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Manuel A. Morales, PhD,1 Julia Cirillo, BS,1 Kei Nakata, MD, PhD,1

Selcuk Kucukseymen, MD,1 Long H. Ngo, PhD,1 David Izquierdo-Gardia, PhD,2,3

Ciprian Catana, MD, PhD,2 and Reza Nezafat, PhD1*

Background: Myocardial feature tracking (FT) provides a comprehensive analysis of myocardial deformation from cine balanced
steady-state free-precession images (bSSFP). However, FT remains time-consuming, precluding its clinical adoption.
Purpose: To compare left-ventricular global radial strain (GRS) and global circumferential strain (GCS) values measured
using automated DeepStrain analysis of short-axis cine images to those calculated using manual commercially available FT
analysis.
Study Type: Retrospective, single-center.
Population: A total of 30 healthy subjects and 120 patients with cardiac disease for DeepStrain development. For evalua-
tion, 47 healthy subjects (36 male, 53 � 5 years) and 533 patients who had undergone a clinical cardiac MRI (373 male,
59 � 14 years).
Field Strength/Sequence: bSSFP sequence at 1.5 T (Phillips) and 3 T (Siemens).
Assessment: Automated DeepStrain measurements of GRS and GCS were compared to commercially available FT (Circle,
cvi42) measures obtained by readers with 1 year and 3 years of experience. Comparisons were performed overall and
stratified by scanner manufacturer.
Statistical Tests: Paired t-test, linear regression slope, Pearson correlation coefficient (r).
Results: Overall, FT and DeepStrain measurements of GCS were not significantly different (P = 0.207), but measures of
GRS were significantly different. Measurements of GRS from Philips (slope = 1.06 [1.03 1.08], r = 0.85) and Siemens
(slope = 1.04 [0.99 1.09], r = 0.83) data showed a very strong correlation and agreement between techniques. Measure-
ments of GCS from Philips (slope = 0.98 [0.98 1.01], r = 0.91) and Siemens (slope = 1.0 [0.96 1.03], r = 0.88) data similarly
showed a very strong correlation.
The average analysis time per subject was 4.1 � 1.2 minutes for FT and 34.7 � 3.3 seconds for DeepStrain, representing a
7-fold reduction in analysis time.
Data Conclusion: This study demonstrated high correlation of myocardial GCS and GRS measurements between freely
available fully automated DeepStrain and commercially available manual FT software, with substantial time-saving in the
analysis.
Evidence Level: 3
Technical Efficacy: Stage 3

J. MAGN. RESON. IMAGING 2022.

Cardiovascular disease is the leading cause of morbidity
and mortality.1 The left ventricular ejection fraction

(LVEF) is one of the most widely used indices to assess the
blood pumping function of the heart. However, functional
alterations may exist without reductions in LVEF,2 as can
occur in heart failure and cardiotoxicity.3,4 Reduced LVEF as

a standalone risk stratifier is too often limited for prediction
of outcomes.5,6

Strain analysis of myocardial deformation from cardiac
MRI data may provide a more thorough evaluation of LV
function complementary to LVEF. For instance, measure-
ments of global radial strain (GRS) and global circumferential
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strain (GCS) may be used to characterize the radial thicken-
ing and circumferential shortening of the myocardium.7

Myocardial tagging is the noninvasive reference standard for
the assessment of LV myocardial deformation.8,9 However, it
is limited by tag-line degradation due to longitudinal relaxa-
tion and by lack of widely available analysis tools.10 Displace-
ment encoding with stimulated echoes (DENSE) is closely
related to tagging and offers pixelwise spatial resolution of
myocardial strain.11 However, it is limited by low signal-to-
noise ratio (SNR) and requires a dedicated sequence, which is
not widely available.12,13 Feature tracking (FT) strain analysis
from cine MRI images is an alternative approach that does
not require dedicated sequences. Various studies have shown
the potential of cine-based FT in heart failure,14

cardiomyopathies15–17 and cardiotoxicity.18 However, FT
remains a time-consuming process,19 precluding its clinical
adoption.

