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Recent resting-state fMRI studies have shown that the apparent functional connectivity (FC) between brain
regions may undergo changes on time-scales of seconds to minutes, the basis and importance of which are
largely unknown. Here, we examine the electrophysiological correlates of within-scan FC variations during
a condition of eyes-closed rest. A sliding window analysis of simultaneous EEG–fMRI data was performed
to examine whether temporal variations in coupling between three major networks (default mode; DMN,
dorsal attention; DAN, and salience network; SN) are associated with temporal variations in mental state,
as assessed from the amplitude of alpha and theta oscillations in the EEG. In our dataset, alpha power showed
a significant inverse relationship with the strength of connectivity between DMN and DAN. In addition, alpha
power covaried with the spatial extent of anticorrelation between DMN and DAN, with higher alpha power
associated with larger anticorrelation extent. Results suggest an electrical signature of the time-varying FC
between the DAN and DMN, potentially reflecting neural and state-dependent variations.

Published by Elsevier Inc.
Introduction

Network analysis of spontaneous blood oxygen level dependent
(BOLD) signals has revealed a remarkable degree of organization, with
spatial patterns of correlated time series that are quite reliably identi-
fied (Beckmann et al., 2005; Smith et al., 2009) and are interpreted to
reflect functional connectivity between regions. Importantly, the corre-
lation structure within and between networks has been observed to
reconfigure across a range of conscious and unconscious states (e.g.
(Horovitz et al., 2009; Samann et al., 2011; Vanhaudenhuyse et al.,
2010) as well as on finer-grained temporal scales (seconds to minutes)
within the duration of a typical resting state scan. For example, an
anti-correlated relationship between two major intrinsic brain net-
works, the default-mode network (DMN) and dorsal attention network
(DAN) (Fox et al., 2005; Greicius et al., 2003), appears to occur in occa-
sional, transient epochs when non-stationary time series analysis is ap-
plied (Chang andGlover, 2010; Popa et al., 2009). Similar fluctuations in
correlation patterns have been observed across other networks in
humans with fMRI (Kiviniemi et al., 2011; Rack-Gomer and Liu, 2012;
Sakoglu et al., 2010) and MEG (de Pasquale et al., 2010), and in the
BOLD signal of anesthetized monkeys (Hutchison et al., 2012).

Since the brain is constantly active, the observation that functional
connectivity varies over time during wakeful resting-state conditions
is somewhat unsurprising. However, it is not clear to what degree the
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apparent connectivity modulation reflects neural phenomena such as
conscious mental activity (Shirer et al., 2012), transient activation
events (Petridou et al., 2012), or the inherent dynamics of a small-
world network architecture (Honey et al., 2007; Sporns, 2011), and
to what extent it is simply due to episodes of random synchrony
(Handwerker et al., 2012) or time-varying levels of physiological
noise (Birn et al., 2006; Chang and Glover, 2009; Glover et al., 2000;
Shmueli et al., 2007) that may artificially couple and decouple fMRI
signals across the course of a scan.

Here, we use simultaneous EEG–fMRI to examine potential electro-
physiological correlates of time-varying BOLD functional connectivity
during eyes-closed resting state. Resting-state EEG rhythms are them-
selves nonstationary, having ongoing fluctuations in amplitude and
phase that track shifts in vigilance and cognitive state, and hence may
be used as an independent variable with which to interrogate resting-
state fMRI data (see (Laufs, 2008) for a review). The majority of
resting-state EEG–fMRI studies to date have sought the electrophysio-
logical signatures of resting-state network activity by regressing the
power in one ormore EEG frequency bands against BOLD signal time se-
ries (see (Laufs, 2008) for a review), after convolving the former with a
canonical or derived hemodynamic response function (e.g. (de Munck
et al., 2008; Goldman et al., 2002)). An alternative approach is to relate
levels of EEG power to the functional connectivity within and between
networks rather than to the BOLD signal activity itself. With an
inter-subject analysis, Hlinka et al. determined that the functional
connectivity within the DMN was related to individual differences in
the mean levels of delta, alpha, and beta power (Hlinka et al., 2010).
Lu et al. found that both delta power connectivity and BOLD functional
connectivity between the left and right somatosensory cortex in the
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rat was modulated by anesthetic dose (Lu et al., 2007). Using a
psycho-physiological interactions analysis, Scheeringa et al. report an
association between within-scan increases in alpha power and de-
creases in BOLD connectivity within the visual cortex, as well as de-
creases in negative coupling between visual and default-mode regions
(Scheeringa et al., 2012).

Along similar lines, the present study investigates potential EEG
correlates of within-scan fluctuations in functional connectivity be-
tween three major RSNs (DMN, DAN, and salience network; SN) dur-
ing eyes-closed resting state. Anti-correlated behavior has been found
between nodes of the DMN and SN (Fransson, 2005; Uddin et al.,
2009), in addition to those of the DMN and DAN; moreover, an inter-
esting dynamic relationship between all three networks has been
proposed, with the SN perhaps acting to coordinate switches in activ-
ity between DMN and DAN (Menon and Uddin, 2010). In our earlier
study (Chang et al., 2010), nodes of the SN (e.g., anterior cingulate
cortex and anterior insula) were found to be amongst regions having
the highest variability of sliding-window functional connectivity with
a key node of the DMN (posterior cingulate cortex), further motivat-
ing consideration of the SN in addition to DMN and DAN.

