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Abstract

The focus of this article is to compare twenty normative and open-access neuroimaging
databases based on quantitative measures of image quality, namely, signal-to-noise (SNR)
and contrast-to-noise ratios (CNR). We further the analysis through discussing to what
extent these databases can be used for the visualization of deeper regions of the brain,
such as the subcortex, as well as provide an overview of the types of inferences that can be
drawn. A quantitative comparison of contrasts including T1-weighted (T1w) and T2-
weighted (T2w) images are summarized, providing evidence for the benefit of ultra-high
field MRI. Our analysis suggests a decline in SNR in the caudate nuclei with increasing age,
in T1w, T2w, qT1 and qT2* contrasts, potentially indicative of complex structural age-
dependent changes. A similar decline was found in the corpus callosum of the T1w, gT1 and
gT2* contrasts, though this relationship is not as extensive as within the caudate nuclei.
These declines were accompanied by a declining CNR over age in all image contrasts. A
positive correlation was found between scan time and the estimated SNR as well as a nega-
tive correlation between scan time and spatial resolution. Image quality as well as the num-
ber and types of contrasts acquired by these databases are important factors to take into
account when selecting structural data for reuse. This article highlights the opportunities
and pitfalls associated with sampling existing databases, and provides a quantitative back-
ing for their usage.

Introduction

The purpose of this article is to summarize and compare some of the most prominent existing
normative open-access structural magnetic resonance imaging (MRI) databases from a variety
of research institutions, including our own Amsterdam ultra-high field adult lifespan
(AHEAD) database [1]. The need for and benefit of open-access imaging databases has been
emphasized in a number of recent reviews [2-4]. The community-wide movement towards
open-access data sharing in the last decade is expected to massively advance the neuroimaging
field and share the wealth of available data between researchers and institutions. Some of these
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benefits are obvious, such as the financial advantage of data sharing and the reuse of data
between institutions. The re-analysis of acquired MR images also serves to aid reproducible
research and provide multi-party levels of quality control. On top of this, the ability of new
processing pipeline tools and analyses methods benefit greatly from the larger sum of data that
the software can be trained on. It is important to acknowledge that large-scale data-sharing
comes with its own disadvantages. Analyses based on post-hoc hypotheses and ‘data-mining’
can lead to spurious false positive findings [5]. Due to the sheer number of possible analyses in
larger databases this problem grows increasingly likely. Data acquired within a specific frame-
work and collected with a specific purpose may affect the extent to which this data can be used
for separate analyses [6]. The questions investigated by the numerous neuroimaging databases
described in this paper are diverse, with some attempting to bridge the gap between genetic
influences and brain structure and others looking at the impact of the environment on the
development of the human brain [7-9]. To this end, there are already a multitude of findings
and publications arising from the data made accessible through these databases [10-22].

To our knowledge, a systematic comparison of these data, in terms of image quality, has not
yet been published. This information is invaluable for the users of such databases to determine
what conclusions they can reliably draw from the wealth of information provided. Through
this analysis, we aim to aid in the accurate and valid use of the vast imaging data researchers
have at their fingertips. Additionally, though many of these databases contain functional (f)
MRI data (both resting state and task-specific), we will focus instead on brain anatomy and the
inferences that can be made from structural imaging techniques. For comparisons, we will use
quantitative measures of image quality, namely the signal-to-noise ratios (SNRs) and contrast-
to-noise ratios (CNRs) associated with the MR images provided by each database. In short, the
SNR infers the propensity of an MR image to delineate brain structures and detect pathology
[23]. By providing these estimates for each database, we are giving a quantitative measure of
two dimensions; image quality (SNR) and contrast (CNR). An increase in these quantitative
measures improve the qualitative ability of e.g., manual or automatic parcellation. The CNR
gives a valuable inference on the ability to spatially resolve detail in an image. Therefore, using
different databases with varying CNRs may result in different outcomes depending on the rea-
son they are being used (e.g., segmentation, volumetric measurements, delineation of cortical
folding). SNR inherently provides an estimate of the noise level in a structure or image and
higher image quality is both quantitively and qualitatively useful. Of course, the SNR is often
used as a trade-off parameter to gain improvements in another aspect of the imaging method
such as resolution, scan time, field of view (FOV) and indirectly, sample size. For example, a
database with a low CNR and a large sample size may not be pragmatic to use for the parcella-
tion of subcortical nuclei but would provide accurate volumetric whole brain estimates of a
population. Conversely, a database with a high CNR and small sample size may not be able to
provide reliable information at a population level but may deliver an insight into the substruc-
ture of a single region. Thus, larger databases with vast and multimodal data of each individual
have already provided population-level information on cortical arrangement as well as the
impact of genetics and the environment on the human brain [20, 24-28] which would not be
possible in smaller databases.

There are currently at least 71 whole-body 7T MRI scanners worldwide [29]. Given the
number of articles now specifically comparing 3T and 7T imaging of neurological disease, it is
evident that higher field strengths are beneficial to answer questions in both the cognitive and
clinical neurosciences [30-34]. The signal-to-noise ratio (SNR) increases in an almost linear
fashion with field strength [35, 36] giving the potential for both greater spatial resolution and a
higher CNR. Some of the databases described here have taken advantage of this, but the cost of
use of these higher field strengths and their limited availability make it challenging for many
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large-scale studies or institutions without access. Thus, the trade-off between the quantity and
quality of acquired MR data arises.

The gains from ultra-high field MRI (UHF MRI) are especially important when investigat-
ing deeper regions of the brain (e.g., subcortex). UHF MRI can provide reduced partial volume
effects due to increased spatial resolution, allowing for the visualization of finer anatomical
detail [37, 38]. Historically, the lack of signal and contrast within the deep brain is the reason
for the only recent development of subcortical maps in vivo [39, 40]. UHF MRI and its accom-
panying increase in SNR and contrast capacity will aid in the understanding of the structure of
these deeper structures. Around 93% of the grey matter nuclei within the subcortex, making
up almost a quarter of the total human brain volume, are currently not represented in standard
MRI atlases [41, 42]. Some subcortical structures can be delineated through the use of these
atlases, such as parts of the striatum, but most are too small to be manually or automatically
parcellated [43]. Iron-rich structures including regions constituting the basal ganglia are diffi-
cult to delineate on standard T1w scans [44, 45], but specialised sequences can take advantage
of the larger T2* contrast differences at higher field strengths [46]. For example, the abundance
of iron in the substantia nigra (SN) and subthalamic nucleus (STN) make it an ideal target for
T2* and SWI contrasts which can take advantage of these differences [47-50]. The delineation
of these structures is made even harder by the limited SNR, due to the larger distance from the
head coils [51].

Methods to improve image quality in MRI are not only limited to increasing the field
strength of the scanner. The gradient strength, radiofrequency coils and use of optimized
sequences also have a marked effect on acquisition efficiency. One such example is the Con-
nectome scanner, of which there are currently only three in the world, which benefits from
gradient strengths 3-8 times that found in standard 3T scanners. As with field strength, this
factor facilitates both an increase in spatial resolution and a reduction scan time. Though pre-
vious studies have indicated the advantage of non-standard sequences (e.g., T2*, QSM, SWI),
owing to their capacity to increase the number of observable structures and to observe smaller
brain regions (e.g., fibre tracks, nuclei) in deeper areas of the brain [48, 52]. The vast majority
of databases focus on more standard T1w and T2w images, which are essential for volumetric
calculations and distinguishing between grey and white matter regions but do not have the
ability to quantify or delineate smaller and adjacently located nuclei [53, 54].

Methods

The purpose of this article was not to present and analyse an exhaustive list of all currently
available open-access neuroimaging databases, but to provide quantitative measures and
accessing instructions for some of the most notable ones that meet our criteria. Most of the
databases were identified using a structural MRI database list kindly provided from a cited
paper which can be accessed here: https://github.com/cMadan/openMorph [4]. Two of the
databases were identified as they were associated with the authors of this article [1, 55] and a
further two databases were identified from the literature [56, 57]. All data was freely accessed
in November 2018 and downloaded using the accessing instructions in S1 Table.

The selection criteria of the databases presented in this article were based on three charac-
teristics. Firstly, the databases had to be normative, that is, made up of individuals that were
reported as healthy at the time of scanning with no clinical presentation of neurological, psy-
chiatric, neurodegenerative or peripheral disease. Secondly, the databases had to be a collec-
tion of curated images, uni- or multi-modal, that were acquired to be of similar composition
(based on sequences and/or sites) to that of other images in the database. The reason for this
criterion is that we assess five subjects randomly from each database and therefore must be
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sure that their quality reflects that of the rest of the database accurately. Thirdly, these data-
bases are open-access to the extent that they are accessible to the worldwide scientific commu-
nity completely free of charge and without access barriers. Such access barriers include, for
example, memberships, a specific institutional position (e.g., professorship) or the requirement
of some type of institutional infrastructure (e.g., Federalwide Assurance).

The quality of the images acquired through the use of MRI are characterized by three main
components: the acquired spatial resolution, the signal-to-noise ratio (SNR) and the contrast-
to-noise ratio (CNR). These three aspects are in turn governed by the specific acquisition
parameters used when obtaining the MR images. In the analysis presented here, the SNR was
calculated by measuring the mean signal at the most posterior part of the corpus callosum
(CC) and dividing it by its standard deviation. We also calculated the SNR of a grey matter
region, namely the caudate nuclei (CN). To provide a measurement of CNR for each image,
we computed the ratio of the difference in signal to the difference in noise of the CC and left
and right caudate nuclei (LCN and RCN, respectively). These regions were chosen as we opted
to compare the signal between a white matter area (CC) and a grey matter area (CN) of deeply
situated brain regions. The SNR was calculated in both the left and right CN as a quality con-
trol step, under the assumption that these would yield similar SNR estimates. To test this, we
used the programming language R and the ‘BayesFactor’ package to compute both frequentist
and Bayesian t tests, respectively [58, 59]. The latter allows us to provide evidence for the null
hypothesis (that there is no difference in signal between the left and right caudate nucleus). In
order to have a singular SNR measure for both CN, we used the summation of the signal from
27 voxels from both regions and divided it by the standard deviation of the overall 54 voxels.
This results in an SNR that is different than simply taking the mean of both SNR measure-
ments for each CN. Eq 1 shows the calculation for which CNR values were computed. pcc
indicates the mean signal of the CC, ycy indicates the mean signal of both CN. o specifies
the standard deviation of the CC and ocy specifies the standard deviation of both CN.

CNR = (Hoe — Bon) (1)

2 2
VO™ T 0cy

As many of the databases described here do not report SNR estimates, we decided to download
a sample of the available data from each database and compute these indices to be able to make
accurate comparisons between them. Importantly, even when SNR estimations were calculated
by the databases, we performed a re-estimation to ensure that all SNRs presented here were
estimated using the same protocol. The SNRs can be estimated using different structures and
therefore derive values that are not always comparable between different procedures. To do
this, five subjects from each database were selected at random and their available images
downloaded. The SNRs and CNRs were calculated for each available contrast within each data-
base. Databases that include large age ranges were split into age groups of young (18-28), mid-
dle-aged (34-53) or elderly (63-86). For these databases, five participants were taken from
each age group so that we could compare SNR and CNR estimations across age-ranges.
Although the proportion of each database used for the analysis may differ, they are statistically
comparable as the same number of participants were selected randomly from the sample of
each database.

For comparisons between databases the analysis focuses on the SNR of the CC (SNR¢(), for
simplicity, unless otherwise stated. Sequences incorporating multiple echo times (e.g.,
MP2RAGEME) technically provide multiple contrasts in one sequence and were therefore all
included in the estimates. For example, a sequence with four TEs (e.g., MP2RAGEME) would
give four contrasts per participant. We chose five subjects to ensure feasibility of the manual
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measures while accounting for potential variations in quality within a database. The CC and
CN may not be the optimal structures for SNR comparisons for all of the contrasts for each
database, but using these structures allows comparability over the entire analysis.

To calculate the SNR of the CC, LCN and RCN, one expert rater manually delineated the
regions using the MIPAV imaging software (Medical Image Processing, Analysis and Visuali-
zation; [60]). Once the centre of the regions of interest were accurately delineated,a3x3x 3
cube of voxels was taken around one midpoint voxel to calculate the SNR using the mean and
standard deviation of 27 contiguous voxels in the structure (Fig 1). A second method to calcu-
late the SNR of these structures was also explored. Instead of taking 27 contiguous voxels, we
took the voxel volumes of each image into account and measured the signal of 27 voxels from
the same volumetric space. This involves simply normalizing the size of the cube of voxels
measured by the images with the largest voxel size, so to measure from approximately the
same area of each structure. The results were in line with what is reported here, and therefore
we only report the measurements acquired from the first method.

