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BACKGROUND Echocardiographic strain measurements require extensive operator experience and have significant

intervendor variability. Creating an automated, open-source, vendor-agnostic method to retrospectively measure global

longitudinal strain (GLS) from standard echocardiography B-mode images would greatly improve post hoc research

applications and may streamline patient analyses.

OBJECTIVES This study was seeking to develop an automated deep learning strain (DLS) analysis pipeline and validate

its performance across multiple applications and populations.

METHODS Interobserver/-vendor variation of traditional GLS, and simulated effects of variation in contour on speckle-

tracking measurements were assessed. The DLS pipeline was designed to take semantic segmentation results from

EchoNet-Dynamic and derive longitudinal strain by calculating change in the length of the left ventricular endocardial

contour. DLS was evaluated for agreement with GLS on a large external dataset and applied across a range of conditions

that result in cardiac hypertrophy.

RESULTS In patients scanned by 2 sonographers using 2 vendors, GLS had an intraclass correlation of 0.29 (�0.01 to

0.53, P ¼ 0.03) between vendor measurements and 0.63 (0.48-0.74, P < 0.001) between sonographers. With minor

changes in initial input contour, step-wise pixel shifts resulted in a mean absolute error of 3.48% and proportional strain

difference of 13.52% by a 6-pixel shift. In external validation, DLS maintained moderate agreement with 2-dimensional

GLS (intraclass correlation coefficient [ICC]: 0.56, P ¼ 0.002) with a bias of �3.31% (limits of agreement: �11.65% to

5.02%). The DLS method showed differences (P < 0.0001) between populations with cardiac hypertrophy and had

moderate agreement in a patient population of advanced cardiac amyloidosis: ICC was 0.64 (0.53-0.72), P < 0.001, with

a bias of 0.57%, limits of agreement of �4.87% to 6.01% vs 2-dimensional GLS.

CONCLUSION The open-source DLS provides lower variation than human measurements and similar quantitative

results. The method is rapid, consistent, vendor-agnostic, publicly released, and applicable across a wide range of

imaging qualities. (J Am Coll Cardiol Img 2024;-:-–-) © 2024 by the American College of Cardiology Foundation.
94
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ABBR EV I A T I ON S

AND ACRONYMS

2D = 2-dimensional

3D = 3-dimensional

A4C = apical 4-chamber

DLS = deep-learning strain

GLS = global longitudinal

strain

ICC = intraclass correlation

coefficient

LOA = limits of agreement

LV = left ventricle

MAE = mean absolute error
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M yocardial strain can be used to
identify subtle findings of cardiac
dysfunction.1 It has specific ap-

plications in the longitudinal monitoring of
cardiotoxic therapies as well as in assessing
cardiomyopathies.2 Compared with conven-
tional measures of left ventricular (LV) func-
tion such as ejection fraction, longitudinal
strain has additional prognostic value for
predicting cardiovascular outcomes.3-5 Strain
is formally defined as the change in
the length (L) of a myocardial segment rela-
tive to its initial diastolic length (L0):
strain ¼ (L � L0)/L0.6 However, the method
177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216
of measuring the length of a myocardial segment
can significantly vary across vendors, impacting the
reproducibility of assessment of strain across studies
and vendors.7

In echocardiography, speckle tracking, which is
based on block-matching algorithms, is used to
calculate longitudinal strain1; however, the applica-
tion of this method depends on proprietary software
implementations and requires experience for optimal
placement of initial contours.8 Such heterogeneity
results in significant intervendor/intravendor vari-
ability and limits the ability to compare assessments
over time and analyses across ultrasound manufac-
turers and software vendors.9,10 For example, within
cardio-oncology, differences as small as a relative
change of $15% (3% absolute change from a global
longitudinal strain [GLS] of 20%) can be clinically
significant.2 Given the widespread emergence of
artificial intelligence anatomical segmentation
models in medicine,11 adapting strain measurement
to leverage these models may improve accessibility
and generalizability beyond traditional block-match-
ing–based approaches. Creation of an automated,
open-source, vendor-agnostic method to measure
GLS from standard B-mode images would greatly
improve research applications and may streamline
patient analyses.

