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TECHNICAL NOTE

Improving accuracy of myocardial T1 estimation in
MyoMapNet
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Purpose: To improve the accuracy and robustness of T1 estimation by MyoMapNet, a deep learning–based approach using 4 inversion-recovery T1 -weighted
images for cardiac T1 mapping.
Methods: MyoMapNet is a fully connected neural network for T1 estimation
of an accelerated cardiac T1 mapping sequence, which collects 4 T1 -weighted
images by a single Look-Locker inversion-recovery experiment (LL4). MyoMapNet was originally trained using in vivo data from the modified Look-Locker
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inversion recovery sequence, which resulted in significant bias and sensi-
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phantom data scanned using new phantom vials that differed from those
used for training. The performance of the new model was compared with

tivity to various confounders. This study sought to train MyoMapNet using
signals generated from numerical simulations and phantom MR data under
multiple simulated confounders. The trained model was then evaluated by

modified Look-Locker inversion recovery sequence and saturation-recovery
single-shot acquisition for measuring native and postcontrast T1 in 25
subjects.
Results: In the phantom study, T1 values measured by LL4 with MyoMapNet
were highly correlated with reference values from the spin-echo sequence.
Furthermore, the estimated T1 had excellent robustness to changes in
flip angle and off-resonance. Native and postcontrast myocardium T1 at
3 Tesla measured by saturation-recovery single-shot acquisition, modified Look-Locker inversion recovery sequence, and MyoMapNet were
1483 ± 46.6 ms and 791 ± 45.8 ms, 1169 ± 49.0 ms and 612 ± 36.0 ms, and
1443 ± 57.5 ms and 700 ± 57.5 ms, respectively. The corresponding extracellular volumes were 22.90% ± 3.20%, 28.88% ± 3.48%, and 30.65% ± 3.60%,
respectively.
Conclusion: Training MyoMapNet with numerical simulations and phantom
data will improve the estimation of myocardial T1 values and increase its
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robustness to confounders while also reducing the overall T1 mapping estimation time to only 4 heartbeats.
KEYWORDS
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1

I N T RO DU CT ION

Myocardial T1 and extracellular volume (ECV) mapping
via cardiovascular MR imaging can quantitatively assess
the presence of focal and diffuse myocardial fibrosis.1–4
Among various cardiac T1 mapping sequences developed
in recent years,5–24 modified Look-Locker inversion recovery (MOLLI) is the only commercially available one and
is therefore widely used in clinical practice for myocardial tissue characterization. The original MOLLI consists
of 3 inversion-recovery (IR) experiments. Each IR experiment performs multiple single-shot imaging after an inversion pulse to obtain different T1 -weighted images. Disturbances from multiple readouts result in an apparent short
recovery time (i.e., T1 * ) for the longitudinal magnetization (Mz ), inducing 4%–10% T1 underestimation even with
Look-Locker correction.7,17 MOLLI sets 3 idling heartbeats
between every 2 IR experiments for the fully recoverd Mz .
This recovery period of fixed heartbeats may be insufficient for longer T1 values when the patient has a high heart
rate, inducing heart-rate dependency error. In addition,
MOLLI T1 is sensitive to T2 , magnetization transfer, and
off-resonance due to its adoption of a balanced steady-state
free-precession readout.25–27
Different strategies have been proposed to improve
MOLLI T1 accuracy or shorten imaging time. Several
optimizations on the MOLLI imaging scheme, such as
MOLLI5(3)3 and MOLLI5(3 s)3, have sought to mitigate
the heart-rate sensitivity problem by increasing the recovery time between inversion pulses and reducing IR experiments to shorten the imaging time. Shortened MOLLI further reduces the imaging time using a 5(1)1(1)1 protocol
and alleviates the heart-rate dependency using a conditional fitting algorithm that discards the last 2 samples for
long T1 values at a high heart rate.6 The inversion-group
fitting algorithm allows MOLLI to generate a constant T1
with an arbitrary acquisition scheme, meaning the resting period between IR experiments can be removed. A
dedicated short inversion pulse with a constant correction
factor can minimize MOLLI T1 underestimation for tissues
with low T2 values.28
Alternately, in postprocessing, approaches using
Bloch-equation-based simulation of MOLLI can improve