Deep learning (DL) methods are increasingly recognized
as important tools in cardiac MRI.20 Recent techniques have
been proposed for DL-based myocardial strain analysis from
tagging,21–23 DENSE,24 and cine images.25,26 Ferdian et al
proposed a framework that automatically tracks landmarks at
tag-line cross sections,21 while Ghadimi et al demonstrated
the feasibility of DENSE automated analysis using DL image
segmentation and phase unwrapping.24 For cine images,
Puyol-Anton et al combined a DL image segmentation
method with b-spline tracking to automate strain analysis.26

Recently, studies have established the feasibility of DL track-
ing for cine images,27–32 and in one study it was shown to be
more accurate than b-spline tracking.27 We have previously
proposed the DeepStrain workflow based on DL tracking for
automated strain analysis from cine images.25 However, there
are few data available on the agreement between commercially

available FT and DeepStrain for analysis in patient
populations.

Thus, the aim of this study was to compare LV strain
values measured using DeepStrain analysis of short-axis cine
images to those calculated using manual commercially avail-
able FT analysis. We hypothesized that DeepStrain analysis,
trained with images from subjects with substantial anatomical
and functional heterogeneity, can generate LV strain values
comparable to commercially available FT.

Materials and Methods
Deep Learning Strain Model
The pretrained DeepStrain model was used for automated DL-based
strain analysis, as we have previously described.25 Briefly, DeepStrain
consists of cardiac segmentation and motion estimation networks,
both with U-Net architectures. The input to the motion estimation
U-Net is a concatenated pair of short-axis cine stacks covering the
LV at two time points, and the outputs are the pixel-wise displace-
ment vectors between the two time points. During inference, the
Lagrangian operator is applied to the displacement vectors to evalu-
ate myocardial strain along the radial and circumferential directions.
The mathematical formulation of strain is provided in Supplemen-
tary Section S1. The input to the segmentation U-Net is a short-axis
cine image, and the outputs are segmentations of the right ventricu-
lar and LV blood pools, and LV mass. During inference, these seg-
mentations are used to extract the global strain values within the
myocardium (Fig. 1). Both U-Nets were trained and tested indepen-
dently using publicly available short-axis cine MRI data obtained
using 1.5 T (Siemens Area, Siemens Medical Solutions, Germany)
and 3 T scanners (Siemens Trio Tim, Siemens Medical Solutions).
These data were collected from 150 subjects evenly divided into five
groups, including healthy subjects and patients with hypertrophic
cardiomyopathy, abnormal right ventricle, myocardial infarction
with reduced ejection fraction, and dilated cardiomyopathy.33

FIGURE 1: Overview of DeepStrain workflow. (a) A two-dimensional U-Net is used to generate segmentations of the left and right
ventricular blood pools and left ventricular myocardium from short-axis cine images. Segmentations are derived for each of the
frames covering a complete cardiac cycle. The frame with the highest left ventricular blood pool volume is defined as the end
diastolic (ED) frame. (b) A three-dimensional U-Net is used to derive displacement vectors between frames. The input to the U-Net is
a pair of short-axis cine stacks concatenated along the channel dimension. The ED frame is always used as the reference frame.
Therefore, vectors represent the displacement from ED to a contracted phase. The Lagrangian operator L is applied to the vectors
to obtain radial and circumferential strain, denoted as Er and Ec , respectively. Since strain values are defined at all pixels in the
image, segmentations of the ED frame are used to extract values within the left ventricular myocardium.
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The motion estimation U-Net was trained using a linear combina-
tion of intensity and smoothness loss functions as well as an anatom-
ical constraint. The latter relied on manual segmentations available
during training. The segmentation U-Net was trained using the stan-
dard multiclass dice coefficient loss function. The pretrained models
are available online (https://github.com/moralesq/DeepStrain)

