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A B S T R A C T

Fully-quantitative MR imaging methods are useful for longitudinal characterization of disease and assessment of
treatment efficacy. However, current quantitative MRI protocols have not been widely adopted in the clinic,
mostly due to lengthy scan times. Magnetic Resonance Fingerprinting (MRF) is a new technique that can
reconstruct multiple parametric maps from a single fast acquisition in the transient state of the MR signal. Due to
the relative novelty of this technique, the repeatability and reproducibility of quantitative measurements obtained
using MRF has not been extensively studied. Our study acquired test/retest data from the brains of nine healthy
volunteers, each scanned on five MRI systems (two at 3.0 T and three at 1.5 T, all from a single vendor) located at
two different centers. The pulse sequence and reconstruction algorithm were the same for all acquisitions. After
registration of the MRF-derived M0, T1 and T2 maps to an anatomical atlas, coefficients-of-variation (CVs) were
computed to assess test/retest repeatability and inter-site reproducibility in each voxel, while a General Linear
Model (GLM) was used to determine the voxel-wise variability between all confounders, which included test/
retest, subject, field strength and site. Our analysis demonstrated an excellent repeatability (CVs of 2–3% for T1,
5–8% for T2, 3% for normalized-M0) and a good reproducibility (CVs of 3–8% for T1, 8–14% for T2, 5% for
normalized-M0) in grey and white matter.
1. Introduction

Among medical imaging modalities, magnetic resonance imaging
(MRI) stands out for its excellent soft-tissue contrast, anatomical detail
and high sensitivity for disease detection. However, as proven by the
continuous and vast effort to develop new MRI techniques, limitations
and open challenges remain. The primary source of contrast in MRI im-
ages are the various relaxation parameters, e.g. T1 and T2 relaxation
times, associated with the nuclear magnetic resonance (NMR) phenom-
ena upon which MRI is based. Although it is possible to quantify these
esults encourage further investiga
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relaxation parameters (qMRI) they are rarely used in the clinic, and
radiological interpretation of images is primarily based upon images that
are relaxation time weighted.

Quantitative changes in longitudinal (T1) and transverse (T2) relax-
ation times in discrete brain regions have been described in neurological
disorders such as Alzheimer's disease (Bartzokis et al., 2000) (Tang et al.,
2018), Parkinson's disease (Vymazal et al., 1999) (Baudrexel et al.,
2010), multiple sclerosis (Larsson et al., 1989) (Gracien et al., 2017), and
epilepsy (Pitkanen et al., 1996) (Bernhardt et al., 2018); psychiatric
diseases such as autism (Friedman et al., 2003) (Hendry et al., 2006) and
tions of MR Fingerprinting for fast, repeatable and reproducible quantification of
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Table 1
Systems and software versions at the centers participating in this study.

Field
Strength

Site System
Model

Software
Version

# Receiver Coil
Channels

Bore
Size

1.5 T A HDxt HD16 8 60 cm
3.0 T A MR750 DV25 8 60 cm
1.5 T B MR450 DV24 12 60 cm
1.5 T WB MR450w DV26 12 70 cm
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schizophrenia (Williamson and Pelz, 1992), as well as genetic diseases
such as cancer (Yankeelov et al., 2011). The clinical adoption of qMRI is
mainly limited by the long acquisition times required to quantify each
relaxation parameter as well as questions around their accuracy and
reliability. More specifically, the main limitations of qMRI methods have
been the difficulty in dealing with the high inter-parameter correlations
and a high sensitivity to MRI system imperfections (Deoni, 2010).

Today, more than forty years into clinical MRI, effective qMRI
methods are still challenging to achieve within short acquisition times
such that they can become clinically relevant and routinely used for
disease characterization. Quantitative MRI will ideally improve the
reliability of determining subtle disease changes, especially when com-
bined with radiomics (Tofts, 2005). The main challenges for quantifying
MRI relaxation times come directly from the physical constraints that
limit achievable resolutions and image contrasts within clinically
acceptable scan times with sufficient signal-to-noise ratios (SNR). In
addition to requiring fast acquisitions, the MRI signal must also be
repeatable and reproducible. Briefly, repeatability refers to the degree of
agreement between experiments repeated at the same location, using the
same measurement procedure and equipment, performed under similar
conditions, and repeated at separate time points. In contrast, reproduc-
ibility refers to the degree of agreement between the results of experi-
ments conducted at different locations and with similar but separate
instruments. In MRI, both of these metrics are affected by variability in
electromagnetic fields, including radiofrequency transmit power and
static magnetic field non-uniformity (Majumdar et al., 1986) (Sung et al.,
2013). In recent years, efficient and repeatable quantitative MRI has been
studied through new approaches that estimate multiple parameters
simultaneously in a single model. These new multi-parametric quanti-
tative methods include, amongst others, Magnetic Resonance Finger-
printing (MRF) (Ma et al., 2013), MAGnetic resonance Image
Compilation (MAGIC) (Tanenbaum et al., 2017), Magnetic Resonance
Spin TomogrAphy in Time-doman (MR-STAT) (Sbrizzi et al., 2018), and
3D Silent data mining (Wiesinger et al., 2018). These new methods are
appealing due to their ability to acquire multiple quantitative maps
efficiently within a single acquisition. Quantitative maps derived from
these data can then be used to synthesize standard image contrasts to
assist in disease assessment.