In this study, we aimed to develop an accessible
strain assessment pipeline that leverages an auto-
mated, deep learning semantic segmentation model
in order to reduce interobserver and vendor vari-
ability. We analyze limitations in current strain
approaches, present an open-source deep learning–
based solution to quantify LV longitudinal strain,
and evaluate its performance against traditional
manual strain measurements in both internal and
external validation cohorts. We hypothesized that our
method of deep learning strain (DLS) assessment
could provide consistent and robust strain measure-
ments in an automated fashion, without the need for
FLA 5.2.0 DTD � JCMG4657_proof � 5 Ma
observer-specific frame selection or segmentation,
and vendor-specific proprietary motion estimation.

METHODS

QUANTIFYING CLINICAL VARIATION IN TRADITIONAL

STRAIN. Intervendor and observer variability is a
challenge for standard GLS. The variability in stan-
dard clinical measurements of GLS was assessed us-
ing consecutive image acquisitions performed by 2
sonographers with advanced cardiac certification and
more than 15 years of experience. Both sonographers
scanned the same 43 unique patients using a Philips
Epiq 7C (GLS in QLAB, version 10.2) and a GE Vivid
E95 (GLS in EchoPAC, version 2.01) ultrasound system
and assessed 2-dimensional (2D)-GLS on the acquired
videos using the corresponding speckle-tracking
software packages, resulting in a total of 4 2D-GLS
values per patient. The sonographers were blinded to
each other’s acquisitions and results, and both scan-
ned each patient on the same day to acquire a total of
4 acquisitions per patient in a prospective manner.

Manual contour placement or adjustment of auto-
mated contours as necessary for most speckle-
tracking approaches also has inherent variability. To
assess the impact of minor variations in contouring
on 2D-GLS, we measured the quantity of change in
2D-GLS after shifting the input contour by specified
pixel distances. Original end-diastolic contours from
262 clinical cases were taken, and pixel-by-pixel
translations in the positive x-axis direction were
created from 0 to 6 pixels. Each end-diastolic contour
was provided as the baseline contour to a validated
custom speckle-tracking–based approach (code and
validation available at Chang),12 with measurement of
2D-GLS by 2D normalized cross-correlation algorithm
with a sliding frame of reference implemented in
MATLAB 2022b. Mean absolute error and proportional
difference was measured compared with the initial
GLS measurement.

DEEP LEARNING ALGORITHM DESIGN AND

IMPLEMENTATION. We adapted EchoNet-Dynamic, a
deep learning–based segmentation network tailored
to analyzing echocardiograms,13 to identify the
endocardium-blood pool interface across the
cardiac cycle using apical 4-chamber (A4C) view
echocardiographic videos (Central Illustration).
EchoNet-Dynamic was trained on 7,465 A4C view
echocardiographic videos of 7,465 unique patients
from Stanford Healthcare and validated internally on
an additional 2,565 videos. The dataset is publicly
available in Ouyang14 and has been previously
described in detail.13 Briefly, the model is a convolu-
tional neural network with atrous convolutions to
rch 2024 � 12:19 pm � ce
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perform semantic segmentation identifying the blood
pool of the LV. The model was trained using manual
segmentations of the LV at end-systole and end-
diastole with weak supervision to create frame-level
semantic segmentation (eg, the blood pool is identi-
fied in all frames within the provided echocardiogra-
phy clip) (Central Illustration A). Following the
segmentation performed on an A4C view video, a
bounding box is placed over the segmented LV blood
pool, which can be used to identify the mitral annular
plane as a flat section of the contour (Central Illus-
tration B). By measuring the perimeter of the segment
with excluding the mitral annular plane, we can
identify the longest and shortest lengths of the
endocardial contour in a single cardiac cycle (Central
Illustration D) to calculate per-beat strain and the
average strain over all of the cardiac cycles within a
single video. The methodology can be thought of as a
deterministic measurement of change in the blood
pool contour, applied to an output from a deep
learning–based semantic segmentation model and,
therefore, could be easily adapted to other segmen-
tation models.

