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Abstract

Multiband acquisition, also called simultaneous multislice, has become a popular technique in
resting-state functional connectivity studies. Multiband (MB) acceleration leads to a higher
temporal resolution but also leads to spatially heterogeneous noise amplification, suggesting the
costs may be greater in areas such as the subcortex. We evaluate MB factors of 2, 3, 4, 6, 8, 9, and
12 with 2 mm isotropic voxels, and additionally 2 mm and 3.3 mm single-band acquisitions, on a
32-channel head coil. Noise amplification was greater in deeper brain regions, including
subcortical regions. Correlations were attenuated by noise amplification, which resulted in
spatially varying biases that were more severe at higher MB factors. Temporal filtering decreased
spatial biases in correlations due to noise amplification, but also tended to decrease effect sizes. In
seed-based correlation maps, left-right putamen connectivity and thalamo-motor connectivity were
highest in the single-band 3.3 mm protocol. In correlation matrices, MB 4, 6, and 8 had a greater
number of significant correlations than the other acquisitions (both with and without temporal
filtering). We recommend single-band 3.3 mm for seed-based subcortical analyses, and MB 4
provides a reasonable balance for studies analyzing both seed-based correlation maps and
connectivity matrices. In multiband studies including secondary analyses of large-scale datasets,
we recommend reporting effect sizes or test statistics instead of correlations. If correlations are
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reported, temporal filtering (or another method for thermal noise removal) should be used. The
Emory Multiband Dataset is available on OpenNeuro.

Keywords
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multislice; subcortical; temporal resolution

1.

Introduction

Correlations in spontaneous blood-oxygen-level-dependent (BOLD) signal fluctuations
measured using resting state functional magnetic resonance imaging (rs-fMRI) are referred
to as functional connectivity, and collectively, are used to reveal the functional connectome
(Biswal et al., 2010). Patterns in functional connectivity can provide insight into the
pathophysiology of diseases, and rs-fMRI has the potential to be a biomarker of neurological
and psychiatric disorders (Greicius, 2008). In particular, functional connectivity in
subcortical regions, such as the thalamus and striatum, appears to be altered in many
neurological and psychiatric conditions (Greicius et al., 2007; Woodward and Heckers,
2016; Di Martino et al., 2011). Recently, multiband (MB) acquisition, also called
simultaneous multislice, has been broadly adopted by large-scale efforts to map the
functional connectome across all stages of human development (Glasser et al., 2013; Miller
et al., 2016b; Howell et al., 2019; Weiner et al., 2017a; Hagler et al., 2019) in part due to
evidence suggesting up-to 60% increases in fMRI signal fluctuation detection sensitivity
(Feinberg et al., 2010). Evidence from task-based fMRI data suggest the benefits of
multiband acquisition may be non-uniform across the brain and in some instances decline
with high MB factors (Todd et al., 2017). Relatively high MB factors (MB 8) are used by
most of the large-scale efforts; yet, to date, the impact of MB factor on correlation-based
functional connectivity estimation has received little attention.

MB acquisition improves temporal resolution in fMRI by using a multiband radiofrequency
pulse to simultaneously excite and receive signals from multiple slices, which can also be
leveraged to improve spatial resolution (Moeller et al., 2010; Feinberg and Setsompop,
2013). For a given period of acquisition time and voxel size, the number of volumes
collected increases by the MB factor, e.g., an MB factor of eight increases the number of
volumes eight-fold. This increase in the number of time points in itself can improve
statistical power (Todd et al., 2016). It can also improve the ability to unalias physiological
sources of noise during temporal filtering (Todd et al., 2017) and improve artifact removal
using independent component analysis (Smith et al., 2013; Griffanti et al., 2017). However,
this increase in sampling frequency is accompanied by reduced signal-to-noise ratio from
two potential sources. First, noise amplification occurs during image reconstruction when
individual slices are recovered from the simultaneously excited overlapping slices. Coil
geometry factors (g-factors) are used to quantify this noise amplification and have been
shown to vary across the field of view. In general, g-factors tend to be highest in subcortical
regions and, in some studies, prefrontal areas where coil elements have lower and less
variable sensitivity (Risk et al., 2018; Todd et al., 2017). Second, the signal is attenuated by
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the shortened repetition time (TR), which reduces equilibrium longitudinal magnetization
even when the Ernst angle is used for the excitation radiofrequency pulse.

For some cortical regions, such as the visual and motor cortex, the benefits of MB
acceleration up to eight-fold appear to outweigh the costs, with improved detection of task-
evoked activity (Chen et al., 2015; Todd et al., 2017; Risk et al., 2018). Some benefits have
also been observed in resting-state networks in studies evaluating up to 4-fold acceleration
(Demetriou et al., 2018; Boyaciouglu et al., 2015; Preibisch et al., 2015; Chen et al., 2020)
and 6-fold acceleration (Feinberg et al., 2010; Chen et al., 2015; Jahanian et al., 2019).
However, previous studies have not systematically evaluated how functional connectivity is
related to g-factors, nor the implications of this on subcortical regions in which g-factors are
higher. Moreover, the majority of the extant literature has only considered selected lower
MB factors (summarized in Bhandari et al. 2019) or considered a small number of subjects.
A systematic evaluation that includes the higher MB factors that are now common in large-
scale rs-fMRI studies is currently lacking.

The aim of this study is to characterize the impact of MB factor on correlation-based
functional connectivity in order to provide guidance for the design of rs-fMRI studies. Our
assessment uses standard preprocessing pipelines with nuisance regression (Fox et al., 2009)
with and without bandpass filtering. We evaluate MB factors ranging from 2 to 12 (2-mm
isotropic) and single-band (SB) acquisitions with two voxel sizes (2- and 3.3-mm isotropic)
in six-minute runs. We conduct our analyses at two levels: 1) an analysis of seed-based
correlation maps for a seed in the right putamen and a seed in the hand region of left primary
motor cortex (LM1); and 2) an examination of network connectivity using the 264-node
atlas from Power et al. (2011), which includes thirteen subcortical nodes. We examine the
putamen as it is in a high g-factor area, forms circuits with cortical regions critical for
coordinating various aspects of behavior including movement (Kravitz et al., 2010b),
memory (Poldrack et al., 2001), and motivation (Pessiglione et al., 2006), and has been
implicated in both movement and cognitive disorders (Kravitz et al., 2010a; Konova et al.,
2013; Cerliani et al., 2015). We examine LM1 because it is in a low g-factor area that allows
an examination of spatial biases introduced by g-factor. It receives feedforward excitatory
input critical for refining movements from the contralateral cerebellar denate nucleus (also a
low g-factor area), via the left ventrolateral thalamus (Bastian and Thach, 1995; Dum and
Strick, 2003), which is in a high g-factor area.

2. Theoretical Background

2.1. Noise amplification and functional connectivity

Here we present a simplified model of the BOLD signal in which noise amplification
reduces correlation. Let x;,,represent the BOLD time series for the ith subject, vth location,
and #h time point. For the moment, we assume that there is no multiband noise
amplification. Let x;/ ;denote the time series for another location /. Then
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Here, 41, is the mean for the 1th location and o3 its variance. The covariance between
locations vand V' is y,/. The symbol ~ denotes “distributed as.” In the time series
literature, a constant mean and covariance matrix is referred to as “weakly stationary,” which
we specify without additional distributional or independence assumptions (Tsay, 2010). In
particular, the following model applies to any autocorrelation structure. The
contemporaneous correlation between two locations vand V' is defined as

You'

Corr(xjpp Xjp't) = ——— = ‘.
(lUt’ wt) 0,0y Pov

In SB functional connectivity studies that treat functional connectivity as constant across
time, the contemporaneous correlation p,,/ is the parameter of interest (e.g., Biswal et al.
1995). We do not partition the sources of variance into neuronal, physiological, and thermal
noise, as our purpose here is to present a model that conceptualizes the impact of multiband
acceleration. Now let y;,,denote the time series with MB factor equal to a. Then we define

Yiavt = Xivt T €iqurs (2

where €, is the noise due to multiband acceleration and is mean zero with variance #2,..
Then 2, is the variance due to noise amplification for the ah MB factor and 1th location.
Additionally, we assume €;,,is independent of x;, In the SB acquisition (a=1), €4 +=0
by definition. This model assumes that the covariance is constant across different
acceleration factors. In practice, this assumption is likely violated due to signal attenuation
in higher MB-factor experiments from shortened TR and therefore reduced equilibrium
longitudinal magnetization. However, such reduction in longitudinal magnetization can be
reformulated as a proportional increase in noise. Then,

Yo'
2 2’
+ ’TL%U\/GU’ + g

Corr(yiavl’ yiav’t) = \/(72 3)
v

which results in lower correlations.

In this paper, we focus on two possible issues resulting from noise amplification: 1) spatial
biases in functional connectivity estimates and 2) statistical power reduction. It is well-
known that g-factors vary spatially. Consequently, n2, differs across v. In the model above,
this results in spatially heterogeneous noise impacts on the BOLD time series, which lead to
differences in functional connectivity between brain regions due to MB factor rather than
neural activity.

With regard to statistical power, the trade-off between the costs and benefits of MB
acquisition will be impacted by the extent to which the standard errors of the correlations are
reduced by the increased number of time points in MB acquisitions. (We assume that the
scan time is the same for different MB factors.)

Let z,,/ = arctanh{Corr(V;as Viav 9} be the Fisher z-transformed population correlation. To
simplify the discussion, we examine a one-sided one-sample z-test for a true parameter z,,,/
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with null hypothesis Hp : z4,,/ < 0 and alternative hypothesis Hj: zz,,/ > 0. (The power
function presented here is approximately equal to the power of a t-test for a large number of
subjects.) We assume subject Fisher z-correlations have the same mean and variance:

z,-aw,i‘im(zaw,,vgw,) forall /=1, ..., N, where the symbol iid denotes “independently and
identically distributed,” #(zqu., vay,) is the normal distribution with mean 2z, and
variance v2,,,, and NVis the number of subjects. The BOLD time series generating the

correlations are known to contain autocorrelation (i.e., Corr(Vjavs Viaye # 0 for some lag /),
but this does not affect the validity of the assumption that subjects are independent, as
discussed in Section 2.2 Autocorrelation and other considerations for multiband data. Let
C1-q = D7I(1 - a) be the critical value for a level-a test, where ®(") is the standard normal
cumulative distribution function (CDF) and ®(-)~1 the inverse CDF. Then the power is

<D(W i— —c - a) : (@)
avv

Note that in this model, an increase in the MB factor may simultaneously decrease z,,,/,

since the noise amplification decreases the correlation via (3), and decrease v,,,/, since the

higher number of volumes may decrease the standard deviation of the sample correlation

(discussed in Section 2.2 Autocorrelation and other considerations for multiband data).

