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Abstract: The analysis of functional connectivity in fMRI can be severely affected by cardiac and respi-
ratory fluctuations. While some of these artifactual signal changes can be reduced by physiological
noise correction routines, signal fluctuations induced by slower breath-to-breath changes in the depth
and rate of breathing are typically not removed. These slower respiration-induced signal changes occur
at low frequencies and spatial locations similar to the fluctuations used to infer functional connectivity,
and have been shown to significantly affect seed-ROI or seed-voxel based functional connectivity anal-
ysis, particularly in the default mode network. In this study, we investigate the effect of respiration
variations on functional connectivity maps derived from independent component analysis (ICA) of
resting-state data. Regions of the default mode network were identified by deactivations during a lexi-
cal decision task. Variations in respiration were measured independently and correlated with the MRI
time series data. ICA appears to separate the default mode network and the respiration-related changes
in most cases. In some cases, however, the component automatically identified as the default mode net-
work was the same as the component identified as respiration-related. Furthermore, in most cases the
time series associated with the default mode network component was still significantly correlated with
changes in respiration volume per time, suggesting that current methods of ICA may not completely
separate respiration from the default mode network. An independent measure of the respiration pro-
vides valuable information to help distinguish the default mode network from respiration-related sig-
nal changes, and to assess the degree of residual respiration related effects. Hum Brain Mapp 29:740—
750, 2008.  ©2008 Wiley-Liss, Inc.
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INTRODUCTION activation of particular brain areas, but also the correlation
of time series fluctuations between brain regions. These
studies are motivated by the observation that low fre-
quency (<0.1 Hz) fluctuations in the MR signal intensity
time series, which can occur either on top of task-induced
signal modulations or in the absence of an external stimu-
lus or explicit task, are often correlated between function-

ally related areas [Biswal et al., 1995; Cordes et al., 2000;

A growing number of functional MRI (fMRI) studies are
investigating not only the increase in fMRI signal with
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Fox et al., 2007; Lowe et al., 1998; Rogers et al., 2007]. The
general hypothesis is that these correlated fluctuations
reflect synchronized variations in the neuronal activity of a
network of regions. fMRI could therefore provide a win-
dow into the interaction, or connection, between brain
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areas. The study of these networks by analyzing the coher-
ent signal fluctuations has therefore become known as
“functional connectivity” analysis.

The correlation between low frequency fluctuations in
fMRI time series at rest (often referred to as a “resting state
network,” or “RSN”) was first studied by Biswal et al. in
the motor cortex [Biswal et al., 1995]. Subsequent studies
have identified several consistent and distinct resting state
networks, including motor, auditory, visual, and attention
networks [Damoiseaux et al.,, 2006; De Luca et al.,, 2006].
Correlated fluctuations were also found between regions of
the “default mode network”—a set of brain areas that con-
sistently deactivate during a wide range of cognitive tasks
[Greicius et al., 2003]. This supports the view that the brain
at rest consists of a number of sporadically active and
synchronized networks. Recent studies have also shown
that the correlations within these resting-state networks,
particularly the default mode network, can be altered in
various neurological disorders, including schizophrenia
[Garrity et al., 2007], Alzheimers’ disease (Greicius et al.,
2004b), ADHD [Sonuga-Barke et al., 2007], and autism
[Cherkassky et al., 2006; Just et al., 2004, 2007; Muller, 2007].

The main challenge in analyses of functional connectiv-
ity is separating the neuronal-induced blood oxygenation
level dependent (BOLD) fMRI signal changes from the
many other sources of noise. For example, the heart beat
and respiration can cause significant and correlated signal
changes within and near large blood vessels and to a cer-
tain extent throughout gray matter [Biswal et al., 1996;
Dagli et al., 1999; Lund et al., 2006]. These can be aliased
to low frequencies at the typical imaging repetition times
(TRs) of 1-2 s. Filtering out high frequencies (low-pass fil-
tering) will therefore not remove all of this physiological
noise [Bhattacharyya et al., 2004; Biswal et al., 1996]. Even
at shorter TRs (e.g. 200400 ms), the harmonics of the car-
diac pulsations can alias into low temporal frequencies.
Subject motion can also lead to coherent signal fluctua-
tions, particularly at the edges of the brain or in areas of
large spatial contrasts in signal intensity. Since these non-
neuronal mechanisms are some of the largest sources of
structured noise in resting MR data, reducing their influ-
ence is crucial for studies of functional connectivity.

