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Abstract
Consciousness is an emergent property of the complex brain network. In order to understand how consciousness is
constructed, neural interactions within this network must be elucidated. Previous studies have shown that specific
neural interactions between the thalamus and frontoparietal cortices; frontal and parietal cortices; and parietal and
temporal cortices are correlated with levels of consciousness. However, due to technical limitations, the network
underlying consciousness has not been investigated in terms of large-scale interactions with high temporal and
spectral resolution. In this study, we recorded neural activity with dense electrocorticogram (ECoG) arrays and used
the spectral Granger causality to generate a more comprehensive network that relates to consciousness in monkeys.
We found that neural interactions were significantly different between conscious and unconscious states in all
combinations of cortical region pairs. Furthermore, the difference in neural interactions between conscious and
unconscious states could be represented in 4 frequency-specific large-scale networks with unique interaction
patterns: 2 networks were related to consciousness and showed peaks in alpha and beta bands, while the other 2
networks were related to unconsciousness and showed peaks in theta and gamma bands. Moreover, networks in the
unconscious state were shared amongst 3 different unconscious conditions, which were induced either by ketamine
and medetomidine, propofol, or sleep. Our results provide a novel picture that the difference between conscious and
unconscious states is characterized by a switch in frequency-specific modes of large-scale communications across
the entire cortex, rather than the cessation of interactions between specific cortical regions.
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Introduction

include
thalamus-frontoparietal
[5,6],
frontal-parietal
[7,9,11,12], and parietal-temporal interactions [7]. Additionally,
compared to bottom-up interactions, top-down interactions from
the frontal to the parietal cortices [9,11,12] were more
correlated with the conscious state.
However, due to several technical limitations, such as low
temporal-resolution in blood oxygen level-dependent signal and
low spatial resolution with narrow spectral range in EEG,
previous studies have failed to explore these neural
interactions at higher temporal and spatial resolution and over
wider frequency bands.
In order to overcome the existing technical limitations and
map the global neural interactions correlated with conscious
and unconscious states, we developed a novel recording
method—the multi-dimensional recording (MDR) technique
[13]. In MDR, neural activity can be recorded via ECoG at high
temporal (>1 KHz) and spatial (~3 mm) resolution, allowing for
the measurement of precise phase synchrony in terms of

As humans, we experience stable consciousness while we
are awake but easily lose this conscious state during sleep.
One intriguing hypothesis aimed to explain the neural
mechanism underlying consciousness and unconsciousness, is
that neural integration within the brain generates the conscious
state, while the loss of the integration is responsible for
producing the unconscious state [1-4]. This “integration theory”
has been evaluated by quantifying neural interactions in the
brain, and previous studies have confirmed the reduction of
neural interaction occurring under the unconscious state by
using various measurements ranging from functional imaging
[5-7] to electroencephalography (EEG) [8-11]. In the spectral
domain, the reduction of neural interactions in the unconscious
state occurs specifically in the gamma oscillation range [8].
Previous studies have also demonstrated the importance of
specific region interactions during the conscious state, which
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global network causality with high temporal stability [14]. To our
knowledge, ECoG is the most balanced technology for
obtaining detailed recordings of global neural interactions.
In this study, we extracted the comprehensive
consciousness related network based on ECoG signals that
were recorded from most of the lateral cortex in 4 macaques
during awake, anesthetized and sleeping states. We identified
large-scale network components in spectral domains, which
corresponded to conscious and unconscious states. In contrast
with previous results, our result that the modulation of cortical
interactions correlated with conscious states was not limited
within specific cortical regions, but was found in all
combinations of cortical region pairs. We found that neural
interactions between cortical regions that fell into a specific
spectral domain drastically changed between conscious and
unconscious states, indicating that the unique frequencyspecific modes of large-scale region interactions over the entire
cortex might be the fingerprint of conscious versus
unconscious states.

anesthetized states and the Wilcoxon rank sum test was
applied to the classifier accuracies of the 36 condition sample
pairs in normal and shuffled conditions (p < 0.05, FDR
correction). Final accuracy of each cortical region pair was
calculated by averaging classifier accuracies of all condition
sample pairs.
For all combinations of cortical region pairs, the classifier
predicted the awake and anesthetized conditions from the
spectral Granger causality with significant accuracy (Figure
2A). This indicates that the modulation of neural interaction
occurred over the entire cortical surface by manipulating
conscious states.

Interactive Band Shift in the Spectral Domain
We examined the weight distribution of the classifiers in the
spectral domain. Since we were interested in relative weight
patterns in the spectral domain, the weight of the classifier of
each region pair was divided by the sum of the absolute value
of the weight in the classifier for normalization. Since spectral
Granger causality is always positive, positive weight was
associated with the awake condition (w > 0), while negative
weight was associated with the anesthetized condition (|w <
0|). We then separated weights based on their sign (either
positive or negative) and, in the following analysis, used them
as the weight for the awake and anesthetized conditions,
respectively (Figure 1C). Distribution of weights in the spectral
domain shared a similar pattern amongst all combinations of
region pairs (Figure 2B), and distribution of the averaged
weights for all region pairs was consistent amongst the 4
monkeys (Figure 2C). In the distribution, alpha and beta bands
(12–32 Hz) had higher weights for the awake condition. On the
other hand, the theta (6–10 Hz) and gamma (34–100 Hz)
bands had higher weights for the anesthetized condition. This
suggests that the band of informative interaction in the spectral
domain shifts dynamically between altering states of
wakefulness.

