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Aims

Methods
and results

Echocardiographic strain imaging reflects myocardial deformation and is a sensitive measure of cardiac function and wall-
motion abnormalities. Deep learning (DL) algorithms could automate the interpretation of echocardiographic strain
imaging.

We developed and trained an automated DL-based algorithm for left ventricular (LV) strain measurements in an internal
dataset. Global longitudinal strain (GLS) was validated externally in (i) a real-world Taiwanese cohort of participants with
and without heart failure (HF), (ii) a core-lab measured dataset from the multinational prevalence of microvascular
dysfunction-HF and preserved ejection fraction (PROMIS-HFpEF) study, and regional strain in (i) the HMC-QU-MI study
of patients with suspected myocardial infarction. Outcomes included measures of agreement [bias, mean absolute difference
(MAD), root-mean-squared-error (RMSE), and Pearson’s correlation (R)] and area under the curve (AUC) to identify HF
and regional wall-motion abnormalities. The DL workflow successfully analysed 3741 (89%) studies in the Taiwanese cohort,
176 (96%) in PROMIS-HFpEF, and 158 (98%) in HMC-QU-MI. Automated GLS showed good agreement with manual mea-
surements (mean + SD): —18.9 +4.5% vs. —18.2 + 4.4%, respectively, bias 0.68 + 2.52%, MAD 2.0 + 1.67, RMSE = 2.61,
R =0.84 in the Taiwanese cohort; and —15.4 +4.1% vs. —15.9 & 3.6%, respectively, bias —0.65 +2.71%, MAD 2.19 + 1.71,
RMSE =2.78, R =0.76 in PROMIS-HFpEF. In the Taiwanese cohort, automated GLS accurately identified patients with HF
(AUC = 0.89 for total HF and AUC = 0.98 for HF with reduced ejection fraction). In HMC-QU-MI, automated regional strain
identified regional wall-motion abnormalities with an average AUC = 0.80.
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Conclusion

DL algorithms can interpret echocardiographic strain images with similar accuracy as conventional measurements. These

results highlight the potential of DL algorithms to democratize the use of cardiac strain measurements and reduce time-

spent and costs for echo labs globally.
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Deep learning algorithm for automated
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Introduction

Strain imaging reflects myocardial deformation and is currently the most
sensitive measure of left ventricular (LV) function. Reduced LV global lon-
gitudinal strain (GLS) predicts adverse clinical outcomes and helps in the
early diagnosis of myocardial diseases, particularly heart failure (HF)."
GLS measurement is also crucial for monitoring subclinical cardiac disease
progression, such as during cardiotoxic cancer treatment, where its use
has a class 1 recommendation.? Attempts have been made to standardize
the measurement of myocardial strain® and although current platforms
include semi-automated strain measurements, the clinical application
remains limited due to the expertise required to perform the
measurement and high intra-observer variability.* Fully automated strain
algorithms have the potential to overcome these challenges.

Deep learning (DL) algorithms, such as convolutional neural net-
works (CNNSs), can automate the interpretation of echocardiographic
images. We previously demonstrated the development and validation
of a DL workflow to assess cardiac volumes and Doppler measure-
ments automatically.>® Previous attempts showed the potential of
DL algorithms to automate LV GLS assessment.”~'® However, these at-
tempts were limited by insufficient external validation, which is critical
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to determine the reproducibility and generalizability of the algorithm to
new and different patients and settings. Moreover, no study has as-
sessed the accuracy of a DL-based algorithm for echocardiographic re-
gional strain measurements.

Therefore, we developed and trained a CNN DL-based vendor-
independent algorithm to automatically measure LV strain from stand-
ard echocardiographic apical views in an internal training dataset. We
validated GLS and regional strain measurements produced with the
DL-based automated workflow in three external validation cohorts:
(i) real-world study of patients with and without HF, (i) core-lab ‘gold-
standard’ annotated echocardiograms from patients with HF and pre-
served ejection fraction (HFpEF), and (jii) patients with suspected acute
myocardial infarction (AMI).

Methods

Derivation of DL-based workflow

We previously reported the development of our DL-based workflow.> The
automated DL-based workflow was prototyped through a collaboration
between research institutions in Singapore [Bioinformatics Institute,
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Institute of High-Performance Computing, and Institute for Infocomm
Research of the Agency for Science, Technology and Research (A*StaR)]
using data from the Asian Network for Translational Research and
Cardiovascular Trials (ATTRaCT) program (https:/www.a-star.edu.sg/
attract). The workflow was trained and internally validated from conven-
tional echocardiography examinations performed by experienced sono-
graphers using commercially available equipment, as previously
described.® The development of the algorithm and reporting of the find-
ings are adherent to the Proposed Requirements for Cardiovascular
Imaging-Related Machine Learning Evaluation (PRIME) checklist.""
Because we wanted to analyse the algorithm’s performance across the
spectrum of image quality and analytical settings, we validated the LV
GLS measurements in a core-lab quality dataset [Prevalence of
Microvascular Dysfunction (PROMIS)-HFpEF] and real-world clinical da-
taset (Mackay Memorial Hospital). To validate regional strain measure-
ments, we included the Hamad Medical Corporation (HMC)- Qatar
University (QU) dataset. This dataset has comprehensive information
on regional wall motion abnormalities and is a publicly available dataset
harmonious with transparency and data sharing in research.