Magnetic Resonance Fingerprinting (MRF) is an imaging technique
that efficiently samples the transient state of the MRI signal. These
transient signals may be considered as ‘fingerprints’ that can be retro-
spectively matched to a dictionary of simulated signal patterns (Ma et al.,
2013). To achieve such transient signal ‘fingerprints’, scan parameters
such as repetition time (TR) and flip angle are varied between each
repetition of an MRI acquisition. The measured signal evolution is then
used to find the best parameter match within a dictionary (Ma et al.,
2013). The MRF dictionary consists of many precomputed values of the
signal evolution for a range of parameters including, but not limited to,
T1 and T2. The relative ease of implementation makes MRF not only
interesting theoretically, but feasible using standard acquisition and
reconstruction technology. Due to its high efficiency, MRF has particular
potential if it can demonstrate accurate and reproducible quantitative
maps that can discriminate diseases across longitudinal and multi-site
studies. However, for MRF to be validated and adopted clinically, the
quantitative parameters extracted must be shown to be robust, with a
high repeatability and reproducibility. While published studies have
shown MRF methods to have a high repeatability of T1 and T2 values
using an ISMRM/NIST phantom (Jiang et al., 2017b), in vivo multi-site
repeatability and reproducibility studies remain important to assess the
clinical value of this novel technique (K€orzd€orfer et al., 2018).

The objective of this study was to assess the repeatability and
reproducibility of MRF derived relaxation time measurements in the
brain. The study involved acquiring data from both phantoms and normal
volunteers using multiple MRI systems at 1.5 T and 3.0 T located in two
different centers.
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2. Material and methods

2.1. MRF acquisition and reconstruction

Phantom and human MRF data was acquired on MRI scanners with
dedicated head/brain coils using five different systems (Table 1): one
1.5 T and one 3.0 T at the first site (site A) and two 1.5 T systems and one
3.0 T at the second site (site B). All systems were from the same vendor
(GE Healthcare, Waukesha, WI, USA).

MRF data was obtained using 2D steady-state free precession (SSFP)
with a spiral readout trajectory. The flip angles and repetition times were
varied for 979 frames per slice and matched the values from Jiang et al.
(2015) (Fig. 1a). A spiral trajectory was rotated by the golden-angle for
89 interleaves, which was then repeated 11 times to provide readout data
over 979 frames (Fig. 1b). The total Nyquist field-of-view
(FOV)¼ 256mm, reconstruction matrix¼ 128� 128, sampling band-
width¼�250 kHz, echo time¼ 2.2ms, scan time was 12.8 s/slice. A
total of 55 slices per subject and 40 per phantom were obtained at 2mm
slice thickness with the TR/flip angle lists repeated for each slice.

The sequence was limited to a maximum gradient amplitude of
20mT/m and slew rate of 50 T/m/s. Each interleave was rewound and
followed by a spoiler gradient along the slice-select axis achieving 8π
dephasing across each 2mm thick slice. The maximum gradient strength
was limited such that all systemswouldmatch trajectories, irrespective of
individual system gradient performance. We note that the dominant
factor affecting the minimum TR was the gradient slew rate at the 1.5 T
wide-bore scanner (1.5 T, Site WB).

Dictionaries including T1 and T2 relaxation were computed using the
extended phase graph formalism. The static magnetic field (B0) and the
transmit radiofrequency field (B1þ) non-uniformity was not included in
the dictionary. The slice profile was included to improve T2 accuracy,
which is highly-dependent on the formation of stimulated echoes (Buo-
nincontri and Sawiak, 2016). The values of T1 and T2 were then esti-
mated through inner-product pattern matching of the dictionaries to the
reconstructed time frames. The relative proton density was calculated as
described in (Ma et al., 2013).

Before pattern matching, each undersampled spiral frame was
reconstructed using a re-gridding algorithm before an inverse Fourier
transformation (Jackson et al., 1991). Coil images were then combined
into a single image per frame, based on adaptive coil combination on an
average of the time frames (Walsh et al., 2000). Following these recon-
struction steps, voxel-wise pattern matching determined the highest
correlation between the signal evolution and simulated dictionary (Ma
et al., 2013).
2.2. Phantom study

Phantom data were acquired for two repeated scans on each system
using the ISMRM/NIST phantom (QalibreMD, Boulder, Co), with the
phantom removed then replaced between scans. This retest immediately
following the test minimized temperature changes that could alter the
relaxation times and thus phantom repeatability (Nelson and Tung,
1987). The phantom temperature at site A was 17� 2 �C and at site B was
22� 2 �C. No temperature correction was performed.