Results
Cortical interactions
We first focused on the difference in cortical interaction
between
awake
and
ketamine–medetomidine-induced
anesthetized conditions. To extract/construct the sustained
network of neural interactions from the recorded neural data,
we pooled the ECoG data with a 120-sec time length (200 ms ×
600) from the data set collected on different experimental days,
and calculated a single model of spectral Granger causality for
all of individual pairs of bipolar signals (See Figure 1B and
methods). Granger causality [15,16] was calculated with a
model order of 7 (35 ms) for each pair (total 62 × 61 = 3,782
pairs for monkeys M1 and M2, and 63 × 62 = 3,906 pairs for
monkeys M3 and M4) of bipolar channels during the awake
and anesthetized conditions, at 48 frequency windows (6 to
100 Hz, separated every 2 Hz without overlap). We regarded a
data set with a 120-sec time length as 1 condition sample, and
prepared 6 condition samples for the awake and anesthetized
states. By using the bootstrap resampling methodology, 100
samples of spectral Granger causality were calculated for each
condition sample (See Figure 1B).
To extract significant inter-region interactions, bipolar
electrodes were manually grouped into 8 cortical regions
(Figure 1A). We used a support vector machine (SVM) [17] for
each combination of cortical region pairs (28 pairs for monkeys
M1 and M2, and 21 pairs for monkeys M3 and M4) and for
each combination of condition samples (6 × 6 = 36 pairs) in
order to categorize the bootstrap resamples of spectral
Granger causality into awake and anesthetized conditions
(Figure 1C).
For a cross validation, the classifier which was trained by
each condition sample pair was tested by the other condition
samples which were not used to train the classifier. The
accuracy of each classifier was calculated from the rate of
correct prediction in the test. To test the statistical significance
of each inter-region interaction, we also constructed classifiers
from a shuffled condition of the labels for the awake and
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Network components of awake and anesthetized states
Since the accuracy of the classifier was significant for all
combinations of cortical region pairs (Figure 2A), we focused
on the global pattern of the weights.
The normalized weights of each classifier responsible for
discriminating between awake and anesthetized conditions
were separately integrated into the weight data (Figure 1C).
The total pattern of the classifier weights formed a network
since each of the weights was assigned to all pairs of
electrodes. We then extracted latent structures of the network
from the weight data by using Parallel factor analysis
(PARAFAC, Figure 1D). PARAFAC is a method that fits
multiple arrays simultaneously in terms of a common set of
factors differing in relative weights in each dimension and have
been applied to EEG study [18]. The weight data was aligned
to 3 dimensions: condition sample pair for the first dimension,
frequency for the second dimension, and all combinations of
region electrode pairs for the third dimension (Figure 1D). In
the third dimension, the electrode pairs for the awake and
anesthetized conditions were combined for all 4 monkeys.
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Figure 1. Schematic explanation of method. A: The bipolar re-referenced ECoG electrode arrays on the left cortical surface of 4
monkeys (M1-M4). Marker colors represent cortical regions, and shapes of markers represent monkeys. MP: Medial prefrontal
cortex LP: Lateral prefrontal cortex, PM: Premotor cortex, MS: Primary motor and somatosensory cortices, PC: Parietal cortex, TC:
Temporal cortex, HV: Higher visual cortex and LC: Lower visual cortex. The positions of the ECoG electrode in monkeys M1, M3,
and M4 were manually remapped on the brain of monkey M2 by using the sulci as remapping references.
B: Preprocessing of ECoG signals for spectral Granger causality and its data structure. For preprocessing of the ECoG signal,
bipolar re-reference, line noise filter, detrend, and z-score transformation were applied. Next, 120-sec time length data was
prepared as a condition sample from the data set collected on different experimental days. One hundred bootstrap resamples of
spectral Granger causalities were calculated from 1 condition sample. Six condition samples were prepared for the awake and
anesthetized conditions.
C: The procedure for obtaining the weight data for the awake and anesthetized conditions. SVM was generated to classify bootstrap
resamples of spectral Granger causality between the awake and anesthetized conditions for all combinations of region pairs and for
all combinations of condition sample pairs. Weights of the classifier for all combinations of region pairs were separated for the
awake and anesthetized conditions based on their sign and were integrated in the weight data.
D: By using PARAFAC, network components were extracted from the global pattern of the weight data. The weight data of 4
monkeys were combined and aligned to 3 dimensions, 1) condition sample pairs, 2) frequency, and 3) electrode pairs of all
combinations of region pairs for awake and anesthetized. After the deconstruction, the components in each dimension had relative
scores.
doi: 10.1371/journal.pone.0080845.g001
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Figure 2. Accuracy of classifier between awake and anesthetized conditions and spectral distribution of classifier
weight. A: Accuracy of the classifier for all combinations of cortical region pairs for the 4 monkeys. White squares mean lack of
data where no classifier was built. When the accuracy of a region pair was not significant, the accuracy was set to 50%.
B: The distribution of normalized weights for the awake (red) and anesthetized (blue) conditions averaged for all combinations of
cortical region pairs. For preprocessing, the weight data of each region pair was normalized by the sum of the absolute value of
weight and was averaged for all combinations of condition sample pairs. The normalized weights were averaged for all
combinations of cortical region pairs and are shown in the line. The range from minimum to maximum values in cortical region pairs
is shown by the shading around the line.
C: The distribution of averaged weights of region pairs for the awake (red) and anesthetized (blue) conditions for the 4 monkeys.
The averaged distribution of the 4 monkeys is shown by a line plot, and the range from minimum to maximum values is indicated by
the shading around the line.
doi: 10.1371/journal.pone.0080845.g002

The reliability of the PARAFAC model was evaluated by
Core consistency diagnostics (CCD), which automatically
suggested the proper number of components [19,20]. We
found that the weight data could be divided into 4 components
(Figure 3A). Constraints on dimension in PARAFAC were set to
non-negativity for 3 dimensions; thus all values of score were
always positive. Since all values in the weight data were
positive, scores had a positive correlation with weights. Figure
3B shows the score of condition sample pairings. The scores
were nearly constant irrespective of condition sample pairs for
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each component, which indicates that the difference between
the awake and anesthetized conditions was consistent
amongst varying combinations of condition sample pairs.
Figure 3C shows the score distribution in the frequency
domain. Each component showed a unique peak in the
frequency that was 8, 12, 18, and 44 Hz. For convenience, we
will refer to the bands of the 4 components as theta, alpha,
beta, and gamma.
Figure 3D shows region pairing scores for the 4 monkeys, in
which scores of electrode pairs were summed for each region
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Figure 3. Network components extracted from the global pattern of the weight data by using PARAFAC. A: CCD for the
number of components. The threshold was set to 40%.
B: The scores for the dimension of condition sample pairs.
C: The scores for the dimension of frequency.
D: (M1-M4): The region score matrix for the awake and anesthetized conditions and for the 4 monkeys. (Average): The region score
matrix was averaged for the 4 monkeys. (Directional difference): The difference of the scores between the 2 directions was
calculated for each region pair.
doi: 10.1371/journal.pone.0080845.g003

pair in terms of interaction direction (Figure 1D). Since region
matrix scores demonstrated consistency across the 4 monkeys
(Figure 3D, M1–M4 and see Figure S5 for the quantification of
the individual consistency), the scores were averaged for each
component (Figure 3D, Average), and the difference between
the 2 interaction directions of cortical region pairs in the
averaged score matrix was calculated (Figure 3D, Directional
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difference). The second and third components were comprised
of large weights for the awake condition while the first and
fourth components were comprised of large weights for the
anesthetized condition (Figure 3D, Average).
The interactions of the first to third components showed
direction biases (Figure 3D, Directional difference), while the
fourth component exhibited very minor bias in direction. The
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Figure 4. Spatial distribution of electrodes for information outflow and inflow in 4 network components. A: The distribution
of electrode scores was summed for 2 interaction directions. The value was calculated for each component and for awake and
anesthetized conditions. A high score indicated that the electrode had very high interaction with other electrodes. The values for the
4 monkeys were superimposed on 1 brain map.
B: The distribution of electrode scores was summed for each interaction direction, and the difference between the 2 interaction
directions was calculated for each component and for awake and anesthetized conditions. The red dot indicates that the information
outflow of the electrode was larger than information inflow, and the blue dot indicates vice versa. The values for the 4 monkeys were
superimposed on 1 brain map.
doi: 10.1371/journal.pone.0080845.g004

interaction in the top-down direction (anterior to posterior) was
dominant in the first component, while the interaction in the
bottom-up direction (posterior to anterior) was dominant in the
second component. In the third component, the interactions
amongst the top-down and bottom-up directions were mixed.
Lastly, the fourth component had a lack of bias in either topdown or bottom-up directions (Figure 3D, Directional
difference).
In order to visualize the fine structure of the components at
the electrode level, the matrix score of electrode pairs in 2
interaction directions was summed (Figure 4A), and the
difference between the interaction directions was calculated for
each electrode (Figure 4B). In the first component for the
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anesthetized condition, the outflow of information was
dominant in the frontal regions (red dots in Figure 4B, Comp1,
Anes.). On the other hand, the inflow of information was
dominant in the temporal and visual cortices (blue dots in
Figure 4B, Comp1, Anes.), and this trend was reversed in the
second component in the awake condition (Figure 4B, Comp2,
Awake). In the third component of the awake condition (Figure
4B, Comp3, Awake), the dominant region of information outflow
(red dots) was found in the somatosensory motor cortices that
sunk in surrounding areas (blue dots). Lastly, in the fourth
component of anesthetic condition, there was no apparent
cluster (Figure 4B, Comp4, Anes.).

