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Abstract

Resting-state functional connectivity (FC) fMRI (rs-fcMRI) offers an appealing approach to
mapping the brain’s intrinsic functional organization. Blood oxygen level dependent (BOLD) and
arterial spin labeling (ASL) are the two main rs-fcMRI approaches to assess alterations in brain
networks associated with individual differences, behavior and psychopathology. While the BOLD
signal is stronger with a higher temporal resolution, ASL provides quantitative, direct measures of
the physiology and metabolism of specific networks. This study systematically investigated the
similarity and reliability of resting brain networks (RBNs) in BOLD and ASL. A2 x 2 x 2
factorial design was employed where each subject underwent repeated BOLD and ASL rs-fcMRI
scans on two occasions on two MRI scanners respectively. Both independent and joint FC
analyses revealed common RBNs in ASL and BOLD rs-fcMRI with a moderate to high level of
spatial overlap, verified by Dice Similarity Coefficients. Test-retest analyses indicated more
reliable spatial network patterns in BOLD (average modal Intraclass Correlation Coefficients:
0.905 + 0.033 between-sessions; 0.885 + 0.052 between-scanners) than ASL (0.545 + 0.048; 0.575
+ 0.059). Nevertheless, ASL provided highly reproducible (0.955 + 0.021; 0.970 + 0.011)
network-specific CBF measurements. Moreover, we observed positive correlations between
regional CBF and FC in core areas of all RBNs indicating a relationship between network
connectivity and its baseline metabolism. Taken together, the combination of ASL and BOLD rs-
fcMRI provides a powerful tool for characterizing the spatiotemporal and quantitative properties
of RBNs. These findings pave the way for future BOLD and ASL rs-fcMRI studies in clinical
populations that are carried out across time and scanners.
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Introduction

Since the seminal work by Biswal et al. in 1995 (Biswal et al., 1995), the study of resting
brain networks (RBN) based on functional connectivity (FC) in resting state fMRI (rs-
fcMRI) has experienced an upsurge from basic to clinical neuroscience. The majority of rs-
fcMRI studies have used blood oxygen level dependent (BOLD) contrast due to its technical
simplicity, high sensitivity and temporal resolution. Recently, a growing number of rs-
fcMRI studies have employed arterial spin labeled (ASL) perfusion MRI (Chuang et al.,
2008; Dai et al., 2013; Jann et al., 2013; Liang et al., 2011, 2012; Zou et al., 2009), which
measures cerebral blood flow (CBF) using magnetically labeled arterial blood water as an
endogenous tracer (Detre et al., 1992). Compared to BOLD, perfusion-based FC analysis
provides more direct and quantitative measures of the physiology and metabolism of
specific networks (Buxton et al., 2004). The inherently quantitative nature of ASL allows for
the assignment of biologically meaningful values to the networks, thus may complement
BOLD by providing a more interpretable biomarker.

To date, however, the application of perfusion-based rs-fcMRI in clinical neuroscience has
been hampered by the relatively low sensitivity and temporal resolution of ASL compared to
BOLD. The recent development of pseudo-continuous ASL (pCASL) with background
suppressed (BS) 3D acquisitions (e.g. GRASE — a hybrid of spin and gradient echo and
Stack-of-Spirals) has dramatically improved the sensitivity and temporal SNR of perfusion
imaging series (Alsop et al., 2014; Fernandez-Seara et al., 2008), allowing the detection of
CBF based RBNs while minimizing potential BOLD contaminations (Du et al., 2012; Liang
et al., 2012). Another appealing feature of perfusion based rs-fMRI using pCASL with 3D
BS GRASE or Stack-of-Spirals is the improved visualization of RBNs involving brain
regions affected by susceptibility artifacts at the tissue—air interfaces (Fernandez-Seara et al.,
2005).

Given the complementary nature of BOLD and perfusion rs-fcMRI —higher sampling rate/
temporal resolution in BOLD and absolute CBF quantification in ASL, the combination of
the two contrasts may offer a powerful tool for rs-fcMRI studies to fully characterize the
spatiotemporal and quantitative properties of RBNs. The primary purpose of this study was
to present a framework for independent and joint FC analyses of BOLD and perfusion based
rs-fcMRI data to identify common and modality specific RBNSs, using rigorous statistical
approaches. For future applications of BOLD and perfusion-based functional connectivity
analyses in clinical studies, it is critical to establish the reliability of RBNs across time
(Meindl et al., 2010; Shehzad et al., 2009; Zuo et al., 2010), scanner platforms (Van Dijk et
al., 2010) and modalities as well as their dependencies on imaging parameters (Birn et al.,
2013; Patriat et al., 2013; Van Dijk et al., 2010)). For this purpose, a 2 x 2 x 2 factorial
design was employed in the present study using repeated BOLD and ASL rs-fcMRI scans on
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two occasions on two MRI scanners respectively. We hypothesized that BOLD and ASL rs-
fcMRI should show common RBNSs that are reproducible across time and scanners. The
overall FC in BOLD RBNs is stronger than that of ASL RBNSs, yet ASL networks show
higher FC in specific brain regions (e.g. orbitofrontal cortex). Finally, network specific
quantitative CBF measured by ASL may indicate the baseline metabolic activity and may be
associated with (or underlie) the strength of functional connectivity of the corresponding
network (Aslan et al., 2011; Liang et al., 2013; Tomasi et al., 2013).

Materials and methods

Participants and data acquisition

Ten healthy volunteers (6f/4 m; Age [mean + std] = 22 + 3 years) underwent repeated MRI
scans on two 3T Siemens TIM Trio MR systems using the standard 12-channel head coils
and identical pulse sequences. A 2 x 2 x 2 factorial design was employed, i.e., 2 repeated
scans on 2 scanners using 2 modalities (ASL and BOLD). On the first day they participated
in two sessions approximately one hour apart on one of the two scanners, and on the second
day (2.1 + 1.3 days apart) the protocol was repeated on the other scanner (scanner order was
counterbalanced across participants). Each session included resting state (rs-) BOLD
imaging with 2D EPI readout and the following parameters: Volumes = 240, Matrix = 64 x
64, Slice Thickness = 4 mm with 1 mm gap, 30 slices, Repetition Time/Echo Time (TR/TE)
=2000/30 ms, Flip Angle = 77°, Pixel Bandwidth = 2298 Hz, Field of View = 220 mm;
resting state pseudo-continuous ASL (rs-pCASL) with single-shot 3D background
suppressed GRASE readout and the following parameters: Volumes = 120 (60 label/control
pairs), Matrix = 64 x 64, Slice Thickness =5 mm, 26 slices, Repetition Time/Echo Time/
Label Time/Post Label Delay (TR/TE/w/PLD) = 4000/22/1200/1000 ms, Pixel Bandwidth =
2003 Hz, Field of View = 220 mm, labeling offset = 9 cm, and 2 global inversion pulses
were applied during the PLD for background suppression (the first BS pulse was applied
immediately after the labeling pulses, the second BS pulse 700 ms after the labeling pulses.
Overall these two BS pulses achieved ~85% suppression for gray and white matter signals.
The residual image intensity was necessary for motion correction as well as to avoid zero
crossing signals for subtraction between label and control images) (Kilroy et al., 2013; St
Lawrence et al., 2012). For CBF quantification an additional volume (Mg, equilibrium
magnetization image) with the same parameters as described for pCASL but with a long
PLD of 4000 ms and without BS was acquired. Finally, a T1 weighted, high resolution,
anatomical scan was performed (MP-RAGE, 192 sagittal slices with 1 mm isotropic voxels,
TR/TE/TI = 2170/4.33/1100 ms). Resting state was defined as lying still with eyes open
while fixating a white cross at the center of a dark screen.