DL-based workflow for left ventricular strain

The DL-based workflow consists of two modules: (i) the conventional
two-dimensional (2D) echo module and (i) the strain module. Details
of the 2D echo module are available elsewhere.’ Briefly, the 2D module
initiates from categorizing echocardiographic digital imaging and commu-
nications in medicine (DICOM) files into either 2D videos or Doppler
images using CNN-based imaging classifiers. Then, identified 2D video
clips were classified into either A4C, A2C, or A3C views. After automat-
ically identifying and excluding low-quality images, high-quality 2D video
clips are parsed to a CNN model, which traces the endocardial border
of the LV for each frame in A4C, A2C, and A3C views. Cardiac cycles
(starting from end-diastole and ending at end-systole) are identified
based on the video-level volume curves with confirmation by an accom-
panying electrocardiogram, if available. Linear measurements and cham-
ber volumes were made using respective annotated views. The 2D
module of the DL-based workflow has been demonstrated to categorize
and classify 2D video and Doppler modalities with an accuracy ranging
from 0.91 to 0.99 and was able to automatically annotate LV volumes
from A2C and A4C views with mean Dice coefficients (measures of ac-
curacy) of 93.0% to 93.8%, respectively.®

Using the annotated and endocardium-traced video clips of LV pro-
duced in the conventional 2D echo module, circumferential lengths of
atraced endocardium for each frame were measured and were projected
as drift corrected strain curves based on the cardiac cycle identified by

video-level volume curves (Figure 1). This strain module is own developed
and based on speckle tracking by a generic Optical Flow algorithm (see
Supplementary material online, Video). The algorithm automatically pri-
oritize LV focused apical views. If apical views were not available in the
LV focused format, the algorithm will use regular A4C, A2C, and A3C
views. The end-diastole LV annotations were tracked throughout the
cardiac cycle using optical flow tracking. The annotations on each frame
were used to guide and stabilize the tracked annotation. GLS was defined
as the percentage change in the length of traced endocardium from end-
diastole to end-systole. The algorithm does not average all available vid-
eos from the echocardiographic examination but selects the video with
the highest quality view based on the view classifier confidence to maxi-
mize the likelihood of the measurements being correct. The final GLS va-
lue is presented as the average of all cycles on that video. The total LV
GLS was estimated as the average of those determined from A4C,
A3C, and A2C views.

Quality assurance

To maintain the quality of automated GLS measurements, sequential
quality checks were applied to identify and classify videos and images,
as well as to produce automated measurements (see Supplementary
material online, Figures ST and S2). Sequential quality checks included
both components of imaging and measurement quality. The imaging qual-
ity was ascertained based on the highest probability produced by the view
classifier (CNN’s SoftMax layer) to identify the highest quality loop for
each individual. The measurement quality was evaluated based on confi-
dence checks for heart rate, displacement of the region of interest (ROI)
annotation trace, and congruency between systolic and diastolic phased
with the electrocardiogram.

External validation of GLS in a real-world

cohort

The echocardiography examinations were performed by experienced local
sonographers or cardiologists using the Vivid i system (GE Healthcare, Little
Chalfont, UK) at the Mackay Memorial Hospital, Taipei, Taiwan, during an-
nual cardiovascular health check-up and at outpatient clinic from June 2009
to December 2012."? Images were analysed offline using endocardial bor-
der manual tracing by the same experienced technician, using proprietary
software (EchoPAC version 10.8). The mean frame rate was between 60
and 80 frames/sec and LV GLS was averaged from three individual LV apical
views (A2C, A4C, and A3C) based on the semi-automated speckle-tracking
algorithm. Participants were excluded if they had congenital heart disease,
significant valvular disease, isolated right-sided HF, pulmonary hypertension,
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Figure 1 Deep learning-based workflow for automated global longitudinal strain measurement. *Conventional two-dimensional echo module was
inherited from our previous work which includes tracing of left ventricular endocardial border and identification of cardiac cycle (diastole and systole)

from annotated left ventricular volumes.
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acute coronary syndrome, or end-stage renal disease (estimated glomerular
filtration rate <15 mL/min/1.73m?). HF diagnosis was independently adjudi-
cated by an experienced HF cardiologist based on signs, symptoms, biomarkers
and cardiac imaging, and classified as either HF with reduced EF (HFrEF),
HFpEF, or hypertensive heart disease without HF. Demographics and clin-
ical characteristics of the participants are presented in Supplementary
material online, Table S1. Data was retrospectively identified, and a waiver
of consent was obtained from the Mackay Memorial Hospital institutional
review board.

