


1 | INTRODUCTION

T1 mapping enables quantitative evaluation of tissue for patient assessment and diagnosis of disease. In the abdomen, T1 mapping has demon-

strated utility in detection and characterization of focal liver lesions1,2 as well as the evaluation of chronic liver disease,3 including liver fibrosis4,5

and cirrhosis.6,7 T1 mapping was also used to assess chronic pancreatitis8 and the status of the kidney after transplantation.9

Currently, T1 mapping techniques available in the clinic are mainly based on Look-Locker techniques such as the modified Look-Locker inver-

sion recovery (MOLLI)10 and its shorter version shortened modified Look-Locker inversion recovery (ShMOLLI).11 Both provide B1 insensitivity

but are limited by inefficient anatomical coverage allowing the acquisition of only 1–2 slices within a single 20 s breath hold period (BHP). Tech-

niques based on variable flip angle (VFA)12 are also used clinically. They provide better coverage per unit time but are not preferred due to their

B1 sensitivity.13

Techniques for multi-parameter estimation such as magnetic resonance fingerprinting14 have been proposed15,16 but do not yield improve-

ments in anatomical coverage per unit time compared to MOLLI or ShMOLLI; these techniques are also sensitive to B0/B1 inhomogeneities.17,18

Several techniques have been proposed for abdominal T1 mapping with the goal of providing more efficient coverage of the abdomen. Chen

et al.19 proposed an accelerated technique utilizing a stack-of-spirals trajectory combined with generalized autocalibrating partial parallel acquisi-

tion (GRAPPA)20 to achieve abdominal T1 mapping of 32 slices within a 20 s BHP. The technique yields data for eight inversion time (TI) points

acquired through multiple shots spread throughout the BHP, making it prone to errors in the T1 relaxation curve if there is motion during the

breath hold. Feng et al.21 proposed a stack-of-radials T1 mapping technique where data for the relaxation curve are acquired during free breath-

ing. Their technique offers good anatomical coverage, but free breathing methods are also more prone to errors in T1 estimation due to motion.

Single-shot breath hold techniques based on a 2D radial Look-Locker (rLL) approach have also been proposed. These offer reduced motion

sensitivity due to the radial k-space trajectory and the fact that all the TI data points used for T1 estimation are acquired within 3–4 s. Wang

et al.22 proposed a single-shot non-slice-selective inversion recovery (nsIR) radial fast low angle shot magnetic resonance imaging (FLASH)

sequence, paired with simultaneous multi-slice acquisition, to acquire three slices within 4 s. Re-application of the nsIR must occur after a delay

time (�4 s) to avoid the effects of T1 saturation, limiting the coverage of this technique to 9–10 slices within a BHP. Li et al.23 proposed a single-

shot slice-selective inversion recovery (ssIR) radial steady-state free-precession (SSFP) pulse sequence that enables acquisition of 10 slices within

a BHP, without the need for a recovery time between inversions. Further slice efficiency within the ssIR approach is limited by the time required

to sample the T1 recovery curve (T1RC) for accurate T1 estimation. Recently, there has been increased interest in fat-water-separated T1 map-

ping, and dual-echo single-shot Look-Locker-based techniques have been proposed for abdominal applications.24,25 These techniques have dem-

onstrated accurate T1 mapping of the tissue water component but are still limited in anatomical coverage due to required T1RC sampling time.

This work proposes a rapid ssIR rLL T1 mapping framework to enable full abdominal coverage in a single BHP through use of rapid T1RC sam-

pling (<1 s), optimized slice interleaving (OSI), and deep learning (DL)-based T1 estimation. Experimental results demonstrate that this technique

can double the slice efficiency of previously proposed breath hold rLL approaches,22,23 allowing a proportional increase in anatomical coverage.

Additionally, the reduced per-slice acquisition time further reduces motion sensitivity. The technique is demonstrated here in phantoms and

in vivo abdominal imaging.

2 | METHODS

2.1 | Baseline abdominal T1 mapping technique

Figure 1A outlines the baseline ssIR rLL T1 mapping sequence used here as a reference. The sequence is a 2D radial method, which uses a 180�

adiabatic hyperbolic secant ssIR RF pulse, followed by a train of gradient echo (GRE) readouts to acquire k-space radial views for a given slice.

Data for each radial view are acquired after the ramp-up period, with a tiny golden angle increment (23.63�) between consecutive radial views.

For improved inversion uniformity, the slice thickness of the inversion recovery (IR)-pulse is designed to be 200% of the nominal α-pulse slice

thickness (see Figure S2). The acquired radial views for each slice are divided into undersampled TI groups (K1,…,KN) and used in a joint

compressed-sensing iterative reconstruction to obtain a corresponding set of TI images (I1,…,IN). T1 maps are generated by pixel-wise fitting

(PWF) of the signal evolution across TI images to a T1 signal model. The length of the GRE readout is made sufficiently long (≥2.5 s) to ensure

adequate sampling of the T1RC for T1 estimation.