The in vivo dictionary range and step size were the same as those
published in (Jiang et al., 2015). The in vivo T1 dictionary resolution used
3.0 T B MR750 DV24 12 60 cm



Fig. 1. The (a) parameter lists for the flip angle and repetition time variation and the (b) first five interleaves of the k-space acquisition.
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min:step:max values of 20:10:3000,3000:200:5000ms, and the T2 dic-
tionary used min:step:max values of 10:5:300,300:50:500ms. The
phantom dictionary was modified for the T1 and T2 value range of the
vials in the NIST phantom, with higher density at the lower values, with
T1 dictionary values of 10:10:400,400:20:4000ms, and T2 dictionary
values of 2:1:19,20:2:400,400:50:2000ms.

Circular regions-of-interest (ROIs) were obtained in the NIST phan-
tom, each ROI consisting of 32 voxels central to each of the 14 vials in
either the T1 or T2 weighted vial regions, which were used for statistical
calculations on the MRF-calculated T1 and T2 maps. The coefficient-of-
variation (CV) was used both as a measure of repeatability when calcu-
lated using the test and retest values, and of reproducibility when
calculated using the first measurement (test) at each site (Begley and
Ellis, 2012). Bland-Altman plots were created to visualize the agreement
between test and retest values (Bland and Altman, 1999).

2.3. Volunteer study

MRF data was acquired from the brains of nine healthy volunteers (2
females, 7 males, ages¼ 18–55 years). All volunteers underwent imaging
at both site locations with 2–6 months between the first and second site
imaging (Table 1) with written informed consent in accordance to local
ethical approvals of both locations. For each exam, including test and
retest sessions, the protocol comprised a localizer, a structural volumetric
sequence obtained by using a 1mm-isotropic T1-weighted 3D fast spoiled
gradient echo (3D BRAVO), and a 2mm-isotropic multi-slice 2D SSFP
MRF (Jiang et al., 2015). Structural images were acquired to enable the
registration of the MRF parameter maps to anatomy, and to segment
brain tissues (white matter, WM; grey matter, GM; and cerebrospinal
fluid, CSF). The subjects were removed and completely re-positioned in
each scanner between test and retest sessions.

2.4. In vivo data pre-processing

First, MRF retest images were co-registered to the respective test
image. In this step, nearest-neighbor interpolation was used. MRF maps
were rigidly co-registered to their respective 3D T1-weighted images
using the Statistical Parametric Mapping (SPM 12) Toolbox (Friston
et al., 1994) (Penny et al., 2011). After registration, each subject's
volumetric image was warped to match a custom DARTEL atlas based on
the subjects studied (Goto et al., 2013). The 3D T1-weighted volumetric
dataset from the 3.0 T at site Awas used to estimate the DARTEL template
and the transformations to warp brain volumes (including MRF maps)
from the subject space to the template space. After applying 6mm
Gaussian smoothing, CVs were calculated between each voxel in test and
retest measurements. For each subject, the segmented tissue probability
maps were calculated and used to extract mean values of parameters in
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GM, WM, and CSF. Due to arbitrary receiver gain and scaling, relative M0
values were reported self-normalized (nM0) to the average inside the
brain mask. A threshold of 50% probability was used as a mask per each
tissue class, and a mask containing voxels acquired in all tests was also
applied (see Fig. 2). Statistical analysis was conducted using a
non-parametric Mann-Whitney U test for comparison of the average T1,
T2 and nM0 values among subjects obtained at the same magnetic field
but with different systems (Mann and Whitney, 1947).

For each measurement (nM0, T1 and T2), scatter plots of test/retest
data were generated sampling 1000 random points in each tissue masks
and extracting corresponding values for each subject and each system
(45000 point total). A linear fit and correlation statistics were performed
for each plot. To assess the agreement of the two set of data, Lin's
concordance correlation coefficient (Lawrence and Lin, 1989) was
calculated for each measurement (nM0, T1, T2) in each tissue (GM, WM,
CSF).

2.5. GLM analysis

A General Linear Model (GLM) (Beckmann et al., 2003) was imple-
mented in SPM (Ashburner, 2012) as secondary sensitive method to
characterize the effects from several independent physical parameters.
GLM analysis was used to describe the maps of physical parameters in
terms of a linear combination of explanatory experimental and con-
founding effects, which was then used to determine residual variability.
The covariates modeled as categorical variables were acquisition vari-
ability (test/retest data), field strength (1.5 T and 3.0 T), and the acqui-
sition site. The design matrix of our GLM analysis is shown in Fig. 2.

