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Headmotion systematically alters correlations in resting state functional connectivity fMRI (RSFC). In this report
we examine impact of motion on signal intensity and RSFC correlations. We find that motion-induced signal
changes (1) are often complex and variable waveforms, (2) are often shared across nearly all brain voxels, and
(3) often persistmore than 10 s aftermotion ceases. These signal changes, both during and aftermotion, increase
observedRSFC correlations in a distance-dependentmanner.Motion-related signal changes are not removed by a
variety of motion-based regressors, but are effectively reduced by global signal regression. We link several mea-
sures of data quality to motion, changes in signal intensity, and changes in RSFC correlations. We demonstrate
that improvements in data quality measures during processing may represent cosmetic improvements rather
than true correction of the data. We demonstrate a within-subject, censoring-based artifact removal strategy
based on volume censoring that reduces group differences due to motion to chance levels. We note conditions
under which group-level regressions do and do not correct motion-related effects.

© 2013 Elsevier Inc. All rights reserved.
Introduction

Headmotion correction has becomeaprominent concern in thefield
of resting state functional connectivity fMRI (RSFC), especially for inves-
tigators studying pediatric, clinical, or elderly populations. The renewed
attention to head motion stems in part from the realization that even
small amounts of movement can produce spurious but spatially struc-
tured patterns in functional connectivity (Power et al., 2012;
Satterthwaite et al., 2012; Van Dijk et al., 2012). The structured artifact
arises because motion adds spurious variance to ‘true’ timeseries, and
this spurious variance is most similar at nearby voxels. Consequently,
correlations between BOLD timeseries are spuriously increased across
all voxels, but are most increased between nearby voxels.

At present, all post-hoc subject-level processing strategies that have
been examined have incompletely removed motion artifact, as
evidenced by residual cross-subject dependence of RSFC measures on
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summary motion measures, or by distance-dependent changes seen be-
tween high- and low-motion scans or subjects (Bright and Murphy,
2013; Mowinckel et al., 2012; Power et al., 2012; Satterthwaite et al.,
2012, 2013; Van Dijk et al., 2012; Yan et al., 2013). This is true for pro-
cessing strategies that have used large numbers of motion regressors
(Satterthwaite et al., 2013; Yan et al., 2013), global signal regression
(Power et al., 2012; Satterthwaite et al., 2012, 2013; Van Dijk et al.,
2012; Yan et al., 2013), voxel-specific motion regressors (Satterthwaite
et al., 2013; Yan et al., 2013), ICA-based nuisance removal (Mowinckel
et al., 2012; Satterthwaite et al., 2012; Tyszka et al., 2013), or extensive
modeling of physiological noise (Bright andMurphy, 2013). To eliminate
motion-related effects, further corrections at the subject or group level
are needed.

Group-level correction has been implemented by regressing a sum-
mary quality control (QC)measure for each subject from each set of cor-
relations (or outcomes) across subjects (Satterthwaite et al., 2012; Van
Dijk et al., 2012; Yan et al., 2013). This approach effectively suppresses
spurious motion-related differences across subjects. However, it only
‘corrects’ the data to the extent that the assumed relationship between
a summary QC measure and spurious influence on outcomes exists. If
only linear effects exist, then linear regression should completely cor-
rect spurious differences. If any non-linear (or unmodeled) effects
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exist, the correction will be incomplete. Also, since summary QC mea-
sures may covary with factors of interest, such as age or diagnosis,
group-level regression may remove the very effects that a study seeks
to identify. For these reasons it would be desirable to improve subject-
level motion correction to the point where group-level regressions are
not necessary.

This paper aims to develop methods of motion correction that, ap-
plied at the subject level, eliminate the need for group-level corrections.
To develop thesemethods it is necessary to better understand the prop-
erties ofmotion artifact. The paper is therefore composed of 3 parts. Part
I aims to create a fuller understanding of motion-related artifact, focus-
ing on the types of signal intensity changes it produces. Part II examines
how motion impacts RSFC correlations. Part III takes the lessons of the
previous parts and describes processing strategies that generate results
in which motion-related influences are no longer detectable.

To orient the reader, we preview several main results here. In Part I,
we observe that motion-induced signal changes are highly variable and
may persist tens of seconds after amotion.We demonstrate themodest
efficacy of a variety of motion-related regressors but the high efficacy of
global signal regression in reducing such intensity changes. In Part II we
find that RSFC correlations are systematically impacted by volumes ac-
quired during and up to ~10 s after movement. We find that multiple
QC measures can identify compromised volumes, but that reductions
in outlying QC values over processing are partially cosmetic, i.e., some
‘improved’ volumes continue to harbor motion-related effects. We
Table 1
Summary of sections, objectives, and findings of the paper.
propose methods to identify values at which a QC measure begins to
index spurious changes in RSFC correlations. In Part III we demonstrate
that censoring approaches, when applied throughout a processing
stream, can reduce spuriousmotion-related group differences to chance
levels. Table 1 outlines several of the chief objectives and findings of the
paper.

Several remarks about the scope of this paper will help to frame the
analyses to come.

First, this paper is concerned with post-hoc correction of data. Al-
though we are optimistic about improvements in MRI sequences and
techniques at data acquisition with regard to motion correction (e.g.,
Bright and Murphy, 2013; Kundu et al., 2012), our focus is on data
that have been already acquired.

Second,we haveneither externalmeasures ofmotion nor physiolog-
ical measures such as respiratory, cardiac, or end-tidal CO2. An absence
of such measures is characteristic of many existing (and likely future)
datasets, including many publicly available datasets, and our data are
representative of many datasets that the field would like to utilize. For
artifact reduction,we are limited to data-drivenmethods such as (1) re-
moval of signals derived from matrix decomposition (e.g., ICA), (2) re-
moval of signal variance associated with various brain compartments
(e.g., white matter signal), or (3) entirely discarding problematic data
(volume censoring). Matrix decomposition techniques are powerful
tools to isolate nuisance-related signals but the extent of their success
depends upon the correct classification of the resulting components
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into signals of interest or non-interest. This paperwill focus on nuisance
regressions (of motion estimates and brain compartment signals) and
on the censoring approach.

Third, given the many approaches to processing RSFC data, we have
tried to make our results as generally informative as possible. The first
section of the paper describes data before artifact reduction and thus
provides a picture of the types of problems that motion may create in
any dataset. Much of the methodology in this paper is applicable to
any BOLD dataset, regardless of how it was acquired or prepared. Sever-
al of our analyses use censoring to characterize motion artifact, but
other analyses do not. Most analyses are performed with and without
global signal regression (GSR), since GSR is both a contested step in pro-
cessing (Fox et al., 2009;Murphy et al., 2009) and an effective procedure
for removing motion artifact (Satterthwaite et al., 2013; Yan et al.,
2013). In this manner, our findings should hopefully apply to a wide va-
riety of processing streams.
Methods

Subjects

This paper studies 160 healthy subjects in 4 cohorts of 40 subjects: 3
adult cohorts (high, medium, and low motion, binned by mean
framewise displacement (FD)) and a child cohort. The datasets were se-
lected from a larger pool for their ability to undergo various volume cen-
soring strategies while still retaining at least 125 volumes of data
(~5 min or more). The cohorts are sex-matched. The high-motion
adult cohort and child cohort are matched on all QC measures and are
significantly different from the medium- and low-motion adult cohorts
on all QC measures (see Figure S1, Table S1).

All subjects were recruited from the Washington University
campus and the surrounding community. All subjects were right-
handed, native English speakers, reported no history of neurological
or psychiatric disease, andwere not on psychotropic medications. All
subjects (or their guardians) gave informed consent and were com-
pensated for their participation in accord with institutional and na-
tional guidelines.
Data collection

All subjects were scanned in the same Siemens MAGNETOM Trio 3 T
scanner with a Siemens 12 channel Head Matrix Coil (Erlangen,
Germany). A T1-weighted sagittal MP-RAGE was obtained (TE =
3.06 ms, TR-partition = 2.4 s, TI = 1000 ms, flip angle = 8°, 127 slices
with 1 × 1 × 1 mm voxels). A T2-weighted turbo spin echo structural
image (TE = 84 ms, TR = 6.8 s, 32 slices with 2 × 1 × 4 mm voxels)
in the same anatomical plane as the BOLD images was also obtained
for use in image registration.

RSFC BOLD runs were obtained from subjects visually fixating a
white crosshair on a black background. Subjects were asked to stay
still, to stay awake, and to watch the crosshair. Functional images
were obtained using a Siemens product gradient echo echo-planar
sequence. The 160 subjects were pooled from different studies,
resulting in slight differences in the parameters for BOLD acquisition,
noted below. A representative set of parameters is: TE = 27 ms, flip
angle = 90°, 32 contiguous interleaved 4 mm axial slices, with in-
plane resolution = 4 × 4 mm. The TR lengths varied slightly: 158
subjects have TR = 2.5 s, 2 subjects have TR = 2.2 s. Most function-
al data were acquired in runs of 132 volumes, though some runs
were longer or slightly shorter depending on the original study
from which a subject was taken. Most subjects contributed 2 or
more runs of data. Accordingly, the number of volumes available,
typically several hundred, varied across subjects (mean ± s.d:
346 ± 136; range: 184–724; see Table S1).
fMRI pre-processing

For the purposes of this paper we distinguish between ‘fMRI pre-
processing’ and ‘functional connectivity processing’ (Fig. 1). This dis-
tinction separates relatively common steps taken bymany investigators
to preprocess fMRI data for any purpose (e.g., rigid bodymotion correc-
tion) from the highly variable steps that can be taken to prepare data for
functional connectivity analyses.