2.2 | Proposed rapid abdominal T1 mapping technique

Figure 1B outlines the proposed accelerated technique, which uses the same data acquisition as described in Section 2.1, but with a rapid GRE

readout (<1 s) to reduce the time spent sampling the T1RC for each slice. For multi-slice acquisition, an OSI scheme is used to reduce T1
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saturation effects due to slice cross-talk (see Section 2.3). The reduced set of acquired radial views for each slice are divided into TI groups (K =

{K1,…,KN̅}; N̅ < N) and used in a joint compressed-sensing iterative reconstruction to obtain the corresponding reduced set of TI images (Î = {Î1,…,

ÎN̅}). These TI images (Î) will have reduced signal-to-noise ratio (SNR) due to fewer radial views being available for joint reconstruction. To maintain

accurate T1 estimation, a DL model, which exploits spatio-temporal dependencies (see Section 2.6), is used to estimate T1 maps given reduced

SNR TI images.

2.3 | Optimized slice interleaving (OSI)

Slice cross-talk due to the ssIR pulse will result in partial excitation of tissue within +/�2 nominal slice positions of the applied ssIR (see

Figure S2). When employing rapid T1RC sampling, there will be insufficient spin-relaxation time within this tissue region to prevent T1 saturation,

resulting in T1 underestimation. To minimize T1 saturation effects, slice interleaving may be used to increase the cross-talk acquisition delay

(CAD), defined here as the time between application of an ssIR and acquisition of slices impacted by its cross talk. Standard slice interleaving (SSI)

schemes, in which even followed by odd (or vice versa) indexed slice is acquired, do not provide adequate CAD to prevent T1 saturation due to

subsequence acquisition of the +/�2 nominal slice position. To address this, we consider OSI schemes, which better distribute the ssIR's across

F IGURE 1 Diagrams of breath-hold slice-selective inversion recovery (ssIR) 2D radial look-locker (rLL) T1 mapping. (A) Baseline T1 mapping

framework utilizing standard T1 recovery curve (T1RC) sampling and pixel-wise fitting, with slice anatomical acquisition order dependent on the

prescribed protocol. (B) Proposed highly accelerated T1 mapping framework utilizing rapid T1RC sampling, convolutional neural network (CNN)-

based T1 estimation, and optimized slice interleaving (OSI). For demonstration, the full OSI slice anatomical ordering for a 21-slice acquisition for

NG = 4 is provided (see Figure S3 for detailed construction).
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anatomy over time.26 One such scheme23 begins by partitioning the NS prescribed anatomically ordered slices (SANA = {sj j j = [0,1,…,NS-1]}) into

user defined NG slice group sets ( SG1,…,SGNG
f g) according to SGi = {sj j j= [0,1,…,NS-1], ( j mod NG)= i}. Each SGi is an ordered set of slices sorted

by increasing index ( j). The final slice order is constructed by performing SSI within each slice group ( �SGi ¼ SSI SGið Þ). The optimal choice of NG is

determined by constructing OSI schemes with NG = [1,…,NS] and choosing the NG that maximizes the CAD.

2.4 | Data reconstruction and T1 estimation

TI images were reconstructed from the undersampled TI groups by using a principal component (PC) subspace constrained iterative reconstruc-

tion to exploit temporal dependencies, along with locally low-rank (LLR) regularization27 to exploit sparsity in the PC domain. The reconstruction

may be formulated by first considering the measured k-space data K�C
NtNvNrNc�1, where Nt represents the number of TI groups, Nv the number

of radial views per TI group, Nr the GRE readout length, and Nc the number of coils. We then define the operator Fð:Þ to be the non-uniform Fou-

rier transform with embedded coil sensitivity encoding so that K¼ F Ið Þ relates K to the TI images I�C
Nt�Ns , with Ns representing the number of

spatial pixels.

The PC basis is computed by using the Bloch equations to simulate T1 IR over the Nt TI points (TI
!

¼ TI1 ,…,TINt
½ �) for a chosen set of T1 and

B1 values. The signal vector for a single T1 and B1 value pair (T1i and B1j) may be represented by sij
!

= S(TI
!
, T1i, B1j, B0, TE, TR, α), where the func-

tion Sð:Þ generates the signal vector across the Nt TI points. The set of signal vectors {sij
!
} for all T1 and B1 value pairs are then used in a singular

value decomposition (SVD) analysis to obtain the basis B�C
Nt�Nt , whose columns contain the estimated PCs sorted from most to least significant.

The PC subspace B
�

�C
Nt�Npc is generated by taking the first Npc columns of B. Given the PC coefficient matrix P�C

Npc�Ns , the TI images (I) may

be estimated as I≈ B
�
P. The iterative reconstruction problem may then be formulated as

P̂¼ argmin
P

kK�Fð�BPÞk22þλS
X

ω � ΩλB
ðPÞ

kωk ð1Þ

where ΩλB :ð Þ represents an operator, which randomly partitions P into a set of non-overlapping spatial-blocks ω�C
λBλB�1. The operation :k k� rep-

resents the nuclear norm, and λS gives the LLR regularization weight. Equation (1) is minimized iteratively, with the partition ΩλB :ð Þ updated after

each iteration to minimize LLR blocking artifacts.28 The final reconstructed TI images are generated as Î¼�BP̂.