Data processing

Analysis of the MRI data was performed using SPM8 (http://www.fil.ion.ucl.ac.uk/spm/)
and in-house Matlab (The MathWorks, Natick, USA) routines. Statistical analyses were
performed using Matlab Statistics Toolbox, R Programming Project (http://www.r-
project.org/) and IBM SPSS Statistics (Version 19).
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CBF quantification

Raw pCASL GRASE images were motion corrected separately for control and label images
(Wang et al., 2008) before perfusion-weighted time series were created by sinc-subtraction
of label and control images (AM). Notably, sinc-subtraction has been demonstrated to
efficiently minimize spurious BOLD contaminations within the ASL signal (Aguirre et al.,
2002; Chuang et al., 2008; Liu and Wong, 2005). The computation of the quantitative CBF
signal was based on a single compartment kinetic model (Chen et al., 2011; Wang et al.,
2003, 2005). After quantification, the CBF images were co-registered to the individuals’
anatomical scans, normalized into MNI standard space (thereby resampled into 2 x 2 x 2
mm voxel resolution) and spatially smoothed with an 8 mm full-width at half maximum
(FWHM) Gaussian Kernel.

BOLD images were first slice-time and motion corrected followed by coregistration,
normalization and spatial smoothing identical to the CBF images. Anatomical images were
normalized into standard MNI space and segmented into gray matter, white matter and
cerebrospinal fluid (GM/WM/CSF) using the algorithms provided by SPM8. The individual
GM images were averaged and thresholded at 0.3, providing a binary mask representing
gray matter voxels only (GM mask).

Network decomposition using ICA

Networks were identified by means of the Group ICA of fMRI Tool-box (GIFT) using a
concatenated group level ICA approach (Calhoun et al., 2001, 2004).

First, separate group ICAs for BOLD and ASL data were performed. The individual time
series were zero-meaned and the GM mask was applied for the ICA infomax algorithm (Bell
and Sejnowski, 1995). The ICA model order was estimated using the AIC/MDL criterion,
which yielded an optimal number of components for each individual dataset with a median
of 36 for BOLD and 20 components for ASL datasets. Group- and subject-specific maps (as
back — reconstructed by the GICA procedure) were stored as z-maps. RBNs were identified
by means of conjoint template correlation (GIFT) and visual inspection of the component
maps according to the spatial distribution given in the literature (Beckmann et al., 2005;
Franco et al., 2009).

Since different ICA model orders can lead to unequal decompositions thus splitting
components into subnetworks or merging of networks (Abou-Elseoud et al., 2010; Calhoun
et al., 2009), matching and ordering of components across ICA runs are not a
straightforward procedure from a mathematical point of view. To address this issue on
drawing inferences about, and comparisons between subject cohorts, group approaches and
joint ICA approaches have been suggested (Calhoun et al., 2001, 2009), which perform the
unmixing on the temporally concatenated dataset. These approaches assure that subject or
modality specific components are based on the same group component hence enabling
comparative statistics for BOLD and ASL derived networks without bias of separate
decompositions. Accordingly we employed a joint-ICA where the BOLD and CBF datasets
were assigned to 8 (i.e., 2 x 2 x 2) sessions per subject and temporally concatenated. The
same ICA parameters were used for this approach with subsequent back-reconstruction for
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sessions and modalities. The MDL criterion for the joint dataset yielded a median of 16
components for the aggregated group dataset.

We computed t-maps to display the separate BOLD and ASL RBNs in joint and separate
ICA. Specifically in the joint ICA the group component is the same for ASL and BOLD as it
is computed across all datasets. The back-regressed individual subject and session IC-maps
were then used to generate modality specific ASL and BOLD RBNSs using one-sample t-
tests against zero (significance set at p < 0.001). While the t-maps were used for displaying
the networks, the z-scores representing the ICA group components were used to generate
RBN-masks that were used in the analyses below.

Spatial similarity and overlap of BOLD and ASL based RBNs were assessed by Dice
Similarity Coefficients (DSC), while test—retest repeatability of ASL and BOLD based
RBNs was estimated using Intraclass Correlation Coefficients (ICCs). Statistical analyses
were performed on the network as well as on a voxel-wise level. Repeated-measures
ANOVASs and post-hoc t-tests were computed to identify differences between modalities,
scanners and sessions, as well as possible interaction effects. A schematic overview of
analyses is given in Fig. 1.

Statistical maps were corrected for multiple comparisons (type I errors) using AlphaSim
(Ward, 2000). This procedure estimates the distribution of random cluster sizes given a
statistical map and threshold taking into consideration the spatial smoothness of the data
(Bennett et al., 2009; Forman et al., 1995). Accordingly, it provides the minimal cluster size
required for clusters to be at a level above random clustering at a chosen correction level.
We performed 1000 iterations and selected the correction level at alpha < 0.05.

Dice Similarity Coefficients (DSC) of RBNs: To quantify the degree of similarity and
spatial overlap of RBNs, we computed the Dice’s Similarity Coefficient (DSC) (Dice, 1945;
Zhu et al., 2013) according to the formula:

2|AN B

DSC=———
|A+B)|

@

where, A and B represent sets of voxels within two given RBNs (thresholded at z > 2) and
the parallel brackets denote the number of voxels in the set within the brackets.

Network based CBF: Mean network perfusion was defined as the spatially and temporally
averaged CBF values across all voxels within the group RBN map where z > 2, here dubbed
as RBNcgr. The resulting four RBNcgg metrics (one for each of the four ASL scans) per
subject were subjected to a 2 x 2 repeated measures ANOVA with within-subject factors of
site (1; 2) and session (1; 2) to test for the consistency of CBF quantification for each
network respectively.

Network Amplitudes of Low Frequency Fluctuations (ALFF): In addition to RBN-CBF
we also computed the Amplitudes of Low Frequency Fluctuations (ALFF) (Zang et al.,
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2007), which provides a measure of regional spontaneous activity fluctuations. Using
dynamic CBF to compute ALFFs instead of relative BOLD signal fluctuations, the ALFFs
have a direct physiological meaning and a quantitative unit (i.e. ml/100 g/min). Accordingly
we computed the CBF-ALFF for each session in each subject respectively, and extracted the
corresponding mean ALFF in each network. ALFF differences across networks and subjects
were then tested using an ANOVA. Additionally, we normalized the ALFF values with
regard to subjects’ specific RBN-CBF (adjusted for global GM-CBF) providing a %ALFF
for each subject with respect to their baseline RBN-CBF values (Chuang et al., 2008). These
%ALFF measurements were also subjected to an ANOVA.