T1 accuracy by accounting for multiple perturbations of
Mz during readout, incompletely recovered Mz before the
inversion pulse, and imperfect preparation pulse. Shao
et al. proposed an algorithm assuming Mz perturbation
during readout is an instantaneous loss and took into
account the incomplete Mz recovery to improve T1 accuracy.29 Subsequently, they fully simulated the MOLLI
sequence with slice profile to accurately model the Mz
evolution.30 With the introduction of deep learning, this
algorithm was extended by neural networks for rapid T1
map reconstruction while improving accuracy.31 Recently,
we proposed MyoMapNet as a deep learning–based T1
mapping approach to reduce the MOLLI scan time.32
MyoMapNet is a fully connected neural network to
predict T1 map from only 4 T1 weighted images collected by a single IR experiment (i.e., Look-Locker
4, LL4). Although the imaging time was significantly
reduced to only 4 heartbeats, MyoMapNet T1 has low
accuracy because we trained it using MOLLI T1 as
reference.
In this study, we propose to improve the MyoMapNet
T1 accuracy by training the model using a combination of
phantom data and numerical simulations generated in the
presence of different off-resonance frequencies, noise levels, flip angles, and heart rates. The performance of the
retrained model was evaluated using phantom and in vivo
human imaging.

2

METHODS

All MR experiments were scanned on a 3 T scanner (Magnetom Vida; Siemens Healthcare, Erlangen,
Germany) equipped with an 18-channel body and a
32-channel spine coil. MyoMapNet was implemented
using PyTorch (Facebook, Menlo Park, CA), trained and
tested on a DGX-1 workstation (NVIDIA Santa Clara,
CA) equipped with 88 Intel Xeon central processing
units (2.20 GHz), 1 NVIDIA Tesla V100 graphics processing unit (GPU), and 504 GB RAM. GPU has 32 GB
memory and 5120 tensor cores. All simulations and T1
fitting were performed in MatLab 2018b (MathWorks,
Natick, MA).
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2.1

3

Training dataset

We used phantom and numerically simulated signals
from LL4 sequence for the training of MyoMapNet
(Figure 1). Eighteen gel phantoms with different concentrations of agarose and NiCl2 were used for simulating the myocardium and blood. LL4 and IR spin-echo
(IR-SE) sequences were performed at 3 locations with
the same field of view. IR-SE collected 18 T1 -weighted
images by changing the IR time (TI) from 100 ms to
3000 ms. LL4 was repeated 121 times by varying heart
rates (30 beats per min [bpm] to 130 bpm with an interval of 2 bpm), flip angles (15◦ to 47◦ in steps of 1◦ ), and
center frequencies (−130 Hz to 130 Hz in steps of 10 Hz,
and −45 Hz to 45 Hz in steps of 5 Hz). For different flip
angles and center frequencies, the simulated heart rate
was 60 bpm.
Due to the limited T1 and T2 range in phantom vials, we
used numerical simulations of LL4 to augment the training
dataset. Single-shot balanced steady-state free-precession
acquisition was simulated using the following parameters: TR/flip angle = 2.5 ms/35◦ , 5 ramp-up pulses with
flip angles from 3.5◦ to 31.5◦ , linear k-space ordering, and
70 phase-encoding steps. For each simulated heart rate,
heart rates for 4 cardiac cycles of LL4 were randomly
changed with values drawn from a Gaussian distribution
model (mean = 0; standard deviation [SD] = 2.5 bpm).
The delay time between the R-peak and the start of the
diastolic phase was calculated using an empirical model.33
The duration (𝜏) of the inversion pulse was 2.5 ms.28
The inversion efficiency was simulated as 𝜂 = exp (−𝜏∕T2 )
to account for T2 relaxation during (𝜏) the adiabatic
pulse.
Simulated T1 and T2 times were uniformly distributed
from 100 ms to 2500 ms, and from 20 ms to 250 ms,
representing native and postcontrast myocardium and
blood. The simulated heart rate ranged from 30 bpm to
130 bpm with uniform distribution. A factor generated
from the Gaussian distribution model (mean:1; SD = 0.1)
was used to scale the flip angle to simulate B1 variation. The shifting center frequency was drawn from
a Gaussian distribution with mean = 0 and SD = 30.
The simulated signal-to-noise ratio (SNR) was uniformly
distributed from 80 to 120 given that IR signals have
high SNR.
LL4 was performed 5,000,000 times. T1 , T2 , heart rate,
off-resonance, flip angle, and SNR values for each simulation were randomly chosen from the above-defined sets
as inputs to generate complex-valued signals. Independent
noise was added to both real and imaginary parts. Signals
with and without noise were included in the dataset as data
augmentation.

