
NeuroImage 221 (2020) 117165
Contents lists available at ScienceDirect

NeuroImage

journal homepage: www.elsevier.com/locate/neuroimage
A deep learning approach for magnetization transfer contrast MR
fingerprinting and chemical exchange saturation transfer imaging

Byungjai Kim a,b, Michael Sch€ar a, HyunWook Park b,*, Hye-Young Heo a,c,**

a Division of MR Research, Department of Radiology, Johns Hopkins University, Baltimore, MD, USA
b Department of Electrical Engineering, Korea Advanced Institute of Science and Technology, Daejeon, Republic of Korea
c F.M. Kirby Research Center for Functional Brain Imaging, Kennedy Krieger Institute, Baltimore, MD, USA
A R T I C L E I N F O

Keywords:
APT
CEST
Deep learning
MR fingerprinting (MRF)
MTC
* Corresponding author. Department of Electrical
Republic of Korea
** Corresponding author. Division of MR Researc
timore, MD, 21287, USA.

E-mail addresses: hwpark@kaist.ac.kr (H. Park),

https://doi.org/10.1016/j.neuroimage.2020.11716
Received 7 April 2020; Received in revised form 1
Available online 15 July 2020
1053-8119/© 2020 The Author(s). Published by Els
nc-nd/4.0/).
A B S T R A C T

Semisolid magnetization transfer contrast (MTC) and chemical exchange saturation transfer (CEST) MRI based on
MT phenomenon have shown potential to evaluate brain development, neurological, psychiatric, and neurode-
generative diseases. However, a qualitative MT ratio (MTR) metric commonly used in conventional MTC imaging
is limited in the assessment of quantitative semisolid macromolecular proton exchange rates and concentrations.
In addition, CEST signals measured by MTR asymmetry analysis are unavoidably contaminated by upfield nuclear
Overhauser enhancement (NOE) signals of mobile and semisolid macromolecules. To address these issues, we
developed an MTC-MR fingerprinting (MTC-MRF) technique to quantify tissue parameters, which further allows
an estimation of accurate MTC signals at a certain CEST frequency offset. A pseudorandomized RF saturation
scheme was used to generate unique MTC signal evolutions for different tissues and a supervised deep neural
network was designed to extract tissue properties from measured MTC-MRF signals. Through detailed Bloch
equation-based digital phantom and in vivo studies, we demonstrated that the MTC-MRF can quantify MTC
characteristics with high accuracy and computational efficiency, compared to a conventional Bloch equation
fitting approach, and provide baseline reference signals for CEST and NOE imaging. For validation, MTC-MRF
images were synthesized using the tissue parameters estimated from the deep-learning method and compared
with experimentally acquired MTC-MRF images as the reference standard. The proposed MTC-MRF framework
can provide quantitative 3D MTC, CEST, and NOE imaging of the human brain within a clinically acceptable scan
time.
1. Introduction

Magnetization transfer (MT) imaging is a molecular MRI method that
can provide contrast based on magnetization transfer between two spin
populations (Ward et al., 2000; Ward and Balaban, 2000; Wolff and
Balaban, 1989). The first type of MT is based on saturation transfer
contrast originating from immobile semisolid macromolecules, such as
lipids constituted of axon myelin sheets in tissues, which is referred to as
magnetization transfer contrast (MTC) (Henkelman et al., 1993; Morri-
son and Henkelman, 1995; Pike, 1996; Stanisz et al., 1999). The MTC
effect is usually measured by calculating an MT ratio (MTR). Although
the MTR contrast has shown the potential to demonstrate brain-tissue
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microstructure changes across the whole lifespan and in white matter
disorders, particularly multiple sclerosis (Filippi et al., 1998; Henkelman
et al., 2001; Horsfield et al., 2003; Sled et al., 2004), the MTR contrast is
highly affected by experimental parameters and tissue relaxation times.
Instead, current quantitative MTC imaging often acquires a series of
images at multiple frequency offsets and additionally at multiple RF
saturation powers, which is time-consuming, and applies model-based
fitting to determine quantitative parameters (Desmond and Stanisz,
2012; Henkelman et al., 1993; Heo et al., 2017b; Liu et al., 2013).
However, such a model-based fitting approach to the series of images is
prone to determine best-fit parameters that correspond to local minima,
which, thus, leads to an increase in the image reconstruction time and/or
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parameter estimation errors.
Another type of MT is chemical exchange saturation transfer (CEST)

that originates from the endogenous metabolites and mobile proteins in
tissues, and nuclear Overhauser enhancement (NOE)-mediated satura-
tion transfer, which occurs between free bulk water protons and aliphatic
components of mobile proteins, peptides, metabolites, and lipids (van Zijl
and Yadav, 2011; Ward et al., 2000; Zhou et al., 2003). Most currently
used CEST imaging protocols are based on the MTR asymmetry (MTRa-

sym) analysis, which has shown great potential for improving clinical
diagnoses (Jiang et al., 2017, 2019bib_Jiang_et_al_2019bib_Jiang_e-
t_al_2017; Jones et al., 2018; Park et al., 2016, 2020bib_Park_e-
t_al_2016bib_Park_et_al_2020; Togao et al., 2014; Zhou et al., 2019).
However, the qualitative (or semi-quantitative) metric is contaminated
with upfield NOE effects due to various mobile-to-less-mobile molecules
(Heo et al., 2016c, 2017abib_Heo_et_al_2017abib_Heo_et_al_2016c;
Paech et al., 2014; Zhou et al., 2013). Consequently, the detection ac-
curacy of CEST effects has been largely impeded by inadequate quanti-
fication because image interpretation depends on qualitative or
semi-quantitative measurements.