Intraclass Correlation Coefficient (ICCs)

Voxel wise maps for FC and regional CBF: The ICC estimation was based on a repeated-
measure mixed effects ANOVA model with absolute agreement of values (A-k) (Landis and
Koch, 1977; McGraw and Wong, 1996; Shrout and Fleiss, 1979). The ICC measures the
proportion of total variance that is accounted for by the variation between subjects against
the variance associated with either between-site or within-site effects. Hence, ICC over 0.5
indicates that scanner or session variation is lower than between-subjects variance. ICC was
calculated by

MSw—MSe
10C=
O St (MS—1Se) . @

where MSw and MSb are the within- and between-subject errors respectively, MSe is the
mean residual error and n is the sample size.

Voxel-wise maps of ICC for either FC or CBF were computed for within-site (averaging z-/
CBF-maps across sites) and between-site (averaging z-/CBF-maps across sessions) variance.
Further, to facilitate interpretation, we calculated a single ICC value for each network (using
only voxels within a given RBN where z > 2) by taking the mode of the ICC value
distribution histogram between 0 and 1 (Zuo et al., 2010). The mode of a histogram
distribution represents the most prevalent value in the distribution. Besides the modal-1CC
we also computed the percentage of voxels with ICC > 0.6 within each RBN as compared
the total number of voxels within this RBN (threshold z > 2).

ANOVA

Voxel-wise maps for FC: As separate ICAs can result in unequal decompositions of
networks as outlined in Materials and methods, the statistical comparison of RBNs was
performed using single-subject maps resulting from the joint ICA. This assured that different
model orders, component unmixing, network splitting/merging or component matching
across ICA runs does not bias possible network differences.

We performed voxel-wise 2 x 2 x 2 repeated measures ANOVAS on the single subject z-
maps with within-subject factors of modality (BOLD; CBF), site (1,2) and session (1,2) for
each RBN. Statistical thresholds for main and interaction effects were set at p < 0.01 (F (1,9)
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=10.56). Maps with significant effects were further subjected to two-sample two-sided post-
hoc t-tests (significance level p < 0.001).

Correlation between RBNcgg and network z-scores—To assess the potential
relationships between individual network connectivity and baseline network perfusion, we
computed the voxel-wise Pearson correlation between the RBN z-scores and the respective
regional (voxel-level) CBF from the same scan session. In addition, we compared the
network connectivities between the two modalities by correlating the average z-scores of all
joint BOLD-RBNSs (10 subjects across 4 sessions) to those of the corresponding ASL-RBNSs.
Using ICA as compared to Seed Based Approaches (SBA) where a direct correlation
between any two specified brain areas is computed and considered as FC strength, the FC
strength used here (ICA z-scores) represents the degree to which a given voxel is integrated
within a given network component, i.e. its relative connectivity strength to all other voxels
in the specific network. To provide an estimate of how prevalent an CBF-FC relation is
within each RBN, we also computed the percentage of voxels with significant correlations
above r > 0.4 within each RBN as compared to the total number of voxels within this RBN
(threshold z > 2).

Common RBNs in BOLD and ASL rs-fMRI

The three different ICA decompositions (i.e., ASL-only, BOLD-only and joint ASL/BOLD)
revealed five common RBNs: the Default Mode Network (DMN, correlation of ICA group
component to template networks for: BOLD-only ICA R = 0.37, ASL only ICAR =0.37,
joint ICA R = 0.28), the two lateralized Executive Control Networks (ECNs) (RECN;
RBOLD =0.36, RASL =0.22, Rjoint = 0.28/LECN; RBOLD =0.33, RASL =0.24, Rjoint = 0.24)
the Occipital Visual Network (OVN; RgoLp = 0.34, Ras = 0.28, Rjoint = 0.35) and the
Auditory Network (AUN; RgoLp = 0.32, Rjpint = 0.18). The spatial pattern of the 5
networks is depicted in Fig. 2 for separate ICAs and Fig. 3 for joint ICA (multi-slice views
of RBNs displayed in Fig. S1) respectively. The results consistently showed similar RBNs in
each modality and assessment of spatial similarity using DSC demonstrated a moderate to
high level of overlap for all RBNs across ICA runs (Table 1, Fig. S6).

Between BOLD-only and ASL-only RBNs, the left and right ECN (DSC = 0.42/0.56) and
the DMN (0.35) showed a moderate to high level of overlap, whereas the OVN and AUN
appeared as a single component in ASL-only ICA and a direct quantitative comparison was
thus inappropriate (Fig. 3). Comparing the RBNs detected by separate ICA to the joint-ICA
networks revealed a high level of agreement between BOLD-only and joint RBNs (average
DSC across networks [mean + SD] = 0.58 + 0.05), while for ASL-only ICA the two ECNs
reached the same high degree of similarity (R/L-ECN = 0.65/0.60) but the DMN (0.30) and
OVN (0.45) had reduced spatial overlap with the corresponding networks in joint ICA.
Finally, RBNs from joint-ICA for BOLD and ASL showed the highest agreement to the
common group component (DSC range 0.76-0.94) as well as between each other (DSC
range 0.59-0.71). Although this high agreement is somewhat expected as the RBNs were
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derived from the same concatenated ICA decomposition, it is required to compare networks
across modalities while ruling out effects of different ICA model orders and decompositions.

Repeatability of RBNs across time and scanner

Test-retest repeatability of ASL and BOLD based RBNs was estimated using ICCs on a
voxel-wise basis. The spatial distribution of ICC values overlapped with the pattern of z-
maps for the respective networks (Figs. 2 & 3 and S2 & S3). Higher ICCs were found in
areas with high FC. Separate ICA for BOLD and ASL demonstrated good to excellent ICCs
in BOLD (average modal ICCs across RBNs: between sessions 0.800 + 0.094; between
scanners 0.735 = 0.074), while ASL yielded lower but still fairly reliable ICC values (0.619
+ 0.080/0.506 + 0.109) (Table 2). For joint-ICA based RBNs reliability was higher for
BOLD RBNs showing average modal ICCs of 0.905 + 0.033 between sessions and 0.885 £
0.052 between scanners, and modal ICCs for ASL RBNs were similar to ASL-only for
reliability between sessions (0.545 + 0.048) and between scanners (0.575 £ 0.059) (Table 2).
Voxel-wise display of ICC maps showed reliable test-retest repeatability between sessions
and scanners (ICC > 0.6, threshold in Figs. 2 & 3) for all networks within their core areas
(Table 3a).

Analysis of quantitative CBF within RBNs

Quantitative CBF values were obtained within masks of the gray matter (GMcgr = 62.1 +
13.1 ml/100 g/min) and the identified RBNs (RBNcgg) by joint ICA respectively (DMN
71.1 + 3.0 ml/100 g/min; LECN 62.2 £+ 2.83 ml/100 g/min; RECN 61.7 + 3.6 ml/100 g/min;
OVN 61.7 £ 4.4 ml/100 g/min; AUN 71.6 £ 5.9 ml/100 g/min; see Fig. 4).