External validation of GLS in HFpEF

Design and details about the PROMIS-HFpEF study have been described
elsewhere."® In short, PROMIS-HFpEF was a prospective multinational,
multi-centre observational study designed to identify the prevalence
and correlates of coronary microvascular reserve in patients with
HFpEF. Demographics and clinical characteristics of the analysed
patients from the PROMIS-HFpEF are presented in Supplementary
material online, Table S2. All patients underwent conventional two-
dimensional (2D) echocardiography including LV strain measurements
by speckle-tracking between November 2013 and May 2017."® All echo-
cardiographic measurements were performed by experienced research
sonographers using GE EchoPAC echocardiographic analysis software
(GE Healthcare, Wakaesha, WI) at a single core lab located at
Northwestern University Echocardiography Core Laboratory. These mea-
surements were further verified by investigators with expertise in echo-
cardiography. All participants gave written informed consent, and the
study complies with the Declaration of Helsinki which was reviewed
and approved by the institutional review board at each participating site.

External validation of regional strain in
patients with suspected acute myocardial
infarction

The HMC-QU dataset consists of a collection of A4C and A2C 2D echo-
cardiography recordings (Philips or GE Vivid) of patients with suspected
AMI, that is Eublicly available to the research community, as previously
described.""> All patients had had no history of previous AMI and echocar-
diography recordings were obtained within 24 h of hospital admission and
before coronary angiography. Regional wall-motion abnormalities included
hypokinesia and akinesia and were classified for each myocardial segment by
cardiologists at the HMC Hospital. Myocardial segments were analysed as
recommended for assessing wall motion and regional strain, excluding the
apical cap.” Six segments were identified from A4C view; basal-inferoseptal,
mid-inferoseptal, apical-septal, apical-lateral, mid-anterolateral, basal-
anterolateral and six segments in A2C view; basal-inferior, mid-inferior,
apical-inferior, apical-anterior, mid-anterior, and basal-anterior. In total,
the HMC-QU dataset comprises 162 A4C view recordings (93 patients
with acute AMl and 69 patients without AMI) and 130 A2C view recording
(68 patients with acute AMI and 62 patients without AMI). All available
images were included in this analysis. The data was been approved by
the local ethics board of the HMC hospital in February 2019.

Statistical methods

Numerical data with normal distribution are presented with mean =+ stand-
ard deviation (SD) and non-normally distributed variables are presented as
median (Q1, Q3). Mean absolute difference (MAD), root-mean-squared er-
ror (RMSE), and Pearson’s correlation coefficients (r) were estimated to as-
sess the performance of the automated strain measurements against
manual measurements. Agreement between the automated and manual
GLS measurements was assessed by Bland-Altman analysis, with an esti-
mated mean bias (the mean of the manual measurement minus automated
measurement) and its lower and upper confidence limits.'® The normality
of the bias was tested by the Shapiro-Wilk test. The ability to discriminate
between patients with and without HF (HFpEF and HFrEF) for GLS and the
ability to identify regional wall-motion abnormalities for regional strain was
calculated by receiver operating characteristics area under the curve (AUC)
for each segment.

Python version 3.8 was used to develop the DL-based workflow.
Bland-Altman analyses were performed with Python API. Other cross-

Table 1 Comparison between automated and
conventional global longitudinal strain measurements in
a real-world dataset and in the Prevalence of
Microvascular Dysfunction-heart failure and preserved
ejection fraction study

Real-world
dataset PROMIS-HFpEF
n=3741 n=176
Automated GLS (%), —-189+45 -154+41
mean + SD
Conventional GLS (%), -182+44 -159+3.6
mean + SD
Bias/absolute error (%), 0.68 +2.52 —0.65+2.71
mean + SD
Root-mean-squared error 2.61 2.78
Mean absolute difference 20+1.67 219+1.71
Correlation coefficient (r) 0.84 0.76

Abbreviations: GLS, global longitudinal strain; LV, left ventricle; SD, standard deviation.

sectional analyses including classification performance were performed
with STATA 15.0 (College Station, TX). A two-tailed P-value of <0.05
was considered statistically significant.

