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Abstract

The Italian Neuroimaging Network Initiative (INNI) supports the creation of a repository, where MRI, clinical, and neu-
ropsychological data from multiple sclerosis (MS) patients and healthy controls are collected from Italian Research Centers
with internationally recognized expertise in MRI applied to MS. However, multicenter MRI data integration needs stand-
ardization and quality control (QC). This study aimed to implement quantitative measures for characterizing the standardi-
zation and quality of MRI collected within INNI. MRI scans of 423 MS patients, including 3D T,- and T,-weighted, were
obtained from INNI repository (from Centers A, B, C, and D). QC measures were implemented to characterize: (1) head
positioning relative to the magnet isocenter; (2) intensity inhomogeneity; (3) relative image contrast between brain tissues;
and (4) image artefacts. Centers A and D showed the most accurate subject positioning within the MR scanner (median
z-offsets=—2.6+1.7 cm and — 1.1 +2 cm). A low, but significantly different, intensity inhomogeneity on 3D T,-weighted
MRI was found between all centers (p <0.05), except for Centers A and C that showed comparable image bias fields. Center
D showed the highest relative contrast between gray and normal appearing white matter NAWM) on 3D T;-weighed MRI
(0.63+0.04), while Center B showed the highest relative contrast between NAWM and MS lesions on FLAIR (0.21 +0.06).
Image artefacts were mainly due to brain movement (60%) and ghosting (35%). The implemented QC procedure ensured
systematic data quality assessment within INNI, thus making available a huge amount of high-quality MRI to better inves-
tigate pathophysiological substrates and validate novel MRI biomarkers in MS.
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; i o ) over time [12]. The diagnosis of MS is based on clinical and
Neurology Unit, IRCCS San Raffaele Scientific Institute, .. . . . .
Milan, Ttaly paraclinical data, among which magnetic resonance imaging
(MRI) has gained a fundamental role, thanks to its sensitiv-
ity in detecting MS-related focal abnormalities [15, 24, 39].
In addition to its role in the diagnostic workup, advanced
MRI techniques (such as brain atrophy quantification, dif-
fusion-weighted imaging and functional MRI methods) are
improving the understanding of the mechanisms underlying
MS heterogeneity [13, 31, 32]. However, small patient sam-
ple sizes, the inclusion of patients with specific disease clini-
cal phenotypes and the lack of longitudinal assessments are
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among the major limitations that have significantly affected
the robustness and reproducibility of the findings obtained
so far in the field [50]. Studies on larger cohorts of patients,
including the main clinical phenotypes, are likely to improve
the analysis of associations between MRI and clinical meas-
ures. Of note, during the past few years, huge amounts of
MRI data from MS patients have been produced worldwide,
especially in the context of research studies [22, 43, 48].
Due to the logistical demands and cost associated with MRI
scanning and subject enrollment, and the effort required by
the participants themselves, pooling neuroimaging data is a
rewarding strategy for performing studies on larger popu-
lations [28, 48]. Such an approach is expected to provide
superior statistical power and could reduce susceptibility to
spurious effects [28]. During the last decade, major advances
have been made in sharing neuroimaging data, giving access
to thousands of MRI scans on the web [11, 22]. Several ini-
tiatives have been proposed with different aims for data shar-
ing: some resources provide already-processed data, such as
statistical maps [7, 19] or results from neuroimaging meta-
analyses [29], while other contain raw data from individual
subjects [25, 42, 49]. For instance, the Alzheimer’s disease
neuroimaging initiative (ADNI) and the UK biobank were
launched to prospectively collect standardized MRI data
from patients and healthy subjects [26, 38].

