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Automated In- Line Artificial Intelligence 
Measured Global Longitudinal Shortening 
and Mitral Annular Plane Systolic Excursion: 
Reproducibility and Prognostic Significance
Hui Xue , PhD; Jessica Artico, MD; Rhodri H. Davies, MD, PhD; Robert Adam , MD; Abhishek Shetye, MD; 
João B. Augusto, MD; Anish Bhuva, MD; Fredrika Fröjdh, MD; Timothy C. Wong , MD; Miho Fukui , MD; 
João L. Cavalcante, MD; Thomas A. Treibel, MD; Charlotte Manisty, MD; Marianna Fontana, MD; 
Martin Ugander , MD; James C. Moon , MD; Erik B. Schelbert , MD; Peter Kellman , PhD

BACKGROUND: Global longitudinal shortening (GL- Shortening) and the mitral annular plane systolic excursion (MAPSE) are 
known markers in heart failure patients, but measurement may be subjective and less frequently reported because of the lack 
of automated analysis. Therefore, a validated, automated artificial intelligence (AI) solution can be of strong clinical interest.

METHODS AND RESULTS: The model was implemented on cardiac magnetic resonance scanners with automated in- line pro-
cessing. Reproducibility was evaluated in a scan– rescan data set (n=160 patients). The prognostic association with adverse 
events (death or hospitalization for heart failure) was evaluated in a large patient cohort (n=1572) and compared with feature 
tracking global longitudinal strain measured manually by experts. Automated processing took ≈1.1 seconds for a typical case. 
On the scan– rescan data set, the model exceeded the precision of human expert (coefficient of variation 7.2% versus 11.1% 
for GL- Shortening, P=0.0024; 6.5% versus 9.1% for MAPSE, P=0.0124). The minimal detectable change at 90% power was 
2.53 percentage points for GL- Shortening and 1.84 mm for MAPSE. AI GL- Shortening correlated well with manual global 
longitudinal strain (R2=0.85). AI MAPSE had the strongest association with outcomes (χ2, 255; hazard ratio [HR], 2.5 [95% CI, 
2.2– 2.8]), compared with AI GL- Shortening (χ2, 197; HR, 2.1 [95% CI,1.9– 2.4]), manual global longitudinal strain (χ2, 192; HR, 
2.1 [95% CI, 1.9– 2.3]), and left ventricular ejection fraction (χ2, 147; HR, 1.8 [95% CI, 1.6– 1.9]), with P<0.001 for all.

CONCLUSIONS: Automated in- line AI- measured MAPSE and GL- Shortening can deliver immediate and highly reproducible 
results during cardiac magnetic resonance scanning. These results have strong associations with adverse outcomes that 
exceed those of global longitudinal strain and left ventricular ejection fraction.

Key Words: artificial intelligence ■ cardiac magnetic resonance imaging ■ global longitudinal shortening, reproducibility  
■ image processing ■ prognosis

Cardiac contractile dysfunction is associated with 
adverse cardiovascular outcomes and mortal-
ity.1,2 Cardiac magnetic resonance (CMR) imaging 

is considered the gold standard for measuring left ven-
tricular (LV) volumes and LV ejection fraction (LVEF). 
However, LVEF changes are frequently late in disease 

development, so earlier and more sensitive predictors 
are needed, particularly where linked to therapeutic 
choices such as chemotherapy- related decisions.

Contractile function can be globally assessed by 
measuring the longitudinal ventricular shortening be-
tween end- diastole and end- systole,3 which predicts 
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outcomes in a variety of scenarios, such as dilated 
cardiomyopathy4,5 or heart failure with preserved 
ejection fraction (EF).6 The term global longitudinal 
shortening (GL- Shortening) has been proposed as a 
positive percentage ratio to quantify LV contraction,7,8 
where a larger number implies better contractile abil-
ity. Changes in GL- Shortening occur earlier than the 
LVEF reduction and complement in heart failure with 

preserved EF. Longitudinal function is also tied to the 
atrioventricular plane displacement, also referred to as 
mitral annular plane systolic excursion (MAPSE), which 
is a key contributor to pumping9 and is prognostic for 
patients with heart failure.10,11

GL- Shortening can be assessed using CMR cine 
imaging. One method relies on segmenting the myo-
cardium and estimating tissue strain using either fea-
ture tracking12 or image registration,13 from one or 
more long- axis (LAX) views. The per- pixel or sector 
strain values are averaged for the entire myocardium to 
get the global longitudinal strain (GLS or GL- Strain), as 
a measure of longitudinal shortening. Other methods 
directly measure left ventricle lengths and compute 
longitudinal shortening from cine images by tracking 
myocardium.14,15 These processes require manual de-
lineation.16– 19 MAPSE can be measured from CMR by 
manually tracking the movement of the lateral annulus 
position.3,9 Although useful as a prognostic marker,20 
all methods are in part subjective, time consuming, and 
require a dedicated workstation and software pack-
ages.9,16,21 Consequently, GL- Shortening and MAPSE 
are less embedded in guidelines and treatment- 
decision algorithms.

We developed a fully automated solution to mea-
sure GL- Shortening and MAPSE using an artificial 
intelligence (AI) deep neural network model, imple-
mented directly on magnetic resonance (MR) scan-
ners. This study sought to evaluate the reproducibility 
and prognostic performance of the AI measures in 2 
existing data sets. First, we used a multicenter, mul-
tidisease, scan– rescan data set22 (n=160 patients) to 
assess model precision and reproducibility compared 
with manual labeling by a human expert. Second, we 
explored the prognostic association of AI- derived GL- 
Shortening and MAPSE in a large cohort (n=1572)21 
and compared the prognostic performance with that 
of manually measured GL- Strain and LVEF. We hypoth-
esized that AI- derived metrics could be reproducible, 
accurate, and prognostic.

METHODS
The data that support the findings of this study are 
available from the corresponding author upon reason-
able request. The deep- learning source code is avail-
able at https://github.com/xueh2/ CMR_LandM ark_  
Detec tion.git.

Patient Population
Two data sets were each acquired with the corre-
sponding required ethical and/or secondary audit 
use approvals or guidelines (as per each center) that 
permitted retrospective analysis of anonymized data 
for the purpose of technical development, protocol 

CLINICAL PERSPECTIVE

What Is New?
• We developed an artificial intelligence deep 

neural network model to measure indices of left 
ventricular systolic function from cardiac mag-
netic resonance cine images: global longitudinal 
shortening and mitral annular plane systolic ex-
cursion (MAPSE).

• The artificial intelligence model was deployed 
directly on magnetic resonance scanners to 
generate immediate global longitudinal shorten-
ing and MAPSE values without any supervision, 
which provided better scan– rescan reproduc-
ibility than human experts.

• Artificial intelligence global longitudinal shorten-
ing and MAPSE measurements associated with 
adverse outcomes in a large prospective cohort 
of 1572 patients with MAPSE being the strong-
est predictor, better than manual measures, 
of global longitudinal strain and left ventricular 
ejection fraction.

What Are the Clinical Implications?
• Automated artificial intelligence– derived global 

longitudinal shortening and MAPSE measures 
provide immediate, reproducible, robust, clini-
cally relevant measures to assess left ventricular 
contractile function.