Given that the exact boundary of the LV may vary
due to the presence of trabeculations, we tested
varying degrees of dilation of the contour and
their effect on reproducibility (Central Illustration C).
The length of the contour was quantified in each
frame. Using Python’s SciPy function scipy.-
signal.find_peaks15 over a 32-frame sliding window,
we identified the maximum and minimum lengths of
the contour, corresponding with end-systole and end-
diastole. Parameter tuning was performed using the
repeated measures cohort by identification of lowest
variability between cardiac cycle-to-cycle repeated
measurements of strain by DLS within individual
video acquisitions. Dilation was used to optimize the
tracked region to be closest to the mid-myocardium
instead of the endocardium or epicardium, consis-
tently with vendor-specific approaches. For the
former, 0-pixel dilation (ie, no dilation) was
compared with 3- and 5-pixel dilation. When dilated
with 0 pixels, the mean SD of cycle-to-cycle DLS was
LUSTRATION Continued

n of the DLS pipeline, which comprises the following consecutive steps: (a) se

clude the mitral annular plane from the LV blood pool contour, (c) dilation of

calculating strain from the contour length tracing after applying the Savitzky

large external dataset from Semmelweis University, multiple LV hypertrophy-

d cardiac amyloidosis patients from Cedars-Sinai Medical Center. 2D ¼ 2 dim

thy; DLS ¼ deep learning–derived strain; GLS ¼ global longitudinal strain; H
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2.57%, whereas 3-pixel and 5-pixel dilation resulted
in a mean SD of 2.02% and 2.50%, respectively. Given
the expected smooth contraction and relaxation of
the LV, we evaluated multiple smoothing filters,
including Savitzky-Golay (Savgol), convolve average,
moving average, and low-pass, to reduce frame-to-
frame variance in length across a cardiac cycle
(Central Illustration E). The mean with the Savgol filter
was 1.35%, with the low-pass filter was 1.52%, with
the convolve average filter was 1.40%, and with the
moving average filter was 1.89%. Therefore, the Sav-
gol filter with 3-pixel dilation was chosen for the final
pipeline given the lowest variation between multiple
measurements. Algorithms were implemented in Py-
thon (version 3.9.5, Python Software Foundation)
using open-source libraries, including PyTorch, SciPy,
Torchvision, and OpenCV.16 The code is publicly
available in Ouyang.17

2D AND 3D EXTERNAL VALIDATION OF THE DLS

ALGORITHM. The DLS algorithm was applied to the
A4C view videos of patients who underwent clinically
indicated 2D and 3D echocardiographic examination
at Semmelweis University (Budapest, Hungary) be-
tween November 2013 and March 2021. This external
cohort consisted of patients with different cardiac
diseases (such as heart failure, cardiomyopathies, and
valvular heart disease), healthy subjects with no
cardiovascular risk factors or established cardiac dis-
eases, and athletes. DLS was compared with 2D
echocardiography-derived GLS (2D-GLS) measured on
the same A4C view videos using the AutoStrain LV
(TomTec Imaging Systems) speckle-tracking software
package, and 3-dimensional (3D) echocardiography-
derived GLS (3D-GLS) assessed using the 4D
LV-Analysis 3 (TomTec Imaging Systems) software
package. All videos were reviewed by an experienced
sonographer who assessed the image quality using a
5-point Likert scale (1 ¼ nondiagnostic, 2 ¼ poor,
3 ¼ moderate, 4 ¼ good, 5 ¼ excellent).

DLS ANALYSIS OF DISEASE PHENOTYPES. To test
potential clinical applicability of the algorithm, we
acquired echocardiography videos from patients in
gmentation of the left ventricular (LV) blood pool, (b) application of

the contour, (d) calculating the length of the contour in each frame

-Golay smoothing filter. The algorithm is then validated in 3 clinical

associated conditions from Stanford University cardiology specialty

ensional; 3D ¼ 3 dimensional; CA ¼ cardiac amyloidosis;

HD ¼ hypertensive heart disease.
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Stanford’s sports cardiology clinic, hypertrophic car-
diomyopathy clinic, cardiac amyloidosis clinic, and
with a diagnosis of hypertension. DLS was applied in
each group, and we assessed for the ability to differ-
entiate each population from each other. In parallel,
we identified a population of Cedars-Sinai patients
with more severe cardiac amyloidosis and performed
standard 2D-GLS and DLS in these patients to assess
performance in an advanced disease population.