The Italian Neuroimaging Network Initiative (INNT)
supports the creation of a repository, where MRI, clinical,
and neuropsychological data from MS patients and healthy
controls are collected from Italian research centers, sup-
ported by internationally recognized expertise in MS field,
with the main goals of finding novel MRI biomarkers and
improving the application of MRI for investigating MS [16].
Furthermore, the INNI will promote the standardized use
of MRI in MS at a national level, supporting projects that
integrate MRI across different centers. Specifically, the INNI
started from four Italian research centers with recognized
expertise in the study of MS that were pioneering in recom-
mending guidelines for MRI acquisition protocols for the
diagnosis and monitoring of MS at a national level [14].
The MRI data collected within the INNI included high-res-
olution T,-weighted, T,-weighted, diffusion-weighted, and
resting-state fMRI acquisitions. However, the collection of
multicenter MRI data into large-scale repositories raises the
important issues of standardization and quality control (QC)
[2]. Many medical image analysis methods, such as seg-
mentation and registration, are highly sensitive to the pres-
ence of image artefacts and to spurious variations of image
intensities [6, 45]. For example, large motion artefacts have
been shown to affect gray-matter (GM) segmentation and
parcellation techniques [30, 40]. Moreover, the heterogene-
ity of the MR scanners and/or acquisition protocols affects
the tissue contrast in the images which, in turn, influences
consistency in brain atrophy measurements [17, 31]. Thus,

a high level of standardization among MRI data collected
from different centers is important for obtaining reliable and
optimal brain volume measures [51].

To address these issues, this study aimed at proposing
and implementing quantitative measures that are able to
characterize the quality and the standardization level of the
large amounts of brain MRI data collected retrospectively
within the INNI network. The measures proposed (described
in “Methods”) will also be systematically applied to all MRI
uploaded to the INNI repository, to maintain a quality-
assessed database. From this perspective, the INNI should
ultimately promote the standard use of MRI for the study
of MS at both multicenter national and international levels.

Materials and methods

The INNI project is promoted by the Neuroimaging Study
Group of the Italian Society of Neurology and is financially
supported by a research Grant from the Fondazione Itali-
ana Sclerosi Multipla (FISM). FISM is the owner of the
database, according to Italian copyright law. The INNI cur-
rently involves four MS centers in Italy (Milan, Neuroimag-
ing Research Unit, San Raffaele Scientific Institute; Rome,
Department of Human Neuroscience, Sapienza University;
Naples, Department of Neurological Sciences, Second Uni-
versity of Naples/Neurological Institute for Diagnosis and
Care ‘‘Hermitage Capodimonte’’; Siena, Department of
Medicine, Surgery and Neuroscience, University of Siena).

Data set

For the current analysis, MRI scans of 423 MS patients with
the main clinical phenotypes (relapsing—remitting [RR],
primary progressive [SP], secondary progressive [SP], and
clinically isolated syndrome [CIS]), including isotropic 3D
T,- and T,-weighted scans from the four participating cent-
ers (labeled here A, B, C, and D in no particular order) were
retrieved from the INNI online repository (https://database.
inni-ms.org). FLAIR images were available only for Center
B. All MRI scans were acquired using 3.0 T scanners: Intera
and Achieva, for Centers A and D, respectively (Philips
Medical Systems, Best, The Netherlands); Signa HDxt, for
Center B (GE Healthcare, Milwaukee, USA); Magnetom
Verio, for Center C (Siemens, Erlangen, Germany). Demo-
graphic information for this dataset and MRI acquisition
parameters for each center is summarized in Tables 1 and 2.

Patients’ positioning was performed according to the
usual internal procedures for each center. MR acquisitions
from Centers A and B were performed using 8-channel head
coils, while Centers C and D used 12-channel and 32-chan-
nel head coils, respectively.
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Table 1 Demographic and clinical data from patients included in the
current analysis, collected from the INNI database

Patients n=423

Age, years (SD) 39.53 (10.94)

Females/males 284/139
Clinical Phenotype: RRMS/PPMS/SPMS/CIS 321/24/63/15
Disease duration, years (SD) 20.33 (6.6)
EDSS, median (IQR) 2.0(1.5,4.0)

Data are presented as mean (SD), median (IQR), or absolute number
when not specified

MS multiple sclerosis, SD standard deviation, RR relapsing-remit-
ting, PP primary progressive, SP secondary progressive, CIS clini-
cally isolated syndrome, EDSS expanded disability status scale, IQR
interquartile range

Ethics committee approval

Ethical approval was received from the local ethical stand-
ards committee of each participating center, and written
informed consent was obtained from all participants at the
time of data acquisition.

Methods

A QC procedure was implemented to characterize and moni-
tor the INNI database. We introduced several quantitative
and qualitative measures to inspect the quality of MRI data
uploaded to the INNI repository for future multicenter MS
studies. The factors included in the QC procedure were:
(1) subject head positioning within the MR scanner; (2)

the degree of intensity inhomogeneity on 3D T,-weighted
images; (3) the relative image contrast between brain tissues;
and (4) the presence of image artefacts.