Nonstandard Abbreviations and Acronyms

CNN convolutional neural network
GL- Shortening global longitudinal 

shortening
GL- Strain global longitudinal strain
HCMR Hypertrophic 

Cardiomyopathy Registry
HHF hospitalization for heart 

failure
MAPSE mitral annular plane systolic 

excursion
MR magnetic resonance

https://github.com/xueh2/CMR_LandMark_Detection.git
https://github.com/xueh2/CMR_LandMark_Detection.git
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optimization, and quality control by the institutional 
review committee of each center. The scan- rescan 
study was approved by the institutional review board 
at the Barts Heart Center and the outcome study was 
approved by the IRB at UPMC CMR center. Written 
informed consent was obtained for all particpants for 
both studies. All data were anonymized and delinked 
for analysis with approval by the local Office of Human 
Subjects Research (exemption approval for collabora-
tion number 13156).

Scan– Rescan

Patients (n=160) were scanned twice within a short time 
interval (median interval 1  day, 82% scanned on the 
same day) to minimize changes in cardiac function.22,23 
This patient cohort included a representative clinical 
spectrum, including health, dilatation, hypertrophy, 
and regional cardiac diseases. More details of this data 
set and subject characteristics are published at https://
thevo lumes resou rce.com (Validation of Left Ventricular 
Myocardial and Endocardial Segmentation Resource). 
Scan– rescan data sets were collected across 5 institu-
tions in the United Kingdom with 5 different magnetic 
resonance imaging scanners (3 Siemens Avanto 1.5T 
scanners and 1 Siemens Aera 1.5T scanner; Siemens 
AG Healthcare, Erlangen, Germany; 1 Philips Achieva 
3T scanner; Philips HealthCare, Best, the Netherlands). 
The standard cine imaging sequence was used 
with comparable imaging parameters. Standard 
4- chamber, 2- chamber, and 3- chamber cine images 
were acquired for all participants. For rescans on the 
same day, patients were taken off the imaging table 
after the first scan before returning and re- isocentering 
and re- planned for the second scan. Cine imaging was 
performed either before or after the administration of a 
gadolinium- based contrast agent.

Images were analyzed by an expert cardiologist 
(R.H.D.; level 3 European Association of Cardiovascular 
Imaging accreditation and 5  years of experience in 
CMR). To help for better throughput, a trainee (R.A.) 
prelabeled the images for the expert who reviewed 
the labels and performed corrections if necessary. For 
every cine scan, the end- diastolic and end- systolic 
phases were picked by the human operator, and valve 
and apical points were manually marked using the 
VGG Image Annotator software (Oxford, UK; http://
www.robots.ox.ac.uk/~vgg/softw are/via/), from which 
the GL- Shortening and MAPSE were computed.

Outcome Study

Patients (n=1578) were scanned at the University of 
Pittsburgh Medical Center Cardiovascular Magnetic 
Resonance Center (Pittsburgh, PA) from June 2010 
to March 2016. Clinical outcomes were collected until 

October 2018 (median follow- up 5.6 years),21 with fol-
low- up data available for n=1572 patients whose data 
were included for AI analysis. This patient cohort was 
curated from 2368 consecutive patients who under-
went clinical CMR at the University of Pittsburgh Medical 
Center, with exclusion criteria including hypertrophic 
cardiomyopathy, adult congenital disease, myocardial 
edema, amyloidosis, iron overload, Anderson- Fabry 
disease, and inadequate image quality. This cohort 
was curated around measuring myocardial fibrosis 
with T1 and extracellular volume measures for com-
parison with global longitudinal strain measured with 
commercial software that we have published previ-
ously.21 Myocardial edema, amyloidosis, iron over-
load, and Anderson- Fabry disease confound T1 and 
extracellular volume fraction measures of myocardial 
fibrosis and thus were excluded. Hypertrophic cardio-
myopathy was excluded from the cohort because this 
unique genetic condition is typically characterized by 
hypercontractile systolic function and low event rates in 
young people, which requires an adequately powered 
large sample size cohort (currently being investigated 
by the National Institutes of Health– funded multicenter 
HCMR [Hypertrophic Cardiomyopathy Registry]). To 
foster the comparison of the proposed AI- based meas-
ures with our prior work, the same exclusions were ap-
plied to the cohort as before. Further information about 
patient population and characteristics have been de-
scribed.21 All patients were scanned with a clinical 1.5T 
scanner (Espree; Siemens AG Healthcare). Standard 
balanced steady state- free precession cine imaging21 
was performed to acquire 2- chamber, 3- chamber, and 
4- chamber imaging planes. Recorded events included 
all- cause death and hospitalization for heart failure 
(HHF), extracted from a REDCap (Research Electronic 
Data Capture) database.24 A total of 335 events were 
recorded, including deaths and HHF.

AI Image Analysis
A convolutional neural network (CNN) model25 was used  
for the automated measurement of GL- Shortening and 
MAPSE in the 2- chamber, 3- chamber, and 4- chamber 
cine images, collectively termed LAX. This model was 
trained on a separate, large data set (2329 patients 
with 34 019 images) curated from 2 hospitals to output 
landmark points from LAX cine images. Among them, 
6323 images were acquired after contrast. The infer-
oseptal and anterolateral mitral annular hinge points 
were detected from the 4- chamber view. From the 
2- chamber view, the anterior and inferior points were 
detected. The inferolateral and anteroseptal points 
were detected from the 3- chamber view. The apex was 
marked for all views. The detection was performed for 
every cine phase covering the entire cardiac cycle. All 
detections were also checked visually to find failures, 

https://thevolumesresource.com
https://thevolumesresource.com
http://www.robots.ox.ac.uk/%7Evgg/software/via/
http://www.robots.ox.ac.uk/%7Evgg/software/via/
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which were defined as: (1) any landmarks missed in 
any phase in the cine series or (2) any landmark de-
tected at the wrong locations such as outside the left 
ventricle. There was no overlap between the images 
used for training the AI landmarking algorithm25 and 
either the scan– rescan or outcome data sets reported 
in this study. The previously described25 training data 
set consisted of consecutive patients who successfully 
completed a routine CMR study, without intentionally 
excluding structural abnormalities.

As an example, Figure 1 demonstrates the land-
mark points detected on a 4- chamber cine series 
and the measurement of GL- Shortening and MAPSE. 
Videos S1 through S3 give examples of this dynamic 
landmark detection scheme for the 3 LAX views. The 
length of the left ventricle was measured from the api-
cal point to the midpoint of valve plane. For each LAX 
view, GL- Shortening was computed as the percent-
age of LV length shortening between end- diastole 
and end- systole, reported as a positive value, as pro-
posed in7:

MAPSE in millimeters was computed as the mean dis-
tance for 2 valve points between end- diastole and end- 
systole.20 The CNN model was applied to all acquired 
LAX views. For every patient, the mean values across 
the different LAX views were computed and reported. 
Additionally, a comparison was made between MAPSE 
and lateral MAPSE. Lateral MAPSE was computed from 
the lateral mitral valve point only using the 4- chamber 
view, whereas MAPSE is the average of both valve points 
from all 3 LAX views (6 measurements in total).

The CNN model was integrated on MR scanners 
using the open- source Gadgetron InlineAI toolbox.26 
As demonstrated in Figure 2, where an MR scanner ran 
the proposed AI solution, the reconstructed cine im-
ages, the images overlaid with detected landmarks, LV 
length curves, GL- Shortening, and MAPSE measure-
ments are displayed on the scanner console. Images 
and results are seamlessly returned into the digital im-
aging and communications in medicine workflow and 
thereby saved to picture archiving and communica-
tion system, and available for reporting by clinicians. 
The data for the scan– rescan and outcome cohorts 
were previously acquired, whereas the in- line mea-
surement of MAPSE and GL- Shortening is otherwise 
normally prospectively performed on the MR scanner 
at the time of imaging. Video S4 illustrates the cine 
acquisition, image reconstruction, and AI processing 
happening in- line on an MR scanner. The AI solution 
automates the whole process, eliminating the need for 
postprocessing and providing these measures directly 
to reporting clinicians. It is timesaving and improves 
reproducibility compared with manual measurement.