For fMRI pre-processing, functional images underwent (i) slice-time
correction, i.e., sinc interpolation to temporally align each slice to the
start of each volume, (ii) rigid body realignment to correct for head
movement within and across runs, and (iii) within-run intensity nor-
malization, that is, scaling the intensity across all voxels and all magne-
tization steady-state volumes to achieve a mode value of 1000. In all
Figures, BOLD data are presented in a mode 1000 scale (10 units = 1%
BOLD). Atlas transformation of the functional data was computed for
each individual via the T2-weighted and MP-RAGE scans. Each run
was then resampled in atlas space on an isotropic 3 mmgrid combining
realignment and atlas transformation in a single interpolation (Shulman
et al., 2010).

Functional connectivity (RSFC) processing

After fMRI pre-processing, further steps were taken to prepare
these data for functional connectivity analysis (Fig. 1). Data from
various steps in processing will be illustrated in the paper. These
steps included (i) demeaning and detrending across each run, (ii) re-
gression of nuisance variables across all runs (various regressors
were used and will be described below), (iii) frequency filtering of
the data using a zero-phase 2nd order Butterworth filter with a
pass-band of 0.009 to 0.08 Hz, and (iv) spatial blurring using a Gaussian
filter with 6 mmFWHM. The data presented in Parts I and II underwent
this procedure. In Part III, this procedure was performed to yield QC
measures, then temporal masks were formed using the QC measures,
and then the procedure was re-performed with volume censoring and
data replacement by interpolation.

Regressors
Various combinations of nuisance regressors were used in the mul-

tiple regressions and are described for each analysis. Motion estimates
(R = [X Y Z pitch yaw roll]) were the detrended realignment estimates
from fMRI pre-processing. Their derivatives (R′) and squares (R2) were
also used as regressors. Our lab has historically used R and R′ as nui-
sance regressors ([R R′] = 12 motion related regressors). This paper
also examines two sets of motion regressors derived by Volterra expan-
sion (Friston et al., 1996): [R R2 Rt − 1 Rt − 1

2 ], where t and t − 1 refer to
the current and immediately preceding timepoint (24 motion-related
regressors) and [R R2 Rt − 1 Rt − 1

2 Rt − 2 Rt − 2
2 ] (36 motion-related re-

gressors). Note that the 24-motion-parameter expansion is the same
one used in (Satterthwaite et al., 2013) and (Yan et al., 2013), but that
the 36-motion-parameter set in this report is not the same as the 36 pa-
rameters used by Satterthwaite and colleagues (their 36 regressors
were the 24 motion-related regressors and 12 tissue-based regressors).
Tissue-based signals were also used as nuisance regressors and were
calculated as the average signal across voxels within a particular spatial
mask: an eroded ventricularmask for the CSF signal (CSF or V), an erod-
ed white matter mask for thewhite matte signal (WM), and thewhole-
brain mask for the global signal (GS). In all cases, when a tissue-based
signal was used as a regressor, its first derivative, computed by back-
wards differences, was also used.

Regressions using temporal masks
Temporal masks are incorporated into demeaning and detrending

and multiple regressions in Part III. If data were censored during de-
meaning and detrending or multiple regression, the following proce-
dure was used: (i) ‘bad’ timepoints were censored from the regressors
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and BOLD data, (ii) the remaining ‘good’ regressors were standardized
(zero-mean, unit variance) and detrended, (iii) a least-squares fit of
‘good’ regressors to the ‘good’ data generated beta values, (iv) regressors
from all timepoints (‘good’ and ‘bad’) underwent the same transforma-
tion that defined the ‘good’ standardized regressors, (v) the ‘good’
betas were applied to regressors from all (‘good’ and ‘bad’) timepoints
to generate modeled signal values at all timepoints, and (vi) residuals
were calculated for all timepoints as observed minus modeled BOLD
values. Thus, only ‘good’ data contributed to betas but residualswere cal-
culated for all timepoints, yielding continuous timeseries. The betas and
residuals at ‘good’ timepoints generated by this procedure are theoreti-
cally identical to those obtained using ‘spike regressors’ (Lemieux et al.,
2007).

Interpolation using temporal masks
In Part III, potentially compromised data were replaced after the

multiple regression but prior to frequency filtering. A least-squares
spectral decomposition of the uncensored (‘good’) data was performed
and this decomposition was used to reconstitute data at censored
(‘bad’) timepoints. To compute the frequency content of uncensored
data, we applied a least squares spectral analysis adapted for non-
uniformly sampled data, as described in Mathias et al. (2004), using a
method based on the Lomb-Scargle periodogram (Lomb, 1976). A
more detailed and formal description is provided in the Supplemental
Materials. Thus, the ‘good’ data defined the frequency characteristics
of signals that then replace the ‘bad’ data. Figure S2 illustrates this pro-
cedure for a synthetic signal. The replaced timepoints almost always
have values closer to the signal mean than the original data, and they
thus spread less signal into adjacent ‘good’ timepoints during frequency
filtering (Carp, 2013). These interpolated timepoints are then re-
censored following frequency filtering.
Frequency filtering
Frequency filtering was performed using a first-order Butterworth

FIR filter with passband 0.009 to 0.08 Hz in the forward and reverse di-
rections. Afterfiltering, the first and last 15 TRs of each runwere ignored.

Quality control (QC) measures

The QCmeasures employed here are largely those used in (Power
et al., 2012). Fig. 2 shows QC measures for 2 subjects. For all
realignment-estimate-derived calculations, rotational displacements
were converted to translational displacements by projection to the sur-
face of a 50 mm radius sphere.

RMS motion and RMS d/dt motion
These are the root mean squared values of the detrended realign-

ment estimates and their derivatives across all timepoints.

Framewise displacement (FD)
Thismeasure indexes themovement of the head fromone volume to

the next, and is calculated as the sumof the absolute values of the differ-
entiated realignment estimates (by backwards differences) at every
timepoint (Power et al., 2012). FD for the first volume of a run is 0 by
convention. The purpose of this measure is to index head movement,
not to precisely calculate or model it.

Absolute displacement (calculated separately for rotation and translation)
These measures index the absolute displacement of the head from

the origin position at every timepoint. The translational absolute dis-
placement is the sum of the absolute values of the X, Y, and Z estimates
for a given volume. The rotational version is the sum of the absolute
values of the displacements in pitch, yaw, and roll. The purpose of this
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measure is to index head absolute position, not to precisely calculate or
model it.
DVARS (DV)
This measure indexes the change in signal intensity from one vol-

ume to the next, and is calculated as the root mean square value of
the differentiated BOLD timeseries (by backwards differences) within
a spatial mask at every timepoint (Smyser et al., 2010). DV for the first
volume of a run is set to zero by convention. This paper usually presents
DV calculated over the whole-brain mask but it can be calculated over
any collection of voxels. Graymatter DV (DVGM), which closely parallels
whole-brain DV (DVGS), is presented at several points in themanuscript
where indicated (e.g., after global signal regression has made it point-
less to plot mean global signal but still informative to plot mean gray
matter signal, we use DVGM instead of DVGS so that the same set of
voxels is being examined.)
Standard deviation (SD)
This measure is the standard deviation (across space) of the BOLD

signal across all voxels within a spatial mask at every timepoint. As for
DV, SD from awhole-brainmask is typically presented unless specifical-
ly indicated.
Spatial masks

Each subject's MP-RAGE underwent segmentation by FreeSurfer
(version 5.0). Segments corresponding to the lateral ventricles, the
white matter, the gray matter, and all within-brain voxels were
extracted. 5 versions of the white matter and ventricular masks were
formed: uneroded, and erosions 1–4 times. All masks were resliced to
3 mm isotropic dimensions to match the BOLD data. Maximal erosion
(4×) masks were preferred; if maximal erosion yielded empty masks,
lesser erosionswere progressively considered until amaskwith qualify-
ing voxels was found. This relaxation occurred infrequently for white
matter masks. Erosions of 1 were often used for CSF masks. These
masks were used to extract nuisance signals, to calculate DV and SD
within the masks, and to define the voxel timeseries displayed in Part I.

Regions of interest

264 regions of interest (ROIs) are examined in this paper, identical to
those used in (Power et al., 2012). These ROIs represent our current best
estimates of the center coordinates of brain areas and nuclei, and derive
from the results of many task fMRI meta-analyses and a resting state
parcellation strategy (Cohen et al., 2008). ROIs are modeled as 10 mm
diameter spheres centered on the coordinates reported in (Power
et al., 2011). ROI timecourses are calculated as the average value across
voxels within the ROI.

Correlation calculations

All correlations are calculated as the Pearson correlation be-
tween timeseries. Arithmetic and statistical calculations use Fisher
z-transformed values. Reported correlations are Pearson's r.

Methodological changes from our previous report

Three methodological differences from our previous report on mo-
tion artifact (Power et al., 2012) should be noted.