For all experiments, Bloch simulation for PC basis construction was performed for T1 values ranging from 100 to 3000 ms in increments of

1 ms, and B1 values ranging from 0.2 to 2.4 in increments of 0.2. Parameters used for reconstruction were Npc = 4, λB = 8, and λS = 1.0e�14

(in vivo) or 1.0e�18 (phantoms). For PWF, T1 maps were generated by dictionary fitting the reconstructed signal evolutions across TI images to

the same library used in PC basis construction.

The above iterative reconstruction and T1 fitting routines were implemented in MATLAB (MathWorks, MA, USA). Sensitivity maps were esti-

mated utilizing the Berkeley Advanced Reconstruction Toolbox (BART) ecalib tool29 with a kernel size of 4 and calibration region size of 16. Non-

uniform fast Fourier transform (NUFFT) operations were performed using the open source gpuNUFFT library.30 The per-slice reconstruction time

was �5 min on a workstation with an Intel Xeon E5-2630 v4 CPU, 128GB RAM, and a NVIDIA TITAN X GPU.

2.5 | MRI experiments

The 2D ssIR rLL pulse sequence was implemented at 3 T (MAGNETOM Skyra, Siemens Healthcare, Erlangen, Germany). Phantom

experiments were performed using a 32-channel head receiver coil. In vivo experiments were performed using an 18-channel body surface array

and 32-channel spine coil. Subject-specific coil selection was performed to cover the liver and kidneys.

Phantom experiments were performed to assess the impact of the accelerated T1RC on T1 estimation. Phantoms consisted of 50 mL vials

with 2% agarose (for adjusting T2 �40 ms) NiCl2 solutions (0.28, 0.74, 1.19, and 2.1 mM) to produce a range of T1 values as those found in the

abdomen. Acquisition was performed with slice thickness = 8 mm, repetition time (TR) = 3.3 ms, echo time (TE) = 1.3 ms, α = 10
�
, base

resolution=256, field of view (FOV)=400mm, and initial TI (defined as the time between the midpoints of the ssIR and the first alpha RF pulse)

of 15.3 ms. The acquisition consisted of 992 radial views to produce a reference T1RC of 5 s. Reconstruction and T1 estimation were performed

using the method described in Section 2.4. Reference T1 values for each vial were obtained from a spin-echo inversion recovery (SE-IR) acquisi-

tion at TI= [50, 150, 300, 500, 750, 1000, 1500, 2000, 3000, 4000ms]. Scanner-generated magnitude SE-IR images were then used to estimate

T1 maps by fitting each pixel across TI images to the T1 IR signal model.31

This study was approved by the Institutional Review Board. Imaging experiments were performed on a cohort of 30 subjects (18 males,

12 females, 23–73 years old) after obtaining informed consent. For development, this cohort was randomly split into 20 training subjects

(12 males, 8 females, 31–73 years old) and 10 testing subjects (six males, four females, 23–62 years old). For all subjects, abdominal axial slices
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were acquired with slice thickness = 8 mm, TR = 3.3 ms, TE = 1.75 ms, α = 10
�
, base resolution=256, FOV=400mm, and initial TI=15.3 ms.

For each subject, data were acquired using the baseline protocol with 768 radial views to produce a T1RC of 2.5 s. Acquisition consisted of a

21-slice volume divided over three 20 s BHPs with seven slices per BHP spread over the 21-slice volume; this ensured at least a 200% slice gap

between subsequent acquisitions.

For test subjects, additional abdominal data were acquired using the accelerated T1 mapping pulse sequence. Data were acquired with the

same parameters as the in vivo baseline sequence except that only 256 radial views were acquired to achieve a rapid 0.84 s T1RC sampling. This

allowed for the acquisition of 21 slices in a single 20 s BHP. Choice of OSI grouping parameter NG for NS = 21 was made by assessing CAD across

slices for NG = [1, 2, …, 21]. From this, it was determined that NG = 4 was optimal, providing a CAD ≥ 4200 ms across all slices. This CAD would

provide sufficient spin-relaxation time to minimize the effects of T1 saturation. This resulted in a final OSI slice order of [0, 8, 16, 4, 12, 20, 1, 9,

17, 5, 13, 2, 10, 18, 6, 14, 3, 11, 19, 7, 15] (see Figure S3). For comparison, data were also acquired using the SSI scheme to produce the anatomi-

cal acquisition order: [0, 2, 4, 6, 8, 10, 12, 14, 16, 18, 20, 1, 3, 5, 7, 9, 11, 13, 15, 17, 19]. For assessment of repeatability, the 0.84 s T1RC protocol

was repeated on the same subjects in the same scanning session with the subject stepping out of and back into the scanner between scans.

