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Abstract
Subject motion can introduce noise into neuroimaging data and result in biased estimations of brain
structure. In-scanner motion can compromise data quality in a number of ways and varies widely across
developmental and clinical populations. However, quanti�cation of structural image quality is often
limited to proxy and indirect measures gathered from functional scans; this may be missing true
differences related to these potential artifacts. In this study, we take advantage of novel informatic tools,
the CAT12 toolbox, to directly measure image quality from T1-weighted images to understand if these
measures of image quality: 1) relate to rigorous quality-control checks visually completed by human
raters; 2) are associated with sociodemographic variables of interest; 3) in�uence regional estimates of
cortical thickness and subcortical volumes from the commonly-used Freesurfer tool suite. We leverage
public-access data that includes a community-based sample of children and adolescents, spanning a
large age-range ( n=388; ages 5-21 ). Interestingly, even after visually inspecting our data, we �nd image
quality signi�cantly impacts derived cortical thickness and subcortical volumes from multiple regions
across the brain (~44% of the regions investigated). We believe these results our important for research
groups completing structural MRI studies using Freesurfer or other morphometric tools. As such, future
studies should consider using direct measures of image quality to minimize the in�uence of this potential
confound in group comparisons or studies focused on individual differences.

Introduction
Neuroimaging methods are increasingly common, but with these advancements, there has been a greater
understanding of the potential confounds and limitations of these research techniques. One of the most
common limitations of neuroimaging research is that of motion-related artifacts. This type of noise is
caused by participant movement during a neuroimaging session and may impact assessment of brain
structure and function1–4. For those interested in neurodevelopment and mental health, such noise and
bias may be particularly important to address. While head motion varies considerably among individuals,
children typically move more than adults and patient groups move on average more than controls5,6.

Multiple resting state fMRI studies have highlighted the importance of this issue, as incredibly small
differences in motion have been shown to yield signi�cant differences in estimates of functional
connectivity among healthy samples1,3. In fact, head movements within fractions of a millimeter have
been shown to signi�cantly bias correlations between BOLD-activation time series’ in a distant dependent
manner, leading to spurious estimates of connectivity within functional networks3,7. Further, recent work
has shown that head motion is consistent within individual subjects from one scanning session to the
next, raising the potential for motion to confound the exploration of individual differences within the
same population8. Particularly challenging, these differences persist even after extensive motion
correction procedures9,10. This has thus motivated a methodological sub-�eld focused on effective ways
to reduce motion-related noise in resting-state and other forms of functional MRI.
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While a great deal of progress has been made in quantifying and addressing the impact of head-motion
in functional analyses, less attention has been given to structural MRI. It is, however, clear that head
motion has been shown to compromise derived measures of volume and thickness in regions of cortical
gray matter11–13. Such effects remain after automated correction, suggesting that in-scanner motion
induces spurious effects that do not re�ect a processing failure in software; rather, they re�ect systematic
bias (e.g., such as motion-induced blurring) and this may appear similar to gray matter atrophy12. These
may be particularly important issues to examine in youth and/or clinical populations.

While the impact of movement on structural MRI is clear, methods of quantifying and addressing motion-
related noise in structural MRI have been limited. With particularly noisy structural data, researchers
traditionally “�ag” problematic scans and remove these subjects from further analyses. This process
involves raters visually assessing each T1-weighted structural image. A limitation of this strategy is that
many phenotypes of interest are inherently more prone to head motion (e.g., children under 9; individuals
with clinical diagnoses11,13). Also, human rating systems are relatively impractical for large scale
datasets. A further challenge is that visual inspection by human raters is relatively subjective. Numerous
studies have showcased this, with moderately concerning inter- and intra- related variability among
human-rating systems14. Further, even for structural scans that pass “visual inspection”, there may still be
important variations in data quality which impact morphometric estimates. Put another way, some scans
may be “just above” threshold for raters, while other volumes may be of utmost quality; both types of
scans, however, would be simply considered “usable”11.