MR fingerprinting (MRF) is a quantitative MRI technique that effec-
tively quantifies multiple tissue characteristics at the same time (Ma
et al., 2013). Fingerprints acquired with pseudorandomized acquisition
parameters are matched to a pre-calculated database to decode tissue
parameters, such as T1 and T2 relaxation times. However, such a
pattern-matching approach may lead to discretization errors and high
computational complexity as the dictionary size grows. Furthermore, if
true tissue parameters are not included in the database, this leads to
erroneous parameter estimates. Recently, to overcome these limitations,
MRF techniques combined with deep neural networks (DNN) have been
proposed and have shown outstanding performance in improving accu-
racy and computational efficiency (Cohen et al., 2018; Fang et al., 2019;
Hoppe et al., 2017). The deep-learning architecture is designed to
quantify multiple tissue parameters by learning a mapping relation be-
tween fingerprints and tissue characteristics.

In this study, we developed a novel, fast and quantitative 3D MTC
imaging technique based on MRF (MTC-MRF) by combining a highly
undersampled k-space acquisition, compressed sensing image recon-
struction, parallel RF transmission (pTX), a pseudorandomized RF satu-
ration/acquisition scheme, and deep learning-based MTC quantification.
To validate the proposed MTC-MRF method, two-pool MTC model-based
Bloch simulations were performed on digital phantoms. In in vivo studies,
our method was further validated through comparison with the con-
ventional Bloch equation fitting approach and a synthetic MRI technique
(Warntjes et al., 2008). Beyond MTC quantification, MTC images at
certain CEST and NOE frequency offsets were synthesized using the tissue
parameters obtained from the MTC-MRF framework to demonstrate the
applicability of the MTC-MRF to CEST and NOE imaging.

2. Theory

2.1. A two-pool MTC model

Two-pool MTC (w: free bulk water pool,m: semisolid macromolecules
pool) signal profiles were simulated using modified Bloch-McConnell
equations. The profiles were generated with a pseudorandomized RF
saturation/acquisition schedule consisting of RF saturation power (B1),
saturation time (Ts), frequency offset (Ω), and repetition time (TR) or
relaxation delay time (Td) parameters. Assuming that Ts and Td are long
enough to maintain a steady-state saturation condition, the steady-state
two-pool MTC signal intensity (SssMTC) can be described as follows (Hen-
kelman et al., 1993; Morrison and Henkelman, 1995):
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where γ is the gyromagnetic ratio; B0 is the magnet field strength; R is the
exchange rate between free bulk water and semisolid macromolecular
protons; Mm

0 is the concentration of the semisolid macromolecular pro-
ton; Tw

1 and Tw
2 are the longitudinal and transverse relaxation times of the

free bulk water protons, respectively; and Tm
1 and Tm

2 are the longitudinal
and transverse relaxation times of the semisolid macromolecular protons,
respectively. B1 and Ω were converted into ω1ð¼ 2π � γ �B1Þ and ωoff ð ¼
2π � γ �B0 �Ω). SL denotes a super Lorentzian line-shape function for the
semisolid macromolecular proton pool (Morrison et al., 1995; Quesson
et al., 1998). Applying short Ts and Td leads to non-steady state satura-
tion and magnetization, respectively. Therefore, the non-steady state
MTC signal model (SnsMTC) can be analytically solved by (Quesson et al.,
1998):
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where Mw
0 is the equilibrium magnetization of the free bulk water pool.

During dynamic MTC-MRF signal acquisition, the dynamic change in Td
influences the recovery of longitudinal magnetization, and subsequently,
changes the initial state of the longitudinal magnetization for the next
scan. Corresponding MTC-MRF signal evolution (SMTC) can be described
using the following equation, as a function of the four scan parameters of
B1 (or ω1), Ω (or ωoff), Ts, and Td:

SMTC
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2.2. CEST imaging

The proposed MTC-MRF framework can be applicable to CEST and
NOE imaging beyond MTC quantifications. The commonly used CEST
imaging metric is based on the subtraction of the signal intensity of the
reference image (Sref) from that of the label image (Slab) (Heo et al.,
2017a; Kim et al., 2019; van Zijl and Yadav, 2011):

CEST ¼ Sref ðΔωÞ � SlabðΔωÞ
S0

¼ Zref ðΔωÞ � ZlabðΔωÞ [10]

whereΔω denotes the frequency offset of the solute exchangeable proton,
Slab(Δω) is an image with RF saturation at Δω, Sref(Δω) is an image only
containing MTC and direct saturation (DS) effects at Δω, and S0 is the
acquired image without RF saturation. Zref and Zlab are the normalized
reference and label images with respect to S0. As an example of an
application to amide proton transfer (APT) imaging and NOE imaging in
this study, Δω of þ3.5 ppm and �3.5 ppm were chosen, respectively. Zref



Fig. 2. (A) A pseudorandomized RF saturation/acquisition (B1, Ts, Ω, and Td)
schedule for MTC-MRF. (B) Pulse sequence diagrams for MTC-MRF acquisition.
Note that the durations and magnitudes are not drawn to scale. N indicates the
shot numbers of TSE acquisition.
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at �3.5 ppm (¼ Zref(�3.5 ppm)) were synthesized by inserting MTC
parameters obtained from MTC-MRF and scan parameters into the for-
ward Bloch transform. Note that the Zref(Δω) and Zref(-Δω) signals are
identical when the symmetric MTC model is used, as described in our
previous papers (Heo et al., 2016b, 2016cbib_Heo_e-
t_al_2016bbib_Heo_et_al_2016c). Label images at �3.5 ppm were exper-
imentally measured.