STATISTICAL ANALYSES. Continuous variables are
expressed as mean � SD, whereas categorical vari-
ables are reported as frequencies and percentages.
For the 43 cases with 4 strain measurements per-
formed by 2 sonographers with 2 machines, we
compared the average values between the 2 readers
and between measurements made on the 2 machines,
reporting intraclass correlation coefficients (ICC). To
assess the effect of baseline contour variability, we
calculated mean absolute error and proportional dif-
ferences between each translated vs initial image. In
the external validation cohort, we compared DLS with
2D-GLS and 3D-GLS using ICC and Bland-Altman an-
alyses. In addition, linear regression models were
applied to assess the impact of subjective image
quality on measurement agreement. We compared
DLS between athletes and the 3 cohorts with LV hy-
pertrophy of different etiologies using unpaired
Student’s t-tests. Finally, we also compared DLS with
2D-GLS in a cohort of advanced cardiac amyloidosis
patients using ICC and Bland-Altman analyses. All
ICC estimates were 2-way mixed-effects models
(random effects: study, fixed effects: rater/method),
assessing absolute agreement with single rater/mea-
surement.18 Statistical analyses were performed in
R (version 4.1.1, R Foundation for Statistical
Computing). The study was approved by Stanford
University, Semmelweis University (#190/2020), and
Cedars-Sinai Institutional Review Boards.

RESULTS

VARIABILITY OF TRADITIONAL STRAIN IN CLINICAL

PRACTICE. To assess variation in measurement of
traditional strain in clinical practice, we identified a
cohort of 43 patients (55 � 17 years, 38% women) to
undergo repeated serial imaging on the same day.
Within the cohort, 4 repeated measurements were
performed for each patient, consisting of 2 sonogra-
phers performing strain analysis using both Philips
and GE machines and software. The mean GLS
measured by readers 1 and 2 was �18.00% � 2.64%
and –17.90% � 2.41%, respectively. Measurements on
Philips and GE had mean of �19.31% � 1.74%
and �16.58% � 1.39%, respectively (Figure 1). The ICC
FLA 5.2.0 DTD � JCMG4
between readers 1 and 2 was moderate: 0.63
(0.48-0.74), P < 0.001. The ICC between GE and Phi-
lips systems was 0.29 (–0.01 to 0.53), P ¼ 0.03,
showing poor agreement across the different videos
of the same patients.

SIMULATION OF PERFORMANCE PERTURBED BY

VARIATION IN INITIAL CONTOUR. 2D-GLS using the
initial (ie, the reference) contour was –22.92% �
3.57%. The mean absolute error increased with each
shift, from a 1-pixel shift (mean absolute difference,
1.93%; proportional difference vs. the mean, 8.19%)
to a 6-pixel shift (mean absolute difference, 3.48%;
proportional difference vs. the mean, 13.52%), sug-
gesting intolerance for initial contour tracing vari-
ability (Figure 2).

2D AND 3D EXTERNAL VALIDATION OF THE DLS

ALGORITHM. In the external center, we initially
identified 3,888 videos from 1,017 examinations of
907 patients that seemed suitable for analysis.
Nevertheless, several videos had to be excluded due
to the following reasons (Supplemental Figure 1):
1) overt changes in the imaging field settings (eg,
depth change or rotation; n ¼ 76); 2) acquired from an
right ventricle–focused view inadequately capturing
the LV (n ¼ 835); 3) 1 or more LV segments not
captured within the imaging sector (n ¼ 202), 4) sig-
nificant foreshortening (n ¼ 88), 5) failure of con-
touring due to other issues (n ¼ 182), or 6) unfeasible
manual assessment of 2D-GLS or 3D-GLS (n ¼ 147).
Accordingly, the final external validation set
comprised 2,358 videos from 894 examinations of 791
patients (46 � 24 years, 37% women) (Table 1).