Thus, the benefit of MB on functional connectivity estimation depends on the balance

between the cost of noise amplification at the locations of interest and the increase in the

number of volumes acquired.

Although we have presented (4) for a one-sample test, a similar argument applies to the
more common scenario in which correlations are being compared between groups, e.g.,
healthy and diseased, as described in Appendix A Power when comparing two groups.

2.2. Autocorrelation and other considerations for multiband data

The autocorrelation in multiband data does not affect the validity of the group test statistics
in the sense that when the null hypothesis is true, the type-1 error rate is approximately equal
to the specified a-level. However, the power is impacted by autocorrelation via the impact

v2, .. In the absence of autocorrelation (i.e., white noise),

on the variance of z;,,,, denoted v,

V2, ~ 1/T, where T,is the number of time points in acquisition a. For Aindependent

avy’

subjects, VarZ,N= 1 Ziaquo'! N = 1/(NT,). In general, v‘%vv, > 1/T, in the presence of positive

autocorrelation. Intuitively, for a fixed scan time with increasing MB factor g, the benefits of
a larger 7, decline as the autocorrelation increases due to a decrease in the effective degrees
of freedom. We present an additional discussion of the implications of autocorrelation in
Appendix B /mplications of autocorrelation on power.

Another complication of MB acquisitions is that correlations may exist between aliased
voxels. Voxels collected in the same multiband group are aliased according to the blipped-
CAIPI (Controlled Aliasing In Parallel Imaging) field-of-view (FOV) shifts, as illustrated in
Todd et al. (2016). In simulations with slice-GRAPPA reconstruction (no leak block),
Setsompop et al. (2013) found that MB acquisitions can result in artifactual thermal noise
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correlations if vand V' are aliased. Using the model in (2), this implies Cov(ejaz €jay) # 0
if vand V' are aliased. Previous studies with task fMRI indicate that the split slice-GRAPPA
algorithm, as now used in Siemens reconstruction (leak block), dramatically reduces aliasing
artifacts (Cauley et al., 2014; Todd et al., 2016; Risk et al., 2018). In the simplified model in
Section 2.1 Noise amplification and functional connectivity, we assume the possible increase
in correlations between aliased voxels is negligible. This is discussed more in Section 5.4
Preprocessing pipelines and strategies for artifact and noise removal.

3. Methods

3.1

Participants and imaging protocol

Thirty-two (16 female, ages 19-29) healthy, unmedicated, right-handed young adults
participated in this study, who were recruited from Emory University and the surrounding
community. Nine six-minute resting-state fMRI runs were acquired from each participant on
a 3T MR scanner using a 32-channel head coil padded with foam wedges to decrease head
motion. Each participant’s data is from a single session in the same scanner, and two
scanners with identical hardware specifications and software version were used throughout
the study (MAGNETOM PrismaFit, software version E11C, Siemens Healthcare, Erlangen,
Germany). Multiband scans were collected using 2D multiband echo-planar imaging (EPI)
sequences with blipped-CAIPI, Development Release R016a, from the Center for Magnetic
Resonance Research (CMRR), University of Minnesota (Moeller et al., 2010; Setsompop et
al., 2012; Xu et al., 2013). Details on the nine resting-state fMRI acquisitions are in Table 1,
with flip angles set to achieve the Ernst angle. Echo time (TE)=32 ms in all acquisitions
except MB 12, where TE=32.4. Parameters common to multiband scans include 2 x 2 x 2
mm?3 voxels, 208 x 208 mm? in-plane field of view, 72 slices, 0 mm slice gap, integrated
parallel imaging technique (iPat)=none, phase partial Fourier=7/8, anterior-to-posterior (AP)
phase encoding direction, interleaved slices, pre-scan normalize, and scanner reconstruction
using the LeakBlock option, i.e., split slice-GRAPPA (GeneRalized Autocalibrating Partial
Parallel Acquisition) (Cauley et al., 2014), and sum-of-squares coil combination. The MB
factors correspond to all possible factors with 72 slices available in the CMRR sequences,
which corresponds to all integers a less than or equal to 12 such that 72/ais a whole number.
An SB reference acquisition with AP encoding (SBRef AP) was acquired prior to each MB
acquisition, which is required for multiband image reconstruction. An additional SB
reference acquisition with posterior-to-anterior encoding (SBRef PA) was acquired prior to
the MB 3 acquisition for use in distortion correction, as described in Section 3.2 FMR/ data
processing. The order of the MB factors was randomized for each subject. Participants were
asked to lay motionless and look at a cross-hair during resting-state scans. A T1-weighted
magnetization-prepared rapid gradient-echo (MPRAGE) sequence (TR/Inversion Time
(TI)/TE = 2300/900/3.02 ms, flip angle = 8 degrees, field of view = 256 x 256 mm?2, 1 x 1 x
1 mm3 voxels, 176 slices) was collected after the first five resting-state acquisitions. A
landscapes movie was played during the MPRAGE acquisition. This study was approved by
the Institutional Review Board of Emory University and participants provided written
informed consent.
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3.2. FMRI data processing

Motion correction.—Volumes corresponding to the first 10 seconds of the run were
removed for each acquisition. Then the seven MB acquisitions (MB 2, MB 3, MB 4, MB 6,
MB 8, MB 9, MB 12) were motion-corrected to their corresponding SB reference AP
images using rigid body alignment (6 DOF) in MCFLIRT (Jenkinson et al., 2002) in FSL
6.0.3. SB 2 mm and SB 3.3 mm were registered to the eighth volume of their scans.

Susceptibility distortion correction.—The SBRef PA acquisition was rigid body
aligned to the SBRef AP MB 3. Then FSL’s topup was applied (Andersson et al., 2003;
Smith et al., 2004). The 2 mm resting-state acquisitions were then aligned to the SBRef AP
MB 3 using a rigid body transformation, topup applied, followed by slice-timing correction.
The 3.3 mm acquisition was slice-timing corrected, spline-interpolated to 2 x 2 x 2 mm?3
resolution, followed by topup.

Co-registration and normalization to MNI.—Distortion and motion-corrected resting-
state acquisitions were then rigid-body aligned to the anatomical image. The anatomical
image was non-linearly registered to the Montreal Neurological Institute 152 template in
FSL (MNI152_T1_2mm) using FNIRT, and the warping function was then applied to the
resting-state acquisitions. Acquisitions were then skull stripped and intensity normalized to
result in the global (4d) mean equal to 10,000 (Glasser et al., 2013).

Nuissance regression, temporal filtering, and spatial smoothing.—We further
processed the data to minimize BOLD variance unlikely to represent neural activity in
preparation for functional connectivity analyses using the “9p” nuisance regression model in
Ciric et al. (2017). The nine nuisance regressors in this model are the six rigid body
realignment parameters, global signal, average cerebrospinal fluid (CSF) signal, and average
white matter (WM) signal. We chose this model because global signal regression (GSR) is
particularly effective at removing head motion and respiratory-related artifacts from
functional connectivity estimates (Power et al., 2017, 2019, 2020), and the 9p pipeline
maximized a measure of network quality in Ciric et al. (2017), suggesting a balance between
reducing artifacts and preserving signal. We chose a pipeline commonly found in the
literature, rather than a more specialized pipeline, to improve the generalizability of our
results. In addition, we implemented three variations of the 9p pipeline to investigate the
impacts of temporal filtering and spatial smoothing: 1) 9p with bandpass filtering applied
during nuisance regression, hereafter denoted as 9p+bandpass; 2) 9p with 6-mm full width at
half maximum (FWHM) spatial smoothing, hereafter 9p+spatial smoothing; and 3) 9p
+bandpass+spatial smoothing. We used the FSL tissue priors for WM and CSF, where a
binary mask was created by setting voxels equal to one if their probability was greater than >
0.5 and zero otherwise. Nuisance regression, bandpass filtering, and spatial smoothing were
implemented using AFNI 19.3.16 (Cox, 1996). We used AFNI’s 3dTproject to bandpass
from 0.009 to 0.08 Hz, in which a single design matrix is created from the nuisance
regressors and cosine and sine functions (at the frequencies 0 to 0.009 and 0.08 and higher).
This simultaneously performs bandpass filtering and nuisance removal, as recommended in
Hallquist et al. (2013), Lindquist et al. (2019), and Bright et al. (2017), and the residuals
from least squares are retained for subsequent correlation analyses. In Table 1, we indicate
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the number of regressors included in the nuisance regression, where “DF lost in bandpass”
indicates the number of covariates included in the design matrix to achieve bandpass
filtering.

In line with recent recommendations (Ciric et al., 2017), we excluded scans with excessive
gross motion defined as scans with mean relative root mean squared displacement exceeding
0.2 mm or 1/6th of scans exceeding 0.25 mm relative root mean squared displacement,
resulting in the exclusion of nine scans. Additionally, MB 9 scans were not collected in the
first two subjects. Thus, there were 277 scans used in subsequent analyses (31 SB 3.3 mm,
31SB2mm, 30 MB 2,29 MB 3,31 MB 4, 32 MB 6, 32 MB 8, 29 MB 9, 32 MB 12).

3.3. Noise amplification

For each scan and processing pipeline, we calculated the standard deviation of the time
series on a voxel-wise basis, creating a standard deviation map for each scan. Let 5;,, denote

the sample standard deviation for the 1th voxel and ath acceleration factor in the ith subject,
calculated across the 7,time points. Recall the definitions of o2 and 2, from equations (1)

and (2) in Section 2.1 Noise amplification and functional connectivity. Then
E§,~2,w = o2 + n2,, Where E denotes the expectation. For each pipeline, we calculated
Sav = XiSiav/ N, resulting in the average standard deviation maps. We visually assessed how

bandpass filtering impacted the variance due to noise amplification, and also the variance
due to physiological sources (CSF and cardiac) that still remained after nuisance regression.

The g-factors provide insight into which brain regions may be adversely impacted by noise
amplification resulting from multiband acquisition and reconstruction. In the absence of
acceleration, thermal noise is white noise that is spatially and temporally homogeneous and
independent of the signal (Chen et al., 2019). With no in-plane acceleration, the noise
amplification of the thermal noise component can be described by defining the g-factor as g
= SNRg il SNR 4, where SNRg,yis the signal-to-noise ratio in the single-band data and
SNR,.cis the SNR in the accelerated multiband data (Breuer et al., 2009). In this study, we
do not use in-plane acceleration in rs-fMRI acquisitions.