Several methods have been developed to reduce cardiac-
and respiration-induced signal fluctuations. Most of these
require a separate measurement of the breathing and heart
beat [Glover et al., 2000; Hu et al., 1995; Josephs et al,,
1997]. A commonly used method, RETROICOR, for exam-
ple, fits a low-order Fourier series to the imaging data
based on the phase of the cardiac and respiratory cycle at
the time of each acquisition. A few methods have been
developed to reduce cardiac- and respiratory-induced
noise when these physiological signals have not been inde-
pendently measured. Some of these require a fast sampling
rate [Chuang et al., 2001], while others rely on the consist-
ent spatial pattern of signal changes induced by the heart
beat and the breathing motion [Beall et al., 2007; Perlbarg
et al., 2007]

More recent studies have shown that slower breath-to-
breath changes in respiration depth and rate can signifi-
cantly affect the fMRI signal (Birn et al., 2006; Wise et al.,
2004). These signal changes are believed to be caused in
part by respiration-induced changes in arterial CO,, a
potent vasodilator. Natural variations in breathing during
rest typically occur at frequencies of around 0.03 Hz (a
cycle roughly every 30 s), overlapping with the low fre-
quencies studied in functional connectivity. The resulting
induced MR signal changes occur in and near large ves-
sels, and in brain areas with a high resting blood volume,
which overlap with many areas of the default mode net-
work. The fluctuations are not removed by typical physio-
logical noise correction routines, which focus on fluctua-
tions at the primary cardiac and respiratory frequencies,
and their harmonics. Because of this overlap in both fre-
quency and spatial location, slow changes in respiration
depth and rate were found in a previous study to signifi-
cantly affect resting-state functional connectivity analysis
of the default mode network [Birn et al., 2006].

The earlier study of the impact of respiration variations
on the default mode network by Birn et al. investigated
the functional connectivity to a seed region located in the
posterior cingulate [Birn et al., 2006]. This technique is a
common approach to compute functional connectivity, in
which a particular voxel or region is chosen as a “seed”
and the correlation of the seed with the rest of the brain is
calculated. The advantage of this method is that the inter-
pretation is relatively straightforward—the resulting map
shows all of the brain areas that have similar temporal
fluctuations as compared to seed region. However, non-
neuronal fluctuations in the seed region, such as those
induced by respiration, can lead to false correlations and
connectivity maps that represent similar physiological
noise rather than correlated neuronal fluctuations. An al-
ternative measurement that is now being used more fre-
quently to study functional connectivity is independent
component analysis, or ICA [Calhoun et al.,, 2005; Kivi-
niemi et al, 2003; McKeown and Sejnowski, 1998;
McKeown et al., 1998, 2003]. With ICA, statistically inde-
pendent spatial maps and their associated time courses are
extracted from the data. One advantage of this method is
that a temporal model of activation is not needed. ICA is
therefore a useful tool in resting-state studies where the
task is unconstrained. The primary disadvantage of ICA is
that it is often difficult to know whether a component rep-
resents true underlying neuronal activation or an artifact.

The goal of this study is to determine the effect of the
relatively slow breath-to-breath changes in respiration
depth and rate on functional connectivity maps derived
from previously published, and commonly used, resting
state ICA methods. Since these respiration-induced fluctua-
tions occur at similar low frequencies and in similar brain
regions as the default mode network, we hypothesize that
the ICA component typically identified as representing the
“default mode network” will have a significant contribu-
tion from and correlation with respiration variations.
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METHODS

To test our hypothesis and investigate the effect of respi-
ration changes on functional connectivity maps derived
from ICA, we performed ICA on resting-state data from 10
subjects (9 Female, 30.2 = 8.1 years old). The data were
taken from a previous study in which a seed-ROI func-
tional connectivity approach demonstrated significant
overlap between respiration-induced signal changes and
the default mode network [Birn et al., 2006].

Experimental Parameters

Ten normal, healthy, right-handed volunteers were
scanned under an Institutional Review Board (IRB)
approved protocol after obtaining informed consent. Time
series of T2*weighted echo-planar MR images were
acquired on a 3 T General Electric (GE) Signa MRI scanner
(Waukesha, WI) using an 8-channel GE receive coil with
whole body RF excitation. Whole brain coverage was
achieved using 27-28 sagittal 5 mm thick slices. (TR: 2000
ms, TE: 30 ms, flip angle: 90°, FOV: 24 cm, slice thickness: 5
mm, matrix: 64 X 64, 165 image volumes per time series).

Tasks

Each subject performed two types of experimental runs:
(1) resting with their eyes closed, and (2) a lexical decision
making task. In the lexical task, subjects were presented
with either real words or non-words (e.g. “GREST”), and
were asked to indicate by a button press whether the word
was real or not. Words and non-words were presented in a
blocked design (30 s task blocks alternated with 30 s rest
periods). In each task block, words and non-words were
presented in random order once every 2 s. Five task blocks
were presented in each run, for a total imaging time of 330
s per run. Resting runs were also 330 s in duration. A total
of two lexical task runs and two resting runs were per-
formed in eight subjects. Two subjects completed only one
of the resting runs, in addition to the two task runs.