Evaluation
The study protocol was approved by the Beth Israel Deaconess Med-
ical Center Institutional Review Board (IRB). The IRB waived writ-
ten informed consent to retrospectively analyze CMR data from
533 patients (373 male, 59 � 14 years) who underwent a cardiac
MRI exam between 2006 and 2021. Patient information was han-
dled in compliance with the Health Insurance Portability and
Accountability Act. Additionally, 47 healthy subjects (36 male,
53 � 5 years) from whom written informed consent was previously
obtained for research were retrospectively included.

MRI was performed on a 1.5 T scanner (Achieva; Philips
Medical Systems, Best, the Netherlands) equipped with a
32-channel cardiac receiver coil prior to 2018. Thereafter, MRI was
performed on a 3 T scanner (MAGNETOM Vida; Siemens
Healthcare, Erlangen, Germany) using an 18-channel body coil.

The included patients were heterogeneous with different indi-
cations for cardiac MRI including myocardial viability, etiology of
non-ischemic cardiomyopathy, valvular disease, and ventricular or
atrial arrhythmia. Demographic and clinical characteristics are pro-
vided in Supplementary Table S1. In all subjects, segmented cine
images covering the LV in short-axis view were collected using a bal-
anced steady-state free-precession Cartesian sequence and retrospec-
tive electrocardiogram gating. The specific sequence parameters for
each scanner vendor are provided in Supplementary Table S2.

Image Analysis
All standard measures of LV function and structure were calculated
by a clinical reader and reviewed by a senior attending with level
3 cardiac MRI experience. Measures included LVEF, LV mass, and
LV end diastolic and end systolic volumes (LVEDV and LVESV).
Myocardial deformation analyses were performed on cvi42 Tissue
Tracking (v. 5.11.1, Circle Cardiovascular Imaging Inc. Calgary,
Canada). Analyses were performed by three readers with 1 year
(J.C.), 3 years (S.K.), and 8 years (K.N) of experience in cardiac
MRI. The analyses consisted of manually tracing endocardial and
epicardial contours using cine short-axis stacks. Only the end dia-
stolic phase was contoured, and traces excluded papillary muscles
from the LV myocardium. Finally, peak global circumferential strain
(GCS) and global radial strain (GRS) were evaluated.

The initial analysis used to derive the reference measures of
GRS and GCS was performed by reader 1 (J.C., 445 cases) and
reader 2 (S.K., 135 cases). Subsequently, reader 1 re-analyzed a sub-
set of 63 cases (>10%) to assess intraobserver variability in GCS and
GRS measures. Reader 3 (K.N) analyzed this same subset of cases to
assess interobserver variability relative to reader 1. The time spent
for FT analysis was recorded in 20 cases.

For DeepStrain analysis, all data were processed using a central
processing unit (CPU) of 88 cores: Intel Xeon CPU E5-2699
2.20 GHz each, and 512 GB RAM. First, images were converted
from Digital Imaging and Communications in Medicine (DICOM)

to Neuroimaging Informatics Technology Initiative (NIFTI) format.
Segmentations of the right ventricular and LV blood pools as well as
LV myocardium were automatically derived for all frames using the
segmentation U-Net. Subsequently, the images were resampled to a
1.25 � 1.25 mm2 resolution with 16 slices and variable slice thick-
ness (4–7 mm). Using the U-Net-based segmentations as reference,
the images were cropped to 128 � 128 around the center of the
heart and oriented from base to apex. In addition, end diastole
(ED) was defined as the frame with the highest LVEDV. The
motion estimation U-Net was used to derive strain measures for all
frames using ED as reference, and segmentations were used to
extract the global strain values within the myocardium. Peak global
strain was defined as the highest strain across the cardiac cycle.