For comparison, GL- Strain was manually measured 
for the outcome data set as reported previously21 using 
commercially available software (Circle cvi42; Calgary, 
AB, Canada). The endocardial and epicardial bound-
aries were manually traced in cine images, and feature 
tracking was adopted to compute deformation across 
cardiac phases. GL- Strain was computed as the mean 
of the longitudinal strain component across the myo-
cardium. The automated AI MAPSE and GL- Shortening 
and the manually measured feature tracked GL- Strain 
and LVEF were compared on prognostic power. Note 
the standard definition of (Lagrangian) strain is (L1– 
L0)/L0, where L0 is end- diastolic length and L1 is 

GL−Shortening=

100× (LV_lengthED−LV_lengthES)∕LV_lengthED.

Figure 1. Example of artificial intelligence global longitudinal shortening (GL- Shortening) and 
mitral annular plane systolic excursion (MAPSE) measurements.
A cine 4- chamber scan is displayed for end- diastolic (ED) and end- systolic (ES) phases with detected 
landmarks overlaid. GL- Shortening is computed as the percentage shortening of left ventricle (LV) length (from 
apical to midpoint of 2 valve landmarks). MAPSE is computed as the mean moved distance in millimeters for 2 
valve points in each long- axis image. L is the moved distance of valve point between the ED and ES.
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end- systole length. This generates negative percent-
ages with healthier myocardium being more negative 
and disease being less negative, causing confusion.7 
As recently suggested,7 GL- Shortening is herein re-
ferred to as a positive percentage ratio; thus, lower 
values indicate reduced cardiac contractility. LVEF was 
measured manually from the short- axis stack of cine 
images for every patient using standard methods.27

CNN Model and Training
As a summary of the CNN model and training pro-
cess previously presented,25 a variation of U- Net 
architecture was implemented for the landmark de-
tection. The network was organized as layers for 

different spatial resolution. The input to the model was 
a 2- dimensional image series (ie, to detect the land-
marks from a time series), and the model was applied 
to each 2- dimensional image using the current model 
configuration. Each layer can contain several blocks. 
Each block had 2 convolution layers with batch nor-
malization and LeakyReLu activation functions. The 
network can be made deeper by inserting more reso-
lution layers or by inserting more blocks. Going down 
the downsampling branch, the image spatial resolution 
was reduced by 2× for every layer with the number of 
filters increased. Going up the upsampling branch, the 
spatial resolution was restored with a reduced number 
of filters. All convolution layers had filter size 3×3 with 

Figure 2. The proposed artificial intelligence solution was deployed to the magnetic resonance (MR) scanners in the in- line 
fashion illustrated by this screen snapshot of the MR scanner console, where a 4- chamber cine series was processed with 
the model.
The cine images are displayed at the top left, and detected landmarks are overlaid on the images at the top right. This allows a 
convenient check of performance of landmark detection. The global longitudinal shortening (GL- Shortening) and mitral annular plane 
systolic excursion (MAPSE) were measured automatically and displayed as signal curves. In this way, a fully automated solution was 
achieved, without requiring any user interaction for processing.
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stride 1 and padding 1. The final convolution layer out-
puts a per- pixel score tensor, which is converted to a 
probability tensor using a SoftMax.

The landmark detection problem was formulated as 
a heat map detection problem. Every landmark point 
was convolved with a Gaussian kernel (σ was 4.0 pix-
els), and the resulting blurred distribution represents 
the spatial probability of this landmark. Detecting 3 
landmarks was equivalent to a semantic segmentation 
problem for 4 classes (background class and 1 ob-
ject class for each landmark). Class labels for different 
landmarks were represented as channels in probability 
maps; thus, if there are 3 landmarks to be detected, 
it will have 4 heat maps (3 maps for 3 landmarks and 
1 for background). The heat maps were normalized 
to be probability maps. That is, for every pixel in the 
field of view, the sum over all classes including the 
background is 1.0. The pixel value in a heat map is 
the probability that this pixel belongs to correspond-
ing landmark class or background. With the probability 
heat maps as the target, the training process will opti-
mize the network parameters to minimize the distance 
between network outputs (after SoftMax) to the per- 
pixel probability distribution. For comparison, in binary 
segmentation, the mask is either 0 or 1 (hard map). But 
in the current heat map setting, it uses soft probability. 
The entropy- based cost function (such as Kullback– 
Leibler divergence, which computes distance between 
2 probability distributions) can be applied to both sce-
narios. In this way, landmark detection is formulated as 
a semantic segmentation problem.

In the data preparation step, all images were res-
ampled and cropped to 400×400 pixels square. The 
CNN output score tensor had dimensions 400×400×4. 
To train the network, the Kullback– Leibler divergence 
was computed between ground- truth heat map and 
SoftMax tensor of scores. In addition to this entropy- 
based loss, the shape loss was further computed as 
the soft Dice ratio. The soft Dice ratio was computed 
as the production of 2 probability maps over their sum. 
The final loss was a sum of entropy- based loss and soft 
Dice ratio, which used both entropy- based information 
and region costs. This strategy to use a combined loss 
has been previously used in deep- learning segmenta-
tion and found to improve segmentation robustness.

For the LAX, all views were trained together as a 
multitask learning task. Because the number of im-
ages for each LAX view was roughly equal, no extra 
data rebalancing strategy was applied. Instead, every 
minibatch was randomly selected from 2- chamber, 
3- chamber, or 4- chamber images and refined network 
weights.

Images were acquired using both 1.5T (4 
MAGNETOM Aera; Siemens AG Healthcare) and 3T 
(1 MAGNETOM Prisma; Siemens AG Healthcare) 
MR scanners. In the training set, 1790 patients were 

scanned with 1.5T scanners and 539 were scanned 
with 3T. In the test set, 462 patients were scanned at 
1.5T magnetic resonance imaging and 69 scanned at 
3T. Typically, 30 cardiac phases were reconstructed for 
each heartbeat for every cine scan. For training, a total 
of 34  019 images were included from 2329 patients 
(mean age, 54.1 years; 1471 men).

The data for training were split, with 90% of all pa-
tients for training and 10% for validation. The training 
and validation data sets were split on a per- study 
basis, such that there was no mixing of patients be-
tween the 2 data sets. The Adam optimizer was used, 
with an initial learning rate of 0.001, βs were 0.9 and 
0.999, and ε was 1e– 8. The learning rate was reduced 
by 2 whenever the cost function plateaued. Training 
lasted 50 epochs (≈4 hours), and the model was se-
lected as the one giving the highest performance on 
the validation set. The CNN model was implemented 
using PyTorch, and training was performed on an 
Ubuntu 20.04 personal computer with 4 NVIDIA GTX 
2080Ti graphics processing unit cards, each with 11 
GB random- access memory. Data parallelization was 
used across multiple graphics processing unit cards 
to speed up training. More information about the CNN 
model is provided in a previous publication.25

After the model was trained, the model was applied 
to the scan– rescan and outcome data sets. No data 
from these 2 data sets were used in any way during the 
training process and was a completely held- out data 
set.

In- Line Deployment
The trained model was integrated onto MR scanners 
using the Gadgetron InlineAI toolbox. After training, 
the model weights were saved as the Open Neural 
Network Exchange format, using the Pytorch onnx 
(Open Neural Network Exchange) functionalities. The 
saved model was loaded when the imaging started, 
and after the cine images were reconstructed, it was 
applied to the images as part of the image recon-
struction workflow (in- line processing) at the time of 
scan. The resulting detection and measurements are 
displayed on the scanner console, adding only a few 
seconds to the reconstruction. This process was fully 
automated.