Using a sliding-windowanalysis of simultaneous EEG–fMRI data,we
examine whether temporal variations in pairwise coupling between
these three networks are associated with temporal variations in the
amplitude of EEG power, focusing specifically on the alpha and theta
frequency bands. Previous studies have established that the power in
alpha and theta EEG oscillations is modulated as a function of vigilance;
drowsiness and sleep onset are characterized by diminished alpha
power and increased theta and delta power (reviewed in (Klimesch,
1999)), as are performance lapses in continuous tasks (Makeig and
Inlow, 1993). We therefore regard the EEG alpha and theta spectral
power as a state variable with which to query changes in BOLD func-
tional connectivity. The work described in this article has been
presented as a conference abstract (Chang et al., 2012).
Materials and methods

Data acquisition and pre-processing

Simultaneous EEG–fMRI data from 10 healthy adults (6 female, aged
33.3±15.6 years)were included in this study. Seven of the participants
(numbered as Subjects 1–6, 10 in the Results) were scanned at the
National Institutes of Health and 3 were scanned at Stanford University
(Subjects 7–9). A comparison of the main acquisition parameters is
provided in Table 1, and described in detail below. All subjects provided
written, informed consent and all protocols were approved by the Insti-
tutional Review Boards of the respective institutes.
Table 1
Summary of major acquisition parameters.

NIH Stanford

Subject # 1–6, 10 7–9

EEG
System BrainAmps, 32-channel cap EGI, 256 channel cap

fMRI
System GE Signa, 3 Tesla GE Discovery MR750, 3 Tesla

16-channel head coil 8-channel head coil
Pulse sequence EPI, SENSE factor=2 Spiral in-out

3.45×3.45 mm2 in-plane, 3.45×3.45 mm2 in-plane,
Voxel size 4 mm slice thickness,

0 mm skip
4 mm slice thickness,
0 mm skip

# slices 30 30
TR/TE 1.5 s/30 ms 2.04 s/30 ms
Scan duration 9.75 min 11.76 min (1 subject),

12.24 min (2 subjects)
Stanford dataset

Magnetic resonance imaging was performed on a 3T whole-body
scanner (Discovery MR750, GE Healthcare Systems, Milwaukee, WI)
with a GE 8-channel head coil. A gradient echo spiral-in/out pulse
sequence (Glover and Law, 2001) was used for functional imaging
(TR=2040 ms, TE=30 ms, flip angle=77°, matrix size=64×64,
FOV=22 cm). Thirty oblique axial slices were obtained parallel to
the AC-PCwith 4-mm slice thickness, 0-mm skip. Cardiac and respiratory
activitywasmonitoredusing the scanner's built-in photoplethysmograph
and a pneumatic belt strapped around the upper abdomen, respectively.
Eyes-closed resting-state data were acquired for 11.76 min (1 subject)
and 12.24 min (2 subjects). EEG data were acquired during fMRI with a
256-channel system (HCGSN v.1.0 cap and GES 300 amplifier; Electrical
Geodesics, Inc., Eugene, OR). The reference was taken as Cz, and data
were sampled at 250 Hz using EGI's NetStation 4.5.1 software. The EGI
system clock was synchronized with the MRI scanner's 10 MHz master
synthesizer, and the scanner also delivered a TTL trigger signal that
marked the onset time of every fMRI volume acquisition. In addition,
the scanner's photoplethysmograph (PPG) was placed on a finger of the
subject's left hand and, with a custom program, used to derive a cardiac
QRSmarker that was also recorded by the EEG system. The fMRI acquisi-
tion was continuous and had uniform spacing between slice excitations.
Gradient and ballistocardiogram artifacts in the EEG data were treated
using EGI's NetStation software, which implements methods based on
template subtraction (Allen et al., 2000) and principal component analy-
sis (Niazy et al., 2005), respectively.

NIH dataset

Magnetic resonance imaging was performed on a 3T whole-body
scanner (GE Signa, GE Healthcare Systems, Milwaukee, WI) with a
16-channel receive-only coil array (Nova Medical, Wakefield, MA,
USA). Functional images were acquired with a gradient-echo EPI se-
quence (SENSE factor=2, TR=1500 ms, TE=30 ms, flip angle=90°,
matrix size=64×48, FOV=220×165 mm2). Thirty axial slices were
obtained 4-mm thickness, 0-mm skip. Note that the voxel size is identi-
cal to that of the Stanford dataset. Cardiac and respiratory activity was
monitored using the scanner's built-in photoplethysmograph and a
pneumatic belt strapped around the upper abdomen, respectively. For
each subject, 390 volumes (9.75 min) of eyes-closed resting-state
data were gathered. EEG data were acquired simultaneously with a
31-channel system (international 10–20 montage, one unipolar ECG,
16-bit BrainAmp MR, BrainProducts GmbH, Germany) referenced to
FCz and continuously sampled at 5 kHz with a resolution of 0.5 μV/bit
and an analog bandwidth from 0.1 to 250 Hz. The EEG sampling clock
was synchronized with an external reference signal obtained from the
10 MHz master clock of the MRI scanner. A slice-trigger signal that
marked the onset time of every fMRI slice acquisitionwas also recorded
based on a 5 V TTL signal from the scanner, and the fMRI acquisition
was evenly spaced with equal delay between each slice excitation. Gra-
dient and ballistocardiogram artifacts in the EEG were reduced using
the procedures described in (Liu et al., 2012).