The T1 and T2 maps, aligned to the DARTEL template and smoothed,
are entered in a multiple linear regression model:

Yi ¼ β0 þ β1 Xi1 þ β2 Xi2 þ β3 Xi3 þ . . . þ βp Xip þ εi

Yi is the ith observation of the dependent variable (i¼ 1,…n, where n
is the number of observations). Xij is ith observation of the jth indepen-
dent variable (j¼ 1, …, p, where p is the number of independent vari-
ables), which represents whether that variable is present in the analysis
(Xij¼ 1) or unused (Xij¼ 0). The values βj represent parameters to be
estimated, with β0 corresponding to the mean value, and εi is the variance
in the data that cannot be explained by the predictors. The values of the βj
maps quantify the influence of the independent variables on the
measured physical parameters T1 and T2 at each voxel location. The
definition of each βj in our model is reported in Fig. 2. The estimated
effects can be compared by means of voxel-wise statistical analysis. To
compare the different effects of variability, we reported the normalized
values of βj averaged over the DARTEL tissue maps, while to take in
account possible regional effects of variability, we reported the βj maps
for a representative slice.



Fig. 2. A) GLM design matrix, B) the TIV mask common to all scanners and subjects, C) grey matter mask, D) white matter mask, E) CSF mask.
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2.6. Data and code availability statement

In compliance with funders and institutional ethics approval, the
original parametric maps as well as the corresponding structural data for
each subject are available at (Kaggie et al., 2019).
Fig. 3. NIST phantom plots showing the T1 and T2 values obtained from MRF against
plots (middle). The T1 values demonstrate the highest repeatability, and visually hav
NIST values at 1.5 T. Note that the plots extend beyond those previously reported in
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3. Results

3.1. Phantom results

Plots from the MRF derived values and NIST phantom values, as
the nominal NIST values at both 1.5 T and 3.0 T (left) and a zoomed view of the
e lower biases (right). The T2 values show a larger divergence from the nominal
(Jiang et al., 2017b).



Table 2
Table showing the results of linear regression between the NIST phantom data, as
defined in the NIST standard, and from the MRF results.

Field Strength Site Param Slope Intercept r-value p-value

1.5 T A T1 0.929 18.816 0.999 <1e-6
1.5 T B T1 0.798 24.434 0.999 <1e-6
1.5 T WB T1 0.779 14.87 0.999 <1e-6
1.5 T A T2 0.891 126.959 0.952 <1e-6
1.5 T B T2 0.665 68.100 0.964 <1e-6
1.5 T WB T2 0.976 66.064 0.976 <1e-6
3.0 T A T1 1.207 10.494 0.999 <1e-6
3.0 T B T1 1.068 19.393 0.999 <1e-6
3.0 T A T2 1.051 41.578 0.992 <1e-6
3.0 T B T2 0.926 25.886 0.995 <1e-6
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reported in the NIST guide, are shown in Fig. 3. Linear correlation
Fig. 4. Images from a single volunteer showing the normalized M0 (proton-density)
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statistics between the MRF derived values and published NIST values are
shown in Table 2. As a measure of repeatability, the intra-site CV
phantom values were <1% for all sites and relaxation parameters. As a
measure of reproducibility, the inter-site phantom CV values were 0.9%
for T1 and 2.7% for T2 at 1.5 T, and 0.2% for T1 and 0.7% for T2 at 3.0 T.
Pearson's correlation and Lin's concordance correlation coefficients
(LCCC) for multi-site values of similar phantom vials was greater than
0.99 for both T1 and T2 at both field strengths (LCCC¼ 0.999996 for T1 at
both fields; LCCC¼ 0.999848 for T2 at 1.5 T and 0.999967 at 3.0 T).
3.2. Volunteer results

Sample co-registered MRF test and retest images acquired at all
centers are shown in Fig. 4. Average values among subjects for T1, T2 and
nM0 for each system at each site are reported in Fig. 5.
, T1, and T2 maps for a single slice, for both test and retest data at all centers.



Fig. 5. Mean and standard deviation of T1, T2, and self-normalized M0 (nM0) across grey matter (GM), white matter (WM), and cerebrospinal fluid (CSF). nM0 values
greater than 1.0 occur where the defined region has a mean value greater than the normalized value across the entire brain. For each box, whiskers are determined by
the minimum and maximum values; diamond indicates the mean value while the line corresponds to the median value.

Fig. 6. Group maps of coefficients-of-variation between test and retest at 1.5 T and 3.0 T at site A. Normalized M0 values had the lowest variation, followed by T1, and
then T2.
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Fig. 6 shows the voxel-wise test/retest performance at 1.5 T and
3.0 T at site A. Normalized M0 had the lowest variation, which was uni-
formly under 3% across the brain. Relative T1 variation was also under
3% at most locations, with some boundary effects at the interface be-
tween different tissue classes, possibly due to residual registration errors.
Relative T2 variation was higher at 3.0 T than at 1.5 T, and the CSF re-
gions were the ones showing the highest CV of over 10%.