First, the order of processing operations has changed:wenow regress
nuisance signals, then perform frequency filtering, then perform spatial
blurring. Previously we had regressed nuisance signals after frequency
filtering. Either order of operations is acceptable, but if regression takes
place after frequency filtering, the nuisance regressors should also be fil-
tered so that residuals maintain the proper frequency content (i.e., so
that high-frequency regressors do not reintroduce high-frequency con-
tent into low-frequency data). In our initial report, although our tissue-
based nuisance signals were frequency filtered, our realignment esti-
mates had not been filtered and therefore could have reintroduced
high-frequency signal related to motion into our data. Our observations
and conclusions are essentially unchanged after altering our procedure.
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Second, the slice-timing correction in our initial report was incorrect
becausewewere unaware that on our SiemensMAGNETOMTrio, A Tim
System 3 T scanner, interleaved acquisitions began with the second
slice (but only if the total number of slices is even). Compensation for
asynchronous slice timing is now correct. As will be seen, our previous
results and conclusions are unchanged after implementing proper
slice timing correction.

Third, we nowuse a different andmuch larger group of subjects than
in our previous report. These subjects, though they clearly exhibit mo-
tion artifact, are a selective set of subjects: they were selected out of a
larger pool of subjects for the ability of their data to withstand various
volume censoring strategies, including very stringent ones, while
retaining at least 5 min of data. Our previous dataset could not have
withstood such measures and was a higher-motion dataset.
Results

Part I: understanding BOLDmotion artifact and its relation to QC measures

The overall processing strategy
An overview of the processing strategy is shown in Fig. 1 (discussed

in Methods). This section does not involve scrubbing or iterative pro-
cessing. This section describes howmotionmanifests in signal intensity,
the extent to which regressions removemotion-related signal, and how
QC measures reflect movement-associated signal changes.
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representative of the low- and high-motion adult cohorts (see Figure S1
for mean FD distributions in each cohort).

The bottom two panels show signals and signal-derived QC mea-
sures, calculatedwithin awhole brainmask in demeaned and detrended
data, prior to nuisance regression. Other than realignment, nothing has
been done to counter motion-related artifact. The correspondence of
the blue DV trace to FD is evident (DV-FD correlation across subjects
(mean ± s.d.): 0.69 ± 0.38). DV does not so closely reflect absolute
head position (DV-abs. trans.: 0.32 ± 0.26; DV-abs. rot: 0.25 ± 0.23).
The bottom panel shows the global signal and the SD trace. The SD
trace bears considerable similarity to the FD signal (SD-FD: 0.52 ±
0.27), but also reflects absolute head position (black arrows; SD-abs.
trans: 0.65 ± 0.31; SD-abs. rot: 0.54 ± 0.34). The black trace of the glob-
al signal shows instances of motion-related signal changes, sometimes
manifested as decreases in signal intensity. Throughout the paper,
when possible, the same QC measure color code will be used: red for
FD, blue for DV, and green for SD.

Cohort properties; rationale for cohort composition
Figure S1 and Table S1 show the ages, total quantities of data, sum-

mary QC values, and statistical comparisons of the cohorts. Cohorts 1,
2, and 4 (children, high-motion adults, and low-motion adults) are of
principal interest. Data from cohort 3, the medium-motion adults, are
also shown but will be less emphasized. The 3 principal cohorts do not
differ in the amount of data available. The children and high-motion
adults do not differ statistically on any summary QC measure, though
there are trends for the children to have higher RMS d/dt motion
(p = 0.08) and for the high-motion adults to have higher mean SD
values (p = 0.15). These two high-motion cohorts differ from the
low- and medium-motion adult cohorts on every QC measure.

These datasets are formed for particular reasons. First, the children
and high-motion adult cohorts are useful datasets for observing effects
of motion because motion is so prevalent. Second, if motion related ef-
fects are dose-dependent, they should be similar in children and high-
motion adults, modest in the medium-motion adult cohort and minor
in the low-motion adult cohort. Third, if we assume that above-chance
differences between the adult cohorts are due solely to motion, then
an effective processing strategy for removing motion-related effects
should reduce any differences between these cohorts to chance levels.
On this assumption, above-chance differences between the adult co-
horts after a motion correction strategy reflect inadequate motion cor-
rection and the need for further work. An alternative hypothesis is
that there exist endophenotypes detectable with resting state fMRI in
people predisposed to move, and that a perfect motion correction strat-
egy would enable detection of true and meaningful residual group dif-
ferences related to this endophenotype. We cannot exclude this latter
hypothesis. But we consider the former scenario much more likely
and in Parts II and III we will work toward reducing group differences
between the low- and high-motion adults to chance levels. To the ex-
tent that this effort is successful, residual differences between children
and adults can be interpreted as developmental and not movement-
related.

The nature of motion-related variance
The next 3 Figures summarize the effects that motion can produce

using single-subject data from12 subjects. The subjects that are presented
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were selected for their relatively clear illustrations of particular motions
or signal changes, but they are representative of the entire dataset (see
Supplemental Cohort Illustration). All illustrated data have been de-
meaned and detrended but have not undergone any further processing.
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Timeseries for all voxels within the mask are presented (timeseries
are displayed in the order of the image but Matlab automatically
downsamples the displayed data depending on plot sizing; several hun-
dred voxelwise timeseries are visible). The fourth panel shows voxel
timeseries from the eroded white matter (WM, top, white bar) and
eroded ventricular masks (bottom, small yellow bar).

In relatively still subjects (Fig. 3), the FD traces are flat and there is no
indication from any QC measure that the data are disrupted anywhere
in the scan. Nevertheless, fluctuations in signal intensity are broadly
shared across voxels. These global fluctuations presumably reflect
some combination of neural activity and non-motion-related artifact,
such as respiratory or cardiac effects or other influences. To the extent
that these global fluctuations are represented in white matter and ven-
tricular signals, they presumably do not represent neural activity.

In subjectswhomove intermittently (Fig. 4) and return to their orig-
inal position, the QC traces are mostly flat except for brief excursions
from the baseline. The impact of motion is variable. Some movements
(white arrows) produce, acrossmost voxels, an increase then a decrease
in signal, lasting many TRs (see the 10 TR scaling bar in the white
matter). Other movements (black arrows) appear not to produce any
marked effect. Still other movements (yellow arrow) produce increases
in signal. Other movements produce predominantly decreases (purple
arrow). Not only the sign, but also the duration of intensity changes
can vary. In the subject in the bottom left, a large movement (cyan
arrow) produces a brief but marked disruption in signal, whereas in
the subject in the bottom right, several modest movements produce
prolonged disruptions.

Some subjectsmove and remain displaced from the origin, as shown
by sustained elevations in the absolute displacement traces in Fig. 5
(dotted dark lines). These movements produce long elevations or de-
pressions of signal intensity that appear as banding patterns in the
voxel intensity traces. The direction of the changes is sometimes seem-
ingly uniform (black arrow), or sometimes different at different voxels
(white arrows). These sustained shifts in intensity caused by shifted
head position are qualitatively different than the intensity disruptions
resulting from head motion.

It is visually evident that signals in the gray matter, white matter,
and ventricular compartments often resemble each other during mo-
tion. Fig. 6 shows, for 160 subjects, the signal correlations between
and within different tissue compartments. GM-WM and GM-CSF corre-
lations are typically positive, centered about r = 0.3 and r = 0.4,
respectively. Each of these compartments contributes to the global
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signal, but the global signal is most strongly correlated with the gray
matter signal. The similarity of signal between brain compartments,
and of signals within the gray matter to other signals within the gray
matter, is higher in subjects with higher FD values (except GS-GM cor-
relations, which are at ceiling). Signal similarity is not as tightly related
to RMSmotion,which reflects head position in addition to headmotion.

On the efficacy of motion-related and tissue-based nuisance regressors
Motion frequently produces fairly uniform effects across most

voxels in the brain. This observation suggests that regressors derived
from gray matter or all brain voxels should effectively reduce this vari-
ance. Fig. 7 demonstrates this principle. Above the black line, the pre-
regression data of 3 subjects from Figs. 3–5 are reproduced. Below the
black line, the gray matter voxel timeseries after several different re-
gressions are displayed. Motion regression alone, even if expanded to
24 or 36waveforms, does not eliminate the bulk of motion-related arti-
facts. Some artifacts are visibly improved by additional regressors
(black arrows) but others remain largely uncorrected (white arrows).
Relatively clean signals are only obtained when the global signal and
its derivative are included in nuisance regressions. However, QC traces
computed after all nuisance regressions indicate residual artifact during
periods of motion. This issue will be addressed in Parts II and III of the
paper.

An implication of these results is that themeanWMand CSF regres-
sors are less useful than onewould hope since they were included in all
regressions. Figure S3 reproduces Fig. 7 without any tissue-based re-
gressors.When these Figures are compared, one is struck by themodest
changes that WM and CSF regressors produce. These results are consis-
tent with previous analyses wherein WM and CSF signals explained lit-
tle variance in the gray matter (Jo et al., 2010; Weissenbacher et al.,
2009). The modest efficacy of WM and CSF regressors is consistent
with the moderate correlation of the WM and CSF regressors to the
global signal (Fig. 6), which is an effective regressor.

Part I discussion: on the nature of motion-related signal changes
Our observations so farmaybe summarized as follows. (1) In still sub-

jects, variance that is not apparently motion-related may be widely
shared across voxels, with variable extension to the white matter and
CSF compartments. (2) Signal changes coincident with motion vary in
magnitude, andmay be widely present throughout graymatter, and var-
iably, white matter and CSF voxels. (3) Complex, multi-phasic signal
changes often follow head motion. (4) Shifts in head position cause
sustained shifts in image intensity. (5) Phasic head motion often pro-
duces pronounced effects, typically signal decreases, extending over
tens of seconds after motion has ceased (dark vertical bands in Figs. 4
and 5).