fMRI pre-processing

The fMRI data from both sites were pre-processed identically. The
first 4 volumes were discarded to permit stabilization of signal ampli-
tude variation associatedwith T1 relaxation. Cyclic physiological noise
was reduced using RETROICOR with 2nd-order Fourier series on
a slice-specific basis (Glover et al., 2000). Slice-timing and motion
coregistration (MCFLIRT (Jenkinson et al., 2002)) were performed
with FSL (http://www.fmrib.ox.ac.uk/fsl/), and the following nuisance
variables were subsequently regressed out of the data: linear and qua-
dratic trends; low-frequency respiratory volume and heart rate, con-
volved with respiration and cardiac response functions, respectively,

http://www.fmrib.ox.ac.uk/fsl/
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usingmethods described in (Chang and Glover, 2009); 6 affinemotion
parameters; and the time series of ROIs in the white matter and cere-
brospinal fluid, which were 3 mm-radius spheres centered at MNI co-
ordinates (26, −12, 35) and (19, −33, 18) (identical to those used in
(Chang and Glover, 2009)) that were reverse-normalized to native
space using SPM (http://www.fil.ion.ucl.ac.uk/spm)). Global signal re-
moval was not performed (Murphy et al., 2009; Saad et al., 2012).
Functional images were then normalized to MNI space and smoothed
with a 6-mm FWHM Gaussian kernel using SPM.

EEG spectral power

A multitaper time-frequency analysis, implemented with the
Chronux toolbox (http://chronux.org; (Mitra and Bokil, 2008)), was
performed on the signal from each EEG channel using amovingwindow
of 2 s (overlap=50%, time-bandwidth product=3, tapers=5), yielding
a spectrogram for each electrode. The alpha frequency bandwas defined
as a 2 Hz interval centered at each subject's individual peak alpha fre-
quency, which was calculated using the center-of-gravity in frequency
approach (Jann et al., 2010; Klimesch et al., 1993), and the alpha power
time series at a given electrodewas calculated by averaging over this fre-
quency range at each time point in the spectrogram. Theta power was
taken across the 4–7 Hz range, and a theta power time series at a given
electrode was derived in a similar fashion. The median alpha and theta
power time serieswere then computed over the following 12 electrodes:
O1, O2, Oz, P3, P4, Pz, C3, C4, F3, Fz, F4, F7. These particular electrodes
were selected because they had corresponding channels in both EEG
caps and had not been discarded as noisy in any of the subjects.

Functional networks

Networks for the fMRI analysis were defined using a published
atlas of functional ROIs that had been defined from a group-level in-
dependent component analysis of resting-state fMRI (Shirer et al.,
2012) (http://findlab.stanford.edu/functional_ROIs.html). Functional
ROIs were selected as nodes of the default-mode, dorsal attention,
and salience networks for the present analysis (Fig. 1, Table 2). The
DMN was composed of nodes drawn from the “dorsal DMN”, “ventral
DMN”, and “Precuneus” subnetworks of the atlas, excluding five
nodes that fell in areas not typically associated with DMN (thalamus,
mid cingulate, and cerebellum). The DAN was composed of all nodes
from the network labeled “Visuospatial”, and the SN was composed of
nodes drawn from the “anterior Salience” and “posterior Salience”
networks (excluding those in the cerebellum). The time series of
each node was obtained by averaging the time series of its constituent
voxels.
Default mode 
(DMN)

Dorsal attention 
(DAN)

Salience 
(SN)

z=22 z=46 y=-76x=-26

z=-8 z=52 x=-48y=8

z=8z=-4 x=-2z=26

Fig. 1. Networks used in the fMRI connectivity analysis, superimposed on the ch2bet
template. Coordinates and node labels are provided in Table 2.
Atlas-defined networks were used in the analysis since we aimed to
study fluctuations in functional connectivity both within and between
networks, and wished to fix the spatial definition of the nodes before-
hand rather than allowing them to be influenced by the correlation
structure of the data itself. Yet, the results of atlas-defined networks
are meaningful to the extent that they indeed correspond to regions
of high functional connectivity in the dataset; this was confirmed by ex-
amining the spatial overlap between the atlas-defined networks and a
group-level seed based connectivity analysis from one selected node
of each network (Supplementary Fig. 1).

Relationship between EEG spectral power and time-varying BOLD
functional connectivity

Temporal changes of within- and between-network connectivity
were assessed for each resting-state scan on a sliding-window basis
(window length=40 s, with 50% overlap between consecutive win-
dows in order to reduce temporal autocorrelation, as we subsequently
apply a linear regressionmodel, described below). For each slidingwin-
dow, a singlemetric of functional connectivity between networks i and j
was determined by taking the pairwise correlation coefficient between
each node of network i and each node of network j, applying a Fisher z
transform to the correlation coefficient, and averaging the resulting
values. For the EEG data, themean power in the spectral bands of inter-
est was computed in identical sliding windows over the indicated sets
of electrodes. In order to account for the approximate hemodynamic
delay, a temporal offset of 5 s was applied in calculating the sliding-
window power for the EEG data (i.e., the EEG power at time interval
[t−5, t−5+W] was aligned with the fMRI data at window [t,
t+W]). However, we note that due to the long sliding-window size
(40 s), the 5-s offset in fact had a negligible impact on the final results.
The reason for simply shifting the time window for EEG calculations,
rather than convolving the EEG waveforms with a hemodynamic re-
sponse function, is because here we are treating EEG power as a state
variable in the sliding-window analysis and hence desire the
undistorted EEG amplitude values. The rationale for averaging the
pairwise correlations between network nodes in order to form a func-
tional connectivity index, rather the alternative approach of first reduc-
ing each network to a single time series (via averaging across nodes)
and correlating the resulting network signals, is to accommodate poten-
tial heterogeneity across network nodes that could be obscured when
reducing each network to a single time series. Furthermore, the shared
temporal variance amongst network nodes may not necessarily align
with the variance shared between each node and the EEG signals.