Statistical Analysis
Statistical analyses were performed using the statistical package for
social sciences (SPSS) version 28.0.0.1. LV measures were expressed
as mean � standard deviation. The intraclass correlation coefficient
(ICC) was used to assess intraobserver (J.C. vs. J.C.) and inter-
observer (J.C. vs. K.N.) variability in strain measures across all sub-
jects. ICC estimates and their 95% confidence intervals (CI) were
calculated based on a linear mixed effects model where the within
and between-observer variance components were estimated using the
compound symmetry structure. The ICC was then computed as the
ratio of the between-observer variance to the sum of the within and
between-observer variance.

Differences between manual cvi42 FT and DL strain measures
were visualized using Bland–Altman plots. Overall differences were
tested for significance using a paired t-test and expressed as mean dif-
ference (mean difference � 1.96 � standard deviation of the differ-
ence). A P value < 0.05 was considered significant.

The agreement between strain measures stratified by MRI
vendor was assessed using linear regression constraining the intercept
to zero and was expressed as slope (95% CI). The correlation was
assessed using the Pearson correlation coefficient, r. The following
criteria were used: r values greater than 0.8 were considered a very
strong correlation, moderate above 0.6, fair above 0.3, and poor oth-
erwise.34 The coefficient of variation (CoV) was also calculated for
all LV strain measures.

Results
Measures of LV function indexed to the body surface area
were 107 � 42 mL/m2 for LVEDV, 65 � 43 mL/m2 for
LVESV, 67 � 23 g/m2 for LV mass, and 45 � 17% for
LVEF. Strain measures based on FT were 18 � 9% for GRS
and 11 � 4% for GCS (Table 1). Assessment of interobserver
variability between the MRI readers demonstrated excellent
reproducibility in GRS (0.99 [0.98 0.99]) and GCS (0.99
[0.98 0.99]). Assessment of intraobserver variability analysis
also demonstrated excellent reproducibility in GRS (0.99
[0.98 0.99]) and GCS (0.99 [0.98 0.99]).

LV myocardial tracking using FT and DeepStrain across
short-axis slices is shown in Fig. 2 and video S1. The average
time spent analyzing cine data from 20 subjects with 10–13
slices and 25–30 frames was 4.1 � 1.2 min per subject.
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The total computation time with DeepStrain in the same group
of subjects was 34.7 � 3.3 seconds, which represents a 7-fold
reduction in analysis time. The differences between FT and
DeepStrain measures of GCS (�0.3% [�4.3 3.6], P = 0.207)
were not significantly different from zero. The differences in
GRS measures (�2.2% [�12.4 8.0]) were significant.

The Bland–Altman plot showed 6.2% and 5.2% of cases lie
outside of the 95% confidence intervals for GCS and GRS mea-
sures, accordingly (Fig. 3). Tracking in patients representative of
these outlier cases is provided in Supplementary Figure S1.

Tracking across both MRI vendors using DeepStrain is
shown in Video S2. FT and DeepStrain showed local

TABLE 1. Left Ventricular Measures

Vendor 1 (n = 466) Vendor 2 (n = 114) Total (n = 580)

End diastolic volume (mL/m2)a 105 � 42 116 � 41 107 � 42

End systolic volume (mL/m2)a 63 � 43 73 � 41 65 � 43

Ejection fraction (%) 46 � 17 41 � 15 45 � 17

Myocardial mass (g/m2)a 65 � 23 75 � 20 67 � 23

Global radial strain (%) 18 � 9 16 � 8 18 � 9

Global circumferential strain (%) 12 � 4 10 � 4 11 � 4

aVolumes and mass are indexed to body surface area.
Vendor 1 = 1.5 T (Achieva; Philips Medical Systems, Best, the Netherlands); Vendor 2 = 3 T (MAGNETOM Vida; Siemens
Healthcare, Erlangen, Germany).
Data are mean � standard deviation.