The results of test/retest CV measurements are reported for each
parameter, site and tissue class in Table 3. The T1-CVs of GM and WM
were low (1.9–3.1%, excluding CSF) for all systems, while the T2-CVs
were slightly higher (3.6–7.8%). White matter values (T1-
CVs¼ 1.9–2.2%; T2-CVs¼ 3.6–6.5%) were more repeatable than grey
matter values (T1-CVs¼ 2.4–3.0%; T2-CVs¼ 4.4–7.8%). T1-CVs
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demonstrated no field dependency, while the T2-CVs were lower at 1.5 T
(2.9–7.0%) than 3.0 T (4.1–7.8%).

Fig. 7 reports scatter plots and relative linear correlation statistics of
test/retest measurements on a voxel-basedmethod. All slopes are about 1
(A¼ 0.993 to 1.008) and all R2 indicate strong positive correlations
(R2¼ 0.848 to 0.922). According to the classification proposed by
McBride (2005), Lin's concordance correlation coefficients reveal a
“substantial” agreement of the two dataset for nM0
(GM/WM/CSF¼ 0.94/0.95/0.96) and T1 measurements
(0.95/0.96/0.95) and a “moderate” agreement for T2 (0.92/0.94/0.93).
Lin's concordance correlation coefficients results can be assessed on the
subject specific plots reported in Supplementary Figures 1 to 9.

The reproducibility results of inter-site group CV measurements are



Table 3
Test/retest coefficients-of-variation (CV) for repeatability of T1, T2, and self-
normalized M0 (nM0) across grey matter, white matter, cerebrospinal fluid,
and total volume.

T1-CV (%) Grey
matter

White
matter

Cerebrospinal
fluid

Total
Volume

Site A, 1.5 T 2.9 2.1 3.8 2.9
Site B, 1.5 T 3.0 2.1 4.2 3.1
Site WB,
1.5 T

2.4 1.9 3.7 2.6

Site A, 3.0 T 2.7 2.1 3.5 2.8
Site B, 3.0 T 2.7 2.2 3.8 2.8

T2-CV (%) Grey
matter

White
matter

Cerebrospinal
fluid

Total
Volume

Site A, 1.5 T 5.3 3.6 7.9 5.3
Site B, 1.5 T 7.0 4.7 10.5 6.7
Site WB,
1.5 T

4.4 2.9 7.7 4.5

Site A, 3.0 T 7.8 6.5 10.8 7.8
Site B, 3.0 T 6.0 4.1 11.0 6.1

nM0-CV (%) Grey
matter

White
matter

Cerebrospinal
fluid

Total
Volume

Site A, 1.5 T 1.6 1.2 2.2 1.7
Site B, 1.5 T 2.0 1.4 3.0 2.2
Site WB,
1.5 T

1.7 1.3 2.6 1.8

Site A, 3.0 T 1.6 1.2 2.4 1.9
Site B, 3.0 T 2.3 1.9 3.1 2.5

Fig. 7. Scatter plots of test/retest values of nM0, T1 and T2 for each subject at each sy
total). Each panel reports the slope of the linear fit (y ¼ A*x) and the square of the
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reported in Table 4. Both T1 and T2 measurements in GM and WM were
more reproducible at 3.0 T than 1.5 T according to their CVs (T1-
CVs¼ 6.6–7.6% at 1.5 T and 2.7–3.2% at 3.0 T; T2-CVs¼ 9.7–14.0% at
1.5 T, and 8.5–10.4% at 3.0 T).

The results of the GLM analysis are reported in Fig. 8 and in Fig. 9. In
Fig. 8 representative percentage bias values are reported for each tissue
class. Based on GLM analysis, the test/retest associated bias was≪1% for
T1 and <1% for T2 measurements. In GM and WM, the T1 bias caused by
stem, sampling 1000 random points from GM, WM and CSF maps (45.000 points
Pearson's correlation coefficient (R2).

Table 4
Inter-scanner coefficients-of-variation (CVs) for reproducibility of T1, T2, and
self-normalized M0 (nM0) across grey matter, white matter, cerebrospinal fluid,
and total volume. The CVs are reported for 1.5 T and 3.0 T.

T1-CV (%) Grey
matter

White
matter

Cerebrospinal fluid Total
Volume

1.5 T 6.9 6.6 10.2 7.6
3.0 T 2.9 2.7 3.9 3.2

T2-CV (%) Grey
matter

White
matter

Cerebrospinal fluid Total
Volume

1.5 T 14.0 9.7 20.5 13.3
3.0 T 10.4 8.5 15.2 10.5

nM0-CV
(%)

Grey
matter

White
matter

Cerebrospinal fluid Total
Volume

1.5 T 5.1 4.2 6.9 5.2
3.0 T 4.5 4.0 6.0 4.7



Fig. 8. The results of GLM analysis showing the bias values (beta) for each
independent parameter, with betas normalized to the means of total volume
grey matter (GM), white matter (WM), or cerebrospinal fluid (CSF) values for
nM0, T1 and T2. The values are reported in terms of ratio to the mean value, as
that represents the variation caused by that variable. The T1 variation caused by
any parameter, including any single subject, is <5%. The T2 values have the
greatest variation from the 1.5 T wide-bore system (10%, outside CSF), while all
other parameters account for <5% variation.
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any parameter based on GLM analysis, including any single subject, was
<10%. The T2 values had the greatest bias when acquired in 1.5 T wide-
bore system (11%), while other sites accounted for <5% variation. The
effects of 1.5 T and 3.0 T fields on T1 and T2 (5–8%) were expected, due
to their field dependencies.