2D-GLS ranged from �1.30% to �31.12%, with a
mean of �16.78% � 5.38%, 3D-GLS ranged
from �1.16% to �31.83%, with a mean of �17.75% �
4.91%, whereas DLS ranged from �6.10% to �38.94%,
with a mean of �20.10% � 5.07%. The ICC between
DLS and 2D-GLS measurements was 0.56 (0.19-0.74)
(P ¼ 0.002), with a bias of �3.31%, limits of agreement
(LOA) �11.65% to 5.02%, and mean absolute error
(MAE) of 4.29% (Figure 3A). Between DLS and 3D-GLS,
the ICC was 0.58 (0.37-0.71), P < 0.001, with a bias
of �2.35%, LOA of �10.62% to 5.91%, and MAE of
3.78% (Figure 3B). Interestingly, although the corre-
lation between DLS and both GLS measurements was
similar, the absolute difference between DLS and
2D-GLS was significantly associated with subjective
image quality (ß, �0.89; SE, 0.10; P < 0.001), whereas
the absolute difference between DLS and 3D-GLS was
not (ß, 0.12; SE, 0.10; P ¼ 0.23) (Supplemental
Figure 2). No difference in performance was seen in
patients with recordings acquired using GE vs. Philips
ultrasound systems.
657_proof � 5 March 2024 � 12:19 pm � ce
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PERFORMANCE ON CLINICAL COHORTS. Strain has
been previously shown to vary in different forms of
cardiomyopathy.19-22 We identified echocardiography
videos from 64 athletes, 1,590 patients with
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hypertrophic cardiomyopathy, 2,580 with hyperten-
sion, and 1,104 with amyloidosis and performed DLS.
The DLS in the athletes was the greatest (�20.80% �
3.86%), followed by patients with hypertrophic car-
diomyopathy (�17.75% � 4.44%), hypertension
(�17.21% � 3.99%), and amyloidosis (�16.37% �
4.31%) in decreasing order. Comparing the athletes
with the other disease cohorts showed a significant
difference for all 3 disease cohorts compared with
both the athlete cohort, as well as between pop-
ulations (P < 0.0001 for all) (Figure 4). Noting that we
were unable to retrospectively perform GLS on these
patients, we also analyzed an additional external
validation population of 102 advanced cardiac amy-
loid disease patients with a total of 186 echocardiog-
raphy studies. The 2D-GLS mean was �9.40 � 3.64
and DLS was �9.08 � 2.89. ICC was 0.64 (0.53-0.72),
P < 0.001, with a bias of 0.57%, LOA of �4.87 to 6.01,
and MAE of 2.27% (Figure 5).

DISCUSSION

In this article, we present a vendor-independent,
open-source, deep learning–based strain algorithm,
which can be used to modify semantic segmentation
models. In our experiments, we demonstrate tradi-
tional strain has significant intervendor variation and
even minor variation in initial contour results in
significantly different measurements of GLS. In
contrast, frame-by-frame contouring of the DLS
method may reduce the impact of single-frame errors
and avoids inherent manual variation. We compared
the DLS values with conventional GLS measurement
on cohorts of patients to show good concordance as
well as the ability to distinguish between types of
cardiomyopathy. Our DLS method performed consis-
tently and within the variation seen between
different commercial GLS vendors.

In the cohort of patients undergoing repeated GLS
evaluation by different sonographers and using
different ultrasound systems, we continued to see
significant variation in measuring strain. This varia-
tion may be explained by how nearly visually
imperceptible changes in initial LV contour can result
in large changes in measurement of GLS (eg, a 12.58%
difference at a 5-pixel shift in simulation experi-
ments). We subsequently developed our own fully
automated open-source deep learning–based algo-
rithm to calculate strain, and show that our DLS al-
gorithm correlated well with expert measurements of
2D and 3D strain on an external validation cohort.

We noted that our algorithm tended to over-
estimate strain in the large external cohort. Although
some of the bias is inherent to the DLS algorithm, as it
rch 2024 � 12:19 pm � ce
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TABLE 1 Demographic, Clinical, and Echocardiographic

Characteristics of the Training and External Validation Datasets

Original Training
Dataset

(n ¼ 7,465,
7,465 Videos)

External Validation
Dataset

(n ¼ 7991,
2,358 Videos)

Age, y 70 � 22 46 � 24

Female 3,662 (49) 290 (37)

Heart failure 2,113 (28) 235 (30)

Diabetes mellitus 1,474 (20) 108 (14)

Hypercholesterolemia 2,463 (33) 221 (28)

Hypertension 2,912 (39) 310 (39)

Renal disease 1,475 (20) 112 (14)

Coronary artery disease 1,674 (22) 102 (13)