2.6 | Convolutional neural network (CNN) training and testing framework

To enable accurate T1 estimation from reduced T1RC data, a fully supervised framework was implemented to train a CNN to estimate T1 maps

given highly undersampled TI images. The proposed training framework is summarized in Figure 2 for a single slice. Data acquired on the training

subject cohort using the baseline ssIR rLL technique underwent iterative reconstruction to obtain TI images (I1,…,IN) and T1 maps corresponding

to standard-T1RC sampling (T1ref). K-space data were then retrospectively truncated to produce a dataset (K1,…,KN̅, N̅ < N) to simulate acquired

accelerated T1RC data due to a shortened GRE readout. This dataset was reconstructed iteratively (see Section 2.3) to obtain a corresponding

truncated set of TI images (Î1,…,ÎN̅). Because the radial views from the TIs i > N̅ are not available during joint iterative reconstruction, the TI images

Îi will have reduced SNR.

During training, the truncated set of TI images (Î1,…,ÎN̅) are given as network input, and the corresponding T1ref as label. The fitted CNN model

produces an estimate (T1est) of the T1 map that would be obtained from a standard T1RC acquisition. For testing and model deployment, the acceler-

ated acquisition and reconstruction protocol outlined in Figure 1B are used to directly obtain a reduced TI image set. The pre-trained CNN model is

then used to estimate the corresponding T1 maps. All CNN models were implemented in Python using the TensorFlow DL framework.32 A ResNet33

CNN architecture was used, which consists of 20 residual blocks, with each block containing two 32-filter convolutional layers. Training is performed

for 3000 epochs using a mean square error (MSE) loss with a batch size of 64 using adaptive moment estimation (ADAM) optimization34 with

β1 = 0.9, β2 = 0.999, ϵ = 1.0e�8, and a fixed learning rate of 1.0e�4. Training was performed on corresponding 32 � 32 pixel patches extracted

from corresponding spatial regions within TI images (with dimensions 32 � 32 � N̅) and T1 maps (with dimensions 32 � 32). For data augmentation,

random spatial transformations (flip/rotation) were performed during training. CNN models were implemented for N̅ = 12, 16, 19, and 28 to produce

corresponding T1RCs of 0.63, 0.84, 1.0, and 1.5 s, respectively, when using a TR of 3.3 ms with 16 views/TI group.

F IGURE 2 Convolutional neural network (CNN) training framework. K-space radial views acquired with a standard T1 recovery curve (T1RC)

sampling are split into N undersampled TI groups (K1,…,KN) and used in an iterative reconstruction to obtain corresponding TI images (I1,…,IN)

which are used with pixel-wise fitting to obtain the reference T1 map (T1ref). Radial views are then truncated to produce a simulated rapid T1RC

dataset (K1,…,KN̅), which is used in iterative reconstruction to obtain a truncated image set (Î1,…,ÎN̅). A CNN is then trained to produce T1 map

estimates (T1est) given the truncated image set.
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2.7 | Data and statistical analysis

For the retrospective data, region-of-interest (ROI) analysis was performed for the evaluation of T1 estimation across T1RC lengths for PWF and

CNN-generated values. For phantom data, a 7 � 7 pixel ROI was chosen at the center of each vial. For in vivo data, for each slice where tissue

was present, a 5 � 5 pixel ROI was selected from liver, muscle, spleen, and/or kidney cortex. For phantom and in vivo data, identical ROIs were

used across T1RC lengths to allow pixel-wise comparison of T1 values. Within each ROI, the pixel-wise estimation error was computed as the

mean and standard deviation of the relative absolute estimation error expressed as a percentage. Statistical significance of T1 means were com-

pared using a t-test (significance level = 0.05), with p > 0.05 indicating insufficient evidence to reject the null hypothesis of equal means in favor

of the alternative hypothesis of unequal means. For T1 variability, a right-sided F-test (significance level = 0.05) was used with a null hypothesis

of equal variances, and an alternative hypothesis that T1 variability for the test method is greater than the reference method. Here, p > 0.05 indi-

cated that insufficient evidence exists to reject the null hypothesis of equal variances, in favor of the alternative that the test method results in

higher T1 variability.

In prospective analysis, data for different T1RC lengths were acquired within separate BHPs. Here, misalignment/misregistration of slices

between acquisitions prevented the use of pixel-wise analysis. Thus, for data acquired prospectively within each protocol, ROIs were collected

from each slice for each tissue (if present). The resulting values were then pooled, and the T1 mean and standard deviation were computed. Slice

interleaving methods were compared by selecting ROIs from liver, muscle, spleen, and kidney cortex for each test subject from baseline, acceler-

ated with SSI, and accelerated with OSI acquisitions. Concordance between baseline and accelerated techniques was assessed using linear regres-

sion analysis, with the best-fit equation and goodness of fit (R 2) used for assessment. Additionally, histogram analysis (with bin size of 50 ms) was

performed to assess central tendency and variability for T1 values generated using PWF and CNN in accelerated acquisition.

To assess repeatability of the proposed accelerated protocol, linear regression and Bland–Altman analysis was performed to compare the

mean T1 value estimates across organs. Here, the mean T1 value of each organ was computed over the pooled population of pixels stemming

from ROIs across slices.

3 | RESULTS

3.1 | Retrospective assessment of T1RC length

3.1.1 | Phantom experiments

The impact of T1RC length on T1 estimation using PWF was assessed in a phantom containing four vials with varying T1 values representative of

those encountered in the abdomen. Reference T1 values of vials 1, 2, 3, and 4 obtained using the baseline rLL protocol with T1RC = 5.0 s were

514, 782, 1027, and 1692 ms, respectively. SE-IR acquisition over the same respective vials yielded similar values of 531, 812, 1072, and 1778 ms.