In Fig. 9, local biases from the GLM analysis are reported in a central
brain slice, to assess the local behaviour of the covariates in the model. It
can be noted that nM0 is variable between the center and the edges of the
brain, with more variability between scanners operating at 3.0 T (β18 and
β19). While the average effect of field on nM0 was null due to the
normalization process, T1 values globally increased with field. T1 effects
did not display a significant spatial variation, but rather global effects.
The values of T2 globally decreased with field. The effect of site on T2 did
not display great spatial variation for the 1.5 T systems; however, the
wide-bore system presented a global over-estimation across the brain.
The 3.0 T sites displayed a spatial variability, from anterior to posterior.

Major variations in quantification of parameters were found for the
1.5 T wide-bore system at site B in vivo. In particular, with respect to the
1.5 T of site A, significant differences of T1 and T2 were found in GM and
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WM (p-values from 0.001 to 0.008), as well of nM0 in CSF (p¼ 0.03). On
the other hand, with respect to the 1.5 T of site B, the 1.5 T wide-bore
scanner of site B presented significant differences of T2 values in WM
and CSF (p-values of 0.03 and 0.006 respectively), and of nM0 in GM and
WM (p¼ 0.008 and 0.02 respectively). Other significant differences were
found between 3.0 T scanners for nM0 values of GM and WM (both
p< 0.001) and for T1 values of GM (p¼ 0.008).

4. Discussion

This study performed MRF at five separate imaging systems, which
included both 1.5 T and 3.0 T systems. We acquired SSFP MRF with the
same sequence parameters and reconstruction methods at all sites. We
assessed both repeatability and reproducibility of T1 and T2 measure-
ments using the NIST/ISMRM phantom and in nine separate healthy
volunteer brains scanned twice at all sites. We reported test/retest
repeatability results using coefficients-of-variation averaged over tissue
classes and assessed the performance of single voxels in scatter plots.
General linear model analysis allowed reporting of local reproducibility
biases, and coefficients-of-variations were also reported as a measure of
reproducibility.

The phantom experiments showed a good agreement between intra-
and inter-site T1 and T2 values. The phantom experiments were highly
repeatable (CV<1%). Phantom reproducibility was high for T1 values at
3.0 T (CV<0.2%) and at 1.5 T, which had a slightly higher CV
(CV<0.9%). The phantom T2 values were also more reproducible at 3.0 T
than at 1.5 T according to their CVs (CV¼ 0.7% vs 2.7%), however
limited conclusions should be drawn from this as the accuracy of our T1
and T2 values when compared to NIST values was highly dependent on
the site. A limitation of our phantom study was the 5-degree temperature
difference between Site A and Site B. We did not correct for temperature-
related changes in the phantoms. Temperature differences were not
present in human subjects due to thermoregulation. These MRF T1
measurements had similar and better reproducibility to published multi-
site inversion recovery (1.5 T RMS CV¼ 8.2%; 3.0 T RMS CV¼ 5.5%)
and variable flip angle T1 measurements (1.5 T RMS CV¼ 11.1%; 3.0 T
CV¼ 22.9%), respectively, where the phantom temperature was tightly
controlled (Bane et al., 2018). Our phantom experiments confirmed the
repeatability of previous MRF literature, which showed less than 5%
variation of T1 and T2 values measured with MRF over 34 consecutive
days at 3.0 T, with similar higher variation in T2 when compared with T1
(Jiang et al., 2017b).

In addition to the phantom work, our study mainly focused on in vivo
measurements in the human brain. The in vivo experiments were highly
repeatable for T1 measurements at all fields (CV<3.1%), while the CVs
for T2 measurements were slightly higher for 3.0 T (CV<7.8%) than 1.5 T
(CV<7.0%), when excluding CSF. A spatial variability of nM0 and T2 was
also seen in scanners operating at 3.0 T, with a spatial profile suggesting a
difference due to B1þ fields. While higher field strengths have higher
field non-uniformities that can affect repeatability, particularly from the
faster signal dephasing of increased B0 susceptibility and B1þ dielectric
resonances (Vaughan et al., 1994) (Vaughan et al., 2001), our results
demonstrated improved repeatability of T1 at the higher field. These
results suggest that T1 measurements obtained with SSFP MRF are
influenced less than T2 by these non-uniformities, even without B0 and
B1þ inclusion in the dictionary. This may be related to the intrinsically
lower SNR of 1.5 T over 3.0 T systems. However, T2 had the opposite
relationship than T1 with field strength, as it was more repeatable and
reproducible at the lower field strength according to GLM analysis.