3. Methods

The MTC-MRF framework consists of 1) a pseudorandomized RF
saturation/acquisition, 2) a deep-learning-basedMTC quantification, and
3) a generation of synthetic MTC images and calculation of CEST and
NOE images. The overall workflow is described in Fig. 1.

3.1. Image acquisition

A pseudorandomized RF saturation/acquisition (B1, Ω, Ts, and Td)
scheme (Fig. 2A) was used to produce unique MTC signal evolutions for
different tissue properties. For two-pool MTC quantification, far off-
resonance frequency offsets (>8 ppm) were chosen to sample MTC
data points and avoid possible downfield CEST signal contributions (Heo
et al., 2016a, 2019abib_Heo_et_al_2019abib_Heo_et_al_2016a). Ten
different frequency offset values (8, 9, 10, 11, 13, 15, 20, 25, 35, and 50
ppm) were applied four times in the schedule. Each frequency offset was
applied evenly along with varied RF saturation powers, saturation times,
and relaxation delay times to produce significant spatial and temporal
incoherence. The detailed scan parameters are reported in Supporting
Table S1. For imaging acceleration, a variable-density sampling pattern
with the elliptic-centric k-space ordering was implemented in a turbo
spin-echo (TSE) sequence, and a spectral pre-saturation with inversion
recovery (SPIR) was used for fat-suppressed data acquisitions (Fig. 2B)
(Heo et al., 2019b).
Fig. 1. An overall scheme of the proposed MTC-MRF framework. (A) Three-dimensio
deep neural network for semisolid MTC quantification and MTC image synthesis. O
MTC image at 3.5 ppm. (E) CEST and NOE images obtained by subtracting (D) the syn

3

3.2. Deep neural network

A deep neural network architecture was designed to quantify free
bulk water and semisolid MTC parameters. As illustrated in Fig. 1B, the
deep neural network consists of fully connected layers (FC). The network
nal dynamic image acquisitions and a semisolid MTC fingerprint in a voxel. (B) A
utput images include (C) semisolid MTC parameter maps and (D) a synthesized
thesized MTC image at 3.5 ppm from the acquired saturated images at �3.5 ppm.
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ran with FC (256, 256) – ReLU – FC (256, 256) – ReLU – FC (256, 256) –
ReLU– FC (256, 256) – ReLU– FC (256, 256), where FC(n, n) represents a
fully connected layer with n by n neurons, and ReLU is the rectified linear
unit as an activation function. The network estimates the four tissue
parameters (p^) of T1w, T2m, M0

m, and R, as follows:

bp¼DNNðSMTC ; θÞ [11]

where SMTC is the vector of MTC-MRF signals; θ represents the parame-
ters of the deep neural network. For APT and NOE imaging, MTC images
at�3.5 ppmwere generated by solving the two-pool MTC Bloch equation
(Eq. [9]):

bZref ð3:5ppmÞ¼M2�pool

�bp;Tw
2

�
[12]

where M2-pool is the two-pool MTC model and T2w is the transverse
relaxation time of the free bulk water. Note that the observed T2 relax-
ation time, independently measured from a multi-echo sequence, can be
considered as the intrinsic T2 relaxation time of the free bulk water
because of the insignificant effect of the semisolid macromolecular pro-
ton pool (echo times ≫ T2m).

The loss function to train the deep neural network consisted of two
terms, which are the l2-norms of the difference between the ground-truth
values (p) and the estimated tissue parameters (p^), and between the
estimated MTC signal intensities and the corresponding ground-truth
values:

min
θ
kp� bpk22 þ λ
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where the ground-truth values (p and Zref(3.5 ppm)) were provided by
the Bloch simulations. The value of λ (¼ 30) was empirically determined
that the total loss was equally contributed by the two terms. The adaptive
moment estimation optimizer was adopted, with an initial learning rate
of 10�5 and a batch size of 200.

3.3. Training dataset

To train the deep neural network framework, MTC-MRF signals (as
inputs) were simulated using a two-pool MTC Bloch equation (Eq. [9]),
following a multi-shot TSE readout with the pre-defined pseudor-
andomized RF saturation/acquisition schedule (Fig. 2). Tissue parame-
ters (as labels) used for the Bloch simulation are shown in Table 1. Note
that the value of T2w was indirectly defined from the T1w/T2w ratio (related
to a direct water saturation line-shape) that is an important parameter in
a steady-state MTC model (Henkelman et al., 1993). T1m was set at a
constant value of 1 s because of a negligible contribution to the two-pool
MTC signal (Henkelman et al., 1993). Eight million combinations among
all possible tissue combinations were randomly selected for the training
dataset. In addition, noise and B0 inhomogeneity effects were considered
when generating training data, in order that the training dataset reflected
actually acquired MR signals contaminated by B0 inhomogeneity. Fre-
quency shift values for B0 inhomogeneity were randomly chosen between
�0.3 ppm with uniform distribution. White Gaussian noise (SNR of
~200) was added to the simulated MTC-MRF signals. The total training
time of the proposed neural network is about 6 h with an NVIDIA
TITAN-x GPU.
Table 1
The values of tissue characteristics used in generating simulation data (training
dataset).

R (Hz) M0
m (%) T1m (s) T2m (μs) T1w (s) T1

w/T2w

Upper Bound 100.0 17.0 1.0 100.0 3.00 30.0
Lower Bound 5.0 2.0 1.0 1.0 0.20 1.0
Interval 1.0 0.1 – 1.0 0.02 0.2
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3.4. Test dataset

Two types of digital phantom studies were performed to evaluate the
quantification accuracy by comparing the estimated parameters with the
ground-truths. Longitudinal magnetization evolutions were analytically
simulated in a way identical to the training dataset. The values of tissue
parameters were randomly selected where the values used in the training
dataset were excluded.