2.2

Implementation and training

MyoMapNet was designed as an 1D fully connected neural network to predict T1 at one pixel. Four T1 -weighted
signals and their corresponding IR times were fed into the
model, and the output was the predicted T1 . Five hider
layers were included in MyoMapNet, and a leaky rectified
linear unit activation function was applied after each hider
layer. The neurons of each hider layer were 400, 400, 200,
200, and 100.32
We split the above datasets into training (∼90%) and
validation subdatasets (∼10%). Each vial in the phantom
image was manually segmented to avoid noise around
the edge. The input absolute T1 -weighted signals were
normalized to values between 0–1.1. MyoMapNet was
trained with 3000 epochs using an ADAM optimizer and
a learning rate of 0.001. The batch size was 20. MyoMapNet parameters were updated using mean absolute error
(MAE = | MyoMapNet T1 − Ref T1 |) between the reference T1 and output. Ref T1 represents the ground truth
used in simulation and that of the phantom from IR-SE
sequence, respectively. MAEs of the training and validation datasets were monitored during training to select the
model with the best performance.

3

EVALUATION

We evaluated the performance of MyoMapNet using phantom and in vivo human studies. Furthermore, we evaluated how different imaging confounders such as heart rate,
field inhomogeneity, and flip angle can affect MyoMapNet
performance using phantom experiments.

3.1

Phantom experiments

Twelve NiCl2 doped agarose gel phantoms34 with a broad
range of T1 and T2 , separate from the one used in training, were imaged by SASHA, MOLLI5(3)3, and LL4.
Reference T1 and T2 values of each vial were determined by IR-SE and Carr-Purcell-Meiboom-Gill spin-echo
(CPMG-SE) sequence, respectively. Imaging parameters
used in all sequences are summarized in Supporting Information Table S1. First, SASHA, MOLLI5(3)3, and LL4
were performed using a simulated heart rate of 60 bpm
to evaluate T1 accuracy. Each sequence was repeated 11
times, and repetitions of all sequences were done in a
random order. Second, the 3 sequences were performed
by increasing the simulated heart rate from 40 bpm to
120 bpm at increments of 10 bpm to study heart-rate
dependency. Third, the 3 sequences were scanned with

4

GUO et al.

(A)

(B)

(C)

(D)
(E)

FIGURE 1
Study design. (A) Accelerated T1 mapping sequence. The proposed T1 mapping sequence first performs an INV and
then acquires 4 single-shot images using a balanced steady-state free precession readout. Acquisition of each image is triggered by ECG and
performed during the diastolic phase of 1 cardiac cycle with breath-holding. We named this Look-Locker T1 mapping scheme LL4. (B)
Training datasets. Numerical simulations and phantom MR data of LL4 were prepared. These signals were collected by changing the heart
rate, flip angle, and center frequency. Phantom T1 values by IR-SE were also included. (C) MyoMapNet. A fully connected neural network
was designed for MyoMapNet to predict T1 at 1 pixel, with the input of 4 T1 -weighted signals (i.e., Si ) and corresponding inversion times (i.e.,
TIi ) from LL4. In training, IR-SE and simulated T1 times were used as references for phantom signals and simulations, respectively. (D and E)
Testing datasets and Evaluation. MyoMapNet performance (e.g., accuracy and precision) was evaluated by phantom and in vivo studies.
Comparison was made with SASHA and MOLLI5(3)3. ECG, electrocardiogram; INV, inversion pulse; IR-SE, inversion-recovery spin-echo;
LL4, single Look-Locker T1 mapping with 4 balanced steady-state free precession T1 -weighted images; MOLLI, modified Look-Locker
inversion recovery; SASHA, saturation-recovery single-shot acquisition.

different shiftings of the center frequency (−125 Hz to
125 Hz in steps of 25 Hz) to study off-resonance sensitivity.
Lastly, we changed the flip angle of the 3 sequences from
18◦ to 45◦ in steps of 3◦ to investigate the effect of flip angle
on T1 accuracy.