End-diastolic volume, mL 91.0 � 46.0 145.2 � 58.8a

End-systolic volume, mL 43.2 � 36.1 71.9 � 49.1a

Ejection fraction, % 55.7 � 12.5 53.4 � 12.3a

Echocardiographic machine

Philips Epiq 7C 4,832 (65)b 328 (14)b

Philips Epiq 7G 0 (0)b 546 (23)b

Philips iE33 2,489 (33)b 96 (4)b

Philips CX50 62 (1)b 0 (0)b

Philips Epiq 5G 44 (1)b 0 (0)b

GE Vivid E95 0 (0)b 1,378 (58)b

Other 38 (1)b 10 (0)b

Values are mean � SD or n (%). aMeasured with 3-dimensional echocardiography.
bThe number and percentage of videos acquired using the given echocardiographic
machine.
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has an operating and calibration range, we also
observed specific errors may worsen results at ex-
tremes of function. In patients with hyperdynamic LV
function, segmentation might be challenging for the
deep learning algorithm, particularly if mid-chamber
obliteration occurs, as the algorithm may only
obtain part of the LV cavity because segmentation is
typically restricted to a single shape. At lower ex-
tremes of function, image quality may be reduced by
anatomical deviations due to disease, and the accu-
rate selection of end-systolic and end-diastolic
frames on the smoothed endocardial length curve
may be more difficult. For example, in patients with
minimal change in the contour length, DLS may be
overestimated as the algorithm selects the numeri-
cally greatest differences instead of the physiological
identification of end-systole and -diastole. In addi-
tion, in patients with smaller LV, these errors may be
magnified. Notably, image quality is an important
factor, as worse image quality was associated with
weaker ICC and higher absolute error values between
DLS and 2D-GLS. Thus, it may be reasonable to visu-
ally assess the quality of the segmentation or the se-
lection of end-diastolic and end-systolic frames,
especially in patients at the extremes of function, and
to exercise greater caution when attempting to
FLA 5.2.0 DTD � JCMG4
directly compare DLS measurements with GLS
measurements than when comparing within DLS
measurements.

We demonstrated that DLS was significantly
different between the cohorts of phenotypic mimics
of LV hypertrophy; however, we note the high degree
of overlap between the distributions in strain values,
particularly between the cardiac amyloidosis, hyper-
trophic cardiomyopathy, and hypertension cohorts
(Figure 4). Several prior studies have applied standard
speckle-tracking strain in attempting to differentiate
these groups from healthy controls and, in some
cases, from each other.23,24 In general, statistically
significant differences were observed, particularly
between athletes, hypertensive heart disease, and
hypertrophic cardiomyopathy, but frequently with
overlapping distributions, suggesting a potential in-
cremental value of 2D-GLS but not its use as a stand-
alone diagnostic approach, similar to our study.25,26

Other studies leverage layer-specific (eg, either
endocardial or epicardial strain in hypertrophic car-
diomyopathy) or segmental strains (eg, apical vs.
basal strain patterns in amyloidosis) to improve
diagnosis,27-30 which our algorithm is unable to pro-
vide at this time. We also noted that other studies
reported more severely impaired GLS values in hy-
pertrophic cardiomyopathy or cardiac amyloidosis
than those we observed in our cohorts,24,31,32 which
we believe is attributable to the differences in selec-
tion criteria. Our cohorts were drawn from subspe-
cialty referral clinics and may include an earlier range
of clinical disease status, vs potentially more
advanced disease in the previous literature.27-30 Un-
fortunately, GLS was not measured in our clinical
cohorts; thus, our ability to confirm this is limited.
Nonetheless, to assess the performance of our DLS
algorithm in more advanced diseases, we also pro-
spectively analyzed a cohort of patients with
advanced cardiac amyloidosis who had strain values
more in line with prior literature. Agreement results
were similar to those in the external cohort, with a
mild bias toward lower strain values and a moderate
ICC, suggesting that the performance of the DLS al-
gorithm is preserved in this more advanced clinical
cohort.

Deep learning approaches to semantic segmenta-
tion are robust to even poor video quality,13 and could
potentially measure strain in low-quality clinical
videos where speckle-tracking or optical flow fails. In
addition, this pipeline could be adapted to other se-
mantic segmentation models, allowing generalization
to calculate right ventricular or atrial strain. There
have been previous publications regarding deep
657_proof � 5 March 2024 � 12:19 pm � ce
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FIGURE 3 Comparison of 2D and 3D Echocardiography-based GLS vs DLS on External Validation Cohort by Bland-Altman and

Correlation Plots
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learning–based strain, both in echocardiography and
cardiac magnetic resonance imaging. Focusing on the
echocardiography approaches, a series of manuscripts
by Østvik and Salte and colleagues33-36 has presented
FLA 5.2.0 DTD � JCMG4657_proof � 5 Ma
the development of a deep learning–based approach,
culminating clinical validation with excellent perfor-
mance. Their approach leverages a series of neural
networks to perform view classification, identify the
rch 2024 � 12:19 pm � ce