Figure 3A shows computed T1 maps using PWF at each T1RC length. Figure 3B gives computed root mean square error (RMSE) values within each

vial across T1RC, with T1RC = 5.0 s as reference. Figure 3C shows box plots for estimated T1 values within each vial ROI across T1RC length.

As seen in Figure 3, the T1 maps for T1RC = 2.5–5.0 s show little to no appreciable difference (Figure 3A) with no statistically significant dif-

ference in T1 mean or standard deviation detected across vials (Figure 3B). Within this T1RC range, the pixel-wise T1 error also remains low at

<1% across vials (Figure 3C). For T1RC = 2.0 s, a modest increase in noise may be observed for the longest T1 vial (vial 4), and a statistically sig-

nificant increase in T1 variability was detected at this point. Further reduction of T1RC sampling results in increasing noise within T1 maps, with

the longer T1 vials showing a stronger effect. Concomitantly, both significant increases in T1 standard deviation and significant differences in T1

mean are detected across multiple vials. The pixel-wise error across vials shows a similar effect, with the magnitude increasing with vial T1 value.

3.1.2 | In vivo experiments

Based on the phantom results (i.e., no significant changes in mean and standard deviation), it was determined that a T1RC = 2.5 s was suitable to

achieve accurate T1 estimation with PWF. Thus, the baseline rLL T1 mapping in vivo protocol was implemented with a 2.5 s T1RC. The resulting

dataset underwent retrospective view truncation to produce datasets with T1RC lengths as described in Section 2.6. These datasets were used to

train a series of CNNs for varying T1RC lengths, with 20 subjects used in training and 10 subjects retained for testing. Evaluation was performed

by comparing T1 estimation for each T1RC length between PWF and the proposed CNN approach on the test set. Figure 4 provides quantitative

results comparing T1 values between PWF and CNN across T1RC lengths for ROIs in liver (L), muscle (M), spleen (S), and kidney cortex (K).

Figure 4A shows box plots for the estimated T1 values within a given tissue ROI, while Figure 4B shows box plots for the pixel-wise T1 estimation

error. Figure 5 shows qualitative results when applying PWF and CNN to the same anatomical slice for various T1RC lengths.

6 of 15 AHANONU ET AL.

 1
0
9
9
1
4
9
2
, 2

0
2
4
, 1

2
, D

o
w

n
lo

ad
ed

 fro
m

 h
ttp

s://an
aly

ticalscien
cejo

u
rn

als.o
n
lin

elib
rary

.w
iley

.co
m

/d
o
i/1

0
.1

0
0
2
/n

b
m

.5
2
6
6
 b

y
 U

n
iv

ersity
 O

f A
rizo

n
a L

ib
rary

, W
iley

 O
n
lin

e L
ib

rary
 o

n
 [2

0
/0

4
/2

0
2
5
]. S

ee th
e T

erm
s an

d
 C

o
n
d
itio

n
s (h

ttp
s://o

n
lin

elib
rary

.w
iley

.co
m

/term
s-an

d
-co

n
d
itio

n
s) o

n
 W

iley
 O

n
lin

e L
ib

rary
 fo

r ru
les o

f u
se; O

A
 articles are g

o
v
ern

ed
 b

y
 th

e ap
p
licab

le C
reativ

e C
o
m

m
o
n
s L

icen
se



For a T1RC = 1.5 s, we did not observe a statistically significant difference in T1 mean or standard deviation for PWF and CNN generated

values and pixel-wise error remained low for both methods (PWF < 2.5%, CNN < 3%). For T1RC = 0.84–1.0 s, a statistically significant increase

in T1 variability for PWF is detected, while no difference is observed statistically for CNN. Visualization of T1 maps shows a noticeable

increase in noise for the PWF maps that is not observed in the CNN computed maps. For the shortest tested T1RC = 0.63 s, a statistically signifi-

cant increase is detected for muscle, spleen, and kidney for PWF generated values; for CNN-generated values, a statistically significant increase in

T1 variability was detected in kidney. At this T1RC length, we additionally observed significant changes in T1 mean for kidney in PWF, and for

muscle in CNN. Qualitative observation of T1 maps shows PWF maps with appreciable levels of noise, in particular in long T1 tissue regions

(e.g., kidney, spleen), while the CNN-generated maps are largely free of noise or other distortions.

F IGURE 3 Impact of T1 recovery curve (T1RC) sampling in a phantom. (A) Computed T1 maps across T1RC sampling periods. (B) Box plots

showing estimated T1 values for each phantom vial. Within each plot, * and † denote significance for mean and standard deviation, respectively.

(C) Box plots showing relative pixel-wise T1 error within each phantom vial, with the 5 s T1RC dataset as reference.
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3.2 | Prospective in vivo results

The results presented in Section 3.1 were used to develop the prospective accelerated protocol described in Section 2.5, which utilizes a T1RC of

0.84 s to acquire 21 slices using OSI within a single 20 s BHP, using the proposed CNN approach for T1 estimation.