To analyze the relationship between scan time and spatial resolution and scan time and
SNRcc, two linear regression models were setup. Both models used scan time as a predictor
variable and either spatial resolution or SNR¢ as the independent variable. This would allow
us to observe a linear relationship between either of the two parameters. To correct for multi-
ple comparisons, a Bonferroni adjustment was employed to maintain a 95% confidence in the
analysis, giving a new significance threshold of 0.025.

We also present comparisons between slab images (small FOV) and whole brain images
from databases that offer both, in order to demonstrate differences in SNR and CNR at higher
resolutions. Both frequentist and Bayesian t tests were employed in R to compare these.

To compare age differences across multiple contrasts, linear mixed effect models from the
‘Ime4’ R package were used [61]. Model 1 (null model) included the respective databases as a
random intercept without adding any effect of age on SNR/CNR. Model 2 (full model)

CC

LCN

Fig 1. Sagittal (left), axial (middle), and coronal (right) views indicating the structures from which SNR measurements
were taken. These T1w images were taken from one subject in the MPI-CBS database. CC, corpus callosum; RCN,
right caudate nucleus; LCN, left caudate nucleus.

https://doi.org/10.1371/journal.pone.0248341.9001
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included both the database as a random intercept and age as a fixed effect. The likelihood esti-
mations of each model were then compared by a likelihood ratio test though the use of an
Analysis of Variance (ANOVA). A Bayesian linear modelling technique was also used, where
the resultant Bayes factors were compared between model 1 and model 2. We opted to include
the SNR and CNR data from all of the databases, even those without large age ranges, so to use
as much of the wealth of information as possible for our statistical tests. This results in a larger
centre of mass on the younger age group than the middle-aged and elderly groups, and
although this does not result in an increase in power, it provides a more accurate estimate of
the effect of age on SNR and CNR. For the model comparisons, age was used as a continuous
predictor and therefore categorical ages were not used within the statistical analysis, these were
only used for visualization.

To address the issue of reliability when taking a small subpopulation from large samples, we
re-ran some of the SNR and CNR analysis with a different sample from the databases. 5 or 15
(if they included large age-ranges) additional samples were taken from each database that
allowed it (dependent on the original sample size) and SNR measurements were calculated
again from their T1w images for comparison against the original sample. Of the 20 databases
included in this article, 17 had a sample size large enough for us to take additional measure-
ments. SNR measurements were taken from the left caudate nucleus, right caudate nucleus
and corpus callosum of 164 separate T1w images.

Results

Based on our search, 41 databases were initially identified. After the first screening, 5 were
excluded on the basis of access requirements. Of the remaining 36 databases, 20 were included
in this article for description and comparison (see Fig 2 for Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analyses; PRISMA flow diagram). Below we discuss these 20 data-
bases that follow the three criteria including 250 [62], a completed Germany-based database
which highlights its potential use for building an in vivo MR brain atlas due to its ultrahigh res-
olution whole brain images of one subject; Age-ility [63], a completed Australia-based database
investigating the relationship between cognitive control and adaptive/maladaptive behaviours
across the adult lifespan; the AHEAD database [1], an ongoing Netherlands-based database
aiming to acquire high-resolution images of the human subcortex and map so-called terra
incognita; the Atlasing of the Basal Ganglia (ATAG) project [55], a completed Netherlands/
Germany-based database whose aim was to acquire high-resolution data to observe anatomical
differences over the adult lifespan; the Brain Genomics Superstruct Project (GSP; [9]), a com-
pleted US-based database looking to solidify and find links between brain function, behaviour
and genetic variation; the Cambridge Centre for Aging and Neuroscience (Cam-Can; [64,
65]), an ongoing UK-based database aiming to characterize age-related changes in cognition
and brain structure and function, and to uncover the neurocognitive mechanisms that support
healthy aging; the Dallas Lifespan Brain Study (DLBS; http://fcon_1000.projects.nitrc.org/indi/
retro/dlbs.html), an ongoing US-based database designed to accelerate our understanding of
both the preservation and decline of cognitive functioning across the adult lifespan; the
Human Connectome Project Young Adult (HCP-YA; [8, 66, 67]), an ongoing US-based data-
base aiming to generate a complete and accurate description of the connections amongst grey
matter locations in the human brain at the millimeter scale. Information eXtraction from
Images (IXI; http://www.brain-development.org), a completed UK-based database from three
London Hospitals aimed to aid in decision support in healthcare and the analysis of images
obtained in drug discovery; Kirby 21 [68], a completed US-based database aiming to assess the
scan-rescan reproducibility of a 60 minute scanning session, wanting to establish a baseline for
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Fig 2. PRISMA flow diagram.
https://doi.org/10.1371/journal.pone.0248341.9002
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developing multi-parametric imaging protocols; Maastricht [69], a completed Netherlands-
based database with the aim of facilitating the development of segmentation algorithms on the
challenging nature of 7T MR data; Multiple Acquisitions for Standardization of Structural
Imaging Validation and Evaluation (MASSIVE; [70]), a completed Netherlands-based single-
subject dataset aiming to serve as a representative testbed for diffusion-MRI correction strate-
gies, image processing techniques and microstructural modelling approaches; the Midnight
Scan Club (MSG; [71]), a completed US-based database of scientific volunteers wanting to
increase our understanding of brain function on the individual level, as opposed to just the
central tendencies of populations; the Max Planck Institute-Human Brain and Cognitive Sci-
ences repository (MPI-CBS; [57]), a completed Germany-based database wanting to stimulate
the development of imaging processing tools for high resolution and quantitative imaging,
that have been mainly designed for lower quality images; Max Planck Institute-Leipzig Mind
Brain Body (MPI-LMBB; [72]), another completed Germany-based databases which aimed to
explore individuals variance across cognitive and emotional phenotypes in relation to the
brain; Nathan Kline Institute—-Rockland Sample (NKI-RS; [7]), an ongoing US-based database
aiming to provide normative trajectories of brain development so to facilitate the identity of
pathological markers; Pediatric Template of Brain Perfusion (PTBP; [73]), a completed US-
based database focusing on increasing our understanding of adolescent brain development
with multi-model MR imaging and its relationship with both environmental and cognitive
measures; RAIDERS [56], a completed US-based database focusing on functional imaging dur-
ing segments of full-length feature film “Raiders of the Lost Ark”; the Southwest University
Adult Lifespan Dataset (SALD; [74]), a completed China-based database aiming to observe
how the normative brain changes structurally and functionally over the adult lifespan; and
StudyForrest [75, 76], an ongoing German-based database aiming to provide data in a more
complex setting, as opposed to the simplified experimental designs normally used, to therefore
provide a more ecologically valid insight into brain function.

Table 1 presents an overview of these databases including information on field strength,
sequences and the number of participants. Example T1-weighted (T1w) images taken from
each database are presented in Fig 3. Further information, including the website address and
accessing instructions of each database can be found in S1 Table. Detailed descriptions of the
individual databases can be found on their website address or descriptor papers.

We would like to acknowledge the importance of other neuroimaging databases that do not
meet our selection criteria, such as the Open Access Series of Imaging Studies (OASIS; [77,
78]), 1000 Functional Connectome Project (FCP; [79]), Alzheimer’s Disease Neuroimaging
Initiative (ADNI; [80, 81]), Autism Brain Imaging Data Exchange (ABIDE; [82]), Brain Images
of Normal Subjects (BRAINS; [83]), Australian Imaging Biomarkers and Lifestyle Study of
Aging (AIBL; [84]), Pediatric Imaging, Neurocognition, and Genetics (PING; [85]), Adoles-
cent Brain Cognitive Development (ABCD) study [86], Attention Deficit Hyperactivity Disor-
der (ADHD) 200 [87], Child Mind Institute Healthy Brain Network (CMI-HBN; [88]), Center
for Biomedical Research Excellence (COBRE; http://fcon_1000.projects.nitrc.org/indi/retro/
cobre.html), Consortium for Reliability and Reproducibility (CoRR; [89]), Function Biomedi-
cal Informatics Research Network (fBIRN; [90]), Minimal Interval Resonance Imaging in Alz-
heimer’s Disease (MIRIAD; [91]), National Alzheimer’s Coordinating Center (NACC; [92]),
National Consortium on Alcohol and Neurodevelopment in Adolescence (NCANDA; [93]),
Philadelphia Neurodevelopmental Cohort (PNC; [94]), Mindboggle-101 [95], SchizConnect
[96], OpenNeuro [97] and the UK Biobank [98]. These databases, such as the ABCD database,
and the PING database are also of great interest, but they are not openly available to research-
ers outside of NIH institutions, and thus do not meet our criteria for inclusion in this study
(see S2 Table for an overview of the inclusion criterion these databases did not meet).
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Fig 3. Mid-sagittal T1w images from each neuroimage database. One participant was selected at random from each of the databases to serve as an
example of the image quality expected.

https://doi.org/10.1371/journal.pone.0248341.9003

Additionally, we would like to recognize that many clinical databases also contain images of
healthy individuals. The reuse of databases consisting of only healthy individuals is more con-
venient, creating an even lower threshold for the reuse of data. We would like to emphasize
that the exclusion of normative data from clinical databases, databases containing non-harmo-
nious data or databases that have institutional and/or positional requirements is in no way a
comment on their data quality or usefulness.

Because of the large age-ranges, fifteen participants were used for the following subset of
databases (AHEAD, ATAG, CAMCAN, DLBS, IXI, MPI-LMBB, NKI-RS, SALD). Ten data-
bases therefore present a mean SNR value of five participants, eight databases present a mean
SNR value of fifteen participants and two databases (MASSIVE and 250) were comprised of
only one subject. For this case, five scanning sessions were taken, and the mean SNR calcu-
lated. 670 images were analysed in total for the main analysis, and a further 164 to test the reli-
ability of the initial sample.

Described below are the results of the SNR and CNR analysis. To comply with the Health
Insurance Portability and Accountability Act (HIPAA, https://www.hhs.gov/hipaa/index.html)
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and the European equivalent General Data Protection Regulation (GDPR, https://eugdpr.org/),
it is agreed upon by the scientific community that high resolution MRI images give the means
for identifiability and facial reconstruction and must therefore be subject to precautionary mea-
sures to ensure privacy [99]. Therefore, the images provided here by the cited databases are cou-
pled with a defacing mask to protect against identifiability, with the exception of the IXI and
MSC databases. Other than this essential step, all included databases offer unprocessed images
or both unprocessed and pre-processed images, with the exception of the MPI-CBS database.
When available, all calculations regarding SNR and CNR used the unprocessed MR images.

Due to the inherent trade-off between SNR and spatial resolution, we opted to normalize
the SNR and CNR by dividing the original ratio values by the voxel dimensions of the acquired
images. This gives a more accurate depiction of the image quality of each database. Therefore,
unless otherwise specified, or in the case of quantitative images, we show normalized SNR val-
ues, not raw SNR values. A graphical comparison of the raw SNR and the normalized SNR for
the T1w images of each database is shown in S1 Fig.

Comparing T1w images

As all the databases presented here contained a T1w image for each participant, these were
used as the main sample to be compared. A frequentist and Bayesian paired t-test were used to
compare the values of the two caudate nuclei within each database, concluding that there were
indeed no significant differences between the calculated SNR, as there is substantial evidence
for the null hypothesis (p = 0.630, t = 0.492, DF = 14, BF = 0.292; [100]). The SNR of each
nuclei, averaged by database, are visualized in Fig 4.

Fig 5 visualizes the relationship between sample size and SNR. This indirect tradeoff
between the two is perhaps anticipated, simply due to the costs associated with both an
increased number of participants and superior acquisition methods (e.g., higher field strengths
and increased scan time). Of course, both sides of the spectrum are accompanied with their
own advantages and disadvantages. Larger sample sizes can reduce the susceptibility to spuri-
ous findings and deliver greater statistical power, but may have to sacrifice some features of
the imaging data (e.g., voxel resolution, SNR or number of modalities). For example, databases
with large sample sizes and large voxel sizes may not be suitable for studying morphometric
changes that occur in small subcortical nuclei but can provide accurate estimations of cortical
thickness with a high statistical power.

Fig 6 displays the normalized SNRcc and CNR values of the T1w images from each data-
base. The results are present as ascending from bottom to top, based on their SNR estimation,
ranging from 15.8 (GSP) to 292.3 (250 database). Their numerical values are presented in
Table 2.