1. The metric for head positioning quality was estimated
on the 3D T,-weighted scans as the distance between the
magnet isocenter and the centroid of the subject’s brain,
quantified as the z-offset along the axis of the scanner
bed and also the Euclidean distance (ED), as

ED =/ (5= x¢)* + (1 = v¢) + (21— 2¢)° M

where X,y,Z, are the coordinates of the magnet isocenter
and XY,z are the coordinates of the centroid of the sub-
ject’s brain, estimated after brain tissue extraction on 3D
T,-weighted scans. The coordinates of the isocenter were
obtained from the image header for each patient. The z-offset
can be positive or negative, and is indicative of systematic
positioning errors, whereas the ED is indicative of the abso-
lute magnitude of the positioning error.

2. The intensity inhomogeneity (bias field) in MRI is
mainly caused by the spatially non-uniform transmis-
sion and reception properties of the radiofrequency
coils, which results in a smooth intensity modulation
[45]. The well-established N4 method from ANTSs
toolbox [1, 41] was applied to estimate and correct the
bias field using the 3D T;-weighted scans. This itera-
tive method is based on image intensity histogram and
seeks the smooth multiplicative field that maximizes

Table 2 MRI acquisition parameters for each research center participating in the INNI

Center A Center B Center C Center D
MR scanner Philips medical system—intera ~GE medical system signa Siemens Verio Philips medical system—
HDxt achieva
MR imaging Dual-echo T,-weighted T,-weighted T,-weighted Dual-echo T,-weighted Dual-echo T,-weighted
sequence TFE FLAIR MPRAGE FFE
FSPGR
Coil 8-channel head coil 8-channel head coil 12-channel head coil 32-channel head coil
Imaging plane  Axial Axial Axial Sagittal Axial Sagittal Axial Axial
Acquisition I1x1x3 Ix1x1 I1x1x3 I1x1x1.2 1x1x4 Ix1x1 I1x1x3 IxIx1
voxel [mm?]
FOV [mm?] 243x243 230%230 256256 256 %256 220x220 256x256 240%240 256 %256
TR [ms] 2910 25 9002 6.988 5310 1900 4000 10
TE [ms] 16-80 4.6 120 2.85 10-103 29 15-100 39
TI [ms] - - 2500 650 - 900 - 900
FA [°] 90 30 90 8 150 9 90 8
ETL 6 1 1 1 6 1 4 128
TA [min] 243 2.75 2.02 1.9 2.92 3.07 8.6 8.2

FOV field of view, TR repetition time, TE echo time, 77 inversion time, FA flip angle, ETL echo train length, 7A acquisition time, TFE turbo field
echo, IR inversion recovery, FSPGR fast spoiled gradient echo, MPRAGE magnetization prepared gradient echo, FFE fast field echo
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the high-frequency content of the distribution of tissue RC — Seissuel — Stissue2
intensity. Being a multiplicative field, a value of 1 of the - Siicouer ’ (@)
1Ssue.

estimated bias field means no intensity modulation. For
modulation values > 1, the image intensity is enhanced,
while for modulation values < 1, intensity is reduced.
The obtained bias field is a measure of the extent of
the intensity inhomogeneity estimated by the algorithm
between the original and the corrected images. As a con-
sequence, this measure is related to the degree of homo-
geneity found on images. The bias field was assessed on
four image sub-volumes as well as on the entire brain
volume for each patient acquired at each center. The
image sub-volumes were obtained by dividing the entire
image brain volume into superior-right (sub-volume 1),
superior-left (sub-volume 2), inferior-right (sub-volume
3), and inferior-left (sub-volume 4). The N4-corrected
MRI are also provided to all centers, after the QC pro-
cedure.