FIGURE 2: Myocardium displacement using feature tracking (FT) and DeepStrain. Left to right, cine images from a representative
patient covering the left ventricle from base to apex. (a) Strain analysis using cvi42 FT starts by automatic or manual delineation of
the left ventricular endocardial (red) and epicardial (green) walls at end diastole. The software uses these contours to evaluate the
displacement of the myocardium using FT. (b) Vectors are drawn from the original location at end diastole to a deformed location at
end systole (red and green dots). (c) DeepStrain uses a U-Net to derive displacement vectors for the entire field-of-view using the
cine images only. Afterward, a previously trained and validated segmentation network was used to automatically delineate the wall
boundaries. To compare the two techniques, the pixel coordinates of the end diastolic contours were deformed to end systole using
the predicted displacement vectors. Both techniques showed reduced deformation in the basal septal (white arrows) and mid
inferolateral walls (yellow arrows) relative to other regions.
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deformation differences at similar anatomical locations, as shown
for both vendors in four illustrative cases (Fig. 4, Videos S3–S6
for patients 1–4). Linear regression of GCS measures showed a
disagreement of 2% [�2 1] and 0% [�4 3] for Philips and Sie-
mens, accordingly. Measures of GRS showed a disagreement of
�6% [3 8] and � 4% [�1 9], accordingly (Fig. 5). There was

a very strong correlation in measurements of GRS and GCS for
both MRI vendors (r = 0.85–0.91) (Table 2).

For Philips, the CoV of GCS and GRS measures was
33% and 43% with FT, and 40% and 52% with DeepStrain,
respectively. For Siemens, the CoV was 34% and 47% with
FT, and 39% and 51% with DL, respectively.

FIGURE 3: Bland–Altman comparison of feature tracking (FT) and DeepStrain. Measurements of global radial and circumferential
strain derived from cvi42 FT were compared to those derived with DeepStrain. Each dot represents a single subject (n = 580) whose
images were collected in Philips (blue) and Siemens (red) MRI scanners. Solid and dotted lines represent the mean difference and
mean difference � 1.96 � standard deviation of difference. Mean differences in global radial and circumferential strain were �0.3%
and �2.2%.

FIGURE 4: Tracking and strain using feature tracking (FT) and DeepStrain by MRI vendor. Short-axis cine images are shown at the
mid-ventricle during end systole. To visualize tracking, myocardial contours of the endocardial (red) and epicardial (green) left
ventricular wall defined at end diastole were deformed to end systole using displacement vectors based on deep learning and cvi42
FT. The vectors are also used to evaluate myocardial global circumferential (GCS) and radial (GRS) strain across the cardiac cycle. The
resulting strain curves with deep learning (red dashed line) and cvi42 FT (black solid line) are shown for each patient. (a) A 64-year-
old female with prior myocardial infarction. (b) A 54-year-old male with prior myocardial infarction and ventricular tachycardia. (c) A
69-year-old male with prior myocardial infarction, ventricular tachycardia, and dilated cardiomyopathy. (d) A 19-year-old male with
hypertrophic cardiomyopathy. Both tracking techniques indicated reduced anatomical deformation at similar regions (white arrows).
The corresponding strain curves also demonstrated temporal agreement. (a,b) Vendor 1 = 1.5 T (Achieva; Philips Medical Systems,
Best, the Netherlands). (c,d) Vendor 2 = 3 T (MAGNETOM Vida; Siemens Healthcare, Erlangen, Germany).
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Discussion
In this study, we compared automated DeepStrain myocardial
strain analysis from cine MRI images as an alternative to
manual FT in a large and heterogeneous patient cohort. We
showed that there was a very strong correlation in measure-
ments of GCS and GRS, as demonstrated separately for two
MRI vendors.

We used cvi42 FT as the reference for this study. How-
ever, it must be borne in mind that there are numerous FT
packages commercially available, and discrepancies exist
between them.35–37 Backhaus et al reported a very strong cor-
relation in measurements of GCS between various commer-
cially available FT software, including cvi42, Medis, TomTec
and Neosoft.35 However, head-to-head comparisons between
these software showed significant differences in all cases.