These signal changes are seen throughout our entire dataset (Supple-
mental Cohort Illustration). The types and variety of signal changes just
described, including the persistent post-motion changes, are also seen
in data from the Human Connectome Project (not shown), which is ac-
quired using different sequences on a different scanner and processed
without slice-time correction using different software.We therefore sus-
pect that the signal changes we describe are not unique to our data.

Our findings are partially consistent with the observations of
Satterthwaite and colleagues, who reported that motion produces sig-
nal decreases throughout the entire brain and that these effects scale
with the size of a movement (Satterthwaite et al., 2013). However,
these authors also reported that signal depressions were largely com-
plete 2 TRs (6 s) after amovement.Wefind, instead, that signal changes
maypersist for tens of seconds after amovement andare not necessarily
signal decreases. The discrepancy between our reports may arise be-
cause we are visualizing highly variable signal changes across motions,
time, and voxels, whereas Satterthwaite and colleagues were using
GLM analyses to identify stereotyped signal changes coincident with
motion. We note that to influence correlations, stereotyped signal
changes are not necessary, only signal changes that are shared across
voxels.

The variety of signal changes underscores the complexity ofmotion's
effects on BOLD signal. Shifts in head position (e.g., slow drifts, or rapid
motion without return to the original position) are associated with
sustained signal changes that are variable across voxels. Motions them-
selves (e.g., head nodding, speech, swallowing, etc.) are associated with
a variety of transient signal changes. The signal changes at each voxel
are partially but not adequately explained by position estimates from
the current, preceding, or past 2 TRs (since regressions fail to completely
remove motion-related variance). We speculate that the variety of
changes at a single voxel arises not only from the variety of specific mo-
tions, but also from the voxel's proximity to various tissue types with
different signal intensities and from spin history effects. Modeling
such interactions would be challenging.

Several implications follow from our observations. First, as we noted
in our initial report (Power et al., 2012), motion-induced signal changes
are generally not consistent with neural activity related to motion. Sig-
nal changes are seen at almost all voxels in the gray matter and the di-
rection and duration of these signal changes varies. Further, the signal
changes also occur in white matter and ventricular spaces. Some neural
activitymust correlate withmotion and it is possible that somemotion-
related activity is represented in the BOLD signal during motion, but
such neural activity cannot account for the preponderance of signal
changes seen during and after motion. Our perspective therefore differs
from that of (Yan et al., 2013).

Second, because prominent signal changes are highly variable and
prolonged, it seems unlikely that they can be modeled by retrospective
techniques based on relatively simple treatments of realignment esti-
mates, such as regression of current or immediately preceding motion
estimates. Prolonged motion-related effects must account in part for
the inability of any set ofmotion regressors thus far tested to completely
eliminate motion-related variance (Power et al., 2012; Satterthwaite
et al., 2013; Yan et al., 2013). Removal of such prolonged changes will
requiremore expansivemodeling than is typically currently performed,
such as convolution of some (unknown) function with realignment es-
timates, or regression of realignment estimates from many preceding
timepoints. Signal-based corrections that capture these prolonged ef-
fects may prove effective in removing such variance and should receive
careful attention.

Wehave attempted several strategies to create larger andmore effec-
tive sets of nuisance regressors from the white matter and ventricular
voxels, such as subdividing the masks spatially into small cubes and/or
using PCA to select several components that represent most of the vari-
ancewithin themask. These efforts have not yielded encouraging results.
The only procedure that produced benefits worth noting was to tempo-
rally subdivide these nuisance signals (such that, for example, a 200-
timepoint signal was represented as 4 50-timepoint segments). Several
versions of this temporal segmentationwere examined, all of which pro-
duced modest increases in the ability of timeseries from white matter
and ventricles to remove motion-related variance. However, we ulti-
mately abandoned this approach because we were concerned about
the possible removal of signal of interest that could occur by chance
when using such short timeseries in the regressions.

Part I focused on timeseries. The analyses in Parts II and III focus on
correlations between timeseries. Usually the timeseries will have been
fully processed, though some analyses will examine timeseries at vari-
ous steps of functional connectivity processing. In future analyses, the
24-motion-parameter set of regressors will be used. This is because it
is likely to be a standard for the field in the short- to medium-term fu-
ture given its statistical superiority over smaller sets of motion parame-
ters (Satterthwaite et al., 2013; Yan et al., 2013). We choose not to use
the 36-motion-parameter set because although it produced modest
benefits beyond the 24-motion-parameter set, it was still inadequate
for removingmotion-related effects, it requires an additional 12 degrees
of freedom, and it is useful to for the coming results to be comparable
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with other recent reports that utilize the 24-motion-parameter set of
regressors (Satterthwaite et al., 2013; Yan et al., 2013). Additionally,
most future analyses will include data processed with and without
GSR given the visible efficacy of this regressor (Fig. 7) and the recent re-
ports on its utility for removing motion artifact (Satterthwaite et al.,
2013; Yan et al., 2013). Since the field continues to debate the use of
GSR (Fox et al., 2009; Murphy et al., 2009; Saad et al., 2012), analyses
with and without GSR will provide investigators of all viewpoints with
empirical evidence on the efficacy of their preferred approach to artifact
removal.

Part II: understanding how motion impacts RSFC correlations

It is established that motion produces systematic changes in RSFC
correlations (Power et al., 2012; Satterthwaite et al., 2012; Van Dijk
et al., 2012). This section seeks to answer several outstanding questions
related to motion and RSFC correlation structure: (1) whether the
prolonged signal disruptions after motion systematically impact RSFC
correlations; (2) whether absolute head displacement systematically
impacts RSFC correlations; (3) whether stricter censoring thresholds
produce greater removal of artifactual RSFC structure; (4) whether
high values on all QC measures identify similar artifactual properties;
(5) whether ‘improvements’ in a volume over processing are complete
or partially cosmetic (i.e., does a volume with high DV values before
processing but normal DV values after processing now contribute
RSFC structure that resembles ‘random’ data or does it still resemble
high-DV data); and (6) whether a threshold or inflection point can be
found in a QC measure, below which artifactual influences are negligi-
ble. The answers to these questions will guide the formation of
subject-level censoring-based strategies of artifact correction in Part III.

In our initial report on motion (Power et al., 2012), to characterize
the impact of motion on correlations, we compared correlations in full
timeseries to correlations in timeseries from which high-motion vol-
umes had been deleted. This censoring procedure was called ‘scrub-
bing’, a term that refers to the practice of discarding incorrect or
untrustworthy pieces of information. In our initial report censoring
was only done during correlation calculations, but it can be incorporat-
ed into data processing steps such as regressions and temporal filtering
(Carp, 2013; Power et al., 2011, 2012, 2013; Satterthwaite et al., 2013).
Certain characterizations of high-motion data (as in Fig. 11B) cannot be
performed if the data have been censored or replaced. Therefore, in this
section we censor only after functional connectivity processing is com-
plete. Iterative processing with censoring incorporated throughout the
processing stream is described in Part III.

Several analyses in this section use scrubbing to characterize the im-
pact of particular parts of data on RSFC correlations. These analyses ex-
amine the changes in correlation produced in all possible pairwise
correlations (34,716) between the 264 ROIs reported in (Power et al.,
2011)when particular portions of the data arewithheld from correlation
calculations. Across-subject changes in correlation are reported (Δr =
mean scrubbed r − mean unscrubbed r). Within-subject analyses
(Δr = mean (scrubbed r − unscrubbed r)) produced nearly identical
results and are not shown. Within-subject analyses that were normal-
ized to the amount of data removed per subject produced similar results
and are not shown. In subsequent Figures, Δr will be plotted for each
pairwise correlation as a function of the Euclidean distance separating
the center coordinates of the ROIs that gave rise to the correlation.

The temporal extent of motion's impact on RSFC correlations
The prolonged signal changes seen in Fig. 4 suggest thatmotionmay

influence RSFC correlations for many TRs after the head has ceased
moving. To investigate this issue, 8 ‘target’ temporal masks were
formed in each subject. Each target mask identified a particular type
of individual volume, such as volumes prior to, during, or after motion.
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Such masks are illustrated for 2 subjects in Fig. 8A. The ‘target masks’
bar contains 8 rows, each representing a temporalmask. Rows 1–2 indi-
vidually identify the 2 TRs prior to motion, row 3 identifies motion
(FD N 0.2 mm), and rows 4–8 individually identify the 5 TRs after mo-
tion. A set of ‘positive control’ masks was also created, one for each of
the target masks. Each ‘positive control’ mask removes, within each
subject, identical amounts of data by FD rank (e.g., if a ‘target mask’ re-
moved 8 volumes, the corresponding ‘positive control’ mask removed
the 8 volumes with the highest FD values in the scan). A set of ‘random
control’ masks removes, for each ‘target mask’ within each subject,
identical amounts of data but at randompoints in the scan. The ‘positive
control’ showswhat changes in correlation are possiblewhen removing
a given amount of data (because sometimes very little data is removed),
and the ‘random control’ shows that correlation changes are specific to
the type of volume identified by a target mask.