The use of retrospective view truncation allowed efficient generation of training datasets over a range of input T1RC sampling lengths. To

verify no domain shift will occur, we compared prospectively acquired and retrospectively generated datasets (see Figure S4). Qualitative evalua-

tion of TI images across these datasets did not show any appreciable difference between the two datasets. Similarly, assessment of T1 IR signal

evolution across liver, kidney (cortex), and spleen regions-of-interest also showed no appreciable difference between prospective and

F IGURE 4 Impact of T1 recovery curve (T1RC) length on T1 estimation using in vivo data. T1RC are generated retrospectively by truncating

radial views from data acquired with T1RC = 2.5 s. (A) Box plots for the estimated T1 values within liver, muscle, spleen, and kidney regions of

interest. Within each plot, * and † denote significance for mean and standard deviation, respectively. (B) Box plots for the pixel-wise T1

estimation error within the same tissue regions. The red boxes correspond to the pixel-wise fitting (PWF) data, and the green boxes correspond

to the proposed convolutional neural network (CNN) approach. The reference values, computed using PWF with a 2.5 s T1RC, are given in black.
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retrospective datasets. These observations indicate that no apparent domain shift is present that may impact the CNN T1 estimates when applied

to prospectively acquired data.

3.2.1 | Effect of slice interleaving scheme

Figure 6 compares a baseline (T1RC = 2.5 s) 21-slice multi-BHP acquisition (Figure 6A) to an accelerated (T1RC = 0.84 s) 21-slice single-BHP

acquisition using both SSI (Figure 6B) and OSI (Figure 6C) on the same subject. When compared to the baseline acquisition, SSI demonstrates T1

saturation for the accelerated acquisition resulting in T1 underestimation for 19 of 21 slices across tissue species. The slices which do not demon-

strate T1 saturation are anatomical slices 1 and 2, which are the first acquired slices within the odd and even slice groups. Although in the SSI

scheme there is sufficient acquisition delay for the +/�1 nominal slice position (9.2 s), there is only a 0.84 s acquisition delay for the +/�2 nomi-

nal slice position. This short time delay does not allow recovery from the cross-talk effect of the inversion pulse with a slice thickness of 200% of

the excitation pulse, causing T1 saturation in most of the slices. In the OSI scheme, the time delay between the +/�1 and +/�2 nominal slice

positions was 4.2 and 5.9 s, respectively, which allows for recovery from the effect of the inversion pulse for abdominal tissues. As a result, no

apparent T1 saturation is observed across slices in Figure 6C.

Figure 7 shows the result of linear regression analysis comparing estimated T1 values for liver, muscle, spleen, and kidney cortex between the

accelerated single BH acquisitions (T1RC = 0.84 s) using SSI and OSI against the baseline (T1RC = 2.5 s) acquisition. For SSI (Figure 7A), the fit

equation and goodness of fit were y = 0.89x � 1.57 and R 2
= 0.89, respectively. The slope is consistent with the observations of Figure 6, where

T1 underestimation is observed across organs (and in this case across subjects) due to T1 saturation effects. The fit equation also demonstrates a

relatively small bias, indicating that the degree of T1 underestimation is dependent on T1 value, and is more severe for longer T1 species. For OSI

(Figure 7B), the fit equation and goodness of fit were y = 0.99x + 23.2 and R 2
= 0.98, respectively. The near-unity slope is consistent with

Figure 6C, where no noticeable effects of T1 saturation were observed. This combined with the relatively small bias and high goodness of fit indi-

cates that the accelerated technique combined with OSI results in T1 values which are highly concordant with the reference acquisition.

3.2.2 | PWF versus CNN

Figure 8 provides visual examples of the accelerated (T1RC = 0.84 s) 21-slice single-BHP acquisition in three representative slices. In the figure,

T1 maps generated using the accelerated protocol with both PWF and the proposed CNN model are shown. For reference, T1 maps were

acquired with the baseline 2.5 s T1RC protocol for the same prescribed anatomical volume, and similar anatomical slices are chosen for compari-

son. Note that within the kidneys (Figure 8A), there is improved sub-organ structure definition with CNN compared to PWF for T1RC = 0.84 s,

improving boundary definition between the cortex and medullary regions. Within the spleen (Figure 8B), the PWF-estimated T1 map contains

F IGURE 5 Abdominal T1 maps generated with retrospectively truncated T1 recovery curve (T1RC) using pixel-wise fitting (PWF) and the

proposed convolutional neural network (CNN) approach for a test subject. Data show retention of T1 mapping quality for CNN even within long

T1 regions (e.g., kidney, muscle, and spleen) for T1RC down to 0.63 s.
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F IGURE 6 Comparison of 21-slice abdominal acquisitions using (A) the baseline three breath-hold technique (T1 recovery curve

[T1RC] = 2.5 s and pixel-wise fitting [PWF]), and the single breath hold accelerated technique (T1RC = 0.84 s and convolutional neural network

[CNN]) utilizing (B) standard slice interleaving (SSI) and (C) optimized slice interleaving (OSI). Acquired slices for all acquisitions are given in

anatomical order.