Repeatability and reproducibility was higher for WM than for GM.
This trend may be partly due to the topology of the two tissue classes, as
GM voxels located at the interface between the other two tissues may
include partial WM or CSF, due to imperfect segmentation and/or
registration at the current resolution. Previous work has exploited the
intrinsic multi-component nature of the MRF model by including partial
volumes in the modelling (Hamilton et al., 2015). Including partial



Fig. 9. Bias values (beta) estimated from the GLM analysis on a central brain slice, for nMo, T1 and T2 respectively. These values represent the local variation
associated with the modeled effect (in this example field and site). As per the constraints in the model, the sum of the biases associated with the same effect is null (β13
þ β14¼ 0 and β15 þ β16 þ β17 þ β18 þ β19¼ 0).
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volume modelling in the simulations may further improve robustness of
MRF at the expense of computation time and model complexity.

A relatively novel feature in this study was the analysis method used
for estimating biases in vivo, using a GLM for separating the different
covariates. Our analysis method builds on voxel-based morphometry
(Wright et al., 1995), a fully-automated technique analyzing morpho-
logical differences between images of healthy or abnormal brains by
performing voxel-wise statistical parametric maps (SPM) on segmented
images (Ashburner and Friston, 2000). Here, rather than using
pseudo-quantitative tissue probability maps, we used the estimated
quantitative T1 and T2 maps within the analysis. This possibility has
previously been applied to positron emission tomography (PET) (Ash-
burner), but has recently been used also for quantitative MRI data
(Weiskopf et al., 2013) (Callaghan et al., 2014). It has been suggested
that voxel-based methods, such as the one demonstrated here, can be
used beyond repeatability studies in order to perform group analyses to
identify disease and monitor treatment effects (Callaghan et al., 2014).

Importantly, our study was not limited to regions-of-interest, but
estimated voxel-wise performance; variability was assessed using
coefficients-of-variation, and bias using the GLM analysis. The GLM
covariates having the lowest effect on bias were the variables of test and
retest, with biases below 1% on average. This is unsurprising as there
should be nomean bias between test and retest. Field strength introduced
the highest bias for T1 and T2 measurements. Following field, the highest
T1 bias was introduced by the site differences, while T2 was affected
mostly by subject bias. Our local assessment of site-related variabilities
showed the greatest spatial distribution of bias in nM0, followed by T2
(Fig. 9). The nM0 variations were mostly between the center and the
edges of the brain, which may be explained by the different system
receiver arrays and the subjects being positioned in slightly different
locations within the arrays, since each array would have different
sensitivity profiles. As M0 is estimated as a scaling factor of the received
signal, all local variations in the receiver profile result in a multiplicative
factor to M0. On the other hand, T2 local variation was higher at 3.0 T and
had a smooth gradient from anterior to posterior. This could be poten-
tially explained by positioning or local variations of the transmitted B1þ
field and by increased dielectric resonance (B1þ) (Kangarlu et al., 1999).
As T2 estimation relies on a precise flip angle in order to obtain stimu-
lated echoes, it is known that B1þ can affect its accuracy (Buonincontri
and Sawiak, 2016).

Repeatability and reproducibility values measured here for 2D MRF
were also in line with K€orzd€orfer et al. (2018), which used a different
study protocol and custom ROI analysis but a similar pulse sequence. The
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quantitative T1 and T2 parameters obtained in the brain from our MRF
study were within the wide range of those obtained in previous non-MRF
studies for healthy volunteers, using different relaxometry methods
(McPhee and Wilman, 2017) (Whittall et al., 1997) (Jiang et al., 2015)
(Stikov et al., 2015). Landman et al. (2011) assessed repeatability of
several sequences, including quantitative T1 and T2 in the brain,
measured with variable flip angle and multi-echo spin echo respectively,
reporting CVs in GM and WM of up to 4% for T1 and 20% for T2
(Landman et al., 2011). Bauer et al. (2010) reported reproducibility of
dual echo fast spin-echo on three different scanners, showing variability
up to 20% (Bauer et al., 2010). Deoni et al. (2008) performed a
multi-center study including three different scanners at 1.5T assessing
driven equilibrium single pulse observation (DESPOT) of T1 and T2, and
reported in vivo reproducibility CV values of 6.5% for T1 and 8% for T2
respectively (Deoni et al., 2008). Although CVs cannot be directly
compared across studies due to the variations in protocols and analyses,
2D MRF precision is promising in the context of similar studies in the
literature. While these studies have assessed repeatability and repro-
ducibility, these values will change under different resolutions, flip
angle/TR lists, and simulation parameters. These measurements can be
considered a baseline for comparison with future MRF brain measure-
ments that attempt to increase resolution or temporal efficiency.