Since we obtained SB and MB images from every subject, we generated apparent g-factor
maps in the processed data as the ratio of the standard deviation across time in the
accelerated acquisitions to the standard deviation in the SB 2 mm acquisition for each
subject. Let S;;, denote the standard deviation for the #h subject in the SB 2-mm acquisition

at the vth location. The apparent g-factor is defined
8iav = giav/gilw (5

This definition is similar to that used in Preibisch et al. (2015), except that we use the ratio
of standard deviations in preprocessed data rather than SNR from minimally preprocessed
data. Recall the mean of the data are scaled to equal 10,000 prior to nuisance regression,
which ensures the standard deviations are on comparable scales. Also note the nuisance
regression removes the mean, so a ratio of SNRs is not possible. The nuisance regression
decreases the standard deviation by reducing physiological and motion effects. If the shorter
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TR in multiband facilitates the removal of nuisance variance, then this measure accounts for
this benefit. It is noteworthy that this ratio combines the effects of reconstruction noise,
physiological noise, and reduced signal due to reduced longitudinal magnetization resulting
from the shortened TR.

In addition, we partitioned the brain into 247 cortical, 13 subcortical, and four cerebellar
regions of interest (ROIs) defined using 5-mm radius spheres centered at the MNI
coordinates in Power et al. (2011), and calculated the apparent g-factors for each of the 264
nodes. These g-factors were then visualized using the BrainNet viewer 1.7 (Xia et al., 2013).

Impacts on seed map correlations

We examined the impact of acquisition on connectivity for two seed regions: 1) a 4-mm
radius sphere in the dorsal rostral putamen centered at MNI (25, 8, 6), which is in a high g-
factor area and was found to have hyperconnectivity in children with ASD (Di Martino et
al., 2011), and 2) a 5-mm radius sphere centered at MNI (=41, -20, 62), which is in a low g
factor area, was identified as the peak task-related activation localized to the precentral gyrus
during a right-hand finger sequencing task in Buckner et al. (2011), and is connected to
other mator regions in both low and high g-factor areas.

For each seed, scan, and processing pipeline, time series for voxels within the seed region
were averaged, and a seed correlation map generated by calculating the correlation between
the seed time course and every other voxel in the brain. We visualized maps for each seed by
averaging these correlations across subjects for each acquisition and pipeline. We also
compared connectivity effect sizes for each seed by Fisher z-transforming the correlations
and then calculating Cohen’s d. For a given correlation, the Cohen’s d statistic characterizes
the effect size against the null hypothesis that the group correlation is equal to zero. Our
primary analysis used the 9p and 9p+bandpass pipelines, allowing the possibility of higher
resolution seed maps for the 2 mm acquisitions. Results with smoothing are presented in the
Web Supplement.

Impacts on pairwise correlations in a functional atlas

3.5.1. Impacts on the magnitude of correlations—To calculate functional
connectivity between pairs of brain regions, we again used the set of 264 5-mm radius
spheres centered at the MNI coordinates in Power et al. (2011). This commonly used atlas is
based on functional areas and classifies ROIs (nodes) into thirteen functional communities,
with some nodes labeled in a fourteenth category as “uncertain.” An advantage of this
parcellation is that all nodes are the same size; parcellations with regions of different size
result in an additional source of heteroscedasticity unrelated to noise amplification, where
larger regions tend to have reduced variance. Using Matlab R2020a, time series for voxels
within each 5-mm sphere were averaged; correlations between average ROI time series were
calculated and Fisher z-transformed.

To understand the impact of MB factor on pairwise correlations, we propose a measure that
combines the effects of the standard deviations at each node (ROI) in an edge:
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where gj,, is defined in (5). We define two different sets of g*-factors to correspond to the

standard deviations from the 9p and 9p+bandpass pipelines. To visualize the impact of g*-

factors on edge correlations, we averaged Fisher z-transformed correlations across subjects
for each edge, i.e., 3; Zia'/ N, and then plotted the MB correlations versus the SB 2 mm

correlations for each edge colored by ¥, g*;400 /N.

Next, we visualized plots of correlation matrices for the 9p and 9p+bandpass pipelines to see
where the impacts occurred. We excluded the “uncertain” category from visual summaries of
the correlation matrices. Plots from 9p+spatial smoothing and 9p+bandpass+spatial
smoothing were similar and are not displayed.

To statistically examine the impacts on power, we subset to select intra-community edges
where we expect positive correlations (i.e., edges between nodes within the same functional
community) and which represented a range of g*-factors. Specifically, we used an edge
between the left and right thalamus (ROIs 224 and 225), left and right putamen (227 and
230), left and right cerebellum (244 and 245), six edges from nodes in executive control
(192, 195, 196, 201), salience (212, 217, 218, 220), and default mode (88, 92, 109, 110).
The cortical nodes were selected based on their proximity to the regions in Chand et al.
(2017).

Using this subset, we created a generalized additive mixed model (GAMM) (Gaussian
family) with the Fisher z-transformed correlations (z;,,,’) as the response variable, a

smoother for g*-factor (g*5,,/) with smoothing selected using restricted maximum
likelihood (REML), fixed effects of edge, gender, and scanner, a random effect for
participant, and a random effect for the interaction between participant and edge using the
package mgcv 1.8-33 (Wood, 2017) in R 3.6.0. The use of the GAMM allows for a possible
non-linear relationship between the Fisher z-transformed correlations and g*-factor. Note
this analysis pools across the MB factors, where the MB factor drives the variation in g*-
factors, with repeated measurements accounted for via the random effects. Also note that we
did not conduct a parallel analysis with 9p+bandpass because the bandpass filtering results
in g*-factors close to one, as will be seen in Section 4.3 /mpacts on pairwise correlations in
a functional atlas.

We used generalized estimating equations with robust standard errors (Gaussian family)
implemented in the R package geepack 1.3-1 (Halekoh et al., 2006) to examine the impact
of MB factor on correlations for the subset of intra-community edges described above. We
conducted this analysis for the 9p, 9p+bandpass, 9p+spatial smoothing, and 9p+bandpass
+spatial smoothing. We created separate models for the thalamus, putamen, cerebellum,
executive control, salience, and default mode. The Fisher z-transformed correlation (z;,.,)

was the response variable with MB factor, gender, and scanner as categorical variables and
participant id as the clustering variable. The SB 2 mm acquisition was used as the reference
level for MB factor.
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3.5.2. Impacts on edge density—We examined edge density for each of the thirteen
communities. For each pipeline, we conducted one-sample t-tests for each edge to test that
the population correlation was equal to zero using the sample z-transformed correlations
from each subject. There were a few spheres in the “uncertain” category (ROIs 4, 5, 9, 10,
and 250) and one in default mode (ROI 83) that contained no data in some subjects in the SB
3.3 mm distortion-corrected image. We excluded these six nodes. We calculated the
proportion of significant edges for each of the communities in Power et al. (2011) using the
Bonferroni-level a = 0.05/(258 * 257/2), which suffices here since the effect sizes are large.
The proportions were calculated using all possible edges (i.e., inter- and intra-community).
Since the number of subjects for each MB factor varied from 29 to 32, we standardized the
power across MB factor by calculating the t-statistics as the Cohen’s d multiplied by /32
(the most common number of subjects) and used a t-distribution with df= 31 for all MB.
Thus differences in the proportion of activated voxels are primarily attributable to MB factor
rather than sample size.

We assessed whether the differences between the proportion of significant correlations were
meaningful by conducting permutation tests using MB 8 as a reference as follows: 1) we
subset to subjects that passed the quality control criteria in both the given acquisition and
MB 8; 2) permuted the MB factor to create pseudo acquisition groups; 3) for each pseudo
group and for each edge, calculated one-sample t-tests; 4) for each pseudo group and each
community, calculated the proportion of edges with significant correlations at a = 0.05/
(258*257/2) (including all edges in which at least one node belonged to the community);
and 5) for each community, calculated the absolute value of the difference between the
proportion significant in pseudo group 1 and the proportion significant in pseudo group 2.
These steps were repeated 10,000 times, and we then calculated the fraction of absolute
differences from the pseudo groups that were greater than the absolute difference when
using the true MB factor labels, thereby generating two-sided (uncorrected) p-values. Our
primary analysis focused on the 9p and 9p+bandpass pipelines, with additional results for 9p
+spatial smoothing in the Web Supplement. We also conducted permutation tests using the
same steps to compare the proportion of significant correlations in 9p versus 9p+bandpass
for each multiband factor. These tests were implemented using our own scripts in R 3.6.0.

3.6. Impacts in independent datasets

3.6.1. Evaluation of a third scanner using a 64-channel head coil—We
examined whether our findings were similar in a dataset with three additional subjects (all
27 years old, 1 female) collected using a 64-channel head and neck coil at the Center for
Advanced Brain Imaging and Neurophysiology, University of Rochester, NY, USA. The
same acquisition and preprocessing was applied to these subjects. In this cohort, the mean
relative root mean squared displacement was < 0.2 mm in all acquisitions. There were four
acquisitions in which > 1/6 of volumes had > 0.25 mm framewise displacement (subject 1:
SB 2 mm and MB 2; subject 3: MB 4 and MB 6). Unlike the primary cohort, all acquisitions
were used in subsequent analyses because we only had three subjects.

We created standard deviation maps averaged across the three subjects, as in 3.3 Noise
amplification, for 9p and 9p+bandpass.
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We created seed maps for the dorsal rostral putamen described in Section 3.4 /mpacts on
seed map correlations for the four pipelines (9p, 9p+bandpass, 9p+spatial smoothing, 9p
+bandpass+spatial smoothing).

We calculated Fisher z-transformed correlations as described in Section 3.5.1 /mpacts on the
magnitude of correlations and compared the correlation matrices across multiband factors.

3.6.2. Evaluation of pairwise correlations in the preprocessed Young Adult
Human Connectome Project data—To gain insight into the generalizability of spatial
differences in correlations and effect sizes to other pipelines and datasets, we estimated
correlation matrices from the ICA-FIX preprocessed rs-fMRI data in the Young Adult
Human Connectome Project, which used MB 8 (Smith et al., 2013). This analysis in
presented in Web Supplement S.4.2 Evaluation of pairwise correlations in the preprocessed
Young Adult Human Connectome Project data.

4. Results

4.1.