3.2

In vivo study

The Beth Israel Deaconess Medical Center Institutional
Review Board approved in vivo experiments, and a written informed consent was obtained from each participant
prior to imaging. We prospectively recruited 19 patients (12
male; 58 ± 16 years), who were referred for a clinical CMR
exam, and 6 healthy subjects (2 male; 23 ± 2 years). Native
T1 was collected in all 25 subjects, but only 16 subjects
with a clinical indication for a contrast scan had postcontrast T1 mapping after injection of 0.1 mmol/kg Gd-DTPA
(Gadavist, Bayer Healthcare, Berlin, Germany). For each
subject, SASHA and LL4 were imaged at 1 left-ventricle
(LV) slice, which aligned to the central slice of MOLLI. The
detailed imaging parameters are also included in Supporting Information Table S1.

3.3

Image and Statistical Analysis

The mean and SD of T1 for each vial in each phantom T1 map were calculated over ∼130 pixels within a

circular region of interest. Coefficients of variation (CV)
was calculated as the percentage of mean divided by SD.
The mean, SD, and CV of T1 for each vial measured at
60 bpm were averaged across all repetitions. For each in
vivo T1 map, the endo- and epicardium and blood pool
were manually delineated to obtain the mean and SD of
T1 for the LV myocardium and blood pool. CV was then
calculated. For subjects who had both native and postcontrast T1 mapping (n = 16; 10 male; 60 ± 14 years), LV
ECV was measured with hematocrit sampled prior to MR
imaging.
Phantom T1 relative error against the reference was
used in the evaluation of accuracy. CV and SD were used in
the comparison of T1 precision. Linear regression was used
to characterize the relationship between every 2 methods for T1 . Paired Student t test was used in pair-wise
comparisons. Bonferroni correction was used for multiple
comparisons of the 3 T1 sequences. A P value less than
0.0167 was considered statistically significant.

4

RESULTS

In the training for MyoMapNet, the MAE of both training
and validation datasets rapidly decreased around the 100th
epoch and slowly reached a steady state around the 200th
epoch S2. We stopped the training after the 3000th epoch
and used the 945th model for T1 estimation.
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4.1

5

Phantom experiments

T1 values measured by all 3 sequences at a heart
rate of 60 bpm strongly correlated with reference values
(R2 > 0.98), with mean T1 relative errors of 0.3% ± 1.0%
(SASHA, P = 0.81), −8.3% ± 4.7% (MOLLI5(3)3, P < 0.05),
and − 0.4% ± 4.7% (MyoMapNet, P = 0.37) (Figure 2A–C).
The CVs of T1 for 3 sequences were 1.18% ± 0.46%,
1.47% ± 1.36%, and 1.22% ± 0.55% (Supporting Information Table S2), respectively, demonstrating similar T1 precision. All 3 sequences were largely insensitive to heart
rate. The correlations between heart rate and mean T1
relative error were 0, 0.81, and 0.80, respectively (all
slopes < 0.032) (Figure 2D–F). The T1 estimation error
of MOLLI5(3)3 was highly dependent on center frequency. In contrast, SASHA and MyoMapNet T1 values were unchanged in a frequency range of ±100 Hz
(Figure 2G–I). When the flip angle increased from 18◦ to
46◦ , the mean T1 relative error of SASHA and MyoMapNet
decreased from 0.79% ± 0.78% to 0.19% ± 1.22% and from
−0.98% ± 4.61% to 0.23% ± 5.17%, respectively. In contrast,
the underestimation of MOLLI5(3)3 T1 increased from
−6.1% ± 3.2% to −10.0% ± 6.5% due to a higher degree of
magnetization disturbance associated with a higher flip
angle.