For the first digital phantom study, four digital phantoms were
generated to assess the efficacy of the deep neural network training for
each parameter (R, M0

m, T2m, and T1w), in which dynamic MTC-MRF signals
were simulated using the RF saturation/acquisition schedule (Fig. 2A).
As shown in Fig. 3A, each phantom with a matrix size of 30 � 150 was
constructed to evaluate each of the four parameters, while the other three
parameters were randomly chosen within the range of R from 5 to 100
Hz, the range of M0

m from 2 to 17%, the range of T2
m from 1 to 100 μs, and

the range of T1w from 0.2 to 3 s, using random permutation based on
uniformly distributed pseudorandom numbers. Furthermore, the accu-
racy and efficiency of the deep-neural-network-basedMTC quantification
method were compared with those of a conventional Bloch-equation
fitting approach.

For the second phantom study, the performance of the deep-neural-
network-based MTC quantification was assessed by reducing the num-
ber of dynamic MTC-MRF scans. A digital phantom with a matrix size of
100 � 100 was generated based on Bloch simulation. Ten thousand
different values for each parameter were randomly selected to generate
the digital phantom, within the following ranges: 5–100 Hz for R, 2–17%
for M0

m, 1–100 μs for T2
m, and 0.2–3 s for T1w (Fig. 4B). The quantification

accuracy was evaluated by calculating normalized root mean square er-
rors (nRMSE) and Pearson correlation coefficients (r) between estimates
and ground-truths.

3.5. In vivo MRI experiments

In vivo experiments were performed on a 3T MRI system (Achieva
dStream, Philips Healthcare, Best, The Netherlands) using a body coil for
RF parallel transmission and a 32-channel head coil for reception. Five
healthy volunteers were recruited for this study. Three-dimensional
MTC-MRF images were obtained from a fat-suppressed (spectral-selec-
tive inversion recovery, SPIR) multi-shot TSE sequence using the
following parameters: TE ¼ 6 ms; FOV ¼ 212 � 186 � 36 mm3; matrix
size ¼ 256 � 256 � 9; CS acceleration factor of 4 in the ky-kz plane (Heo
et al., 2017c, 2019bbib_Heo_et_al_2019bbib_Heo_et_al_2017c); and the
pre-defined RF saturation-acquisition schedule. Two-channel parallel RF
transmission in a time-interleaved fashion through a body coil was
applied, enabling a long pseudo-continuous RF saturation beyond the
50% duty-cycle of a single RF amplifier (Keupp et al., 2011). This allowed
for sensitive saturation effects and significant freedom in MRF schedule
design. An unsaturated image (S0) was also acquired to normalize
MTC-MRF images. For APT and NOE imaging, additional saturated im-
ages were acquired with the following RF saturation parameters: B1 ¼
1.2 μT, Ts ¼ 2.0 s, Td ¼ 4.0 s, Ω ¼ 3.0, 3.5, 4.0 ppm for APT, and Ω ¼
�4.0, �3.5, �3.0 ppm for NOE. Water saturation shift referencing
(WASSR) data were acquired for B0 correction for APT and NOE imaging
(Kim et al., 2009). In addition, a turbo gradient-spin-echo (GRASE)
sequence was used for quantitative T2 measurements using the following
parameters: TR ¼ 3 s; 5 echoes with 20, 40, 60, 80 and 100 ms; TSE
factor¼ 5; and number of gradient echoes for segmented acquisition¼ 5,
resulting in an acquisition time of 2 min 9 s.

3.6. Statistical analysis

Semisolid MTC and water parameters, MTC at 3.5 ppm, APT, and
NOE signals were statistically compared in four ROIs (putamen, thal-
amus, white matter, and gray matter), which were carefully drawn on the
quantitative T2 map. Data in graphs and tables are presented as mean �



Fig. 3. Bloch equation-based digital phantom studies. (A) Four digital phantoms for semisolid MTC and water parameters. (B) Estimated MTC and water parameter
maps from Bloch equation fitting and the deep neural network (DNN). The ground-truth maps are shown in (A) as red boxes. Comparison results between Bloch
equation fitting and DNN for quantification accuracy with (C) nRMSE, and for efficiency with (D) computation time.

Fig. 4. (A) Pseudorandomized RF saturation/acquisition schedules with different numbers of dynamic scans. (B) Numerical phantom with various semisolid MTC and
water parameters (100 � 100 in a matrix size for each). (C) nRMSE and (D) Pearson correlation coefficient values between the estimated parameters and the ground-
truth values.
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standard deviation. Statistical analysis was performed using a Pearson
correlation analysis and one-way analysis of variance, followed by post
hoc test with Bonferroni adjustment. Statistical significance was
considered at p < 0.05. The standard reduced chi-square test (χ2) was
used to assess the goodness of fit in the Bloch equation fitting.
5

3.7. Validation of MTC-MRF using synthetic MRI

Although, in vivo, the acquisition of ground-truth data is needed to
establish confidence in the results of MTC quantification, a “true” gold
standard does not currently exist for absolute tissue parameters of in vivo
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brain tissue. In lieu of a ground-truth, to enable effective validation, a
synthetic MRI analysis was performed. First, 3D MTC-MRF images with
30 dynamic scans were taken from the total acquisition of 40 dynamic
scans (Schedule A1 in Fig. 8A). The pre-trained deep-learning framework
quantified water and MTC parameters from the MTC-MRF images. Sec-
ond, with a new RF saturation/acquisition schedule (Schedule B in
Fig. 8A), new 3DMTC-MRF images were synthesized using the estimated
tissue parameters. Third, the synthesized MTC-MRF images were
compared with the experimental measurement acquired from the new RF
saturation/acquisition schedule (Schedule B). The same imaging pa-
rameters and environment for the experimental measurement were used
for the synthesis.