Thinking holistically, these multiple problems are in part due to the limited information about noise
typically available for structural MRI scans. Structural MRI involves the acquisition of only one, higher
resolution volume. To date, this has prohibited rich assessments of noise and subject movement in
contrast to fMRI. Functional MRI involves the acquisition of dozens, often hundreds, of lower resolution
brain volumes; this allows for the calculation of frame-by-frame changes in a volume’s position, and a
clear metric of subject movement during fMRI scanning acquisitions. The ease in collection of this sort of
data has led some to advocate for the use of fMRI-derived motion parameters, such as mean Framewise
Displacement (FD), to identify structural brain scans that contain motion-related bias. Recent work has
showed that by additionally removing FD outliers from a sample of visually inspected T1-weighted
images, the effect sizes of age and gray matter thickness were attenuated across a majority of the
cortex15. It is, therefore, possible that some past results of associations between participant variables and
brain morphometry may be inaccurate, likely particularly in�ated in “motion-prone” populations.
Additional work would be necessary to clarify precisely how motion-related bias and noise in T1w images
varies and overlaps across distinct study populations.

While past structural MRI studies have suffered from the limitations noted above, advancements of novel
informatic tools may overcome these issues. Quality assessment tools have been recently introduced
that provide easy-to-implement, automated, quantitative measures of structural neuroimaging volumes.
For example, the MRI Quality Control tool (MRIQC) has recently been introduced and can speak to
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different quality attributes of structural (and other MRI) images16. Similarly, the Computational Anatomy
Toolbox for SPM (CAT12) assesses multiple image quality metrics and provides an aggregate “grade” for
a given structural MRI scan17. Thinking about past research, it is unclear if structural MRI quality is
related to commonly derived structural measures (e.g., cortical thickness; regional subcortical volumes).
Thoughtful work by Rosen and colleagues18 began to investigate this idea. These researchers found that
metrics from Freesurfer, speci�cally Euler number, were consistently correlated with human raters’
assessments of image quality. Furthermore, Euler number, a summary statistic of the topological
complexity of a reconstructed brain surface, was signi�cantly related to cortical thickness.

While important, one of Rosen and colleagues’ major results could be described as “circular” in nature– a
measure of Freesurfer re-construction (Euler number) is related to measures output by Freesurfer (cortical
thickness)18. In theory, inaccuracy or variability of Freesurfer re-construction could be due to MR quality
and/or algorithmic issues. The use of an independent measure of quality in relation to Freesurfer outputs
would provide stronger evidence of the potential impact of MRI quality on morphometric measures. In
addition, Rosen and colleagues did not investigate if Euler number, their measure of MR quality, was
related to subcortical (e.g., amygdala) volumes. Given the major interest from cognitive and affective
neuroscientists in these areas19,20, it will be important to know if MRI quality impacts volumetric
variations in these structures. Accounting for such variations may be important in reducing potential
spurious associations and increasing the replicability of effects.

To these ends, we investigated three key questions: 1) if an integrated measure of image quality, output
by the CAT12 toolbox uniquely related to visual rater judgement (retain/exclude) of structural MRI
images; 2) if variations in image quality related to sociodemographic and psychosocial variables (e.g.,
age; sex; clinical diagnosis); 3) if CAT12 image quality was associated with differences in commonly-
used structural measures derived from Freesurfer (both cortical thickness and subcortical volume).

Materials And Methods
2.1 Participants.

Data from 388 participants between the ages of 5–21 years of age with T1-weighted structural images
were downloaded from two data waves of an ongoing research initiative, The Healthy Brain Network
(HBN), launched by The Child Mind Institute in 2015. For sample characteristics, see our Table 1.
Participants with cognitive or behavioral challenges (e.g., being nonverbal, IQ < 66), or with medical
concerns expected to confound brain-related �ndings were excluded from the HBN project. The HBN
protocol spans four sessions, each approximately three hours in duration. For additional information
about the full HBN sample and measures, please see the HBN data-descriptor21.

Table 1. 
Demographic Table
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2.2 MRI Data Acquisition.
MRI acquisition included structural MRI (T1, T2-space), magnetization transfer imaging, and quantitative
T1- and T2-weighted mapping. Here, we focused on only T1-weighted structural MRI scans. A Siemens 3-
Telsa Tim Trio MRI scanner located at the Rutgers University Brain Imaging Center (RU) was equipped
with a Siemens 32-channel head coil. T1-weighted scans were acquired with a Magnetization Prepared -
RApid Gradient Echo (MPRAGE) sequence with the following parameters: 224 Slices, 0.8 × 0.8 × 0.8 mm
resolution, TR = 2500 ms, TE = 3.15 ms, and Flip Angle = 8°. All neuroimaging data used in this study are
openly available for download with proper data usage agreement via the International Neuroimaging
Data-sharing Initiative (http://fcon_1000.projects.nitrc.org/indi/cmi_healthy_brain_network/). Again,
please see the HBN data descriptor for more information for additional information21.