3. The relative image contrast (RC) between normal
appearing white matter (NAWM) and GM tissue, and
between NAWM and MS lesions were estimated on 3D
T,-weighted and T,-weighted scans, respectively, using
the following equation [34, 36]:

where Sy;e(x) 18 the average signal amplitude within the tis-
sue of interest. The average signal within GM and NAWM
was estimated after segmentation into GM, WM, and cer-
ebrospinal fluid (CSF) using the 3D T,-weighted images
(SPM12—MATLAB; http://www.fil.ion.ucl.ac.uk/spm/
software/spm12). MS lesions were semi-automatically seg-
mented by an expert physician at each of the participating
centers;

4. Image artefacts on MRI were categorized into several
main classes according to the source of image corruption
[35, 44]: (1) movements artefacts; (2) distortion arte-
facts; (3) MR acquisition technique-related artefacts; (4)
B, inhomogeneity artefacts; (5) radio-frequency (RF)
artefacts; (6) Noise; (7) Ghosting. For each of the arte-
fact classes, subcategories were identified (see Table 3
for details). The presence of image artefacts was visually
checked on the T-weighted and T,-weighted images for
each subject of the study and classified by an expert phy-
sician (trained in MRI) in collaboration with physicists.

Table 3 Main classifications
of the MR image artefacts
implemented for the INNI
dataset

1. Movement artefacts

2. Distortion artefacts

3. MR acquisition technique-related artefacts

4. B0 artefacts

5. RF artefacts

6. Noise
7. Ghosting

Motion

Flow:

From cerebral arteries
From sagittal sinus
From cerebrospinal fluid

Physiological movements:
Swallowing
Eye
Fold over
Cross talk
Partial volume
Gradients non-linearity
Truncation
Chemical shift
Parallel imaging
Susceptibility artefacts
Eddy currents
Metallic artefacts
Imperfect fat saturation
RF interference
Spike of noise in the raw data
Dielectric effect
Stimulated echoes
RF Coil artefacts

8. Other signal artefacts not ascribable to the previous categories

B, static magnetic field, RF radio frequency
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The relevance of the artefact (or artefacts) identified on
each image was also visually inspected and related to
the future quantitative analyses that could be performed
(whole-brain atrophy quantification, subcortical atrophy,
voxel-based morphometry, and lesion load quantifica-
tion). Thus, based on the extent of the image artefacts on
MR, a feasibility opinion for future quantitative analy-
ses is also provided as part of the QC procedure.

The four measures above have been included in a standard
and semi-automatic QC procedure that can easily be applied
to each MRI study uploaded to the INNI repository. The
results are stored in a database that allows users of the INNI
platform to inspect the QC measures, so that data for multi-
center studies in MS can be reliably selected.

Statistical analysis

Statistical analyses were performed using the R software
package, version 3.1.1, New Jersey. Kruskal-Wallis tests
due to non-normal distribution of data (identified using the
Kolgoroff—-Smirnoff test) were used to evaluate (@) differ-
ences between head positioning z-offsets, (b) differences
in intensity inhomogeneity, and (c) differences in relative
tissue contrast among the different centers. Paired ¢ tests
were used to evaluate differences in intensity inhomogeneity
among image sub-volumes for the same Center. Coefficients
of variation (CoVs) were used to assess the variability of ED
values for head positioning within each center and the inten-
sity inhomogeneity among sub-volumes of the same image.
Bonferroni correction was applied to adjust significance
levels for multiple comparisons. p <0.05 was considered to
indicate a statistically significant result.

Data availability statement

Anonymized data and codes will be shared upon reasonable
request by contacting the corresponding author.

Results

Figure 1 illustrates the z-offsets for the patient head posi-
tioning in the MR scanner for each center. Even though the
positioning procedures for each center are focused on plac-
ing the region of the highest magnetic field homogeneity
approximately around the center of the brain (the structure
of interest), there were significant differences in position-
ing between the centers (y*>=121.68, p <0.001), with the
highest displacement of the brain center with respect to
the magnet isocenter (median z-offset: +4.8 +4.5 cm)
and variability among subjects for Center C (CoV =0.67),
while the lowest displacements (medians z-offsets:
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Fig.1 Box and whiskers plots representing the distance (on the
z-axis) between the isocenter of the static magnetic field and the
center of the brain (red-dashed line) for each 3D T, weighted MRI for
the different centers

—2.6+1.7 cm and —1.1+2 cm) and variability were
found for Centers A and D (CoV,=0.37; CoV=0.49).
The 3D T,-weighted MRI showed an increasing visible
geometrical distortion at the maximum distance from
the isocenter (in cases with high displacement values)
for Centers C and D, as shown in the example of Fig. 2.
Geometrical distortions are usually corrected by scanner
manufacturers’ image reconstruction software across all
acquisition directions. However, some manufacturers’ soft-
ware does not apply this image distortion correction auto-
matically for all the acquisition directions, and this option
must be manually activated by the user. In this case, by
obtaining the displacement field in each gradient direction
from the manufacturer, which results from the gradient
non-linearity of the MR system, it is possible to correct a
posteriori the distorted MR image volume. This is some-
thing we are working on incorporating in the future [21].