Physiological Data

Subjects” heart beats were recorded using a pulse-oxime-
ter placed on the left index finger. These pulse-oximeter
waveforms were used to determine the phase of the car-
diac cycle in which each MR images was acquired. To
reduce errors in this measurement, subjects were
instructed to refrain from moving their finger during the
scan. Respiration was measured with a pneumatic belt
positioned at the level of the abdomen. The signal from
this belt was determined to be linearly related to the
expansion of the belt. The cardiac and respiratory mea-
surement devices are supplied by the scanner manufac-
turer (GE Medical Systems, Waukesha, WI), are integrated
into the MR scanner, and synchronized to the image acqui-
sition. Physiological waveforms are sampled every 25 ms,
and recorded to a text file. While a more direct measure-

ment of end-tidal CO, using a capnograph may provide a
better correlation with MR signal changes induced by var-
iations in respiration depth or rate, the respiration belt is
easy to apply and is intergrated into the scanner. Cardiac
and respiratory measurements were visually inspected for
errors, such as spurious noise or failure of the recordings.
An estimate of the respiration volume per unit time
(RVT) was obtained as described in [Birn et al., 2006]. The
maxima and minima for each breath were determined from
the respiration belt measurement. The series of maxima and
minima were then each interpolated to the time of each
image volume acquisition (i.e. even intervals of the repeti-
tion time, TR). The respiration period was determined by
subtracting the time between successive maxima, and again
this series of respiration periods was interpolated to the
imaging TR. The time series of RVT changes was then com-
puted by subtracting the minima from the maxima and
dividing by the period for each imaging time point.

Data Analysis

Data were preprocessed using AFNI [Cox, 1996]. Recon-
structed images were first corrected for motion using a
rigid-body volume registration. Physiological noise correc-
tion was then performed using the RETROICOR technique
[Glover et al., 2000]. This correction regresses out signal
fluctuations time-locked with the phase of the cardiac and
respiratory cycles, and reduces the signal oscillations at
the primary cardiac and respiratory frequencies (~1.1 Hz
and ~0.3 Hz, respectively), as well as their first harmonics,
even when these frequencies are aliased. Motion parame-
ters were also included in this regression step. Resting
runs were then low-pass filtered at a cutoff of 0.1 Hz.

Activations and deactivations to the lexical task were
determined by linear regression analysis. In this analysis,
the task-induced response was modeled by the task timing
convolved with a Gamma-variate hemodynamic response
function (irf(t) = kt'e”*/* where k is a scaling factor, r =
8.6, and b = 0.547 [Cohen, 1997]). Both task runs were con-
catenated, and motion parameters estimated from the
image registration were included as additional nuisance
regressors. Groups maps of activations and deactivations
we obtained by converting the t-statistics of the regression
analysis to Z-scores, transforming these to Talairach coor-
dinates, and averaging the Z-scores across subjects.

MR signal changes induced by variations in the respira-
tion volume per unit time during the resting runs were
estimated by linear regression analysis, with the RVT time
course as the ideal regressor. Since the signal changes
induced by variations in RVT exhibit a latency spread
across voxels, the latency of the ideal regressor was
allowed to vary for each voxel. This was accomplished by
repeating the regression analysis 51 times (for shifts from
—10 to 40 s in 1 s increments) and choosing for each voxel
the latency that gave the best fit. Since periods of deeper
breathing (larger RVT) generally result in decreased blood
flow, and hence a decreased fMRI signal, the best negative
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fit with the shifted RVT was chosen in each voxel. The
amount of breathing variation was computed in each sub-
ject by dividing the standard deviation of the RVT by the
mean RVT.

Independent component analysis of the resting runs
were performed using the MELODIC program from the
FMRIB Software Library (FSL) (www.fmrib.ox.ac.uk/fsl)
[Beckmann et al., 2004]. The data were de-meaned, the var-
iance normalized voxel-wise and whitened. The number of
components (N) was estimated using the Laplace approxi-
mation to the Bayesian evidence of the model order
[Minka, 2000]. The data were decomposed into a set of N
time-courses and spatial maps by thresholding at the
standard P-value of 0.5. To enable across-subject compari-
sons, the components were transformed into Talairach
space onto a 2 X 2 X 2 mm?® grid.