Statistics were performed using a two-stage hierarchical approach,
implemented using functions in R (www.r-project.org/). At the individ-
ual subject level, the two sliding-window EEG power signals (alpha and
theta) were standardized to zero mean and unit variance, and entered
into a multiple regression against the sliding-window functional con-
nectivity of each network pair. Regression coefficients were estimated
using generalized least squares with an AR1 model for temporal auto-
correlation. The resulting coefficient (beta) estimates for each subject
were entered into a second-level regression, covarying for the effect of
site (NIH or Stanford). Significance was assessed at pb0.05 with a
Bonferroni correction for multiple comparisons (6 network pairs×2
bands=12 comparisons). To subsequently gauge the sensitivity of the
results to the sliding window size, the analysis was repeated for win-
dow lengths ranging from 20 to 80 s in increments of 5 s, with 50%
overlap between successive windows in all cases.

BOLD signal correlations with EEG power fluctuations

An analysis of the correlation between BOLD signal and EEG band
power across all time points in the scan was also performed. EEG co-
variates were obtained by convolving the alpha and theta waveforms
(extracted as described above) with the default gamma-variate HRF
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Table 2
Composition of functional networks.

Node centroid (mm)

Network Sub-network
abbreviation

Number FIND Atlas node
labels

x y z

DMN DMN PCC/
Precuneus

1 Dorsal DMN 04 0.7 −53.2 28.2

2 Ventral DMN 01 −12.1 −57.8 15.3
3 Ventral DMN 05 13.1 −53.4 14.3
4 Ventral DMN 06 0.9 −57.2 54.0
5 Precuneus 02 2.9 −71.6 39.6

DMN angular 6 Dorsal DMN 02 −47.6 −67.9 34.6
7 Dorsal DMN 06 49.9 −63.5 32.1
8 Precuneus 03 −36.2 −62.3 46.1
9 Precuneus 04 38.8 −62.0 45.4

DMN occipital 10 Ventral DMN 04 −36.1 −81.4 32.2
11 Ventral DMN 09 43.2 −74.4 31.7

DMN pHG 12 Dorsal DMN 08 −23.5 −28.5 −12.8
13 Dorsal DMN 09 26.8 −22.6 −17.1

DMN pHG/
Fusiform

14 Ventral DMN 03 −28.3 −37.1 −15.1

15 Ventral DMN 08 28.4 −33.5 −19.3
DMN anterior 16 Dorsal DMN 01 −3.2 49.4 13.7

17 Dorsal DMN 03 19.3 38.3 47.4
18 Ventral DMN 02 −24.3 11.7 54.9
19 Ventral DMN 07 25.6 26.5 45.0

DAN DAN FEF 20 Visuospatial 01 −26.7 −1.0 54.0
21 Visuospatial 05 27.9 1.6 54.3

DAN DLPFC 22 Visuospatial 03 −47.5 13.1 26.7
23 Visuospatial 07 48.9 11.6 27.9

DAN IPS 24 Visuospatial 02 −35.8 −46.3 46.9
25 Visuospatial 06 37.2 −46.8 48.1

DAN MT 26 Visuospatial 04 −48.6 −64.8 −5.9
27 Visuospatial 08 50.0 −58.6 −10.7

SN SN ACC 28 Anterior
Salience 03

0.2 17.3 46.9

SN aPFC 29 Anterior
Salience 01

−31.4 46.7 22.2

30 Anterior
Salience 04

28.4 46.0 26.4

SN aIns 31 Anterior
Salience 02

−41.6 14.2 −3.1

32 Anterior
Salience 05

42.6 15.1 −1.4

SN pIns 33 Posterior
Salience 09

−36.6 −13.3 −5.5

34 Posterior
Salience 12

40.3 −6.4 −8.6

SN SMG 35 Posterior
Salience 02

−57.4 −37.7 37.3

36 Posterior
Salience 06

59.2 −32.2 36.4

SN Thal 37 Posterior
Salience 07

−12.4 −21.4 5.2

38 Posterior
Salience 10

12.6 −14.4 8.98
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from the SPM software, and these were each entered into separate re-
gression analyses against the whole-brain fMRI data. The fMRI time
series at each voxel were scaled to units of percent signal change prior
to the regression analysis. The resulting coefficient (beta) maps were
entered into a group-level random effects analysis in SPM, covarying
for the effect of site (NIH or Stanford).

Results

Relationship between EEG and time-varying fMRI connectivity

The alpha power term in the multiple regression was inversely
related to the functional connectivity between DMN and DAN
(t(8)=−8.98, p=0.0002 Bonferroni-corrected for 12 terms in the
multiple regression), while the theta term did not account for func-
tional connectivity between any of the network pairs investigated
(p>0.05 Bonferroni-corrected). This is illustrated in Fig. 2. Plots of
the sliding-window DMN-DAN connectivity against the alpha term
are shown for each individual subject in Fig. 3.

For purposes of comparison, marginal regressions were subse-
quently performed (i.e. linear regression analyses of DMN-DAN con-
nectivity against the alpha and theta signals separately), as well as
regression of a single term consisting of the ratio of theta and alpha
power. The marginal relationship between DMN-DAN connectivity
and alpha power yielded t(8)=−4.01, p=0.004, andmarginal regres-
sion for theta power yielded t(8)=0.96, p=0.36. Using the ratio
between theta and alpha power yielded t(8)=4.62 p=0.002. (For
these three post-hoc marginal regressions, the reported p-values are
uncorrected.)

To examine whether the relationship between EEG power and
DMN-DAN connectivity is critically dependent on the choice of win-
dow size, the analysis was repeated for window sizes ranging from
20 to 80 s (fixing overlap=50% for all sizes). The alpha term remains
significant at the pb0.05-corrected level for window sizes between
30 and 55 s (values ranging from p=0.0002 corrected to p=0.022
corrected), and theta reached significance only at window sizes of
65 and 70 s.

