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Abstract
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Multi-center MRI studies can enhance power, generalizability, and discovery for clinical
neuroimaging research in brain disorders. Here, we sought to establish the utility of a clustering
algorithm as an alternative to more traditional intra-class correlation coefficient approaches in a
longitudinal multi-center human phantom study. We completed annual reliability scans on
Travelling human phantoms’. Acquisitions across sites were harmonized prospectively. Twentyseven MRI sessions were available across four participants, scanned on five scanners, across three
years. For each scan, three metrics were extracted: cortical thickness (CT), white matter fractional
anisotropy (FA), and resting state functional connectivity (FC). For each metric, hierarchical
clustering (Ward’s method) was performed. The cluster solutions were compared to participant
and scanner using the adjusted Rand index (ARI). For all metrics, data clustered by participant
rather than by scanner (ARI > 0.8 comparing clusters to participants, ARI < 0.2 comparing
clusters to scanners). These results demonstrate that hierarchical clustering can reliably identify
structural and functional scans from different participants imaged on different scanners across
time. With increasing interest in data-driven approaches in psychiatric and neurologic brain
imaging studies, our findings provide a framework for multi-center analytic approaches aiming to
identify subgroups of participants based on brain structure or function.
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1.

Introduction

Author Manuscript

The collaborative NIMH-funded multi-center study, ‘Social Processes Initiative in
Neurobiology of the Schizophrenia(s)’ (SPINS) aims to identify neural circuitry related to
social cognitive impairments in nearly 500 people who are healthy or who have a
schizophrenia spectrum disorder (SSD). This study is being conducted as a part of the
NIMH’s Research Domain Criteria (RDoC) initiative. SSDs have been associated with
changes across several structural and functional neuroimaging metrics, including deficits in
white matter identified via cortical thickness (Schultz et al., 2010; Wheeler et al., 2015),
diffusion imaging (Voineskos et al., 2010), and resting state functional connectivity
(Rotarska-Jagiela et al., 2010; Zhou et al., 2007). The SPINS study adopted a multi-modal
data acquisition approach to best characterize these structural and functional neuroimaging
metrics and measure how they relate to social cognitive processes.

Author Manuscript

Multi-center data collection allows for larger sample sizes, enabling discovery-based
research (Clementz et al. 2016; Drysdale et al. 2017; Van Essen et al. 2013; Insel et al. 2010;
Cannon et al. 2017) with more generalizable results (Baker, 2016). All multi-center studies
face challenges with data harmonization and quality control (Brown et al., 2011; Fortin et
al., 2017; Glover et al., 2012; Huang et al., 2012; Mirzaalian et al., 2016; Simmons et al.,
2011; Wonderlick et al., 2009). Each of the three sites within the present study had different
MRI scanners, but scan acquisition parameters were harmonized as much as possible across
sites prior to study initiation to minimize site-based variability, and a phantom-based quality
assurance (QA) protocol was developed to track scanner changes over time (Chavez et al.,
2018). We also collected data on a group of individuals, ‘travelling human phantoms’, who
visited all sites annually, to assess the reliability of brain imaging metrics across scanners
and time.

Author Manuscript

Here, we compare the travelling human phantom data on key neuroimaging outcome metrics
to study the influence of site-specific scanner effects over a period of three years. We
hypothesized that participant-level variability of outcome metrics is greater than scannerlevel variability both cross-sectionally and over time. We tested this assumption via cluster
analysis (Finn et al., 2015; Shen et al., 2017). Previous studies aimed at characterizing intersite reliability or differences have focused on factors such as intraclass correlation (ICC) of
various metrics across sites (Jovicich et al. 2013, 2016; Forsyth et al. 2014; Whelan et al.
2016) or across-session reproducibility (Jovicich et al. 2014; Pfefferbaum et al. 2003; Choe
et al. 2015; Kristo et al. 2014; Noble et al. 2017). The North American Prodrome
Longitudinal Study (NAPLS) is an excellent example, scanning eight subjects twice each at
eight scanners, and having examined the generalizability of the results across various
imaging modalities and pipelines (Gee et al. 2015; Forsyth et al. 2014). The purpose of these
analyses in traveling subjects or multi-scanner studies is often to determine if combining
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data across scanners is acceptable (as in e.g., Cannon et al. 2017; Deprez et al. 2018) or to
determine the specific effects of doing so on a particular measure (Helmer et al. 2016).
While these metrics can be highly informative, they may also present an incomplete picture.
For example, while ICCs of repeated resting fMRI data are often quite low (Anderson et al.,
2011; Birn et al., 2013; Noble et al., 2017; Patriat et al., 2013), individual scans across time
can be reliable enough to be identifying within an individual (Finn et al., 2015), and ICCs
may be greater for more global, connectomic measures (Noble et al., 2017), suggesting that
ICC scores vary by measure and method, and low ICCs may obscure the true reliability of
the measures within as opposed to between participants.

Author Manuscript

We chose an approach that examines neuroimaging outcome metrics across sites, time, and
participants simultaneously. Rather than determining simply whether the scanner data are
suitably harmonized (in the spirit of Glover et al. 2012), or as an estimate of the power gain
from a multi-site study, our approach treats the outcome metrics as a classification problem
and attempts to group the scans by participant (in the ‘fingerprinting’ spirit of Finn et al.,
2015) using neuroimaging data across multiple sites and time-points. Our structural and
functional metrics of interest were: cortical thickness (CT) from structural T1, fractional
anisotropy (FA) from diffusion weighted (DTI) scans, and functional connectivity (FC) from
resting fMRI. We used hierarchical clustering to evaluate classification accuracy across time
and site. This study had two purposes: 1) to demonstrate that MRI metrics would be
individually identifying even across scanners, supporting the collapsing of data across sites,
and 2) to demonstrate that hierarchical clustering applied to MRI metrics would identify
similar scans, even in the case of a small sample with many variables. We hypothesized that
scan metrics would cluster together by individual participant rather than by site. As an
additional exploration of scanner influences on our neuroimaging metrics, scanner-based
differences were examined in each neuroimaging metric, and scan-to-scan reliability was
assessed using ICC.

Author Manuscript

2.
2.1.