The temporal extent of the influence of motion on RSFC correlations
is shown in Fig. 8B. Here, for each of the 8 types ofmask described above,
the Δr for each pairwise relationship is plotted by the distance between
that pair of ROIs.Without GSR,motion's influence is evident in the 4 or 5
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in the analysis, and the numbers below indicate the mean and standard deviation of the perce
between low-motion and high-motion adult cohorts is shown, out of ~35,000 pairwise correlati
dard deviations across 30 repetitions of random censoring. Comparisons of all adult cohorts at o
yses, unlike other Figures,meanΔr is calculated across all subjects in a cohort, regardless ofwhet
would actually be seen in cohorts upon scrubbing an entire dataset.
TRs (10–12.5 s) following a motion. With GSR, motion's influence is es-
sentially restricted to the period of movement. These effects were calcu-
lated in all subjects with data removed by a given mask (N = 150);
within-subject analyses yielded virtually identical results (data not
shown). An informative feature of these analyses is that no artifact is
seen in the TRs prior tomotion, indicating that our gentle (and symmet-
ric) frequency filtering did not result in noticeable temporal spread of
artifact into adjacent TRs. Figure S4 extends these analyses to the 10
TRs following motion and to timeseries from various steps in functional
connectivity processing (pre-regression, post-regression, and final
timeseries). Similar effects are seen at all stages of processing. These
analyses indicate that, in our data, motion impacts correlations mainly
in the 4 TRs (10 s) after a movement. The analyses in Figure S4 also in-
clude amask that identifies volumes temporally distant frommotion (at
least 10 TRs after FD N 0.2 mm) that have absolute displacements over
0.5 mm. Censoring with this mask reveals no obvious structured influ-
ence of absolute head displacement on RSFC correlations, indicating
that the sustained signal changes produced by absolute head displace-
ment seen in Fig. 5 are largely corrected by existing regression strategies.
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However, only 20 subjects exhibited isolated absolute head displace-
ment, and we therefore consider this conclusion to be provisional.
The effect of censoring stringency in different populations
An important question is the extent to which different populations

exhibit motion-related biases in RSFC. Relatedly, we have posited that
above-chance group differences between high-motion and low-motion
adults are at least partially, and perhaps entirely, due to motion. We
are therefore interested in the extent to which different populations dis-
play motion-related effects, and the extent to which various processing
strategies reduce group differences.

The effects of lenient (FD N 0.5 mm) and stringent (FD N 0.2 mm)
FD-based scrubbing are shown in Fig. 9. With GSR, children display ef-
fects at both thresholds, high-motion adults display effects only at the
stringent threshold, and low-motion adults display effects at neither
threshold. Importantly, FD-based scrubbing reduces group differences
between the high- and low-motion adults. This effect is specific to
high-FD volumes: random volume removal produced no such effect.
This effect is seen regardless of statistical threshold used to define
group differences, and the selective reduction in group differences is
seen in all comparisons of all adult cohorts (Figure S5).

Without GSR, similar effects are seen aswith GSR, except that effects
can now be appreciated in the high-motion adults at lenient thresholds,
and in the low-motion adults at stringent thresholds (the red fringes
below the black points in both plots). Here, too, FD-targeted scrubbing
selectively reduces groupdifferences. Note also the scale of group differ-
ences: for a given statistical threshold, using identical temporal masks,
the number of significant differences without GSR is nearly 2 orders of
magnitude greater. These findings hold regardless of statistical thresh-
old or the adult groups compared (Figure S5). The elimination of
group differences by various processing strategies will be revisited in
Part III.
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On using DV and SD to censor data
FD, DV, and SD are all possible QCmeasures. Thus far, we have charac-

terized data using FD. We now turn to the other QCmeasures, which dif-
fer from FD in important ways. FD is based on realignment estimates and
therefore is unaffected by subsequent processing steps. DV andSD, in con-
trast, derive from BOLD intensity, and may evolve through processing
(Fig. 10). Before processing, DV strongly resembles FD, but this similarity
diminishes with processing (DV–FD pre-regression: r = 0.69 ± 0.34;
post-regression: r = 0.23 ± 0.28; post-frequency filtering: r = 0.17 ±
0.27; post-spatial blurring: r = 0.18 ± 0.25). Some peaks in the DV
trace are abolished, others are reduced, others remain. The same is true
for SD values (SD–FD pre-regression: r = 0.52 ± 0.27; post-regression:
r = 0.07 ± 0.29; post-frequency filtering: r = 0.07 ± 0.27; post-
spatial blurring: r = 0.04 ± 0.24). Before regression SD traces uniquely
display plateaus and scalloping corresponding to absolute head position,
but after regression the scalloping and plateaus are largely eliminated,
possibly reflecting the efficacy of existing regressions in correcting arti-
facts attributable to absolute displacement. It may be advantageous to
use QC measures that track evolving data quality rather than an un-
changeable trace of head motion. For example, a temporal mask made
using DV after functional connectivity processingmight appropriately re-
tain more (denoised) data than a mask formed using FD (which cannot
reflect denoising).

These considerations prompt two questions. First, do volumes with
outlying DV and SD values produce changes in correlation similar to
what has been seen in FD-based analyses? The right side of Fig. 10 an-
swers the first question. Outlying values of either DV or SD, at any
stage of processing, when used to censor fully processed timeseries,
produce the familiar distance-dependent effects seen with FD-based
analyses. This is true regardless of the step in processing at which corre-
lations are calculated (e.g., in pre-regression or pre-frequency-filtering
timeseries; data not shown). Thus, the elevations in QC traces identify
data with similar characteristics at all times.
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Second, the reduction or elimination of some peaks in QC traces
prompts the question of whether volumes that ‘improve’ in QC values
over processing are truly corrected or whether such changes are cos-
metic. In other words, if a volume begins with an outlying DV value
and then acquires a more typical DV value later in processing, does
that volume's impact on RSFC correlations now resemble that of a typi-
cal volume (from a period of stillness), or does it continue to resemble
the impact of an outlying volume (from an ‘uncorrected’ period of
motion)?

Full descriptions of the analyses that answer this question are pro-
vided in the Supplemental Materials and Figure S6, but the unfortunate
answer is that DV improvements are partially cosmetic, and data that
begin with an elevated value that decreases throughout processing
many still harbormotion artifact (Fig. 11A). Initial QC values before pro-
cessing are therefore themost reliable indicator of data quality. Because
SD reflects absolute head position, which does not clearly impact RSFC
correlations (Figure S4), and because its motion-tracking characteristics
are otherwise largely represented by FD and DV (Fig. 10), we do not
pursue further analyses using SD. Thus, the remainder of this paper fo-
cuses on using FD and initial DV values to make processing decisions.
On relating QC values to significant changes in RSFC correlations
Until more efficacious artifact removal techniques are demonstrated,

nuisance regression alonewill be inadequate for subject-level correction
of motion's effects. A further step that can be taken at the subject level is
to entirely discard motion-corrupted volumes. This approach sacrifices
data but it is also effective in eliminating motion-related variance
(Power et al., 2012, 2013; Satterthwaite et al., 2013). An important ques-
tion is: what data should be censored? We reframe the question as: at
what QC values do significant within-subject changes in correlation be-
come evident?

Full descriptions of the approach and analyses developed to answer
this question are presented in Supplemental Materials and Figure S7.
The top panel of Fig. 11B shows the gist of the analyses, wherein a
subject's data are ordered by decreasing quality and the changes in cor-
relation observed going from the best to the worst data are plotted.
Whether such changes are significant is empirically determined by re-
peating this procedure with random orderings of the data (irrespective
of QC values). The green points are insignificant changes in the QC-
ordered data, the red points are significant changes, and theblack points
are from the random permutations that define empirical significance.
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When this procedure is repeated for all 160 subjects the resulting em-
pirical ranks can be plotted as a function of QC value, as in the bottom
panel of Fig. 11B. This plot indicates that significant within-subject
changes in correlation are detectable down to FD = 0.15–0.2 mm and
are very pronounced at FD = 0.5 mm.

The analyses shown in Figs. 11B and S7 indicate that high, outly-
ing values on QC measures (e.g., FD = 0.5 mm, or pre-regression
DV = 20) unquestionably are associated with within-subject eleva-
tions in short-distance correlations. Most data have QC values not
associated with such artifactual elevations in correlation (see the cu-
mulative distribution curves, the black sigmoid trace in Fig. 11B). On
the basis of these results, one could argue that very strict thresholds,
excluding QC values beyond even a hint of a skew (FD N 0.15 or pre-
regression DV N 13) are ideal. Most datasets will not tolerate censor-
ing based on such strict thresholds, nor it is obvious that this par-
ticular analysis should be the only criterion for setting thresholds.
We interpret these results to support the general principle that the
stricter one sets thresholds for censoring, the more one can guard
against or eliminate motion-related artifact.

Part II discussion: on motion's influence on RSFC correlations
The key observations of this section are: (1) effects ofmotionmanifest

in RSFC correlations for ~10 s after motion; (2) post-motion effects are
essentially eliminatedwhenGSR is performed; (3) absolute displacement
does not appear to produce systematic changes in RSFC correlations;
(4) stricter censoring thresholds remove larger amounts of distance-
dependent artifact; (5) distance-dependent artifact is present with or
without GSR; (6) motion scrubbing selectively reduces motion-related
group differences in adult cohorts; (7) improved QC values do not guar-
antee that the data are fully corrected; and (8) QC values can be quantita-
tively linked to the significance of changes inRSFC correlations, butwe are
unable to point to a single value of FDor initial DVas adefinitive threshold
beyond which data are compromised— the effect is gradual.