In addition, the validation processes were further performed using
different acquisition schedules with 30 (Schedule A1), 20 (Schedule A2),
and 10 (Schedule A3) dynamic scans, which were taken from the total
acquisition of 40 dynamic scans (Fig. 9A). DNN architectures were
accordingly trained with the acquisition schedules.

4. Results

4.1. Digital phantom studies

The deep-neural-network-based MTC-MRF method was validated
using two-pool Bloch equation-based digital phantoms with known
ground-truth values, and further compared with the conventional Bloch
equation fitting approach. As shown in Fig. 3, the water T1 relaxation
time and MTC parameter values estimated by the deep neural network
Fig. 5. (A) Representative MTC-MRF images with forty dynamic scans. The
images were obtained with an acceleration factor of four along the two phase-
encoding directions (ky and kz). (B) Acquired MTC-MRF signal profiles
(crosses) from multiple ROIs (white matter, gray matter, and CSF) and estimated
signal profiles (solid lines) from the deep-learning framework.

6

were in excellent agreement with the ground-truth values. The T2 of the
semisolid macromolecular proton and the T1 of free bulk water showed
lower noise levels and nRMSE values than the exchange rate and con-
centration. The nRMSE between the tissue parameters estimated from the
deep neural network and the ground-truths were 14.7% for R, 7.2% for
M0

m, 3.1% for T2m, and 0.9% for T1
w. The nRMSE values of the deep-neural-

network-based method were overall lower than those of the Bloch
equation fitting method except for T2m (Fig. 3C). Nevertheless, both
methods still showed high accuracy for T2m estimation. In addition,
computational complexity was compared between the deep neural
network and Bloch equation fitting by measuring the mean of compu-
tation time for the MTC parameter mapping of the four digital phantoms
(Fig. 3D). While the parameter estimation for each digital phantom using
the Bloch equation fitting method took about 1000 s, the deep-neural-
network-based approach took only about 0.1 s, which significantly
improved the computation time by a factor of 10,000. It should be noted
that the computation time was compared on a multi-core central pro-
cessing unit (CPU), although the deep neural network was trained on
graphics processing units (GPUs).

The performance of the deep-neural-network-based MTC-MRF was
investigated with respect to the number of dynamic scans (e.g., 40, 30,
20, and 10 dynamic scans). Simulated MTC-MRF images with the
different number of dynamic scans were generated with the pseudor-
andomized RF saturation schemes (Fig. 4A), and image voxels with
randomly selected semisolid macromolecular proton exchange rates,
concentrations, T2 relaxation times, and free bulk water T1 relaxation
times (Fig. 4B). With a decrease in the number of dynamic scans, the
normalized root mean square error values were increased for all pa-
rameters, as shown in Fig. 4C. The parameters estimated from the deep-
learning method were not significantly different from the ground-truths
(p ¼ 0.64), except in the case of the 10 dynamic scans. Significant cor-
relations were observed between the ground-truths and all estimated
parameters using the deep-learning method. The correlation coefficients
of the semisolid macromolecular proton exchange rate and concentration
decreased as the number of dynamic scans decreased, as shown in
Fig. 4D. However, the correlation coefficients of semisolid macromo-
lecular proton T2 and free bulk water T1 relaxation times were all over
0.98 even for 10 dynamic scans.

4.2. In vivo MRI studies

The deep-learning model trained with Bloch equation-based digital
phantoms was applied to healthy volunteer human brain images. Fig. 5A
shows a representative montage of the MTC-MRF images with respect to
the pseudorandomized RF saturation/acquisition parameters (the
schedule with 40 dynamic scans shown in Fig. 4A). Experimentally ac-
quired MTC-MRF signal evolution profiles and estimated MTC-MRF
profiles from the deep-learning scheme of gray matter (red color),
white matter (blue color), and cerebrospinal fluid (CSF, black color) are
shown in Fig. 5B. The estimated MTC-MRF profiles were synthesized
from the in vivo tissue parameters, which were estimated by the deep-
learning scheme with experimentally acquired MTC-MRF images. The
MTC-MRF signal intensities were higher in the gray matter than in the
white matter. The highest MTC-MRF signal intensity appeared in the CSF
due only to the direct water saturation contribution. The MTC-MRF
signal profiles (solid lines in Fig. 5B) estimated from the deep-learning
scheme exhibited a high degree of agreement with the experimentally
acquired MTC-MRF profiles (crosses in Fig. 5B).

Quantitative maps of the semisolid MTC exchange rate, concentra-
tion, T2 relaxation time, and free bulk water T1 relaxation time (Fig. 6;
also see Supporting Fig. S1 for 3D volume maps) were successfully ob-
tained in vivo using the deep-learning-based MTC-MRF method. In
addition, APT and NOE images were calculated by subtracting the satu-
rated images acquired at �3.5 ppm from the baseline reference image
Zref(3.5 ppm) which was synthesized by solving a two-pool MTC Bloch
equation with the estimated tissue parameters and scan parameters. The



Fig. 6. Semisolid MTC and water parameter maps, and corresponding Zref(3.5 ppm), APT, and NOE images with an RF saturation power of 1.2 μT of a representative
healthy volunteer human brain.