To investigate the similarity of the first sample of measurements to the second sample, a
Bayesian ANOV A was used to provide evidence for or against the null hypothesis (that these
samples were taken from the same distribution). The Bayes Factors (BF) resulting from this
analysis for each structure are as follows: corpus callosum SNR BF = 0.139, caudate nuclei SNR
BF = 0.129, and the CNR BF = 0.224. Based on [100] this provides substantial evidence for the
null hypothesis, that both samples from each database come from the same distribution. This
shows that our sample-based method is reproducible across samples of the databases.
Although it would ideally be best to manually segment the CC and CN in each subject, the sim-
plified approach we take here provides a good trade-off between accuracy and manageability
given the large of amount of manual delineation that had to be done in the original (665) and
the second (164) sample.
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Fig 4. SNR estimations for the left and right caudate nucleus. Data averaged over the individuals of each database. Error bars indicate standard error of the mean.

https://doi.org/10.1371/journal.pone.0248341.g004

Comparing T2w images
Fig 7 presents an overview of the estimated SNRcc and CNR of the six databases containing
T2w images. The results are ordered as ascending from bottom to top, based on the SNR¢¢

estimation, ranging from 11.8 (Cam-Can) to 51.6 (StudyForrest). Their numerical values can
be found in Table 3.

Relationships with scan time

We then turned to analyze the relationships between scan time and SNR¢ as well as scan time
and the acquired spatial resolution. Fig 8A shows the relationship between scan time and the
normalized SNR for both 3T and 7T scanners separately. It can be seen that there is a signifi-
cant positive correlation within the 3T data, and the 7T data displays the same trend but does
not show significance. This relationship is expected, since longer scan times are associated
with better image quality. In addition to scan time predicting image quality in terms of
SNRcc, a negative relationship between scan time and the acquired voxel volume was found
(Fig 8B). Longer scan times in the presented databases are therefore indicative of better T1w
images both in terms of SNR and spatial resolution.

Quantitative T1 and FOV

Four databases provide quantitative T1 maps (qT1) in addition to T1w images. Two of these
databases also provide both whole-brain images as well as slabs with higher resolution and a
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https://doi.org/10.1371/journal.pone.0248341.9g005

smaller FOV. A comparison of the normalized SNRc associated with the qT1 and T1w
images of the same databases are shown in Fig 9.

Table 4 displays the SNRcc and CNR associated with the whole-brain and slab images of
the same contrasts acquired by these two databases (ATAG and AHEAD). A frequentist and
Bayesian paired t-test indicates that the slab images have a significantly larger SNR¢( than the
whole brain images, demonstrating the benefits of high resolution (p = 0.0017, t = 6.06,

DF = 5, BF = 25.81). Though, this does not appear to translate to a higher CNR (p = 0.074,
t=2.3,DF =5,BF =1.57).

Age-related differences

Figs 10 and 11 display the differences in the SNR and CNR across the age groups of young
(age: 18-28), middle-aged (age: 34-53) and elderly subjects (age: 63-86) in both T1w and T2w
images. 165 T1w images and 50 T2w images were used for model comparison. For the SNRcc
on the T1w images, the full model comprising age as a predictor was a significantly better fit
than the null model (p = 0.011). This relationship was also found for the T1w CNR results

(p =0.00037). In addition to age-related differences in the SNR of white matter areas (SNR¢c)
and the CNR of T1w images, we also tested the relationship between age and the SNR of a grey
matter region (SNRcy). A significant effect of age was found, indicating a loss of signal in the
CN over age (p = 0.0062). We then turned to analyze the effect of age on the MR signal of T2w
images. Again, we were interested in age differences in the SNRc the SNRcy and the contrast
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o

difference between the grey and white matter regions (CNR). Similarly to the T1w images, an
age-related decline in SNRcy and CNR was observed in the T2w images (p = 0.0019,

p = 0.000022, respectively) even though the model comparison indicated that the age-related
differences in SNRc¢ were non-significant in the T2w images (p = 0.24).

To gain a greater insight into the relationship between age and the acquired signal from
these white and grey matter structures, we used a Bayesian linear modelling technique. The
resulting BFs from this method indicated a less conclusive relationship than its frequentist
counterpart in some respects. In terms of an age-related reduction in signal within the T1w
images, moderate evidence was found for this hypothesis in the CN (BF = 5.52), followed by
further moderate evidence within the CC (BF = 4.29), and very strong evidence for this
hypothesis was found for the CNR (BF = 61.90). Turning to the T2w images, no evidence in
either direction was found for an age-related reduction in signal from the CC (BF = 1.89),
strong evidence was found for this hypothesis in the CN (BF = 14.51), and across the age
groups, the CNR appeared to show extreme evidence for a relationship (BF = 504.22). Taken
together, these results suggest the presence of an age-related deterioration in signal in the cau-
date nuclei, inferred by both the T1w and T2w images.

As a further assessment of age-related differences, we also compared the SNR and CNR val-
ues across qT1 and qT2* images. We again compared linear mixed effect models including age
as a fixed effect and the database as a random intercept to a null model without an effect of
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Table 2. Summary table describing the SNRcc, SNRcy and CNR of the T1w images of each database.

Database | Sequence Contrast SNRcc SNRcn CNR n
250 | MPRAGE Tlw 292.3+15.0 198.3 + 14.6 93.5+6.7
AHEAD | MP2RAGEME Tlw 83.4+6.5 395+ 1.3 285+ 1.3 15
Age-ility | MPRAGE Tlw 314+2.0 20.4+2.0 58+0.9 5
ATAG | MP2RAGE Tlw 1186 + 7.5 29.6+ 1.4 19.6 £0.7 15
Cam-Can | MPRAGE Tlw 32.8+3.0 241+1.2 6.1+0.5 15
GSP | MEMPRAGE Tlw 15.8+0.8 8.8+0.7 3.6+0.2 5
DLBS | MPRAGE Tlw 38.3+4.2 194+2.7 4.8+0.7 15
HCP-YA | MPRAGE Tlw 54.7 £5.6 404+ 1.8 91+13 5
IXI | - Tlw 58.0 £ 4.1 33.7+1.8 42104 15
Kirby 21 | MPRAGE Tlw 342+1.38 16.7 + 1.1 6.9+ 0.6 5
MAASTRICHT | MPRAGE Tlw 96.9 +2.2 36.6 3.3 18.5+2.1 5
MASSIVE | 3DTFE Tlw 172+1.2 10.6 £ 0.3 6.4+0.3 1
MSC | - Tlw 40.0+ 2.0 26.6+1.3 9.3+0.2 5
MPI-CBS | MP2RAGE Tlw 2713 +31.8 93.1+15.9 424+54 5
MPI-LMBB | MP2RAGE Tlw 26.6+ 1.6 12.7+0.3 6.4+0.3 15
NKI-RS | MPRAGE Tlw 445+ 2.5 28.1+ 1.0 7.8+0.4 15
PTBP | MPRAGE Tlw 43.6+ 3.6 282+1.8 9.2+0.7 5
RAIDERS | MPRAGE Tlw 289+3.38 169+ 1.6 8.8+0.9 5
SALD | MPRAGE Tlw 351+2.1 23.9+0.8 6.0+0.2 15
StudyForrest | 3DTFE Tlw 752+7.5 43.5+4.1 185+ 1.1 5

Each ratio value is shown as the mean of all the subjects + the standard error of the mean. n indicates the number of subjects used for the calculations.

https://doi.org/10.1371/journal.pone.0248341.t1002

age. One database, MPILMBB, provides age ranges of five years for each of their participants
as opposed to a single age value, presumably for privacy purposes. In order to derive reliable
estimates when comparing these mixed effect models, we randomly sampled ages for partici-
pants in this database from a uniform distribution of the age range reported. We then iterated
over this a total of 1000 times and calculated results from the frequentist and Bayesian model
comparisons for each sampled age, below we report the mean results for these iterations. Simi-
larly to the T1w and T2w comparisons, both qT1 and qT2* maps showed a significant change
in CNR across the adult lifespan (p = 0.00032, BF = 73.25; p = 0.035, BF = 1.12). The SNRcy
significantly declined in both the qT'1 and qT2* images (p = 0.0015, BF = 19.68; p = 0.00019,
BF = 247.99, respectively). A similar decline was found for the SNRc in the qT2* images

(p = 0.00063, BF = 34.83). Although, only a negligible decline in signal was found for the CC in
the qT1 images (p = 0.020, BF = 2.49).

Discussion

We present the first quantitative comparison exploring the image quality offered by twenty
open-access databases of structural MRI freely available to researchers world-wide. To this
end, SNRs were calculated from both the corpus callosum and caudate nuclei. From these cal-
culations, CNRs were derived, which in this case can indicate the extent to which these images
can distinguish between grey and white matter. An additional analysis assessed differences in
T1w and T2w SNR values across the adult lifespan, taking advantage of larger imaging data-
bases with accompanying demographic information and large age ranges. Due to the wealth of
data provided by these databases, clear relationships between the scan time and both acquired
voxel dimensions and acquired SNRs could also be found, indicating the efficiency of specific
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scanning protocols. As only a subset of the databases offered multiple contrasts, direct inter-
database comparisons between all contrast types could not be provided. Within this subset,
intra-database comparisons between contrasts are possible. SNR and CNR estimations for the
contrasts offered by each database are displayed in the S3 Table.

The results of the SNR and CNR calculations show a clear benefit of using UHF MRI, with
the five 7T databases (250, AHEAD, ATAG, MAASTRICHT and MPI-CBS) obtaining the
largest values in the CC. Moreover, the MPI-CBS and 250 databases showed much higher
image quality compared to the other databases. It should be noted, however, that the images
offered from the MPI-CBS database include image post-processing pipelines that are not

Table 3. Summary table describing the SNRcc, SNRcy and CNR of the T2w images of each database.

Database | Sequence Contrast SNRcc SNRcn CNR n
Cam-Can | SPACE T2w 11.8+14 14.3£0.7 2.7+0.2 15
HCP-YA | SPACE T2w 26.7+£2.6 37.7+3 11.5+0.3 5

IXI | - T2w 155+ 1.4 177+ 1 4.0+0.2 15
MASSIVE | 3DTSE 2w 21.9+2.0 13.8+ 1.8 22+04 1
MSC | - T2w 16.0 £ 1.5 23+23 52+0.7 5
Forrest | 3DTSE 2w 51.6+7.8 66.0 + 3.0 10.2+£1.0 5

Each ratio value is shown as the mean of all the subjects + the standard error of the mean. n indicates the number of subjects used for the calculations.

https://doi.org/10.1371/journal.pone.0248341.t1003
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Fig 8. The relationship between the SNR¢c and voxel dimensions of T1w images with scanning time in 18 databases. A) Graphical representation of SNR¢¢ and scan
time. Error bars indicate standard error of the mean. B) Graphical representation of voxel dimensions and scan time. Both legends contain information relating to the
adjusted R-squared value, intercept, slope, F statistic, degrees of freedom and p-value. Circular symbols indicate 3T data, triangular symbols indicate 7T data.

https://doi.org/10.1371/journal.pone.0248341.9008
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SNR estimations for T1 maps and T1 weighted images
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(‘) indicate 7T data. qT1, quantitative T1 map; T1w, T1-weighted; wb, whole-brain; sb, slab. Error bars indicate standard error of the mean.

https://doi.org/10.1371/journal.pone.0248341.g009

applied in any of the other databases. Such processing pipelines can increase image quality
substantially, and are another benefit of openly accessible imaging data and protocols.

Table 4. Normalized SNR¢c, SNRcy and CNR values for the databases that presented slabs as well as whole brain data.