6

November 2013 | Volume 8 | Issue 11 | e80845

Information Flow in Consciousness Related Network

Similar accuracy of classifier and network component between ketamine–medetomidine and 3-LOC
Figure 5.
experiments. A: Accuracy of the classifier to categorize the awake and LOC conditions for all combinations of cortical region pairs
for monkeys M1 and M2. Figure format is the same as Figure 2A.
B: Spatial-frequency correlations between components in the ketamine–medetomidine (K-M) experiment and that in the 3-LOC
experiments. The correlation was calculated for monkeys M1 and M2 and for the awake and LOC conditions. The spatial-frequency
correlation evaluated the similarity in pattern of components in the dimensions of frequency and electrode pairs.
doi: 10.1371/journal.pone.0080845.g005

Universality for different unconscious states
(anesthesia and sleep)

< 0|) conditions. To prove the similarity, we defined a spatialfrequency correlation as:
in which Rf is the spearman correlation coefficient of scores
of components in the frequency dimension between the
ketamine–medetomidine and 3-LOC experiments. Rs is the
spearman correlation coefficient of scores of components in the
electrode-pair dimension between the ketamine–medetomidine
and 3-LOC experiments. Rs was calculated for each monkey
and for the awake (w > 0) and LOC (|w < 0|) conditions. Figure
5B shows that each component in the 3-LOC experiments had
high spatial frequency correlation with 1 component in the
ketamine–medetomidine experiment for each monkey, which
indicates that the classifier in the 3-LOC experiments is similar
to that in the ketamine–medetomidine experiment with regard
to in conscious and unconscious patterns. These results
indicate that the difference of the neural interactions between
the awake and unconscious conditions could be generalized in
the anesthetized and sleep states, and could be deconstructed
into 4 network components.

In order to verify the universality in modulation of interacting
network patterns responsible for characterizing awake and
anesthetized conditions, we tested network interactions in
different unconscious states. In order to do this, we conducted
2 additional experiments: 1) propofol-induced anesthesia and
2) natural sleep. The propofol-induced anesthesia experiment
consisted of awake and anesthetized conditions, whereas the
sleep experiment consisted of awake and natural sleep
conditions. Spectral Granger causality was calculated for each
of the additional experiments. For each condition, the bootstrap
samples of Granger causality of ketamine–medetomidine- and
propofol-induced anesthesia as well as natural sleep (3-LOC)
experiments were combined to form the “loss of consciousness
(LOC)” condition, and spectral Granger causality of the awake
condition of 3-LOC experiments were combined under the
“awake” condition. The classifier to predict awake and LOC
conditions was then constructed. We combined spectral
Granger causality of the different experiments because we
were interested in the common neural interactions contributing
to the discrimination of the awake and LOC conditions. Figure
5A shows that the classifier accuracy was significant for all
combinations of cortical region pairs (p < 0.05, FDR correction).
This indicates that we successfully constructed a universal
classifier capable of separating awake and LOC conditions.
The weight data of the classifier in 2 monkeys was combined
and deconstructed into its components by PARAFAC. We
found a similar pattern of 4 components in the dimensions of
condition sample pair, frequency, and electrode-pairs of all
combination of region pairs for the awake (w > 0) and LOC (|w
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Discussion
Whole cortical interactions
In previous studies, large scale analyses targeted
consciousness-related interactions amongst brain areas
confined to specific inter-regions such as the thalamusfrontoparietal [5,6], frontal-parietal [7,9,11,12], and parietaltemporal [7] regions. In this study, we found that significant
modulation of neural interaction discriminates between
conscious and unconscious states in all combinations of
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cortical region pairs, and not only in specific region pairs
(Figure 2A and 5A). The advantage of our recoding method is
that it allowed us to record signals with high temporal and
spectral resolution from most cortical regions. In analytical
method, we used spectral Granger causality with a wide range
of frequency bands in the pattern classification analysis. Unlike
other recording and analytical methods, those techniques
allowed us to extract more information so that we could classify
conscious and unconscious states with better performance.
Specifically we were able to identify unique frequency bands,
which were informative for discriminating between conscious
and unconscious states (Figure 2B and 2C).

Specifically, under anesthesia, Granger causality between the
anterior and posterior cingulate cortices has been reported to
increase in both beta and gamma bands in human EEG studies
[28]. However, the large-scale network interactions that
increase under unconscious states have not been
systematically examined. Consequently, our findings regarding
the unconscious network might be the first report.

Unconscious network in the theta band
Slow wave oscillation (0.1–4 Hz) is one of the characteristic
features seen in sleep and under anesthesia [30]. This slow
oscillation in the sleeping state can be observed anywhere in
the cortex [31] and propagates along the anterior to posterior
axis in a top-down manner [31,32]. The first component in our
current study comprises of interactions in a top-down manner
in the theta band. Although the peak frequency of the first
component was found at 8 Hz (Figure 3C), the similar direction
of information flow and the slow wave oscillation observed in
the previous studies indicate that this component was able to
capture a part of the network forming slow wave oscillations.
When slow wave oscillation was evoked during propofolinduced anesthesia, neural spiking occurred within a limited
window that caused fragmented neural interactions [33]. Thus,
the emergence of the unconscious network in the theta
frequency band might reflect active disassembly of the
conscious network via a perturbation in spike timing activity.

Technical Advantages and Limitations of Granger
Causality
Although spectral Granger causality is the useful method for
measuring neural interactions, there are some technical
limitations. One is that spectral Granger causality measures
bivariate causality so that it could extract the false interaction
between two nodes when there was no actual interaction but
they were influenced by a common source. In the current
analysis, we cannot exclude the possibility. The multivariate
autoregression model, which is the extension of Granger
causality concept, is one option to overcome the problem by
taking account of the multivariate dependencies of signals
[21-23].
Another limitation is that spectral Granger causality cannot
discriminate the functional and effective connectivity [24,25].
The method for measuring the effective connectivity, such as
dynamical causal modeling (DCM)[26], have a potential to
identify the most likely brain network which explains the
observed neural signal. But the number of network node of the
model in DCM tends to be sparse [12,27] and so far it is hard to
presuppose the plausible network model of large-scale
network. In contrast, spectral Granger causality is "model free"
technique. In this study, we collected neural data from entire
lateral cortex where number of nodes was unknown. Thus,
even though there was the possibility of picking false
interaction, “model free” spectral Granger causality has certain
advantage as a first step to reveal comprehensive
consciousness network from the massive dataset [24].