The 2 x 2 repeated measures ANOVAs of global mean GM¢gg as well as GM-adjusted
RBNcgE values for the DMN the L-ECN and the AUN did not show a statistically
significant effect of scanner or session. The R-ECN showed an interaction effect of scanner
* session (Fscanner = 9.13, p = 0.01/Feession = 2.33, p = 0.16/Fscanner * session = 10.88, p =
0.01) while the OVN showed an effect of session only (Fscanner = 2.04, p = 0.19/Fgassion =
5.29, p = 0.05/Fgcanner * session = 0.18, p = 0.68). Furthermore, a main effect of network on
RBNcgr values was observed (F(4,36) = 14.97, p < 0.001) indicating that mean baseline
perfusion varies significantly across brain networks, with the DMN and the AUN exhibiting
higher CBF than the other 3 RBNSs.

Repeatability of RBN¢gp values across time and scanner was further evaluated by 1CC and
showed highly reproducible global mean GMcgg (modal ICC = 0.915 between sessions and
0.914 between scanners, voxel-wise maps of CBF ICCs can be found in Fig. S7). Average
modal ICC values across RBNcgg were 0.955 + 0.021 between sessions and 0.970 + 0.011
between scanners (see Table 2 bottom right).

Analysis of CBF based ALFF

The ALFF analysis (Fig. 5A) revealed significant differences across networks (ANOVA F-
statistic F = 5.69, p < 0.001) and post-hoc t-tests (Tukey—Kramer) revealed that R/L-ECNs
were significantly different from OVN and AUN at p < 0.05 level, whereas DMN did not
show differences to any other network. Furthermore, RBN-ALFF was significantly different
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across subjects (F = 4.37, p < 0.0005). Similarly, the normalized ALFF (%ALFF signal of
respective RBN-CBF; Fig. 5B) showed also a significant effect of RBN (F(4) =8.9p <
0.00003) with significant differences between RECN and DMN, OVN and AUN, as well as
LECN and AUN, where the two ECNs showed higher % fluctuations than other networks.
Furthermore, the %ALFF with regard to RBN-CBF was different across subjects (F(9) =
2.92,p <0.01).

Differences in RBNs between BOLD and ASL

Analyses of the variations of the FC strength (or z values) of the detected joint-ICA based
RBNs (between modalities, scanners and sessions, as well as associated interaction effects)
were performed on a voxel-wise level, using repeated-measures ANOVAS and post-hoc t-
tests. These analyses indicated a significant main effect of modality (BOLD vs. ASL) in all
networks. The majority of the differences between BOLD and ASL RBNs were observed
within the brain areas constituting the corresponding networks. In general, BOLD networks
showed a stronger overall level of FC, with the exception of higher FC in several specific
regions of CBF networks (Figs. 3 & S4):

e The DMN showed higher FC for BOLD in the posterior areas (Precuneus and
bilateral angular gyrus) but higher FC in orbital-medial frontal cortex in ASL.

e The two ECNs displayed higher FC in BOLD within network areas on the
respective hemisphere (inferior and superior frontal gyri as well as temporal gyrus),
but increased FC on the contralateral homotopic areas in ASL.

e The AUN showed a difference in areas of the DMN (Precuneus and medial frontal
gyrus) where ASL showed higher FC.

»  The OVN showed significantly stronger FC for BOLD in the primary visual cortex.

The coordinates and cluster sizes of detected significant FC differences are reported in Table
4,

Relationship between regional CBF and FC (z-scores)

Correlation between the network average z-scores for BOLD and ASL RBNs revealed a
significant correlation (r = 0.2; p < 0.005). The voxel-wise correlations between RBN z-
scores and the corresponding regional CBF of the same sessions resulted in significant
correlations within the network specific nodes of each RBN from separate as well as joint
ICA for both ASL and BOLD modalities (r > 0.4; p < 0.05) (Figs. 2, 3 & S5). It is worth
noting that the correlation between regional CBF and FC was more pronounced in ASL than
in BOLD RBNs, and specifically the correlation was more prevalent within the DMN, OVN
and LECN (Table 3b).

Discussion

ASL perfusion MRI has received considerable attention in clinical neuroscience due to its
quantitative and non-invasive nature. Absolute CBF values obtained using ASL in the whole
brain and specific brain regions have been shown to be reproducible across time scales of
minutes, hours to days (Chen et al., 2011; Jain et al., 2012; Jann et al., 2013; Wu et al.,
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2011). There is a good correlation between ASL CBF and the gold standard of °0-PET in
both resting state and activation studies (Feng et al., 2004; Kilroy et al., 2013; Ye et al.,
2000). Besides providing a robust mean CBF averaged across a few minute scan, it has been
shown to be feasible to perform dynamic FC analysis of the ASL perfusion image series
(Chuang et al., 2008; Dai et al., 2013; Jann et al., 2013; Liang et al., 2012; Zou et al., 2009),
similar to BOLD FC analysis. To date, however, very few studies have systematically
addressed the similarity of RBNs detected using BOLD and ASL contrasts, as well as their
reliability across sessions and scanners. The present study attempted to fill in this gap using
the state-of-the-art pPCASL with single-shot 3D BS GRASE pulse sequence as well as
rigorous statistical approaches to evaluate the similarity and repeatability of RBNs in BOLD
and ASL rs-fcMRI.

Spatial similarity and repeatability of RBNs

The five RBNs analyzed in this study represented the DMN, left and right ECNs, OVN and
AUN. Their spatial pattern was consistent with commonly reported networks in literature
(Beckmann et al., 2005). Specifically, these five networks were identified objectively by
spatial correlation of the ICA results to reference networks (Shirer et al., 2012). Regarding
the spatial similarity between BOLD and ASL RBNSs, we found a moderate to high level of
concordance between ASL and BOLD RBNs using both independent and joint ICA. DSC
values indicated substantial overlap between RBNs of BOLD-only and joint-ICA. For ASL-
only ICA, however, while ECNSs presented similar spatial patterns to the remaining ICA
runs, DMN, OVN, and AUN revealed differences. Specifically, the DMN showed more
widespread involvement of anterior areas whereas AUN and OVN did not separate in ASL-
only ICA but were represented as a single component. This represents a well known
problem in ICA where different model orders can lead to splitting networks into
subnetworks or merging them into one component (Abou-Elseoud et al., 2010; Calhoun et
al., 2001, 2009; Kiviniemi et al., 2009). These differences in ICA decompositions resulting
in heterogeneous RBNs pose a problem when matching RBNs from different ICA runs and
consequentially can bias further statistical analyses. Hence, to avoid such a bias for
statistical comparison of ASL and BOLD RBNSs, single subject maps for both modalities
have to be computed within the same framework. This can be achieved using identical seeds
(Viviani et al., 2011) or by integrating both modalities into a common ICA. The joint group
ICA computed all networks simultaneously across modalities, which substantially improved
their spatial concordance (i.e. DSCs). Thus, while separate and joint analyses demonstrated
that ASL-based FC analysis is feasible and yields group RBNs consistent with known
BOLD-RBNSs, only joint-ICA provided an unbiased decomposition necessary for performing
a proper statistical comparison. The voxel-wise ANOVA comparing the RBNs of individual
subjects computed by the joint-ICA revealed a significant main effect of modality in all
studied networks that was attributed to generally lower FC (z-scores) in ASL as revealed by
the post-hoc t-test, while scanner and session effects were negligible. Lower FC in ASL has
been previously observed in seed-based network analyses (Viviani et al., 2011) and thought
to be related to lower SNR or fewer volumes, as discussed below.