Identification of Components

Components from the ICA analysis that likely represent
either artifact or one of the resting state networks were first
determined by visually inspecting all of the components.
Following this, a more impartial measure of identifying spe-
cific components was used. Components that represent
default mode network activity were determined more objec-
tively in two ways: (1) spatially correlating each component
with a mask derived from the deactivations for that particu-
lar subject (Individual-DMN), and (2) spatially correlating
each component with a mask derived from the deactiva-
tions based on the group data from all 10 subjects (Group-
DMN). These masks were obtained by thresholding the
deactivations at a t-statistic of 4.8 (Bonferroni corrected P <
0.01) for the individual subject data and a Z-score of 2.0 for
the group data. The component with the highest correlation
to the deactivation map was taken as the component most
likely to represent the “default mode network” resting-state
correlations. ICA components that reflect signal changes
induced by variations in the respiration were determined
objectively in three ways: spatially correlating each com-
ponent with a mask derived from regions that show a sig-
nificant fit to the RVT time-course from either (1) the indi-
vidual subject (Individual-RVT) or (2) the group data
(Group-RVT); and (3) Computing the peak (minimum) of
the correlation function between the time course associated
with each component and the RVT time course (1D-RVT).
This correlation function was determined by correlating the
component time course and the RVT time course at 51 dif-
ferent time lags, from —10 to +40 s.

RESULTS

Identification of the Default Mode Network
Using the Lexical Task

The lexical task resulted in consistent activations and
deactivations in each subject. Activations were found pri-
marily in the left and right precentral gyrus, middle occipi-

tal gyrus, fusiform gyrus, and inferior frontal gyrus. Deac-
tivations were observed in the anterior cingulate, medial
prefrontal cortex, posterior cingulate, precuneus, and the
superior occipital gyrus (see Fig. la). These deactivation
occur in regions typically shown to be part of the default
mode network [Greicius et al., 2003; Raichle et al., 2001].

Respiration-Induced Signal Changes

Robust respiration measurements were obtained in all of
the resting runs. The respiration volume per time, reflect-
ing breath-to-breath changes in the depth and rate of
breathing, varied on average by approximately 28.1% *
11.8% in each subject. This value reflects the average
standard deviation of the RVT measure across time; the
error (*) is computed across subjects. This resulted in sig-
nificant MR signal changes in the precuneus, cuneus, bilat-
eral superior temporal gyrus, fusiform gyrus, and occipital
cortex (see Fig. 1c). The changes in RVT occurred at a peak
frequency of ~0.03 Hz.

Functional Connectivity Analyses

As previously published, a seed-ROI based analysis of
functional connectivity, using the region of deactivation in
the posterior cingulate as the seed, found a significant
overlap between the resulting functional connectivity map
and the respiration-induced signal changes (Birn et al.,
2006). This functional connectivity map contained the
regions classically identified as the default mode network
(the posterior cingulate, anterior cingulate, prefrontal
regions, and inferior parietal areas), in addition to more
widespread regions of the occipital cortex, cuneus, precu-
neus, superior temporal gyrus, and fusiform gyrus (see
Fig. 1e,f). Many of these additional regions were not found
to deactivate during the lexical task.

The independent component analysis identified between
17 and 36 components in each resting run.

Identification of ICA Components

The purpose of this study was to evaluate whether ICA
can separate the DMN from respiration-related (RVT)
changes on an individual subject basis. Rather than pre-
senting all of the relevant components from each of the
subjects (a very large number of images to show in a Fig-
ure), we will instead provide a summary of ability of ICA
to separate these two components, and show examples of
cases where the separation worked, and where it failed.

Upon visual inspection, ICA appeared to separate the
default mode network from RVT-related changes in almost
every resting run (see Fig. 2 for an example from one sub-
ject). In several (10 of 18) cases, however, the default mode
network component was difficult to identify clearly, as
there appeared to be several likely candidates none of
which perfectly matched the typical default mode network
pattern (i.e. the deactivations identified from the group
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Activations and Deactivations

Signal changes correlated w/ RVT

Figure I.

(a) Activations (orange and yellow regions) and deactivations
(blue regions) during the lexical task, from group data of 10 sub-
jects (I8 resting runs). Areas of deactivation correspond to
regions frequently identified as the default mode network.
(b) Signal changes significantly correlated with variations in the
respiration volume per unit time (RVT), averaged over |0 sub-
jects. (c) Mask derived from the deactivations. (d) Mask derived

data). RVT-related changes, characterized by a large poste-
rior region of signal change (Fig. 2b), were more clearly
identifiable (in 16 of 18 runs), appearing in one and occa-
sionally two components. The frequency spectrum of the
resting state default mode network and the RVT related
changes appeared fairly similar, with both components
showing peaks primarily below 0.05 Hz (Fig. 2e,f).

The more objective determinations of the default mode
network and the respiration related components were gen-
erally consistent with the visual identification of compo-
nents. In 14 of 18 runs, the component with the highest
correlation to the individual-DMN mask (ie. the compo-
nent automatically identified as the “default mode network”
in that subject) was different than the three components
most correlated, either spatially or temporally, with the
RVT (Fig. 2). In the remaining four cases, the component
most correlated with the Individual-DMN mask was the
same as the component most correlated with the respira-
tion-induced changes (the Individual-Resp mask) (Fig. 3d).