Noise amplification

The impact of multiband acceleration on noise amplification is clearly visible from the
voxel-wise standard deviations of the resting-state time series (Figure 1). There is a shift
from a physiologically dominated noise regime in SB acquisitions, in which there are large
contributions to the BOLD signal from CSF pulsation in the third ventricle, cerebral
aqueduct, fourth ventricle, and central canal, and the sagittal sinus is also apparent
(prominent in MB 3 in first column), to a reconstruction-noise dominated regime (standard
deviations greater than 300 across interior regions in MB 8 and higher, column A of Figure
1). Although CSF nuisance regression reduced physiological noise variance, CSF pulsation
still appears to be prominent in some regions. There may also be variance due to intracranial
brain motion during the cardiac cycle. Examining column B, it is clear that the bandpass
filtering reduces physiological sources of variance in the acquisitions with higher sampling
rates, as the CSF contributions in MB 4 to MB 12 are much less prominent relative to SB 3.3
mm, SB 2 mm, MB 2, and MB 3. Adjusting the color gradient to increase the contrast in the
9p+bandpass maps, in column D we see that there are still sources of physiological variance
at the high sampling rates, but it is reduced relative to slower acquisitions. Overall, the
variance of MB 4 and greater is reduced relative to SB, MB 2, and MB 3. In the SD maps for
the 9p+spatial smoothing and 9p+bandpass+spatial smoothing, the standard deviation is
greatly reduced relative to unsmoothed data, as expected. The noise amplification increases
with MB factor in the 9p+smooth pipeline, and physiological noise variance is reduced with
bandpass filtering at higher MB factors, similar to the unsmoothed data (\Web Supplement
Figure S.3).

Examining g-factor by node revealed patterns largely consistent with those observed in the
standard deviation maps. For the 9p processed data, g-factors are smallest for MB 2 (close to
one) with increases in subcortical areas, as well as some nodes in the insula and medial areas
(Web Supplement Figures S.1 and S.2). In subcortical nodes, g-factors were near 1.5 in MB
4,2.25in MB 8, and 3 in MB 12 (see Web Supplement File 1 containing g-factors for each
node), moderate noise amplification in the cerebellum (approximately 1.3 in MB 4, 1.6 in
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MB 8, and 2.4 in MB 12), low noise amplification in somatomotor regions (approximately
1.2,1.3,and 1.6 for MB 4, 8, and 12), and low in visual regions (approximately 1.3, 1.4, and
1.6 for MB 4, 8, and 12). For 9p+bandpass data, g-factors are close to one even in
subcortical regions (approximately 1.0 in MB 4, 1.1 in MB 8, and 1.2 in MB 12), and tend to
be less than 1 in cortical regions, indicating decreased variation relative to the SB 2 mm
(e.g., MB 8 in the right column in Web Supplement Figure S.2 is in general more blue than
MB 2 in the right column in Web Supplement Figure S.1). This is consistent with Figure 1,
in which the higher MB factors have smaller standard deviations.

4.2. Impacts on seed map correlations

Figure 2 illustrates correlation and effect size maps for the dorsal rostral putamen seed. For
the 9p pipeline (column A), robust functional connectivity is observed with the left putamen
as well as with the insula (fuchsia arrow) and bilateral thalamus (green arrow) in the SB 3.3
mm data. Weak correlations with the cingulate cortex (anterior and medial to the putamen,
red arrow) are also visible. For SB 2 mm, MB 2, and MB 4, correlations with the left
putamen and bilateral insula are visible but weaker than SB 3.3 mm, whereas these
correlations are very small in MB 8 and higher. For the 9p+bandpass pipeline (column B),
the correlations are generally higher, resulting in clear delineation of the left putamen in MB
2 to MB 8, although correlations with the cingulate are still not visible. Correlations in the
insula and thalamus are stronger in SB 3.3 mm, MB 2, and MB 4 than in other acquisitions.
In the left insula, there is a suggestion of better spatial specificity in MB 2 and MB 4 versus
SB 3.3 mm, where the higher resolution may result in an improvement in the boundary
between the left putamen and insula.

Comparing the rows in column C of Figure 2, the effect sizes within the putamen are notably
higher in SB 3.3 mm compared to the other acquisitions. Among the 2 mm acquisitions,
contralateral effects are more apparent in MB 4, MB 2, and MB 6 than others. Contralateral
effects decline at MB 8 and higher, and are also relatively poor in SB 2 mm. Putamen-
cortical and putamen-thalamic connectivity also appear higher in SB 3.3 mm compared to
the 2 mm acquisitions. Areas of the cingulate cortex are visible in SB 3.3 mm in 9p (see red
arrow in column A) but are reduced in 9p+bandpass (column D); this area has Cohen’s d <
0.4 in the MB and SB 2 mm acquisitions (columns C and D). In spatially smoothed data, the
effect sizes were also largest in SB 3.3 mm (Web Supplement Figures S.4 and S.5). Effect
sizes were overall much higher in spatially smoothed data, but at the cost of a decrease in
spatial specificity, and large effect sizes extended across anatomical boundaries. In
particular, the putamen and thalamus appear as a single structure (Web Supplement Figure
S.4). The differences in effect sizes between SB 3.3 mm and the MB acquisitions are clearly
illustrated in Web Supplement Figure S.5. In summary, SB 3.3 mm most clearly reveals both
cortical and subcortical functional connectivity with the putamen.

Figure 3 illustrates correlation and effect size maps for the LM1 seed. The correlations
between the motor cortex and the thalamus (green arrow) are clearly visible in the SB 3.3
mm acquisition for both 9p and 9p+bandpass (columns A and B, respectively), but less
apparent in the MB acquisitions. The left motor cortex is an area with low g-factor
(approximately 1.15, 1.25, and 1.7 for MB 4, MB 8, and MB 12, respectively), while the
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thalamus is an area with high g-factor (approximately 1.25, 3.25, and 4.75 for MB 4, MB 8,
and MB 12). Thalamocortical correlations are very small in the MB acquisitions with 9p,
and are still weak in most MB acquisitions in 9p+bandpass, with MB 2 and MB 4 showing
stronger correlations than higher MB factors. In the thresholded Cohen’s d maps, the 9p and
9p+bandpass (columns C and D, respectively) show similar results overall. Again,
thalamocortical connectivity is clearly apparent in the SB 3.3 mm acquisition, with smaller
but notable effect sizes in the MB 2 to MB 6 acquisitions. In contrast, connectivity with right
M1, which is in a low g-factor area, is strong across all acquisitions. In addition, seed and
Cohen’s D maps in Figure 3 nicely trace portions of the insular cortex, with larger effect
sizes in SB 3.3 mm.

We also examined the correlations between the left motor cortex and a region in right lobule
V of the cerebellum with low-to-moderate g factor (approximately 1.5, 2.2, and 3.7 for MB
4, MB 8, and MB 12). The cerebellum is structurally connected to the motor cortex via both
efferent and afferent pathways through the ventrolateral thalamus and the pontine nucleus,
respectively; consequently, some degree of functional connectivity is expected. For example,
Buckner et al. (2011) observed correlations of roughly 0.08 between the left motor cortex
and the right lobule V using SB data collected from 1000 participants, and these correlations
were notably higher than in neighboring locations within the cerebellum. In Web
Supplement Figure S.6, this area is only faintly apparent in most acquisitions in 9p, with
largest correlations at MB 2 (around 0.10), most acquisitions around 0.05, and small or
negligible correlations in SB 2 mm and MB 12. The region is more apparent in 9p
+bandpass, with correlations greater than 0.10 for SB 3.3, MB 2, 3, 4, 6, 8, and 9, but are
poorly captured at SB 2 mm and MB 12. In the Cohen’s d maps (Web Supplement Figure
S.7), these areas are best represented by MB 2 in both 9p and 9p+bandpass, with comparable
spatial extents from MB 2 to MB 8. The effect sizes in this region of the cerebellum for SB
3.3 mm are smaller than MB 2 to MB 8. This implies that there is not a single optimal MB
factor for seed maps, but the general pattern is that SB 3.3 mm performs better in areas with
high g-factor and MB 2 to 6 in areas with moderate and low g-factor.

Impacts on pairwise correlations in a functional atlas

4.3.1. Impacts on the magnitude of correlations—Higher standard deviations in
multiband acquisitions led to smaller correlations in the 9p pipeline, and bandpass filtering
reduced g*-factors to result in greater similarity across acquisitions. Figure 4 depicts
scatterplots of the correlations for each edge at a given MB factor versus the correlation for
the SB 2 mm acquisition. Each data point corresponds to the average of the Fisher z-
transformed correlations for an edge in the 264-node atlas. The points are colored according
to their g*-factor, where the color scale varies from a g*-factor of one in blue, which
represents no noise amplification relative to SB 2 mm, to four in red, in which the
denominator in the correlation is approximately four times larger in the MB acquisition than
SB 2 mm. In the absence of multiband impacts, we expect the points to lie approximately
along the line y= x. In the positive quadrant x> 0, y> 0, points below the line )= x indicate
correlations that are smaller in the MB acquisition along the y-axis than in the SB 2 mm;
similarly, points above the line yy= xin the quadrant x< 0, y'< 0 represent smaller
correlations relative to SB 2 mm.
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In the 9p pipeline (left column), we see that at higher MB factors, the g*-factors are larger,
and points with high g-factors tend to lie closer to the line y= 0. This provides evidence that
noise amplification can lead to smaller correlations.

In the 9p+bandpass (right column), we see that overall the g*-factors are closer to one, even
at higher MB factors, and the points tend to fall closer to the line )= x. This indicates that
the correlations are now more comparable across MB factors.

Using generalized additive mixed models to statistically test these patterns, we observed that
increased g*-factors did, in fact, significantly decrease correlations for the subset of edges
described in Section 3.5.1 /mpacts on the magnitude of correlations (p < 0.001). For
example, a Fisher z-correlation equal to 0.35 decreased to approximately 0.05 for g*-
factor=1 versus g*-factor=8 when controlling for edge, gender, and scanner (Figure 5). Note
gender and scanner were not significant (p > 0.05).

Examining plots of the correlation matrices sorted by community allows us to explore where
these impacts occur (Figure 6). For 9p processed data (upper diagonals in Figure 6), we see
that the effects of acceleration differ across space. A close inspection reveals that when
comparing the upper diagonal in MB 4 to the upper diagonal in MB 8, intra- and inter-
community correlations involving salience, auditory, cingulo-opercular task control,
somatomotor, and subcortical regions tend to be smaller in MB 8 than MB 4. In contrast,
correlations are more comparable within the visual system across most acquisitions. A
focused view on subcortical and cerebellar ROIs reveals large decreases in correlations when
no temporal filtering is applied (upper diagonal of Web Supplement Figure S.8). Many
correlations exceed 0.3 in SB and MB 2 to 4, but these correlations are decreased in MB 8 to
MB 12.