The test—retest repeatability of BOLD-RBNs was found to be high, both between sessions
and scanners (short (hours) and long (days) term reliability; Figs. 3 & 4 and Table 1). This
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finding was consistent with earlier studies showing that RBNs can be reliably identified
across time (Shehzad et al., 2009) and resting conditions (i.e., eyes open, closed or fixating
on a cross) (Patriat et al., 2013) using BOLD rs-fcMRI. Moreover, BOLD-RBNs showed
higher reliability than components related to physiological noise and imaging artifacts (Zuo
et al., 2010). These findings further established/corroborated the reliability of ICA-based FC
analyses in BOLD rs-fcMRI data. In the present study, RBNs from ASL-only ICA exhibited
relatively smaller yet still adequate test—retest repeatability across sessions and scanners.
Joint-1CA showed generally slightly increased modal ICCs for both BOLD and ASL, but
markedly reduced the standard deviation of ICC values within a network. These findings
herald the potential of performing rs-fcMRI studies in individual subjects using BOLD and
ASL contrasts, although to a lesser degree with the latter. Furthermore, since ASL showed
stronger FC in medial prefrontal regions of the DMN compared to BOLD due to reduced
sensitivity to susceptibility artifacts (Fernandez-Seara et al., 2005; Liang et al., 2012), it may
be particularly valuable in studying psychiatric disorders involving the orbitofrontal cortex.

To make a note of caution, functional connectivity analyses present a coarse measure of
brain organization while the true organization of brain networks is still unknown. Moreover,
since BOLD and ASL measure different contrasts of neurovascular coupling but are
physiologically related and reflect hemodynamic fluctuations, it is reasonable to assume that
they share common RBNs. It is likely that both resting state BOLD and ASL data will be
acquired in future neuroimaging studies. The proposed joint ICA may offer an appealing
approach to identify more reliable findings in terms of network connectivity, since the
findings need to be replicated in both BOLD and ASL data, compared to performing ICA on
each modality separately.

Reliable network-specific CBF quantification

While the spatial pattern of RBNs appears more reliable using BOLD, ASL provides
network specific CBF measurements, a physiologically meaningful parameter inaccessible
by BOLD. We found that both global and network CBF can be reliably assessed between
sessions and scanners (modal ICCs above 0.9). This high modal ICC might be due to the
fact that global CBF differences contribute to a large inter-individual variance compared to
intra-subject variance thus increasing voxel-level ICCs. This finding has implications for rs-
fcMRI studies in clinical populations. Specifically, the capability for reliable CBF
quantification becomes crucial in patient studies where pathophysiology (Alsop et al., 2010;
Detre et al., 2012; Detre et al., 2009; Grieder et al., 2013) or medication (Chen et al., 2011;
Wang et al., 2011) is likely to alter global or regional CBF. In support for this notion, the
major RBNs exhibit consistent, systematic differences in baseline CBF levels, regardless
whether correction for global CBF is performed or not.

The DMN and the AUN showed the highest levels of CBF among all networks, which were
also higher than the global CBF. This finding is consistent with earlier work measuring CBF
in brain networks and suggests that the DMN may retain a higher level of metabolic activity
during baseline (Li et al., 2012b), which is suppressed during task performance (Rao et al.,
2007; Zhu et al., 2013). The DMN initially was described as a network that exhibits higher
metabolic activity (in FDG-PET) during rest and shows deactivation during task execution
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(Raichle et al., 2001). For the AUN it is argued that it is not completely at rest since there is
continuous sound as a consequence of scanning. CBF is proposed as a close marker for
metabolic activity as it is normally coupled with glucose uptake of neuronal populations
during activity (Fox et al., 1988) and further highly correlates with baseline GABA
concentrations and thus indicates changes in excitatory (glutamatergic) and inhibitory
(GABA-ergic) neurotransmitters fundamental to the regulation of neuronal firing rates
(Donahue et al., 2010) (for review see (Raichle, 1998)). To sum, these findings suggest that
network specific CBF may represent the metabolic activity of the associated network that is
inaccessible by BOLD rs-fcMRI. Since the repeatability of both BOLD RBNs and network
specific ASL CBF were high, the combination of ASL and BOLD into a joint FC analysis
may provide a powerful tool in future rs-fcMRI studies carried out across time and scanners.

Besides baseline metabolism of brain areas within a network assessed by CBF, the
amplitudes of fluctuations have been argued to present another characteristic of networks
and brain areas. ALFF was introduced as a measure related to the amount of spontaneous
neuronal activity within brain areas (Zang et al., 2007). However, while conventionally
computed on relative BOLD signal fluctuations these amplitudes have no unit, performing
the computation on CBF fluctuations however, it becomes possible to attribute a quantitative
physiological unit [ml/100 g/min] to these fluctuations. Our results show that there are
systematic differences between subjects as well as across networks in the amplitudes of their
fluctuations. Notably, the %ALFF normalized to RBN-CBF (Chuang et al., 2008) showed a
similar pattern as the absolute ALFF, suggesting that ALFFs are independent of baseline
CBF and might provide an additional physiological marker to characterize temporal
fluctuations of RBNs in future studies.

Relation between network CBF and network functional connectivity

The correlation analysis between regional CBF and ASL-FC strength (z-scores) revealed a
positive relation between these two physiological measures in certain areas specific for the
distinct networks. These observations are in line with recent reports showing evidence for
specific coupling between regional CBF and functional connectivity from separate ASL and
BOLD scans in certain nodes of a network (Li et al., 2012c; Liang et al., 2013).
Accordingly, these findings of FC—CBF relationships indicate that CBF and FC provide
complementary yet related information on the brain’s baseline functional organization.
Recent reports suggest that rCBF in specific network nodes present the cost to maintain
proper network integrity (Liang et al., 2013; Tomasi et al., 2013) and that in disease both
markers show alterations (Kindler et al., 2013). In line with this notion, a study in
Alzheimer’s disease patients showed an association of CBF and FC in nodes of the DMN
that were correlated with cognitive performance. Furthermore, medical treatment enhanced
both measures along with reductions in disease severity (Li et al., 2012a). Hence including
global and regional CBF into FC analysis might contribute to the understanding of inter-
individual variability, specifically in clinical populations where alterations in both
characteristics have been observed and might influence each other as well as BOLD
responses during task performance (Liu et al., 2012).
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Study limitations and further development of ASL rs-fcMRI