In some cases the failure to correctly identify the default
mode network using the Individual-DMN mask is due to
a poor deactivation of that subject during the lexical task.
In these subjects, only a few voxels primarily located near
large vessels, such as the sagittal sinus, showed a robust

from significant RVT-related changes. (e,f) results of the seed-ROI
based functional connectivity analysis. Colored regions indicate the
voxels significantly correlated with the resting signal intensity time
course averaged over the seed ROI. This seed ROl was defined
by the areas showing a significant deactivation in the posterior cin-
gulate during the lexical task. (€) maps at the same locations as
figure a,c; (f) maps at the same locations as in Figures b,d.

deactivation. In three subjects, using masks based on the
group deactivation (Group-DMN) instead identified a dif-
ferent component, which was more consistent with the vis-
ual identification of the default mode network, and which
did not coincide with the components most correlated
with respiration induced changes (Fig. 3c,d). However, in
two other runs, the component identified as the default
mode network using the group mask (Group-DMN) now
coincided with the component most significantly correlated
with respiration (Fig. 3a,b). In summary, in 3 of 18 runs,
the automatically identified DMN component using the
group masks coincided with the automatically identified
RVT component.

Using the ICA component with the highest correlation
to the deactivation maps created from either the individual
subject or group maps to identify the default mode net-
work is not a completely reliable method of automatic
identification. In many cases, there were several ICA com-
ponents with a similar correlation to the DMN mask. The
component with the second or third highest correlation to
this ideal mask was often the same as the component most
correlated with respiration. In fact, in only one subject
(two runs) were the three components most correlated
with the DMN mask not among the three components
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Figure 2.

Two components identified by ICA in one subject. (a) The Indi- jects. (c,d) Signal intensity time courses associated with each
vidual-DMN and Group-DMN masks were most highly correlated component. (e,f) Power spectrum of the signal intensity time
with the first component (Component A). (b) The Individual-RVT  courses shown in c,d. Both default mode network and respira-
and Group-RVT masks were most highly correlated with the sec- tion-related components have most of their power at low fre-
ond component (Component B). This separation between DMN  quencies (<0.05 Hz).

and RVT related components was observed in most (14/18) sub-

Component A

Subject 7
{run 2)

Most significantly correlated w/

Most significantly correlated w/
Group-DMN Group-RVT Indiv-RVT

Indiv-DMN

Component A Component B

Subject 4
(run 2)

Most significantly correlated w/
Indiv-DMN Group-RVT Indiv-RVT

Most significantly correlated w/ ‘

Group-DMN

Figure 3.
Examples of ICA components from two subjects where either the Individual (a) or the Group
(b) DMN mask was most highly correlated with a component that was also most highly corre-
lated with both the Individual-RVT and Group-RVT masks. In these subjects, the automatic

method of identifying the DMN instead chose a component that reflected respiration-related
changes.
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Component A

Subject 1
(run 2)

Subject 2
(run 2)

Subject 6
{run 2)

Indiv-DMN

Most significantly correlated w/

Component B

Most significantly correlated w/
Group-DMN

Figure 4.
Examples from three subjects where the Individual-DMN and the Group-DMN masks were cor-
related with different components. Each component has a pattern similar to the typical default

mode network seen in the literature.

most correlated with the RVT. Additionally, in some cases
there were multiple components that were visually similar
to the expected default mode network, one of which was
more highly correlated with the Individual-DMN mask, and
another that was more highly correlated with the Group-
DMN mask (see Fig. 4).

Finally, we looked at the temporal correlation between
the RVT time course (within a range of latencies) and the
time series associated with the various automatically iden-
tified components (see Table I). The average correlation
coefficients were —0.51 * 0.14 for the component most cor-
related with the Individual-RVT mask, and slightly lower,
at —0.42 = 0.23, for the Group-RVT mask. Correlations
with the automatically identified default mode network
components were also relatively high for some of the runs,
with an average correlation coefficient of —0.26 = 0.12 for
the component most correlated with the Individual-DMN
mask, and —0.25 * 0.15 for the Group-DMN mask.