Statistical Analysis
The scan– rescan data were analyzed using MATLAB 
(R2017b; MathWorks, Natick, MA). The outcome data 
were analyzed using SAS (version 9.4; SAS Institute, 
Cary, NC). Continuous variables are presented as 
mean±SD or median (interquartile range) for normal and 
nonnormal distribution, respectively. Reproducibility 
was measured with absolute differences of meas-
urements between 2 scans. Bland- Altman limits of 
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agreement and plots were generated, together with 
the within- subject coefficient of variation. The 2- sided 
t test was performed for group comparisons. The F 
test was used to compare measures of variability. A P 
value <0.05 was deemed statistically significant. To il-
lustrate clinical usefulness, the sample size required to 
detect a 1% change of GL- Shortening or 1 mm change 
of MAPSE was computed with a power of 90% and 
a significance level of 0.05. The minimal detectable 
change28 for AI measurements was estimated at the 
significant level of 0.90: MDC90 = 1.65 ×

√

2 × SEM , 
where SEM = SD

√

1 − ICC. SD was computed with 
1- way ANOVA as 

√

SStotal∕ (n − 1). SStotal is the total 
sum of squares in 1- way ANOVA and ICC is the 1- way 
intraclass correlation coefficient (form ICC (1, k)).28,29 
For the interoperator variation, Lin concordance corre-
lation coefficient30 was computed, where higher value 
means better agreement between operators.

For the outcome data set, survival analyses exam-
ined a combined end point of time from CMR scan-
ning to either first HHF or death (all- cause mortality). 
Univariable and multivariable Cox regression mod-
els quantified associations between variables and 
outcomes, whereby χ2 values tested the strength of 
these associations and permitted benchmark com-
parisons between MAPSE, GL- Shortening, GL- Strain, 
and LVEF. To illustrate associations visually, Kaplan- 
Meier curves used the log- rank test dividing MAPSE 
and GL- Shortening into 5 equally spaced strata, with 
1 SD intervals (2 strata above the median and 3 strata 
below given skewed distributions). We preferred this 
approach over using quantiles because the clinician 
wishes to estimate risk with progressive deviation from 
normal, regardless of whether strata contain equal 
numbers of patients. The multivariable Cox model was 
adjusted for a set of clinical variables according to pa-
tient condition, hospitalization status, and other imag-
ing findings (details in Table 1). The hazard ratio was 
scaled to 1 SD intervals for comparison purpose.

To evaluate whether MAPSE and GL- Shortening 
provide added value for prognostic prediction over GL- 
Strain and LVEF, further analysis was performed to eval-
uate the net reclassification index and the integrated 
discriminant improvement by comparing the MAPSE 
and GL- Shortening against LVEF and GL- Strain.

RESULTS
AI Inference
The trained model was applied to all cine scans, 
and GL- Shortening and MAPSE were computed. 
Visual manual inspection of all results for plausibility 
found no implausible or failed detections in the scan– 
rescan cohort and 1 in the outcome cohort because 

of suboptimal imaging slice planning. This suggests 
the model was robust to slice planning, anatomical 
changes, and diseases. Figure 3 shows examples of 
AI detection in health, global disease (dilated cardio-
myopathy), and regional disease (chronic myocardial 
infarction), demonstrating the typical performance.
Running on the scanners with a dedicated Linux 
server, the AI measurement and image analysis took 
1.1 seconds to process for a typical cine series (30 
phases, Ubuntu 20.04, NVIDIA GTX 2080Ti graphics 
processing unit with 11 GB random- access mem-
ory), in addition to usual MR image reconstruction that 
took ≈5  seconds. The human measurement of GL- 
Strain using the Circle cvi42 commercial software took 
261±36 seconds (minimum: 233 seconds; maximum: 
342 seconds) for 3 LAX views, timed by an expert 
(E.B.S., with 20 years of CMR experience) on 8 con-
secutive patients. Another timing test was performed 
by the second expert (R.H.D., with 5  years of CMR 
experience) to measure MAPSE and GL- Shortening 
using the Circle cvi42 commercial software, which 
took 3 to 3.5  minutes per patient to process 3 LAX 
views, timed on 8 consecutive patients. By compari-
son, the in- line AI processing to measure and report 
MAPSE and GL- Shortening was fully automated. It did 
not require any manual interaction or guidance from 
the MR scanner operator. As shown in Video S4, the 
cine imaging is acquired in the conventional manner, 
and the optimized AI analysis is completely integrated 
into the clinical workflow, with no additional burden of 
manual interaction. The MR scanner operator can re-
view these results immediately following cine imaging.

Scan– Rescan
Table 1 lists results for the scan– rescan experiment for 
the AI and human expert.

Accuracy and Interoperator Variation

There was good agreement between AI and expert 
manual analysis with no bias for either GL- Shortening or 
MAPSE (GL- Shortening, P=0.49 for scan 1 and P=0.65 
for scan 2; MAPSE, P=0.26 for scan 1 and P=0.24 for 
scan 2). For GL- Shortening, the differences between 
2 scans were 0.23% for the model and 0.11% for the 
manual measurement, whereas the model showed im-
proved reproducibility with a lower standard variation 
compared with manual measurement by a human ex-
pert (1.49% versus 2.26%). Similar results were found 
for AI MAPSE compared with manual MAPSE (SD, 
1.1 mm versus 1.6 mm). Lin concordance correlation 
coefficient was 0.91 to 0.94 between AI and manual for 
all metrics. The interoperator coefficient of variation of 
GL- Shortening and MAPSE for AI versus manual was 
8.4% and 6.8%.
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Reproducibility and Intraoperator Variation

Reproducibility was used as an estimate of precision. 
GL- Shortening and MAPSE measured from 2 scans 
were in good agreement for AI and manual (P>0.5 
for all measurements). Compared with manual, AI 
had a lower within- subject coefficient of variation (GL- 
Shortening: 7.2% versus 11.1%, P=0.002; MAPSE: 
6.5% versus 9.1%, P=0.012), and a numerically smaller 
minimal detectable change (GL- Shortening MDC90, 
2.53 versus 3.85 percentage points; MAPSE MDC90, 
1.84 mm versus 2.70 mm).

Figure 4 shows the Bland- Altman plots for intraop-
erator variation, where AI had the better reproducibility. 
The 95% CI for GL- Shortening was −2.69 to 3.15 mm 
for AI and −4.32 to 4.54 mm for manual. For MAPSE, 
the confidence range was −1.92 to 2.32 mm for AI and 
−2.88 to 3.28 mm for manual.