Unconscious network in the gamma band
The fourth component’s peak frequency fell into the gamma
band and was informative in discriminating the unconscious
state. Gamma oscillations are associated with a multitude of
cognitive functions [34]. It might seem surprising that the fourth
component did not have large weights in the awake condition.
One possible interpretation of this is that gamma oscillation
under the awake condition is highly transient since it reflects a
dynamically changing external environment. Our methods
extracted stationary interactions, but were not sensitive enough
to extract transient ones. The total distribution of region scores
for most of the cortical region pairs in the fourth component
(Figure 3D, Anes., Comp4) might indicate that the brain has
global uniformity in its synchronized activity under the gamma
frequency band in the unconscious state. However, in the
conscious state, each cortical region generated transient
interactions depending on cognitive demands thus losing the
global gamma synchrony. This seems to be consistent with the
information integration hypothesis, which suggests that the
brain might have the capacity to generate a repertoire of
different conditions in the conscious state, but that this ability is
lost with the loss of consciousness [35]. According to the
hypothesis, uniform synchronizations in gamma bands during
unconsciousness might be the condition in which the brain
loses its capacity to generate a range of different states.
In the anesthetized condition, spike activity was entrained by
the phase of the slow wave oscillation [33]. Therefore, the
global gamma synchrony observed in the fourth component
might reflect the synchronized spike activity entrained by global
slow wave oscillations.

Existence of the unconscious network
In this study, we used the integration theory to hypothesize
that the conscious state is generated by highly integrated
neural interactions that disappear in the unconscious state
[1-4]. Our results half supported this hypothesis. We identified
4 network components that contributed to conscious and
unconscious states. The second and third components reduced
interactions in the unconscious state in both alpha and beta
bands, which supports the integration theory; however, in the
first and fourth components, integrated neural interactions in
theta and gamma bands emerged under the unconscious state
(Figure 2B), which was not predicted by the theory. We defined
the second and third components as the conscious network,
and the first and fourth networks as the unconscious network.
A few reports have acknowledged the existence of the
unconscious network under anesthesia [28] and epilepsy [29].
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Conscious network

Top-down interactions in the conscious network

The second and third components had large weights in the
conscious states. The score of the frequency domain in the
second (at 14 Hz) and third (at 18 Hz) components correspond
to alpha and beta bands (Figure 3C). In terms of the direction
of the interaction, the second and third components shared a
similar feature in which a sink in interaction was observed in
the prefrontal cortex (Figure 4B, Awake, Comp.2 and 3);
however, the dominant source regions remained different. The
second component had its dominant source in the visual and
temporal cortices, whereas the third component’s dominant
source was located in the somatosensory motor cortices.
Additionally, when compared to the second component, the
third component comprised of more top-down interactions
stemming from the prefrontal to the visual cortex (Figure 3D,
Directional difference, Comp 2 and 3).

Even though bottom-up interactions were dominant in the
conscious network, we also found top-down interactions in the
third component. Here, we saw that the prefrontal cortex
showed top-down interactions with the temporal and lower and
higher visual cortices (Figure 3D, Directional difference, Comp
2 and 3). Some studies have reported the presence of topdown interactions in a slow frequency band during an attention
task. These studies found the top-down interactions at 4–12 Hz
from the visual association cortex to primary visual cortex [39]
and at 6–16 Hz from the prefrontal to posterior parietal cortices
[40]. In our study, the third component peaked at 18 Hz (Figure
3C), which was a little higher than the values reported by the
previous studies. Additionally, in contrast to the previous
studies that demonstrated these interactions during an
attention task, our study demonstrates the interactions in the
resting-state; therefore, the top-down interactions from the
prefrontal to visual cortices in the third component cannot be
attributed to processing of external visual information. This
suggests that the top-down interaction we observed in the third
component might reflect baseline information flow occurring in
the conscious state, regardless of visual processing.

Large-scale interactions in the alpha and beta bands
Previous human magnetoencephalography studies have
reported a large-scale correlation in alpha and beta frequency
bands during the resting state [36,37]. Those previous findings
are comparable to our observation of conscious network in
terms of the network’s size and frequency profile. However, in
contrast to previous studies, our study successfully extracted
directional information of the interactions. Additionally, previous
studies failed to test if large-scale correlations would be
preserved in the unconscious state. In our study, we found that
the large-scale interactions in alpha and beta bands were
specifically correlated with the conscious state, and not with the
unconscious state.

Functional significance of the conscious network
Alpha and beta band oscillations in the resting state have
been proposed to reflect an idle state [41,42]. However, recent
evidence has suggested that alpha and beta oscillations might
serve to actively suppress cortical activity in order to regulate
information transmission [43,44]. In the theory, the region that
was irrelevant to the task being performed was shut down by
sustaining a higher level of alpha and beta oscillations. On the
other hand, the reduction of alpha and beta activity in the
region that was relevant to the task lead to the disinhibition of
cortical activity, shaping the functional network. In support of
this, 1 previous study showed that if beta oscillations in the
motor cortex were maintained at high levels, by using
alternating transcranial current stimulation, slow voluntary
movement was observed in a visuo-motor tracking task [45].
Desynchronization of the beta oscillation band is needed for
normal motor movement, the failure of which is correlated with
motor deficits [46]. Previous studies have shown that during
spatial attention [47,48] and working memory [49,50] tasks,
oscillations in the alpha frequency band decrease in regions
related to a given task, but increase in regions that are taskirrelevant. The network underlying consciousness in our study
is compatible with the theory supported by these previous
reports. One possible interpretation is that large-scale
interactions in the second and third components might be
associated with allocation of neural resources in the brain
network to aid in shaping the functional architecture of the
conscious state [43].