F IGURE 7 Linear regression analysis comparing convolutional neural network (CNN)-generated T1 estimates for 10 test subjects using the

accelerated (T1 recovery curve [T1RC] = 0.84 s) 21-slice single breath hold acquisition with (A) standard slice interleaving (SSI) and (B) optimized

slice interleaving (OSI) for regions-of-interest in liver, muscle, spleen, and kidney (cortex). The T1 reference is obtained using a baseline

(T1RC = 2.5 s) 21-slice multi-breath hold period (BHP) acquisition.
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significant noise in comparison to the CNN-generated map. An example of a liver lesion is shown in Figure 8C. While the PWF-generated T1 maps

show significant degradation of the lesion internal contents and boundary, the CNN-generated T1 map is consistent with the reference.

Figure 9 compares T1 estimation between PWF and CNN in liver (L), muscle (M), spleen (S), and kidney cortex (K) for three test subjects when

using the accelerated protocol (see Figure S1 for data corresponding to the remaining seven test subjects). The overall difference (across all 10 test

subjects) in mean T1 for PWF (<2.2%) and CNN (<1.9%) remained low across subjects and tissue types. However, there was a clear difference in

standard deviation in T1 across subjects. The standard deviations for CNN-generated T1 estimates (green) were [L,M,S,K] = [38, 42, 67, 102 ms],

which are comparable to the reference acquisition (black) [L,M,S,K] = [41, 56, 63, 114 ms]. On the other hand, the T1 variability for PWF when

using the accelerated sequence (red) was higher for all tissue ([L,M,S,K] = [47, 105, 144, 168 ms]).

3.2.3 | Repeatability

The results of repeatability experiments for the 10 test subjects are presented in Figure 10 for ROIs selected from liver, muscle, spleen, and kid-

ney cortex. The fit equation and goodness of fit from linear regression analysis (Figure 10A) were y = 0.98x + 6.34 and R 2
= 0.99, respectively.

The repeatability coefficient (RPC) and coefficient of variation (CV) from Bland–Altman analysis were 4.1% and 0.20%, respectively. These results

collectively indicate strong agreement across imaging sessions when using the proposed accelerated technique.

F IGURE 8 Representative T1 maps obtained prospectively with the accelerated 21-slice single breath hold (T1 recovery curve

[T1RC] = 0.84 s) protocol with optimized slice interleaving (OSI). T1 maps from a reference scan with T1RC = 2.5 s and pixel-wise fitting (PWF)

acquired within a separate breath hold period (BHP) are also shown. The nearest anatomical slice between the T1RC = 0.84 s and T1RC = 2.5 s

acquisitions is selected for comparison. These examples show increased noise and structural degradation in (A) kidneys and (B) spleen, when the

accelerated protocol with PWF is used. These artifacts are not seen in the convolutional neural network (CNN)-estimated T1 maps. For the liver

lesion shown in (C), the accelerated protocol using PWF estimation is noisy, and the lesion boundary is not well defined. In contrast, the T1 values

from the CNN estimate closely matches the reference, and lesion boundaries are well delineated.
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4 | DISCUSSION

This work introduced an accelerated T1 mapping method, based on a rapid T1RC ssIR radial Look-Locker technique coupled with an OSI scheme

and DL T1 estimation, for efficient coverage of the abdomen within a single BHP. The impact of T1RC length on T1 estimation was assessed, and

the advantages of using a DL approach for T1 estimation and optimized interleaving (implemented to minimize the dead time between the acqui-

sition of neighboring slices) were presented. The accelerated T1 mapping protocol, which utilizes a 0.84 s T1RC, yields 21 slices within a single

F IGURE 9 Distributions of T1 values obtained from the accelerated protocol (T1 recovery curve [T1RC] = 0.84 s with optimized slice

interleaving [OSI]) with pixel-wise fitting (PWF) (red) and convolutional neural network (CNN) (green) T1 estimation. The reference distributions,

obtained using the baseline protocol (T1RC = 2.5 s with standard slice interleaving [SSI]) with PWF, are shown in black The y-axis of each

distribution represents relative frequency of T1 values for regions of interest stemming from liver, muscle, spleen, and kidney. Data for the

remaining test subjects are provided in Figure S1.

F IGURE 10 Repeatability analysis of the accelerated 21-slice single breath hold (T1 recovery curve [T1RC] = 0.84 s) protocol with optimized

slice interleaving (OSI) using (A) correlation and (B) Bland–Altman plots. The plots were obtained by comparing T1 values in four organs between

two imaging sessions for ten test subjects. CV, coefficient of variation; RPC, repeatability coefficient.
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20 s BHP allowing for full abdomen coverage. Because the acquisition is based on a radial k-space trajectory, and data for the IR curve are

acquired in <1 s, the technique is motion robust. The technique is 10�–20� faster than Look-Locker T1 mapping protocols used in the clinic and

2� faster than a long-T1RC counterpart,22,23 resulting in efficient anatomical coverage within a BHP.