Besides considerable overlap between ASL and BOLD RBNs, there are significant
differences in their spatial patterns in specific areas of the RBNs. These differences
primarily arise from the imaging modality rather than effects of different scanners or
sessions. There are several potential causes underlying the overall lower connectivity
strength in ASL and its lower reliability. First, although recordings had the same duration
(i.e. 8 min) ASL had only one fourth of the image volumes of the BOLD scan. This is due to
the requirement of ASL for labeling of the inflowing blood, a post-labeling delay to account
for arterial transit times and the fact that always a control and a label image have to be
acquired in order to quantify CBF. Secondly, ASL has lower SNR compared to BOLD
(Aguirre et al., 2002) which hampers FC analysis using ICA or cross-correlation. To explore
if the lower FC in ASL was due to reduced temporal resolution or SNR we explored the
effects of both possible causes. We subdivided (chopped) the BOLD timeseries to match the
temporal resolution of ASL by taking every fourth volume of the BOLD run (see
Supplemental Material). Performing ICA and subsequent analyses on the chopped BOLD
datasets, we found only minor reductions in modal ICCs (Table 2) and DSCs (Table S1).
These results confirm earlier studies demonstrating that temporal resolution has minor
effects on FC analysis and that rather the total scan time (which was the same for all datasets
in the present study) is a critical factor affecting FC reliability (Birn et al., 2013; Van Dijk et
al., 2010). The analysis of temporal SNR revealed that BOLD rs-fcMRI had overall higher
temporal SNR than CBF (see Supplemental Material). However, the t-test also revealed
medial and orbitofrontal areas with higher SNR in CBF, the same area that showed
increased CBF functional connectivity (Fig. S8. (Liang et al., 2012)). This increased
sensitivity in areas close to tissue—air boundaries are known to cause susceptibility artifacts
in EPI image acquisition which are greatly alleviated in 3D GRASE readout (Vidorreta et
al., 2012). While increased FC in areas of susceptibility can be explained by the better
sensitivity of ASL in these areas, each RBN showed additional clusters of increased FC in
ASL. These clusters are mostly outside the z-maps of the distinct RBNs and could suggest
decreased sensitivity of ASL to separate RBNs. The reduced tSNR combined with shorter
timeseries might cause fluctuations across voxels to share more mutual information and
hence increased correlation with the group component template fluctuation. As a
consequence, ASL-RBNs might show more widespread and less well segregated networks
than BOLD since the information content of voxel timeseries is less separable than in
BOLD. This limitation might be overcome in future studies by using longer CBF timeseries
or increasing the model-order of the ICA for ASL.

Another issue that is known to influence FC is motion (Power et al., 2012; Van Dijk et al.,
2012). Especially if systematic motion differences exist between two groups or, in the case
of the present study, modalities this has to be considered. However, statistical analyses of
translational and rotational motion yielded neither significant differences between modalities
nor between sessions or scanners (see Supplemental Material). Hence, the differences in FC
between BOLD and ASL RBNs might be mainly attributed to SNR. We did not report motor
networks due to the presence of wrap around signals in the top slices of 3D GRASE images.
While possessing great promise for rs-fcMRI studies, the spatial resolution and image
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coverage still need to be improved in pCASL with single-shot 3D BS GRASE for
widespread applications in clinical neuroscience.

Conclusion

To conclude, the combination of quantitative information on network metabolism from ASL
and spatial organization of functional networks from BOLD rs-fMRI provides a powerful
tool for characterizing RBNs. While BOLD RBNSs showed excellent test—retest reliability
across sessions and scanners in their spatial pattern, ASL RBNs showed reduced yet still
adequate repeatability. The highly reproducible network-specific ASL CBF measurements
may complement BOLD rs-fMRI by providing quantitative CBF as an index of the
metabolic activity of specific networks.

Moreover, we found that FC strength in RBNs is correlated with the baseline CBF in core
areas of the corresponding networks. This suggests that joint FC and network CBF analyses
using BOLD and ASL may fully characterize the spatiotemporal and quantitative properties
of RBNs that are especially desirable for longitudinal rs-fcMRI studies, pharmacological
MRI studies as well as for the comparison of RBNSs across different subject groups.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Schematic workflow of ICA of BOLD and ASL data. ICA decompositions were performed

separately for BOLD and ASL datasets as well as in a combined joint-ICA to compute

Resting Brain Networks (RBNSs). Dice Similarity Coefficients (DSC) were calculated to

compare spatial overlap of resulting RBNSs across different ICA runs. Test—retest reliability
of RBNs across session and scanner was estimated by means of Intra-class correlation
coefficients (ICC). An ANOVA with post-hoc t-test was employed to statistically compare
RBNs from BOLD and ASL. Finally, baseline activity of RBNs (RBN¢cgg) was calculated
and associations between RBNCBF and functional connectivity strength were tested by

Pearson correlation coefficients.
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Fig. 2.
Results from separate ICAs for BOLD and ASL. Modality specific group RBNs were

computed as one-sample t-test across the specific single subject maps. Left column displays
BOLD RBN results while right column those for ASL. Five common RBNs were analyzed:
Default Mode Network (DMN), left and right Executive Control Networks (L/R-ECNSs),
Occipital Visual Network (OVN) and Auditory Network (AUN). Test—retest reliability
between sessions and scanners are displayed as Intraclass Correlation Coefficient (ICC)
maps for BOLD and ASL networks (ICC maps were masked by ICA group RBN maps
thresholded at z > 2). Differences between the two modalities (BOLD vs. ASL) were
assessed by means of two-sample two-sided t-tests (significance threshold was set at p <
0.001). The bottom row displays voxel-wise correlation maps for CBF and Functional
Connectivity strength (z-scores) for the five distinct networks (only significant (p < 0.05)
correlations above r > 0.4 are displayed. Correlation maps have been masked by ICA group
RBN maps thresholded at z > 2). Multi-slice views of all analyses can be found in
Supplemental Figs. S1-S5.
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Fig. 3.
Results from joint-ICAs for BOLD and ASL (Display, organization and color-scaling are

analog to Fig. 2). Modality specific group RBNs were computed as one-sample t-test across
the specific single subject maps. Left column displays BOLD RBN results while right
column those for pCASL. Five common RBNs were analyzed: Default Mode Network
(DMN), left and right Executive Control Networks (L/R-ECNs), Occipital Visual Network
(OVN) and Auditory Network (AUN). Test—retest reliability for session and scanner are
displayed as Intraclass Correlation Coefficient (ICC) maps for BOLD and ASL networks
(ICC maps were masked by ICA group RBN maps thresholded at z > 2). Differences
between the two modalities (BOLD vs. ASL) were assessed by means of two-sample two-
sided t-tests (significance threshold was set at p < 0.001). The bottom row displays voxel-
wise correlation maps for CBF and Functional Connectivity strength (z-scores) for the five
distinct networks (only significant (p < 0.05) correlations above r > 0.4 are displayed.
Correlation maps have been masked by ICA group RBN maps thresholded at z > 2). Multi-
slice views of all analyses can be found in Supplemental Figs. S1-S5.
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Fig. 4.

Mean CBF values for RBNs (bar-plot). Line-plot represents mean values of separate ASL
sessions. Default Mode Network (DMN), left and right Executive Control Networks (L/R-
ECNs), Occipital Visual Network (OVN) and Auditory Network (AUN).
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Fig. 5.