In contrast, correlations in the 9p+bandpass processed data (lower diagonals in Figure 6)
appear similar across MB acquisition. A close inspection indicates that SB 3.3 mm has the
highest correlations within subcortical and within cerebellum, and correlations are somewhat
reduced in MB 8 to MB 12 (Web Supplement Figure S.8). In general, temporal filtering
tends to increase correlations in MB accelerations, with relatively minor effects for SB and
MB 2.

Next, we narrowed our focus to edges expected to have positive correlations (as described in
Section 3.5.1 /mpacts on the magnitude of correlations). In the 9p processed data, we
observed large differences between the SB 2 mm acquisition and other acquisitions, with
Fisher z-transformed correlations tending to decrease as MB factor increases for all
communities (Table 2 and Web Supplement Figure S.9). Correlations were lower in MB 8,
MB 9, and MB 12 compared to SB 2 mm for all communities (p< 0.001). These decreases
were most prominent in the thalamus and putamen, and in particular the impacts were more
severe when the g*-factors were higher (Web Supplement Figure S.9). In the thalamus, MB
2 to 6 correlations were comparable to SB 2 mm correlations (p > 0.05). The putamen
appears more sensitive to MB acquisitions than the thalamus, as MB 3 to MB 6 correlations
were lower than SB 2 mm (p < 0.01) in addition to MB 8 to MB 12. Correlations involving
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the thalamus and putamen were higher in SB 3.3 mm data compared to SB 2 mm data (p <
0.001).

Web Supplement Figure S.9 also reveals a large degree of inter-subject variation in
correlations, as well as some degree of inter-subject variation in g*-factors. For example, in
the thalamus at MB 6, participants’ g*-factors vary from 1.31 to 7.57, where the g*-factors
are more variable in regions that on average have higher g*-factors.

As was the case for the full set of edges, correlations were in general more similar across
MB acquisitions for the 9p+bandpass processed data, but there were some notable
differences in subcortical regions (Table 2). In the thalamus, SB 3.3 mm was much higher
and MB 2 to 6 notably higher than SB 2 mm (o < 0.001). In the putamen, SB 3.3 mm and
MB 4 were higher than SB 2 mm (p < 0.001). The correlations across acquisitions in the
cerebellum were generally similar to SB 2 mm with a trend of lower correlations in MB 8,
MB 9, and MB 12 (p=0.02, p=0.13, p=0.08, respectively). Correlations were similar to
SB 2 mm within executive control. In salience, SB 3.3 mm tended to have higher
correlations (0.08 on Fisher z-scale, p=0.01). In the default mode network (DMN), SB 3.3
mm and MB 6 tended to have higher correlations (0.1 on Fisher z-scale, p < 0.01). Boxplots
with participant data colored by g*-factor appear in Web Supplement Figure S.10, which
illustrates that correlations overall are similar across acquisitions, with the notable exception
of higher correlations at SB 3.3 mm and MB 4 compared to other acquisitions in the
thalamus and putamen.

In the 9p+spatial smoothing and 9p+bandpass+spatial smoothing, the patterns were similar
to the 9p and 9p+bandpass, respectively (Web Supplement Table S.1). Overall, the
correlations tended to be higher in smoothed data compared to the unsmoothed data.

4.3.2. Impacts on edge density—The number of significant correlations (edge
density) with 9p preprocessing tended to be higher in MB 6, MB 4, and MB 8, with the
relative ranking of SB 3.3 mm depending on the community, and SB 2 mm, MB 2, MB 3,
MB 9, and MB 12 tending to perform worse (Figure 7A). MB 6 had the greatest edge
density across all edges, and MB 8 was nearly equal (difference between MB 6 and MB
8=0.006, p = 0.46; all differences and p-values hereafter are relative to MB 8, Web
Supplement Table S.2), and MB 4 also nearly equal (difference=0.001, p= 0.95). The next
highest density was MB 3 (difference=—0.011, p = 0.15) followed by SB 3.3 mm
(difference=—0.014, p = 0.05), with lower densities in MB 9, MB 2, SB 2 mm, and MB 12 (p
< 0.004). Edge density was somewhat higher in MB 4 and MB 6 than MB 8 for edges with a
subcortical node (difference=0.026, p=0.06, and difference=0.028, p = 0.07, respectively)
and for fronto-parietal task control (p=0.06, p = 0.01, respectively). The ranking of the
proportion of significant correlations in SB 3.3 mm varied by community, with lower
densities for default mode and visual compared to MB 8 (difference=—0.043, p= 0.001 and
diff=—0.023, p=0.01, respectively), while in subcortical, the density in SB 3.3 mm was
close to MB 4 and MB 6 (Figure 7A) with a trend of higher density than MB 8
(difference=0.023, p = 0.10). Note the power of the permutation test is impacted by the size
of the community (e.g., 31 nodes in visual versus 13 nodes in subcortical).
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Overall, spatial smoothing did not impact the relative rankings of the MB factors.
Permutation tests for 9p+spatial smoothing were similar to 9p (Web Supplement Table S.3).
The overall pattern is that MB4, MB 6, and MB 8 outperform SB 2 mm, MB 2, and MB 12.

The number of significant correlations with 9p+bandpass across all edges was highest in MB
8, with approximately equal density in MB 6 (p=0.92) and similar density in MB 4 (p=
0.49) (Figure 7, Web Supplement Table S.4). Across all edges, the rankings were similar to
9p, in which SB 3.3 mm and MB 3 were somewhat lower than MB 8 (difference=-0.012, p
= 0.08 and difference=-0.012, p=0.10), and SB 2 mm, MB 2, MB 9, and MB 12 lower
(differences larger than —0.02, p < 0.003). In contrast to the trends in 9p, subcortical density
was similar in MB 8 versus SB 3.3 mm, MB 4, and MB 6 (p= 0.30).

There were fewer significant edges in 9p+bandpass compared to 9p across most
communities and acquisitions (Web Supplement Table S.5). This included the densities
across all edges (o < 0.001 for all acquisitions except MB 8 and MB 12, where p= 0.02 and
p=0.26, respectively). The overall reduced edge density in 9p+bandpass may be due to
removing signal (decrease in power) and/or removing physiological confounding (decrease
in false positives, where here we consider a true positive if the connection is due to neural
signal); see Section 5.3 Temporal filtering decreases noise amplification and physiological
signal but may remove neural signal.

Plots of the matrices of Cohen’s d illustrate that effect size matrices look somewhat similar
across many acquisitions with some notable differences (Figure 8). The subcortical to
salience connections tend to be stronger in MB 4 and MB 6, particularly when compared to
MB 3 and MB 9. Visually, Cohen’s d in 9p and 9p+bandpass look more comparable. In fact,
the effect sizes tend to be higher with 9p preprocessing; as discussed above, the number of
significant correlations was higher in 9p than 9p+bandpass in nearly all communities and
MB factors (Web Supplement Table S.5).

Impacts in independent datasets

4.4.1. Evaluation of a third scanner using a 64-channel head coil—In the three
subjects collected with the 64-channel head coil and scanner at the University of Rochester,
we observed similar patterns of noise amplification as in the Emory cohort (Web
Supplement S.12). In particular, we do not see any clear evidence of large differences due to
different head coils.

In the seed maps for the right dorsal rostral putamen, we again see the general pattern that
correlations decrease as MB factor increases, and temporal filtering reduces these biases
(Web Supplement S.13). An exception to the decreasing trend in correlations with MB factor
is that MB 4 had higher correlations than MB 3. In this small sample, these patterns are
more clearly illustrated with the spatially smoothed data (panels C and D). In 9p+spatial
smoothing, correlations with the left putamen appear stronger in SB 3.3 mm, MB 2, and MB
4 compared to the other acquisitions. In 9p+bandpass+spatial smoothing, MB 4 appears to
most clearly reveal right-left connectivity.
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In the correlation matrices, we also see a trend of decreasing correlations with increasing
multiband factor with 9p processing, whereas acquisitions appear more similar with 9p
+bandpass processing (Web Supplement Figure S.14).

4.4.2. Evaluation of pairwise correlations in the preprocessed Young Adult
Human Connectome Project data—In the ICA-FIX rs-fMRI data from the HCP
(collected using MB 8), we see that many subcortical to subcortical and subcortical to
cortical correlations appear weak in the correlation matrix. In contrast, functional
connectivity between these regions is more prominent in the Cohen’s d matrix (Web
Supplement S.4.2).

5. Discussion

5.1.

We evaluated the impact of multiband acceleration on correlation-based functional
connectivity using MB factors of 2, 3, 4, 6, 8, 9, and 12 with 2 mm isotropic voxels, and
additionally 2 mm and 3.3 mm single-band acquisitions. Our contributions are the following:

1. In seed maps, putamen connectivity and motor-thalamic connectivity were both
higher in the single-band 3.3 mm acquisition (both with and without bandpass),
with MB 4 performing well among 2 mm acquisitions.

2. Noise amplification from multiband acceleration creates large spatial biases in
correlations, suggesting underestimated subcortical-cortical connectivity,
particularly at high MB factors (8 and higher).

3. Bandpass filtering decreases spatial biases but in some settings reduces effect
sizes.
4, Effect sizes or test statistics should be used for multiband studies, and

correlations without noise removal should not be reported.

5. MB 4, 6 and 8 have a greater number of significant correlations across a
functional atlas (both with and without bandpass), with lower edge density in SB
2mm, MB 2, MB 9, and MB 12.

We discuss our recommendations and study limitations below.

Recommendations

In our seed-based analysis, we examined functional connectivity between locations where
we expect true functional connectivity based on anatomy and previous studies. Our
recommendation is to use SB 3.3 mm for seed-based connectivity studies where the regions
of interest fall in high g-factor areas, and we recommend MB 4 for 2 mm acquisitions. For a
seed in the right putamen (high g-factor), bilateral putamen connectivity and connections to
the insula, cingulate, and thalamus were clearly more prominent in SB 3.3 mm than other
acquisitions, and bandpass filtering did not impact this conclusion (Figure 2). Among the 2
mm acquisitions, connectivity in MB 4 was higher than others, particularly for putamen-
thalamic connectivity. For the correlations between a seed in the motor cortex (low g-factor)
and the thalamus (high g-factor), this pathway is also best captured using the SB 3.3 mm
acquisition (Figure 3). In particular, MB 8 and higher do not robustly reveal this
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thalamocortical connectivity. The pathway between the motor cortex and cerebellum
(moderate g-factor) is best captured using MB 4 (Web Supplement Figure S.7).