Since the DMN, DAN, and SN as defined here each comprise mul-
tiple nodes with heterogeneous functional and anatomic properties,
it is of interest to understand the differential contributions of their
various sub-networks to the observed effect. Therefore, we next sub-
divided the networks more finely (Table 2) and performed an identical
multiple regression analysis within and between each sub-network.
Fig. 4 depicts, for each sub-network pair, the group-level t statistic of
the alpha and theta regression coefficients; as overall qualitative pat-
terns were of interest, statistical testing was not performed on individ-
ual entries. Considering the pattern as a whole, it is apparent that while
there is predominantly an inverse relationship between functional con-
nectivity and alpha, the thalamus exhibited increased functional con-
nectivity with several nodes as a function of alpha power, particularly
with the IPS nodes of the DAN and with other regions of the SN, most
strongly the anterior insula. The strongest inverse relationships oc-
curred between the anterior DMN and the MT and FEF regions of the
DAN, between the parahippocampal/fusiform and superior occipital re-
gions of the DMN, and between the anterior DMN and the thalamic re-
gion of the SN. Consistent with Figs. 2 and 3, increased theta power was
associated with increased functional connectivity between nodes of the
DMN, particularly within anterior regions. Coupling between area MT
and the supramarginal gyrus had the strongest (positive) relationship
with theta power amongst the present set of nodes.

EEG alpha and theta power relate to transient anti-correlations between
DMN and DAN

Fig. 3 indicates that for most subjects and sliding windows, the sign
of the mean node-to-node functional connectivity between the DMN
and DAN is positive. However, upon a more detailed inspection of
sliding-window correlations on a voxel-wise basis, negative correla-
tions can be observed between various subsets of voxels even during
windows whose averaged node-to-node correlations are positive.
Therefore, we also examined how the spatial extent of negative correla-
tion between the DMN and DAN on a sliding window basis is related to
EEG power. At each sliding window (length=40 s, 50% overlap), a cor-
relation matrix was computed between the union of all individual
voxels comprising theDMNand those comprising theDAN, and the per-
centage of negative correlation coefficients in thematrix was taken as a
metric of anti-correlation spatial extent. The resulting sliding-window
time series of DMN-DAN anti-correlation extent was then regressed
simultaneously against the EEG alpha and theta bands in the same
manner as described above. It was found that alpha power was a signif-
icant predictor of increased anti-correlation between DMN-DAN (t=
3.61, p=0.014 Bonferroni-corrected for 2 comparisons), while theta



Fig. 2. Beta weights (mean±standard error across subjects, N=10) of the multiple re-
gression of standardized EEG alpha and theta power against temporal changes in func-
tional connectivity between nodes of the default mode (DMN), dorsal attention (DAN),
and salience networks (SN). Only the relationship between alpha power and DMN-DAN
connectivity was significant at a Bonferroni-corrected level of pb0.05. Sliding window
size=40 s, overlap 50%.

Fig. 3. Marginal relationship between sliding-window EEG alpha band power and the slidin
tion networks (window size=40 s, overlap 50%), shown for each subject.

t

Fig. 4. Relationship between time-varying EEG power and functional connectivity within
group-level t-score obtained by regressing sliding-window functional connectivity of sub-
this is an exploratory analysis intended to reveal the overall topographic pattern of the pre
sponding to a 2-sided p=0.05 uncorrected (|t(8)|=2.3) is indicated on the colorbar (gray
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power was inversely (but not significantly) related (t=−2.20, p=
0.12, n.s.). An illustration of this phenomenon for one subject (Subject
5) is shown in Fig. 5. Here, for ease of anatomic visualization, we show
results of a sliding-window correlation analysis seeded from the mean
time series of one node in the DMN (dorsal DMN 04, in the posterior
cingulate cortex; see Table 2). Correlations were computed only for
voxels contained in the DMN and DAN, and transformed to Fisher z
scores. Diminished positive correlations and increased negative correla-
tions were observed in windows with fractionally increased alpha
power and lower theta power; increased positive correlations were ob-
served in windows of higher relative theta power and lower relative
alpha power.
Relationship between EEG power and fluctuations in BOLD signal
variance / local homogeneity

Time-varyingfluctuations in BOLD signal variance and local (within-
node) homogeneity were also analyzed in order to supplement the
above results, as both quantities contribute to the correlation coeffi-
cients on which our estimates of cross-network functional connectivity
g-window measure of functional connectivity between default mode and dorsal atten-

t

and between sub-networks (Table 2) of the DMN, DAN, and SN. Color represents the
network pairs against sliding-window EEG alpha and theta power time series. Since
viously established effects, only uncorrected t-values are reported. The t-value corre-
arrows), and suprathreshold entries are indicated in the matrix by ‘•’.