Consciousness has a bottom-up type interaction
The conscious network has a unique mode of large-scale
cortical interaction. One of the characteristic features of this is
that the prefrontal cortex serves as a sink region. Previous
studies have mostly focused on top-down interactions between
the frontal and parietal cortices that characterize the conscious
state. Compared with the resting conscious state, anesthetized
states show the reduction of feedback connectivity in the frontal
to parietal network, as reported by human EEG studies
[9,11,12]. However, the fact that large disruptions in the frontal
cortex do not affect the conscious state [38] indicates that, at
least, the information outflow from this region may not be
crucial to maintain consciousness. In contrast with the previous
studies, our study shows that in the second and third
components, was mainly an inflow region (Figure 4B, Awake,
Comp 2 and 3), and cortical interactions from sensory and
motor cortices converged on the lateral and medial prefrontal
cortices. One possible explanation for this reversal in direction
might be the difference of signal quality in the spectral domain
between EEG and ECoG. Compared to EEG signal, ECoG
signal has better spatial resolution and provides more
information in the spectral domain, and since the previous
studies did not evaluate connectivity in the spectral domain, we
cannot directly compare the results.
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Conclusions
This study identified 4 network components for the conscious
and unconscious states, each with unique patterns for largescale interactions in the spectral domain. Our results indicate
that the difference between the conscious and unconscious
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During the experiments, the monkey was seated in a primate
chair with both arms and head movement restricted. The
monkey’s eyes were covered to refrain from evoking visual
response during the entirety of the experimental period. In the
experiment
using
propofol-induced
anesthesia,
electromyography (EMG) was performed at a sampling rate of
1 kHz by a Cerebus data acquisition system. This was
accomplished by putting 2 electrodes (Nihon Kohden,
Disposable electrode for ECG Monitoring M-150) over the top
of each hand and monitoring finger movement. The difference
in potential between the 2 electrodes was used as the EMG
signal. Neural data were also acquired during the awake and
anesthetized conditions. In the awake condition, a monkey
would sit calmly for up to 20 min at which time we would start
to monitor heart rate. In experiments where the ketaminemedetomidine cocktail was used to induce anesthesia, the
ketamine (~5.0 mg/kg for M1-M3, 8.8 mg/kg for M4) and
medetomidine (~0.016 mg/kg for M1-M3, 0.053 mg/kg for M4)
were injected intramuscularly (see Table S1). In contrast,
propofol-induced anesthesia was achieved through intravenous
propofol (5.2 mg/kg for M1, M2) injection (see Table S1). LOC
was defined as the point at which a monkey no longer
responded to manipulation of the monkey’s hand or touching of
the nostril or philtrum with a cotton swab. As an additional
confirmation that the monkey had achieved LOC, we could
observe slow wave oscillations in the neural signal. After LOC
was established, neural activity was recorded for ~25 min for
the
ketamine
and
medetomidine-induced
anesthesia
experiment and ~10 min for the propofol-induced anesthesia
experiment. Heart rate and breathing were monitored carefully
throughout the length of the experiment. We performed two to
three recording sessions for each monkey, all on separate days
(See Table S1).

states is characterized more by the switching of specific
frequency modes in the large-scale communication occurring in
entire cortical regions, rather than the disconnection of
interactions amongst particular cortical regions.

Materials and Methods
Subjects and Materials
All experimental and surgical procedures were performed in
accordance with the experimental protocols (No. H24-2-203(4))
approved by the RIKEN ethics committee and the
recommendations of the Weatherall report, "The use of nonhuman primates in research". Implantation surgery was
performed under sodium pentobarbital anesthesia, and all
efforts were made to minimize suffering. No animal was
sacrificed in this study. Overall care was managed by the
Division of Research Resource Center at RIKEN Brain Science
Institute. The animal was housed in a large individual enclosure
with other animals visible in the room, and maintained on a
12:12-h light:dark cycle. The animal was given food (PS-A;
Oriental Yeast Co., Ltd., Tokyo, Japan) and water ad libitum,
and also daily fruit/dry treats as a means of enrichment and
novelty. The animal was occasionally provided toys in the
cage. The in-house veterinary doctor checked the animal and
updated daily feedings in order to maintain weight. We have
attempted to offer as humane treatment of our subject as
possible.
Neural and behavioral recordings were performed by
employing a multi-dimensional recording technique [13].
Chronically implanted, customized multichannel ECoG
electrode arrays (Unique Medical, Japan) were used for neural
recording [13]. Electrodes were made of 3-mm diameter
platinum discs that were dimpled at the center after being
exposed to an insulating silicone sheet 0.8 mm in diameter.
The array was implanted in the subdural space in 4 adult
macaque monkeys M1-M3 are Macaca fuscata and M4 is
Macaca mulatta). One hundred and twenty-eight channel
ECoG electrodes with an interelectrode distance of 5 mm were
implanted in the left hemisphere, continuously covering over
the frontal, parietal, temporal, and occipital lobes (Figure 1A
and S1). Additionally the electrodes of Monkey M1 covered the
medial frontal and parietal walls and the electrodes of Monkey
M2 covered the medial frontal and occipital walls. Reference
electrodes were made of rectangular platinum plates placed in
the subdural space between the ECoG array and dura mater.
Lastly, ground electrodes were placed in the epidural space
(See 13 for the detailed method). Parts of the dataset are
shared in the public server Neurotycho.org (http://
neurotycho.org/) [13].

Natural sleep experiment
During the sleep experiment under the conditions of sleep,
awake with eyes closed, and awake with eyes open, the state
of the monkey was monitored by recording electrooculogram
(EOG) and EMG signals. EOG signals were recorded from the
muscles of the right eye by placing 2 electrodes on near the
outer and inner canthi of the right eye. The difference in
potential between the 2 electrodes was then used as the EOG
signal. EMG signals were recorded from the chin and top of the
right and left hands. Two electrodes were put on the chin, and
the difference in the potential between these electrodes was
used as the EMG signal. Lastly, the EMG signal for over the
hands was collected as previously described.
In the sleep condition, the eyes were covered by an eye
mask, and the experimental room was kept quiet and dark for
up to 1.5 hours. During this period, slow wave oscillation
appeared intermittently in the ECoG signal. Immediately
following the sleep condition, the light was turned on, and data
acquisition was continued under the eyes closed condition for
10 minutes. The eye mask was removed for the eyes open
condition, which lasted for 10 minutes. For monkeys M1 and
M2, 3 and 4 recording sessions were performed on separate
days, respectively (See Table S1). The sleep state was defined
by the degree of spatial synchronization in slow wave

Experimental Procedures
Anesthesia experiment
We did 2 experiments in which the monkey was under
anesthesia.
Two
anesthetic
agents,
ketamine
and
medetomidine, were used in the first experiment. In the second
experiment, only propofol was used (See Table S1).
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oscillations (See Text S1, Figure S2 and S3 for the detail
method).

function “cca_find_model_order_mtrial” in the GC toolbox for all
combinations of electrode pairs. In this study, the AIC
monotonically decreased with increasing model order, up to a
value of 15 for all combinations of electrode pairs (Figure S4A).
However we found consistent results in the 4 model orders by
comparing the data produced by using different models of
order 5, 7, 10, and 15. Thus, we used a model order of 7 (35
ms) due to a balance between computational power and time.
The covariance stationarity was checked by KwiatkowskiPhillips-Schmidt-Shin (KPSS) test [15,52]. We used the
function “cca_kpss_mtrial” in the GC toolbox and found that the
time-series of all electrodes passed the KPSS test (Figure
S4B). Each of the 200-ms bins was considered as an
independent common stochastic process [53] and thus was
used to construct a single model. We assumed that there were
cortical regions with unique and sustained interactions for over
120 sec. In practice, the GC toolbox supports multi-trial
functions, “cca_pwcausal,” which estimate a single model
directly from the multi-trial data. In this analysis, each short bin
was regarded as a different trial, and a single model was
constructed from the pseudo multi-trial data.
Bivariate Granger causality was derived by using the spectral
matrix for all combinations of electrode pairs [15,16,54] and for
all frequency windows (size 2 Hz) ranging from 6 to 100 Hz.
The lower limit of the frequency corresponded to 1 full cycle of
oscillations with 200-ms short bins. For each electrode pair, 48
causal models were constructed.