DISCUSSION

Previous studies have shown that the MRI signal
changes induced by breath-to-breath changes in respiration
depth and rate at rest occur at low temporal frequencies
(<0.1 Hz), similar to the low frequency fluctuations pre-
sumed to reflect spontaneous neuronal activity, and at spa-
tial locations that overlap with the default mode network
[Birn et al., 2006; Wise et al., 2004]. On the basis of this, we
hypothesized that ICA of resting data would have diffi-
culty separating the default mode network activity from

TABLE I. Correlation coefficients between the
respiration volume per time (RVT) time course
obtained from the subject’s respiration, and the time
series associated with the component most correlated
with various spatial masks—Individual-RVT,
Group-RVT, Individual-DMN, and Group-DMN

Indiv-RVT Group-RVT Indiv-DMN Group-DMN

Subj 1, run 1 —-0.41 -0.25 —0.08 —0.08
Subj 1, run 2 -0.19 0.28 0.19 0.25
Subj 2, run 1 —0.52 —0.52 —0.44 —0.44
Subj 2, run 2 —0.66 —0.64 -0.32 —0.51
Subj 3, run 1 —0.59 —-0.59 -0.07 -0.07
Subj 4, run 1 —0.55 —0.49 —0.55 —0.55
Subj 4, run 2 —0.62 —0.62 —0.62 —0.37
Subj 5, run 1 —0.46 —0.55 —-0.36 —0.36
Subj 5, run 2 —-0.57 -0.26 -0.16 -0.16
Subj 6, run 1 —0.50 —0.50 -0.23 -0.23
Subj 6, run 2 —0.68 —0.68 —0.34 -0.22
Subj 7, run 1 -0.37 —-0.37 —0.28 -0.37
Subj 7, run 2 -0.37 —-0.37 —-0.12 -0.37
Subj 8, run 1 —0.63 —0.54 —0.31 —0.18
Subj 9, run 1 -0.59 —0.59 —0.59 0.02
Subj 9, run 2 —0.28 -0.17 —0.38 —0.38
Subj 10, run 1 —0.62 —-047 -0.25 -0.25
Subj 10, run 2 —0.48 —-0.30 —0.34 —0.34

Significant correlations (CC > 0.3, P < 0.0001) are highlighted in
gray. The RVT time course is expected to correlate highly with
components that appear spatially similar to areas that show signif-
icant RVT-related changes. However, even the time series from
components that are most correlated with DMN masks, and not
the most correlated with RVT masks, are significantly correlated
with the RVT time course.
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the respiration-induced changes. To test our hypothesis,
we performed an independent component analysis on rest-
ing-state data where we had previously shown a seed-
based functional connectivity analysis to be influenced by
changes in respiration. We employed an ICA routine, ME-
LODIC from the FMRIB Software Library (www.fmrib.ox.
ac.uk/fsl), that has been frequently used on resting-state
fMRI data [Beckmann et al., 2004; Damoiseaux et al., 2006;
De Luca et al., 2006; Greicius et al., 2004a]. Contrary to our
hypothesis, it appears that ICA can separate the default
mode network from respiration related components in
most cases. One or more components tend to match the
areas that are typically deactivated during a demanding
cognitive task, including the posterior cingulate, inferior
parietal areas, the medial prefrontal region, and anterior
cingulate (see Figs. 2a and 3a,c). Other components consis-
tently derived using ICA include regions in the parietal
and occipital cortex, extending inferior to the regions iden-
tified as the default mode network and overlapping with
the areas correlated with respiration volume per time
changes (see Figs. 2b and 3b,d).

This separation does not eliminate the need for physio-
logical monitoring, as the predominant challenge of ICA is
identifying what each component represents—which com-
ponent reflects the default mode network activity and
which component reflects respiration induced signal
changes? In many studies, components are identified visu-
ally as representing a particular resting state network. In
addition to being labor intensive, this visual identification
method is somewhat subjective and difficult for other
research groups to replicate. In this study we therefore
looked at additional, more objective, ways to define the
components.

Implicitly, a visual identification of components per-
forms a spatial correlation with expectations or preconcep-
tions based on previous group data. A more objective way
to identify particular components, therefore, is a correla-
tion with spatial mask defined from group data. The com-
ponent representing correlated fluctuations within the
default mode network, for example, was identified by spa-
tially correlating each component with a mask derived
from the group map of deactivations during the lexical
task (the Group-DMN mask). Similarly, the component
reflecting respiration-induced signal changes was identi-
fied by computing the correlation coefficient of each com-
ponent with a spatial mask derived from a group average
of regions significantly correlated with RVT changes. The
advantage of using these group masks is that they gener-
ally reflect the spatial characteristics that we are interested
in on a group level. In most cases, the Group-DMN mask
chose a component that consisted primarily of regions tra-
ditionally considered to be part of the default mode net-
work. In three cases, the mask was most correlated with
possible respiration induced changes, and in two other
cases, the mask chose a component that contained only a
part of the traditional default mode network regions. An
additional advantage of using group-defined masks is that

the masks could be predefined without needing a separate
run or analysis to determine the areas of deactivation or
respiration-induced signal change. A shortcoming, of
course, is that these group masks do not account for indi-
vidual variability in the anatomy and location of function,
or the individual variability in the amplitude and location
of respiration induced signal changes.