Methods
MRI scanners

Author Manuscript

Data were collected at three sites starting in 2014. The Centre for Addiction and Mental
Health (CMH) in Toronto used a General Electric 750w Discovery 3T MRI throughout the
study. Maryland Psychiatric Research Center started data collection using a Siemens Tim
Trio 3T MRI (this MRI will be referred to as MRC) in 2014-15, and then upgraded to a
Siemens PRISMA 3T MRI in 2016 (referred to as MRP). Zucker Hillside Hospital in New
York started data collection using a General Electric 750 Signa 3T MRI in 2014 and 2015
(referred to as ZHH), and then upgraded to a Siemens PRISMA 3T MRI in 2016 (referred to
as ZHP). Scans were labeled by site tag and scanning year. As scans were collected
annually, we used the following terminology: ‘Year1’ is study initiation (fall of 2014),
‘Year2’ is the fall of 2015, and ‘Year3’ is the fall of 2016. Thus, for example, CMH_Year1
was a scan at the CMH scanner at study initiation, MRC_Year2 was a scan at the beginning
of the second year on the original scanner at the MRC site, and ZHP_Year3 was a scan at
beginning of the third year on that site’s upgraded scanner. Scans were performed at CMH
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for years one, two and three, on the ZHH and MRC scanner for years one and two, and at
ZHP and MRP scanners for year three only. See Table 1 for study scanning flow.
2.2.

Participants (human phantoms)
Data were collected from four healthy male adult participants aged 34 to 59. No participant
had a history of psychiatric or neurological problems, including concussion, or other serious
medical conditions. Participant 1 (P1) had six total scans, one at each site for Year1 and
Year2. This participant was unavailable for Year3. P2 and P3 completed all nine possible
scans. P4 was introduced in Year3, and completed three scans (CMH, ZHP, and MRP). See
Table 1 for a schematic of participant characteristics and study scanning flow. The study had
REB or IRB approval at all three sites, and all participants gave informed consent.

2.3.

MRI scan parameters

Author Manuscript
Author Manuscript

Scanning parameters were matched as closely as possible across all scanners, within the
limitations of the scanner hardware. A complete list of all scan parameters by site is
included in Supplemental Table 1. T1 anatomical scans were manufacturer-specific fast
gradient echo sequences (MPRAGE for the Siemens scanners and BRAVO for GE scanners;
TR = 2300 ms, 0.9 mm isotropic, no gap, interleaved ascending acquisition order, with TE
from 2.78-3ms, as determined by the scanner-specific hardware). As is standard practice at
that site to increase scan SNR (Kochunov et al., 2006), at MRC and MRP three T1 scans
were acquired and subsequently averaged into a single image prior to any preprocessing.
DTI scans used an axial EPI dual spin echo sequence (60 gradient directions, b = 1000, five
baseline scans with b = 0 (or six in the case of the PRISMA scanners at MRP and ZHP), TR
= 8800 ms, with the exception of ZHH where TR = 17700 ms; TE = 85 ms; FOV = 256 mm;
in-plane matrix size was 128 × 128, 2.0 mm isotropic voxels). Resting fMRI scans used an
EPI sequence (number of volumes acquired was 212, TR = 2000 ms, TE = 30.0 ms, FOV =
20 cm, 40 slices of 4 mm thickness, interleaved ascending acquisition order). The resting
MRI scan lasted seven minutes, and participants were instructed to close their eyes, remain
awake, and let their mind wander.
2.4.

MRI analyses
2.4.1. Cortical thickness (CT) analysis—T1 scans were processed using FreeSurfer
(Fischl, 2012) (version 5.3.0). In accordance with the ENIGMA protocol (http://
enigma.usc.edu/protocols/imaging-protocols), average CT was extracted for 68 ROIs from
the Desikan-Killiany atlas (Desikan et al., 2006).

Author Manuscript

2.4.2. Fractional anisotropy (FA) analysis—DTI data for the three sites were
processed using the ENIGMA-DTI analysis pipeline (Jahanshad et al., 2013) (http://
enigma.ini.usc.edu/ongoing/dti-working-group/), which includes quality control and quality
assurance steps. The ENIGMA pipeline runs a variant of tract-based spatial statistics (Smith
et al., 2006), in which the data is warped via a non-linear transform (FNIRT) to a specific
template and FA values are extracted from a set of ROIs, and was implemented using FSL v
5.0.9 (Jenkinson et al., 2012). The DTI data were corrected for motion and eddy current
distortions, a diffusion tensor was fitted for each voxel, and FA maps were generated using
FSL. Next, individual FA maps were warped to an ENIGMA-DTI template and projected
Psychiatry Res Neuroimaging. Author manuscript; available in PMC 2019 April 25.
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onto the ENIGMA-DTI skeleton that represents the middle of the tract of major white matter
structures. ENIGMA-DTI per-tract average values were calculated for 63 ROIs from the
Johns Hopkins University White Matter Atlas (Mori et al., 2005) by averaging values along
tract regions of interest in both hemispheres.

Author Manuscript

2.4.3. Functional connectivity (FC) fMRI analysis—The first four TRs were
removed from each fMRI series followed by slice timing correction. AFNI (Cox, 1996) (v.
2014.09.22) was used to deoblique each image, perform motion correction, and perform
brain masking. Time series outliers were removed via L1 regression (using AFNI’s
3dDespike) and each run was scaled to have a global mean signal of 1000. Framewise
displacement (FD) was calculated during motion correction, as was a measure of
instantaneous global signal fluctuation (DVARS, the root mean square of in-brain intensity
changes per TR) (Power et al., 2012). If FD or DVARS exceeded 0.3mm/TR or 3%,
respectively, for a given TR, that TR, the one preceding it, and the one following it were
replaced with a linear interpolate between the surviving TRs. A nuisance regression model
was generated for each subject to remove potential noise components, with the following
regressors: second order Legendre polynomial, the six head motion parameters, the mean
white matter signal (WM), the mean cerebrospinal fluid signal (CSF), the global mean brain
signal, the derivative, squares, and squares of the derivatives of these signals, and finally the
first three principal components of the WM and CSF (aCompCor) (Muschelli et al., 2014).
In this way, we accounted for the tissue-specific regressors, head motion parameters
(Satterthwaite et al., 2013), and the regression of the global mean signal, which while
introducing artefactual negative correlations is also known to increase the correspondence of
electrophysiological and hemodynamic signals (Keller et al., 2013). Time series were then
low-passed using a bi-directional Butterworth filter and a cut-off frequency of 0.1 Hz (Carp,
2013). The registration transformation between each subject’s T2*-weighted (EPI BOLD)
volumes and their T1-weighted volume were calculated between the 3Ddespike and
nuisance regression steps described above using linear registration (6 degrees of freedom;
FSL FLIRT). The linear (12 DOF) and non-linear transform between the T1-weighted
volume and MNI atlas were also calculated using FNIRT. These transformations were finally
concatenated and applied to the low-pass filtered T2*-weighted volumes to warp the fMRI
data into MNI space in one step. Resting functional connectivity was calculated from the
average time series within 268 ROIs (Shen et al., 2013). This atlas was selected as it was
recently shown to be of sufficient resolution to allow for identifying individuals using their
resting state functional connectivity alone (Finn et al., 2015). Pairwise correlations were
calculated for each ROI, resulting in 35778 unique connections.

Author Manuscript
Author Manuscript

2.5.