We found significant differences between the centers
for the average estimated bias fields on the whole 3D
T,-weighted scan (p <0.05), with the exception of the
comparison between Centers A and C, which were simi-
lar (p =0.59). In Fig. 3a, bias field distributions for each
center are shown. Considering sub-volumes of the 3D
T,-weighted image (Fig. 3b), none of the centers showed
significant spatial differences of intensity inhomogeneity
within the same image (p > 0.05). Thus, there was no par-
ticular spatial pattern of intensity inhomogeneity within
the same image, possibly due to the geometric symmetry
of RF coil design. Although all centers showed, on aver-
age, low intensity inhomogeneity, (median modulation
values =~ 1), the highest estimated inhomogeneity was for
Center B (median root mean square error [RMSE] of the
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Fig.2 Example of 3D
T,-weighted MRI acquired with
a low (a) and high (b) z-offset
from center B. In (b) a pro-
nounced geometrical distortion
in the superior part of the head
is visible, caused by the poor
positioning of the patient within
the MR scanner

GOOD POSITIONING: Z-offset=3cm

BAD POSITIONING: Z-offset=8cm

Fig.3 Box and whiskers plots

showing bias field modulation
values estimated using the N4
correction method on each
sub-volume (1, 2, 3, 4) of the
3D T,-weighted acquired at
each Center (A, B, C, D) are
shown in (a). In (b) the partition
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bias field =0.13 £ 0.13), while the lowest was for Center
D (median RMSE =0.08 +0.07).

Significant differences in relative tissue contrast between
NAWM and GM on the 3D T,-weighted scans were found
among the four centers (y>=171.05, p <0.001), except for
Centers B and C which showed similar T-weighted tis-
sue contrasts (p>0.05). In particular, Center D showed

the highest relative contrast between NAWM and GM
(0.63+0.04) on 3D T,-weighted images (Fig. 4). Due
to a longer echo time, FLAIR MRI showed higher val-
ues of relative tissue contrast between NAWM and MS
lesions (0.21 +0.06) in comparison with the T,-weighted
images without the inversion pulse (Fig. 5) from the other
centers. For a fair assessment, we performed statistical

@ Springer
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Fig.4 Box and whiskers plots representing the estimated relative tis-
sue contrast values between normal appearing WM (NAWM) and
GM on 3D T,-weighted scans for each Center
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Fig.5 Box and whiskers plots representing the relative tissue contrast
values estimated between normal appearing WM (NAWM) and MS
lesions on T,-weighted scans for each center

comparisons only between the centers that acquired con-
ventional T,-weighted MRI (Centers A, C, and D), and we
found no significant differences in relative tissue contrast
between NAWM and MS lesions for these centers ()(2 =3.05,
p>0.05).

According to the classification proposed (Table 3), the
majority of image artefacts were due to motion, including
flow, physiological motion, and head movement, repre-
senting 60% of all the artefacts found on 3D T -weighted
and T,-weighted images for each center. The second major
source of image corruption was due to object ghosting (35%
of all the other artefacts found on 3D T,-weighted images).
In particular, Center D showed a higher percentage of object
ghosting image artefacts and RF interference (noise) in com-
parison with the other centers.

@ Springer

Discussion

One of the main goals of the INNI is to identify and
validate novel MRI biomarkers for the study of MS. The
small samples of patients enrolled and the recruitment
of selective clinical phenotypes are among the common
limitations of the majority of previous MRI studies in MS.
Within the INNI, large-scale multicenter studies can be
performed using MRI, and clinical and neuropsychological
data collected from Italian research centers using high-
field scanners and standardized MRI protocols within each
center. In multicenter contexts, QC is a very important
issue, since poor execution can compromise the reliability
of a study [4]. In the literature, this topic has been widely
explored, but very often, it has been mostly focused on
quality assurance (i.e., avoiding the occurrence of prob-
lems by improving a process) rather than QC, mainly due
to the prospective collection of standardized MRI data
[18]. On the other hand, QC has mainly been performed
by visual inspection at each step in the processing pipeline
[23]. However, the huge amount of imaging data that will
be collected in repositories, as for the INNI, makes QC
at each step in a processing pipeline via visual inspection
unfeasible.