In retrospective phantom and in vivo experiments, results based on a ROI analysis show an increase in T1 error with PWF compared to the

proposed CNN approach when reducing T1RC.

When considering the mean T1 values for all pixels within the ROI, the bias is averaged out for both PWF and CNN even when T1RC is short-

ened down to 0.84 s. However, the precision of T1 estimation is negatively impacted by shortening of the T1RC when using the traditional PWF

approach. Shortening of the T1RC results in a reduced number of TIs for T1 fitting and thus reduces the number of radial views available for joint

iterative reconstruction. The latter is expected to have a negative impact on the quality of the reconstructed T1RC signal evolution, which, in turn,

resulted in reduced fitting quality. Since the grouping of radial views per TI image is not fixed, it can be changed during reconstruction to produce

more TI images for a given T1RC length. However, as shown in previous work, this will not likely result in improved T1 estimation performance.23

By training the CNN using a reference long T1RC (2.5 s in vivo), we were able to avoid the shortcomings of the more traditional PWF and achieve

T1 maps with less noise, thus maintaining precision for short-T1RC lengths.

The use of retrospective view truncation allowed efficient generation of training datasets over a range of input T1RC sampling lengths. This

greatly reduced the number of subject acquisitions required to develop a dataset for model development and eliminated the need for image regis-

tration due to subject motion across breath holds between acquisitions. Comparison of retrospectively generated and prospectively acquired

rapid T1RC datasets did not show a domain shift (see Section 3.2), and the CNNs trained on these simulated datasets performed well when

applied to prospectively accelerated acquisition. These results indicate that the retrospective view truncation approach provides a good surrogate

for prospectively accelerated sampling.

Because the ssIR pulse inverts a slice with twice the thickness of the excitation slice to achieve good inversion, neighboring slices experience

a partial inversion. Reduction of the T1RC sampling window (with no inter-slice time delay) results in re-application of ssIR prior to complete relax-

ation of these neighboring tissue regions. For the proposed accelerated protocol, the time delay between the inversion of adjacent slices for SSI

and OSI was sufficiently long for the recovery of abdominal tissues. However, the combination of a ssIR RF pulse with rapid T1RC sampling

requires consideration of partial inversion beyond adjacent slices. For SSI, the minimum time delay between the inversion of slices within two slice

positions of each other (i.e., consecutive odd or even slices) is only 0.84 s. Although the RF pulse is not 180� at these distances, the time delay is

not sufficient to allow recovery from the extended effect of the inversion pulse. Meanwhile, for OSI, the minimum time delay between consecu-

tive odd or even slices is 7� greater (5.9 s) than for SSI, which is sufficient for recovery of the extended effect of the inversion pulse. This efficient

use of anatomy by OSI to spread out the ssIR over time allows acquisition of 21 slices within a 20 s BHP without T1 saturation.

While a 20 s BHP may be achievable for some subjects, this may not be the case for all. The OSI scheme presented here can also yield 17–18

slices with the T1RC of 0.84 s in an 18 s breath hold; to assure full abdominal coverage, a small inter-slice gap (1–2 mm) can be used. Shorter

breath holds (e.g., 15 s) with full coverage would require a shorter T1RC. For breath holds in the order of 10–12 s, full abdominal coverage would

require two breath holds. In this case, the slice SSI can be used with each slice group distributed over the full volume. Alternatively, recent studies

in the brain have proposed neural network-based techniques to compensate for the effect of T1 saturation in Look-Locker acquisitions.35 In

future studies, it would be worthwhile to evaluate a similar approach for abdominal T1 mapping against the methodology presented here.

Although the proposed technique has been developed for breath hold T1 mapping, the framework may be extended to reduce the effect of

motion in prospectively triggered free breathing acquisitions.36 Due to the long sampling time typically required for T1 estimation, the later por-

tion of the T1RC is susceptible to corruption due to subject motion. Reduction of the T1RC length reduces the risk of corruption, allowing for

more robust T1 estimation.

The T1RC technique was demonstrated here using a single-echo Look-Locker technique. Recent studies have explored the use of multi-echo

Look-Locker sequences for fat-water-separated T1 mapping.24,25 In future work, we will extend our framework for this application by including

more GREs per TR.37

The CNN model was developed using a limited 30-subject cohort of normal volunteers with fixed acquisition protocol. An extension of this

work on a larger subject cohort, including those with pathologies, would allow for improvements in training by allowing use of more complex

models and robust hyper-parameter optimization. The availability of datasets acquired with different acquisition protocols would allow for assess-

ment of model sensitivity to different acquisition parameters (e.g., slice thickness, flip angle, and bandwidth), which could be incorporated to

improve model robustness.

5 | CONCLUSION

An accelerated T1 mapping technique was proposed, which utilizes rapid sampling of the T1RC in single-shot slice-selective Look-Locker acquisi-

tions to improve slice efficiency. A DL architecture was presented, which allows training of a CNN model to maintain T1 estimation performance
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when given reduced quality T1RC signal stemming from accelerated acquisition. In vivo experiments demonstrated the utility of the proposed

method. This approach provides a feasible alternative to current clinical protocols to allow wide abdominal coverage within a reasonable BHP.
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