blood) and postcontrast T1 (∼8 ms for both myocardium
and blood) compared to MOLLI but smaller than that of
SASHA (myocardium: ∼40 ms for native and ∼ 15 ms for
postcontrast T1 ; blood: ∼15 ms for native and ∼ 11 ms for
postcontrast T1 ).
There was no difference in the CV of native
myocardium T1 between MOLLI and MyoMapNet
(P = 0.16 for LV and P = 0.62 for septum). The CV
of postcontrast myocardium T1 by MyoMapNet was
2% higher than that by MOLLI (global myocardium:
6.70% ± 1.93% vs. 4.70% ± 1.93%; septum: 4.00% ± 1.28%
vs. 2.79% ± 1.22%), as well as both native and postcontrast
blood T1 (native: 3.28% ± 0.77% vs. 1.53% ± 0.61%; postcontrast: 3.28% ± 1.42% vs. 1.71% ± 0.95%) (all P < 0.0167).
SASHA had the highest CV for both the myocardium (∼7%
for native and ∼ 5% for postcontrast, all P < 0.0167 except
SASHA vs. MyoMapNet for postcontrast myocardium T1 )
and blood T1 (5% for both native and postcontrast, all
P < 0.0167).
In Table 1 and Supporting Information S4, MyoMapNet yielded the highest ECV values among the 3
sequences. In contrast, SASHA had the lowest ECV values.
There was no significant difference in LV and septum ECV
between MOLLI and MyoMapNet.

5
4.2

DISCUSSION

In vivo study

T1 maps were successfully obtained in all subjects without any noticeable visual artifacts. Representative maps
of 3 healthy subjects (Figure 3) and 4 patients (native,
postcontrast T1, and ECV) (Figures 4 and S1) show similar image quality for MyoMapNet and MOLLI, with
increased noise in SASHA images. There was an increase
in T1 values measured using MyoMapNet compared to
MOLLI (Table 1). SASHA yielded the highest myocardial
T1 values among the 3 sequences. Mean native T1 of the
myocardium by MyoMapNet was ∼50 ms lower than that
by SASHA (P = 0.0224) but ∼250 ms higher than that by
MOLLI5(3)3 (P < 0.0167). Native blood T1 by MyoMapNet
was slightly higher than that by SASHA and MOLLI5(3)3
(∼60 and 80 ms, all P < 0.0167). Postcontrast myocardium
T1 by MyoMapNet was ∼90 ms lower than that by SASHA
but ∼80 ms higher than that by MOLLI4(1)3(1)2. Postcontrast blood T1 from MyoMapNet was ∼30 ms and
50 ms higher than by SASHA and MOLLI (all P < 0.0167),
respectively.
In terms of precision, MOLLI had the lowest T1
SD for both pre- and postcontrast T1 , suggesting the
best image quality (Table 1, Supporting Information Figures S2 and S3). MyoMapNet had a slightly higher
SD in both native (∼10 ms for myocardium and ∼ 40 for

In this study, we demonstrated that training MyoMapNet
using numerical simulations and phantom signals generated from varying the center frequency, flip angle, and
heart rate can improve T1 accuracy of LL4 and reduce
sensitivity to different imaging confounders. Compared to
MOLLI5(3)3, MyoMapNet reduced imaging time 2.5-fold
with negligible loss in precision.
We did not use in vivo data for training due to the
lack of reference standards for in vivo T1 . We attempted
to use in vivo SASHA T1 as the ground truth for training the model. However, we faced 2 major issues: (a)
lower precision of the SASHA T1 map, and (b) challenges in registering LL4 T1 images to the SASHA T1
map. These issues could have directly affected MyoMapNet training. Therefore, we opted not to use in vivo images
for model training. Although the current training model
incorporates several confounders in IR cardiac T1 mapping, other confounders such as in-flow effect, fat, T2 * ,
magnetic transfer, and motion artifacts could still affect T1
estimation.
Our phantom experiments demonstrated that a deep
learning–based MyoMapNet approach can alleviate the
effects of multiple readouts in the IR Look-Locker T1
mapping scheme and reduce sensitivity to off-resonance,
heart rate, and flip angle. Native T1 of the myocardium at
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FIGURE 2
Phantom Evaluation. (A–C) Phantom T1 correlations between IR-SE and the 3 sequences performed at a heart rate of
60 bpm. T1 relative error of all phantom vials for the 3 sequences under different simulated heart rates (D–F), different shifting of center
frequencies (G–I), and different flip angles (J–L). Mean and SD are induced in figures
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FIGURE 3
Native T1 maps from 3
healthy volunteers by SASHA, MOLLI5(3)3,
and LL4 with MyoMapNet. SASHA T1 was
fitted using a 3-parameter model.
Myocardium and blood T1 from SASHA and
MyoMapNet are higher than those from
MOLLI5(3)3. T1 maps by MOLLI5(3)3 and
MyoMapNet have clear boundaries of LV
and moderate artifacts compared to those
from SASHA. LV, left ventricle.