Signal processing and spectral Granger causality
analysis
ECoG signals were recorded at a sampling rate of 1 kHz by
a Cerebus data acquisition system (Blackrock, UT, USA) and
down-sampled to 200 Hz. The differential activity between
nearest neighbor electrode pairs was calculated as rereferenced local cortical activity (See Figure 1A and S1). Each
original electrode signal was used only once for re-referencing
so that each re-referenced signal was created from unique
electrode pairs. In other words, the total number of electrodes
that were re-referenced was half of the original electrode
number. Throughout the manuscript, the re-referenced
electrode and signal will be referred to as “electrode” and
“signal.”
We adapted a Matlab software package, the “Granger
Causal Connectivity Analysis” (GC toolbox) developed by Seth
[15], to calculate spectral Granger causality. For all
experiments, ECoG signals were converted to 2-sec time
series bins without overlap, and 60 (120 sec) bins were
randomly selected from all recording sessions for each
condition. In the 2 anesthesia experiments (ketaminemedetomidine and propofol), 60 (120 second) bins were
selected from all recording sessions for each condition. For
instance, in the case of M3 with 3 days of recording, 20 bins
(total 40 seconds for each of the awake and the anesthetized
conditions) were randomly selected from the data of each
recording session. By pooling data for 3 days, the total number
of bins used for the monkey was 60 bins (120 sec) for each
condition. In the natural sleep experiment, 60 (120 sec) bins in
which the spatial synchronization index (SSI, see Text S1 for
the detail) exceed the threshold (=0.25) were selected from all
recording sessions for each condition.
Bins with noisy signal were excluded (See Text S2). Multitaper filtering was applied to each of the 2-sec bins to remove
line noise at 50 Hz [51]. Next, the time series in the 2-sec bin
was converted to finer time bins separated by 200 ms with no
overlap (total 600 short bins for each of the awake and
anesthetized/sleep conditions). In each of the 200-ms bins, the
time series data was detrended by removing the best-fit linear
trend, and transformed into z-score by subtracting its mean and
then dividing by its standard deviation (Figure 1B).
To test the accuracy of this result, we made 6 sample
conditions using the same technique as described above.
There was no overlap in the selected time bin amongst the
different condition samples, and the bootstrap resampling
method was applied. This procedure involved creating 100
bootstrap samples, in which the original data (600 short bins)
was randomly resampled with short bins, while preserving
serial order and causal relations amongst electrodes in the
short bins.
For all bootstrap samples in all sample conditions, spectral
Granger causality was calculated (Figure 1B). To detect the
optimal model order for the bivariate mode of Granger
causality, we plotted the minimum of the Akaike Information
Criterion (AIC) as a function of the model order. We used the
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Support Vector Machine (SVM)
We used the Matlab software package “LIBLINEAR” for SVM
[17]. In SVM, we used the default parameter setting in which
the type of solver was “L2-regularized L2-loss support vector
classification” and cost-value was set to 1.

Parallel factor analysis (PARAFAC)
We used the Matlab software package “N-way Toolbox “ [19]
for PARAFAC. The type of constraint for each dimension was
set to non-negativity. The proper number of components was
determined by using the Core consistency diagnostic (CCD) in
which number of components is highest when the value of
CCD was kept to be more than 40% [20].

Supporting Information
Figure S1. The original and bipolar re-referenced ECoG
electrode arrays on the left cortical surface of the 4
monkeys (M1-M4). The white circles are the original
electrodes, and red circles are bipolar re-referenced
electrodes.
(TIF)
Figure S2. The typical time series of normalized ECoG,
EOG, EMG, and SSI in the sleep and eyes-closed
conditions. Three electrodes were selected for normalized
ECoG1 to ECoG3. For preprocessing, the bandpass filter
(fourth Butterworth filter) from 0.5 Hz to 100 Hz was applied to
the ECoG signal, and the filtered signal was normalized by
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(TIF)

using its mean and standard deviation (Normalized ECoG). For
EOG and EMG signals, the signals were converted to 1-sec
time series bins with 200-msec overlap. The absolute value of
signals was averaged for each bin, and the averaged value of
the bin was normalized by using its mean and standard
deviation (Normalized EOG and EMG).
(TIF)

Figure S5. Individual consistency of the region score
matrix amongst the 4 monkeys for all 4 components, and
for the awake (red) and anesthetized (blue) conditions. For
each component (4 × 2 = 8), the spearman correlation
coefficient of the region score matrix was calculated for all
combinations of monkey pairs (6 pairs). Individual consistency
was defined by the ratio of the number of significant
correlations in monkey pairs to the number of all combinations
of monkey pairs (p < 0.05, FDR correction).
(TIF)

Figure S3. A: The density of the number of time bins for
SSI, normalized EOG, and EMG for the sleep (red), eyesclosed (blue), and eyes-open (green) conditions, for
monkeys M1 and M2. B: The density of the number of time
bins in relation with SSI and normalized EOG/EMG for the
sleep, eyes-closed, and eyes-open conditions for monkeys M1
and M2.
(TIF)

Table S1. Detailed information of the 3 experiments,
namely, ketamine–medetomidine- and propofol-induced
anesthesia and natural sleep experiments.
(TIF)

Figure S4. A: Normalized AIC for the awake and ketamine–
medetomidine-induced anesthetized conditions for the 4
monkeys. In 1 condition sample, the AIC was calculated for all
combinations of electrode pairs. The AIC was averaged for all
combinations of electrode pairs and was normalized by its
mean and standard deviation along frequency. The blue and
red lines indicate the averaged distribution of 4 monkeys for
awake and anesthetized conditions, respectively. The range
from minimum to maximum values is shown by the shading
around the plots.
B: The pass rate of KPSS test for the awake and ketamine–
medetomidine-induced anesthetized conditions for the 4
monkeys. In 1 condition sample, KPSS test was applied for all
electrodes. The numbers of electrode that pass the KPSS test
were averaged for all number of electrodes. The blue and red
lines mean the averaged distribution of 4 monkeys for awake
and anesthetized conditions, respectively. The range from
minimum to maximum values is shown by the shaded areas
around the plots.

Text S1. Definition of sleep state.
(DOCX)
Text S2. Filtering of noisy ECoG signal.
(DOCX)

Acknowledgements
We thank Yasuo Nagasaka and Tomonori Notoya for their
technical assistance. One monkey was provided by NBRP
"Japanese Monkeys" through the National BioResource Project
of the MEXT, Japan.

Author Contributions
Conceived and designed the experiments: TY NH. Performed
the experiments: TY NH. Analyzed the data: TY ZC NH NF.
Contributed reagents/materials/analysis tools: TY ZC NH NF.
Wrote the manuscript: TY NF.