Part III: processing data in ways that minimize motion-related influences

In this section,we use thefindings of Part II tomodify our processing
stream to more powerfully suppress motion artifact at the subject level.
We assess the ability of this processing stream to eliminate detectable
influences of motion and group differences that are attributable to
motion.
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Incorporating censoring into an iterative processing strategy
We now adopt a strategy where the data are processed as in Parts I

and II, then QC measures are derived and used to form temporal
masks, and then the data are re-processed using the temporal masks
to censor data (Fig. 1, dotted gray lines). The principal features of the it-
erative processing strategy are: (1) censoring is incorporated into de-
meaning and detrending each run, (2) censoring is incorporated into
the multiple regressions performed across runs, (3) temporal masks
are used to define data that are replaced by interpolation, prior to fre-
quency filtering, and (4) the interpolated data are recensored following
frequency filtering.

In this iterative scheme, 4 steps are used to form the temporalmasks
used to reprocess the data (see Figure S8 for an illustration in a single
subject). Step 1: volumes with FD N 0.2 mm or initial DV N 20 were
censored. Step 2: uncensored segments of data lasting fewer than 5 con-
tiguous volumes as a result of Step 1 were censored. Step 3: runs with
fewer than 50 remaining volumes were entirely eliminated. Step 4:
subjects with less than 125 uncensored volumes across runs were elim-
inated. This procedure eliminated entire runs in 5 children and 2 high-
motion adults; 3 children were removed for insufficient remaining
volumes across runs. Overall, 83% ± 17% (range 28%–100%) of the
data were retained (Figure S8). To investigate the impact of interpola-
tion, the data were reprocessed both with and without this step. Fully
processed timeseries were often similar with and without interpolation
(Figure S9). However, in several instances where motion occurred,
reprocessing without interpolation yielded anomalous timeseries fea-
tures (Figure S9). These anomalies occurred because outlying values in
the censored timepoints were neither ameliorated by regression (be-
cause they did not contribute to regressor fits) nor were they replaced
by interpolation, and they could therefore spread large-amplitude arti-
factual signals into adjacent TRs during frequency filtering. We there-
fore only focus on data that are reprocessed including interpolation;
hereafter ‘reprocessed’ refers to data reprocessed with interpolation.

Other criteria could have been used to form temporal masks and
some differences with our previous report should bementioned. In par-
ticular, here we did not augment temporal masks (expanding them for-
ward and backward in time) because we are principally interested in
results usingGSR, which exhibited no impacts ofmotion on correlations
in TRs before or after motion (Fig. 8). Analyses done without GSR may
benefit from censoring several TRs after head movement (such aug-
mented masks are examined where appropriate below). The require-
ments for some number of contiguous volumes (Step 2) and a
minimum number of within-run volumes (Step 3) have no particular
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Evaluating reprocessed data for evidence of motion artifact
One way of assessing RSFC data for evidence of motion artifact is to

correlate a vector of summary QC values (e.g., mean FD or RMSmotion)
with vectors of outcome measures across subjects. This linear depen-
dence is what is removed by group-level corrections implemented by
linearly regressing summary QC measures out of outcome measures
across subjects (Satterthwaite et al., 2012, 2013; Van Dijk et al., 2012;
Yan et al., 2013).We refer to these correlations as QC-RSFC correlations.

QC-RSFC correlations across 120 adults are shown for several pro-
cessing strategies in Fig. 12, using mean FD as a summary QC measure.
In unscrubbed data prepared with GSR, short-distance correlations are
positively correlated withmean FD.With scrubbing, these relationships
are reduced, and with reprocessing, they are almost absent. Without
GSR, correlations at all distances are positively related to mean FD and
these relationships can be reduced but not eliminated by scrubbing
and reprocessing. Reprocessing datawith temporalmasks that also cen-
sored the 4 volumes subsequent to FD N 0.2 mm did not alter results
(data not shown).

Between-cohort differences can be reduced to chance levels by scrubbing
Another way to assess the efficacy of within-subject motion correc-

tion is to examine group differences under various processing strategies.
We have created 3 adult cohorts that differ bymean FD. Comparisons of
all groups yield significant group differences (Figure S5). We now ex-
amine the extent to which different processing strategies reduce these
group differences, which are in part, if not entirely, due to motion.

The observed numbers of adult groupdifferences under different pro-
cessing strategies are presented in Figs. 13 and S10. Null expectations
were established by 10,000 permutations of adult subject identity. In
general, scrubbing eliminated many group differences, and reprocessing
further reduced group differences.Without GSR, these steps reduced but
did not eliminate group differences. With GSR, reprocessing reduced
group differences to chance levels at most statistical thresholds (in 8 of
9 analyses, Figure S10).

These results indicate that within-subject corrections may be capa-
ble of adequately correcting for motion without a need for group level
correction. It is possible that other versions of censoring would
outperform the current approach. Indeed, since this is the first attempt
we have made at a comprehensive approach to censoring, it would be
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surprising if the approach could not be improved.We regard these anal-
yses more as proof-of-principle, and an adequate strategy, than as a
demonstration of a fully optimized processing strategy.

Some limitations of group-level correction
The present work has been motivated in part by a desire to avoid

some of the drawbacks of group-level regression. These drawbacks
were noted in the Introduction and are now made more explicit.

The chief drawbackof group-level regression is that itwill tend to re-
move effects that covary with a factor of interest if the factor of interest
covaries with motion (e.g., if a correlation indexes ADHD severity but
ADHD severity correlates with motion, group-level motion correction
can reduce or eliminate the diagnostic utility of that correlation).

In the current study, 3 adult cohorts have been formed by binning
subjects by mean FD. If we were to perform across-group regression of
mean FD in these cohorts, regression would tend to remove all group
differences, whether “real” (possibly motion-related endophenotypes)
or motion-related (since all correlations are influenced by motion,
Fig. 12). Fig. 14A illustrates this effect using modeled data. In all cases
group differences are eliminated by across-group regression, though
this was appropriate only in the top row. Therefore, in the current
data, across-group regression is of little help in selectively correcting
group differences due to motion.

Within-group regression may, in certain circumstances, recover
“real” group differences. For instance, in the model data of Fig. 14A,
“real” differences could be recovered at the intercept by within-group
regression. This is possible in the model data because we designed the
data and know that its properties allow successful group correction.
We examine below whether real data possess similar properties that
would enable successful within-group regression.

Within-group regression in the model data works because the
within-group rise of RSFC as a function of FD is linear and identical in
both groups (the QC-RSFC betas are identical). However, if the data
had been constructed such that the QC-RSFC betas differed between
groups, another analyst would be unable to determine whether the ob-
served difference in betas were due to 1) non-linearity in QC-RSFC
relationships across the QC range, 2) an interaction of some factor of in-
terest with the QC measure (e.g., if ADHD severity modulated correla-
tions but also covaried with FD, QC-RSFC slopes could differ between
controls and ADHD patients), or the fact that 3) since FD summarizes
several types of motion, cohorts that have similar FD values may differ
in the underlying types of motion and therefore exhibit different QC-
RSFC relationships. Importantly, even if the cohorts were well matched
for FD (unlike the model data or the 3 FD-binned adult cohorts of this
report), these concerns would still be relevant: the 2nd and 3rd con-
cerns could still cause differential betas in FD-matched groups, and
the 1st concern could undermine the accuracy of the calculated resid-
uals over any FD range if the QC-RSFC relationship is non-linear.

To assess whether within-group regression might be a promising
option for correcting motion-related influences in our real data, we ex-
amined whether FD-RSFC relationships were linear and similar in each
of the adult cohorts.We calculated QC-RSFC betas for all 34,719 correla-
tions across all 120 adults (black line), in each of the 3 40-subject FD-
binned adult cohorts used throughout this paper (red lines), and in 3
randomly-formed cohorts of 40 adults that have indistinguishable
means and ranges of mean FD (green lines). Fig. 14B plots these linear
fits for 3 randomly selected correlations and Fig. 14C shows the betas
found at 100 randomly selected correlations. The fits within subsets of
the FD range are considerably more variable than the fits found across
the entire FD range. Such variability could arise from noisy estimates
due to the truncated FD ranges represented in each adult cohort relative
to random subsets of the entire cohort, or it could reflect non-linearity
in QC-RSFC relationships.

We have viewed hundreds of these plots and in a non-trivial number
of cases it seems that QC-RSFC relationships are not just noisy but are
actually non-linear. For example, in themiddle plot in Fig. 14B, residuals
from the ‘all adult’ fit would be skewed negatively at low FD values and
then positively in middle FD values. Consistent with this impression,
across all 34,719 correlations, the relation between FD and observed
RSFC values tends to be strongest across lowmotion subjects andweak-
er across medium and high motion subjects. This is reflected in the beta
histograms of Fig. 14D, where the betas are right-shifted for the low-
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motion cohort relative to the other cohorts. This result suggests that in
many correlations we cannot assume a linear QC-RSFC relation across
the range of our QCmeasure. This finding calls into question the accura-
cy of the residuals obtained after regression across all subjects (the black
or green lines), and it also indicates that in real data, within-group re-
gression will obtain differential QC-RSFC betas in the adult cohorts
(red lines) and is therefore unlikely to produce the desired types of cor-
rections illustrated in Fig. 14A.

Discussion

Important points from Parts I and II were discussed at the close of
each section. This Discussion therefore focuses on the results of Part III
and the implications of the report as a whole.