In the analyses of correlations between regions in a functional atlas, our results indicate that
the number of significant correlations is on average higher in MB 6, MB 8, and MB 4
compared to other acquisitions (Figure 7, Web Supplement Table S.2). All acquisitions have
a decreased number of significant correlations in 9p+bandpass compared to 9p. Overall, we
prefer MB 4 compared to MB 6 and MB 8 because it performs comparably in the functional
atlas analysis, and it has benefits in subcortical seed-based analyses.

We recommend reporting effect sizes, or similarly, test statistics, in resting-state studies
utilizing multiband data, including secondary analyses of existing data. Correlations are
reduced in regions with noise amplification in multiband (Figures 2, 3, 4; Web Supplement
Figures S.8, S.9.) If correlations (rather than effect sizes or test statistics) are reported, noise
removal, e.g., temporal filtering, can reduce spatial biases, but may also have costs. We
discuss temporal filtering in Section 5.3 Temporal filtering decreases noise amplification and
physiological signal but may remove neural signal.

This study used young, healthy subjects and one-sample tests. We expect that these results
also apply to comparing groups, e.g., disease versus healthy. In disease versus healthy, ¢-
factors will attenuate the differences in a manner parallel to the one-sample analysis (see
Section 2.1 Noise amplification and functional connectivity). Thus we also recommend MB
4 for whole-brain group comparisons, and SB 3.3 mm for seed-based analyses of subcortical
functional connectivity.

5.2. Generalizability

Decisions at every step in the study design process could potentially impact our findings, but
we made these decisions in a way to improve the generalizability of our recommendations.
First, the combination of scanner model and head coil used in our Emory cohort (Siemens
PrismaFit, 32-channel head coil) are amongst the most commonly used in recent rs-fMRI
studies. Thus our findings are widely applicable to many other research labs. Secondly, we
chose to use standard, popular preprocessing pipelines commonly found in the literature
(Ciric et al., 2017; Parkes et al., 2018), rather than specialized or less common processing
pipelines, which arguably improves the generalizability of the results.

The spatial biases in correlations are a general issue in multiband acquisitions that is
expected to be problematic across scanner types and head coils. This includes secondary
analyses of the UK BioBank (Miller et al., 2016a), HCP (Glasser et al., 2013; Howell et al.,
2019), ABCD (Hagler et al., 2019), ADNI-3 (Weiner et al., 2017b), and other public
datasets. Noise amplification is a cost of multiband acquisition (Setsompop et al., 2012; Xu
etal., 2013; Todd et al., 2017; Risk et al., 2018). Consistent with the theoretical arguments
in (3), we empirically showed correlations were reduced in regions with high noise
amplification. This was true for the expected connection between LM1 and the thalamus in
our seed map analysis (Figure 3). It emerged as a general pattern when we examined the
impact of g*-factors on correlation magnitude using the Power 264-node functional atlas
(Figure 5). We also saw this pattern in the 64-channel head coil used in the University of
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Rochester cohort (Web Supplement Figures S.13 and S.14). We again observed evidence
that effect sizes may capture functional connectivity involving subcortical areas in our
secondary analysis of the HCP data (Web Supplement Figure S.15).

5.3. Temporal filtering decreases noise amplification and physiological signal but may
remove neural signal

Temporal filtering in multiband acquisitions has three impacts: 1) a reduction in noise
amplification; 2) a reduction in physiological sources of correlation; and 3) a possible
introduction of bias due to the removal of neural signal. Figure 1 shows temporal filtering
results in dramatic reductions in noise amplification, which increases correlations. However,
the increase in correlations does not result in an increase in power because of the loss of
residual degrees of freedom, resulting in the same degrees of freedom across MB factors
(Table 1). We implement bandpass filtering during nuisance regression in the temporal
domain using AFNI’s 3dTproject. Lindquist et al. (2019) and Hallquist et al. (2013) found
that implementing temporal filtering and nuisance regression in separate steps led to biased
results. Intuitively, low-pass filtering removes all the high frequency content from data,
which renders it more similar to slower acquisitions. This includes a removal of some of the
effects of noise amplification, as well as some cardiac and respiratory effects because most
of their power resides outside the passband.

The reduction in variance due to physiological sources is depicted in Figure 1, in which the
contributions of physiological noise steadily decline with increase in MB factor. The overall
number of significant edges decreased when using temporal filtering (Web Supplement
Table S.5, Figure 7). An important limitation in our brain-wide analysis is that we do not
distinguish between true positives and false positives, where false positives include high
correlations from motion and physiology. However, our seed-based analysis provides some
insight into neural effects that may be reduced by bandpass filtering. Tract-tracing studies
have established the existence of cortical projections between the dorsal anterior cingulate
and the striatum, including the putamen (Haber et al., 2006). Consistent with this anatomical
evidence, we observed weak, but notable, correlations between the putamen and cingulate in
SB 3.3 mm data, but these correlations were decreased by bandpass filtering (Figure 2).
Tract-tracing and physiological experiments have also revealed the presence of projections
from the thalamus to the putamen (Haber and Calzavara, 2009), but in the present study,
functional connectivity evidence of these projections appears to have been reduced by
bandpass filtering in MB 6 and MB 8. Feinberg et al. (2010) and Lee et al. (2013) suggest
there is neural signal in the high-frequency content of MB acquisitions, which may be
discarded by bandpass filtering. Jahanian et al. (2019) also found benefits of MB 6 without
temporal filtering in their study comparing MB 6 to SB. Chen et al. (2019) caution that
temporal filtering is a not a catch-all for cardiac and respiratory effects, as these effects are
not sinusoidal and contain higher order harmonics.

5.4. Preprocessing pipelines and strategies for artifact and noise removal

We examined four preprocessing pipelines in which all pipelines included a popular and
effective approach to nuisance regression (white matter, CSF, global signal, and the 6
parameters from motion regression) (Ciric et al., 2017; Parkes et al., 2018; Fox et al., 2005,
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2009), and we compared results with and without temporal filtering, as well as with and
without spatial smoothing. The possible benefits of multiband with alternative preprocessing
pipelines is an important avenue for future research. Data from this study are available on
OpenNeuro (https://openneuro.org/datasets/ds003540) to facilitate studies on the impacts of
preprocessing.

While GSR is effective at minimizing respiratory as well as motion-related artifacts, more
targeted physiological noise removal strategies may help leverage the benefits of higher
sampling rates. Fair et al. (2020) found that notch filters to target the respiratory rate
improved fMRI data quality, particularly in multiband data. For studies that collect
respiratory and cardiac data, RETROICOR may allow more targeted removal of
physiological impacts to decrease false positives (Glover et al., 2000; Bollmann et al., 2018).

A greater number of time points in multiband may allow more aggressive retrospective
motion correction using derivatives and quadratic terms of the motion parameters,
scrubbing, and/or other approaches (Ciric et al., 2017; Power et al., 2014). However, many
of these methods can not be combined with simultaneous bandpass regression as the number
of predictors in the design matrix approaches or exceeds the number of time points. For
example, in our six minute acquisitions, including the 9 regressors, their derivatives,
quadratic terms, and squares of derivatives (36 p, Satterthwaite et al. 2013) leaves 10 or
fewer residual degrees of freedom for all acquisitions (see Table 1). Although the more
aggressive noise removal strategies can remove distance-dependent motion artifacts, the 9p
pipeline had the best network modularity quality (Ciric et al., 2017), which may be related to
possible over-fitting in aggressive approaches. Additionally, recent evidence suggests that
changes in the magnetic field caused by respiratory effects can falsely appear to be motion
artifacts, which results in overly aggressive frame censoring and data loss and can corrupt
nuisance regressors (Fair et al., 2020). We chose to use the same pipelines for all
acquisitions to isolate the effect of MB factor, rather than more aggressive noise removal
strategies that are facilitated by the acquisition of a larger number of volumes, but which
may be removing false positives and false negatives.

While retrospective image post-processing methods are commonly used to reduce motion
effects, prospective motion correction methods can be used to mitigate spin history effects.
Methods for multislice-to-volume registration that do not require external hardware have
been developed for real-time motion monitoring in multiband studies (Hoinkiss et al., 2019).
Higher temporal resolution associated with higher MB factor could carry additional benefits
in prospective motion correction but potentially have higher computational costs.

ICA-based artifact removal approaches may be more effective in multiband acquisitions;
however, noise amplification is a separate issue. ICA-AROMA can be used to estimate the
time courses of motion (Pruim et al., 2015), and ICA-FIX additionally estimates physiology
and some multiband artifacts (Griffanti et al., 2014). Multiband artifacts identified using
ICA-FIX have a “checkerboard” pattern (Griffanti et al., 2017). The corresponding
independent component time courses appear to correspond to motion and the interaction
with the slice-GRAPPA kernels. Mathematically, an IC component represents a spatial map
with a single time course. This approach may not be suited to capturing noise amplification
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because the thermal noise time courses are not shared at different locations within the axial
plane; the noise has high rank that is not captured by a low-rank structure. As shown in Risk
et al. (2018), the ICA-FIX preprocessed resting-state fMRI in the Human Connectome
Project still contains large noise amplification, particularly in subcortical regions. In the
present work, correlations involving subcortical regions in the ICA-FIX HCP preprocessed
data tended to be weak (Web Supplement Figure S.15). We speculate that ICA-based artifact
removal can reduce motion and physiological artifacts, which can decrease spurious false
positives, but would not greatly impact noise amplification.

PCA-based data reduction, in which a signal subspace is estimated and the many directions
of low variation are discarded, is another alternative cleaning strategy. This approach may be
similar to bandpass filtering. In particular, it may greatly reduce the noise but also reduce the
benefits of higher sampling rates. Although we speculate ICA artifact removal would not
address noise amplification, ICA-based functional connectivity analyses may reduce noise
amplification, since ICA methods first apply a PCA-dimension reduction step. PCA noise
reduction is an important avenue for future research.

Another possible concern in multiband acquisitions is slice leakage artifacts and spurious
correlations. The original slice-GRAPPA algorithm resulted in signal leaking to aliased
locations, but this appears to have been largely addressed by split slice-GRAPPA (leak
block) reconstruction (Cauley et al., 2014; Todd et al., 2016; Risk et al., 2018). A related
issue may occur with thermal noise. The thermal noise shared by aliased locations resulted
in spurious correlations in the slice-GRAPPA reconstruction of rs-fMRI data in a simulation
study (Setsompop et al., 2013). However, our analyses demonstrate that correlations
decrease at higher multiband factors (Figure 5). Moreover, the correlations in Figure 2 are a
single axial slice at the center of the seed ROI, and thus there is no aliasing between voxels
within these seed maps. The impacts of slice separation on spurious correlations is
understudied. In particular, the impacts should be evaluated in recently proposed
reconstruction methods that are emerging as alternatives to split slice-GRAPPA (discussed
below).