Similarly, significant differences in measurements of GCS and
GRS between cvi42, TomTec and CIM were also reported
by Cao et al.37 In addition, differences in measurements of
GRS are higher relative to measurements of GCS.36,38 Thus,
strain measures based on cvi42 FT do not necessarily repre-
sent the ground-truth.

In our study, we used FT and DeepStrain for strain
analysis of myocardial deformation from cardiac short-axis
cine images acquired in Philips and Siemens scanners. We
found a very strong correlation between techniques in mea-
surements of GRS and GCS for both scanner vendors. Linear
regression of measurements of GCS showed a mean disagree-
ment that was centered on zero for both vendors, and overall,
there was no significant difference between techniques. How-
ever, measurements of GRS from Philips images showed a

FIGURE 5: Agreement between feature tracking (FT) and DeepStrain. Measurements of global radial and circumferential strain
derived from cvi42 FT were compared to those derived with DeepStrain. Each dot represents a single subject (n = 580). Solid line
shows linear regression analyses based on images acquired in Philips (blue) and Siemens (red) MRI scanners. On the left, the slopes
(y = 1.06�, y = 1.04�) represent a �6% and �4% disagreement in measurements of global radial strain. The slopes (y = 0.99�,
y = 1.00�) on the right represent a 1% and 0% disagreement in measurements of global circumferential strain.

TABLE 2. Agreement Between Feature Tracking and DeepStrain Stratified by MRI Vendor

Linear Regression Slope Pearson Correlation Coefficient (r)

GRS GCS GRS GCS

Vendor 1 (n = 466) 1.06 (1.03, 1.08) 0.98 (0.98, 1.01) 0.85 0.91

Vendor 2 (n = 114) 1.04 (0.99, 1.09) 1.0 (0.96, 1.03) 0.83 0.88

Total (n = 580) 1.05 (1.03, 1.08) 0.99 (0.98, 1.01) 0.85 0.91

GRC = global radial strain; GCS = global circumferential strain.
Vendor 1 = 1.5 T (Achieva; Philips Medical Systems, Best, the Netherlands); Vendor 2 = 3 T (MAGNETOM Vida; Siemens
Healthcare, Erlangen, Germany).
Data are the slope (95% confidence interval of the slope) and Pearson correlation coefficient (r).
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disagreement whose confidence intervals were above zero.
Since most data were from Philips, this resulted in an overall
significant difference between FT and DeepStrain.

The disagreement between FT and DeepStrain was
greater with increasing strain values, particularly for GRS.
This is most evident in the analysis from Philips data since it
includes a wider distribution of strain values. One potential
explanation is the anatomical constraint used during
DeepStrain training. Such constraint is necessary to regularize
the otherwise ill-posed problem of motion estimation but
may result in underestimation of motion for large displace-
ments.25 Alternatively, the disagreement between techniques
may be due to the underlying differences in strain computa-
tion. Specifically, DeepStrain uses the pixel-wise displacement
to calculate the Lagrangian strain tensor, which may be differ-
ent from FT. However, vendor specific properties remain
undisclosed.

In addition to DeepStrain, other DL-based tracking
methods applied to cine images have similarly leveraged avail-
able segmentations as constraints during training.28,32 How-
ever, since anatomical labels are uniform within the LV mass
and LV blood pool, useful features are mainly limited to the
myocardial edges. Thus, DL-based strain from cine images
may be limited by a lack of texture differences within the
myocardium, which could result in different reference range
values compared to tagging or DENSE. In fact, absolute
agreement between FT software and acquisition-based defor-
mation strain has been reported to be distinctly lower than
FT intervendor agreement.35 Interestingly, studies have also
reported absolute agreement with tagging is highest when
using cvi42 FT.35,37 Similarly, we have previously reported
no significant differences between tagging and DeepStrain
measurements of GCS and GRS in a small healthy cohort.25