A) Average CBF-ALFF for each network and subject. B) %ALFFs with respect to RBN-
CBF (adjusted for global GM-CBF). Subjects were ordered according to their overall mean
ALFF. ANOVA revealed significant ALFF differences across RBNs and subjects for both

absolute and normalized ALFF.
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Table 1

Dice Similarity Coefficients (DSCs) between RBNs resulting from different ICA runs (joint-ICA group
component GC, joint-ICA ASL networks, joint-ICA BOLD networks and RBNs from separate BOLD
(BOLD-only) or ASL (ASL-only) ICAs. Highlighted are the DSCs between RBNs from ASL and BOLD
based on the joint-ICA approach indicating high concordance of network patterns.

Joint ASL  JointBOLD Only ASL  Only BOLD

DMN

Joint GC 0.81 0.89 0.29 0.61
Joint ASL 0.71 0.35 0.57
Joint BOLD 0.27 0.61
Only ASL 0.35
RECN

Joint GC 0.76 0.82 0.67 0.62
Joint ASL 0.59 0.67 0.54
Joint BOLD 0.60 0.64
Only ASL 0.56
LECN

Joint GC 0.80 0.85 0.61 0.52
Joint ASL 0.66 0.61 0.45
Joint BOLD 0.58 0.55
Only ASL 0.41
OVN

Joint GC 0.77 0.94 0.46 0.69
Joint ASL 0.71 0.47 0.59
Joint bold 0.44 0.69
Only ASL 0.50
AUN

Joint GC 0.79 0.86 - 0.57
Joint ASL 0.66 - 0.47
Joint BOLD - 0.60
Only ASL _

Neuroimage. Author manuscript; available in PMC 2016 February 01.



Page 25

Neuroimage. Author manuscript; available in PMC 2016 February 01.

Jann et al.

€220 1220 G250 G250 NO3A
9220 €220 0590 6290 NOT1 wiol sy
€20 0vz0 G290 0550 NING
USOMIBE  UIYMAA  USSMIBE  UIUHAA
pis [EPOIN
650°€ 950'T 9590 6990 NNV
1220 9220 €TL0 ¥6L°0 NAO
9220 6120 9020 T€L°0 NO3Y  paddoyd @109
z18°0 602°0 SzL0 w10 NO3T
ST2°0 ¥12°0 00L°0 189°0 NIAQ
usemiag  UIYNA  Usamieg  UIYMM
«P1s ¥[ePOIN
6220 6220 0590 5280 NNV
0120 120 000 050 NAO
€220 622°0 000 5190 NO3Y  @weledss @109
8220 6220 G280 §26'0 NO3T
6720 602°0 0080 G280 NING
USOMIBE  UIYMAA  USBMIBE  UIUIAA
pis [EPOIN
0120 6.T°0 0080 80 NNV
vrTo 01T0 5260 0560 NAO
610 ¥6T°0 §8°0 G180 NO3d 1ol alog
6.T°0 €870 G26'0 0060 NO3T
€LT0 vLT0 0060 G260 NIAQ
usemiag  UIYNAA - usamisg  UIYIM
pis [epoN

‘INS [2q0]b ay1 1o} Se |jam se 49 10} Ssanjen
D1 aAndadsal SNgyY 8yl si1st) b Jamo “(JelssielA [ewuswsjddng aas asesjd a10g-paddoys o) suni d10g-paddoyd Inoy ayp JoA0 sanjeA abeane pue
sunJ | ajeJedas se [[am se Juiol o) (SNGY) sY10mI8U Ulelq Bunsal 1S pue 1049 10} SUOITRIASP PJepuURIS pue DD|-[epOoW JaUURIS-UamIaqg pue UIYIAA

zalqeL
NIH-PA Author Manuscript

NIH-PA Author Manuscript NIH-PA Author Manuscript




Page 26

Jann et al.

NIH-PA Author Manuscript

sunJ { 130 aberene

e
0900 §90°0 S16'0 916'0 W9 [eqoID
6¥0°0 ¥20°0 G160 G¢6°0 NNV
0v0°0 ¥20°0 G16°0 G16°0 NAO
1500 €700 §/6'0 0S6'0 NO3Y 490
€500 1500 G160 056°0 NO31
00 1500 056°0 G16°0 NING
Usamleg UM  Usamidg  UIYNAA
pis [epoN
vere €€C0 009°0 0S5°0 NNV/NAO
922’0 LT2°0 009°0 0040 NO3d steredas 15y
928'T et Al 00%°0 0S5°0 NO31
reo T.8¢C rA 4] G/9°0 NNQ
Usamlag  UIUNAA  Usamidg  UIYNAA
pis [epoN
T1€C°0 0€C'0 0S50 G2S°0 NNV
G120 8720 G2S'0 00S°0 NAO
usaMIdg  UIUNAA  USamiag  UIYHAA
p1s IePON

NIH-PA Author Manuscript

NIH-PA Author Manuscript

Neuroimage. Author manuscript; available in PMC 2016 February 01.



Page 27

Jann et al.

ISV 10 d1049 J8y1I8 Ul uoie|a103 D4-4g9 Wediubis e 10 9°0 < D1 Buimoys SN 8A1L U1 JO YIea UIYNM S|aXOA JO afeiuadiad

NIH-PA Author Manuscript

€9l|qel

NIH-PA Author Manuscript

%LL'6 %EE9T %60°GT %TTC %¥9°8¢ &Y
%L6°C %99'81 %¢9'8 %SE'E %YS'e anog

uo1e|31100 D4-g4D uediyiubis buiAe|dsip Ng¥ yoes ulyiim S|9XoA Jo abejusdiad (g

%Vy'e9 %85°06 %6228 %LL°SL %0v'¢8 Rl aiog
%9508 %¢S5'96 %60°18 %YoL %9v°08 ejul glog
%V6'61T %6T°¢C %ILTe %LC°61 %vL'SC Rl BY
%97'61 %.5°€C %¢E'Se %8¢'¢C %8C'TE BAUITISY

9°0 < D01 bunIqIyxa NGY Uoes UIYIM S|9XOA J0 abejuadlad (v

NNV NAO NO3IT NO3d NING

NIH-PA Author Manuscript

Neuroimage. Author manuscript; available in PMC 2016 February 01.



Page 28

Jann et al.