Fig. 7. Pearson correlation plots of MTC-MRF estimates from 40 dynamic scans versus 10 dynamic scans. Quantitative measurements of (A) semisolid MTC and water
parameters, and (B) corresponding synthesized Zref(3.5 ppm), APT, and NOE signals from (C) multiple ROIs (putamen, thalamus, white matter, and gray matter) are
shown. Each sign (putamen: black crosses, thalamus: red circles, white matter: blue triangles, gray matter: green squares) represents data from one individual subject
(n ¼ 5). Linear regression lines (gray solid lines), correlation coefficients, and p-values are displayed in each plot.

B. Kim et al. NeuroImage 221 (2020) 117165

7



Fig. 8. Validation of the proposed MTC-MRF method. (A) Comparison between synthesized and acquired MTC-MRF images. Based on semisolid MTC and water
parameter maps from the DNN, MTC-MRF images were further synthesized through the Bloch equation simulations. Excellent agreement was observed for the
synthesized and experimentally acquired MTC-MRF images under ten varied RF saturation and acquisition parameters (Schedule B). (B) Difference images between the
synthesized and acquired images.
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quantitative parameter values estimated by the deep-learning method
were in good agreement in most of the brain regions with the values
obtained from the Bloch equation fitting method (χ2 ¼ 2.61 � 10�4

�3.71� 10�5, n¼ 5). Compared with the deep-learning results obtained
from 40 dynamic scans, the quantification errors were observed espe-
cially in the MTC exchange rate map from ten dynamic scans (the bottom
row of Fig. 6). A quantitative parameter comparison with the different
Fig. 9. Validation of the proposed MTC-MRF method for various acquisition sched
Average nRMSE values between synthesized and acquired MTC-MRF images. Note t
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numbers of dynamic scans (#40 vs. #10) was performed by ROI analysis
(Fig. 7). Correlations between the different numbers of dynamic scans
were statistically significant for semisolid MTC concentration (r ¼ 0.92),
T2 relaxation time (r ¼ 0.76), and water T1 relaxation time (r ¼ 0.65) of
all ROIs (p < 0.01), but not for MTC exchange rate (r ¼ 0.39; p ¼ 0.08).
For the baseline reference (r¼ 0.99), APT (r¼ 0.88), and NOE (r¼ 0.78)
signals, significant positive correlations between 10 and 40 dynamic
ules. (A) Comparison between synthesized and acquired MTC-MRF images. (B)
hat Schedule A1 is shown in Fig. 8A.



Table 2
Estimated free bulk water, semisolid MTC parameters, and MTC at 3.5 ppm, APT, and NOE signal intensities of the healthy volunteer human brain (n ¼ 5).

ROIs R (Hz) M0
m (%) T2

m (μs) T1w (s) Zref(3.5 ppm) (%) APT (%) NOE (%)

Putamen Mean � STD 9.6 � 0.5 14.1 � 0.6 45.3 � 2.0 1.35 � 0.08 60.2 � 1.0 10.9 � 0.9 12.4 � 1.1
95% CI 8.9–10.2 13.2–14.9 42.7–47.8 1.25–1.46 58.9–61.6 9.7–12.1 11.1–13.7

Thalamus Mean � STD 9.2 � 0.8 16.8 � 0.7 47.0 � 2.6 1.30 � 0.07 58.4 � 1.0 11.1 � 0.9 12.2 � 0.9
95% CI 8.2–10.2 15.9–17.8 43.7–50.3 1.22–1.40 57.2–59.7 10.0–12.2 11.0–13.3

White matter Mean � STD 10.3 � 0.9 16.9 � 1.3 46.9 � 1.1 1.22 � 0.04 59.8 � 1.2 11.5 � 0.7 12.7 � 0.6
95% CI 9.2–11.5 15.3–18.5 45.6–48.3 1.17–1.28 58.2–61.3 10.6–12.5 12.0–13.4

Gray matter Mean � STD 12.5 � 2.0 10.6 � 1.5 45.0 � 1.5 1.35 � 0.04 64.2 � 0.9 11.6 � 1.3 12.0 � 0.7
95% CI 9.9–14.9 8.8–12.4 43.1–46.9 1.30–1.40 63.0–65.4 9.8–13.3 11.0–12.8

Post-hoc (p-value) ROI1 – ROI2 0.99 ** 0.99 0.98 0.10 0.99 0.98
ROI1 – ROI3 0.99 ** 0.98 * 0.99 1.00 1.00
ROI1 – ROI4 ** ** 0.99 0.99 ** 0.99 0.99
ROI2 – ROI3 0.90 0.99 0.99 0.38 0.41 0.97 0.91
ROI2 – ROI4 ** ** 0.71 0.99 ** 1.00 0.97
ROI3 – ROI4 0.07 ** 0.73 * ** 1.00 0.88

* and ** indicate a post-hoc difference at corrected p < 0.05 and p < 0.01 after Bonferroni adjustment, respectively.
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scans were observed (p < 0.01 for all). Table 2 presents the statistical
results of semisolid MTC, water parameters, synthesized MTC at 3.5 ppm,
and APT and NOE signal intensities estimated from MTC-MRF with 40
dynamic scans. The mean, standard deviation, and 95% confidence in-
terval (CI) values were calculated for five healthy volunteers. Interest-
ingly, the semisolid macromolecular proton concentration of gray matter
was significantly lower than that of the putamen, thalamus, and white
matter (p < 0.01), and accordingly, the Zref(3.5 ppm) signal intensity of
gray matter was significantly higher than that of the regions (p < 0.01),
while the exchange rate of gray matter was significantly higher than that
of the putamen and thalamus (p < 0.01), as shown in post-hoc results in
Table 2. There was no significant difference in the T2 relaxation time of
the semisolid macromolecular proton between the ROIs. ANOVA tests of
measurements revealed that there were no significant differences in APT
and NOE signal intensities for all ROIs.