An important feature of the MRF technique is the high temporal ef-
ficiency. For instance, the acquisition here, based on (Jiang et al., 2015),
took just over 10 s to acquire each slice. Despite the short acquisition
times, we saw highly-repeatable quantification, especially for T1 esti-
mates. In fact, similar MRF implementations are achieving
highly-discriminatory biomarkers for brain cancer (Badve et al., 2016),
epilepsy (Liao et al., 2018), abdominal cancer (Chen et al., 2016) and
prostate cancer (Yu et al., 2017), with the promise of contributing
significantly to diagnosis. Our results confirm that MRF is reliable as a
fast T1 and T2 measurement technique, hence encouraging more evalu-
ation. Further studies are also required to compare reliability of T1 and T2
maps with MRF with other emerging quantitative techniques.

The MRF SSFP acquisition used here performed much better on GM
and WM than CSF. One reason for this is the low SNR of CSF, due to the
relatively high flip-angles used in the MRF pulse schedule, needed to
achieve stimulated echoes. Secondly, the dictionary is built with different
sampling densities depending on T1 and T2, and the sparser dictionary
values for the look-up table in the ranges of CSF values may contribute to
the high variability. Lastly, the higher variability of parameters in CSF
may be due to the effects of diffusion introduced by the spoiler gradients
(Jiang et al., 2015). Here, the gradients used were designed to dephase a
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2mm slice by 8π, which is more than twice that reported in the original
SSFP MRF paper (Jiang et al., 2015), where 5mm slices were used with
the same amount of dephasing. It has been previously shown that the
spoilers at the end of each TR in SSFP MRF generate diffusion sensitivity
(Kobayashi and Terada, 2018), and that it is possible to exploit this effect
in order to estimate diffusion parameters in MRF (Jiang et al., 2017a).
However, despite the promise of adding more relevant estimations and
obtain more robust T1 and T2 estimates, the performance of SSFP esti-
mations including diffusion is known to be limited by dictionary size and
physiological motion occurring throughout the acquisitions (Jiang et al.,
2017a).

To be able to better compare our results to others, here we have used
the acquisition described in Jiang et al. (2015) (Jiang et al., 2015), which
has been one of the most widely usedMRFmethods in literature so far. As
this work confirmed, this acquisition scheme has low sensitivity to
off-resonance values, which enables estimates of T1 and T2 accurately
without including more parameters in the model. The inclusion of further
parameters to the dictionary may also improve MRF repeatability. For
instance, it is known that including B1þ effects in the SSFPMRF estimates
improves accuracy of T2 values (Buonincontri and Sawiak, 2016) (Ma
et al., 2017), hence it is very likely that this would improve the repeat-
ability of MRF. However, the inclusion of B1þ in the schedule used by
Jiang et al., 2015 leads to errors in the estimates (Buonincontri and
Sawiak, 2016), and modifications are needed such as RF spoiling (Cloos
et al., 2016) or abrupt changes in flip angle (Buonincontri and Sawiak,
2016). Local effects of receiver coil B1� are mostly superimposed to the
nM0 maps, however as M0 is estimated as a scaling factor to the signal
evolutions and not fully-modeled, receiver effects are difficult to include
in the model.

One of the strengths of this study was that the gradient trajectory and
reconstruction was identical for all acquired data. We used the same k-
space acquisition trajectories with the center of the brain near the
scanners’ isocenters throughout this study, but did not investigate the
effects of concomitant gradient fields, which could create signal
dephasing when imaging far from isocenter (King et al., 1999) (Hof-
stetter et al., 2017). Also, here we did not perform a full trajectory
measurement but based our trajectory corrections on a single gradient
delay for each scanner. In our data, the available range of head positions
and rotations was limited, which would increase our repeatability by
reducing the effects of blood pooling or diffusion.

One of the limitations of our study was the relatively small number of
healthy subjects included (n¼ 9). In order to extend these results to the
general population and to disease diagnosis and treatment assessment,
repeatability and reproducibility could be assessed also in larger pop-
ulations with studies that include multiple pathologies. Although path-
ological studies are ideal for quantifying reproducibility, such a study is
difficult in practice where the study would introduce additional stress on
the patient. Healthy volunteer reproducibility studies are important as an
initial indicator of whether a patient study will be successful.

While this is a confirmation of test/retest repeatability and repro-
ducibility, further confirmations could be done across multiple systems
and vendors to validate the use of MRF for longitudinal imaging or multi-
site studies. This study demonstrated reproducibility within brain im-
aging; similar experiments could be repeated in other anatomical re-
gions. The MRF experiments in the body could be complicated by the
presence of fat and less homogeneous magnetic fields. However, new
approaches including fat fraction as well as B0 and/or B1þ in the signal
model are promising solutions (Cloos et al., 2016).

5. Conclusion

We have reported the assessment of the test/retest repeatability and
of the reproducibility of physical parameter measures when usingMRF in
the healthy human brain at 1.5 T and 3.0 T. Test/retest Magnetic reso-
nance fingerprinting was able to achieve an excellent repeatability and a
good reproducibility in a short scan time. Accurate and reproducible
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signals are key in discriminating longitudinal changes due to disease and
treatment, and these repeatability and reproducibility results encourage
further investigations of MR Fingerprinting for clinical applications.
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