Outcome Analysis
Across the outcomes cohort, GL- Shortening was 14.7 
(10.7%– 17.4%) and the range was 2.5% to 25.0%; 
MAPSE was 11.5 mm (9.1– 13.9 mm) and the range was 
2.6 to 21.9  mm. MAPSE was moderately correlated 
with GL- Shortening and manual GL- Strain (R2=0.71 
and 0.63, respectively), whereas AI GL- Shortening was 
strongly correlated with the manual GL- Strain (R2=0.85). 
AI MAPSE and AI GL- Shortening were associated with 
adverse events, demonstrated in the Cox regression 
analysis (Table 1). Notably, MAPSE was the strongest 
predictor of adverse events. In the univariable Cox re-
gression model for HHF or death, the χ2 values of AI 
MAPSE, AI GL- Shortening, and manual GL- Strain were 
255.2, 197.3, and 191.6, all of which exceeded manu-
ally measured EF 146.7. The same trend remained 
when testing for only death or HHF, respectively, as 

Table 1. Reproducibility Measured on the Scan– Rescan Data Set for GL- Shortening and MAPSE

Median Interquartile range Difference 
between the 2 
scans R2

P 
value CV N MDC90Scan 1 Scan 2 Scan 1 Scan 2

GL- 
Shortening

AI 14.6% 14.7% 11.8%– 18.0% 12.0%– 17.3% 0.23%±1.49% 0.86 0.59 7.2% 14 2.53%

Expert 14.2% 14.4% 10.9%– 18.3% 11.6%– 18.0% 0.11%±2.26% 0.76 0.83 11.1% 29 3.85%

MAPSE AI 12.4 mm 11.8 mm 9.5– 13.9 mm 9.9– 13.5 mm 0.20±1.08 mm 0.87 0.54 6.5% 9 1.84 mm

Expert 12.5 mm 12.1 mm 10.1– 14.4 mm 10.6– 14.0 mm 0.20±1.57 mm 0.76 0.57 9.1% 16 2.70 mm

AI was treated as an independent operator and compared with the expert. The median and percentile values are given. Interscan and intrasubject differences 
between the 2 scans are reported as mean±SD, together with the R2 ratio and within- subject CV. The number of samples (N) required to detect 1 mm or 
1% change in MAPSE and GL- Shortening was computed. Minimal detectable changes are reported with 90% power of significance. AI indicates artificial 
intelligence; CV, coefficient of variation; GL- Shortening, global longitudinal shortening; MAPSE, mitral annular plane systolic excursion; and MDC90, minimal 
detectable changes with 90% power of significance.

Figure 3. Examples of artificial intelligence detection on long- axis cine images.
The detected landmarks were overlaid on the image to indicate the accuracy of the model. A, A healthy 31- year- old man from the scan– 
rescan cohort was scanned to acquire 3 long- axis cine views. B, A 61- year- old woman was diagnosed with dilated cardiomyopathy. C, 
A 30- year- old man with myocardial infarction (MI) was scanned and found to have impaired cardiac function with the ejection fraction 
being 22%. CH2 indicates 2- chamber; CH3, 3- chamber; CH4, 4- chamber; ED, end- diastolic; and ES, end- systolic.

Healthy control Dilated Cardiomyopathy Chronic Ml 

A B C
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shown in Table  2. For all testing categories (death, 
HHF, or both), AI MAPSE had the highest χ2 values, 
and LVEF had the lowest. In death, HHF, or both AI GL- 
Shortening and manual GL- Strain had close χ2 values 
(111.2 versus 111.0 for death, 137.6 versus 126.5 for 
HHF, 197.3 versus 191.6 for both;). Lateral MAPSE was 
a strong predictor of HHF (χ2, 130.9; P<0.0001), death 
(χ2, 105.1; P<0.0001), or both (χ2, 180.6; P<0.0001), 
which was lower than MAPSE averaged over 6 meas-
urements in 3 LAX views (χ2 HHF, 160.8; death, 163.6; 
and both, 255.2; P<0.0001 for all).

Multivariable Cox regression was performed for 
HHF, death, or both. Table 2 shows the outcomes of 
the analysis adjusted for multiple factors and including 
hazard ratios. For HHF or death, the multivariable χ2 
values of AI MAPSE, AI GL- Shortening, GL- Strain, and 
LVEF were 52.1, 26.9, 24.9, and 16.8, respectively. AI 
MAPSE had the highest χ2 values if counting only death 
or HHF, indicating it had the strongest association. AI 
GL- Shortening had the second strongest association 
with outcomes, higher than manual GL- Strain. LVEF re-
mained as the measure with the weakest association 
with outcomes in this test.

Figure  5 plots the Kaplan- Meier survival curves 
for AI MAPSE and AI GL- Shortening for death, HHF, 
or both, illustrating the dose- response relationships. 
Reduced MAPSE or GL- Shortening was associated 
with lower survival rates and higher risk of adverse 
events. Compared with GL- Shortening, MAPSE was 
a stronger predictor with higher log- rank (176 versus 
118 for death, 187 versus 182 for HHF, 277 versus 222 
for both). This is consistent with the results of the Cox 
regression analysis.

For LVEF, the patients were divided into 2 groups 
(Group A: EF >55%, 899 patients with 118 events; 
Group B: EF <55%, 673 patients with 217 events). For 
Group A, MAPSE and GL- Shortening had χ2 values of 
89.3 (P<0.0001) and 36.3 (P<0.0001), respectively. For 
Group B, MAPSE and GL- Shortening had χ2 values 
of 83.6 (P<0.0001) and 69.1 (P<0.0001), respectively. 
Analysis was also conducted for multivariable Cox re-
gression, with the adjustments listed in the footnotes 
of Table 2. Both MAPSE and GL- Shortening remained 
strong predictors for prognosis (χ2 values, MAPSE: 
40.3, P<0.0001 for Group A and 16.7, P<0.0001 for 
Group B; GL- Shortening: 7.7, P=0.0055 for Group A 
and 11.4, P=0.0007 for Group B). For GL- Strain among 
patients with GL- Strain higher than 15.5 (849 patients 
with 88 events), MAPSE and GL- Shortening had χ2 
values of 55.0 (P<0.0001) and 18.8 (P<0.0001), re-
spectively. For patients with higher GL- Strain (<15.5, 
723 patients with 247 events), χ2 values were 78.0 
(P<0.0001) for MAPSE and 46.9 (P<0.0001) for GL- 
Shortening. For the multivariable analysis, MAPSE had 
χ2 values of 34.9 (P<0.0001) and 21.7 (P<0.0001) for 
patients with higher and lower GL- Strain, respectively. 

For GL- Shortening, these values were 9.3 (P=0.0023) 
and 9.1 (P=0.0026), respectively.

Table  S1 summarizes the correlation between 
MAPSE, GL- Shortening, GL- Strain, EF and end- 
diastolic volume, end- systolic volume, and late gad-
olinium enhancement findings. Results show that 
MAPSE was weakly to modestly correlated with end- 
diastolic volume, end- systolic volume, and late gado-
linium enhancement mass (r=−0.28 to −0.51), whereas 
more strongly correlated with GL- Shortening (r=0.84) 
and GL- Strain (r=0.79).

The net reclassification index and integrated dis-
criminant improvement results are given in Table  S2 
by comparing MAPSE and GL- Shortening against 
LVEF and GL- Strain. Net reclassification index and 
integrated discriminant improvement parameters 
were all significant for all comparisons except for GL- 
Shortening versus GL- Strain, which may be related to 
their high correlation (r=0.79, P<0.001). Fully adjusted 
multivariable models yielded significant continuous net 
reclassification index parameters, but not categorical 
net reclassification index or integrated discriminant im-
provement parameters.

Figure  S1 further provides the multivariable Cox 
modeled curves for HHF or death.

DISCUSSION
This study proposed and implemented an AI ap-
proach for the automated measurement of GL- 
Shortening and MAPSE from LAX CMR cine images. 
Validation in healthy and diseased subjects across 
multiple scanners and hospitals showed automated AI 
measurements are reliable and have prognostic value 
to predict adverse cardiovascular events, whereas AI 
MAPSE was found to be the strongest predictor of 
all- cause- mortality, HHF, or both. AI GL- Shortening is 
equivalent to manual GL- Strain and exceeds LVEF for 
predicting adverse events. These findings are consist-
ent across the univariable and multivariable Cox re-
gression analysis. The AI solution has been integrated 
into MR scanners and is capable of fast computation 
to produce analysis results in a few seconds after the 
conclusion of cine imaging, with the resultant land-
marks and plot of LV length displayed to allow for 
manual quality assurance oversight.