Results

External validation GLS in a real-world
cohort

External validation of the automated strain measurements in a real-
world cohort was performed in 4228 individuals with conventional
GLS from a community-based cohort. Participants were aged mean
55+ 15 years, 63% were men, 9% had atrial fibrillation (AF) and 16%
had established coronary artery disease (CAD) (see Supplementary
material online, Table ST). HF was present in 937 individuals [537
HFpEF and 400 HF with reduced EF (HFrEF)] and 428 had hypertensive
heart disease without HF. The DL workflow successfully analysed apical
4-chamber [A4C], apical 2-chamber [A2C], and apical 3-chamber
[A3C] GLS in 3741 out of 4228 studies (89%) in the real-world external
validation set. Supplementary material online, Figure ST presents the
number of echocardiograms passed in each step of sequential
quality checks for LV GLS. The algorithm excluded 164 of the 4228
studies (3.9%) due to failure in view identification of either A4C
(n=70), A2C (n=64) or A2C (n=30) views, 77 studies (1.8%)
were excluded due to poor confidence in produced measurements of
LV GLS (n=18 for A4C, n=35 for A2C and n=24 for A3QC),
59 (1.3%) studies failed the heart rate confidence check, 114 (2.7%) failed
the displacement check, 51 (1.2%) failed the check for identification of sys-
tolic and diastolic frame and 22 (0.5%) were excluded for other reasons.

The automated LV GLS measurements showed good agreement with
the conventional strain measurements [r=0.84, mean absolute
difference (MAD) 2.0 +1.57, root-mean-squared-error (RMSE) 2.6].
The mean + SD was —18.2 +4.4% for conventional GLS and —18.9 +
4.5% for automated GLS measurements, yielding an average bias of
0.68 + 2.52% (Table 1; Figure 2). The findings were consistent for separate
analyses of A4C, A2C, and A3C views (see Supplementary material
online, Figure S3). There was no difference in correlation between
sinus rhythm (SR; r =0.81 and mean bias 0.73%) and AF (r=0.84 and
mean bias 0.17), Pirteraction=0.15. The automated GLS successfully
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Figure 2 Bland-Altman plots for global longitudinal strain in prevalence of microvascular dysfunction-heart failure and preserved ejection fraction and
a real-world dataset. Difference in total left ventricular global longitudinal strain (average of A4C, A2C, and A3C view) between automated and con-
ventional measurements in a real-world cohort [top panel, n = 3741 stratified as healthy (n = 2376), hypertensive (n = 428), heart failure and preserved
ejection fraction (n = 537) and heart failure with reduced ejection fraction (n =400)] and in prevalence of microvascular dysfunction-heart failure and
preserved ejection fraction (bottom panel, n = 176). Abbreviations: GLS, global longitudinal strain; SD, standard deviation; LL, lower limit; UL, upper limit.

classified impaired manually measured GLS (using a threshold of
—16%) with an AUC of 0.95 (95%Cl 0.94-0.96) (see Supplementary
material online, Figure $4).

The performance [area under the receiver operating curve (AUC)] of
the automated GLS in identifying HFrEF from non-HF was 0.98 (95%CI
0.97-0.98), HFpEF from non-HF was 0.82 (95%Cl 0.80-0.82) and total
HF from non-HF was 0.89 (95%Cl 0.87-0.89) (Figure 3).

External validation GLS in HFpEF

External validation of automated strain measurements in patients with
HFpEF was performed against conventional measurements in 183

studies from the Prevalence of Microvascular Dysfunction
(PROMIS)-HFpEF study. Patients had a mean age 74 +9 years, 56%
were men, 53% had AF and 16% had established CAD (see
Supplementary material online, Table S2). The DL workflow successfully
analysed A4C, A2C, and A3C GLS in 176 out of 183 studies (96%) in
the external validation set from PROMIS-HFpEF. Supplementary
material online, Figure S2 presents the number of echocardiograms passed
in each step of sequential quality checks for LV GLS. The algorithm ex-
cluded one study from the analysis due to failure in view identification
of either A4C, A3C, or A2C views and one study due to poor confidence
in produced measurements of LV GLS. Additionally, five studies were ex-
cluded as they failed to pass the quality check for other reasons.
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Figure 3 Receiver operating characteristic curves for classifying heart failure cases by automated global longitudinal strain in a real-world dataset.
Separate curves for classifying heart failure with reduced ejection fraction, heart failure with preserved ejection fraction, and total heart failure com-

pared to non-heart failure.

The automated LV GLS measurements showed good agreement
with the strain measurements from the echo core lab (r=0.76,
MAD 2.19 + 1.71, RMSE 2.78). The mean + SD was —15.9 + 3.6% for
conventional GLS and —15.4 +4.1% for automated GLS measure-
ments, yielding an average bias of —0.65 +2.71% (Table 1; Figure 2).
The findings were consistent for separate analyses of A4C, A2C, and
A3C views (see Supplementary material online, Figure S5).