Statistical analysis
2.5.1. Evaluating cross scanner differences—A Mixed Effect Model was used to
test for differences in our neuroimaging metrics across scanners. The model used scanner
nested within year and subject, as well as year nested within subject as random effects.
Scanner also entered the model as fixed effect since we were interested in its overall effect.
2.5.2. Hierarchical clustering—A matrix was created for each modality (CT, FA, and
FC), with scanning sessions as rows and the neuroimaging metric as columns. All modalities
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were analyzed similarly. Euclidean distance (the sum of the squared difference between all
data points) was calculated between each pair of scanning sessions for each metric. Note that
as Euclidean distance is related to the scale/range and number of points in the input data, it
cannot be compared across metrics. Hierarchical clustering was performed using Ward’s
minimum variance method (Ward, 1963). During each stage of the bottom-up agglomerative
hierarchical clustering procedure, total within-cluster variance is minimized by identifying a
new cluster pair/linkage that leads to the minimum increase in total within-cluster variance.
Ward’s linkage works under the assumption that the initial distances between each pair of
data is proportional to the Euclidean distance. Given that the clustering approach groups
similar data sets together, it can be considered a classifier, with the classification being
accurate when scans from individuals are correctly grouped together.

Author Manuscript

2.5.3. Evaluating cluster accuracy—As we had specific a priori cluster labels to
compare (travelling human phantom ID or scanner), we compared a range of cluster
solutions to these a priori labels using the adjusted Rand index (ARI; (Hubert and Arabie,
1985; Rand, 1971), which was calculated via a MATLAB function (https://github.com/
areslp/matlab/blob/master/code_cospectral/RandIndex.m; accessed April 2017). The ARI is
the probability that any pair of data points share a label across two input solutions (e.g. if
data points A and B share a label in two cluster solutions, they are a “match”), adjusted for
the random chance probability for matched labels given the number of pairs. ARI values
approximating zero indicate no overlap or random overlap, and an ARI of one indicates
perfect matching of labels. Note that for a set of unmatched labels (e.g. comparing four
participant IDs to a solution of five clusters) the ARI will by definition be below one,
because it is not possible for all labels to match, though an ARI can still be calculated.

Author Manuscript

‘Ground truth’ labels for each of the 27 scans were created for comparison to cluster
metrics. These ground truth labels included participant ID (collapsed across scanner and
year; k = 4), scanner (collapsed across participant ID and year; k = 5), and year (collapsed
across participant ID and scanner; k = 3). Additionally, as we were interested to examine
scanner-based effects in the data, we created an additional label of participant by site,
collapsed across years (k = 16; e.g. P1 at CMH, P1 at MRC, P2 at CMH, etc.). For
completeness, labels were also created for scanner by year and participant ID by year. For
each imaging metric, the resulting linkage tree (dendrogram) was divided into separate
solutions ranging from two to 20 clusters. Cluster membership was compared to these
ground truth labels using the ARI, thus allowing a quantitative comparison of the accuracy
of each cluster solution against a ground truth of a priori labels.

Author Manuscript

In order to formally assess if the ARI differed from chance, a null distribution was created
using a permutation approach. Each label was randomized across 1000 iterations and
compared to the cluster solutions from two to 20 clusters, thus representing a distribution of
ARI in the null case (e.g. when labels were random but with the same frequency as the true
labels). ARI values which fell above 99% of this null distribution were considered
significant (i.e. the cluster solution grouped by label more so than would be expected by
chance). The evaluation of ARI relative to these labels allowed us to quantify if scans
clustered by any of these labels, and to what extent.
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2.5.4. Intraclass correlation coefficient (ICC) calculation—To facilitate
comparison to other studies, ICC was calculated according to the methods of Shrout and
Fleiss (1979), using a two-way mixed single measures model; ICC(3,1) as defined in the
Shrout and Fleiss notation. ICC was calculated for the three metrics for each participant
(collapsing across scanners and year), and for scanners (collapsing across participants and
years).

3.
3.1.

Results
Scanner differences by metric

Author Manuscript

Mean CT, FA, and FC values for each scan, separated by scanner, are presented in Fig. 1.
The mixed effects model revealed significant differences across scanners for mean CT,
F(4,14) = 28.5, p < 0.0001, and for mean FA, F(4,8) = 82, p < 0.0001, but not for FC, F(4,
9.8) = 0.78, p = 0.56. Given that there were scanner-specific effects in the CT and FA
metrics, scanner effects were regressed out of each ROI by building a model incorporating
one column per site (thus treating site as a non-linear nominal variable). All further analyses
on CT and FA were run on this data with scanner-based effects regressed out, unless
otherwise specified.
3.2.

Hierarchical clustering

Author Manuscript

Cluster solutions for CT, FA, and FC are presented in Fig. 2. For both CT and FA, scans
clustered by participant ID as opposed to site. In both cases, a four cluster solution resulted
in a perfect match with participant ID. In the cluster results for FC, one scan from P3 (Year2
at MRC) was excluded due to excessive motion (only 12 TRs retained after motion
censoring). The remaining scans largely clustered by participant ID, with the exception of
three scans from P3 (one of which clustered with P4, and two of which formed singular
clusters). As one scan from P3 had been removed due to excessive TR censoring, we
examined these three misclassified cases. Two of these scans each formed a cluster of size
one. Both scans had the majority of TRs censored due to motion (113 and 136, respectively,
out of a total of 208 TRs included in the analysis), and can therefore be considered high
motion scans which would likely be excluded from most studies. The P3 scan that clustered
with P4 had only a single TR removed due to censoring, thus representing a classification
error.

Author Manuscript

We further explored motion by examining the number of TRs censored in other participants.
The average number of censored TRs by participant is presented in Supplemental Table 2.
Of the P3 scans which were correctly classified, the highest number of censored TRs is 66.
Amongst other participants, the most censored TRs in a single scan is 38. Notably, while P2
had a moderate number of censored TRs (mean 22.1, range 7–33), the scans from that
participant were still correctly classified by participant ID. This suggests that resting fMRI
may be generally reliable even in the presence of moderate motion, when adequate
processing and noise reduction is performed, while emphasizing the need to remove high
motion scans.
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As scanner effects were regressed from both FA and CT, we ran an additional clustering
analysis on those data sets without regressing scanner effects (Supplementary Fig. 1).
Despite the fact that there was a significant scanner effect in CT, the scans still clustered by
participant, with the exception of P2, who split into two connected smaller clusters
(separating MRC and MRP scans from the other sites). For FA, scanner effects were evident
in this clustering solution, with the Prisma scanners (MRP and ZHP) forming a distinct
cluster. Additionally, clustering on CT was rerun using only regions in the prefrontal cortex
(Supplementary Fig. 2), showing accurate clustering by participants with only a smaller set
prefrontal ROIs. Clustering with FC was rerun using only nodes in the default mode network
(DMN), which resulted in a greater number of classification errors, suggesting single
network connectivity was less useful for identifying individuals than whole brain
connectivity.