2.3 Visual Quality Inspection.

All T1-weighted scans were separated by release wave then visually inspected by a series of human
raters that were trained to recognize frequent indications of scan artifacts and motion. This training
provided examples and descriptions for artifacts including “ringing”, “ghosting”, “RF-Noise”, “head
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coverage”, and “susceptibility”. Examples of this protocol are detailed in our Supplemental Materials.
Each rater was instructed to give a score between 1 and 10, with high number being assigned to higher
quality images. A score of a 6 was chosen as a cutoff for scan inclusion in further research. To minimize
any rater idiosyncrasy, all ratings were z-scored (within rater), averaged across raters, and compared to
the averaged z-score for the cutoff (6.0) points. Scans for which the averaged z-scored rating was greater
than the averaged z-score cutoff point were retained (passing n = 209) and the rest were removed from
further analysis.

2.4 Image Quality Metrics.

The CAT12 toolbox (Computational Anatomy Toolbox 12) from the Structural Brain Mapping group,
implemented in Statistical Parametric Mapping, was used to generate a quantitative metric indicating the
quality of each collected MR-image17,22. The method employed considers four summary measures of
image quality: 1) noise to contrast ratio, 2) coe�cient of joint variation, 3) inhomogeneity to contrast
ratio, and 4) Root mean squared voxel resolution. To produce a single aggregate metric that serves as an
indicator of overall quality, this toolbox normalizes each measure and combines them using a kappa
statistic-based framework, for optimizing a generalized linear model through solving least squares23.
This measure ranged from 0–1, with higher values indicating better image quality. Additional information
is available at: http://www.neuro.uni-jena.de/cat/index.html#QA. Quality assessment for one MRI scan
could not be completed through the CAT12 toolbox due to excessive noise. Of note, and relevant for the
use of the CAT12 toolbox as a quality control tool, generation of image quality metrics (and all the steps
of the CAT12 toolbox) took approximately 20 minutes per subject/scan (on entry-level computers, e.g., an
Apple iMac with a 2.8 GHz quad-core Intel Core i5 processor and 16 GB of RAM).

2.5 Sociodemographic, Cognitive, and Psychiatric Measures

Sociodemographic (self-report), cognitive, and psychiatric data was assessed through the COllaborative
Informatics and Neuroimaging Suite (COINS) Data Exchange after completion of appropriate data use
agreements. We chose a number of measures relevant to research groups that we believed may covary
with structural MRI quality. Motivated by past studies, these included: age, sex, body mass index (BMI),
general cognitive ability (IQ), and clinical diagnoses. The Wechsler Intelligence Scale for Children (WISC-
V) was used as a measure of general cognitive ability (IQ) and was completed on 336 participants in the
sample; the WISC-V is an individually administered clinical instrument for assessing the intelligence of
youth participants 6–16 and generates a general cognitive ability score (Full-Scale Intelligence Quotient;
FSIQ). Related to clinical diagnoses, the presence of psychopathology was assessed by a certi�ed
clinician using semi-structured DSM-5-based psychiatric interview (i.e., the Schedule for Affective
Disorders and Schizophrenia for Children; KSADS-COMP). This data was available for 367 participants in
our sample. Mean, standard deviation, and ranges for all the sociodemographic, cognitive, and
psychiatric measures are noted in Table 1. Additional information about these measures are noted in our
Supplemental Materials.
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3.1 Image Pre/processing (Freesurfer)

Standard-processing approaches from Freesurfer (e.g., cortical reconstruction; volumetric segmentation)
were performed in version 6.0. Freesurfer is a widely-documented and freely available morphometric
processing tool suite (http://surfer.nmr.mgh.harvard.edu/). The technical details of these procedures are
described in prior publications24–29. Brie�y, this processing includes motion correction and intensity
normalization of T1 weighted images, removal of non-brain tissue using a hybrid watershed/surface
deformation procedure30, automated Talairach transformation, segmentation of the subcortical white
matter and deep gray matter volumetric structures (including hippocampus, amygdala, caudate, putamen,
ventricles), tessellation of the gray matter white matter boundary, and derivation of cortical thickness. Of
note, the "recon-all" pipeline with the default set of parameters (no �ag options) was used and no manual
editing was conducted. After successful processing, we extracted volumes from subcortical structures, as
well as mean cortical thickness for the 34 bilateral Desikan-Killiany (DK) atlas regions31. Scans from four
participants did not complete processing in Freesurfer due to technical issues; this brought the total
sample size (passed visual inspection, and with Freesurfer processing completed) to n = 205.