On the use of group-level correction

If GSR (or some equivalently effective subject-level correction) is not
performed, some other technique is needed to control for motion-
related group differences. Group-level regression has been proposed
as a corrective measure (Satterthwaite et al., 2012; Van Dijk et al.,
2012; Yan et al., 2013). It is important to note that QC-RSFC betas differ
at different portions of the mean FD range. In the current data, this
nonlinearity would cause mean FD, for a given pairwise correlation, to
act differently as a regressor in the different adult cohorts, since the co-
horts occupied different portions of themean FD range. If within-group
regression is performed, it is therefore advisable to match cohorts not
only on mean QC values, but also on ranges of summary QC values in
order to (presumably) obtain homogeneity of regression slopes. Even
so, depending on the range of motion, although a linear fit may be
obtained, the underlying data may not actually be linearly dependent
on motion, and it is also possible that differential betas will still be
found even in well-matched groups (concerns 2 and 3 above).

On the implementation of censoring

Several groups have found a benefit of censoring high-motion data
(Power et al., 2012; Satterthwaite et al., 2013; Yan et al., 2013). This
benefit accrues because all nuisance regressions thus far examined
have failed to adequately model or remove motion-related variance.
Until improved motion correction strategies are devised, censoring
will be a useful tool for reducing or eliminatingmotion-related variance
in resting state timeseries.

It is important to recognize that someminimumamount of datamust
remain after censoring. The field accepts ~5 min of data as an adequate
starting point for RSFC analyses (Van Dijk et al., 2010). Accordingly, we
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required that 125 volumes (5.2 min) remain after censoring for inclusion
in our analyses. Because we started with several hundred volumes of
data in most subjects, this requirement was easily met, and we typically
had several hundred volumes of data remaining in our subjects even
after strict censoring strategies.

As noted in the Introduction, thedatasets included in this studywere
chosen for their ability to withstand such strict censoring strategies. In
this paper, few subjects were eliminated in any analysis because of
this selection bias. In other completed and ongoing studies we do elim-
inate subjects: in studies of normal adults, we eliminate perhaps 10% of
our subjects; in pediatric and clinical studies, the proportion can exceed
30%. This loss of subjects is regrettable but difficult to avoid if within-
subject correction is to be used. We have, over the last two years,
begun to collect more resting state data from each subject, in longer
runs, so that more subjects qualify for correction by censoring.

We do not advocate relaxing the quantity requirement much below
125 volumes (~5 min) in order to salvage subjects. Removing timepoints
increases the sampling error of estimated correlations. In the scrubbing
analyses, the addition of white noise by censoring is illustrated by the
random Δr analyses that yielded a Gaussian distribution of black points
centered on zero.

A related issue is how to deal with degrees of freedomwhen censor-
ing, since the number of timepoints contributing to outcome measures
typically differs across subjects after censoring. One way to address this
problem is to reduce all temporal masks to the same length (e.g., the
minimum length found across subjects in a study). We have found that
such ‘trimming’ of temporal masks can have an impact when techniques
such as multivariate pattern analysis are used to classify individuals that
differ in the amount of data available (unpublished observations). In
other group-level applications, such as mean seed maps or mean
pairwise correlations, especially when calculated over many subjects
and in datasets with many hundreds of post-scrubbing volumes in
most subjects, such ‘trimming’ appears to make little difference. For ex-
ample, reanalysis using trimming (to 126 volumes) made no difference
in the group difference results of Fig. 13 (data not shown). The additional
removal of volumes must be balanced against the degrees of freedom
available in a dataset and the degrees of freedom required by a process-
ing stream (which is influenced by autocorrelation, nuisance regression,
the presence and type of frequency filtering, etc.).

Another issue worth mentioning is the interaction of temporal dy-
namics with censoring. The detection and characterization of dynamic
states in resting state MRI are an increasingly examined topic (Chang
and Glover, 2010; Smith et al., 2012), and some objections to censoring
have been raised on the grounds that censoring might decrease contri-
butions to correlations from certain transient states that are associated
with motion. In a sense, this concern is valid: motion could be viewed
as a ‘state’ in which short-distance correlations are increased relative
to long-distance correlations. Our opinion, guided by data such as that
shown in Figs. 3–5 and the Supplemental Cohort Illustration, is that a
motion-associated state, if it exists, is not a state that can bemeaningful-
ly examined with fMRI.

On anticorrelations observed under different processing strategies

Different processing strategies yield different distributions of corre-
lations, changing the inferences investigators might draw about brain
organization. Fig. 15A presents the 264 × 264 mean correlation matri-
ces in each adult cohort (rows) under different processing strategies
without GSR (columns). Scanning down the first column, it is evident
that the low-motion cohort displays more negative correlations than
the medium-motion cohort, and similarly that the medium-motion co-
hort displays more negative correlations than the high-motion cohort.
This pattern is easily appreciated in histograms of cohort correlation
values (Fig. 15B). Fig. 15C shows that these negative correlations prom-
inently involve the posterior midline and angular gyrus, locations asso-
ciated with the default mode network. Scanning across the first row of
Fig. 15A, it is evident that more successful motion correction also pro-
duces leftward shifts in correlation distributions in the high-motion co-
hort, a shift shown in Fig. 15D. Thus, the presence or absence of negative
correlations in a dataset prepared without GSR depends, among other
things, on the extent of motion in the data, and the extent to which ef-
fects of motion are corrected.

Correlations observed with and without GSR are distinct quantities
that require different interpretations (since correlations after GSR are
effectively partial correlations, as discussed below). Correlations with
and without GSR are therefore not directly comparable in a statistical
sense. Nevertheless it is worth empirically noting that the strongest cor-
relations observed without GSR tend to also be the strongest correla-
tions observed with GSR, and that the most negative correlations
observed without GSR tend to be the most negative correlations ob-
served with GSR (Figs. 15E). Thus, an analysis based on matrices to
which a high threshold (such as examining the top 5% or 10% of correla-
tions) has been applied will likely yield similar results with or without
GSR, whereas an analysis based on the full correlation matrices may
yield less convergent results under different processing strategies.

On the benefits and drawbacks of global signal regression

From a perspective of eliminating artifactual variance, especially
motion-related variance, GSR is unquestionably powerful. However,
GSR is a contentious step in processing (Anderson et al., 2011; Murphy
et al., 2009; Saad et al., 2012). Investigators must therefore weigh the
benefits and drawbacks of GSRwhen deciding how to analyze their data.

Historically, the first objection to GSR was that it induces artifactual
anticorrelations (“creates anticorrelations where none exist”) (Murphy
et al., 2009). Recently, acquisition of RSFC and ECoG data in several pa-
tients has established that anticorrelations in the resting human brain
are of neural origin, and that GSR improves the correspondence be-
tween the anticorrelations seen with ECoG and those seen with RSFC
(GSR also improves the correspondence of positive correlations)
(Keller et al., 2013). Further, the present analyses show that RSFC
anticorrelations, obtained without GSR, are more evident in subjects
with less motion artifact. Thus, the complete or relative absence of
anticorrelations may relate to the extent of artifact in a dataset. That
the brain exhibits true anticorrelations seems to be well established at
this point.

Regardless of the presence of ‘true’ anticorrelations, it is also true
that global signal regression imposes a substantial negative bias on
computed correlations because correlations must be approximately
zero-centered (Fox et al., 2009). When such biases arise by removing
shared artifact or truly shared neuronal variance, GSR increases the
specificity of correlations in the residual data. As this paper has
shown, much globally shared variance is indeed artifactual. Further,
Scholvinck and colleagues have found electrophysiological evidence
for widely shared neural activity at rest in non-human primates
(Schölvinck et al., 2010). To the extent that global signal regression
removes artifact and truly shared neural variance, it can be an appropri-
ate and helpful step in processing.

However, it has been pointed out that bias introduced by GSR can
cloud interpretation of group differences in RSFC because the global sig-
nal is composed of an average of signals throughout the brain. This argu-
ment has been made in 2 forms: first, that distortion occurs within a
subject or cohort simply by regressing the global signal (Murphy et al.,
2009), and second, that differential distortion occurs in different cohorts
if the underlying networks are differentially composed (Saad et al.,
2012).

These arguments are mathematically sound, but the effect size de-
pends on the dimensionality of the data. That global signal regression
‘distorts’ relationships is very evident in small systems with few inde-
pendent signals (e.g., a 3 signal system such as that used in (Saad et al.,
2012)). However, distortion effects diminish rapidly in systems with in-
creasing numbers of independent signals. Additionally, as (shared)
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artifactual signal increases relative to real signals, such distorting effects
also diminish (Chen et al., 2012).

It is difficult know the number, relative strength, and spatial distri-
bution of the signals present in the brain tissues that comprise the global
signal. Studies examining resting state fMRI signal dimensionality sug-
gest that at least a few dozen distinct signals may be present (Cordes
and Nandy, 2006), and several groups have reported that resting state
signal can be broken into 1–2 dozenmajor components or communities
that correspond to task-associated groups of brain regions (Power et al.,
2011; Smith et al., 2009; Yeo et al., 2011). The size of real signals in re-
lation to artifactual signals is not easy to determine and will vary by
dataset. Our analyses indicate that artifactual signals can often be
quite large relative to real signals (Figs. 3–6 and Supplemental Cohort Il-
lustration). Simulations that capture the dimensionality of actual data
and the magnitude of artifactual signal in relation to real signal will
best inform the debate over the use of GSR.