Author Manuscript

3.3.

Evaluating cluster accuracy via ARI
The analysis comparing the ARI for each cluster solution from two to 20 for each metric is
presented in Fig. 3. Solutions for which the ARI for each label was above the 99th percentile
of the null are flagged with a circle. For both CT and FA, the ARI for participant ID was
above the null for all cluster solutions, with an ARI of one for the four cluster solution,
indicating a perfect match between participant ID and the cluster solution. The ARI
naturally decreased between ID and cluster solutions greater than four, as comparing an
increasing number of cluster labels to the four labels in the ID solution will by definition
decrease ARI. Year and scanner were near zero and below the null for all solutions for both
FA and CT. ARI for ID by scanner and ID by year were above the null for several cluster
solutions in CT and FA. However, these ARI values remained relatively low (peaking at ARI
< 0.4, as opposed to ARI = 1 for participant IDs).

Author Manuscript

ARI analysis for FC was performed with the two high motion scans from P3 removed, as
those scans separated to form singleton clusters and will bias the ARI scores. When
comparing cluster solutions to participant IDs, the highest ARI was found for a four cluster
solution (ARI = 0.922), again showing very close agreement between participant label and
cluster labels. When comparing cluster solutions to scanners, ARI for all cluster solutions
did not exceed our null distribution threshold. Again, ARI values comparing the cluster
solutions for FC to the ID by scanner and ID by year were above the null for several cluster
solutions, but were still relatively low (ARIs < 0.4) compared to ID.
3.4.

Intraclass correlation coefficients

Author Manuscript

ICCs were calculated using both the original CT, FA, and FC values (prior to regressing
scanner effects from CT and FA), and on CT and FA with scanner effects regressed out. ICC
values for participants and scanners are presented in Table 2. For data without regressing
scanner effects, ICCs for CT were in the range of 0.89–0.98, for FA were in the range of
0.82–0.97, and for FC were in the range of 0.22–0.39. ICCs were in most cases higher
within participant than within scanner. ICCs across scanners were still quite high for CT and
FA. Regressing scanner effects from ROIs in CT and FA resulted in a reduction in ICC
values. There was a moderate drop in within participant ICCs, save for the scans for P4
which had an ICC near zero. This may be related to the fact that scanner and ID are in fact
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confounded, in that not all participants had equal data on all scanners. ICC for scanner was
negative in all cases when scanner was regressed from the data, suggesting no scan-to-scan
reliability across scanners.

4.

Discussion

Author Manuscript

We examined twenty-seven MRI datasets for four individuals collected across three sites,
five scanners, and three annual scanning sessions. Scanning parameters were harmonized
across sites to minimize inter-site variance. Rather than only assess reliability across scans
and time via similarity metrics such as intraclass correlation, we used a hierarchical
clustering approach to examine whether results of each neuroimaging measure were more
similar within-subject compared to within-scanner. We sought to determine whether this
clustering approach could identify an individual from all other participants (Finn et al.
2015). Scanner-based effects were present in both the CT and FA data; these were corrected
for by regressing scanner effects from each ROI. Alternate approaches (Chen et al., 2014;
Fortin et al., 2017; Mirzaalian et al., 2016) may be more appropriate for group comparisons
or multivariate statistical approaches across multiple brain regions simultaneously.
Classification accuracy was high across all metrics, with no misclassifications in CT or FA,
and only a single individual misclassified based on FC. Critically, the perfect or high
classification accuracy (quantified via ARI) across individuals shows that these metrics can
be considered reliable indicators of structure and function that are specific to an individual.
This provides strong support for the integration of data in multi-center studies, and supports
the use of hierarchical clustering to identify individuals across imaging metrics.

Author Manuscript
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While traditional analyses of neuroimaging data have relied upon group statistics, they
explicitly assume homogeneity within the samples under investigation. This assumption is
dubious even in healthy individuals, where variability in task activity (Miller et al. 2012) and
functional architecture (Gordon et al. 2017) appear to be the norm rather than the exception.
Data driven approaches may be less limited by heterogeneity compared to case-control
designs, and thus may represent an opportunity for discovery, especially within psychiatric
populations (Van Horn, Grafton, and Miller 2008). Recent work has highlighted the power
of clustering approaches for uncovering new disease and treatment response subtypes
respectively (Clementz et al. 2016; Drysdale et al. 2017). We demonstrated that clustering
can be used to group scans with similar characteristics, even when site/scanner based effects
are present. Furthermore, even when examining the full spectra of information available for
a given neuroimaging metric, we were able to achieve high classification accuracy. This
supports the use of hierarchical clustering as a tool for discovery to identify groups of
participants in a larger dataset with similar brain structure or connectivity. Furthermore, it
may be reasonable to do so using data from the entire brain rather than using a data
reduction approach or selecting a set of regions a priori. Such data reduction and feature
selection practices can have a strong biasing effect on classification, may eliminate
important sources of individual variability, and affect reproducibility. The importance of
individual neuroanatomical variability (Mueller et al. 2013), even in healthy young adult
humans has been shown in a recent study using the large multi-site Human Connectome
dataset identifying a subset of participants with atypical patterns of fMRI task activations
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(Tavor et al. 2016). Approaches such as hierarchical clustering may group together
participants with common and relevant atypical activity patterns.
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This analysis has an advantage over previous studies examining cross-scanner variability:
rather than using measures such as different forms of ICC, we used an unsupervised
classification approach which groups data sets (in this case, scans) by similarity. Recent
work has emphasized relatively poor scan-to-scan reliability across shorter resting state
functional acquisitions (Anderson et al., 2011; Birn et al., 2013; Noble et al., 2017; Shou et
al., 2013), and the reliability of functional connectivity may be greater when an
individualized as opposed to group parcellation scheme is used (Laumann et al., 2015).
However, despite this relatively low reliability for FC as measured by ICC and reduced ICC
when scanner effects were regressed from CT and FA, all metrics showed strong clustering
by participant. This demonstrates that even in the context of low scan-to-scan reliability the
FC data remains individually identifying. As demonstrated in Finn et al. (2015), resting state
connectivity can be individually identifying. It is becoming progressively clear that
structural and functional patterns within an individual’s brain are consistent to the point that
they may be considered a stable and identifying characteristic of that individual, even when
measured across scanners. As such, we suggest that the lower reliability in functional
metrics should not preclude them as individually and clinically meaningful measurements.
When our results and those in the literature are taken together, ICC and clustering
approaches provide distinct and potentially complementary metrics: ICC precisely assesses
how similar a data series is across points, making it a good measure of reliability, while
clustering assesses differences and similarities across individuals, making it useful for
identification and classification even in cases where ICC may not be particularly high. It is
also worth noting the utility of multivariate ICA approaches (Cannon et al., 2014; Noble et
al., 2017; Shou et al., 2013) which may provide more accurate measure of scan-to-scan
variance under some circumstances.
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We used the ARI as an objective assessment of the relationship between cluster membership
and scanner or participant ID. In all cases, ARI related to ID was significantly greater than
chance, while ARI related to scanner site was not different from chance. These findings
demonstrate that accurate classification is possible based on an individual’s neuroimaging
data collected from different scanners across time, particularly when sufficient corrections
are applied. It is worth noting that labels of ID by scanner and ID by year also showed
significant ARIs across several cluster solutions for all metrics. In this specific set of scans,
it is challenging to fully tease apart year and scanner effects from IDs due to the different
combinations of scanner and time across participants. As such, these significant ARIs for ID
by scanner or ID by year may reflect the unbalanced nature of the design, or represent true
effects of unaccounted for differences among scanners and change across years. While we
attempted to address the scanner effects by regressing scanner from our metrics of interest,
more recent multivariate approaches to scanner variance may do a better job at removing
cross-site variance (Chen et al., 2014; Fortin et al., 2017; Mirzaalian et al., 2016).
In terms of limitations, the clustering in FC did fail on two scans that had particularly high
motion and a large number of volumes censored during preprocessing. However, clustering
was successful when as many as 30% of the TRs were censored. This suggests that
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functional connectivity remains identifying even in the presence of moderate motion, but
high motion scans (which, based on our data, might be defined by scans with around 1/3 of
TRs rejected) should be excluded from further analysis. The use of repeated multi-site scans
can provide a more objective assessment for defining thresholds for rejecting data from a
study. We also focused on whole-brain patterns of activity in our clustering approach, which
may have obscured regionally specific scanner effects which may be particularly important
for functional localization studies. Relatedly, our F-test for scanner effects considered
overall FC (as opposed to mass univariate testing of all edges), and thus may not reveal
regional variations of FC which could influence comparisons between participants.