3.2 Statistical Modeling

We �rst constructed logistic regression models that used an aggregated measure of image quality from
the CAT12 toolbox and the outcome of passing or failing visual quality assurance checks completed by
trained human raters. Receiver operating characteristic curves were computed to understand true positive
(sensitivity) and false positive rates. For these receiver operating characteristic measures, the area under
the curve (AUC) was computed to show classi�cation performance at all classi�cation thresholds (and
distinguishing between classes of passing or failing visual quality assurance checks). Bayesian logistic
models were also constructed to probe potential over-�tting and biases common to Frequentist logistic
models32. Next, bivariate correlations were calculated to examine relations between our image quality
and sociodemographic variables of interest, including age, sex, IQ, BMI, and clinical diagnosis. Finally, we
computed 84 bivariate correlations between image quality and Freesurfer outputs (68 mean cortical
thickness estimates from the DK atlas; 16 subcortical regions). Of note, cerebral spinal �uid Freesurfer
subcortical outputs (e.g., Lateral ventricle; Left-choroid-plexus) were excluded from analyses. Given the
number of statistical tests conducted and to further reproducibility, we adjusted all p-values of this last
step based on the Benjamini & Hochberg False Discovery Rate Correction33. This commonly-used
approach has been shown to have appropriate power to detect true positives, while still controlling the
proportion of type I errors at a speci�ed level (α = .05).

Results
4.1 Relations Between Structural MRI Quality and Visual Rejection/Acceptance of Structural Images.

Logistic regression was used to examine relationships between our aggregated MRI quality measure and
the outcome of passing or failing quality assurance checks completed by trained human raters. Logistic
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regression models indicated that structural MRI quality, derived by the CAT12 toolbox) was signi�cantly
related to passing or failing quality assurance checks completed by trained human raters (z = 7.877, p 
< .005; Nagelkerke's R2 = 0.8951). This indicated that greater CAT12 MRI quality was related to a higher
likelihood of passing visual inspection. Bayesian GLM modeling suggested a similar relation, with higher
MRI quality signi�cantly relating to passing visual checks (z = 8.141, p < .005). Receiver operating
characteristic analyses indicated a mean AUC of 98.9% (with 95% con�dence intervals spanning 98.2–
99.6%, as shown in Fig. 1)

4.2 Bivariate Correlations Between Image Quality and Sociodemographic Variables of Interest.
We next examined correlations between image quality, sociodemographic variables of interest (e.g., age,
sex, BMI, and clinical diagnosis). As expected and in line with other reports, image quality was related to
age (r = 0.321, p < .005; as shown in Fig. 2). Older subjects typically had better quality scans. Interestingly,
no other sociodemographic factors were signi�cantly related to image quality (Sex p = 0.196; BMI p 
= .227; Clinical Diagnosis [binary indicator] p = .189). The BMI �nding is in contrast to past results
reported in adults8,34. There was a trend association for image quality and IQ (r = .101, p = 0.06), with high
IQ relating to better image quality. Of note, this is for all participants (not only those passing human rater
visual inspection). If associations are investigated in only those passing visual inspection, the
association with age and image quality remains signi�cant (p = 0.036). All other associations remained
non-signi�cant (all p’s > .3).

4.3 Associations Between Freesurfer Outputs and Structural MRI Quality.
We next examined correlations between structural MRI quality and 84 morphometric outputs from
Freesurfer (68 mean cortical thickness estimates from the DK atlas; 16 subcortical regions). Surprisingly,
structural MRI quality was related to estimates for 37 of the regions (44.05%, as listed in Table 2). Of
note, this is after multiple comparison correction. Thirty-one cortical sub-divisions related to image
quality, all showing positive relations ranging from β = 0.161 to β = 0.523. For these areas, with greater
MRI image quality, higher mean cortical thickness was found. These multiple cortical regions are shown
in Fig. 3. The volumes of our subcortical regions were also related to MRI image quality. Six had positive
associations (3 subdivisions of the corpus callosum, Left Amygdala, and the Left and Right Putamen),
ranging from β = 0.160 to β = 0.243. These are shown in Fig. 4. Example scatterplots depict associations
between image quality and cortical thickness and subcortical volume in Fig. 5A and 5B.