Database | Sequence Contrast Type SNRcc SNRcN CNR
AHEAD | MP2RAGEME qT1 WB 84.4+8.3 68.4 £ 4.8 209 +2.1
AHEAD | MP2RAGEME qT1 SB 123.3+5.8 115.0 £ 6.4 347+1.3
AHEAD | MP2RAGEME Tlw WB 83.4+6.1 39.5+1.5 285+1.3
AHEAD | MP2RAGEME Tlw SB 157.1+£7.5 103.1£5.9 374+13
AHEAD | MP2RAGEME PDw WB 97.5+6.2 29.5+24 1.5+0.5
AHEAD | MP2RAGEME PDw SB 147.8 £8.2 79.5+ 6.4 83125
AHEAD | MP2RAGEME qT2* WB 37.0+2.1 22.1+22 3.0+£04
AHEAD | MP2RAGEME qT2* SB 63.8£2.7 49.8 £ 4.4 6.4+1.9

ATAG | MP2RAGE qT1 WB 69.0 £ 2.7 51.8+24 18.0 £ 0.6
ATAG | MP2RAGE qT1 SB 110 £5.2 90.7 £ 3.9 226+1.2
ATAG | MP2RAGE Tlw WB 118.6 £ 6.5 296+1.4 19.6 £ 0.7
ATAG | MP2RAGE Tlw SB 146.2 £9.1 479 +2.1 233+1.3

15 subjects were used for all contrast types in these databases. Standard errors of the mean are given for normalized SNRcc and CNR values. qT1, quantitative T1 map;
T1w, T1 weighted; PDw, proton density weighted; qT2*, quantitative T2* map; WB, whole brain; SB, slab.

https://doi.org/10.1371/journal.pone.0248341.t1004
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SNR estimations of CC for T1w images across age groups
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SNR estimations of CC for
T2w images across age groups
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Fig 10. Comparison of ratios for T1w images across age groups. A) SNRc. B) SNRcy. C) CNR. Error bars indicate
standard error of the mean. Each bar singular represents five participants. Databases marked with an apostrophe ()
indicate 7T data.

https://doi.org/10.1371/journal.pone.0248341.g010

Through the availability of this data, exciting new data pipelines and tools can be developed
and shared. In S3 Table, you can find the SNRcc, SNRcy and CNRs for all the images analyzed
for each database. Note that this includes two databases (HCPYA and 250), which provide
both processed and unprocessed images. A clear benefit of post-acquisition processing pipe-
lines can be seen when comparing these ratios within-database. The processed T1w images
provided by the 250 database increase the SNR¢c from 292.3 + 15.0 to 570.4 + 123.5, a similar
increase can be seen in the SNRcy;, increasing from 198.3 + 14.6 to 368.0 + 53.5, though this
did not benefit the CNR (93.5 + 6.7 and 93.7 + 14.6 for the unprocessed and processed images,
respectively). Within the HCPYA database, increases in the SNRs and CNRs of both the T1w
and T2w images are also apparent. Taken together, this suggests that optimizing post-acquisi-
tion processing methods can provide additional increases in image quality that are not trivial.

While the analysis presented here quantifies an important aspect of the databases, they are
not the only factor to take into account when selecting imaging data for further research pur-
poses. At an overview, our results indicate a strong advocation for the MPI-CBS and 250 data-
bases, owing to their SNR and CNR far above the rest. However, there are also other factors to
consider, for example, sample size, age-range and the number of contrasts included are just
some of a long list of criteria many research questions need to consider. As such, the small
sample size, limited age-range and limited contrasts make the MPI-CBS and 250 databases less
attractive for many lines of research.

SNR estimations of CN for
T2w images across age groups

CNR estimations for T2w
images across age groups
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I I
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Fig 11. Comparison of ratios for T2w images across age groups. A) SNRcc. B) SNRcy. C) CNR. Error bars indicate standard error of the mean. Each bar singular

represents five participants.

https://doi.org/10.1371/journal.pone.0248341.9011
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Although the relationships of SNR and voxel dimensions with scan time presented here
are obvious and reflect basic MRI physics, it is nonetheless interesting to see the efficiency
of separate MRI protocols. These relationships are particularly informing when aspects of
image quality largely deviate from linearity. Optimized MR sequences or contrasts that
allow for high spatial resolution or high SNRs with short scan times offer preferable perfor-
mance. These comparisons also indicate further favourability for 7T imaging, with most of
the resultant 7T database images residing on the efficient side of the linear trends displayed
with scan time.

We present here age-related differences across four MRI contrasts; T1w, T2w, qT1, and
qT2*. Our SNR-CN analyses suggest a consistent age-related decline in all image types. Age-
related changes in relaxation values in the human brain have been long-known [101]. There is
also evidence that T2* values reflect iron concentration in neural tissues [102]. During healthy
aging, iron-deposition appears to increase in some brain structures (e.g., parts of the basal gan-
glia) [103-106]. The decline of T2* measures in the CN therefore likely reflects this increase
in iron deposition. The lowering in effective T2 found here is also in line with previous work
[107, 108]. Volume loss in this region is another known process observed in the healthy aging
brain [109, 110], which would be accompanied by a declining proton density, lowering the sig-
nal derived from T1 recovery and T2 relaxation. Taken together, these declines in signal would
suggest an age-related structural change of the caudate nuclei.

A more complicated picture is painted for the SNRcc measurements. A SNR decline in the
CC was found in T1w, qT1 and qT2* images, though this decline is not as apparent as in the
CN. Post mortem histological analyses of white matter regions have shown that the myelination
of nerve fibres decreases with age [111]. This process of demyelination is associated with an
increase in SNR in qT1 and T1w images [108], in opposition to what was found here. It should
be noted, however, that there appears to be an increase in image noise in the elderly population
(measured as the standard deviation of the 27 voxels measured per image). This increase in
noise was not accompanied by a decrease in mean signal of the region, and therefore likely
drives the small decline in SNR found. For the other relationships, this increase in noise as a
function of age is also apparent. However, since this increase is also accompanied by a decrease
in mean signal, it most likely reflects an underlying structural change. We note that age-related
structural changes are heterogeneous across different regions of the brain. The processes
underlying these changes are similarly heterogeneous and a combination of a multitude of fac-
tors, including changes in the small vessels supplying the regions, regional brain atrophy, loss
of myelination and impaired white matter [111-114]. These changes, in addition to increased
subject motion during scanning could all impact the increase level of noise found in the elderly
population. It has been suggested that head motion increases as a function of age [115],
although some findings have suggested a more non-linear relationship between the two [116].
Even subtle forms of motion artefacts have been shown to affect interpretability of imaging
analysis results (e.g., cortical thickness estimates; [117]). Image noise introduced through head
motion also lowers SNR estimates and degrades image quality [118]. This highlights the need
for motion correction in structural MRI. Due to our limited snapshot of the data available, we
can only show results that hint at these intricate relationships.

For the CNR measurements, there consistently appears to be an age-related decline across
the adult lifespan, as indicated by the analysis of all four contrasts. Such CNR differences are
also found when comparing adult and infant brains [119]. This decrease in CNR over the adult
lifespan is a by-product of the physical changes to the contrasted regions (CC and CN). The
observed decrease in SNR in these two regions leads to this decrease in CNR. The analyses of
age-related differences presented here illustrates just one of the many interesting ways these
open-access databases can be used for in the future.
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It should be stressed that there are a variety of methods to calculate both the SNR and CNR
of structural MR images, note that most of these methods are not applicable to all situations.
For SNR estimation, there are two other prominent methods used in the field. The first
involves measuring the SNR of the region of interest (ROI) within the brain and dividing it by
the SNR of the background of the image outside of the brain. The second involves measuring
only the mean signal of the ROI inside the brain and dividing it by the standard deviation of a
region outside of the brain. A commonality in both of these methods is that they assume that
measuring an area outside of the brain captures only the noise induced by the MR scanner
itself. One reason we opted for the method used here is that due to inhomogeneities in the
magnetic field of each scanner and differences in the spatial distribution of noise [120, 121],
the area of the background image chosen for the measurement of noise could differ signifi-
cantly between sites and sequences. Of course, our method does not remove the problem of
bias, but as this bias is the same across all of the images measured here, we believe the compari-
son is fair. Regardless of the method used for the measurement of the SNR, the most important
requirement for an objective comparison is that the method used is consistent across all data.
To signify that this method was indeed reliable within the databases, we ran the validation
study on the separate T1w images. The reproducibility of the estimates that we took indicate
that the methods holds as a consistent measurement of SNR.

As spatial resolution increases, sensitivity to both voluntary or involuntary motion and
physiological noise will also increase, and therefore continue to be a ceiling on image quality at
all field strengths. Methods to overcome such movement artefacts include both retrospective
and prospective motion correction [122, 123]. Both approaches have displayed their ability to
increase image quality at 3T and 7T, providing a way around subject motion at high resolution
[38, 124-126]. Removing this confound completely while scanning healthy individuals is infea-
sible, but post mortem MRI can benefit from the lack of movement artefacts, allowing for scan
times inconceivable in live subjects. These scan times can facilitate the visualization of a much
larger number of smaller brain structures [127]. For the purpose of creating probabilistic
atlases of the human brain, such a technique when used in concurrence with histological meth-
ods can provide greater detail than in vivo MRI alone [29].

We acknowledge that for many of the databases discussed here, we have only analyzed a
snapshot of the data and have not taken advantage of all of the data we have access to. This lim-
itation was necessary to keep our analysis level feasible, as the range in sizes of these databases
make using all participants problematic. For the future, we would hope that a standardized
SNR protocol will become a feature that all new databases will use and present with their data.
Ideally, this would include manually segmented masks of the same anatomical areas, from
unprocessed images in their native spaces. We also hope that open-access databases continue
to become the norm across the scientific field.

Conclusion

The current study provides a quantitative comparison between some of the most fruitful
open-access neuroimaging databases available, which can aid researchers in selecting which
databases to use. The results presented here give an indication of the large variation in
image quality provided by these databases. The estimations (SNR and CNR), as well as the
number of contracts provided by each database (as these give visual information to specific
tissue types), can aid in the selection process. The benefit of large-scale imaging databases
for creating general maps of cortical organization and providing both phenotypic and
genetic comparisons across populations is clear. However, large-scale databases often come
at the cost of lower image resolution due to the financial implications of using large sample
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sizes, ultra-high field MRI and extensive scan times. In particular for the human subcortex,
image resolution is critical and standard structural 3T MRI data does not provide the
required resolution and SNR for small nuclei. The higher quality of 7T databases provides a
clear advantage, but high cost and limited access are still preventing the collection of larger
cohorts. Each database presented here has assisted an important neuroscientific movement
towards open-access imaging data. With the number of subjects ranging from one to over
1500 and the number of sessions from one to 18, the objectives and characteristics of these
databases are diverse. We hope that our current efforts will help researchers to choose the
appropriate database for their research question and highlight their usefulness to the scien-
tific field in the study of normative human brain structure.
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Adolescent Brain Cognitive Development study, ABIDE; Autism Brain Imaging Data
Exchange, ADHD-200; Attention Deficit Hyperactivity Disorder, ADNI; Alzheimer’s Disease
Neuroimaging Initiative, AIBL; Australian Imaging Biomarkers and Lifestyle Study of Aging,
BRAINS; Brain Images of Normal Subjects, CMI-HBN; Child Mind Institute Healthy Brain
Network, COBRE; Center for Biomedical Research Excellence, CoRR; Consortium for Reli-
ability and Reproducibility, fBIRN; Function Biomedical Informatics Research Network, FCP;
1000 Functional Connectome Project, MIRIAD; Minimal Interval Resonance Imaging in Alz-
heimer’s Disease, NACC; National Alzheimer’s Coordinating Center, NCANDA; National
Consortium on Alcohol and Neurodevelopment in Adolescence, OASIS; Open Access Series
of Imaging Studies, PING; Pediatric Imaging, Neurocognition, and Genetics, PNC; Philadel-
phia Neurodevelopmental Cohort, UK; United Kingdom. + indicates that this database meets
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SNR( indicates the SNR of the corpus callosum and SNRcy indicates the mean SNR of both
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pared rapid gradient echo; MP2RAGE, magnetization prepared 2 rapid acquisition gradient
echoes; ME, multiple echo; FLASH, fast low angle shot; SPACE, sampling perfection with
application of optimized contrasts using different flip angle evolutions; FLAIR, fluid attenua-
tion inversion recovery; IR, inversion recovery; TSE, turbo spin echo; TFE, turbo field echo;
sb, slab; un, unprocessed; pro, processed; T1w, T1-weighted; qT1, quantitative T1 map; T2w,
T2-weighted; PDw, proton density-weighted; T2*w, T2*-weighted; qT2*, quantitative T2*
map; QSM, quantitative susceptibility mapping; SWI, susceptibility weighted image.
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S1 Fig. Bar chart comparing the raw and normalized SNR measurements. Values are
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dard error of the mean.

(TIFF)

PLOS ONE | https://doi.org/10.1371/journal.pone.0248341 March 11, 2021 23/30


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0248341.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0248341.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0248341.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0248341.s004
https://doi.org/10.1371/journal.pone.0248341

PLOS ONE

Normative open-access neuroimaging databases

S1 Checklist. PRISMA 2009 checklist.
(DOC)

Acknowledgments

Data were provided [in part] by the Brain Genomics Superstruct Project of Harvard University
and the Massachusetts General Hospital, (Principal Investigators: Randy Buckner, Joshua
Roffman, and Jordan Smoller), with support from the Center for Brain Science Neuroinfor-
matics Research Group, the Athinoula A. Martinos Center for Biomedical Imaging, and the
Center for Human Genetic Research. 20 individual investigators at Harvard and MGH gener-
ously contributed data to the overall project. Data used in the preparation of this work were
obtained from the CamCAN repository (available at http://www.mrc-cbu.cam.ac.uk/datasets/
camcan/) [64, 65]. Data collection and sharing for this project was provided by the Cambridge
Centre for Ageing and Neuroscience (CamCAN). Data were provided [in part] by the Human
Connectome Project, WU-Minn Consortium (Principal Investigators: David Van Essen and
Kamil Ugurbil; 1U54MH091657). The Midnight Scan Club data was obtained from the Open-
fMRI database. Its accession number is ds000224. The data from Leipzig Mind Brain Body was
obtained from the OpenfMRI database. Its accession number is ds000221.