Supplementary Material
Refer to Web version on PubMed Central for supplementary material.

Author Manuscript

Acknowledgments
Grant support
This work was supported by the NIMH through 1/3R01MH102324-01, 2/3R01MH102313-01,
3/3R01MH102318-01.

References

Author Manuscript
Author Manuscript

Anderson JS, Ferguson MA, Lopez-Larson M, Yurgelun-Todd D, 2011 Reproducibility of singlesubject functional connectivity measurements. AJNR Am. J. Neuroradiol 32, 548–555. [PubMed:
21273356]
Baker M, 2016 1,500 scientists lift the lid on reproducibility. Nature 533, 452–454. [PubMed:
27225100]
Birn RM, Molloy EK, Patriat R, Parker T, Meier TB, Kirk GR, Nair VA, Meyerand ME, Prabhakaran
V, 2013 The effect of scan length on the reliability of resting-state fMRI connectivity estimates.
Neuroimage 83, 550–558. [PubMed: 23747458]
Brown GG, Mathalon DH, Stern H, Ford J, Mueller B, Greve DN, McCarthy G, Voyvodic J, Glover G,
Diaz M, Yetter E, Ozyurt IB, Jorgensen KW, Wible CG, Turner JA, Thompson WK, Potkin SG,
Network, FunctionBiomedicalInformaticsResearch, 2011 Multisite reliability of cognitive BOLD
data. Neuroimage 54, 2163–2175. [PubMed: 20932915]
Cannon TD, Sun F, McEwen SJ, Papademetris X, He G, van Erp TGM, Jacobson A, Bearden CE,
Walker E, Hu X, Zhou L, Seidman LJ, Thermenos HW, Cornblatt B, Olvet DM, Perkins D, Belger
A, Cadenhead K, Tsuang M, Mirzakhanian H, Addington J, Frayne R, Woods SW, McGlashan TH,
Constable RT, Qiu M, Mathalon DH, Thompson P, Toga AW, 2014 Reliability of neuroanatomical
measurements in a multisite longitudinal study of youth at risk for psychosis. Hum. Brain Mapp. 35,
2424–2434. [PubMed: 23982962]
Cannon TD, Cao H, Mathalon DH, Forsyth J, 2017 Reliability of Functional Magnetic Resonance
Imaging Activation during Working Memory in a Multisite Study: Clarification and Implications for
Statistical Power. Neuroimage 163, 456–458. [PubMed: 29113944]
Carp J, 2013 Optimizing the order of operations for movement scrubbing: Comment on Power et al.
Neuroimage 76, 436–438. [PubMed: 22227884]
Chavez S, Viviano J, Zamyadi M, Kingsley PB, Kochunov P, Strother S, Voineskos A, 2018 A novel
DTI-QA tool: Automated metric extraction exploiting the sphericity of an agar filled phantom.
Magn. Reson. Imaging 46, 28–39. [PubMed: 29054737]
Chen J, Liu J, Calhoun VD, Arias-Vasquez A, Zwiers MP, Gupta CN, Franke B, Turner JA, 2014
Exploration of scanning effects in multi-site structural MRI studies. J. Neurosci. Methods 230, 37–
50. [PubMed: 24785589]

Psychiatry Res Neuroimaging. Author manuscript; available in PMC 2019 April 25.

Hawco et al.