To validate the proposedmethod, MTC-MRF images were synthesized
and compared with experimental measurements as the standard (Fig. 8)
due to the lack of an objective ground-truth in vivo. Free bulk water and
semisolid macromolecule parameters were quantified using the deep
neural network from 30 dynamic MTC-MRF images under a pseudor-
andomized RF saturation/acquisition scheme (Schedule A1), and then
ten dynamic MTC-MRF images were synthesized by inserting the tissue
parameters obtained from the deep neural network into the forward
Bloch transform (Eq. [9]) with a new RF saturation/acquisition scheme
(Schedule B). The synthesized images showed a high degree of agree-
ment with the MTC-MRF images acquired from Schedule B. The valida-
tion results for various acquisition schedules are shown in Fig. 9. The
average nRMSE values were 0.81 � 0.19%, 0.83 � 0.39%, and 1.05 �
0.34% and the average structural similarity index (SSIM) (Wang et al.,
2004) values were 0.992 � 0.003, 0.991 � 0.004, and 0.986 � 0.005 for
Schedule A1, A2, and A3, respectively.

5. Discussion

In this study, we developed a fast, quantitative 3D MTC/CEST im-
aging framework based on a combined parallel transmission-based RF
saturation, MRF image acquisition, compressed sensing image recon-
struction, and deep-neural-network-based tissue quantification. To
evaluate the accuracy of the proposed MTC-MRF method, digital phan-
tom images were generated with selected parameters of semisolid
macromolecular proton and water proton pools (4500 and 10,000 com-
bination sets for the first and second digital phantom studies, respec-
tively, as shown in Figs. 3 and 4). The proposed method demonstrated a
high degree of accuracy in quantifying water and semisolid macromol-
ecule parameters, which outperformed the much slower, conventional
Bloch equation fitting approach. The MTC-MRF method enabled fast
estimation of water and MTC parameters of the human brain in vivo
within a total measurement time of 4 min 30 s (nine slices with a
9

resolution of 1.8 � 1.8 � 4 mm3). Furthermore, to validate the quanti-
tative water and semisolid macromolecule parameters obtained from the
human in vivoMTC-MRFmethodology, we demonstrated performance by
generating synthetic images at the new RF saturation/acquisition
schedule setting (Schedule B in Fig. 8), with the tissue parameters esti-
mated from another RF saturation/acquisition schedule setting (Schedule
A1 in Fig. 8), and compared those to the acquired measurement. The
synthesized images were in excellent agreement with the acquired in vivo
images.

The MTC-MRF framework utilized deep-learning neural networks to
solve the MRF inverse problem. Although a neural network usually re-
quires a long training time to optimize the parameters of the network, the
neural network has low computational complexity in the testing phase.
Due to one-way deployment on a feed-forward architecture, our learning-
based approach for solving the inverse problem has a tremendously lower
computation time for MTC quantification compared to the Bloch equa-
tion fitting approach. A 10,000-fold improvement in computation time to
extract water and MTC parameters was accomplished with the deep-
learning approach (0.1 s for DNN vs. 1000 s for Bloch equation fitting).
Importantly, the number of dynamic scans is directly related to total scan
time. We evaluated the performance of MTC-MRF with different numbers
of dynamic scans, from 40 to 10 dynamic scans in the digital phantom
and in in vivo studies. The performance of MTC-MRF broke down with a
reduced number of dynamic scans, when the optimization for the RF
schedule was not applied. In particular, quantifying semisolid MTC ex-
change rate would be challenging due to insignificant signal discrimi-
nation between different exchange rates, which is vulnerable to poor SNR
(see Supporting Fig. S2). In the estimation of a clean MTC image at 3.5
ppm, however, there was a negligible Zref(3.5 ppm) signal difference
between 40 and 10 dynamic scans, despite significant differences of
water and MTC parameter values, because the deep-learning neural
network was also trained to minimize the loss function (Loss 2 in Fig. 1)
defined by the difference of the Zref(3.5 ppm) signal between the true
label and the estimated output. Thus, for CEST and NOE imaging, MTC-
MRF with ten dynamic scans may be acceptable.

The semisolid macromolecular proton concentration in white matter
(~17%; 95% confidence interval: 15%–19%) was significantly higher
than that of the gray matter (~10%; 95% confidence interval: 9%–12%),
which is in line with previous studies (Heo et al., 2019a; Mougin et al.,
2010; Sled and Pike, 2001; Stanisz et al., 2005). The semisolid macro-
molecular proton exchange rates of gray matter (~13 Hz; 95% confi-
dence interval: 10 Hz–15 Hz) was slightly higher than that of the white
matter (~10 Hz; 95% confidence interval: 9 Hz–12 Hz), but there was no
statistically significant difference. The estimated semisolid MTC ex-
change rate and concentration from the MTC-MRF method were some-
what lower and higher than previously reported values, respectively,
presumably due to differences in the number of dynamic scans, acqui-
sition schedules (including saturation parameters), imaging pulse
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sequences, and quantification methods (Heo et al., 2019a; Mougin et al.,
2010; Stanisz et al., 2005). Especially, the accuracy of MTC quantifica-
tion is highly dependent on the number of dynamic scans and the
acquisition schedule. The optimization of the RF saturation/acquisition
schedule is essential for efficient and high quality estimates of tissue
parameters (Bo et al., 2019; Cohen and Rosen, 2017; Perlman et al.,
2020). Our numerical phantom and in vivo synthetic MRI studies showed
that our deep-learning method outperforms the conventional Bloch
equation fitting approach in quantification accuracy and computation
time. Furthermore, quantitative water and semisolid MTC parameter
mapping based on the MTC-MRF framework enabled the synthesis of
clean MTC images at �3.5 ppm, and thus allowed NOE-free APT and
APT-free NOE imaging. However, such a subtraction method is not
completely quantitative because the effects of the different proton pools
(e.g., free bulk water, semisolid MTC, and CEST components) add
non-linearly, particularly at high RF saturation powers. Therefore, our
MRF framework may be extended to include additional exchange models
for CEST and NOE quantification.