In our studies ofmotion effects in resting state data, two empirical ob-
servations are noteworthy in relation to the concern raised by Saad and
colleagues (that differential composition of global signalmay induce spu-
rious group differences). The first is that this concern can be addressed
empirically: one can compare global signal composition (between
groups, subjects, scans, etc.) by examining the spatial beta maps arising
from global signal regression (Power et al., 2013) (or, similarly, maps of
correlations of the global signal to voxel timeseries, as in (Gotts et al.,
2012)). When interpreting the results of this approach, it is important
to remember that the global signal is a combination of artifactual and
neural sources, and that the balance of these sourceswill impact observed
differences in global signal composition. For example, when the global
signal composition in children and adults are compared using t-tests of
global signal regression betamapswithout censoring, prominent and sig-
nificant group differences are found (Figure 1C of (Power et al., 2013)).
However, when even lenient censoring (FD N 0.5 mm) is used to remove
motion-contaminated data from global signal regression beta calculation,
such group differences are markedly reduced (Figure 1D of (Power et al.,
2013)). These results indicate that pre-censoring differences in global sig-
nal composition do not necessarily reflect differences in the underlying
distribution of neural signals, but instead may at least partially be due
to different amounts of motion artifact in the data contributing to the
global signal.

The second empirical observation is that, on the argument that dif-
ferential global signal composition and regression induces spurious
post-GSR group differences, one might expect that adult group differ-
ences observed with GSR would exceed group differences observed
without GSR. Instead, the opposite effect is observed: with or without
censoring, processing with GSR reduces the number of observed group
differences seen between adult cohorts by almost 2 orders ofmagnitude
compared to processingwithout GSR (Figs. 9 and 13). These results sug-
gest that removal of spurious differences related to motion artifact far
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outweighs spurious post-GSR distortions related to differential network
composition. This result is consistent with the recent report by Tyszka
and colleagues, wherein control versus autistic group differences were
much smaller than motion-related effects within the same subjects
(Tyszka et al., 2013).

Investigators considering global signal regression therefore face a
choice. This paper has shown empirically that GSR is highly effective
in removing artifactual variance in RSFC data (Fig. 7), that adequate
subject-level motion artifact correction can be implemented with GSR
in combination with censoring (Fig. 12), and that motion-related
group differences are 1–2 orders of magnitude less with GSR than with-
outGSR (Fig. 13). Recently published evidence shows thatGSR increases
the resemblance of RSFC correlations to electrophysiological measures
(Keller et al., 2013). Balanced against these benefits are the possible dis-
tortions within networks and across groups highlighted by Murphy
et al. and Saad et al. Our discussion confirms these concerns but empha-
sizes that the relevance of these concerns to actual data is incompletely
established. On the whole, and certainly until other adequate methods
of artifact removal are developed, we find the empirical benefits to out-
weigh the theoretical costs of GSR.
On detecting the influence of motion

This paper has used several approaches to quantify the influence of
motion on BOLD signal and RSFC correlations. We wish to outline con-
ceptually what, in our opinion, does and does not establish that a
dataset is free of artifactual influences related to motion.

Scrubbing analyses are useful because they can be applied at the in-
dividual or the group level, and because they effectively characterize
motion-contaminated data. However, a censoring analysis that finds
no distance-dependent artifact does not necessarily establish an ab-
sence of distance-dependent artifact. Suppose, for instance, thatmotion
with FD N 0.2 mm corrupts data with a distance-dependent artifact. If
data with FD N 0.5 mm are replaced (by interpolation, by a mean
value, etc.) and then a scrubbing analysis is performedwith a threshold
of FD N 0.5 mm, no distance-dependencewill be found. This result does
not actually demonstrate that the data are free of artifact. If the scrub-
bing threshold were lowered to FD N 0.4 or FD N 0.2 mm, distance-
dependent artifact would be found. If the threshold were excessively
lowered into the range of normal data (e.g., FD N 0.1 mm), datawithout
motion artifact would also be censored, diluting the characterization of
the artifact-laden data. The central point is that outlying data (to be cen-
sored) must be sensibly defined for the scrubbing analyses to be useful.
Table 2
Summary of processing recommendations.

Why we do it

Censoring • Eliminates the influence of corrupted data
• Conceptually and empirically most effectiv
implemented throughout a processing stre

• Reduces dependence of correlations on mo
Interpolation • Reduces amplitude of artifactual signal spr

TRs during frequency filtering

Regression: global signal • Strongly reduces dependence of correlation
Most effective at medium to long distan
Positive relationships remain at short d
can be suppressed by censoring and int

• Eliminates post-motion influences on corre
Otherwise ~ 10 s post-motion influence

• Reduces shared non-motion artifact
Otherwise need some other type of arti

• Increases RSFC correspondence to ECoG
Regression: white matter, CSF • Modestly helpful at reducing artifact
Regression: motion estimates • Modestly helpful at reducint artifact

• 24-parameter Volterra expansion increasin
Superior to our old 12-parameter regre
Because censoring analyses are threshold-dependent and can be
performed in ways that miss motion artifact, examination of QC-RSFC
correlations is an important part of evaluating a dataset for influences
of motion. These analyses can only be employed across multiple scans
or subjects, but their virtue is that no binarizing threshold is needed.
For instance, in the example above, the scrubbing analysis using a
threshold of FD N 0.5 mm might show no distance-dependence, but
QC-RSFC correlations examined in the same dataset would reveal a
distance-dependent effect. Even if a scrubbing threshold were sensibly
defined (e.g., FD N 0.2 mm in the present data), QC-RSFC correlations
might reveal influences of smaller movements that are not practically
addressable or detectable by censoring analyses. It is for this reason
that we focus on both scrubbing and QC-RSFC correlation analyses in
the present manuscript.

One other important consideration relates to the selection of QC
measures for defining scrubbing or QC-RSFC correlation analyses. DV,
since it is based on BOLD signal intensity, will differ across datasets
and processing strategies, and can be influenced by blurring kernel
size, frequency filter characteristics, sequence characteristics, etc. DV
values may therefore not be comparable across datasets. FD measures
(and other measures of absolute or relative displacement), on the face
of it, seem like they should be comparable across datasets. However,
our experience with Human Connectome Project (HCP) data (see
(Smith et al., 2013) for a description of the data) has altered this as-
sumption. In contrast to the present data (acquired with TRs of 2.2–
2.5 s), the HCP data are acquired with TRs of a few hundred millisec-
onds. This shorter TR has the effect of dividing large movements into
several smaller movements, while simultaneously sampling effects
like head bobbing due to cardiac pulsations or respiration much more
frequently. The net effect is that, in the HCP data, DV traces exhibit
signal-to-noise ratios that are useful for identifying outlying datapoints,
while FD traces are noisier and less useful in identifying outlying
timepoints (unpublished observations). We raise these points to em-
phasize that choosing an appropriate QC measure and utilizing it effec-
tively requires attention to an individual dataset; simply taking a
threshold or a QC measure from the literature without assessing its
characteristics in the data at handmay result in uninformative analyses.
Overall summary

This paper aimed to expand knowledge about motion artifact in sev-
eral ways. It illustrated the diversity of signal changes that motion
produces and pointed out some reasons why current subject-level
Possible drawbacks

e when
am
tion

• Loss of data and possibly subjects
• Unequal degrees of freedom across subjects

But can trim to equal size

ead into adjacent • Replacement data has synthetic characteristics
Better than original characteristics
But should probably not be treated as if it were
original data (which is why we re-censor it)

s on motion
ces
istances, which
erpolation
lations
s

fact removal

• Removal of shared neural signal
• If composed of few signals

Distorted correlation structure
Possible misattributed group differences

gly used
ssion

• Even large expansions (36 parameters) are
insufficient to remove motion artifact

• 12 degrees of freedom lost per order of expansion
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regressions inadequately capturemotion-related variance. It placed tem-
poral limits on the ability of motion to impact RSFC correlations. It
showed that data improvements are partially cosmetic in terms of QC
values and proposedmethods to link QCmeasures to significant changes
in RSFC correlations. It proposed awithin-subject correction strategy that
greatly reduces motion-related variance, and showed some conditions
under which group-level correction is or is not necessary, or effective.
Our current practices and recommendations are outlined in Table 2.

Limitations and future directions

The options for processing resting state data are numerous.We have
partially explored some parameter spaces corresponding to a subset of
possibilities for data processing. Other possibilities remain to be ex-
plored. A further limitation of this work is that only data acquired
using a single sequence were examined. Other sequences may display
different characteristics with regard to the magnitude, variety, and du-
ration of motion-related effects. An additional limitation is that only a
single set of criteria was examined for forming temporal masks for
reprocessing. It is possible that simple changes to our criteria might
yield easily obtainable improvements in control of motion artifact. An-
other limitation is that only ‘functional connectivity processing’was ex-
amined. It is possible that modifications earlier in the processing stream
would be more desirable, such as performing interpolation procedures
prior to slice-timing correction.

Post-hoc artifact reduction in resting state BOLD data is challenging.
With advances such as short-TE or multi-band sequences (Bright and
Murphy, 2013; Feinberg et al., 2010), future datasets will hopefully con-
tainwithin themselves powerfulmeans of artifact avoidance and remov-
al. Newer ICA-based techniques may prove successful in identifying and
removing artifactual influences. Novel treatments of realignment esti-
mates may also prove more useful than current realignment-based cor-
rections. We believe, however, that effective means for retrospective
correction of motion-related artifact are already available.
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