Page 12

Author Manuscript
Author Manuscript
Author Manuscript
Author Manuscript

Choe AS, Jones CK, Joel SE, Muschelli J, Belegu V, Caffo BS, Lindquist MA, van Zijl PCM, Pekar JJ,
2015 Reproducibility and temporal structure in weekly resting-state fMRI over a period of 3.5
Years. PLoS One 10, e0140134. [PubMed: 26517540]
Clementz BA, Sweeney JA, Hamm JP, Ivleva EI, Ethridge LE, Pearlson GD, Keshavan MS, Tamminga
CA, 2016 Identification of distinct psychosis biotypes using brain-based biomarkers. Am. J.
Psychiatry 173, 373–384. [PubMed: 26651391]
Cox RW, 1996 AFNI: software for analysis and visualization of functional magnetic resonance
neuroimages. Comput. Biomed. Res 29, 162–173. [PubMed: 8812068]
Deprez S, Michiel de Ruiter, B., Bogaert S, Peeters R, Belderbos J, De Ruysscher D, Schagen S,
Sunaert S, Pullens P, Achten E, 2018 Multi-Center Reproducibility of Structural, Diffusion Tensor,
and Resting State Functional Magnetic Resonance Imaging Measures. Neuroradiology 60 (6),
617–634. [PubMed: 29656321]
Desikan RS, Ségonne F, Fischl B, Quinn BT, Dickerson BC, Blacker D, Buckner RL, Dale AM,
Maguire RP, Hyman BT, Albert MS, Killiany RJ, 2006 An automated labeling system for
subdividing the human cerebral cortex on MRI scans into gyral based regions of interest.
Neuroimage 31, 968–980. [PubMed: 16530430]
Drysdale AT, Grosenick L, Downar J, Dunlop K, Mansouri F, Meng Y, Fetcho RN, Zebley B, Oathes
DJ, Etkin A, Schatzberg AF, Sudheimer K, Keller J, Mayberg HS, Gunning FM, Alexopoulos GS,
Fox MD, Pascual-Leone A, Voss HU, Casey BJ, Dubin MJ, Liston C, 2017 Resting-state
connectivity biomarkers define neurophysiological subtypes of depression. Nat. Med 23, 28–38.
[PubMed: 27918562]
Finn ES, Shen X, Scheinost D, Rosenberg MD, Huang J, Chun MM, Papademetris X, Constable RT,
2015 Functional connectome fingerprinting: identifying individuals using patterns of brain
connectivity. Nat. Neurosci 18, 1664–1671. [PubMed: 26457551]
Fischl B, 2012 FreeSurfer. Neuroimage 62, 774–781. [PubMed: 22248573]
Forsyth JK, McEwen SC, Gee DG, Bearden CE, Addington J, Goodyear B, Cadenhead KS,
Mirzakhanian H, Cornblatt BA, Olvet DM, Mathalon DH, McGlashan TH, Perkins DO, Belger A,
Seidman LJ, Thermenos HW, Tsuang MT, van Erp TGM, Walker EF, Hamann S, Woods SW, Qiu
M, Cannon TD, 2014 Reliability of functional magnetic resonance imaging activation during
working memory in a multi-site study: analysis from the North American prodrome longitudinal
study. Neuroimage 97, 41–52. [PubMed: 24736173]
Fortin J-P, Parker D, Tunq B, Watanabe T, Elliott MA, Ruparel K, Roalf DR, Satterthwaite TD, Gur
RC, Gur RE, Schultz RT, Verma R, Shinohara RT, 2017 Harmonization of multi-site diffusion
tensor imaging data. Neuroimage 161, 149–170. [PubMed: 28826946]
Gee DG, McEwen SC, Forsyth JK, Haut KM, Bearden CE, Addington J, Goodyear B, et al., 2015
Reliability of an fMRI Paradigm for Emotional Processing in a Multisite Longitudinal Study.
Human Brain Mapping 36 (7), 2558–2579. [PubMed: 25821147]
Glover GH, Mueller BA, Turner JA, van Erp TGM, Liu TT, Greve DN, Voyvodic JT, Rasmussen J,
Brown GG, Keator DB, Calhoun VD, Lee HJ, Ford JM, Mathalon DH, Diaz M, O’Leary DS,
Gadde S, Preda A, Lim KO, Wible CG, Stern HS, Belger A, McCarthy G, Ozyurt B, Potkin SG,
2012 Function biomedical informatics research network recommendations for prospective
multicenter functional MRI studies. J. Magn. Reson. Imaging 36, 39–54. [PubMed: 22314879]
Gordon EM, Laumann TO, Gilmore AW, Newbold DJ, Greene DJ, Berg JJ, Ortega M, et al., 2017
Precision Functional Mapping of Individual Human Brains. Neuron 95 (4) 791–807.e7. [PubMed:
28757305]
Helmer KG, Chou M-C, Preciado RI, Gimi B, Rollins NK, Song A, Turner J, Mori S, 2016 Multi-Site
Study of Diffusion Metric Variability: Effects of Site, Vendor, Field Strength, and Echo Time on
Regions-of-Interest and Histogram-Bin Analyses. In: Proceedings of SPIE The International
Society for Optical Engineering, pp. 9788 (2). 10.1117/12.2217445.
Huang L, Wang X, Baliki MN, Wang L, Apkarian AV, Parrish TB, 2012 Reproducibility of structural,
resting-state BOLD and DTI data between identical scanners. PLoS One 7, e47684. [PubMed:
23133518]
Hubert L, Arable P, 1985 Comparing partitions. J. Classification 2, 193–218.

Psychiatry Res Neuroimaging. Author manuscript; available in PMC 2019 April 25.

Hawco et al.