Table 2.  
Freesurfer Outputs Significantly Related to Structural MRI Quality.
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Discussion
The primary goals of this study were three-fold: 1) to see if an integrated measure of image quality
(output by the CAT12 toolbox) related to visual rater judgement (retain/exclude) of structural MRI images;
2) to examine if direct measures of structural imaging quality were associated with sociodemographic
and behavioral variables of interest; 3) to investigate if there were associations between commonly-used
Freesurfer outputs and MRI quality. Related to the �rst goal (and perhaps as expected), the measure of
image quality output by the CAT12 toolbox was strongly related to visual rater judgement of structural
MRI images. Logistic regression models and receiver operating characteristic analyses supported this



Page 10/21

idea. Connected to this second goal, we �rst found signi�cant associations between image quality and
age; there were, however, no relations between IQ, BMI, sex, or clinical diagnosis. Finally, we demonstrated
commonly-derived structural MRI measures were strongly related to image quality. Even after correcting
for multiple comparisons, numerous measurements of cortical thickness and subcortical volumes were
connected to image quality. This was for a large percentage (44%) of the brain regions investigated,
suggesting diffuse, but signi�cant, impacts of image quality on structural morphometric measures. This
result has signi�cant implications for studies of neurodevelopment and other applied work using
structural MRI, as motion artifacts are especially problematic for young children and clinical populations;
these groups may have di�culty remaining still during the time required to collect high-resolution
neuroimaging data.

Contextualizing our results with past research reports, we �nd signi�cant bivariate associations between
image quality and age. However, we did not �nd associations between image quality and factors such as
general intelligence (IQ), and BMI. Such �ndings are in contrast to a few prior publications8,34. This may
be due to the age-range of our sample (5–21 years of age), while those relevant past studies have been
primarily completed in adult samples. Building off of previous studies, we �nd image quality is related to
derived measures of brain anatomy, irrespective of typical (binary) quality threshold cut-offs. Even in
structural scans of high quality (that “pass” visual inspection), in-scanner motion appears to in�uence
volumetric estimations. Indeed, accurate quanti�cation of regional grey matter volume relies on reliable
segmentation from high-resolution MR images. Head motion during an MRI scan can bias segmentation,
which in turn can impact morphometric measurements.

Our results have important implications when thinking about structural MRI, especially for studies
attempting to center-in on individual differences. To our knowledge, we are one of the �rst studies that
has used direct measures of structural MRI quality. Other past studies13,15 have used measures derived
from resting state; while this is a measure of participant movement, it is not speci�cally during the
(structural) MRI scan. Furthermore, this type of information may not be available for all studies, but the
measure we employ here could be derived for any T1-weighted scan. Using this more direct measure of
MRI quality, we found impacts on morphometric variables typically generated from structural images. For
example, other studies have used proxy measures for image quality derived from subject-motion during
functional scans11,15. However, proxy measures for subject motion may be missing true differences
obscured by motion18. Our �ndings build off of past work by Rosen and colleagues’ that found Freesurfer
Euler number was related to Freesurfer cortical thickness volumes. Here, however, we used an
independent metric of image quality (derived from the CAT12 toolbox) and examined correlations with
this measure and commonly-used Freesurfer outputs. This use of an independent image quality metric
provides stronger evidence of the impact of image quality on volume and cortical thickness. Furthermore,
we detail associations between image quality and subcortical volumes. Of particular interest to those
studying emotion, we �nd that volumetric measures of amygdala and putamen were related to image
quality; speci�cally, greater image volume is related to higher volumes in these regions.
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One open question is how best to deal with variations in data quality and the potential effects on
measures of brain anatomy. Data quality (related to subject-motion) may be collinear with other subject-
level variables of interest, including general cognition, body mass index, as well as group status6,8,34 As
such, group-level corrections (using covariates of no interest) have the potential to remove relevant
signals and mask true relationships between variables of interest and brain measures4.While the
inclusion of image quality in statistical models as a variable of no-interest could be a useful starting
approach, the effects of MRI quality could be non-linear in nature (or be linear/non-linear depending on
the brain area in question35). Additional studies are needed to explore this idea.

Considering our project, as well as past studies, our results suggest it will be important to consider image
quality in future structural MRI analyses. In line with current work, studies interested in individual and/or
group differences should �ag/exclude scans of extremely poor quality. Furthermore, in the future,
research groups may think about accounting for individual differences in motion-related image quality by
using direct measures of image quality as covariates in morphometric analyses. Such a strategy could
address indirect effects of motion-related image quality and to con�rm main effects for their variables of
interest. However, as with any covariate of “no interest”, if motion is collinear with other variables,
important variance related to factors of interest may be removed.