image of Fig.�3
image of Fig.�4
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are based. At each sliding window, (1) the BOLD signal variance was
calculated for each individual voxel within the DMN, DAN, and SN;
(2) these values were averaged amongst voxels corresponding to the
same node, for each of the 38 nodes spanning the three networks
(Table 2). By performing the variance analysis for individual voxels
prior to averaging within a node, rather than the other way around,
we avoid obtaining apparent changes in variance that stem instead
from changes in the heterogeneity of voxels within a node. Each node's
sliding-window time series of BOLD signal variancewas then correlated
with the sliding-window EEG alpha power, and repeated for theta
power. Fig. 6 (left) shows the mean (±standard error, N=10) of the
correlation coefficients across subjects. A similar analysis was carried
out for the local (within-node) homogeneity, which was defined (for
each sliding window) as the mean voxel-to-voxel correlation within a
given node; results are shown in Fig. 6 (right). Qualitatively, the major-
ity of nodes display an inverse relationship between alpha power and
both BOLD signal variance and within-node homogeneity, with the op-
posite sign for theta. To examine whether the relationship between
alpha power and BOLD signal variance (or node homogeneity) was sta-
tistically different from that of theta power, paired two-sided t-tests
were performed for each network after first averaging, within each sub-
ject, the Fisher z-scored correlation between EEG alpha power and var-
iance (or node homogeneity) across the network's constituent nodes.
The relationship between alpha power and variance was significantly
lower than the correlation between theta power and variance for all 3
networks (DMN: t(9)=3.45, p=0.021; DAN: t(9)=3.68, p=0.015;
SN: t(9)=2.95, p=0.048, with p-values reflecting Bonferroni correc-
tion for 3 networks). The relationship between alpha power and node
homogeneity was not significantly lower than the correlation between
theta power and variance at a corrected level for any network (p>0.05
Bonferroni).
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Fig. 5. Relationship between functional connectivity and EEG power in one subject (Subject
window size=40 s. Arrows indicate windows selected for visualization of seed-based corre
dows. The seed was a single node in the DMN (posterior cingulate cortex), and correlation
connectivity maps averaged over all time windows for which normalized alpha power exce
resents Fisher z score.
Stationary correlations between EEG power and BOLD signal time series

A traditional correlation analysis was performed between the poste-
rior alpha and frontal theta power waveforms (convolved with a canon-
ical HRF) and the BOLD signal using all time points in the scan.
Group-level statistical maps are depicted in Supplementary Fig. 2. Con-
sistent with a number of previous studies, alpha power showed negative
correlations with regions in the occipital cortex (Goldman et al., 2002;
Moosmann et al., 2003) as well as prefrontal and parietal attention re-
gions (Laufs et al., 2003). As the threshold was lowered for exploratory
purposes, positive correlations in the thalamus, anterior cingulate, and
mid cingulate emerged at the highest threshold, also consistent with
previous reports (Goldman et al., 2002; Sadaghiani et al., 2010). Theta
power showed positive correlations with cuneus/precuneus, superior
medial frontal cortex, cerebellar vermis, left mid temporal cortex, and
right supramarginal gyrus (pb0.05 corrected).

Finally, we investigated whether the degree to which alpha power
was predictive of DMN-DAN functional connectivity may relate to the
strength with which the alpha power (convolved with HRF) was neg-
atively correlated with BOLD signal time series in the DAN. For each
subject, a measure of the latter was computed by averaging, across
all voxels in the DAN, the Fisher-transformed correlation coefficient
with the HRF-convolved alpha power time series (where correlation
coefficient was computed using all time points in the scan, rather
than on a sliding window basis). The resulting measure was then
regressed against the subjects' effect size (beta) of the sliding window
analysis of alpha power with DMN-DAN connectivity, covarying for
scan site. The relationship was in fact negative, with stronger negative
correlation between alpha and BOLD signal predicting a weaker rela-
tionship between alpha and DMN-DAN connectivity (t=−2.56,
p=0.04), suggesting that the predictive power of alpha-band
17 14 22 25 

mean (theta>alpha) 

5). Top: Time series of temporally normalized sliding-window alpha and theta power,
lations in the middle panel. Middle: Seed-based correlation maps at the indicated win-
s were computed for each voxel in the DMN and DAN. Bottom: Seed-based functional
eded normalized theta power (bottom left), and vice versa (bottom right). Color rep-
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Fig. 6. Relationship between EEGpower and time-varying changes in (left) BOLD signal variance and (right)within-node homogeneity. Plots show themean (±standard error, N=10) of
correlation coefficients across subjects, and data were obtained using a window size of 40 s. Ordering of nodes is consistent with Table 2.
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oscillations for DMN-DAN connectivity may not be simply related to
BOLD signal correlation or signal-to-noise ratio, though such a phe-
nomenon is difficult to rule out conclusively.

Discussion

The present study provides evidence for electrophysiological sig-
natures of the time-varying connectivity between two large-scale
brain networks, the default-mode and dorsal attention systems. Fluc-
tuations in alpha power across time were inversely related to fluctu-
ations in connectivity between DMN and DAN; specifically, epochs of
increased alpha power coincided with decreases in positive correla-
tion, as well as increases in the anti-correlation extent, between the
DMN and DAN. Results suggest that a significant fraction of resting
state connectivity fluctuations may have a neural basis and perhaps
reflect state-dependent variations.

Interpretations

The observed relationship between EEG power and DMN-DAN
connectivity may arise in part from fluctuating states of arousal and
vigilance. Previous studies have linked states of diminished vigilance
with relative decreases in alpha power, with corresponding increases
in theta and lower frequencies (Klimesch, 1999). Here, we observe
that relative decreases in alpha and increases in theta over time
were associated with relative increases in the functional connectivity
between the DMN and DAN, with similar trends for all other network
pairs considered (Fig. 3). These results are consistent with a recent
study of moderate sedation with propofol (a state accompanied by
EEG signatures similar to that of light sleep), in which increased func-
tional connectivity was observed between the DMN (posterior cingu-
late seed) and “task positive” regions; i.e., under sedation, the DMN
became positively correlated with a network that is typically anti-
correlated during wakefulness (Stamatakis et al., 2010). Similarly,
the spatial extent of DAN connectivity was found to increase in light
sleep compared to wakefulness (Larson-Prior et al., 2011), and the
strength of connections within multiple ICA-defined networks grew
stronger and more consistent in the progression from wakefulness to
light sleep (Fukunaga et al., 2006). Yet, a weakening of functional con-
nectivity between particular regions has also been observed in con-
ditions of low vigilance (e.g. (Greicius et al., 2008; Horovitz et al.,
2009)). Our results ought be taken in the context of these varying re-
sults, and with consideration of the extent to which findings from
sleep and anesthesia generalize to more mild fluctuations in vigilance
state during a wakeful resting state.