(A)

(B)

FIGURE 4
Representative native and postcontrast T1 maps from 2 patients as measured by the 3 sequences, and corresponding ECV
maps. Both native and postcontrast T1 maps from MOLLI5(3)3 and LL4 are more homogeneous than those from SASHA. SASHA has the
highest T1 values among the 3 sequences. ECV, extracellular volume.

3 T measured by SASHA and MyoMapNet were ∼ 1480 ms
and ∼ 1440 ms, respectively, which is in good agreement with reported literature values.35 Compared to
MOLLI5(3)3 T1 (∼1170 ms), MyoMapNet improved accuracy by ∼20%.

Both MyoMapNet and MOLLI are sensitive to T2 .
MOLLI sensitivity has been investigated by various studies.28,36 For MyoMapNet, the T2 times of our phantom
vials were sparse. Although we attempted to mitigate
this problem using simulations with wide T2 ranges, the
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Native

T1 (ms)

SD (ms)

CV(%)

Postcontrast

T1 (ms)

SD (ms)

CV(%)

ECV(%)

Myocardium

Septum

Blood

SASHA

1483 ± 46.6b

1493 ± 79.3b

1833 ± 137.3c

MOLLI5(3)3

1169 ± 49.0a,c

1185 ± 57.5 a,c

1815 ± 82.3c

LL4

1443 ± 57.5b

1437 ± 60.0b

1892 ± 102.2a,b

SASHA

109.8 ± 35.1b,c

83.1 ± 32.3b,c

95.5 ± 11.1b,c

MOLLI5(3)3

55.5 ± 13.5a,c

41.8 ± 10.5a,c

27.86 ± 11.6a,c

LL4

66.3 ± 22.3a,b

45.0 ± 18.2a,b

70.81 ± 18.8a,b

SASHA

7.37 ± 2.18b,c

5.53 ± 1.98b,c

5.23 ± 0.65b,c

MOLLI5(3)3

4.73 ± 1.06a

3.52 ± 0.87a

1.53 ± 0.61a,c

LL4

5.04 ± 0.98a

3.44 ± 0.92a

3.28 ± 0.77a,b

SASHA

791 ± 45.8b,c

798 ± 47.8b,c

499 ± 55.0b,c

MOLLI5(3)3

612 ± 36.0a,c

611 ± 38.2a,c

476 ± 55.1a,c

LL4

700 ± 57.5a,b

697 ± 61.5b,c

527 ± 69.7a,b

SASHA

57.9 ± 14.1b,c

38.8 ± 10.0b,c

27.5 ± 6.9b,c

MOLLI5(3)3

28.6 ± 10.9a,c

16.9 ± 6.9a,c

8.5 ± 5.6a,c

LL4

36.5 ± 11.8a,b

23.3 ± 10.4a,b

16.0 ± 6.0a,b

SASHA

7.32 ± 2.03b

4.92 ± 1.32b,c

5.43 ± 1.36b,c

MOLLI5(3)3

4.70 ± 1.93a,c

2.79 ± 1.22a,c

1.71 ± 0.95a,c

LL4

6.70 ± 1.93b

4.00 ± 1.28a,b

3.28 ± 1.42a,b

SASHA

22.94 ± 3.20b,c

22.55 ± 2.65b,c

–

MOLLI5(3)3

28.88 ± 3.48a

29.56 ± 4.12a

–

LL4

30.65 ± 3.60a

30.77 ± 3.24a

–

TA B L E 1
Mean and SDs of
pre- and postcontrast T1 across all
subjects measured at 3 T by the 3
sequences, and ECV values