An alternative method of automatically identifying rele-
vant components is to calculate the correlation coefficient
of each component with masks of signal changes derived
from that particular subject, rather than a group average.
These masks can account for individual subject differences
in anatomy and function, and may therefore more closely
match the components reflecting particular networks of
correlated fluctuations. In some runs, the DMN component
identified in this way was indeed more similar to the typi-
cal pattern of default mode network activity seen in the lit-
erature. In other runs, however, this mask identified com-
ponents more likely due to respiration-induced signal
changes. These failures can be the result of increased noise
in the individual subject, compared to group, masks. Addi-
tionally, an individual subject may not deactivate during
the lexical task, but still have resting correlations within
the typically defined default mode network regions. In this
case, a spatial correlation with a group mask would more
accurately identify the default mode network.

Since a measure of the respiration is acquired in each
subject, it may be more precise to look for a component
that reflects the respiration-induced signal changes in that
subject, rather than a component that contains the regions
showing the largest signal changes over a group of sub-
jects. Not surprisingly, the time courses associated with
the spatial components identified in this manner (i.e. using
the Individual-RVT masks) were more significantly corre-
lated with that subject’s RVT time course. In some cases,
the Individual-RVT mask correlated best with components
showing signal changes primarily in the motor cortex,
while the component with the second-highest correlation
consisted of an occipital region similar to that identified by
the group map. This high correlation between the RVT
changes and the motor cortex may be the result of a high
resting blood volume in the areas of the motor cortex.
Fluctuations in arterial CO, induced by changes in RVT
will result in larger blood flow and blood oxygenation
changes in regions with high resting blood volume. Alter-
natively, this component could be reflecting to the motor
cortex activity associated with breathing (McKay et al.,
2003). In other runs, the component most correlated with
the Individual-RVT mask consists primarily of the sagittal
sinus and voxels in the occipital cortex. These ICA compo-
nents could reflect signal changes in large draining veins
induced by changes in respiration.

While it appears that ICA separates the default mode
network regions from respiration-induced changes in most
cases, in some runs the component automatically identified
as the default mode network was also the most highly cor-
related with respiration-induced changes. An additional
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difficulty with this automatic identification of components
comes in when there are several components with a simi-
lar correlation to the ideal mask. One of these could reflect
the “true” default mode network activity, and another the
respiration-induced changes. In these cases, having a sepa-
rate physiological measure to determine which of the pos-
sible candidates of the default mode network likely reflects
respiration-induced changes is clearly beneficial. This mea-
sure can also be used to determine the extent to which the
component finally identified as the default mode network
is correlated, either spatially or temporally, with changes
in respiration.

The component most significantly correlated with the
spatial map of signal changes related to variations in RVT
consisted primarily of a region in the medial occipital cor-
tex. This is similar to that identified by Damoiseaux et al.
as the medial visual resting state network, one of the con-
sistent resting state networks (RSNs) (Damoiseaux et al.,
2006). It is possible, therefore, that this consistent RSN
reflects primarily respiration-induced changes. Alterna-
tively, the spatial locations of the respiration-induced
changes and the medial visual activations may overlap by
coincidence, and our method of identifying respiration-
related changes by use of this spatial mask picks out a
component that actually represents visual activation. The
time course associated with this occipital component, how-
ever, is also highly correlated with RVT changes (see Table
I, Group-RVT column). This ICA component, therefore,
likely reflects at least a partial contribution from respira-
tion-induced signal changes.

This study shows that in most cases the component best
correlated with a spatial mask of default mode network
regions is distinct from a component most correlated with
respiration-related changes. However, does ICA (or, more
precisely, the particular implementation of ICA used in
this study) completely separate default mode network ac-
tivity from respiration-related signal changes? In other
words, is there a remaining contribution of respiration
changes to the component identified as the default mode
network? To assess this, we computed the correlation
between the time series associated with component identi-
fied as representing fluctuations in the default mode net-
work and the changes in respiration volume per time. In
several cases, this correlation was almost as high as the
correlation with the time series associated with the compo-
nent identified as representing respiration-induced signal
changes (see Table I). It is therefore possible that some
contribution from respiration related signal changes
remains in this component. An alternative possibility,
which would be extremely difficult to disentangle, is that
the default network is modulated by changes in respira-
tion.

In the temporal correlation between the RVT time course
and the component time course, we looked for the maxi-
mal negative correlation over a range of latencies. This
negative correlation would reflect an increase in blood
flow resulting from a decreased breathing depth (e.g. a

brief breath-holding period), or conversely a decreased
fMRI signal resulting from an increase in breathing depth
or rate. Such a relationship is well-established. There have
been a number of studies demonstrating, for example, that
breath-holding results in an increase in the MRI signal
[Abbott et al.,, 2005; Kastrup et al., 1998; Kwong et al.,
1995; Li et al., 1999; Stillman et al., 1995; Thomason et al.,
2005], that increases in the depth or rate of breathing cause
a decrease in the fMRI signal [Birn et al., 2008], and that
variations in etCO, are positively correlated with MRI sig-
nal changes [Wise et al., 2004]. While there are certainly
known chemoreflex feedback mechanisms by which the
levels of arterial CO, modulate the depth and rate of sub-
sequent breaths (e.g. an increased arterial CO, level will
result in an increased breathing depth or rate) [Guyton,
1986; Van den Aardweg et al., 2002], the effect of this feed-
back on the relation between breathing changes and MR
signal changes has not been studied in detail.