External validation cohort for regional
strain

Patients with suspected AMI who had echocardiograms collected from
2018 to 2019 at HMC in Doha, Qatar in collaboration with researchers
from Qatar University (QU) and Tampere University, Finland, were
used for external validation of regional strain. Among 162 patients
with suspected AMI who had available A4C view images, the DL work-
flow successfully analysed each LV segment in 156—158 (96—-98%) stud-
ies. Among 130 patients with available A2C view, the DL workflow
successfully analysed each LV segment in 125-126 (96-97%) studies.
Automated regional strain identified regional wall-motion abnormal-
ities in patients with suspected AMI with an AUC for each LV segment
ranging from 0.74 to 0.86 in A4C view and from 0.69 to 0.90 in A2C
view (average 0.80) (Figure 4).

Discussion

We demonstrated good agreement between DL-based automated and
conventional interpretation of echocardiography strain measurements.

Our fully automated LV GLS measurements were highly correlated
with conventional measurements made with commercially available
software with a speckle-tracking approach in external real-world and
core-lab measured datasets. We further demonstrated robust discrim-
inatory performance of automated regional strain measurements for
the detection of regional wall-motion abnormalities in patients with
suspected AMI. Together, our results suggest that DL algorithms can
aid in ‘democratizing’ the use of strain measurements in settings where
resources or expertise are limited and even in clinically challenging cir-
cumstances of diagnosis of HFpEF and AMI.

We were able to produce automated GLS for 89% in the real-world
dataset and 96% in the core lab dataset from PROMIS-HFpEF. The dif-
ference in the yields of GLS measurements was primarily related to
poor image quality in a larger proportion of images in the real-world da-
taset. The main reasons for images to be excluded by the DL-based al-
gorithm in the real-world dataset was failure to detect apical views
(3.9%) and failure to pass the confidence check for displacement (mis-
match in the ROl annotation between the systole and diastole; 2.7%).
The number of studies excluded in PROMIS-HFpEF was limited, likely
because PROMIS-HFpEF used a single standardized protocol for image
acquisition and had higher-quality images. A real-world setting more like-
ly introduces variation in imaging quality compared to prospective co-
hort studies, such as PROMIS-HFpEF. Importantly, the consistency in
correlation and bias for the artificial intelligence (Al) algorithms be-
tween these very different cohorts used as ground truth increases
the external validity of the findings.

Current commercially available software packages use semi-automated
algorithms to estimate GLS."""® However, these existing algorithms stil
require considerable human inputs, i.e. detection of the myocardial border,
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Figure 4 ROC curve for classifying regional wall-motion abnormalities by regional strain in patients with suspected AMI. Top panel represents six
segments in apical 4-chamber view and the bottom panel six segments in apical 2-chamber view.

editing the ROI width, etc. which is time consuming and introduces
intra-observer variability. Deep learning can fully automate the interpret-
ation of echocardiographic images.,””*"* " including GLS. Two previous
studies have compared the automated interpretation of strain imaging
to conventional measurements. Both studies demonstrated good agree-
ment between DL-based automated and conventional GLS measure-
ments.”® For example, Salte et al. found a mean bias of only 1.4% in
their internal validation cohort. This group has also demonstrated reduced
test-retest variability in repeated echocardiograms for GLS analysis by Al as
compared to manual measurements. ' Importantly, these studies did not
externally validate their algorithms, which is a critical step before clinical im-
plementation. Our results extend on these previous analyses by including
two large external validation cohorts for GLS and demonstrating the feasi-
bility of automated regional strain to identify patients with suspected AMI.
In our study, the bias for GLS was less than 1% in both the real-world and
core-lab read PROMIS-HFpEF study using echo core lab, demonstrating
good agreement in datasets not used for training the algorithms.

To our knowledge, we are the first to validate automated GLS in pa-
tients with AF, as these were excluded from previous studies.”” We
included participants irrespective of baseline rhythm, and our results

show good agreement with manual measurements also in patients
with AF. Automated GLS measurements in AF have the potential to
substantially improve efficiency as averaged beat-to-beat measure-
ments of GLS are immediately calculated. This is in contrast to averaging
measurements of at least 5 cardiac cycles for each apical view as recom-
mended for manually measured GLS." These are novel results that need
to be further explored.

Automated GLS could accurately identify patients with HF from con-
trols. Although GLS alone should not be used to diagnose HF,
these data add to previous studies validating other key measures to
diagnose HF, such as LV ejection fraction, left atrial volume, mitral
flow, and mitral annular early diastolic velocity.> The similar perform-
ance of automated and conventional GLS measurement for identifying
patients with HF demonstrates the potential clinical utility of DL-based
measurements. Furthermore, we were able to accurately detect re-
gional wall-motion abnormalities in patients with suspected AMI using
automated regional strain measurements. No previous studies have de-
monstrated these algorithms for echocardiography.