References
1. Seth AK, Dienes Z, Cleeremans A, Overgaard M, Pessoa L (2008)
Measuring consciousness: relating behavioural and neurophysiological
approaches. Trends Cogn Sci 12: 314-321. doi:10.1016/j.tics.
2008.04.008. PubMed: 18606562.
2. Baars BJ (2002) The conscious access hypothesis: origins and recent
evidence.
Trends
Cogn
Sci
6:
47-52.
doi:10.1016/
S1364-6613(00)01819-2. PubMed: 11849615.
3. Tononi G, Edelman GM (1998) Consciousness and complexity.
Science
282:
1846-1851.
doi:10.1126/science.282.5395.1846.
PubMed: 9836628.
4. Tononi G (2004) An information integration theory of consciousness.
BMC Neurosci 5: 42. doi:10.1186/1471-2202-5-42. PubMed: 15522121.
5. White NS, Alkire MT (2003) Impaired thalamocortical connectivity in
humans
during
general-anesthetic-induced
unconsciousness.
Neuroimage 19: 402-411. doi:10.1016/S1053-8119(03)00103-4.
PubMed: 12814589.
6. Boveroux P, Vanhaudenhuyse A, Bruno MA, Noirhomme Q, Lauwick S
et al. (2010) Breakdown of within- and between-network resting state
functional magnetic resonance imaging connectivity during propofolinduced loss of consciousness. Anesthesiology 113: 1038-1053. doi:
10.1097/ALN.0b013e3181f697f5. PubMed: 20885292.
7. Schrouff J, Perlbarg V, Boly M, Marrelec G, Boveroux P et al. (2011)
Brain functional integration decreases during propofol-induced loss of
consciousness. NeuroImage 57: 198-205. doi:10.1016/j.neuroimage.
2011.04.020. PubMed: 21524704.

PLOS ONE | www.plosone.org

8. John ER, Prichep LS, Kox W, Valdés-Sosa P, Bosch-Bayard J et al.
(2001) Invariant reversible QEEG effects of anesthetics. Conscious
Cogn 10: 165-183. doi:10.1006/ccog.2001.0507. PubMed: 11414713.
9. Ku SW, Lee U, Noh GJ, Jun IG, Mashour GA (2011) Preferential
inhibition of frontal-to-parietal feedback connectivity is a
neurophysiologic correlate of general anesthesia in surgical patients.
PLOS ONE 6: e25155. doi:10.1371/journal.pone.0025155. PubMed:
21998638.
10. Massimini M, Ferrarelli F, Huber R, Esser SK, Singh H et al. (2005)
Breakdown of cortical effective connectivity during sleep. Science 309:
2228-2232. doi:10.1126/science.1117256. PubMed: 16195466.
11. Lee U, Kim S, Noh GJ, Choi BM, Hwang E et al. (2009) The
directionality and functional organization of frontoparietal connectivity
during consciousness and anesthesia in humans. Conscious Cogn 18:
1069-1078. doi:10.1016/j.concog.2009.04.004. PubMed: 19443244.
12. Boly M, Moran R, Murphy M, Boveroux P, Bruno MA et al. (2012)
Connectivity changes underlying spectral EEG changes during
propofol-induced loss of consciousness. J Neurosci 32: 7082-7090. doi:
10.1523/JNEUROSCI.3769-11.2012. PubMed: 22593076.
13. Nagasaka Y, Shimoda K, Fujii N (2011) Multidimensional Recording
(MDR) and Data Sharing: An Ecological Open Research and
Educational Platform for Neuroscience. PLOS ONE 6: e22561. doi:
10.1371/journal.pone.0022561. PubMed: 21811633.

12

November 2013 | Volume 8 | Issue 11 | e80845

Information Flow in Consciousness Related Network

14. Chao ZC, Nagasaka Y, Fujii N (2010) Long-term asynchronous
decoding of arm motion using electrocorticographic signals in monkeys.
Front Neuroeng 3: 3. PubMed: 20407639.
15. Seth AK (2010) A MATLAB toolbox for Granger causal connectivity
analysis. J Neurosci Methods 186: 262-273. doi:10.1016/j.jneumeth.
2009.11.020. PubMed: 19961876.
16. Geweke J (1982) Measurement of linear dependence and feedback
between multiple time series. J Am Stat Assoc 77: 304-313. doi:
10.1080/01621459.1982.10477803.
17. Fan RE, Chang KW, Hsieh CJ, Wang XR, Lin CJ (2008) LIBLINEAR: A
Library for Large Linear Classification. J Mach Learn Res 9: 1871-1874.
18. Miwakeichi F, Martínez-Montes E, Valdés-Sosa PA, Nishiyama N,
Mizuhara H et al. (2004) Decomposing EEG data into space-timefrequency components using Parallel Factor Analysis. NeuroImage 22:
1035-1045.
doi:10.1016/j.neuroimage.2004.03.039.
PubMed:
15219576.
19. Andersson CA, Bro R (2000) The N-way Toolbox for MATLAB.
Chemom Intell Lab Syst 52: 1-4. doi:10.1016/S0169-7439(00)00071-X.
20. Bro R, Kiers HAL (2003) A new efficient method for determining the
number of components in PARAFA models. J Chemom 17: 274-286.
doi:10.1002/cem.801.
21. Valdés-Sosa PA, Sánchez-Bornot JM, Lage-Castellanos A, VegaHernández M, Bosch-Bayard J et al. (2005) Estimating brain functional
connectivity with sparse multivariate autoregression. Philos Trans R
Soc Lond B Biol Sci 360: 969-981. doi:10.1098/rstb.2005.1654.
PubMed: 16087441.
22. Chen Y, Bressler SL, Ding M (2006) Frequency decomposition of
conditional Granger causality and application to multivariate neural field
potential data. J Neurosci Methods 150: 228-237. doi:10.1016/
j.jneumeth.2005.06.011. PubMed: 16099512.
23. Delorme A, Mullen T, Kothe C, Akalin Acar Z, Bigdely-Shamlo N et al.
(2011) EEGLAB, SIFT, NFT, BCILAB, and ERICA: new tools for
advanced EEG processing. Comput Intell Neurosci 2011: 130714.
24. Friston KJ (2011) Functional and effective connectivity: a review. Brain
Connect 1: 13-36. doi:10.1089/brain.2011.0008. PubMed: 22432952.
25. Valdes-Sosa PA, Roebroeck A, Daunizeau J, Friston K (2011) Effective
connectivity: influence, causality and biophysical modeling.
NeuroImage 58: 339-361. doi:10.1016/j.neuroimage.2011.03.058.
PubMed: 21477655.
26. Friston KJ, Harrison L, Penny W (2003) Dynamic causal modelling.
Neuroimage 19: 1273-1302. doi:10.1016/S1053-8119(03)00202-7.
PubMed: 12948688.
27. Boly M, Garrido MI, Gosseries O, Bruno MA, Boveroux P et al. (2011)
Preserved feedforward but impaired top-down processes in the
vegetative state. Science 332: 858-862. doi:10.1126/science.1202043.
PubMed: 21566197.
28. Barrett AB, Murphy M, Bruno MA, Noirhomme Q, Boly M et al. (2012)
Granger causality analysis of steady-state electroencephalographic
signals during propofol-induced anaesthesia. PLOS ONE 7: e29072.
doi:10.1371/journal.pone.0029072. PubMed: 22242156.
29. Arthuis M, Valton L, Régis J, Chauvel P, Wendling F et al. (2009)
Impaired consciousness during temporal lobe seizures is related to
increased long-distance cortical-subcortical synchronization. Brain 132:
2091-2101. doi:10.1093/brain/awp086. PubMed: 19416952.
30. Chauvette S, Crochet S, Volgushev M, Timofeev I (2011) Properties of
Slow Oscillation during Slow-Wave Sleep and Anesthesia in Cats. J
Neurosci 31: 14998-15008. doi:10.1523/JNEUROSCI.2339-11.2011.
PubMed: 22016533.
31. Murphy M, Riedner BA, Huber R, Massimini M, Ferrarelli F et al. (2009)
Source modeling sleep slow waves. Proc Natl Acad Sci U S A 106:
1608-1613. doi:10.1073/pnas.0807933106. PubMed: 19164756.
32. Massimini M, Huber R, Ferrarelli F, Hill S, Tononi G (2004) The sleep
slow oscillation as a traveling wave. J Neurosci 24: 6862-6870. doi:
10.1523/JNEUROSCI.1318-04.2004. PubMed: 15295020.
33. Lewis LD, Weiner VS, Mukamel EA, Donoghue JA, Eskandar EN et al.
(2012) Rapid fragmentation of neuronal networks at the onset of
propofol-induced unconsciousness. Proc Natl Acad Sci U S A 109:
E3377-E3386. doi:10.1073/pnas.1210907109. PubMed: 23129622.
34. Fries P (2009) Neuronal gamma-band synchronization as a
fundamental process in cortical computation. Annu Rev Neurosci 32:
209-224.
doi:10.1146/annurev.neuro.051508.135603.
PubMed:
19400723.