Despite the growing popularity of functional connectiv-
ity analysis and the study of resting state networks, the
source of these correlated fluctuations is not yet fully
understood, and therefore many published interpretations
are premature. Earlier studies have shown the influence of
other noise sources, such as cardiac and respiratory fluctu-
ations, which emphasizes the need for physiological cor-
rections [Bhattacharyya et al., 2004; Birn et al., 2006; Biswal
et al., 1996; Dagli et al.,, 1999, Lund, 2001; Wise et al.,
2004]. An increasing number of studies, however, are
showing that the correlated low-frequency fluctuations can
indeed have a neuronal origin and may even have a be-
havioral significance [Fox and Raichle, 2007; Fox et al,
2007]. Studies using EEG, for example, have shown corre-
lated fluctuations in specific frequency bands of the electri-
cal activity between brain regions [Laufs et al., 2003]. Fur-
thermore, direct recordings in nonhuman primates have
also shown correlated local field potential (LFP) activity
across the brain [Leopold et al., 2003; Vincent et al., 2007].
Low frequency fluctuations in resting-state fMRI data
therefore likely represent some genuine underlying neuro-
nal activity, provided that various non-neuronal confounds
have been addressed.

The term “functional connectivity” is used to describe a
variety of different analyses. Sometimes, it is computed
from data that includes explicit task performance or an
external stimulus; sometimes it is computed from the re-
sidual, after the task has been regressed out; and other
times it is computed from resting data, where no explicit
instructions are given. Maps of “connectivity” or “resting
state networks” are generated either by correlation with a
seed voxel or region, or with a data-driven method like
ICA. What is important to remember is that all these anal-
yses measure the (temporal) correlation between different
brain regions. It does not necessarily imply a direct physi-
cal connection. This correlation can be caused by various
mechanisms, including scanner artifacts, subject motion,
cardiac and respiratory fluctuations, and correlated neuro-
nal activity. Understanding the origins of these correla-
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tions, and separating non-neuronal sources of signal fluc-
tuations from neuronal sources, is critical for the proper
interpretation of measures of functional connectivity as
well as modulations in connectivity by activation or dis-
ease.

CONCLUSION

Signal changes induced by variations in the respiration
depth and rate often occur at similar temporal frequencies
and in similar locations as the default mode network. Even
when traditional physiological corrections are applied, a
seed-voxel or seed-ROI based resting-state functional con-
nectivity analysis (e.g. with a seed in the posterior cingu-
late) can show strong correlations with regions outside of
the typical default mode network (Birn et al., 2006). These
unexpected correlations generally extend into the occipital
cortex and include large vessels, such as parts of the Circle
of Willis—regions that are highly correlated with changes
in the respiration volume per unit time. In addition, the
signal fluctuations induced by variations in breathing can
result in either false negatives or false positives in task-
related activation studies, particularly when the task is cor-
related with changes in respiration (Birn et al., 2006).
Accounting for these physiological fluctuations is therefore
of critical importance both for certain task-activation stud-
ies and the study of resting-state fluctuations.

In most cases, ICA separated these resting-state fluctua-
tions into two or more components—one of which more
closely resembled the default mode network typically dis-
cussed in the literature, and another that extended to a
more inferior occipital region corresponding to the areas
with the most significant respiration induced signal
changes. The challenge is objectively identifying which
component is most reflective of ongoing neuronal activity
and connectivity, particularly when there are multiple
components that reflect some aspects of either the default
mode network or respiration related signal changes.

Three different methods (spatial correlation with group
masks, spatial correlation with individual masks, or tem-
poral correlation with the RVT time course) of automati-
cally identifying the relevant components yielded slightly
different results. Each one of the methods occasionally
identified the component that that was most highly corre-
lated with respiration-induced changes. Furthermore, and
also troubling, was that the component automatically iden-
tified and most closely resembling the default mode net-
work was still correlated to some degree with changes in
the respiration volume per time. It is therefore possible
that some of the current methods of ICA do not com-
pletely separate the two sources of signal change, and that
this component still reflects to some degree, respiration-
related signal changes. We demonstrate that, regardless of
the method for identifying resting state networks an inde-
pendent measure of the respiration provides valuable in-
formation to help distinguish the default mode network

from respiration-related signal changes, and to assess the
degree of residual respiration related effects.
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