Against this background, we proposed and implemented
a quantitative QC procedure for all data uploaded to the
INNI repository, as an initial pre-processing step. This
allowed us to characterize the quality and the level of
standardization of MRI acquisitions from different cent-
ers, thus guaranteeing a repository of quality-controlled
MR acquisitions for subsequent multicenter analyses.
Maintaining the quality and homogeneity of these data
across the different centers is necessary for obtaining reli-
able results in large-scale studies in MS. However, this
preliminary characterization of MRI currently included
in the INNI database revealed that the integration of data
from different centers (with similar but not standardized
MRI acquisition protocols) is still challenging.

The correct positioning of the subject’s brain within
the MR scanner and the manufacturer’s distortion cor-
rection is crucial steps for avoiding significant geometric
distortions on images at greater distance from the magnet
isocenter (the region with the highest field homogeneity).
In this study, we found a significant variability among
the centers in the positioning of the patients within the
MR scanner, with the highest intra-center consistency for
Centers A and D. Center C showed the highest percentage
of patients with inaccurate centering of the brain (47%
with ED > 5 cm). If the anatomy of interest is too far from
the isocenter, parts of the image field of view experience
poorer B, homogeneity and gradient non-linearity [47].
This results in worse geometrical distortion that would
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likely affect advanced MRI measures [8]. Geometrical
distortions due to gradient non-linearity may be dealt by
manufacturer-supplied software. However, this correction
can be optional or even not applicable for some MR scan-
ners. Therefore, several methods have been proposed to a
posteriori remove geometrical distortions, starting from
the knowledge of proprietary information of the vendor
describing the gradient linearity of the scanner [20, 21].
In these cases, the measure of the spatial deformation on
images could be obtained. For the INNI Initiative, we
apply the a posteriori correction for the geometrical distor-
tions on images from two participating centers, since the
manufacturer-supplied software performed this correction
only in 2D. For the other two centers, it was already imple-
mented by the scanner software in 3D. For all images, we
inspected the presence of the distortion correction in 3D
and, if not applied, we included the a posteriori method
(already proposed also for the ADNI initiative) as a pre-
processing step for the INNI database [21]. Correction
of geometrical distortion performed by the MR scanner
decreases the degree of image deformation, but this is
not as effective as acquiring images closer to the scan-
ner isocenter [37, 46]. According to the literature, it is
recommended to keep the distance between the center of
the brain (or of the structure of interest) and the isocenter
below 5 cm to avoid significant geometrical distortions on
images [3, 37].

Intensity inhomogeneity on MR images arises from the
imperfections of the image acquisition process mainly due
to the properties of the MRI device (for example, the uni-
formity of the radiofrequency field) and/or to the imaged
object itself (i.e., shape, position, and orientation of the
object inside the magnet). This spatial modulation of image
intensity is also related to the wavelength of the RF: if the
wavelength is not much longer than the size of the object,
wave effects can spatially modulate the image intensity [5].
With the same design of the RF coil, at higher MR field
strengths, the RF wavelength is typically shorter than the
size of the object to be imaged, thus corrupting images with
a spatial intensity modulation. Several MRI techniques, such
as image segmentation and registration, are highly sensitive
to these smooth intensity variations across the image. There-
fore, the correction of the bias field is an important step for
efficient segmentation and registration of brain MRI. All
the 3D T,-weighted images evaluated were affected by low
average spatial signal intensity inhomogeneity, as found by
the N4 method [41], although significant differences of the
estimated bias field were found among the centers. Over-
all, due to the low bias field on 3D T,-weighted images
(modulation values = 1), the intensity correction method
was successfully applied on these images to adjust intensity
histograms, which should improve the performance of post-
processing algorithms in future studies, such as brain tissue

segmentation or atrophy quantification. Centers participating
in the INNI can also benefit from the systematic quantitative
monitoring of intensity distortions to identify possible issues
in the performance of the MR device. Future studies could
further examine the relationship between intensity inhomo-
geneity and the accuracy of the applied analysis techniques
(e.g., image segmentation and registration).