Author Contributions

Conceptualization: Scott Jie Shen Isherwood, Pierre-Louis Bazin, Anneke Alkemade, Birte
Uta Forstmann.

Data curation: Scott Jie Shen Isherwood.
Formal analysis: Scott Jie Shen Isherwood.
Investigation: Scott Jie Shen Isherwood, Pierre-Louis Bazin, Birte Uta Forstmann.

Methodology: Scott Jie Shen Isherwood, Pierre-Louis Bazin, Anneke Alkemade, Birte Uta
Forstmann.

Supervision: Pierre-Louis Bazin, Birte Uta Forstmann.
Writing - original draft: Scott Jie Shen Isherwood.

Writing - review & editing: Scott Jie Shen Isherwood, Pierre-Louis Bazin, Anneke Alkemade,
Birte Uta Forstmann.

References

1. Alkemade A, Mulder MJ, Groot JM, Isaacs BR, van Berendonk N, Lute N, et al. The Amsterdam Ultra-
high field adult lifespan database (AHEAD): A freely available multimodal 7 Tesla submillimeter mag-
netic resonance imaging database. Neuroimage. 2020; https://doi.org/10.1016/j.neuroimage.2020.
117200 PMID: 32745682

2. Eickhoff S, Nichols TE, Van Horn JD, Turner JA. Sharing the wealth: Neuroimaging data repositories.
Neurolmage. 2016; https://doi.org/10.1016/j.neuroimage.2015.10.079 PMID: 26574120

3. Milham MP, Craddock RC, Son JJ, Fleischmann M, Clucas J, Xu H, et al. Assessment of the impact of
shared brain imaging data on the scientific literature. Nat Commun. 2018; https://doi.org/10.1038/
s41467-018-04976-1 PMID: 30026557

4. Madan CR. Advances in Studying Brain Morphology: The Benefits of Open-Access Data. Front Hum
Neurosci. 2017; https://doi.org/10.3389/fnhum.2017.00405 PMID: 28824407

5. Poldrack RA, Gorgolewski KJ. Making big data open: Data sharing in neuroimaging. Nature Neurosci-
ence. 2014. https://doi.org/10.1038/nn.3818 PMID: 25349916

PLOS ONE | https://doi.org/10.1371/journal.pone.0248341 March 11, 2021 24/30


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0248341.s005
http://www.mrc-cbu.cam.ac.uk/datasets/camcan/
http://www.mrc-cbu.cam.ac.uk/datasets/camcan/
https://doi.org/10.1016/j.neuroimage.2020.117200
https://doi.org/10.1016/j.neuroimage.2020.117200
http://www.ncbi.nlm.nih.gov/pubmed/32745682
https://doi.org/10.1016/j.neuroimage.2015.10.079
http://www.ncbi.nlm.nih.gov/pubmed/26574120
https://doi.org/10.1038/s41467-018-04976-1
https://doi.org/10.1038/s41467-018-04976-1
http://www.ncbi.nlm.nih.gov/pubmed/30026557
https://doi.org/10.3389/fnhum.2017.00405
http://www.ncbi.nlm.nih.gov/pubmed/28824407
https://doi.org/10.1038/nn.3818
http://www.ncbi.nlm.nih.gov/pubmed/25349916
https://doi.org/10.1371/journal.pone.0248341

PLOS ONE

Normative open-access neuroimaging databases

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

Verheij RA, Curcin V, Delaney BC, McGilchrist MM. Possible Sources of Bias in Primary Care Elec-
tronic Health Record Data Use and Reuse. J Med Internet Res. 2018; https://doi.org/10.2196/jmir.
9134 PMID: 29844010

Nooner KB, Colcombe SJ, Tobe RH, Mennes M, Benedict MM, Moreno AL, et al. The NKI-Rockland
sample: A model for accelerating the pace of discovery science in psychiatry. Frontiers in Neurosci-
ence. 2012.

Van Essen DC, Smith SM, Barch DM, Behrens TEJ, Yacoub E, Ugurbil K. The WU-Minn Human Con-
nectome Project: An overview. Neuroimage. 2013; https://doi.org/10.1016/j.neuroimage.2013.05.041
PMID: 23684880

Holmes AJ, Hollinshead MO, O’Keefe TM, Petrov VI, Fariello GR, Wald LL, et al. Brain Genomics Super-
struct Project initial data release with structural, functional, and behavioral measures. Sci Data. 2015;

Holmes AJ, Smoller JW, Buckner RL, Hollinshead MO, Bakst L, Lee PH, et al. Individual Differences in
Amygdala-Medial Prefrontal Anatomy Link Negative Affect, Impaired Social Functioning, and Poly-
genic Depression Risk. J Neurosci. 2012;

Chan D, Shafto M, Kievit R, Matthews F, Spink M, Valenzuela M, et al. Lifestyle activities in mid-life
contribute to cognitive reserve in late-life, independent of education, occupation, and late-life activities.
Neurobiol Aging. 2018;

Betzel RF, Byrge L, He Y, Gorii J, Zuo XN, Sporns O. Changes in structural and functional connectivity
among resting-state networks across the human lifespan. Neuroimage. 2014; https://doi.org/10.1016/
j-neuroimage.2014.07.067 PMID: 25109530

DuPre E, Spreng RN. Structural covariance networks across the life span, from 6 to 94 years of age.
Netw Neurosci. 2017; https://doi.org/10.1162/NETN_a_00016 PMID: 29855624

Mikhael S, Hoogendoorn C, Valdes-Hernandez M, Pernet C. A critical analysis of neuroanatomical
software protocols reveals clinically relevant differences in parcellation schemes. Neuroimage. 2018;
https://doi.org/10.1016/j.neuroimage.2017.02.082 PMID: 28279814

Pagliaccio D, Barch DM, Bogdan R, Wood PK, Lynskey MT, Heath AC, et al. Shared predisposition in
the association between cannabis use and subcortical brain structure. JAMA Psychiatry. 2015; https://
doi.org/10.1001/jamapsychiatry.2015.1054 PMID: 26308883

De Hollander G, Keuken MC, Forstmann BU. The subcortical cocktail problem; Mixed signals from the
subthalamic nucleus and substantia nigra. PLoS One. 2015; 10(3).

West KL, Zuppichini MD, Turner MP, Sivakolundu DK, Zhao Y, Abdelkarim D, et al. BOLD hemody-
namic response function changes significantly with healthy aging. Neuroimage. 2019; https://doi.org/
10.1016/j.neuroimage.2018.12.012 PMID: 30529628

Wang D, Buckner RL, Fox MD, Holt DJ, Holmes AJ, Stoecklein S, et al. Parcellating cortical functional
networks in individuals. Nat Neurosci. 2015; https://doi.org/10.1038/nn.4164 PMID: 26551545

Geerligs L, Rubinov M, Cam-CAN, Henson RN. State and Trait Components of Functional Connectiv-
ity: Individual Differences Vary with Mental State. J Neurosci. 2015; https://doi.org/10.1523/
JNEUROSCI.1324-15.2015 PMID: 26468196

Glasser MF, Coalson TS, Robinson EC, Hacker CD, Harwell J, Yacoub E, et al. A multi-modal parcel-
lation of human cerebral cortex. Nature. 2016; https://doi.org/10.1038/nature 18933 PMID: 27437579

Gratton C, Laumann TO, Nielsen AN, Greene DJ, Gordon EM, Gilmore AW, et al. Functional Brain
Networks Are Dominated by Stable Group and Individual Factors, Not Cognitive or Daily Variation.
Neuron. 2018; https://doi.org/10.1016/j.neuron.2018.03.035 PMID: 29673485

Huntenburg JM, Bazin PL, Goulas A, Tardif CL, Villringer A, Margulies DS. A Systematic Relationship

Between Functional Connectivity and Intracortical Myelin in the Human Cerebral Cortex. Cereb Cor-
tex. 2017; https://doi.org/10.1093/cercor/bhx030 PMID: 28184415

HJ.M,H.K, O.D, K. N, K.-P. L, M.F. R, et al. Intraindividual comparison of high-spatial-resolution
abdominal MR angiography at 1.5 T and 3.0 T: Initial experience. Radiology. 2007;

Blesa M, Serag A, Wilkinson AG, Anblagan D, Telford EJ, Pataky R, et al. Parcellation of the healthy
neonatal brain into 107 Regions using atlas propagation through intermediate time points in childhood.
Front Neurosci. 2016; https://doi.org/10.3389/fnins.2016.00220 PMID: 27242423

Strike LT, Hansell NK, Couvy-Duchesne B, Thompson PM, De Zubicaray Gl, McMahon KL, et al. Genetic
complexity of cortical structure: Differences in genetic and environmental factors influencing cortical sur-
face area and thickness. Cereb Cortex. 2019; https://doi.org/10.1093/cercor/bhy002 PMID: 29377989
Cheng S, Wu C, Qi X, LiuL, Ma M, Zhang L, et al. A Large-Scale Genetic Correlation Scan Between
Intelligence and Brain Imaging Phenotypes. Cereb Cortex. 2020; https://doi.org/10.1093/cercor/
bhaa043 PMID: 32108233

Lyu B, Tsvetanov KA, Tyler LK, Clarke A, Cam-CAN, Amos W. Genetic signatures of human brain
structure: A comparison between GWAS and relatedness-based regression. bioRxiv. 2020;

PLOS ONE | https://doi.org/10.1371/journal.pone.0248341 March 11, 2021 25/30


https://doi.org/10.2196/jmir.9134
https://doi.org/10.2196/jmir.9134
http://www.ncbi.nlm.nih.gov/pubmed/29844010
https://doi.org/10.1016/j.neuroimage.2013.05.041
http://www.ncbi.nlm.nih.gov/pubmed/23684880
https://doi.org/10.1016/j.neuroimage.2014.07.067
https://doi.org/10.1016/j.neuroimage.2014.07.067
http://www.ncbi.nlm.nih.gov/pubmed/25109530
https://doi.org/10.1162/NETN_a_00016
http://www.ncbi.nlm.nih.gov/pubmed/29855624
https://doi.org/10.1016/j.neuroimage.2017.02.082
http://www.ncbi.nlm.nih.gov/pubmed/28279814
https://doi.org/10.1001/jamapsychiatry.2015.1054
https://doi.org/10.1001/jamapsychiatry.2015.1054
http://www.ncbi.nlm.nih.gov/pubmed/26308883
https://doi.org/10.1016/j.neuroimage.2018.12.012
https://doi.org/10.1016/j.neuroimage.2018.12.012
http://www.ncbi.nlm.nih.gov/pubmed/30529628
https://doi.org/10.1038/nn.4164
http://www.ncbi.nlm.nih.gov/pubmed/26551545
https://doi.org/10.1523/JNEUROSCI.1324-15.2015
https://doi.org/10.1523/JNEUROSCI.1324-15.2015
http://www.ncbi.nlm.nih.gov/pubmed/26468196
https://doi.org/10.1038/nature18933
http://www.ncbi.nlm.nih.gov/pubmed/27437579
https://doi.org/10.1016/j.neuron.2018.03.035
http://www.ncbi.nlm.nih.gov/pubmed/29673485
https://doi.org/10.1093/cercor/bhx030
http://www.ncbi.nlm.nih.gov/pubmed/28184415
https://doi.org/10.3389/fnins.2016.00220
http://www.ncbi.nlm.nih.gov/pubmed/27242423
https://doi.org/10.1093/cercor/bhy002
http://www.ncbi.nlm.nih.gov/pubmed/29377989
https://doi.org/10.1093/cercor/bhaa043
https://doi.org/10.1093/cercor/bhaa043
http://www.ncbi.nlm.nih.gov/pubmed/32108233
https://doi.org/10.1371/journal.pone.0248341

PLOS ONE

Normative open-access neuroimaging databases

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

a.

42,

43.

44,

45.

46.

47.

48.

49.

50.

Bischof GN, Park DC. Obesity and Aging: Consequences for Cognition, Brain Structure, and Brain
Function. Psychosomatic Medicine. 2015.