With the rapidly evolving field of Al-based echocardiography, it is
soon expected to be part of clinical routine. Quick and accurate
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measurements of cardiac structure and function with low inter- and
intra-reader variability allow for increased effectivity and availability of
echocardiograms. In this study, we have demonstrated that an
Al-based approach is not only reliable for measures of 2D video and
Doppler images, but also accurately measures myocardial deformation
in external validation cohorts. GLS is the most sensitive echocardio-
graphic measure of systolic dysfunction and is ideal for assessing
subtle changes in cardiac function. The new ESC Guidelines for
cardio-oncology recommend (Class 1) GLS measurements in all pa-
tients with cancer having an echocardiogram.2 Furthermore, regional
strain is also a sensitive measure of regional wall-motion abnormalities.
By using traditional 2D-images, regional hypokinesis is difficult to visual-
ize and prone to substantial inter-reader variability. Using automated re-
gional strain measurements, we were able to accurately detect regional
wall-motion abnormalities in patients with suspected AMI. Overall, fully
automated strain has the potential to improve patient care for assessing
diagnosis, risk stratification, and therapeutic monitoring.

There are few limitations in this study. The validation of our auto-
mated strain measurements was only tested against speckle-tracking
approach measured by the same vendor produced software in
both external cohorts. The lack of gold-standard approach in strain
measurements, variability in manual strain measurements and inter-
vendor variability may limit the generalizability of our results. In
this study, the majority of images were acquired by GE equipment,
however, the DL-algorithm is compatible with all the major manu-
facturers of echocardiography imaging.”® Finally, we were not
able to relate our automated strain measurements to long-term
outcomes.

To conclude, fully automated measurement of GLS and regional
strain by DL-based workflow showed good agreement with conven-
tional measurements in a core-lab-based cohort and in a real-world da-
taset. Automated measurement of GLS and regional strain correctly
identified patients with HF and regional wall-motion abnormalities, re-
spectively, with similar accuracy to conventional measurements. The
application of DL-based measurements of GLS in real-world clinical set-
tings and cost-benefit should be assessed in future studies.

Supplementary material

Supplementary material is available at European Heart Journal — Digital
Health.

Acknowledgements

We would like to acknowledge the following study staff for their work
on the PROMIS-HFpEF study: Ann Lindstrém, Ashwin Venkateshvaran,
Ann Hultman-Cadring, Neal Pohlman, Juliet Ryan, Miriam Kaveryd
Holmstrém, and Sofie Andréen.

Author contributions

P.L.M, ).T., and CS.P.L. designed the study, analysed and interpreted the
data, and drafted the manuscript. C.L.H. led collected and analysed the
data from the MacKay memorial hospital study. M.J.F, Z., Y.M.H., and
W.O. trained the Dl-based algorithm and analysed the data. K.T. ana-
lysed the data and drafted the manuscript. S.S, AS, CH, RST,
L.B.N, M.LF, LM.G, LH.L, and SJ.S. collected and analysed the data
in the PROMISE-HFpEF study. All authors critically reviewed the
manuscript.

Funding

The PROMIS-HFpEF study (Prevalence of Microvascular Dysfunction
in Heart Failure with Preserved Ejection Fraction) was funded
by AstraZeneca. The HMC-QU study was supported by the

NSF-Business Finland Center for Visual and Decision Informatics (CVDI)
Advanced Machine Learning for Industrial Applications (AMaLIA) project
under Grant 4183/31/2021.