Four key aspects related to clinical applicability were 
investigated. First, the model was fast (additional com-
puting time ≈1.1 seconds) and runs on MR scanners. 
The results are presented to clinicians because the gen-
erated landmarks are available for visual inspection. It is 
noted this visualization only servers as a check to cap-
ture failed detection and further discard incorrect mea-
surement results. Second, the AI- measured parameters, 
GL- Shortening and MAPSE, were in excellent agree-
ment with the human expert. Third, the reproducibility 
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was higher than for a human expert in the multicenter, 
multidisease scan– rescan data set. Finally, the results 
of AI were prognostic, with AI MAPSE being the stron-
gest predictor over manual GL- Strain and LVEF. Taken 
together, these results suggest the proposed solution 
saves processing time and can be further deployed and 
evaluated, ideally in multicenter trials, for its usefulness 
as a component in clinical workflows where currently 
manual measurements are used.

Inspecting the Kaplan- Meier curves qualitatively, 
GL- Shortening showed a more graded dose- response 
relationship with outcomes than MAPSE, whereas the 
relationship between MAPSE and outcomes was not 
entirely linear in those MAPSE categories that most 
deviated from normal. This observation may indicate a 
potential threshold or plateau effect for MAPSE.

Results of the scan– rescan test showed the model 
surpassed human operators achieving better repro-
ducibility. This is consistent with previous studies, 

where the variations introduced by manual measure-
ments were found to be equivalent or greater than a 
model in measuring LVEF.22 Better precision could lead 
to broader and faster adoption of automated analysis 
and reporting provided by deep- learning models,31,32 
which is encouraged, because the AI processing 
shown in this study can be much faster than manual 
measurement.33,34 Precision improvement can help 
disease discrimination because with more precise 
measurement, normal reference ranges will likely nar-
row, helping detect early disease. Models have started 
showing such advantages for LVEF.17,22,34,35 We predict 
models trained with large and representative patient 
data sets will be more objective, reproducible, and 
much faster than manual measurements.

The proposed solution was deployed in- line on MR 
scanners. This way of model deployment can be used 
for other imaging applications. We anticipate the suc-
cess of deep learning may open new opportunities to 

Figure 4. Bland- Altman plots of scan– rescan data sets for global longitudinal shortening (GL- 
Shortening) (top) and mitral annular plane systolic excursion (MAPSE) (bottom) for the artificial 
intelligence (AI) and expert.
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build more in- line solutions to streamline imaging, anal-
ysis, and reporting workflows. The potential benefit of 
in- line versus off- line processing is that by providing 
immediate results, the user has more information to 
optimize the ongoing image acquisition as it happens. 
For example, the user will be able to make an immedi-
ate assessment about whether LV function is normal or 
not, which might drive additional imaging that is not in 
the original protocol. In the case of poor LV longitudinal 
function that might be indicative of infiltrative disease 
such as amyloidosis, the user might add multiparamet-
ric (T1 and T2) tissue characterization that otherwise 
might not be in the standard protocol because of time 
constraints. Furthermore, in instances of poor LV func-
tion, the user might choose to adjust protocols such as 
first pass perfusion to increase the number of measure-
ments to capture the first pass, or they might add addi-
tional assessment of the valves such as phase contrast 
based on AI landmark measurement of valve diameters. 
The AI analysis output figure plots as well as a sum-
mary report (see Video S4) may also be used for quality 
control. When having access to in- line measurement re-
sults, the reporting physician has more information for a 
preliminary assessment at the conclusion of the study, 
which might be used to refer the patient for immediate 
care, if warranted. The in- line reporting with the prompt 
feedback during the imaging study can drive additional 
imaging protocols to be added. For example, a reduced 
LAX function indicated by the reduced GL- Strain may 
prompt a T1/extracellular volume fraction map to look 
for fibrosis. In patients who have repeat imaging (eg, 

patients on cardiotoxic chemotherapy), a newly found 
abnormal GL- Strain may provide guidance to further ac-
quire contrast- enhanced scans. Finally, having the anal-
ysis complete at the conclusion of the scan shortens the 
offline analysis, because off- line analysis of longitudinal 
function will not be needed. The scanner image recon-
struction computer is powerful, and the in- line imple-
mentation is rapid. Some off- line tools are incompatible 
with deployment on slower computers such as laptops. 
In- line analysis may potentially eventually lead to better 
standardization of analysis, which is currently an issue 
using multiple analysis tools.

Although CMR image analysis is conventionally 
performed on an offline high- performance worksta-
tion with significant manual interaction, deep learning 
could permit far simpler and faster ways of reviewing 
and reporting studies with increased reliability. Further 
comparison and standardization may be worthwhile to 
facilitate more widespread adoption of deep learning. 
This study evaluated the prognostic value and repro-
ducibility of AI derived GL- Shortening and MAPSE from 
LAX cine imaging. The benefits of in- line processing 
include freeing reporting cardiologists from manual 
measurement and providing fast, in- session feedback 
to operators while the scan is ongoing. The in- line AI 
analysis can be extended to enable other measure-
ments (eg, EF, stroke volume, LV mass) to further in-
crease the level of automation. A set of thoroughly 
evaluated deep- learning solutions can serve as a stan-
dardized benchmark and be available on imaging de-
vices, with the potential for broader deployment.

Table 2. AI MAPSE Is Associated With Outcomes (Composite of HHF or Death [n=335]) More Strongly Than AI GL- 
Shortening and Manual GL- Strain Based on χ2 Values in Univariable and Multivariable Cox Regression Models Among 1572 
Participants

Variables

Univariable Cox regression Multivariable Cox regression*

χ2
HR  
(95% CI) P value χ2

HR  
(95% CI) P value

HHF or death MAPSE, per mm 255.2* 2.5 (2.2– 2.8) <0.001 52.1* 1.7 (1.5– 2.0) <0.001

GL- Shortening, % 197.3 2.1 (1.9– 2.4) <0.001 26.9 1.5 (1.3– 1.8) <0.001

GL- Strain, % 191.6 2.1 (1.9– 2.3) <0.001 24.9 1.5 (1.3– 1.7) <0.001

LVEF, % 146.7 1.8 (1.6– 2.0) <0.001 16.8 1.4 (1.2– 1.6) <0.001

Death MAPSE, per mm 163.6* 2.3 (2.0– 2.6) <0.001 29.3* 1.6 (1.4– 1.9) <0.001

GL- Shortening, % 111.2 1.9 (1.7– 2.2) <0.001 7.7 1.3 (1.1– 1.6) 0.0056

GL- Strain, % 111.0 1.9 (1.7– 2.1) <0.001 7.1 1.3 (1.1– 1.5) 0.0078

LVEF, % 79.1 1.6 (1.5– 1.8) <0.001 4.7 1.2 (1.0– 1.4) 0.0307

HHF MAPSE, per mm 160.8* 3.1 (2.6– 3.7) <0.001 39.2* 2.1 (1.7– 2.7) <0.001

GL- Shortening, % 137.6 2.7 (2.3– 3.1) <0.001 30.5 2.0 (1.6– 2.6) <0.001

GL- Strain, % 126.5 2.5 (2.1– 2.9) <0.001 25.6 1.8 (1.4– 2.3) <0.001

LVEF, % 106.9 2.1 (1.8– 2.4) <0.001 20.1 1.7 (1.3– 2.1) <0.001

GL- Shortening indicates global longitudinal shortening; GL- Strain, global longitudinal strain; HHF, hospitalization for heart failure; HR, hazard ratio; LVEF, left 
ventricular ejection fraction; and MAPSE, mitral annular plane systolic excursion.