PLOS ONE | www.plosone.org

35. Alkire MT, Hudetz AG, Tononi G (2008) Consciousness and
anesthesia. Science 322: 876-880. doi:10.1126/science.1149213.
PubMed: 18988836.
36. Hipp JF, Hawellek DJ, Corbetta M, Siegel M, Engel AK (2012) Largescale cortical correlation structure of spontaneous oscillatory activity.
Nat Neurosci 15: 884-890. doi:10.1038/nn.3101. PubMed: 22561454.
37. de Pasquale F, Della Penna S, Snyder AZ, Marzetti L, Pizzella V et al.
(2012) A cortical core for dynamic integration of functional networks in
the resting human brain. Neuron 74: 753-764. doi:10.1016/j.neuron.
2012.03.031. PubMed: 22632732.
38. Markowitsch HJ, Kessler J (2000) Massive impairment in executive
functions with partial preservation of other cognitive functions: the case
of a young patient with severe degeneration of the prefrontal cortex.
Exp Brain Res 133: 94-102. doi:10.1007/s002210000404. PubMed:
10933214.
39. von Stein A, Chiang C, König P (2000) Top-down processing mediated
by interareal synchronization. Proc Natl Acad Sci U S A 97:
14748-14753. doi:10.1073/pnas.97.26.14748. PubMed: 11121074.
40. Buschman TJ, Miller EK (2007) Top-down versus bottom-up control of
attention in the prefrontal and posterior parietal cortices. Science 315:
1860-1862. doi:10.1126/science.1138071. PubMed: 17395832.
41. Pfurtscheller G, Stancák AJ, Neuper C (1996) Post-movement beta
synchronization.
A
correlate
of
an
idling
motor
area?
Electroencephalogr
Clin
Neurophysiol
98:
281-293.
doi:
10.1016/0013-4694(95)00258-8. PubMed: 8641150.
42. Pfurtscheller G, Stancák A Jr., Neuper C (1996) Event-related
synchronization (ERS) in the alpha band--an electrophysiological
correlate of cortical idling: a review. Int J Psychophysiol 24: 39-46. doi:
10.1016/S0167-8760(96)00066-9. PubMed: 8978434.
43. Jensen O, Mazaheri A (2010) Shaping functional architecture by
oscillatory alpha activity: gating by inhibition. Front Hum Neurosci 4:
186. PubMed: 21119777.
44. Miller KJ, Hermes D, Honey CJ, Hebb AO, Ramsey NF et al. (2012)
Human motor cortical activity is selectively phase-entrained on
underlying rhythms. PLOS Comput Biol 8: e1002655. PubMed:
22969416.
45. Pogosyan A, Gaynor LD, Eusebio A, Brown P (2009) Boosting cortical
activity at Beta-band frequencies slows movement in humans. Curr Biol
19: 1637-1641. doi:10.1016/j.cub.2009.07.074. PubMed: 19800236.
46. Hammond C, Bergman H, Brown P (2007) Pathological synchronization
in Parkinson's disease: networks, models and treatments. Trends
Neurosci 30: 357-364. doi:10.1016/j.tins.2007.05.004. PubMed:
17532060.
47. Händel BF, Haarmeier T, Jensen O (2011) Alpha oscillations correlate
with the successful inhibition of unattended stimuli. J Cogn Neurosci
23: 2494-2502. doi:10.1162/jocn.2010.21557. PubMed: 20681750.
48. Rihs TA, Michel CM, Thut G (2007) Mechanisms of selective inhibition
in visual spatial attention are indexed by alpha-band EEG
synchronization. Eur J Neurosci 25: 603-610. doi:10.1111/j.
1460-9568.2007.05278.x. PubMed: 17284203.
49. Haegens S, Osipova D, Oostenveld R, Jensen O (2010)
Somatosensory working memory performance in humans depends on
both engagement and disengagement of regions in a distributed
network. Hum Brain Mapp 31: 26-35. PubMed: 19569072.
50. Jokisch D, Jensen O (2007) Modulation of gamma and alpha activity
during a working memory task engaging the dorsal or ventral stream. J
Neurosci 27: 3244-3251. doi:10.1523/JNEUROSCI.5399-06.2007.
PubMed: 17376984.
51. Mitra P, Bokil H (2008) Observed Brain Dynamics. New York: Oxford
University Press.
52. Kwiatkowski D, Phillips PCB, Schmidt P, Shin Y (1992) Testing the null
hypothesis of stationarity against the alternative of a unit root. J
Econom 54: 159-178. doi:10.1016/0304-4076(92)90104-Y.
53. Ding M, Bressler SL, Yang W, Liang H (2000) Short-window spectral
analysis of cortical event-related potentials by adaptive multivariate
autoregressive modeling: data preprocessing, model validation, and
variability assessment. Biol Cybern 83: 35-45. doi:10.1007/
s004229900137. PubMed: 10933236.
54. Brovelli A, Ding M, Ledberg A, Chen Y, Nakamura R et al. (2004) Beta
oscillations in a large-scale sensorimotor cortical network: directional
influences revealed by Granger causality. Proc Natl Acad Sci U S A
101: 9849-9854. doi:10.1073/pnas.0308538101. PubMed: 15210971.

13

November 2013 | Volume 8 | Issue 11 | e80845