Of note, there are many important limitations of our data and our results that must be highlighted. First,
we used a composite measure of image quality, constructed in the CAT12 toolbox. This may be
in�uencing some of the results reported. There are many metrics of image quality, each potentially
capturing unique aspects of noise relevant for MRI morphometry. We relied on an aggregated metric that
combined noise to contrast ratio, coe�cient of joint variation, inhomogeneity to contrast ratio, and root
mean squared voxel resolution. Studies in the future could take a more nuanced approach to these
different measures (for additional information, see
https://mriqc.readthedocs.io/en/stable/iqms/t1w.html), examining associations and in�uences on
similar brain variables to what we reported here. Second, the public access dataset we used here, the
Healthy Brain Network, is not a truly random sample. The dataset has a limited age range (5–21 years of
age) and also employs a community-referred recruitment model. Study advertisements are speci�cally
targeting families who have concerns about one or more psychiatric symptoms in their child. Third,
Freesurfer is only one approach to deriving measures from structural MRI scans. Other metrics, such as
voxel-based morphometry or region of interest drawing, may be similarly impacted by image quality.
These approaches, however, often depend on tissue segmentation and would likely also be in�uenced by
image quality.

Conclusions
These limitations, notwithstanding, we demonstrate that direct measures of structural imaging quality are
strongly linked to commonly-used structural MRI measures, as well as participant age. Importantly, we
show that variations in image quality are strongly related to derivation of brain anatomy. Accounting for
variations in image quality could impact results from applied studies (focused on age, clinical status,
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etc.). Unique to the work, we used direct measures of structural MRI quality rather than proxies of motion
and noise. In the future, research groups may consider accounting for such measures in analyses
focused on individual differences in age, cognitive functioning, psychopathology, and other factors. This
may lead to greater reproducibility in reported effects, as well as a way to minimize any potential
spurious associations.
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ROC curves showing the validity of image quality (derived from the CAT12 toolbox) for discriminating
passing (versus failing) human rater visual checks of quality. Sensitivity and speci�city were both high,
suggesting image quality was able to robustly parse this binary categorization.

Figure 1

ROC curves showing the validity of image quality (derived from the CAT12 toolbox) for discriminating
passing (versus failing) human rater visual checks of quality. Sensitivity and speci�city were both high,
suggesting image quality was able to robustly parse this binary categorization.
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Figure 2

Scatterplot showing participant age (in years; horizontal axis) and image quality (an aggregated measure
of noise to contrast ratio, coe�cient of joint variation, inhomogeneity to contrast ratio, and Root mean
squared voxel resolution, ranging from 0-1; vertical axis).
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Figure 2

Scatterplot showing participant age (in years; horizontal axis) and image quality (an aggregated measure
of noise to contrast ratio, coe�cient of joint variation, inhomogeneity to contrast ratio, and Root mean
squared voxel resolution, ranging from 0-1; vertical axis).
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Figure 3

A graphic depiction (from the R library ggseg) showing associations between image quality and derived
(mean) cortical thickness. This is shown for the Desikan atlas commonly used in Freesurfer. Lateral and
medial views are shown for the right (top) and left (bottom) hemispheres. Only regions passing multiple
comparison correction are depicted, with t-statistics of these associations ranging from 2.31 to 8.75.
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Figure 4

A graphic depiction (from the R library ggseg) showing associations between image quality and
subcortical volume. This is shown for the Freesurfer ‘aseg’ atlas. Coronal (left) and sagittal (right) views
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are shown. Only regions passing multiple comparison correction are depicted, with t-statistics of these
associations ranging from 2.31 to 3.57

Figure 4

A graphic depiction (from the R library ggseg) showing associations between image quality and
subcortical volume. This is shown for the Freesurfer ‘aseg’ atlas. Coronal (left) and sagittal (right) views
are shown. Only regions passing multiple comparison correction are depicted, with t-statistics of these
associations ranging from 2.31 to 3.57

Figure 5

Example scatterplots showing associations between image quality (vertical axis, panels A & B) and
Freesurfer outputs. In panel A, left caudal middle frontal cortical thickness is depicted on the horizontal
axis, while left amygdala volume is shown on the horizontal axis in panel B.
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Figure 5

Example scatterplots showing associations between image quality (vertical axis, panels A & B) and
Freesurfer outputs. In panel A, left caudal middle frontal cortical thickness is depicted on the horizontal
axis, while left amygdala volume is shown on the horizontal axis in panel B.
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