Forstmann BU, Isaacs BR, Temel Y. Ultra High Field MRI-Guided Deep Brain Stimulation. Trends in
Biotechnology. 2017. https://doi.org/10.1016/j.tibtech.2017.06.010 PMID: 28941469

Tallantyre EC, Morgan PS, Dixon JE, Al-Radaideh AMI, Brookes MJ, Evangelou N, et al. A compari-
son of 3T and 7T in the detection of small parenchymal veins within MS lesions. Invest Radiol. 2009;
https://doi.org/10.1097/RLI.0b013e3181b4c144 PMID: 19652606

De Graaf WL, Kilsdonk ID, Lopez-Soriano A, Zwanenburg JJM, Visser F, Polman CH, et al. Clinical
application of multi-contrast 7-T MR imaging in multiple sclerosis: Increased lesion detection com-
pared to 3 T confined to grey matter. Eur Radiol. 2013;

Noebauer-Huhmann IM, Szomolanyi P, Kronnerwetter C, Widhalm G, Weber M, Nemec S, et al. Brain
tumours at 7T MRI compared to 3T—contrast effect after half and full standard contrast agent dose:
initial results. Eur Radiol. 2015; https://doi.org/10.1007/s00330-014-3351-2 PMID: 25194707

Moon HC, Baek H-M, Park YS. Comparison of 3 and 7 Tesla Magnetic Resonance Imaging of
Obstructive Hydrocephalus Caused by Tectal Glioma. Brain Tumor Res Treat. 2016; https://doi.org/
10.14791/btrt.2016.4.2.150 PMID: 27867929

Springer E, Dymerska B, Cardoso PL, Robinson SD, Weisstanner C, Wiest R, et al. Comparison of
Routine Brain Imaging at 3 T and 7 T. Invest Radiol. 2016; https://doi.org/10.1097/RLI.
0000000000000256 PMID: 26863580

Collins CM, Smith MB. Signal-to-noise ratio and absorbed power as functions of main magnetic field
strength, and definition of “90°” RF pulse for the head in the birdcage coil. Magn Reson Med. 2001;

Vaughan JT, Garwood M, Collins CM, Liu W, Delabarre L, Adriany G, et al. 7T vs. 4T: RF power,
homogeneity, and signal-to-noise comparison in head images. Magn Reson Med. 2001;

Lusebrink F, Wollrab A, Speck O. Cortical thickness determination of the human brain using high reso-
lution 3T and 7T MRI data. Neuroimage. 2013; https://doi.org/10.1016/j.neuroimage.2012.12.016
PMID: 23261638

Federau C, Gallichan D. Motion-correction enabled ultra-high resolution in-vivo 7T-MRI of the brain.
PLoS One. 2016; https://doi.org/10.1371/journal.pone.0154974 PMID: 27159492

Johansen-Berg H. Human connectomics—What will the future demand? Neuroimage. 2013; https://
doi.org/10.1016/j.neuroimage.2013.05.082 PMID: 23727322

Keuken MC, Forstmann BU. A probabilistic atlas of the basal ganglia using 7 T MRI. Data Br. 2015;
https://doi.org/10.1016/j.dib.2015.07.028 PMID: 26322322

Evans AC, Janke AL, Collins DL, Baillet S. Brain templates and atlases. Neurolmage. 2012. https://
doi.org/10.1016/j.neuroimage.2012.01.024 PMID: 22248580

Alkemade A, Keuken MC, Forstmann BU. A perspective on terra incognita: uncovering the neuroanat-
omy of the human subcortex. Front Neuroanat. 2013; https://doi.org/10.3389/fnana.2013.00040
PMID: 24348343

Levitt JJ, Rosow LK, Nestor PG, Pelavin PE, Swisher TM, McCarley RW, et al. A volumetric MRI study
of limbic, associative and sensorimotor striatal subregions in schizophrenia. Schizophr Res. 2013;

Visser E, Keuken MC, Forstmann BU, Jenkinson M. Automated segmentation of the substantia nigra,
subthalamic nucleus and red nucleus in 7 T data at young and old age. Neuroimage. 2016;

Priovoulos N, Jacobs HIL, Ivanov D, Uludag K, Verhey FRJ, Poser BA. High-resolution in vivo imaging
of human locus coeruleus by magnetization transfer MRI at 3T and 7T. Neuroimage. 2018; https://doi.
org/10.1016/j.neuroimage.2017.07.045 PMID: 28743460

Cho ZH, Oh SH, Kim JM, Park SY, Kwon DH, Jeong HJ, et al. Direct visualization of Parkinson’s dis-
ease by in vivo human brain imaging using 7.0T magnetic resonance imaging. Mov Disord. 2011;
https://doi.org/10.1002/mds.23465 PMID: 21506148

Shroff MM, Babyn PS, Chavhan GB, Thomas B, Haacke EM. Principles, Techniques, and Applications
of T2*-based MR Imaging and Its Special Applications. RadioGraphics. 2009;

Kerl HU, Gerigk L, Pechlivanis |, Al-Zghloul M, Groden C, Nélte IS. The subthalamic nucleus at 7.0
Tesla: Evaluation of sequence and orientation for deep-brain stimulation. Acta Neurochir (Wien).
2012;

Schéfer A, Forstmann BU, Neumann J, Wharton S, Mietke A, Bowtell R, et al. Direct visualization of
the subthalamic nucleus and its iron distribution using high-resolution susceptibility mapping. Hum
Brain Mapp. 2012; https://doi.org/10.1002/hbm.21404 PMID: 21932259

Alkemade A, Forstmann BU, Schwarz J, Kotz SA, Keuken MC, Weise D, et al. Comparison of T2*-
weighted and QSM contrasts in Parkinson’s disease to visualize the STN with MRI. PLoS One. 2017;
https://doi.org/10.1371/journal.pone.0176130 PMID: 28423027

PLOS ONE | https://doi.org/10.1371/journal.pone.0248341 March 11, 2021 26/30


https://doi.org/10.1016/j.tibtech.2017.06.010
http://www.ncbi.nlm.nih.gov/pubmed/28941469
https://doi.org/10.1097/RLI.0b013e3181b4c144
http://www.ncbi.nlm.nih.gov/pubmed/19652606
https://doi.org/10.1007/s00330-014-3351-2
http://www.ncbi.nlm.nih.gov/pubmed/25194707
https://doi.org/10.14791/btrt.2016.4.2.150
https://doi.org/10.14791/btrt.2016.4.2.150
http://www.ncbi.nlm.nih.gov/pubmed/27867929
https://doi.org/10.1097/RLI.0000000000000256
https://doi.org/10.1097/RLI.0000000000000256
http://www.ncbi.nlm.nih.gov/pubmed/26863580
https://doi.org/10.1016/j.neuroimage.2012.12.016
http://www.ncbi.nlm.nih.gov/pubmed/23261638
https://doi.org/10.1371/journal.pone.0154974
http://www.ncbi.nlm.nih.gov/pubmed/27159492
https://doi.org/10.1016/j.neuroimage.2013.05.082
https://doi.org/10.1016/j.neuroimage.2013.05.082
http://www.ncbi.nlm.nih.gov/pubmed/23727322
https://doi.org/10.1016/j.dib.2015.07.028
http://www.ncbi.nlm.nih.gov/pubmed/26322322
https://doi.org/10.1016/j.neuroimage.2012.01.024
https://doi.org/10.1016/j.neuroimage.2012.01.024
http://www.ncbi.nlm.nih.gov/pubmed/22248580
https://doi.org/10.3389/fnana.2013.00040
http://www.ncbi.nlm.nih.gov/pubmed/24348343
https://doi.org/10.1016/j.neuroimage.2017.07.045
https://doi.org/10.1016/j.neuroimage.2017.07.045
http://www.ncbi.nlm.nih.gov/pubmed/28743460
https://doi.org/10.1002/mds.23465
http://www.ncbi.nlm.nih.gov/pubmed/21506148
https://doi.org/10.1002/hbm.21404
http://www.ncbi.nlm.nih.gov/pubmed/21932259
https://doi.org/10.1371/journal.pone.0176130
http://www.ncbi.nlm.nih.gov/pubmed/28423027
https://doi.org/10.1371/journal.pone.0248341

PLOS ONE

Normative open-access neuroimaging databases

51.

52.

53.

54.

55.

56.

57.

58.
59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

de Hollander G, Keuken MC, van der Zwaag W, Forstmann BU, Trampel R. Comparing functional MRI
protocols for small, iron-rich basal ganglia nuclei such as the subthalamic nucleus at 7 T and 3 T. Hum
Brain Mapp. 2017; https://doi.org/10.1002/hbm.23586 PMID: 28345164

Deistung A, Schéfer A, Schweser F, Biedermann U, Turner R, Reichenbach JR. Toward in vivo histol-
ogy: A comparison of quantitative susceptibility mapping (QSM) with magnitude-, phase-, and R2*-
imaging at ultra-high magnetic field strength. Neuroimage. 2013;

Keuken MC, Bazin PL, Crown L, Hootsmans J, Laufer A, Miller-Axt C, et al. Quantifying inter-individ-
ual anatomical variability in the subcortex using 7T structural MRI. Neuroimage. 2014;

Trutti AC, Mulder MJ, Hommel B, Forstmann BU. Functional neuroanatomical review of the ventral
tegmental area. Neuroimage. 2019; https://doi.org/10.1016/j.neuroimage.2019.01.062 PMID:
30710678

Forstmann BU, Keuken MC, Schafer A, Bazin PL, Alkemade A, Turner R. Multi-modal ultra-high reso-
lution structural 7-Tesla MRI data repository. Sci Data. 2014; https://doi.org/10.1038/sdata.2014.50
PMID: 25977801

Haxby J V., Guntupalli JS, Connolly AC, Halchenko YO, Conroy BR, Gobbini MI, et al. A common,
high-dimensional model of the representational space in human ventral temporal cortex. Neuron.
2011; https://doi.org/10.1016/j.neuron.2011.08.026 PMID: 22017997

Tardif CL, Schéfer A, Trampel R, Villringer A, Turner R, Bazin PL. Open Science CBS Neuroimaging
Repository: Sharing ultra-high-field MR images of the brain. Neuroimage. 2016; https://doi.org/10.
1016/j.neuroimage.2015.08.042 PMID: 26318051

Team R. Core. R: A language and environment for statistical computing. Ind Commer Train. 2019;

Morey RD, Rouder JN. Bayesfactor: Computation of Bayes factors for common designs. R package
version 0.9.12-2. BayesFactor Comput Bayes Factors Common Des. 2015;

McAuliffe MJ, Lalonde FM, McGarry D, Gandler W, Csaky K, Trus BL. Medical image processing,
analysis & visualization in clinical research. In: Proceedings of the IEEE Symposium on Computer-
Based Medical Systems. 2001.

Bates D, Maechler M, Bolker B, Walker S. Ime4: Linear mixed-effects models using Eigen and S4. R
package version 1.1-7, http://CRAN.R-project.org/package=Ime4. R Packag version. 2014;

Lusebrink F, Sciarra A, Mattern H, Yakupov R, Speck O. T 1 -weighted in vivo human whole brain MRI
dataset with an ultrahigh isotropic resolution of 250 um. Sci Data. 2017;

Karayanidis F, Keuken MC, Wong A, Rennie JL, de Hollander G, Cooper PS, et al. The Age-ility Proj-
ect (Phase 1): Structural and functional imaging and electrophysiological data repository. Neuroimage.
20186; https://doi.org/10.1016/j.neuroimage.2015.04.047 PMID: 25936806

Taylor JR, Williams N, Cusack R, Auer T, Shafto MA, Dixon M, et al. The Cambridge Centre for Ageing
and Neuroscience (Cam-CAN) data repository: Structural and functional MRI, MEG, and cognitive
data from a cross-sectional adult lifespan sample. Neuroimage. 2017;

Shafto MA, Tyler LK, Dixon M, Taylor JR, Rowe JB, Cusack R, et al. The Cambridge Centre for Ageing
and Neuroscience (Cam-CAN) study protocol: A cross-sectional, lifespan, multidisciplinary examina-
tion of healthy cognitive ageing. BMC Neurol. 2014; https://doi.org/10.1186/s12883-014-0204-1

PMID: 25412575

Xu J, Moeller S, Strupp J, Auerbach EJ, Chen L, Feinberg DA, et al. Highly Accelerated Whole Brain
Imaging Using Aligned-Blipped-Controlled-aliasing Multiband EPI. ISMRM Proc. 2012; 5(12):2306.

