regulations.

The automated parameter prediction supports clinicians, rather than 
replacing them. It provides clinical parameters comparable to those 
measured manually, enhancing clinicians’ efficiency and reallocating 
time from data acquisition to patient-centric decision-making and care.

The ICC for the automatically predicted structural and functional 
measures was high compared to the manually obtained measures. 
Remarkably, besides volume parameters (e.g. LVEDV and LVESV) rou
tinely assessed from the A4C view, the model was able to predict mea
sures for which other views are recommended in the current 
guidelines, such as LVM and GLS,13 demonstrating good agreement 
with readings obtained manually from the recommended view.

Additionally, EchoDL could predict Doppler-based indices from B-scan 
imaging data without tissue Doppler or pulsed-wave data. Although the 
temporal resolution of B-scan imaging data is low, the correlation between 
automatically and manually assessed E/E′-ratios was high.16

In the Bland–Altman analyses, automatically determined echocardio
graphic parameters demonstrated the best agreement with manual 
measurements when the values were within the normal range. The 
lower model performance around pathological values is undoubtedly 
attributable to the underlying dataset: More pathological echocardio
grams for model training could enhance model accuracy17 in these 
areas. Conversely, EchoDL can likely differentiate between normal 
and pathological readings with a slightly modified training procedure, 
which would greatly benefit routine clinical practice.

The negative slopes in the Bland–Altman plots suggest that automatic mea
surements tend to be more conservative and do not frequently predict values 
far from the mean. This is likely due to the small size of the training data, and 
more extensive training data could improve predictions in this area.

In the last experiments, the association between automatically de
rived measures and NT-proBNP, as well as the worsening of HF and 
all-cause death, was validated. Generally, the automatic measures 

showed a stronger association with NT-proBNP, as reflected by higher 
effect estimates and model performance.

Automatically predicted GLS achieved a higher C-index, but it was as
sociated with a lower HR. Except for GLS, all automatic measures indi
cate a higher risk for worsening of HF compared to manual measures, 
as shown by higher HRs and C-indices. Despite statistically significant 
differences in C-indices in most cases, these differences are not distinct
ive enough to enhance the prediction of worsening of HF in general. 
However, neural networks have the advantage of providing predictions 
comparable to those of expert readers while reducing variability and 
saving time in clinical practice. Additionally, there are situations where 
neural networks enable the measurement of clinical parameters from 
echocardiograms that would be impossible to obtain otherwise, such 
as when sonographers are available but expert readers are not.

In summary, automatically derived measures correlate with worsening of 
HF, NT-proBNP, and manual measurements, while providing faster pro
cessing times. The neural networks achieved quality comparable to that 
of manual raters. Additionally, they reduced the occasional inaccuracies in
herent in manual measurements, leading to improvements, particularly in 
scenarios involving extensive assessments. Although there is concern re
garding machine learning models making erroneous predictions, this study 
can improve confidence in their use for echocardiogram assessment.

Limitations
EchoDL was trained using a highly standardized and in-depth pheno
typed cohort of patients with symptomatic and asymptomatic HF. 
Trained physicians performed echocardiograms using predefined 
standard operating procedures, and the echocardiograms were digitally 
stored with minimal compression. MyoVasc includes an extensive 
HF-specific long-term follow-up, allowing a direct comparison of auto
mated and manual echocardiographic measurements. The prediction of 
LVEF has been externally validated with reliable results; however, other 
measures have not yet undergone external validation.

Without a specific approach, neural networks, including EchoDL, pro
vide only a point prediction, lacking information about uncertainties. This 
prevents clinicians from evaluating the reliability of a prediction. 
Uncertainty quantification methods provide lower and upper bound esti
mations, thereby improving the ability to assess the model’s confidence.18

The results were rigorously validated and compared to increase con
fidence; however, the neural networks do not directly provide means 
to interpret or explain their results. Nevertheless, the explainability 
of neural networks for video analysis, particularly in medicine, remains 
an ongoing research topic with no widely applicable methods.19,20 The 
challenge is to create explanations that are quick to interpret and do 
not hinder performance. In the context of explainability for echocardio
grams, initial research focused on individual clinical parameters, particu
larly LVEF. It included methods such as generating counterfactuals21 or 
a 3D depth map of the left ventricle.22
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Table 6 Comparison of convolutional neural networks for echocardiographic assessment on a single GPU

Method Training set Test set MAE RMSE RAE rSpearman

EchoDL Mainz dataset Stanford dataset 5.908 7.906 0.562 0.678

EchoDL Stanford training set Mainz dataset 5.155 6.621 0.618 0.715

EchoNet-Dynamic Stanford training set Mainz dataset 5.311 6.788 0.637 0.726
EchoCV Pre-trained on a private dataset Mainz dataset 9.350 11.611 1.005 0.536

EchoDL Stanford training set Stanford test set 4.179 5.581 0.463 0.819

EchoNet-Dynamic Stanford training set Stanford test set 4.198 5.535 0.460 0.811

EchoDL and EchoNet-Dynamic were trained using the Stanford training set. EchoCV was trained on the private University of California, San Francisco dataset.5

GPU, graphics processing unit; MAE, mean absolute error; RAE, relative absolute error; RMSE, root mean squared error.
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Conclusions
The automatic assessment of echocardiograms using machine learning 
is comparable to that of conventional assessment and is completed in 
less time. Moreover, the automatically measured parameters showed 
a stronger correlation with the prediction of worsening of HF and 
NT-proBNP levels than manual measurements. Using machine learning 
as a decision support tool in echocardiogram assessment enhances ef
ficiency by saving time. It can potentially improve patient outcomes 
through more reliable and consistent evaluations.
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