Conflict of interest: P.LM. has received research grants from
AstraZenca and consulting fees from Amarin, AmGen, AstraZeneca,
Bayer, Boehringer-Ingelheim, Bristol Myers Squibb, Novartis, Novo
Nordisk, Orion Pharma, Pharmacosmos, Vifor, and Us2.ai. A.S. received
research grants from Academy of Finland and Finnish Foundation for
Cardiovascular Research during the conduct of the study; and consult-
ing fees from GE healthcare, Novartis, Abbot, Astra Zeneca. C.H. has
received consulting fees from Novartis and MSD. MJ.F, ZJ., YM.H.
are all employees of Us2.ai. M.L.F. is employee of AstraZeneca R&D.
L.H.L. reports no disclosures related to this work. Outside the present
work: Grants from AstraZeneca, Vifor, Boston Scientific, Boehringer
Ingelheim, Novartis, MSD. Consulting for Vifor, AstraZeneca, Bayer,
Pharmacosmos, MSD, MedScape, Sanofi, Lexicon, Myokardia,
Boehringer Ingelheim, Servier, Edwards Life Sciences, Alleviant.
Speaker’s honoraria from Abbott, OrionPharma, MedScape, Radcliffe,
AstraZeneca, Novartis, Boehringer Ingelheim, Bayer. Patent and stock
ownership for AnaCardio. SJ.S. has received research grants from
Actelion, AstraZeneca, Corvia, and Novartis; and consulting fees
from Actelion, Amgen, AstraZeneca, Bayer, Boehringer-Ingelheim,
Cardiora, Eisai, [ronwood, Merck, Novartis, Sanofi, Tenax, and United
Therapeutics. CS.L. has received research support from Novo
Nordisk and Roche Diagnostics; and has consulted for Alleviant
Medical, Allysta Pharma, Amgen, AnaCardio AB, Applied
Therapeutics, AstraZeneca, Bayer, Biopeutics, Boehringer Ingelheim,
Boston Scientific, Bristol Myers Squibb, CardioRenal, Cytokinetics,
Darma Inc, EchoNous Inc, Eli Lilly, Impulse Dynamics, Intellia
Therapeutics, lonis Pharmaceutical, Janssen Research & Development
LLC, Medscape/WebMD Global LLC, Merck, Novartis, Novo
Nordisk, Prosciento Inc, Quidel Corporation, Radcliffe Group Ltd.,
Recardio Inc, ReCor Medical, Roche Diagnostics, Sanofi, Siemens
Healthcare Diagnostics, and Us2.ai. J.T. is supported by the National
University of Singapore Start-up grant, the tier 1 grant from the minis-
try of education and the CS-IRG New Investigator Grant from the
National Medical Research Council; has received research support
from AstraZeneca, consulting or speaker fees from Daiichi-Sankyo,
Boehringer Ingelheim, Roche diagnostics and Us2.ai, and owns patent
US-10702247-B2 related to the present work. All other authors have
no disclosures.

Data availability

Data from the HMC-QU-AMI study is publicly available. Data under-
lying this article from the MacKay cohort and PROMISE-HFpEF cannot
be shared publicly due to the privacy of individuals which participated in
the study.

References
1. Lang RM, Badano LP, Mor-Avi V, Afilalo ], Armstrong A, Ernande L, et al
Recommendations for cardiac chamber quantification by echocardiography in adults:
an update from the American society of echocardiography and the European associ-
ation of cardiovascular imaging. Eur Heart | Cardiovasc Imaging 2015;16:233-271.

. Lyon AR, Lépez-Fernandez T, Couch LS, Asteggiano R, Aznar MC, Bergler-Klein J, et al.
2022 ESC guidelines on cardio-oncology developed in collaboration with the European
hematology association (EHA), the European society for therapeutic radiology and on-
cology (ESTRO) and the international cardio-oncology society (IC-OS): developed by
the task force on cardio-oncology of the European society of cardiology (ESC). Eur
Heart | 2022;43:4229-4361.

. Voigt JU, Pedrizzetti G, Lysyansky P, Marwick TH, Houle H, Baumann R, et al. Definitions
for a common standard for 2D speckle tracking echocardiography: consensus docu-
ment of the EACVI/ASE/industry task force to standardize deformation imaging. | Am
Soc Echocardiogr 2015;28:183-193.

N

w

20z Arenugad | uo Josn Ausioaun muNL Aq L8E6ZY./09/L/S/aI0Me/YPlya/Woo dno-owepese//:sdny Wwoly papeojumoq


http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztad072#supplementary-data

68

P.L. Myhre et al.

>

wv

o

~

®

o

-
-

12

Costa SP, Beaver TA, Rollor JL, Vanichakarn P, Magnus PC, Palac RT. Quantification of
the variability associated with repeat measurements of left ventricular two-dimensional
global longitudinal strain in a real-world setting. | Am Soc Echocardiogr 2014;27:50-54.

. Tromp J, Seekings PJ, Hung CL, Iversen MB, Frost M, Ouwerkerk W, et al. Automated

interpretation of systolic and diastolic function on the echocardiogram: a multicohort
study. Lancet Digit Health 2022;4:e46—e54.

Tromp J, Bauer D, Claggett BL, Frost M, Iversen MB, Prasad N, et al. A formal validation
of a deep learning-based automated workflow for the interpretation of the echocardio-
gram. Nat Commun 2022;13:6776.

Salte IM, @stvik A, Smistad E, Melichova D, Nguyen TM, Karlsen S, et al. Artificial intel-
ligence for automatic measurement of left ventricular strain in echocardiography. JACC
Cardiovasc Imaging 2021;14:1918-1928.