States of higher vigilance have previously been linked with in-
creased anticorrelation between DMN and DAN. More frequent epi-
sodes of anticorrelation in gamma-band local field potentials was
reported to occur during waking and REM sleep compared to
slow-wave sleep in felines (Popa et al., 2009); human studies report
stronger anticorrelation during wake compared to sleep (Horovitz et
al., 2009; Samann et al., 2011) and propofol sedation (Boveroux et al.,
2010), and in the present study we obtained stronger anticorrelations
betweenDMNandDAN in awake resting states of high alpha power rel-
ative to low. Our observation of increased BOLD signal variance during
higher theta and lower alpha power (Fig. 6) is also consistent with pre-
vious reports describing pronounced increases in BOLD signal variance
as subjects became progressively drowsy (Fukunaga et al., 2006;
Horovitz et al., 2008; Larson-Prior et al., 2011), further suggesting that
fluctuations in arousal may mediate the effects seen in our data.

Another potential interpretation relates to varying levels of aware-
ness and mind-wandering in the waking state. Elevated power in the
alpha band has been suggested to correspond to a state of alertness
and undirected readiness, distinct from focused attention, thatmay facil-
itate faster and more accurate task performance (Sadaghiani et al.,
2010). Notably, positive correlation between DMN and DAN regions
has been described during periods of mind wandering, especially in the
absence ofmeta-awareness (Christoff et al., 2009), and because lapses in
awareness relate inversely to perceptual readiness (Smallwood et al.,
2004), this observation—taken together with the postulated role of
alpha in tonic alertness—is consistent with our finding of increased pos-
itive correlations between DMN-DAN during epochs of lower alpha
power. Moreover, it is in accordancewith the observation that increased
anticorrelation between DMN-DAN covaries with improved task perfor-
mance at both the inter- and intra-individual level (Kelly et al., 2008;
Thompson et al., 2012). As our resting-state data are limited by the
lack of behavioral measure, this interpretation is speculative.

Our findings may also be considered in the context of salience and
network switching. Alpha power has been shown to have the strongest
positive correlations with regions comprising the salience network
(Goldman et al., 2002; Sadaghiani et al., 2010). Here, too, the strongest
positive correlations with alpha power were observed in the thalamus
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and dorsal anterior cingulate cortex (dACC). The salience network,
whose signature nodes include the dACC, anterior insula, and thalamus,
has been proposed to influence the activity in theDMNandDAN in both
task conditions and resting state (Hamilton et al., 2011; Menon and
Uddin, 2010) acting as a “switch” between the respective endogenous
and exogenous functions of these networks. Increased alpha (and
increased activity in the salience network) may thus correspond to
epochs of more frequent switching, consistent with the increases in
anticorrelations observed here. Interestingly, while the coupling across
most cortical regions decreased as a function of alpha, the average con-
nectivity between the thalamus ROI of the salience network (which ap-
pears to lie in primarily in the mediodorsal nucleus) and the anterior
insula and several other regions of the salience network tended to in-
crease, supporting the association between spontaneous alpha fluctua-
tions and salience network activity. However, these findings must be
interpreted with caution, as (1) they resulted from an un-corrected sta-
tistical threshold, and may therefore represent isolated false positives,
and (2) the precision of the atlas regions in aligningwith the subcortical
structure of individual subjects may be low. Careful examination of
electrophysiological correlates of subcortical-cortical connectivity may
be a worthwhile avenue for future study.

A recent study (Scheeringa et al., 2012) demonstrated, using a
psycho-physiological interactions analysis, that dynamic increases in
alpha power were linked with decreases in the magnitude of func-
tional connectivity seeded from the visual cortex, both locally (occip-
ital cortex) as well long range (thalamus and ventromedial prefrontal
cortex). Findings were postulated to reflect inhibition of functional
relationships during higher alpha activity. Our study extends their
findings; using a different method of analysis and examining different
brain networks (DMN-DAN), we provide further evidence that tem-
poral changes in functional connectivity possesses an EEG correlate,
and demonstrate that the effects extend beyond systems directly im-
plicated in alpha rhythm generation.

Limitations and future directions

Several factors may be considered when interpreting our results.
First, the peak alpha frequency itself may shift over time (Jann et al.,
2010), and it has been shown that an increase in drowsiness is asso-
ciated with a slowing of the alpha frequency and a shift toward a
more anterior distribution (Cantero et al., 2002). Therefore, it is pos-
sible that the occurrence of alpha slowing and anteriorization over-
laps somewhat with our measure of theta band power. Future work
may consider how spatial patterns of alpha and theta power, not sim-
ply the power averaged over several electrodes, are altered over time
and covary with changes in BOLD functional connectivity. Secondly, a
recent study demonstrated that EEG alpha power correlated, in some
sessions, with the time course of respiratory variations (Yuan et al.,
2012), the latter of which relates to the concentration of arterial
CO2 and, consequently, brain perfusion (Birn et al., 2006; Wise et
al., 2004). While EEG measurements are believed to be insensitive
to hemodynamic artifacts, it is possible that common state changes
(e.g. relaxation) mediate both respiration/CO2 concentrations and
alpha and/or theta power. Although we attempted to correct for phys-
iological noise during pre-processing, it is possible that residual effects
remain.