Page 13

Author Manuscript
Author Manuscript
Author Manuscript
Author Manuscript

Insel T, Cuthbert B, Garvey M, Heinssen R, Pine DS, Quinn K, Sanislow C, Wang P, 2010 Research
domain criteria (RDoC): toward a new classification framework for research on mental disorders.
Am. J. Psychiatry 167, 748–751. [PubMed: 20595427]
Jahanshad N, Kochunov PV, Sprooten E, Mandl RC, Nichols TE, Almasy L, Blangero J, Brouwer RM,
Curran JE, de Zubicaray GI, Duggirala R, Fox PT, Hong LE, Landman BA, Martin NG, McMahon
KL, Medland SE, Mitchell BD, Olvera RL, Peterson CP, Starr JM, Sussmann JE, Toga AW,
Wardlaw JM, Wright MJ, Hulshoff Pol HE, Bastin ME, McIntosh AM, Deary IJ, Thompson PM,
Glahn DC, 2013 Multi-site genetic analysis of diffusion images and voxelwise her liability
analysis: a pilot project of the ENIGMA-DTI working group. Neuroimage 81, 455–469. [PubMed:
23629049]
Jenkinson M, Beckmann CF, Behrens TEJ, Woolrich MW, Smith SM, 2012 FSL. Neuroimage 62,
782–790. [PubMed: 21979382]
Jovicich J, Marizzoni M, Bosch B, Bartrés-Faz D, Arnold J, Benninghoff J, Wiltfang J, Roccatagliata
L, Picco A, Nobili F, Blin O, Bombois S, Lopes R, Bordet R, Chanoine V, Ranjeva J-P, Didic M,
Gros-Dagnac H, Payoux P, Zoccatelli G, Alessandrini F, Beltramello A, Bargalló N, Ferretti A,
Caulo M, Aiello M, Ragucci M, Soricelli A, Salvadori N, Tarducci R, Floridi P, Tsolaki M,
Constantinidis M, Drevelegas A, Rossini PM, Marra C, Otto J, Reiss-Zimmermann M, Hoffmann
K-T, Galluzzi S, Frisoni GB, Consortium, PharmaCog, 2014 Multisite longitudinal reliability of
tract-based spatial statistics in diffusion tensor imaging of healthy elderly subjects. Neuroimage
101, 390–403. [PubMed: 25026156]
Jovicich J, Marizzoni M, Sala-Llonch R, Bosch B, Bartrés-Faz D, Arnold J, Benninghoff J, Wiltfang J,
Roccatagliata L, Nobili F, Hensch T, Tränkner A, Schönknecht P, Leroy M, Lopes R, Bordet R,
Chanoine V, Ranjeva J-P, Didic M, Gros-Dagnac H, Payoux P, Zoccatelli G, Alessandrini F,
Beltramello A, Bargalló N, Blin O, Frisoni GB, Consortium, PharmaCog, 2013 Brain
morphometry reproducibility in multi-center 3T MRI studies: a comparison of cross-sectional and
longitudinal segmentations. Neuroimage 83, 472–484. [PubMed: 23668971]
Jovicich J, Minati L, Marizzoni M, Marchitelli R, Sala-Llonch R, Bartrés-Faz D, Arnold J,
Benninghoff J, Fiedler U, Roccatagliata L, Picco A, Nobili F, Blin O, Bombois S, Lopes R, Bordet
R, Sein J, Ranjeva J-P, Didic M, Gros-Dagnac H, Payoux P, Zoccatelli G, Alessandrini F,
Beltramello A, Bargallo N, Ferretti A, Caulo M, Aiello M, Cavaliere C, Soricelli A, Parnetti L,
Tarducci R, Floridi P, Tsolaki M, Constantinidis M, Drevelegas A, Rossini PM, Marra C,
Schönknecht P, Hensch T, Hoffmann K-T, Kuijer JP, Visser PJ, Barkhof F, Frisoni GB,
Consortium, PharmaCog, 2016 Longitudinal reproducibility of default-mode network connectivity
in healthy elderly participants: A multicentric resting-state fMRI study. Neuroimage 124, 442–454.
[PubMed: 26163799]
Keller CJ, Bickel S, Honey CJ, Groppe DM, Entz L, Craddock RC, Lado FA, Kelly C, Milham M,
Mehta AD, 2013 Neurophysiological investigation of spontaneous correlated and anticorrelated
fluctuations of the BOLD signal. J. Neurosci. 33, 6333–6342. [PubMed: 23575832]
Kochunov P, Lancaster JL, Glahn DC, Purdy D, Laird AR, Gao F, Fox P, 2006 Retrospective motion
correction protocol for high-resolution anatomical MRI. Hum. Brain Mapp. 27, 957–962.
[PubMed: 16628607]
Kristo G, Rutten G-J, Raemaekers M, Gelder B, Rombouts SA, Ramsey NF, 2014 Task and task-free
FMRI reproducibility comparison for motor network identification. Hum. Brain Mapp. 35, 340–
352. [PubMed: 22987751]
Laumann TO, Gordon EM, Adeyemo B, Snyder AZ, Joo SJ, Chen M-Y, Gilmore AW, McDermott KB,
Nelson SM, Dosenbach NUF, Schlaggar BL, Mumford JA, Poldrack RA, Petersen SE, 2015
Functional system and areal organization of a highly sampled individual human brain. Neuron 87,
657–670. [PubMed: 26212711]
Mirzaalian H, Ning L, Savadjiev P, Pasternak O, Bouix S, Michailovich O, Grant G, Marx CE, Morey
RA, Flashman LA, George MS, McAllister TW, Andaluz N, Shutter L, Coimbra R, Zafonte RD,
Coleman MJ, Kubicki M, Westin CF, Stein MB, Shenton ME, Rathi Y, 2016 Inter-site and interscanner diffusion MRI data harmonization. Neuroimage 135, 311–323. [PubMed: 27138209]
Mori S, Wakana S, van Zijl PCM, Nagae-Poetscher LM, 2005 MRI Atlas of Human White Matter.
Elsevier.

Psychiatry Res Neuroimaging. Author manuscript; available in PMC 2019 April 25.

Hawco et al.

Page 14

Author Manuscript
Author Manuscript
Author Manuscript
Author Manuscript

Mueller S, Wang D, Michael D, Fox BT, Thomas Y, Sepulcre J, Mert RS, Rebecca S, Jie L, Hesheng
L, 2013 Individual Variability in Functional Connectivity Architecture of the Human Brain.
Neuron 77 (3), 586–595. [PubMed: 23395382]
Muschelli J, Nebel MB, Caffo BS, Barber AD, Pekar JJ, Mostofsky SH, 2014 Reduction of motionrelated artifacts in resting state fMRI using aCompCor. Neuroimage 96, 22–35. [PubMed:
24657780]
Noble S, Spann MN, Tokoglu F, Shen X, Constable RT, Scheinost D, 2017 Influences on the test-retest
reliability of functional connectivity MRI and its re-lationship with behavioral utility. Cereb.
Cortex 27, 5415–5429. [PubMed: 28968754]
Patriat R, Molloy EK, Meier TB, Kirk GR, Nair VA, Meyerand ME, Prabhakaran V, Birn RM, 2013
The effect of resting condition on resting-state fMRI reliability and consistency: a comparison
between resting with eyes open, closed, and fixated. Neuroimage 78, 463–473. [PubMed:
23597935]
Pfefferbaum A, Adalsteinsson E, Sullivan EV, 2003 Replicability of diffusion tensor imaging
measurements of fractional anisotropy and trace in brain. J. Magn. Reson. Imaging 18, 427–433.
[PubMed: 14508779]
Power JD, Barnes KA, Snyder AZ, Schlaggar BL, Petersen SE, 2012 Spurious but systematic
correlations in functional connectivity MRI networks arise from subject motion. Neuroimage 59,
2142–2154. [PubMed: 22019881]
Rand WM, 1971 Objective criteria for the evaluation of clustering methods. J. Am. Stat. Assoc 66,
846–850.
Rotarska-Jagiela A, van de Ven V, Oertel-Knöchel V, Uhlhaas PJ, Vogeley K, Linden DEJ, 2010
Resting-state functional network correlates of psychotic symptoms in schizophrenia. Schizophr.
Res 117, 21–30. [PubMed: 20097544]
Satterthwaite TD, Elliott MA, Gerraty RT, Ruparel K, Loughead J, Calkins ME, Eickhoff SB,
Hakonarson H, Gur RC, Gur RE, Wolf DH, 2013 An improved framework for confound regression
and filtering for control of motion artifact in the preprocessing of resting-state functional
connectivity data. Neuroimage 64, 240–256. [PubMed: 22926292]
Schultz CC, Koch K, Wagner G, Roebel M, Schachtzabel C, Gaser C, Nenadic I, Reichenbach JR,
Sauer H, Schlösser RGM, 2010 Reduced cortical thickness in first episode schizophrenia.
Schizophr. Res. 116, 204–209. [PubMed: 19926451]
Shen X, Finn ES, Scheinost D, Rosenberg MD, Chun MM, Papademetris X, Constable RT, 2017 Using
connectome-based predictive modeling to predict individual behavior from brain connectivity. Nat.
Protoc 12, 506–518. [PubMed: 28182017]
Shen X, Tokoglu F, Papademetris X, Constable RT, 2013 Groupwise whole-brain parcellation from
resting-state fMRI data for network node identification. Neuroimage 82, 403–415. [PubMed:
23747961]
Shou H, Eloyan A, Lee S, Zipunnikov V, Crainiceanu AN, Nebel NB, Caffo B, Lindquist MA,
Crainiceanu CM, 2013 Quantifying the reliability of image replication studies: the image intraclass
correlation coefficient (I2C2). Cogn. Affect. Behav. Neurosci 13, 714–724. [PubMed: 24022791]
Shrout PE, Fleiss JL, 1979 Intraclass correlations: uses in assessing rater reliability. Psychol. Bull. 86,
420–428. [PubMed: 18839484]
Simmons A, Westman E, Muehlboeck S, Mecocci P, Vellas B, Tsolaki M, Kioszewska I, Wahlund LO, Soininen H, Lovestone S, Evans A, Spenger C, 2011 The AddNeuroMed framework for multicentre MRI assessment of Alzheimer’s disease: experience from the first 24 months. Int. J. Geriatr.
Psychiatry 26, 75–82. [PubMed: 21157852]
Smith SM, Jenkinson M, Johansen-Berg H, Rueckert D, Nichols TE, Mackay CE, Watkins KE,
Ciccarelli O, Cader MZ, Matthews PM, Behrens TEJ, 2006 Tract-based spatial statistics:
voxelwise analysis of multi-subject diffusion data. Neuroimage 31, 1487–1505. [PubMed:
16624579]
Tavor I, Parker Jones O, Mars RB, Smith SM, Behrens TE, Jbabdi S, 2016 Task-Free MRI Predicts
Individual Differences in Brain Activity during Task Performance. Science 352 (6282), 216–220.
[PubMed: 27124457]