*Adjusted for: age, sex, race, diabetes, hypertension, hyperlipidemia, smoking status, glomerular filtration rate, prior percutaneous intervention, prior 
coronary bypass surgery, moderate or severe aortic stenosis, moderate or severe mitral regurgitation, myocardial infarction by late gadolinium enhancement, 
nonischemic scar, extracellular volume fraction, left ventricular mass index, end diastolic volume index, and stratified by hospitalization status.
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The outcome study presented in this article was 
performed retrospectively, because the data set has 
been previously curated with approximately a 5- year 
follow- up time period. It should be noted that a more 

ideal prospective study is the next step to further eval-
uate the clinical usefulness of the in- line AI solution on 
the imaging device. As demonstrated in the Video S4, 
the in- line analysis runs on the MR imaging device and 

Figure 5. Kaplan- Meier survival curves for artificial intelligence (AI)- measured global longitudinal shortening (GL- 
Shortening) and mitral annular plane systolic excursion (MAPSE) for the outcome data set.
Based on the log- rank statistic, MAPSE (A, C, and E) associated more strongly with outcomes of the composite of hospitalization for 
heart failure (HHF) or death (top row, n=335), death only (middle row, n=250), and HHF in survivors (bottom row, n=147) than the GL- 
Shortening (B, D, and F) among participants (n=1572). To illustrate dose- response relationships in both MAPSE and GL- Shortening, 
Kaplan- Meier curves relative to the median, standard deviation increments separated the strata, with the top 2 strata above the 
median and the lower 3 strata below the median (given the skewed distributions visible on histograms). CMR indicates cardiac 
magnetic resonance.
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completed the reconstruction and analysis within a few 
seconds after the end of cine data acquisition, where 
the AI- generated report was saved to the picture ar-
chiving and communication system and available for 
reviewing by the reporting cardiologists. This study 
evaluated the prognostic value and quantified repro-
ducibility. Based on these results, identical models are 
being used prospectively.

The usefulness of this AI solution is an add- on to 
the existing imaging protocol and does not lengthen 
imaging acquisition. The AI analysis adds only a few 
seconds to the imaging reconstruction time. This 
added computing time is often overlapped with the 
succeeding acquisition or the operator preparing the 
next scan. For a typical CMR study to exam the struc-
ture and function of the heart, one or a few LAX views 
are typically acquired to assess longitudinal contractil-
ity. In this case, the added automation can free cardi-
ologists from downstream manual measurement. If the 
operator decides not to acquire the LAX views, the AI 
analysis will not be applied.

Previous studies have established the prognos-
tic value of MAPSE and GL- Strain. Both measure-
ments have been found to be associated with adverse 
events,10,36,37 with few direct comparisons. The current 
study compared their prognostic association in a large 
patient data set, showing MAPSE was a stronger pre-
dictor than GL- Strain and GL- Shortening. This could be 
attributable to the fact that atrioventricular plane dis-
placement is the major contributor to LV systolic func-
tion.9 The measurement of apex motion can add extra 
confounding factors such as imperfect imaging plan-
ning and difficulties in visualizing the apex because of 
high intensity epicardial fat or balanced steady state- 
free precession banding artifacts. Some CMR studies 
report only lateral wall atrioventricular plane displace-
ment as a measurement of MAPSE,15 whereas the cur-
rent study averaged 2 valve plane excursions per view 
across all 3 LAX views. With the detected landmarks, 
either or both ways of reporting are possible.

This study evaluated the prognostic value of AI- 
measured GL- Shortening and MAPSE, but did not 
measure their direct clinical impact, which is out of the 
scope of this study. The current study did deploy the 
model in MR scanners (Video S4) to enable automated 
measurement and reporting. This deployment will facil-
itate future studies to measure direct impact on clinical 
care.

The current study showed MAPSE was a stronger 
predictor for outcomes than GL- Strain. A recent study38 
compared the predictive power of echo MAPSE and 
GL- Strain among patients with ischemic heart failure 
(n=1277) and reduced LVEF (<50%). That study re-
ported similar prediction power for all- cause mortality 
between MAPSE and GL- Strain . A possible reason for 
the difference in outcome associations is likely related 

to the differences in the tested patient cohorts. In the 
ischemic heart failure study, patients had much lower 
LVEF (median [full range] 39% [32%– 45%] versus 57% 
[7%– 79%] in the current study). Importantly, the cur-
rent study included patients without amyloidosis who 
were enrolled consecutively and had greater variability 
in LVEF, which is associated with a statistically greater 
challenge in predicting outcomes. These results war-
rant the need to conduct further outcome studies com-
paring MAPSE and GL- Strain. Echo MAPSE has the 
disadvantage of the dependence on the angle image 
acquisition. Best practices suggests that measure-
ments should be conducted bilaterally and from mul-
tiple cardiac views.10 Echo GL- Strain measurements 
using speckle tracking have grown in popularity as 
an alternative for the evaluation of global LV function. 
The more complicated processing algorithm used for 
echo GL- Strain has shown higher vendor dependence. 
Differences in GL- Strain between vendors can be up to 
3.7% (≈20% relative difference).39 A test– retest study 
in patients (n=30)40 reported the relative smallest de-
tectable change to be 10.7% for MAPSE and 14.7% for 
echo GL- Strain, which are comparable to the current 
study.

In the outcome study, the Kaplan- Meier survival 
curves was computed with the median, and the SD 
increments separated the strata, with the top 2 strata 
above the median and the lower 3 strata being below 
the median. The purpose is to illustrate the dose- 
response relationships to death, HHF, or both. Another 
good method is to fit the survivor data with spline func-
tion and generate more continuous response with abil-
ity to extrapolate beyond the observed data. Although 
this study exploited the SD method, the flexible para-
metric spline model is a good alternative for further 
investigation.

Compared with echo measurement of MAPSE 
and GL- Strain, the proposed method for CMR mea-
surement has the benefits of being automated, and 
AI analysis eliminates operator- introduced variation, 
as shown in the test– retest results. The processing 
time is most likely reduced because of the in- line 
processing, whereas extra measurements are often 
needed off- line for echo.10 Head- to- head comparison 
between 2 imaging modalities showed good inter-
modality agreement,41 with CMR GL- Strain having 
better test– retest repeatability. This finding was fur-
ther confirmed by another study42 reporting the good 
agreement in CMR and echo- measured MAPSE in 
adults (n=111).