FIGURE 4 Violin Plots of Clinical Groups’ Deep Learning Strain Values
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FIGURE 5 Comparison of 2D Echocardiography-based GLS vs DLS on Internal

Advanced Amyloidosis Cohort by Bland-Altman and Correlation Plots
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timings in the cardiac cycle, perform 4-class seg-
mentation (LV blood pool, LV myocardium, left atrial
myocardium, and background), and apply an optical
flow field to calculate strain. This approach has higher
complexity than ours, which uses a single neural
network performing 2-class segmentation (LV blood
pool and background) in a deterministic pipeline to
assess GLS. The simplicity of our current approach
has its advantages (eg, potentially broader/simpler
implementation and lower computation re-
quirements) but comes at the expense of slightly
lower accuracy compared with the performance of
Østvik and Salte’s method, although they performed
validation only in a smaller internal cohort.33 Similar
publications leveraging optical-flow–focused neural
networks have been trialed in smaller populations,
with good agreement.37-39 Our algorithm enables
rapid retrospective batch analysis of echocardio-
graphic videos, which may have applications in both
research and clinical workflow while eliminating
variance related to human-related measurement.
Reference ranges of strain are specific to each vendor
and its strain analysis package, which can be limiting
given the black-box nature of those software solu-
tions. Our DLS algorithm produces comparable strain
values within the reference range suggested by pro-
fessional societies for healthy individuals and is
open-source and fully automated, allowing the
adaptation, iterative improvement, and easy estab-
lishment of normal ranges using local data. Given the
lack of algorithmic transparency of the commercially
available speckle-tracking packages, we showed our
algorithm provided similar results to standard ap-
proaches in a large and heterogeneous cohort. The
direct measurement and identification of the endo-
cardial contour are both easily understandable and
can be visually inspected for sources of error. In
addition, the open-source methods of our technique
and development using publicly available datasets
may improve understandability over proprietary
methods.

There are a few potential limitations to our meth-
odology. Given the dependence on appropriate deep
learning segmentation, we excluded videos/segmen-
tations for which deep learning appeared grossly
inaccurate. Noting that the videos used were not ac-
quired specifically with strain in mind, not all cases
were able to be accurately contoured, particularly if
the video in question did not show all segments of the
LV, foreshortening occurred during the clip, or the
lateral wall moved outside of the ultrasound sector
during a cardiac cycle, which was the case in many
segmentation failures resulting in multiple cases be-
ing excluded. The tuning of the pipeline parameters
FLA 5.2.0 DTD � JCMG4
(ie, selection of a Savitzky-Golay filter and 3-pixel
dilation) was empiric, and although they attempt to
approximate anatomical aspects such as beat-to-beat
variability and mid-myocardial contours, they are
imperfect measures for reflecting patient-level anat-
omy and physiology. Inherent differences in meth-
odology are present: our proof-of-concept study
relies on the A4C view alone, whereas standard
2D-GLS uses all 3 apical views, and 3D-GLS uses 3D
acquisitions. However, the measurements are com-
parable, and the methodology and the codebase are
657_proof � 5 March 2024 � 12:19 pm � ce
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PERSPECTIVES

COMPETENCY IN MEDICAL KNOWLEDGE: This

study quantifies strain agreement by repeated

measures with multiple vendors and sonographers,

showing that intervendor agreement is especially

poor. This study highlights the potential role that an

open-source, non–vendor-associated retrospective

strain measurement could play in improving patient

management. This method is applied within clinical

datasets demonstrating acceptable agreement with

standard methods and potential clinical applications.

TRANSLATIONAL OUTLOOK: The code and

training data for the study are made publicly

available. Further development of the DLS method to

assess multiple views for GLS, improved tolerance of

suboptimal image quality, and clinical integration are

essential future steps.
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easily generalizable to other views. In addition, our
study focused on a single ventricular measurement of
GLS, without sub-segmentation by region, which may
perform differently from block-matching/optical
flow-based approaches.

In conclusion, we present a deep learning–derived
strain measurement based on a deep learning–
derived endocardial contour. The results show that
this measurement can be performed reliably with low
variance and within the range of standard measure-
ments. In parallel, we show even subtle changes to
input images can significantly change strain calcu-
lated by speckle tracking, and highlight the impor-
tance of high image quality for conventional strain
approaches. The DLS method is rapid, consistent,
vendor-agnostic, publicly available, and applicable
across a wide range of image qualities.
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