109 2Lv snJAB [endioo0 JoLiapul wol TI- 26— 9e- LE°6- .85 snaun) wol 0z 88- -
106G 6¢€ SnIAB [ejuody Jonapu| uol 9z 9 Z¢r- sy <aiod vSL- 2lzz  sniAB [edweooddiyered ¥ 8- 0 0c- d109<7sv
z A X z A X
81euIpao0d
91euIpJ009 ead 18 anjeA-1  J31SN|I Ul S|OXOA# lage| [eolwoleuy  aJaydsiweH  81euIpJI00d INIA Mead Mead Je anjeA-1  J3ISN|D Ul S|9XOA# loge| [eolwoleuy  aJdaydsiweH  31eulIpJo0d ININ Yead NO3IH
LTS 88z snuAB [ejuoly Jouiadng wory 95 4 0z
S0'G 092 usweInd whry 9- 8 8z
96y 8¢z snIAB rejnbuy wery v 89- 8¢ Ly- TeE snIAB [ejuoly-oNqI0 wery  v- 29 9
veY L0Z snJAB [epu0ly Jouayu wory 91 43 a4 GT'/-  9gee snaundaid whry 2z 99- 0T
059 G5ee snuAB [ejuoly JoLiadng wo1 9 0 02— v§9-  v9¢ ajod [ejodwal wbry  ve- T 44
veet L6v2T aqo| [eydtred JoLadng ol 08 99-  0g- 69'G- 69 snAB endiooo bTEn v8- -
66'G 502 SnIAB [ejuoyy JoLiapu| wel 8z 9T vs- ISV <alod 687- 655 SNIAD [enUs0ISOd wel  ve 9- 09-  Qalod<7sv
z A X z A X
81eu1pJo0d Mead Je anjeA-1  481SN|I Ul S|aXOA# |age] [edlworeuy  agaydsiweH  83eulpJood INIA esd 81eu1pJo0d Mead Je anjeA-1  481SN|I Ul S|9XOA# |9ge] [edlwoyeuy  adaydsiwaH  81eulpldo0d [N Yesd NO3T
vev- 022 SNIAB ayeInBuId JoLsIUY wery - ve 9 9
69'G- €¢L snuAB fenbur wbry  ZI1-  v9- 8T
98'8T 6215 snaundaid whry v 0~ 7 19'6- 62 snaund whry 2z 08- 82
vT'8 Gee SnJAB [enusoisod Wby 8g 9e- 9 6Lv— Ty snJAB eyuoyy Jonadng whry 99 0 0
44 €9 SnIAB wioyisn whry  9- 08- 9 08'G- L SMUAB [ejuoly BIPPIN wbry e 144 or
76'S (47 sniAB fedwesoddiH wery  ot-  ve- o€ €G- 182 SnJAB epuoly JoLayul wery  9- 0z 0S
119 2z SnIAB [eu0ly JoLsju| whry v 44 8¢ 196- SL aqo] [esoLied JoLidpul wbry 8y - 09
09'G LIE e|nsuj whry 81 z- 44 89'/- 269 snJAB [ejuouy-oNgu0 wol 0z- -
10°0T 281 snAB renbuy wery 8z v9- 8y G6'G-  €£9 snaun FTEn I 74 88-  0c-
1§, 909 snuAB renBur wo1 8- 88-  0c- a'S-  EVE SnIAB |esusdald w1 9 z- ze-
18'9 61€ snJAB [epuoly 3IpPIN w1 z- s ze- er's-  TIE SNJAB [eyuosy 31ppIN IER N 74 (114 9r-
256 T2 snik9 senbuy ol og 0L~ - 95'6-  TZZT aqo] [ejaLied JoLiau| I B or- 28
9’9 2LET snJAB esodwal S|pPIN w1 zZI- 01— 95— ISV <alod 9z9- 10§ snJAB [ejuoly Jonsyul Yo ve 01 vS-  @109<7svy
z A X z A X
8)euIpa00d Ja1snjo 9JeuIpa00d  J3ISN|d
Mead Je anjeA-1 Ul S|9XOA# |oge] [edlworeuy  adaydsiweH  83eulplood [N Yesd Mead 1e anjeA-1 Ul SISXOA# |9ge] [edlworeuy  aJaydsiwaH  81euIpd00d [N Yead NWa

"paisI| aJe S|9XO0A Yead 1e anjeA-]1 pue SazIs J31SN|d ‘SIAISN|I JO S|9XO0A Mead ‘|age| [edlwoleuy ‘AjaAndadsal 1Sy pue d109g wod) sdew NGy 103lgns a1buls usamiaq 15e1-1 ajdwies-om] Jo ajqel Alewwing

v alqel

NIH-PA Author Manuscript NIH-PA Author Manuscript NIH-PA Author Manuscript

Neuroimage. Author manuscript; available in PMC 2016 February 01.



Page 29

Jann et al.

LT £1211T snAB |enbur T 08- 0 ¥0'8- vSy  snuAB [edweooddiH w19 or-  ¢z-
10'S 089 SnJAB [ejuol4 [e1psiN w1 oy € 9- 1sv <@alod v.°G- Ley  snAB [eurBreweidns wol ey Z¢-  T§- dl1od<sv
z A X z A X
81eulpao09d Mead Je anfeA-}  481SN|d Ul S|9XOAH |oge] [edlworeuy  aJaydsiweH  81eulplood |NW Yead 81eulp1009d Mead Je anfeA-}  181SN|d Ul S|9XOAH |9ge] [edlwoyeuy  alaydsiwaH  81eulpdo0d [N Yead NAO
LTS 88z snJAB [ejuoly Jonadng whiy 95 v 0C
S0'G 092 usweind why  9- 8 8C
96y 8¢2 snuAB tenbuy whry v 89—  8e Ly- TeE snJAB [0y [e1paW-0NgIO wery v- 29 9
Ve L0z snJAB [ejuoly Jonaju whiy 91 e ra4 GT'/-  9zee snaundaid whry 2z 99- 0T
059 G5ee SnJAB [ejuoly Joniadng W1 95 0 02— v§9-  v9Z ajod [esoduwa] wery  ve- T 44
veer L6v2T aqo| [eyorred Jotadng ol 08 99-  0g- 69'G- 6¥9 SnIAB |end1oo0 ajppIN b1 v8- -
66G 50T snJAB [ejuoly Jonayu w1 8 9T vS- ISV <dlo9 687  65G SnIAB [enusoIsod LIER ) 9- 09-  @log<1sv
z A X z A X
9)euIpa009 9)euIpa00d
Mead Je anjeA-1 131SN|9 Ul S|9XOA# |age] [edlworeuy  asaydsiweH  81eulpaood |NIA esd Mead 1e anjeA-1  181SN|D Ul S|SXOA# |9ge] [edlworeuy  adaydsiwaH  81euIpI00d [N Mead NNV
TS 262 snuAB areInbuid wery vy 9%€- v
259 6EE snuefey | whiy 2T 9- 8
LEG  9€eC snJAB [enusoald whiy oL 0z- 0
0.6 80.2 aqo| [e3alied Joladng wbry 05 [ZE N 74
06'9 LE¥ SnIAB [eyuouy 3|ppIN wbry  v9 9 0€
76'L 888l ajod [elodwa whry 81— 9 9y
GT'6 959 snAB eJoduwsy Jonisyul wbry  9z-  0z- ¢S
1CL  6hy SnIAB [eyoay yol 9z- z-
z A X z A X
9)eUIpJ00d
91euIpJ0o09 Yead 18 anjeA-1  J9ISN|I Ul S|OXOA# |age| [edlwoleuy  aJaydsiweH  81euIpJ100d INIA Yead Mead 1@ anjeA-1  J91SN| Ul S|OXOA# loge| [eolwoleuy  aJdaydsiweH  81eulpJao0d ININ Yead NO3IH

NIH-PA Author Manuscript

NIH-PA Author Manuscript

NIH-PA Author Manuscript

Neuroimage. Author manuscript; available in PMC 2016 February 01.