Psychiatry Res Neuroimaging. Author manuscript; available in PMC 2019 April 25.

Hawco et al.

Page 15

Author Manuscript
Author Manuscript

Van Essen DC, Smith SM, Barch DM, Behrens TEJ, Yacoub E, Ugurbil K, Consortium, WUMinnHCP, 2013 The WU-Minn human connectome project: an overview. Neuroimage 80, 62–79.
[PubMed: 23684880]
Voineskos AN, Lobaugh NJ, Bouix S, Rajji TK, Miranda D, Kennedy JL, Mulsant AH, Pollock BG,
Shenton ME, 2010 Diffusion tensor tractography findings in schizophrenia across the adult
lifespan. Brain 133, 1494–1504. [PubMed: 20237131]
Ward JH, 1963 Hierarchical grouping to optimize an objective function. J. Am. Stat. Assoc. 58, 236–
244.
Wheeler AL, Wessa M, Szeszko PR, Foussias G, Chakravarty MM, Lerch JP, DeRosse P, Remington
G, Mulsant BH, Linke J, 2015 Further neuroimaging evidence for the deficit subtype of
schizophrenia: a cortical connectomics analysis. JAMA Psychiatry 72, 446–455. [PubMed:
25786193]
Whelan CD, van Velzen Hibar D.P., Zannas LS, Carrillo-Roa AS, McMahon T, Prasad K, Kelly G,
Faskowitz S,, deZubiracay J, Iglesias G, van Erp JE, Frodl TGM, Martin T, Wright NG, Jahanshad
MJ, Schmaal N, Sämann L, Thompson PG, Alzheimer’s Disease Neuroimaging Initiative, P.M.,
2016 Heritability and reliability of automatically segmented human hippocampal formation
subregions. Neuroimage 128, 125–137. [PubMed: 26747746]
Wonderlick JS, Ziegler DA, Hosseini-Varnamkhasti P, Locascio JJ, Bakkour A, van der Kouwe A,
Triantafyllou C, Corkin S, Dickerson BC, 2009 Reliability of MRI-derived cortical and subcortical
morphometric measures: effects of pulse sequence, voxel geometry, and parallel imaging.
Neuroimage 44, 1324–1333. [PubMed: 19038349]
Zhou Y, Liang M, Jiang T, Tian L, Liu Y, Liu Z, Liu H, Kuang F, 2007 Functional dysconnectivity of
the dorsolateral prefrontal cortex in first-episode schizophrenia using resting-state fMRI. Neurosci.
Lett. 417, 297–302. [PubMed: 17399900]

Author Manuscript
Author Manuscript
Psychiatry Res Neuroimaging. Author manuscript; available in PMC 2019 April 25.

Hawco et al.

Page 16

Author Manuscript
Fig. 1.

Author Manuscript

Mean cortical thickness (CT; left), fractional anisotropy (FA; center), and functional
connectivity (FC; right) values for every scan, separated by color/shape (for participant ID)
and scanner (columns). Significant scanner based differences in the means were present in
both CT and FA, but not FC.
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Fig. 2.
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Results of the hierarchical clustering analysis for: A) cortical thickness (CT); B) fractional
anisotropy (FA); C) functional connectivity (FC). The distance matrix shows Euclidean
distances between scans (defined as the sum of the squared difference between each ROI for
each pair of scans, such that lower distances between scans mean they are more similar). The
cluster tree (dendrogram) is shown on the left. Color coding on the dendrogram represents
participant ID. Participant ID, scanner, and year for each scan in the distance matrix is
shown on the right.
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Fig. 3.
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Cluster solutions for cortical thickness (CT; top), fractional anisotropy (FA; middle) and
functional connectivity (FC; bottom) for cluster solutions ranging from two to 20 clusters.
An analysis was conducted to establish if a given cluster solution was related to the
participant ID or scanner. Year was included as a ‘control’ variable. An adjusted Rand index
(ARI) was calculated for each cluster solution and scan-related variables, namely participant
ID (4 labels; P1, P2, P3, P4), scanner (5 labels; CMH, MRC, MRP, ZHH, ZHP), year (3
labels; Year1, year2, year3), a combination of ID by scan site (16 labels; e.g. P1 at CMH, P1
at MRC, etc.), ID by year (9 labels; e.g. P1 during Year1, P1 during year2, etc.), and year by
scanner (9 labels, e.g. CMH at Year1, CMH at year2, etc.). Circles/dots indicate ARI values
which are above chance as determined via a null distribution created using a permutation
test, suggesting greater than chance overlap between that label and the cluster solution.
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ICC values within participant and within scanner.
P1

P2

P3

P4

CMH

MRC

MRP

ZHH

ZHP

Original values (no regression for scanner effects)
CT

0.98

0.91

0.97

0.90

0.89

0.91

0.89

0.89

0.90

FA

0.97

0.96

0.95

0.82

0.88

0.84

0.85

0.83

0.89

FC

0.37

0.39

0.26

0.39

0.30

0.22

0.27

0.25

0.31

Modified values (after regressing scanner effects)
CT

0.82

0.54

0.75

0.05

−0.13

−0.20

−0.20

−0.50

−0.50

FA

0.90

0.52

0.74

0.00

−0.10

−0.20

−0.17

−0.38

−0.34
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