5.5. Voxel size and other considerations

In this study, our analysis used volume-based space with 2 mm MB data and 3.3 mm SB
data, whereas a surface-based analysis may provide different insights. An important question
raised by this is whether a 2 mm acquisition is beneficial when conducting volume-based
analyses, particularly if the primary interest is to study subcortical connectivity. Our
approach showed little advantage of smaller voxel size in the seed maps. There appears to be
fair specificity in gray matter regions in the SB 3.3 mm acquisition; for example, the left and
right insula are clearly delineated in the top row of Figure 3. The higher-resolution
associated with 2-mm isotropic voxel size could allow a better parcellation of small
anatomical structures such as sub-nuclei of the thalamus. Our analyses suggest these choices
should be evaluated in light of the dramatic reduction in effect sizes in the putamen and the
thalamus when using 2 mm compared to 3.3 mm. We elected to use a volume-based
approach for our primary analyses, since volume-based analyses are used for subcortical
analyses, and subcortical regions are prone to have lower SNR due to low coil sensitivity
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and high g-factor. It is unknown how an MB 6 3.3 mm acquisition would compare to the SB
3.3 mm. Note it is generally not feasible to map 3.3 mm voxels to the surface, and hence, a
surface-based analysis would be restricted to the 2 mm acquisitions.

We also examined the correlations between regions in the surface parcellation from Glasser
et al. (2016) using the surface-registered HCP data together with the nineteen non-cortical
gray matter volume-based regions (Web Supplement Figure S.15). Many of the correlations
involving subcortical regions were small. This is consistent with the hypothesis that noise
amplification results in spatial biases in correlations, although in this analysis the size of the
regions varied which can also impact the analysis. As in the Emory cohort, subcortical
functional connectivity was more prominent in the Cohen’s d matrices. The costs and
benefits of voxel size, as well as volume versus surface-based representations of BOLD
signal, is also an important avenue for future research.

A comparison of the effect sizes in a 64-channel versus 32-channel head coil is not possible
in our study due to the small size of the University of Rochester cohort. Seidel et al. (2020)
found that temporal SNR was higher using a 64-channel versus 20-channel head coil and
recommended MB 6 with no in-plane acceleration, but 32-channel head coils were not
evaluated.

In line with the approach used in the HCP (Ugurbil et al., 2013; Xu et al., 2013), we did not
use in-plane acceleration due to a concern with SNR loss and g-factor penalties. In-plane
acceleration leads to substantial SNR decrease (Seidel et al., 2020). Studies interested in
regions with severe magnetic-susceptibility induced distortion should cautiously balance the
benefits of in-plane acceleration and the loss in power.

We utilized split-slice GRAPPA for reconstruction (Cauley et al., 2014) implemented by the
CMRR sequences. However, recently introduced reconstruction methods may increase the
benefits of acceleration. Methods using convolutional neural networks are being developed
(Akcakaya et al., 2019; Mickevicius et al., 2019; Nencka et al., 2020). Chiew and Miller
(2019) add a ridge penalty on the difference between time points to decrease noise
amplification and improve multiband reconstruction. These new developments may allow
the use of higher MB factors.

An important application of multiband acquisition is to studies of dynamic functional
connectivity. The Nyquist frequencies for MB 4, 6 and 8 are 0.34 Hz, 0.52 Hz, and 0.68 Hz,
respectively, suggesting MB 8 will facilitate the detection of brain dynamics. However, the
ability of higher frequency data to resolve faster brain dynamics will also be impacted by the
noise characteristics of those acquisitions. Moreover, the spatial biases of multiband
acquisition may also impact dynamic connectivity studies.

6. Conclusions

In seed-based analyses of putamen functional connectivity and seed-based analyses of
motor-thalamic connectivity, we recommend SB 3.3 mm. MB 4 2 mm also revealed
subcortical connectivity, as well as motor-cerebellum connectivity, and is a good option for
studies desiring smaller voxel size. In effect sizes from correlation matrices using a brain-
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wide functional atlas, MB 4, 6, and 8 had similar results. In general, MB 8 and higher did
not have advantages over MB 4 or 6. Overall, MB 4 is a reasonable choice for studies
examining both subcortical seed-based functional connectivity and brain-wide correlation
matrices. We recommend reporting Cohen’s d or test statistics rather than correlations, as
these measures were less sensitive to the biases created by spatially heterogeneous noise
amplification. Correlations with 9p preprocessing without noise removal should not be
reported. Bandpass filtering can reduce noise amplification but also effect sizes, with the
caveat that we do not distinguish a reduction in physiology-based activation from a loss in
neuronal activation in the atlas-based analysis.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Appendix A.: Power when comparing two groups

Let z,,,/1 and z,,,/2 denote the population Fisher z-transformed correlation for groups 1 and
2, respectively. Assume N subjects for each group: z; 4,0 liiii/V(zaw«l, vﬁv,},) and
Eiauu’ziiﬁ-/’/(zauuﬂa Vap)- IN the one-sided test Ay : Zayy/1 < Zay/2 aNd Hy: Zay/1 > Zayy/2, the
power is

Zavv'l — Zavv'2
of R e = Fawa ) ~

\/E"awf

By (3), za/1 and z,,,/» are attenuated by noise amplification, which can decrease statistical
power.

Appendix B.: Implications of autocorrelation on power

Recall that z;,,, is the sample correlation between locations vand v/ for MB factor ain

subject /. Also recall that Var(Z;4,,/) = v2,,,- In the absence of autocorrelation, 1/v2,, = T

Let 1/v2yy = fave(Ta Zave), Where Fa, () is the function characterizing the impact of

autocorrelation in the two time series and their population correlation z,,,/ (here, Fisher z-
transformed). Related results and special cases for the untransformed correlations are in
Davey et al. (2013), Fiecas et al. (2017), and Arbabshirani et al. (2014), but in general, this
is a complicated function. Under positive autocorrelation, { 7, Za,/) & T, (Where we use
the notation “$” because this is an asymptotic result that holds for sufficiently large 77),
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with {7, Za,/) ~ T,when time series for both locations vand v have zero autocorrelation.
Using (3), the population effect size (Cohen’s d) is

You
2 2
\/63 + nz%v\/au’ + Mgy

dayvw ® +l Fav(Tas Zapy )arctanh

) (B.1)

Then the power in (4) becomes &(\/Ndgy,y — ¢j — g)-

Inspecting (B.1), the term /74,0 (Ta- zaue) Can offset the increase in #2,. Additionally, the
function 7,/ (T, Za,/) May vary across space. Bollmann et al. (2018) found the
autoregressive coefficients tend to be lower in subcortical regions in task fMRI. Then the
term 7,/ (7 Zan/) May be closer to 7, in high noise amplification regions. Let

Zavw' = iZiavw! N and sd(Zigpy) = \/Z,- Ziavv' — Zaw/)z/(N — 1), and define the sample
Cohen’s d:d gy = Zapy/sd(Ziquw)- IN Practice, we expect sd(Z;4,,) to be larger than /1/T

even if there is no autocorrelation due to violations of the assumption that all participants’
Fisher z-transformed correlations are realizations of the same population parameter z,,,/. To
the extent that the model generating (B.1) captures key elements of the data, then d,,,» may

be a useful measure of functional connectivity in MB acquisitions. Insight into temporal
filtering can also be gained with this model. Temporal filtering reduces the effective degrees
of freedom (Davey et al., 2013), resulting in £,/ (T2 Za/) K T but can also increase the

magnitude of correlations by reducing 2, and nﬁ,,.

Accurate modeling of autocorrelation is important in single-subject analysis of multiband
task fMRI studies with short TR, with relatively minor impacts in group studies (Olszowy et
al., 2019). Similarly, studies on the distribution of correlations have focused on single-
subject analysis (James et al., 2019; Davey et al., 2013) with autocorrelation corrections
having little impact on group inference (Arbabshirani et al., 2014), although additional
research in MB acquisitions would be useful. We note that prewhitening the time series, and

closely related, using the residuals from models fitting the autocorrelation, can reduce v2

avv”
but it can also impact v,/ in (1). The underlying vascular response to neural activity is also
autocorrelated, and the hemodynamic response function follows a temporal pattern
(Lindquist et al., 2009). Hence, applying a pre-whitening matrix may be undesirable. Pre-
whitening in functional connectivity was not used in a number of prominent studies of
functional connectivity nor is it a standard preprocessing step (Finn et al., 2015; Smith et al.,
2013; Esteban et al., 2019). Hence, in our data application, we adapted a preprocessing
pipeline that did not include prewhitening (Section 3.2 FMR/ data processing).

Appendix C.: Supplementary Materials

GFactorTables264nodes.xlsx includes tables of the apparent g-factors for the 9p and 9p
+bandpass pipelines for the 264-node atlas.
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WebSupplement_RestingStateFMRI_Multiband.pdf includes Web Supplement Figures S.1-
S.15 and Tables S.1-S.5, including results from the University of Rochester cohort and
secondary analysis of the HCP dataset.
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Figure 1:
Noise amplification due to multiband acceleration and impacts of bandpass filtering. The

standard deviation of the time series for each voxel (averaged across subjects) with 9p
preprocessing (columns A and C) and 9p+bandpass (columns B and D). Sagittal slice with
cursor at MNI=0. At higher MB factors, variance from noise amplification becomes more
prominent. Columns A and B use a scale from 0 to 300, and columns C and D are the same
data but using a scale from 0 to 150. As the MB factor increases, there is a shift from the
physiologically dominated noise regime (in which the CSF pulsation is visible in the central
canal, third ventricle, cerebral aqueduct, and fourth ventricle, with possible contributions
from the superior and inferior sagittal sinus) to physiological plus noise amplification. The
bandpass filtering reduces the overall variance and physiological contributions of CSF,
veins, and arteries. In the rescaled version (column D), some ventricles, veins, and arteries
are still visible at higher MB factors but less prominent.
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Figure 2:
Correlation (A,B) and Cohen’s d maps thresholded to display values >0.4 (C,D) for the

dorsal rostral putamen seed (MNI: 25, 8, 6) shown at MNI axial slice 6. The arrows in
column A highlight the cingulate cortex (red), insula (fuchsia), and thalamus (green). Spatial
biases in the correlations increase as MB factor increases; ipsilateral correlations with the
thalamus and insula, as well as contralateral correlations are not apparent for MB 8 and
higher in preprocessing without temporal filtering (A). These biases are reduced with
bandpass filtering (B), which results in clear left-right putamen functional connectivity in
MB 2 to MB 8. Effect sizes are larger in single-band 3.3 mm.
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Figure 3:
Correlation (A,B) and Cohen’s d maps thresholded to display values >0.3 (C,D) for the

motor seed (MNI: =41, —20, 62) at coronal slice —24 to examine motor-thalamic pathways.
The green arrow points to the thalamus. Thalamocortical connectivity is clearly apparent in
the SB 3.3 mm acquisition, with smaller but notable effect sizes in the MB 2 to MB 6
acquisitions.
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Figure 4:
Scatterplots comparing correlations in SB to different MB acquisitions using 9p processing