Milchenko M, Marcus D. Obscuring surface anatomy in volumetric imaging data. Neuroinformatics.
2013; https://doi.org/10.1007/s12021-012-9160-3 PMID: 22968671

Landman BA, Huang AJ, Gifford A, Vikram DS, Lim IAL, Farrell JAD, et al. Multi-parametric neuroim-
aging reproducibility: A 3-T resource study. Neuroimage. 2011; https://doi.org/10.1016/j.neuroimage.
2010.11.047 PMID: 21094686

Gulban OF, Schneider M, Marquardt |, Haast RAM, De Martino F. A scalable method to improve gray
matter segmentation at ultra high field MRI. PLoS One. 2018; https://doi.org/10.1371/journal.pone.
0198335 PMID: 29874295

Froeling M, Tax CMW, Vos SB, Luijten PR, Leemans A. “MASSIVE” brain dataset: Multiple acquisi-
tions for standardization of structural imaging validation and evaluation. Magn Reson Med. 2017;
https://doi.org/10.1002/mrm.26259 PMID: 27173617

Gordon EM, Laumann TO, Gilmore AW, Newbold DJ, Greene DJ, Berg JJ, et al. Precision Functional
Mapping of Individual Human Brains. Neuron. 2017; https://doi.org/10.1016/j.neuron.2017.07.011
PMID: 28757305

Mendes N, Oligschlaeger S, Lauckner ME, Golchert J, Huntenburg JM, Falkiewicz M, et al. A func-
tional connectome phenotyping dataset including cognitive state and personality measures. bioRxiv
[Internet]. 2017 Jan 1; Available from: http://biorxiv.org/content/early/2017/07/18/164764.abstract

PLOS ONE | https://doi.org/10.1371/journal.pone.0248341 March 11, 2021 27/30


https://doi.org/10.1002/hbm.23586
http://www.ncbi.nlm.nih.gov/pubmed/28345164
https://doi.org/10.1016/j.neuroimage.2019.01.062
http://www.ncbi.nlm.nih.gov/pubmed/30710678
https://doi.org/10.1038/sdata.2014.50
http://www.ncbi.nlm.nih.gov/pubmed/25977801
https://doi.org/10.1016/j.neuron.2011.08.026
http://www.ncbi.nlm.nih.gov/pubmed/22017997
https://doi.org/10.1016/j.neuroimage.2015.08.042
https://doi.org/10.1016/j.neuroimage.2015.08.042
http://www.ncbi.nlm.nih.gov/pubmed/26318051
http://CRAN.R-project.org/package=lme4
https://doi.org/10.1016/j.neuroimage.2015.04.047
http://www.ncbi.nlm.nih.gov/pubmed/25936806
https://doi.org/10.1186/s12883-014-0204-1
http://www.ncbi.nlm.nih.gov/pubmed/25412575
https://doi.org/10.1007/s12021-012-9160-3
http://www.ncbi.nlm.nih.gov/pubmed/22968671
https://doi.org/10.1016/j.neuroimage.2010.11.047
https://doi.org/10.1016/j.neuroimage.2010.11.047
http://www.ncbi.nlm.nih.gov/pubmed/21094686
https://doi.org/10.1371/journal.pone.0198335
https://doi.org/10.1371/journal.pone.0198335
http://www.ncbi.nlm.nih.gov/pubmed/29874295
https://doi.org/10.1002/mrm.26259
http://www.ncbi.nlm.nih.gov/pubmed/27173617
https://doi.org/10.1016/j.neuron.2017.07.011
http://www.ncbi.nlm.nih.gov/pubmed/28757305
http://biorxiv.org/content/early/2017/07/18/164764.abstract
https://doi.org/10.1371/journal.pone.0248341

PLOS ONE

Normative open-access neuroimaging databases

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92,

93.

Avants BB, Duda JT, Kilroy E, Krasileva K, Jann K, Kandel BT, et al. The pediatric template of brain
perfusion. Sci data. 2015; https://doi.org/10.1038/sdata.2015.3 PMID: 25977810

Wei D, Zhuang K, AiL, Chen Q, Yang W, Liu W, et al. Data Descriptor: Structural and functional brain
scans from the cross-sectional Southwest University adult lifespan dataset. Sci Data. 2018;

Hanke M, Baumgartner FJ, Ibe P, Kaule FR, Pollmann S, Speck O, et al. A high-resolution 7-Tesla
fMRI dataset from complex natural stimulation with an audio movie. Sci Data. 2014; https://doi.org/10.
1038/sdata.2014.3 PMID: 25977761

Sengupta A, Kaule FR, Guntupalli JS, Hoffmann MB, Hausler C, Stadler J, et al. A studyforrest exten-
sion, retinotopic mapping and localization of higher visual areas. Sci Data [Internet]. 2016; 3:1-14.
Available from: https://doi.org/10.1038/sdata.2016.93 PMID: 27779618

Marcus DS, Wang TH, Parker J, Csernansky JG, Morris JC, Buckner RL. Open Access Series of
Imaging Studies (OASIS): Cross-sectional MRI data in young, middle aged, nondemented, and
demented older adults. J Cogn Neurosci. 2007;

Marcus DS, Fotenos AF, Csernansky JG, Morris JC, Buckner RL. Open access series of imaging stud-
ies: Longitudinal MRI data in nondemented and demented older adults. J Cogn Neurosci. 2010;
https://doi.org/10.1162/jocn.2009.21407 PMID: 19929323

Mennes M, Biswal BB, Castellanos FX, Milham MP. Making data sharing work: The FCP/INDI experi-
ence. Neuroimage. 2013; https://doi.org/10.1016/j.neuroimage.2012.10.064 PMID: 23123682

Mueller SG, Weiner MW, Thal LJ, Petersen RC, Jack CR, Jagust W, et al. Ways toward an early diag-
nosis in Alzheimer’s disease: The Alzheimer’s Disease Neuroimaging Initiative (ADNI). Alzheimer’'s
and Dementia. 2005.

Weiner MW, Veitch DP, Aisen PS, Beckett LA, Cairns NJ, Cedarbaum J, et al. Impact of the Alzhei-
mer’s Disease Neuroimaging Initiative, 2004 to 2014. Alzheimer’s and Dementia. 2015.

DiMartino A, Yan CG, Li Q, Denio E, Castellanos FX, Alaerts K, et al. The autism brain imaging data
exchange: Towards a large-scale evaluation of the intrinsic brain architecture in autism. Mol Psychia-
try. 2014; https://doi.org/10.1038/mp.2013.78 PMID: 23774715

Job DE, Dickie DA, Rodriguez D, Robson A, Danso S, Pernet C, et al. A brain imaging repository of
normal structural MRI across the life course: Brain Images of Normal Subjects (BRAINS). Neuroimage
[Internet]. 2017; 144:299-304. Available from: https://doi.org/10.1016/j.neuroimage.2016.01.027
PMID: 26794641

Ellis KA, Bush Al, Darby D, De Fazio D, Foster J, Hudson P, et al. The Australian Imaging, Biomarkers
and Lifestyle (AIBL) study of aging: Methodology and baseline characteristics of 1112 individuals
recruited for a longitudinal study of Alzheimer’s disease. Int Psychogeriatrics. 2009; https://doi.org/10.
1017/S1041610209009405 PMID: 19470201

Jernigan TL, Brown TT, Hagler DJ, Akshoomoff N, Bartsch H, Newman E, et al. The Pediatric Imaging,
Neurocognition, and Genetics (PING) Data Repository. Neuroimage. 2016;

Casey BJ, Cannonier T, Conley MI, Cohen AO, Barch DM, Heitzeg MM, et al. The Adolescent Brain
Cognitive Development (ABCD) study: Imaging acquisition across 21 sites. Developmental Cognitive
Neuroscience. 2018. https://doi.org/10.1016/j.dcn.2018.03.001 PMID: 29567376

Bellec P, Chu C, Chouinard-Decorte F, Benhajali Y, Margulies DS, Craddock RC. The Neuro Bureau
ADHD-200 Preprocessed repository. Neuroimage. 2017; https://doi.org/10.1016/j.neuroimage.2016.
06.034 PMID: 27423255

Alexander LM, Escalera J, Ai L, Andreotti C, Febre K, Mangone A, et al. Data Descriptor: An open
resource for transdiagnostic research in pediatric mental health and learning disorders. Sci Data. 2017;

Zuo XN, Anderson JS, Bellec P, Birn RM, Biswal BB, Blautzik J, et al. An open science resource for
establishing reliability and reproducibility in functional connectomics. Sci Data. 2014; https://doi.org/
10.1038/sdata.2014.49 PMID: 25977800

Keator DB, van Erp TGM, Turner JA, Glover GH, Mueller BA, Liu TT, et al. The Function Biomedical
Informatics Research Network Data Repository. Neuroimage. 2016; https:/doi.org/10.1016/j.
neuroimage.2015.09.003 PMID: 26364863

Malone IB, Cash D, Ridgway GR, MacManus DG, Ourselin S, Fox NC, et al. MIRIAD-Public release of
a multiple time point Alzheimer’s MR imaging dataset. Neuroimage. 2013; https://doi.org/10.1016/j.
neuroimage.2012.12.044 PMID: 23274184

Morris JC, Weintraub S, Chui HC, Cummings J, DeCarli C, Ferris S, et al. The Uniform Data Set
(UDS): Clinical and cognitive variables and descriptive data from Alzheimer disease centers. Alzhei-
mer Dis Assoc Disord. 2006; https://doi.org/10.1097/01.wad.0000213865.09806.92 PMID: 17132964

Brown SA, Brumback T, Tomlinson K, Cummins K, Thompson WK, Nagel BJ, et al. The national con-
sortium on alcohol and neuro-development in adolescence (NCANDA): A multisite study of adolescent
development and substance use. J Stud Alcohol Drugs. 2015;

PLOS ONE | https://doi.org/10.1371/journal.pone.0248341 March 11, 2021 28/30


https://doi.org/10.1038/sdata.2015.3
http://www.ncbi.nlm.nih.gov/pubmed/25977810
https://doi.org/10.1038/sdata.2014.3
https://doi.org/10.1038/sdata.2014.3
http://www.ncbi.nlm.nih.gov/pubmed/25977761
https://doi.org/10.1038/sdata.2016.93
http://www.ncbi.nlm.nih.gov/pubmed/27779618
https://doi.org/10.1162/jocn.2009.21407
http://www.ncbi.nlm.nih.gov/pubmed/19929323
https://doi.org/10.1016/j.neuroimage.2012.10.064
http://www.ncbi.nlm.nih.gov/pubmed/23123682
https://doi.org/10.1038/mp.2013.78
http://www.ncbi.nlm.nih.gov/pubmed/23774715
https://doi.org/10.1016/j.neuroimage.2016.01.027
http://www.ncbi.nlm.nih.gov/pubmed/26794641
https://doi.org/10.1017/S1041610209009405
https://doi.org/10.1017/S1041610209009405
http://www.ncbi.nlm.nih.gov/pubmed/19470201
https://doi.org/10.1016/j.dcn.2018.03.001
http://www.ncbi.nlm.nih.gov/pubmed/29567376
https://doi.org/10.1016/j.neuroimage.2016.06.034
https://doi.org/10.1016/j.neuroimage.2016.06.034
http://www.ncbi.nlm.nih.gov/pubmed/27423255
https://doi.org/10.1038/sdata.2014.49
https://doi.org/10.1038/sdata.2014.49
http://www.ncbi.nlm.nih.gov/pubmed/25977800
https://doi.org/10.1016/j.neuroimage.2015.09.003
https://doi.org/10.1016/j.neuroimage.2015.09.003
http://www.ncbi.nlm.nih.gov/pubmed/26364863
https://doi.org/10.1016/j.neuroimage.2012.12.044
https://doi.org/10.1016/j.neuroimage.2012.12.044
http://www.ncbi.nlm.nih.gov/pubmed/23274184
https://doi.org/10.1097/01.wad.0000213865.09806.92
http://www.ncbi.nlm.nih.gov/pubmed/17132964
https://doi.org/10.1371/journal.pone.0248341

PLOS ONE

Normative open-access neuroimaging databases

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

111.

112,

113.

114.