Limitations
First, this study was conducted retrospectively on 2 
previously curated data sets, because the CMR cine 
imaging is standardized across vendors, and the 
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objective of this study was to evaluate the performance 
of an AI image analysis solution. Further prospective 
studies are required to test model performance in mul-
ticenter trials. Second, for the outcome data set, which 
was previously curated to study the relationship of GL- 
Strain and extracellular volume to the patient outcome, 
the subjects with hypertrophic cardiomyopathy were 
excluded. The trained CNN model was tested on the 
hypertrophic cardiomyopathy subjects in the scan– 
rescan data set and was found to correctly detect 
landmarks (as demonstrated in Figure S2). However, 
lacking this patient cohort represents a clear limita-
tion for this study. Third, only the reproducibility of 
trained models was evaluated on the scan– rescan 
data sets. A recent study on short- axis cine image 
analysis22 shows deep- learning models provide pre-
cision comparable to experts, with significant sav-
ings in processing time. The inter-  and intraobserver 
variation in manual LAX cine measurements could be 
further evaluated and compared with AI performance. 
Fourth, outcome data are from a single center with 
exclusion for specific disease groups. However, the 
disease groups excluded, especially cardiac amyloi-
dosis, are those where longitudinal shortening and 
strain are most likely to be prognostic, and therefore, 
inclusion of these patients would likely increase rather 
than decrease the prognostic power of the tool. Model 
performance should be further validated for individ-
ual diseases, which would require collection of more 
training data. Fifth, global contractility was the focus of 
this study, whereas regional measurement will require 
development of new deep- learning models. Although 
regional strain has been measured using feature- 
tracking tools for assessing cardiac function, it is gen-
erally the global measures that are more likely to have 
widespread application. Sixth, because the manual 
MAPSE and GL- Shortening results were not available 
for the outcome data set, they were not included in 
this study for further analysis. In the outcome study, 
the AI- derived measurements were compared with 
manually measured EF. A better comparison is against 
the AI LVEF, which is not available for this study. This 
comparison is to be conducted in a future study. Last, 
AI performance was compared with 1 expert. Future 
studies will be needed to conduct multicenter clini-
cal trials, establish normal reference ranges for the AI 
measures, and evaluate diagnostic performance for 
different pathological conditions.

The source code for the model and training is 
available at the github repository (https://github.com/
xueh2/ CMR_LandM ark_Detec tion.git).

CONCLUSIONS
An AI approach was proposed, evaluated, and deployed 
to provide automated measurement of GL- Shortening 

and MAPSE from CMR cine imaging. Reproducibility 
of the model was better than the human operators. 
The outcome study showed both AI measurements 
were associated with adverse outcomes, with MAPSE 
being the strongest predictor, being better than man-
ual measures of GL- Strain and LVEF.
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Table S1. Pearson Correlation Coefficients of AI MAPSE, GL-Shortening, GL-Strain, EF, EDV, 
ESV, and LGE mass. 

MAPSE GL-Shortening GL-Strain EF EDV ESV LGE mass 

MAPSE - 0.84 
P<.0001 

0.79 
P<.0001 

0.68 
P<.0001 

-0.28
P<.0001 

-0.52
P<.0001 

-0.36
<.0001

GL-Shortening - - 0.92 
P<.0001 

0.83 
P<.0001 

-0.56
P<.0001 

-0.73
P<.0001 

-0.47
P<.0001 

GL-Strain - - - 0.85 
P<.0001 

-0.57
P<.0001 

-0.74
P<.0001 

-0.45
P<.0001 

EF - - - - -0.66
P<.0001 

-0.86
P<.0001 

-0.50
P<.0001 



Table S2. Summary of the net reclassification index (NRI) and the integrated discriminant 
improvement (IDI) analysis for MAPSE and GL-shortening against EF and GL-Strain. With the addition of 
MAPSE or GL-shortening to univariable Cox regression models with either EF or GL-Strain, NRI and IDI 
parameters were all significant for except for when GL-shortening was compared to GL-Strain, which may relate 
to their correlation (R=0.79, p<0.001).  Fully adjusted multivariable models yielded significant continuous NRI 
parameters, but not categorical NRI or IDI parameters. 

Univariable Multivariable* 

type NRI 

NRI 
Percentile 

method 
95% 

Bootstrap 
CI 

P-
value type NRI 

NRI 
Percentile 

method 
95% 

Bootstrap 
CI 

P-
value 

MAPSE vs. EF Continuous 
NRI 0.4377 (0.2949, 

0.5727) <.001 Continuous 
NRI(>0) 0.3228 (0.1818, 

0.4275) <.001 

MAPSE vs. EF 
Categorical 
NRI (0.05 

0.35) 
0.1735 (0.1172, 

0.2412) <.001 
User 

NRI(0.05 
0.35) 

0.0225 (-0.0223, 
0.0655) 0.38 

GL-Shorting vs. EF Continuous 
NRI 0.4389 (0.3284, 

0.5557) <.001 Continuous 
NRI(>0) 0.2504 (0.1091, 

0.3539) <.001 

GL-Shorting vs. EF 
Categorical 
NRI (0.05 

0.35) 
0.0752 (0.0151, 

0.1189) <.001 
User 

NRI(0.05 
0.35) 

-0.0061 (-0.04, 
0.025) 0.7 

MAPSE vs. GL-Strain Continuous 
NRI 0.3272 (0.174, 

0.4977) <.001 Continuous 
NRI(>0) 0.2568 (0.1353, 

0.4145) <.001 

MAPSE vs. GL-Strain 
Categorical 
NRI (0.05 

0.35) 
0.1212 (0.0627, 

0.1739) <.01 
User 

NRI(0.05 
0.35) 

0.0325 (-0.0283, 
0.0812) 0.24 

GL-Shortening vs. GL-Strain Continuous 
NRI(>0) 0.1813 (0.038, 

0.3242) 0.00 Continuous 
NRI(>0) 0.1953 (0.0848, 

0.3205) <.001 

GL-Shortening vs. GL-Strain 
User 

NRI(0.05 
0.35) 

0.0179 (-0.0209, 
0.0464) 0.32 

User 
NRI(0.05 

0.35) 
-0.0041 (-0.0297, 

0.0216) 0.8 

IDI 

IDI 
Percentile 

method 
95% 

Bootstrap 
CI 

P-value IDI 

IDI 
Percentile 

method 
95% 

Bootstrap 
CI 

P-value

MAPSE vs. EF 0.0123 (0.0096, 
0.016) <.001 .0059 (0.0007, 

0.0105) 0.02 

GL-Shorting vs. EF .0056 (0.004, 
0.0074) <.001 .0016 (-0.0013, 

0.0049) 0.28 

MAPSE vs. GL-Strain .0073 (0.0053, 
0.0098) <.001 .003 (-0.0017, 

0.0062) 0.2 

GL-Shortening vs. GL-Strain .001 (0.0002, 
0.0017) 0.02 -.0003 (-0.0019, 

0.0009) 0.76 

*adjusted for age, sex, white race, diabetes, hypertension, current or prior smoking, hyperlipidemia, glomerular
filtration, percutaneous coronary intervention, coronary artery bypass surgery, atrial fibrillation, moderate or severe
mitral regurgitation, moderate or severe aortic stenosis, left ventricular mass index, end diastolic volume index,
myocardial infarction on LGE, nonischemic myocardial scar on LGE, and extracellular volume (ECV).



Figure S1. Multi-variable Cox modeled curves for outcomes for GLS, GL-Shortening and MAPSE. These 

results are for HHF or death. 
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Figure S2. Examples of landmark detection for a patient with the hypertrophic cardiomyopathy. This is a male 

patient,  45  years  old,  with  elevated  LV  mass  (396g)  and  reduced  cardiac  function.  The  AI  model  correctly 

detected the landmark points on (a) CH2, (b) CH4, and (c) CH3 cine views, for both end‐diastolic (left column) 

and  end‐systolic  (right  column)  phases.  The  AI  derived  GL‐Shortening  is  3.02%,  consistent  with  impaired  

contractibility. 



Supplemental Video Legends:

Video S1. Examples of AI based landmark detection from long-axis CH2 images. 

Video S2. Examples of AI based landmark detection from long-axis CH3 images. 

Video S3. Examples of AI based landmark detection from long-axis CH4 images. 

Video S4. Illustration of cine acquisition, image reconstruction, and inline 
processing to report AI GL-Shortening and MAPSE on the MR scanner. Output 
image series include the raw cine images, the cine images with landmarks, summary 
report and plots which include LV length and LV shortening vs cardiac phase, 
longitudinal shortening velocity for septal and lateral wall, and measurement of mitral 
annular valve diameter at ES and ED. 
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