Typically, CEST imaging that enables the detection of an exchange-
able proton group near the water resonance frequency requires B0
correction because the inhomogeneity causes the entire Z-spectrum to be
shifted (Kim et al., 2009). However, the proposed MTC-MRF involves
semisolid macromolecular protons with a very short transverse relaxa-
tion time (tens of μs), and thus, a very broad resonant frequency spectrum
(Henkelman et al., 1993), which results in the MTC-MRF method being
insensitive to B0 inhomogeneity. To quantitatively investigate the B0

inhomogeneity effect on MTC-MRF images, twomaximum B0 shift values
of 0.3 ppm and �0.3 ppm (38.5 Hz and �38.5 Hz at 3 T) were added in
the digital phantom of Fig. 4B. There were negligible signal changes
(below 0.5%) in the presence of B0 inhomogeneity (Supporting Fig. S3).
The intensity errors were similar to the noise level used in the training
dataset for the supervised deep-learning. However, another potential
factor affecting MTC quantification is B1 inhomogeneity. Our simulation
studies showed that B1 inhomogeneity effect slightly decreases the
quantification performance (Supporting Fig. S4). Thus, the B1 correction
through acquiring additional B1 maps or training DNN architectures with
possible B1 errors could improve the accuracy of MTC quantification.

Strong RF saturation powers can increase direct water saturation,
providing more accurate quantification of combined MTC model pa-
rameters (water and semisolid macromolecules) (Cercignani and Alex-
ander, 2006). However, the use of pseudo-continuous RF saturation and
multiple 180⁰ RF pulses for 3D TSE sequence increased specific absorp-
tion rate (SAR). Thus, the limited B1 range (<2uT) was used to stay
within the clinical permitted SAR. Instead, the dynamic change in
relaxation delay time or TR used in this study provides more information
about water magnetization, which is beneficial to disentangle the com-
bined parameters. Therefore, MTC-MRF acquisitions may not require
strong RF saturation condition. In addition, it should be noted that the
observed Z-spectrum is asymmetric (shifted upfield from the water) (Hua
et al., 2007; Zhang et al., 2017b, 2018bib_Zhang_e-
t_al_2017bbib_Zhang_et_al_2018), which may be attributable to the up-
field asymmetric NOE components of the aliphatic protons of various
relatively less mobile molecules (T2 ~ 0.1–1 ms). The NOE signals ob-
tained by our MTC-MRF framework based on a symmetric MTC model
include the mobile NOE and relatively less mobile NOE contributions,
while the NOE signals obtained from an asymmetric MTC model may
include the mobile NOE contribution only.

Due to shortening of water T1 relaxation time in the presence of
semisolidMTC, the observed water T1 is usually measured from inversion
recovery MRI experiments and used to calculate the intrinsic water T1
with the analytical solution of the Bloch equation (Henkelman et al.,
1993; Ramani et al., 2002). In this study, the DNN architecture was
trained to directly estimate intrinsic T1 relaxation time of free bulk water
from MTC-MRF signals. However, water T2 relaxation maps were ac-
quired from the multi-echo imaging experiment, not directly estimated
from the MTC-MRF framework. For two-pool MTC-MRF acquisitions, far
10
off-resonance frequency offsets (>8 ppm) were chosen to sample MTC
data points and avoid possible CEST signal contributions downfield from
the water. Therefore, small direct water saturation effects induced by the
far off-resonance RF irradiations provide less information about water
transverse magnetization, which is essential for water parameter quan-
tification. Future works may include adding variable echo times to the
acquisition schedule in the absence of RF saturation (Rieger et al., 2018;
Wyatt et al., 2018) or acquiring images near the water resonance fre-
quency (but not right on the water resonance frequency). In the latter
case, however, a multi-pool exchange model must be considered due to
contributions from fast-exchanging protons, such as amine and hydroxyl
protons (Haris et al., 2011; van Zijl et al., 2007; Zhang et al., 2017a) or
relatively low RF saturation powers must be used to avoid contributions
from the rapidly exchangeable protons. For clinical applications with
various pathologies, a wide range of tissue parameters (eight million
parameter combinations) was applied in the training dataset. However,
we may need to increase the size of the training dataset by extending the
range of parameters accessible, if needed.

6. Conclusion

We proposed a fast, quantitative MTC-MRF approach, which includes
a deep-learning network as a nonlinear parameter mapping function
from the semisolid MTC signal evolution to the underlying tissue prop-
erties. The proposed MTC-MRF method demonstrated advantages in
terms of quantification accuracy and computational complexity. The
experimental results shows that the proposed approach is more accurate
and efficient than the Bloch equation fitting approach. Importantly, using
the tissue parameters obtained from MTC-MRF, accurate MTC signal
intensities can be estimated at a certain CEST frequency offset, allowing
clean CEST imaging. This quantitative approach could offer seminal in-
sights into microstructural tissue alterations throughout the lifespan and
in many pathologies.
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