P < 0.0167 versus SASHA.
P < 0.0167 versus MOLLI.
c
P < 0.0167 versus MyoMapNet.
CV, coefficient of variation; ECV, extracellular volume; MOLLI, modified Look-Locker inversion recovery;
LL4, single Look-Locker T1 mapping with 4 balanced steady-state free precession T1 -weighted images; SASHA,
saturation-recovery single-shot acquisition; T, Tesla.
a

b

simulations could not fully account for the influence of T2 relaxation during the balanced steady-state
free-precession readout with linear phase order and
inversion pulse. Rather than using a fixed correction
factor for inversion efficiency,28 we used T2 relaxation
during the adiabatic inversion pulse for simulated inversion efficiency in order for MyoMapNet to consider the
T2 -dependent inversion efficiency.
This study sought to both accelerate cardiac T1 measurement using only 4 T1 weighted images and improve
T1 accuracy. Whereas 8 to 11 T1 -weighted images are typically collected in general heart T1 mapping sequences,5,7
reducing samplings inevitably penalizes T1 precision due
to noise and artifacts. In this study, SASHA T1 maps had
considerable noise compared to MOLLI and LL4 for several reasons. Firstly, a 3-parameter fitting model was used
for improved T1 accuracy at the expense of increased
noise.13 Secondly, we varied the saturation-recovery time

across T1 -weighted images and used a constant flip angle
as original implementation of SASHA. Several studies
reported that use of varying flip angles for readout or fixed
saturation-recovery times for all T1 -weighted images can
improve SASHA T1 precision.37–39 Thirdly, we used a flip
angle of 35◦ to avoid the high specific absorption ratio at
3 T. This resulted in a low SNR in SASHA T1 -weighted
images. Although SASHA has lower precision compared
to MOLLI and other IR–based T1 mapping sequences,40
its high accuracy makes it one of the current preferred
methods to evaluate in vivo T1 accuracy.
In this study, ECV by SASHA was lower than that of
MOLLI, consistent with previous studies.35 MyoMapNet
yielded the highest ECV values among the 3 sequences
because it had the highest postcontrast blood T1 and
medium precontrast myocardium T1 . Histological evidence for this patient population was not available. Therefore, it is difficult to conclude whether ECV from a given
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sequence is highly correlated to the disease state. All 3
methods yielded different ECV values for the same patient
cohort, suggesting that each sequence needs to establish
its own ECV reference in the diagnosis and management
of patients.35,41
Our study has several limitations. We used data from
a single vendor/field strength for training and evaluation of the model. Generalizability to other field strengths/vendors remains to be studied. There were several confounders, such as magnetization transfer or flow, which
were not considered in model training. Our patient cohort
was heterogeneous and we did not study the impact of
improved accuracy on the diagnostic or prognostic value
of the measured T1 by this approach. There was no in vivo
histological validation to assess the effect on correlation of
imaging findings to histological samples.

6

CO N C LU S I O N

Training MyoMapNet with numerically simulated and
phantom MR signals will improve the accuracy of myocardial T1 values and increase its robustness to confounders
while also reducing overall T1 mapping estimation to only
4 heartbeats.
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FIGURE S1. Native and post-contrast T1 maps from two
patients by all the three sequences and corresponding ECV
maps. Maps from MOLLI5(3)3 and LL4 have more homogeneous myocardium than those from SASHA.
FIGURE S2. Comparing three techniques for native T1 of
left-ventricle myocardium, septum, and blood pool, and
corresponding standard deviation. Box and whisker plots
show the median, 25th and 75th percentiles and ranges for
all subjects.
FIGURE S3. Mean and standard deviation of post-contrast
T1 from whole left-ventricle myocardium, septum, and
blood pool of each subject as measured by SASHA,
MOLLI4(1)3(1)2, and LL4. Box and whisker plots show
the median, 25th and 75th percentiles and ranges for all
subjects.
FIGURE S4. Mean and standard deviation of ECV from
whole left-ventricle myocardium and septum of each
patient, as measured by SASHA, MOLLI4(1)3(1)2, and
LL4. Box and whisker plots show the median, 25th and
75th percentiles and ranges for all subjects.
TABLE S1. Imaging parameters for all sequences used in
this study
TABLE S2. Mean, standard deviation (SD) and coefficient
of variation (CV) for each phantom vial
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