Despite the lack of intramyocardial texture features in
cine images, FT continues to attract research and clinical
interest. Advances in DL may soon lead to an increased use
of tagging and DENSE sequences as well. For instance, accel-
erated image acquisition enabled by super resolution tech-
niques could be used to collect tagging images before the
tagging contrast fades.39 Reducing tag-line degradation during
diastole could improve the assessment of diastolic function,
which is of growing clinical relevance for patients with pre-
served EF.4 In addition, noise reduction techniques could be
used to improve the SNR of DENSE images. Indeed, since
the SNR is usually increased at the expense of lower spatial
resolution, a combination of both noise reduction and super
resolution techniques could lead to wider clinical adoption of
DENSE. However, tagging and DENSE remain more sensi-
tive to breathing motion and heart rate than routine cine
images, which can result in significant image degradation.37

Analysis-wise, DL-based automated techniques have been
proposed for both tagging21–23 and DENSE.24 The method
proposed by Ferdian et al relied on user- and software-

dependent tracking to generate ground-truth labels.21 Loecher
et al used synthetic labels for training.23 However, user input
was still required to create an initial segmentation of the LV
mass. Alternatively, our approach could be applied to tagging
images for unsupervised or semi-supervised training.

There are many compelling benefits to DL-based strain,
such as the complete automation of the analysis workflow.
For instance, one of the strengths of DeepStrain is that it can
produce the results without any user input, manual review, or
modification of the tracking paths. This approach avoids
user-related variations in strain values, which have been
shown to result in lower agreement between FT software
when users are not adequately trained.19 However, one of the
pitfalls of DL for MRI is that a model trained with data from
one MRI scanner may not generalize to different scanners.
DeepStrain was previously trained using publicly available
images acquired in a Siemens scanner at 1.5 T and 3 T.33 In
this study, we compared DeepStrain and manual cvi42 FT
using data acquired in Phillips and Siemens scanners at 1.5 T
and 3 T, respectively. Nevertheless, we found a very strong
correlation in measures of GRS and GCS for both Phillips
and Siemens scanners.

Another strength of DL-based strain is the reduced
computational time. In the present study, DeepStrain
processed all data in a CPU with a 7-fold reduction in analy-
sis time. In addition, DeepStrain analysis generated segmenta-
tions of the entire cardiac cycle, whereas for strain analysis
with cvi42 only the end diastolic phase was segmented. Our
fast DeepStrain approach could enable computations to be
performed in-scanner to provide myocardial strain immedi-
ately after acquisition. These analyses could be embedded in
the final DICOM as metadata and exported to the hospital’s
software server for clinical readout. However, DeepStrain cur-
rently does not provide longitudinal strain. One potential
approach to improve the model is to train a joint model based
on long- and short-axis cine images. In addition, three-
dimensional motion estimation U-Nets such as the one used
in DeepStrain typically require resampling to a pre-specified
number of slices with variable slice thickness,25,27 whereas
isotropic resampling could be more generalizable. Such a
training approach would be feasible in GPUs with sufficient
memory. Further, a different formulation might be necessary
for analysis of real time cine images. For instance, such for-
mulation could account for both respiratory and cardiac
motion and could be based on a two-dimensional
architecture.

Limitations
The present study was a single-center study and included
MRI data acquired using scanners from only two vendors.
Comparison to FT was done using a single FT software as
reference, and no gold-standard was used to independently
assess the accuracy of DeepStrain. Also, as noted earlier,
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DeepStrain does not currently provide a measure of global
longitudinal strain.

Conclusion
DeepStrain is a freely available technique that fully automati-
cally generates measures of GRS and GCS with an average
7-fold reduction in analysis time, which have a very strong
correlation and agreement with measures obtained using com-
mercially available manual FT software.
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