Although similar MR acquisition protocols were imple-
mented by the different centers, the relative tissue contrast
on 3D T,-weighted brain images was significantly differ-
ent between them. In particular, Center A showed a lower
relative tissue contrast than the other centers, likely due to
the absence of the magnetization preparation pulse on 3D
T,-weighted scans. Brain tissue and MS lesion segmentation
algorithms are intrinsically dependent on the tissue contrast
in an image, which in turn is dependent on the acquisition
parameters. Accordingly, the appreciable differences in brain
tissue contrast found on MRI acquired at the different cent-
ers could yield inconsistent segmentation results in multi-
center studies. Attempting to overcome these issues, several
techniques incorporate knowledge regarding the anatomical
structure or other a priori information, such as atlas-guided
approaches [9, 27]. In future work, it would be desirable to
properly investigate the effect of these inconsistencies on a
large-scale multicenter data. Automatic MS lesion segmen-
tation methods may also benefit from better contrast between
NAWM and lesions, increasing accuracy. Due to the longer
echo time, we found a higher relative tissue contrast between
NAWM and MS lesions for FLAIR MRI in comparison
with T,-weighted images without the inversion pulse. It has
been demonstrated that, by providing better discrimination
between lesions and normal appearing tissue, FLAIR MRI
could yield better performance of fully automatic MS lesion
segmentation methods [33]. Dual-echo T,-weighted MRI is
traditionally acquired at Italian research centers for manual
MS lesion segmentation, but is increasingly being replaced
by FLAIR.

In our assessment, we decided not to include estimation
of the signal-to-noise ratio (SNR), since the use of a phased-
array surface coils and parallel imaging influences the sta-
tistical and spatial distribution of noise. In this case, the
SNR measured by evaluating a foreground and a background
region would not provide an accurate assessment of SNR,
with deviations that exceed 10% [10]. In addition, due to
the multichannel acquisition techniques implemented at each
center, the mean intensity value of the background region for
the collected images is 0, making this method unfeasible for
this study. Other methods for estimating SNR are based on
the acquisition of at least two images with identical acquisi-
tion parameters, thus increasing the total imaging time [10].

Identifying image artefacts and understanding their
causes are important for improving scanning protocols,
pulse sequence designs, and data processing algorithms. The
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performance of the analysis techniques could be differently
affected by the presence and severity of image artefacts. As
an example, even minimal motion artefacts decrease GM
volumes by over 4%, potentially hiding between-group dif-
ferences [6]. The classification of the sources of image cor-
ruption proposed in this study for the INNI database should
be very useful for decision-making about inclusion or exclu-
sion of MRI data for future large-scale multicenter studies in
MS, according to the type of analysis (voxel-based analysis,
global atrophy, etc.). Future developments could also include
the quantification of the severity of the image artefacts with
a view to implementing correction methods before the appli-
cation of post-processing techniques.

Image QC is only a single aspect of the complex process
to ensure a good quality and standardization level on MR
acquisitions for future quantitative analyses, especially for
multicenter studies. MR scanner maintenance is the other
important aspect to avoid relevant discrepancies in the qual-
ity of MR images across time. For the INNI Initiative, to
reduce variability, the procedure of image QC and pre-pro-
cessing is centralized and performed at a single participating
Center, while the maintenance and QC of the MR scanner
are performed independently by each Center. The participat-
ing Centers have already implemented periodic maintenance
procedures on their MR scanner to ensure the original and
a constant quality of the MR acquisitions across time. Any
major MR hardware or software change would be notified
by the Center and recorded on the INNI repository for lon-
gitudinal studies. With the creation of a centralized reposi-
tory containing MRI, clinical and neuropsychological data
collected at different Research Centers with internationally
recognized expertise, the INNI is promoting the use of these
data to perform large-scale studies in MS. However, the
integration of MRI data collected from different Research
Centers is still challenging. Although an acceptable degree
of standardization has been reached among the Centers
involved in the INNI, more can be done in the MRI acquisi-
tion phase to reduce geometric distortions and improve the
reliability of quantitative MRI measures.

In conclusion, the QC performed in this study will ensure
a systematic quality assessment of the data collected within
the INNI repository for large-scale studies in MS, with the
ultimate goal of more standardized use of MRI in MS.
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