Zhang |, Gajjala S, Agrawal P, Tison GH, Hallock LA, Beussink-Nelson L, et al. Fully
automated echocardiogram interpretation in clinical practice. Circulation 2018;138:
1623-1635.

Knackstedt C, Bekkers SC, Schummers G, Schreckenberg M, Muraru D, Badano LP,
et al. Fully automated versus standard tracking of left ventricular ejection fraction and
longitudinal strain: the FAST-EFs multicenter study. | Am Coll Cardiol 2015;66:
1456-1466.

. Salte IM, @stvik A, Olaisen SH, Karlsen S, Dahlslett T, Smistad E, et al. Deep learning for

improved precision and reproducibility of left ventricular strain in echocardiography: a
test-retest study. | Am Soc Echocardiogr 2023;36:788-799.

. Sengupta PP, Shrestha S, Berthon B, Messas E, Donal E, Tison GH, et al. Proposed re-

quirements for cardiovascular imaging-related machine learning evaluation (PRIME): a
checklist: reviewed by the American college of cardiology healthcare innovation council.
JACC Cardiovasc Imaging 2020;13:2017-2035.

Hung CL, Gongalves A, Lai YJ, Lai YH, Sung KT, Lo Cl, et al. Light to moderate habitual
alcohol consumption is associated with subclinical ventricular and left atrial mechanical

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

dysfunction in an asymptomatic population: dose-response and propensity analysis. | Am
Soc Echocardiogr 2016;29:1043—-1051.e1044.

Shah §J, Lam CSP, Svedlund S, Saraste A, Hage C, Tan RS, et al. Prevalence and correlates
of coronary microvascular dysfunction in heart failure with preserved ejection fraction:
PROMIS-HFpEF. Eur Heart | 2018;39:3439-3450.

Degerli A, Zabihi M, Kiranyaz S, Hamid T, Mazhar R, Hamila R, et al. Early detection
of myocardial infarction in low-quality echocardiography. IEEE Access 2021;9:
34442-34453.

Degerli A, Kiranyaz S, Hamid T, Mazhar R, Gabbouj M. Early myocardial infarction de-
tection over multi-view echocardiography. Biomed Signal Process Control 2024;87:
105448.

Bland JM, Altman DG. Statistical methods for assessing agreement between two meth-
ods of clinical measurement. Lancet 1986;1:307-310.
https:/www.tomtec.de/products/application-finder/autolv.
https:/www.ge.com/news/press-releases/ge-healthcare-receives-fda-clearance-vivid-
ultra-edition-ai-powered-cardiovascular.

Ostvik A, Salte IM, Smistad E, Nguyen TM, Melichova D, Brunvand H, et al. Myocardial
function imaging in echocardiography using deep learning. IEEE Trans Med Imaging 2021;
40:1340-1351.

Ouyang D, He B, Ghorbani A, Yuan N, Ebinger J, Langlotz CP, et al. Video-based Al for
beat-to-beat assessment of cardiac function. Nature 2020;580:252-256.

Maleki F, Muthukrishnan N, Ovens K, Reinhold C, Forghani R. Machine learning algo-
rithm validation: from essentials to advanced applications and implications for regula-
tory certification and deployment. Neuroimaging Clin N Am 2020;30:433-445.
Ghorbani A, Ouyang D, Abid A, He B, Chen JH, Harrington RA, et al. Deep learning in-
terpretation of echocardiograms. NPJ Digit Med 2020;3:10.
https:/www.accessdata.fda.gov/cdrh_docs/pdf21/K210791.pdf.

20z Arenugad | uo Josn Ausioaun muNL Aq L8E6ZY./09/L/S/aI0Me/YPlya/Woo dno-owepese//:sdny Wwoly papeojumoq


https://www.tomtec.de/products/application-finder/autolv
https://www.ge.com/news/press-releases/ge-healthcare-receives-fda-clearance-vivid-ultra-edition-ai-powered-cardiovascular
https://www.ge.com/news/press-releases/ge-healthcare-receives-fda-clearance-vivid-ultra-edition-ai-powered-cardiovascular
https://www.accessdata.fda.gov/cdrh_docs/pdf21/K210791.pdf

	External validation of a deep learning algorithm for automated echocardiographic strain measurements
	Introduction
	Methods
	Derivation of DL-based workflow
	DL-based workflow for left ventricular strain
	Quality assurance
	External validation of GLS in a real-world cohort
	External validation of GLS in HFpEF
	External validation of regional strain in patients with suspected acute myocardial infarction
	Statistical methods

	Results
	External validation GLS in a real-world cohort
	External validation GLS in HFpEF
	External validation cohort for regional strain

	Discussion
	Supplementary material
	Acknowledgements
	Author contributions
	Funding
	Data availability
	References