(left) and 9p+bandpass (right). The black line occurs at )= x, and points below the line in
the quadrant x> 0, y> 0 represent positive correlations that are attenuated in the MB
acquisition. Points above the line in x< 0, y'< 0 represent negative correlations that are
attenuated at the higher MB factors. Points are colored by their g*-factors, which are defined
for each pipeline; see (6). In the 9p pipeline, the g*-factors are larger at higher MB factors,
and points with high g-factors tend to lie closer to the line )= 0. In the 9p+bandpass, the g*-
factors are closer to one, even at higher MB factors, and the points tend to fall closer to the
line y=x.
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Figure 5:
Correlations decrease as noise amplification increases. Fisher z-transformed correlations in a

subset of edges that were a priori expected to have positive correlations, as described in
Section 3.5.1 /mpacts on the magnitude of correlations, were analyzed using a generalized
additive mixed model. The overall effect of g*-factor was highly significant (p < 0.001). The
GAMM includes a smoother for g*-factor with penalty selected using REML, fixed effects
for edge, gender, and scanner, and random effects for participant and participant x edge. The
y-intercept in this figure corresponds to the edge with median correlation (nodes 92 and 109,
default mode). Gray indicates point-wise 95% confidence intervals.
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Average correlations (Fisher z-transformed) for SB and MB acquisitions. 9p processing is
above the diagonal and 9p+bandpass below. In 9p, the effects of acceleration differ across
space, e.g., we see smaller correlations involving salience, auditory, cingulo-opercular task
control, and subcortical regions in MB 12 than MB 4; a close inspection reveals MB 8 also
tends to be lower than MB 4 in these edges. In contrast, correlations are more comparable
within the visual system across most acquisitions. In 9p+bandpass, the correlations across
MB factor are more similar (below diagonal). Web Supplement Figure S.8 depicts a zoomed
in version of subcortical and cerebellar edges that more clearly illustrates lower correlations
at higher MB factors for these regions. Web Supplement S.9 and S.10 illustrate impacts on
edges that are expected to have positive correlations.
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Figure 7:
Edge density (number of significant correlations) for thirteen communities (auditory,

cerebellum, cingulo-opercular task control, default mode, dorsal attention, fronto-parietal
task control, memory, salience, somatomotor hand, somatomotor mouth, subcortical, ventral
attention, and visual) and across all edges (all). The edge density for a community is defined
as the proportion of significant one-sample t-statistics (using the Bonferroni-corrected a-
level) for the Fisher z-transformed correlations for each edge in which at least one of the
nodes is in the community. A) The number of significant correlations with 9p preprocessing
tended to be higher in MB 6, MB 4, and MB 8, with the relative ranking of SB 3.3 mm
depending on the community, and SB 2 mm, MB 2, MB 3, MB 9, and MB 12 tending to
perform worse. Permutation tests of significant differences between MB factors appear in
Web Supplement Table S.2. Similar results were obtained with 9p+spatial smoothing, shown
in Web Supplement Table S.3. B) The rankings with 9p+bandpass were similar to 9p, with
MB 8, 6 and 4 tending to be higher than others and SB 2 mm, MB 2, MB 9, and MB 12
lower. Permutation tests of significant differences between MB factors appear in Web
Supplement Table S.4. Overall, 9p+bandpass had lower edge density compared to 9p, with
significant differences displayed in Web Supplement Table S.5.
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Figure 8:
Cohen’s d for SB and MB acquisitions. Cohen’s d statistic is formed for the one-sample t-

test of the null hypothesis that the Fisher z-transformed correlation is equal to zero. Cohen’s
d for 9p preprocessing is above the diagonal and 9p+bandpass below the diagonal.
Compared to the correlations in Figure 6, effect size matrices in 9p and 9p+bandpass look
more similar. A close examination reveals some differences. For example, the subcortical to
salience connections tend to be stronger in MB 4 and MB 6 than MB 3 and MB 9 in 9p, and
these effect sizes tend to be reduced in 9p+bandpass. In general, there were some significant
differences between MB factors, as illustrated in Web Supplement Tables S.2 and S.4, and
9p+bandpass tended to have lower effect sizes than 9p, as illustrated in Web Supplement
Table S.5.
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Table 1:

Resting-state fMRI acquisitions. Voxels are isotropic. All runs were approximately six minutes. Volumes
corresponding to the first 10 seconds were removed. Degrees of freedom (DF) after 9p+bandpass is equal to
the number of volumes minus 3 (constant, linear, quadratic) minus 9 (6 parameters from rigid-body, global
signal, white matter, and cerebrospinal fluid) minus the number of frequencies used in the discrete cosine basis
in the time-domain bandpass filtering via AFNI’s 3dTproject.

MB 1 1 2 3 4 6 8 9 12
TR (ms) 3000 5670 2850 1910 1440 962 736 675 512
Voxel Size 33 2 2 2 2 2 2 2 2
Flip Angle 81 88 80 72 65 57 51 48 43

Number of volumes 114 62 121 182 241 353 464 505 668
DF lost in bandpass 65 13 72 133 192 306 415 458 619
DF after 9p+bandpass 37 37 37 37 37 35 37 35 37
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Table 2:

Impact of MB factor on Fisher z-transformed correlations for selected edges (see Section 3.5 /mpacts on
pairwise correlations in a functional atfas). Estimates, standard errors, and p-values (uncorrected) from
generalized estimating equations with robust standard errors. The intercept is the average Fisher z-transformed
correlation for edges in the indicated community for SB 2 mm controlling for gender and scanner. P-values
represent whether the correlation of the acquisition differs significantly from SB 2 mm. Differences with p <
0.001 are in bold and colored red for acquisitions significantly lower than SB 2 mm and blue for acquisitions
significantly higher. Top: 9p. Bottom: 9p+bandpass.
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Thalamus - 9p Putamen - 9p Cerebellum - 9p Executive - 9p Salience - 9p DMN - 9p
Int.  0.54(0.05) 0.59(0.05) 0.29(0.04) 0.39(0.03) 0.29(0.03) 0.43(0.03)
SB3.3  0.34(0.07) <.001 0.22(0.05) <.001 -0.04(0.04) 0.37 0.01(0.03) 0.857 0.03(0.03) 0.239 0.04(0.04) 0.276
MB2 0.07(0.05) 0.186 0.01(0.04) 0.862  -0.03(0.04) 0.432 -0.09(0.03) 0.007  0.01(0.03)0.751  -0.02(0.03) 0.59
MB3 -0.05(0.06) 0.427 -0.1(0.04) 0.008 -0.09(0.04) 0.024 -0.09(0.03) 0.001 -0.03(0.03) 0.346  —0.06(0.03) 0.049
MB 4  0.02(0.05) 0.669 -0.11(0.04) 0.003  -0.1(0.04) 0.007 -0.06(0.03) 0.026 -0.03(0.03) 0.271  -0.07(0.03) 0.007
MB6 -0.08(0.05)0.119  -0.17(0.04)<.001  —0.12(0.04) 0.002 -0.1(0.03)0.001  -0.05(0.03)0.032  -0.07(0.03) 0.032
MB8 -0.31(0.05)<.001  -0.32(0.04)<.001  —0.19(0.03) <.001 -0.13(0.03) <.001  -0.08(0.02) 0.001  -0.14(0.02) <.001
MB9 -0.3(0.05) <.001 -0.34(0.04) <.001  -0.23(0.03) <.001 -0.14(0.03) <.001  -0.1(0.02) <.001  —0.17(0.03) <.001
MB12 -0.36(0.05)<.001  —0.44(0.03) <.001  -0.21(0.03) <.001 -0.18(0.02) <.001  —0.16(0.02) <.001  —0.25(0.03) <.001
Thalamus - 9p+bp  Putamen - 9p+bp  Cerebellum - 9p+bp  Executive - 9p+bp  Salience - 9p+bp  DMN - 9p+bp
Int.  0.52(0.06) 0.59(0.06) 0.31(0.04) 0.39(0.04) 0.26(0.04) 0.43(0.04)
SB3.3  0.47(0.07) <.001 0.31(0.05) <.001  -0.02(0.04) 0.637 0.04(0.04) 0.249 0.08(0.03) 0.01 0.11(0.04) 0.006
MB2 0.22(0.05) <.001 0.1(0.05) 0.036 -0.01(0.04) 0.814 -0.06(0.04) 0.167  0.05(0.03) 0.115  0.04(0.03) 0.172
MB3  0.22(0.07) 0.001 0.09(0.05) 0.051  0(0.06) 0.98 -0.03(0.04) 0.417  0.05(0.04) 0.201  0.04(0.03) 0.228
MB 4  0.33(0.06) <.001 0.18(0.04) <.001 -0.01(0.04) 0.87 0.04(0.04) 0.362 0.07(0.03) 0.032  0.03(0.03) 0.287
MB6 0.29(0.06) <.001 0.14(0.06) 0.012 -0.02(0.05) 0.746 -0.02(0.04) 0.543 0.06(0.03) 0.052 0.1(0.04) 0.008
MB8  0.07(0.05) 0.207 0.07(0.05)0.133  -0.09(0.04) 0.021 -0.03(0.04) 0.342  0.07(0.03)0.038  0.06(0.03) 0.054
MB9 0.09(0.07) 0.151 0.06(0.06) 0.276 -0.08(0.05) 0.133 -0.03(0.04) 0.433  0.06(0.03) 0.071  0.01(0.04) 0.712
MB 12  0.04(0.06) 0.442 -0.12(0.05) 0.025  —0.1(0.05) 0.081 -0.02(0.04) 0.677  —0.02(0.03) 0.604  —0.04(0.03) 0.246
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