Satterthwaite TD, Elliott MA, Ruparel K, Loughead J, Prabhakaran K, Calkins ME, et al. Neuroimaging
of the Philadelphia Neurodevelopmental Cohort. Neurolmage. 2014. https://doi.org/10.1016/].
neuroimage.2013.07.064 PMID: 23921101

Klein A, Tourville J. 101 labeled brain images and a consistent human cortical labeling protocol. Front
Neurosci. 2012; https://doi.org/10.3389/fnins.2012.00171 PMID: 23227001

Wang L, Alpert KI, Calhoun VD, Cobia DJ, Keator DB, King MD, et al. SchizConnect: Mediating neuro-
imaging databases on schizophrenia and related disorders for large-scale integration. Neuroimage.
2016; https://doi.org/10.1016/j.neuroimage.2015.06.065 PMID: 26142271

Poldrack RA, Barch DM, Mitchell JP, Wager TD, Wagner AD, Devlin JT, et al. Towards open sharing
of task-based fMRI data: The OpenfMRI project. Front Neuroinform. 2013;

Sudlow C, Gallacher J, Allen N, Beral V, Burton P, Danesh J, et al. UK Biobank: An Open Access
Resource for Identifying the Causes of a Wide Range of Complex Diseases of Middle and Old Age.
PLoS Med. 2015; https://doi.org/10.1371/journal.pmed.1001779 PMID: 25826379

Bischoff-Grethe A, Ozyurt IB, Busa E, Quinn BT, Fennema-Notestine C, Clark CP, et al. A technique
for the deidentification of structural brain MR images. Hum Brain Mapp. 2007; https://doi.org/10.1002/
hbm.20312 PMID: 17295313

Jeffreys H. Some Tests of Significance, Treated by the Theory of Probability. Math Proc Cambridge
Philos Soc. 1935;

Bottomley PA, Foster TH, Argersinger RE, Pfeifer LM. A review of normal tissue hydrogen NMR relax-
ation times and relaxation mechanisms from 1-100 MHz: Dependence on tissue type, NMR fre-
quency, temperature, species, excision, and age. Med Phys. 1984;

Brooks DJ, Luthert P, Gadian D, Marsden CD. Does signal-attenuation of high-field T2-weighted MRI
of the brain reflect regional cerebral iron deposition? Observations on the relationship between
regional cerebral water proton T2 values and iron levels. J Neurol Neurosurg Psychiatry. 1989; https:/
doi.org/10.1136/jnnp.52.1.108 PMID: 2709018

Hallgren B, Sourander P. THE EFFECT OF AGE ON THE NON-HAEMIN IRON IN THE HUMAN
BRAIN. J Neurochem. 1958; https://doi.org/10.1111/j.1471-4159.1958.t1b12607.x PMID: 13611557

Morris CM, Candy JM, Oakley AE, Bloxham CA, Edwardson JA. Histochemical distribution of non-
haem iron in the human brain. Acta Anat (Basel). 1992; https://doi.org/10.1159/000147312 PMID:
1529678

Haacke EM, Cheng NYC, House MJ, Liu Q, Neelavalli J, Ogg RJ, et al. Imaging iron stores in the brain
using magnetic resonance imaging. Magn Reson Imaging. 2005; https://doi.org/10.1016/j.mri.2004.
10.001 PMID: 15733784

Aquino D, Bizzi A, Grisoli M, Garavaglia B, Bruzzone MG, Savoiardo M, et al. Age-related Iron Deposi-
tion in the Basal Ganglia: Quantitative Analysis in Healthy Subjects. Radiology. 2009; https://doi.org/
10.1148/radiol.2522081399 PMID: 19561255

Siemonsen S, Finsterbusch J, Matschke J, Lorenzen A, Ding XQ, Fiehler J. Age-dependent normal
values of T2* and T2’ in brain parenchyma. In: American Journal of Neuroradiology. 2008. https://doi.
org/10.3174/ajnr.A0951 PMID: 18272561

Keuken MC, Bazin PL, Backhouse K, Beekhuizen S, Himmer L, Kandola A, et al. Effects of aging on
T1, T2+, and QSM MRI values in the subcortex. Brain Struct Funct. 2017;

Raz N, Rodrigue KM, Kennedy KM, Head D, Gunning-Dixon F, Acker JD. Differential Aging of the
Human Striatum: Longitudinal Evidence. Am J Neuroradiol. 2003; PMID: 14561615

Di X, Rypma B, Biswal BB. Correspondence of executive function related functional and anatomical
alterations in aging brain. Prog Neuro-Psychopharmacology Biol Psychiatry. 2014; https://doi.org/10.
1016/j.pnpbp.2013.09.001 PMID: 24036319

Marner L, Pakkenberg B. Total length of nerve fibers in prefrontal and global white matter of chronic
schizophrenics. J Psychiatr Res. 2003; https://doi.org/10.1016/s0022-3956(03)00069-4 PMID:
14563386

Bullitt E, Zeng D, Mortamet B, Ghosh A, Aylward SR, Lin W, et al. The effects of healthy aging on intra-
cerebral blood vessels visualized by magnetic resonance angiography. Neurobiol Aging. 2010; https://
doi.org/10.1016/j.neurobiolaging.2008.03.022 PMID: 18471935

Resnick SM, Pham DL, Kraut MA, Zonderman AB, Davatzikos C. Longitudinal magnetic resonance
imaging studies of older adults: a shrinking brain. J Neurosci. 2003; https://doi.org/10.1523/
JNEUROSCI.23-08-03295.2003 PMID: 12716936

Pagani E, Agosta F, Rocca MA, Caputo D, Filippi M. Voxel-based analysis derived from fractional
anisotropy images of white matter volume changes with aging. Neuroimage. 2008; https://doi.org/10.
1016/j.neuroimage.2008.03.021 PMID: 18442927

PLOS ONE | https://doi.org/10.1371/journal.pone.0248341 March 11, 2021 29/30


https://doi.org/10.1016/j.neuroimage.2013.07.064
https://doi.org/10.1016/j.neuroimage.2013.07.064
http://www.ncbi.nlm.nih.gov/pubmed/23921101
https://doi.org/10.3389/fnins.2012.00171
http://www.ncbi.nlm.nih.gov/pubmed/23227001
https://doi.org/10.1016/j.neuroimage.2015.06.065
http://www.ncbi.nlm.nih.gov/pubmed/26142271
https://doi.org/10.1371/journal.pmed.1001779
http://www.ncbi.nlm.nih.gov/pubmed/25826379
https://doi.org/10.1002/hbm.20312
https://doi.org/10.1002/hbm.20312
http://www.ncbi.nlm.nih.gov/pubmed/17295313
https://doi.org/10.1136/jnnp.52.1.108
https://doi.org/10.1136/jnnp.52.1.108
http://www.ncbi.nlm.nih.gov/pubmed/2709018
https://doi.org/10.1111/j.1471-4159.1958.tb12607.x
http://www.ncbi.nlm.nih.gov/pubmed/13611557
https://doi.org/10.1159/000147312
http://www.ncbi.nlm.nih.gov/pubmed/1529678
https://doi.org/10.1016/j.mri.2004.10.001
https://doi.org/10.1016/j.mri.2004.10.001
http://www.ncbi.nlm.nih.gov/pubmed/15733784
https://doi.org/10.1148/radiol.2522081399
https://doi.org/10.1148/radiol.2522081399
http://www.ncbi.nlm.nih.gov/pubmed/19561255
https://doi.org/10.3174/ajnr.A0951
https://doi.org/10.3174/ajnr.A0951
http://www.ncbi.nlm.nih.gov/pubmed/18272561
http://www.ncbi.nlm.nih.gov/pubmed/14561615
https://doi.org/10.1016/j.pnpbp.2013.09.001
https://doi.org/10.1016/j.pnpbp.2013.09.001
http://www.ncbi.nlm.nih.gov/pubmed/24036319
https://doi.org/10.1016/s0022-3956(03)00069-4
http://www.ncbi.nlm.nih.gov/pubmed/14563386
https://doi.org/10.1016/j.neurobiolaging.2008.03.022
https://doi.org/10.1016/j.neurobiolaging.2008.03.022
http://www.ncbi.nlm.nih.gov/pubmed/18471935
https://doi.org/10.1523/JNEUROSCI.23-08-03295.2003
https://doi.org/10.1523/JNEUROSCI.23-08-03295.2003
http://www.ncbi.nlm.nih.gov/pubmed/12716936
https://doi.org/10.1016/j.neuroimage.2008.03.021
https://doi.org/10.1016/j.neuroimage.2008.03.021
http://www.ncbi.nlm.nih.gov/pubmed/18442927
https://doi.org/10.1371/journal.pone.0248341

PLOS ONE

Normative open-access neuroimaging databases

115.

116.

117.

118.

119.

120.

121.

122,

123.

124.

125.

126.

127.

Savalia NK, Agres PF, Chan MY, Feczko EJ, Kennedy KM, Wig GS. Motion-related artifacts in struc-
tural brain images revealed with independent estimates of in-scanner head motion. Hum Brain Mapp.
2017; https://doi.org/10.1002/hbm.23397 PMID: 27634551

Pardoe HR, Kucharsky Hiess R, Kuzniecky R. Motion and morphometry in clinical and nonclinical pop-
ulations. Neuroimage. 2016; https://doi.org/10.1016/j.neuroimage.2016.05.005 PMID: 27153982

Fjell AM, Westlye LT, Amlien |, Espeseth T, Reinvang |, Raz N, et al. High consistency of regional corti-
cal thinning in aging across multiple samples. Cereb Cortex. 2009; https://doi.org/10.1093/cercor/
bhn232 PMID: 19150922

Havsteen |, Ohlhues A, Madsen KH, Nybing JD, Christensen H, Christensen A. Are movement arti-
facts in magnetic resonance imaging a real problem?-a narrative review. Frontiers in Neurology. 2017.
https://doi.org/10.3389/fneur.2017.00232 PMID: 28611728

Mewes AUJ, Huppi PS, Als H, Rybicki FJ, Inder TE, McAnulty GB, et al. Regional Brain Development
in Serial Magnetic Resonance Imaging of Low-Risk Preterm Infants. Pediatrics. 2006; https://doi.org/
10.1542/peds.2005-2675 PMID: 16818545

Sodickson DK, Manning WJ. Simultaneous acquisition of spatial harmonics (SMASH): Fast imaging
with radiofrequency coil arrays. Magn Reson Med. 1997; https://doi.org/10.1002/mrm.19103804 14
PMID: 9324327

Pruessmann KP, Weiger M, Scheidegger MB, Boesiger P. SENSE: Sensitivity encoding for fast MRI.
Magn Reson Med. 1999; PMID: 10542355

Lee CC, Jack CR, Grimm RC, Rossman PJ, Felmlee JP, Ehman RL, et al. Real-time adaptive motion
correction in functional MRI. Magn Reson Med. 1996; https://doi.org/10.1002/mrm.1910360316 PMID:
8875415

Haacke EM, Patrick JL. Reducing motion artifacts in two-dimensional Fourier transform imaging.
Magn Reson Imaging. 1986; https://doi.org/10.1016/0730-725x(86)91046-5 PMID: 3669950

Stucht D, Danishad KA, Schulze P, Godenschweger F, Zaitsev M, Speck O. Highest resolution in vivo
human brain MRI using prospective motion correction. PLoS One. 2015; https://doi.org/10.1371/
journal.pone.0133921 PMID: 26226146

Zaitsev M, Akin B, LeVan P, Knowles BR. Prospective motion correction in functional MRI. Neuro-
image. 2017; https://doi.org/10.1016/j.neuroimage.2016.11.014 PMID: 27845256

Gallichan D, Marques JP, Gruetter R. Retrospective correction of involuntary microscopic head move-
ment using highly accelerated fat image navigators (3D FatNavs) at 7T. Magn Reson Med. 2016;
https://doi.org/10.1002/mrm.25670 PMID: 25872755

Oguz |, Yaxley R, Budin F, Hoogstoel M, Lee J, Maltbie E, et al. Comparison of Magnetic Resonance
Imaging in Live vs. Post Mortem Rat Brains. PLoS One. 2013; https://doi.org/10.1371/journal.pone.
0071027 PMID: 23967148

PLOS ONE | https://doi.org/10.1371/journal.pone.0248341 March 11, 2021 30/30


https://doi.org/10.1002/hbm.23397
http://www.ncbi.nlm.nih.gov/pubmed/27634551
https://doi.org/10.1016/j.neuroimage.2016.05.005
http://www.ncbi.nlm.nih.gov/pubmed/27153982
https://doi.org/10.1093/cercor/bhn232
https://doi.org/10.1093/cercor/bhn232
http://www.ncbi.nlm.nih.gov/pubmed/19150922
https://doi.org/10.3389/fneur.2017.00232
http://www.ncbi.nlm.nih.gov/pubmed/28611728
https://doi.org/10.1542/peds.2005-2675
https://doi.org/10.1542/peds.2005-2675
http://www.ncbi.nlm.nih.gov/pubmed/16818545
https://doi.org/10.1002/mrm.1910380414
http://www.ncbi.nlm.nih.gov/pubmed/9324327
http://www.ncbi.nlm.nih.gov/pubmed/10542355
https://doi.org/10.1002/mrm.1910360316
http://www.ncbi.nlm.nih.gov/pubmed/8875415
https://doi.org/10.1016/0730-725x(86)91046-5
http://www.ncbi.nlm.nih.gov/pubmed/3669950
https://doi.org/10.1371/journal.pone.0133921
https://doi.org/10.1371/journal.pone.0133921
http://www.ncbi.nlm.nih.gov/pubmed/26226146
https://doi.org/10.1016/j.neuroimage.2016.11.014
http://www.ncbi.nlm.nih.gov/pubmed/27845256
https://doi.org/10.1002/mrm.25670
http://www.ncbi.nlm.nih.gov/pubmed/25872755
https://doi.org/10.1371/journal.pone.0071027
https://doi.org/10.1371/journal.pone.0071027
http://www.ncbi.nlm.nih.gov/pubmed/23967148
https://doi.org/10.1371/journal.pone.0248341