We did not apply global signal regression (GSR) as a pre-processing
step. GSR is known to artificially enhance negative correlations by
enforcing a mathematical constraint whereby pairwise correlations
sum to zero (Murphy et al., 2009), complicating the interpretation of
the data. Regressing out the global average signal likely removes some
neural effects of interest, such as contributions from large-scale corre-
lated networks, and the global signal has been shown to correlate
with electrophysiological signals in the gamma band as well as lower
frequencies (Scholvinck et al., 2010). This is of particular relevance for
our study, since we are interested in the dynamics of correlation within
and between resting-state networks. It is for these reasons that we had
decided not to apply global signal regression, choosing instead to use
noise corrections based on concurrent physiological recordings, which
have been shown to effectively reduce spatially widespread noise aris-
ing from low-frequency respiratory volume and cardiac rate fluctua-
tions (Chang et al., 2009 and Chang and Glover, 2009). By removing a
subspace of the global signal derived from physiological models, rather
than a whole-brain signal derived from the data itself, we aimed to re-
duce known sources of noise while leaving intact global fluctuations
that aremore likely to be of neural origin.We additionally removed sig-
nals derived from the white matter and CSF, which presumably carry
little (if any) neural fluctuations of interest.

Here, EEG features were linked with BOLD functional connectivity
in a sliding-window analysis. The minimum window size in such an
analysis is constrained by the time scale at which BOLD functional
connectivity evolves, which is considerably slower than that of EEG
power variations. Using a time-frequency decomposition of pairwise
BOLD coherence, we showed in a previous study that much of the en-
ergy of BOLD coherence between nodes of the DMN and DAN
is slower than temporal periods of 16 s (Chang and Glover, 2010).
Here, while the alpha-FC relationship, as well as the signs of the
alpha and theta coefficients, persisted across window sizes ranging
from 30 to 55 s, even the smallest window size integrates substantial-
ly over power fluctuations in the EEG, thereby potentially ignoring
relevant information occurring on faster time scales. Future studies
may consider using inverse modeling to characterize the interactions
of various fMRI-defined networks at higher temporal resolution, as is
being examined for MEG (Brookes et al., 2012; de Pasquale et al.,
2010), and may also consider how multiple dynamic features of the
EEG within the moving window (beyond simply the average) may re-
late to BOLD functional connectivity.

For the present analysis, we focused on power in the alpha and theta
frequency bands. Beyond having an established relationship with
vigilance states (Laufs et al., 2006; Olbrich et al., 2009) and having pre-
viously been linked with the BOLD signals in our networks of interest
(e.g. (Foster and Parvizi, 2012; Mantini et al., 2007), the choice was
guided by noise considerations; there were residual gradient artifact
peakswithin the beta and gamma bands, the locations ofwhich differed
between the Stanford and NIH datasets due to the slightly different ac-
quisition parameters. The delta bandwas also not considered due to the
presence of residual gradient noise around 0 Hz in both of our datasets.
Future studies may consider including other frequency bands. Beta
band power would be of particular interest in light of findings by
Laufs et al., in which two distinct states of alpha-BOLD correlation
were identified: (1) a low-alpha, high-theta pattern accompanied by
inverse correlations between alpha power and occipital–parietal BOLD
activity, posited to reflect drowsiness, and (2) a low-alpha, high-beta
pattern accompanied by inverse correlations between alpha power
and fronto-parietal BOLD activity, posited to reflect focused attention
(Laufs et al., 2006). Distinguishing amongst multiple “alpha states” in
the context of BOLD functional connectivity, in addition to activity,
may be an interesting future direction. Gamma-band power may also
be relevant, as fluctuations in gamma power have been found to corre-
late with spontaneous BOLD signal activity on spatially widespread
scales (Scholvinck et al., 2010; Shmuel and Leopold, 2008). Nir et al.
found that correlations in gamma-band local field potential modula-
tionsmeasuredwith electrocorticography showed a specificity for func-
tional networks (Nir et al., 2008), and—relevant to the concept of alpha
states—Magri et al. showed that the relation between alpha and gamma
bands is associated with the amplitude of the BOLD signal (Magri et al.,
2012).

Also of potential importance are frequencies lower than the theta
band, such as in the delta (1–4 Hz) range. Inter-subject variations in
delta-band power have been linkedwith the strength of DMNconnectiv-
ity (Hlinka et al., 2010). Using invasive electrophysiology in rats, it was
found that delta and theta power were predictive of inter-hemispheric
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BOLD functional connectivity (Pan et al., 2011) although gamma-band
power was most correlated with the local BOLD signal, mirroring our
finding that the correlation between alpha power and BOLD signal in
the DAN is likely not primarily responsible for the relationship between
alpha power and DMN-DAN correlation. Lu et al. reported an association
between functional connectivity of bilateral primary somatosensory cor-
tex and correlations in local delta band power fluctuations (measured
from epidural EEG) in rats, as both were modulated by anesthetic dose.
In a human electrocorticography study, inter-regional correlations in
the power fluctuations of the delta band and even lower frequencies
(b0.5 Hz)were found to have a spatial structure that alignedwith a sen-
sorimotor network defined by resting-state BOLD correlations (He et al.,
2008).

Conclusions

The present study contributes to the growing literature on the EEG–
fMRI relationship, approaching the question from the perspective of
linking band-limited EEG power changes to BOLD functional connec-
tivity. Our data suggest that apparent spontaneous variations in
DMN-DAN connectivity possess an electrical signature in the alpha
band power, and further suggest that simultaneous measurement of
EEG during resting-state scans will provide a greater understanding of
variance in functional connectivity and potentially allow one to attri-
bute certain variations to arousal or attentional states.

Supplementary data to this article can be found online at http://
dx.doi.org/10.1016/j.neuroimage.2013.01.049.
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