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� Dynamic brain functional network during anesthesia is supported by 5 metastable network patterns.
� The occurrence of each metastable network pattern is associated with the level of anesthesia.
� An anatomical connectivity supported functional network pattern persists across conscious levels.

a b s t r a c t

Objective: We investigated the changes of dynamic brain functional network from awaken state to the
anesthesia level suitable for surgery.
Methods: 60-channel EEG data of 22 subjects are acquired at wakefulness, light anesthesia and deep
anesthesia. The activity of 68 cortical regions are obtained by using EEG source imaging. Sliding window
analysis is employed to obtain a dynamic sequence of brain functional network. K-means clustering algo-
rithm is then employed to identify the common brain functional network patterns.
Results: Five common brain functional network patterns were identified across all conscious levels. The
occurrence of each meta-stable network pattern was associated with the level of anesthesia. A transition
functional network pattern was found to transfer to the anesthesia dominating or wakefulness dominat-
ing network pattern depending on the conscious level. Furthermore, a functional network pattern per-
sisted during both wakefulness and anesthesia is found to be supported by the anatomical connectivity.
Conclusions: Dynamic changes of brain functional network exist in both awaken and anesthesia state.
Significance: These findings suggest that dynamic brain functional network analysis plays a critical role in
decoding the mechanism of general anesthesia. The obtained five metastable network patterns may be
employed for monitoring the depth of anesthesia.

� 2018 International Federation of Clinical Neurophysiology. Published by Elsevier B.V. All rights
reserved.
1. Introduction

General anesthesia is a drug-induced, revisable state of uncon-
sciousness (Brown et al., 2010). On the molecular level, various
anesthetic agents bind to their designated targets such as c-
aminobutyric acid (GABA) and N-methyl-D-aspartate (NMDA),
which results in an enhanced inhibitory tone (Franks, 2008;
Alkire et al., 2008). The change in the inhibitory/excitatory state
of the neural cells then disrupts the information transmission
and gives rise to the suppression of consciousness (Brown et al.,
2011). On the macroscopic scale, brain network analysis revealed
that loss of responsiveness to external stimulus was accompanied
with the disruption of frontal-to-parietal information transmission
(Lee et al., 2011, 2013b). Moreover, reconfigured hub structure and
reduced network efficiency were consistently observed during
anesthetic-induced loss of responsiveness (Schroter et al., 2012;
Lee et al., 2013a; Blain-Moraes et al., 2014; Kim et al., 2016).

Existing investigations of anesthetic induced changes on the
brain functional network have extended our knowledge on the
mechanism of anesthetic-induced unconsciousness. There are
however two issues need to be resolved before these mechanism
researches can be utilized in clinical settings. Firstly, using
behavior marker as indication of loss of consciousness is prob-
lematic (Sanders et al., 2012). It has been demonstrated that
the required plasma/effect concentration of anesthetic for induc-
ing unconsciousness during surgery is twice as much as that
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required for inducing loss of response to external stimulus (Ni
Mhuircheartaigh et al., 2013). Since the brain functional network
may behave differently under higher dose of anesthetics, it is
therefore desirable to characterize the brain functional network
at the anesthesia level suitable for surgery. Secondly, existing
works mostly employed a static approach in which the brain
functional network structure was assumed to be the same at
the same conscious state, i.e. awake or unconsciousness (Lee
et al., 2013a; Kim et al., 2016). Yet, recent studies demonstrated
that changes of the brain functional connectivity appear to be
varying at the time scales from seconds to minutes (Deco
et al., 2013). Such non-stationary characteristics of brain func-
tional connectivity was showed to be independent of cognitive
process and conscious state (Chang and Glover, 2010;
Hutchison et al., 2013). Hence, the brain may still function in a
dynamic way even after unconsciousness.

Recently, attempts have been made to investigate the
dynamic pattern of brain functional network under anesthesia
(Barttfeld et al., 2015; Kafashan et al., 2016). The measured brain
activity such as fMRI or EEG was first isolated in time domain by
using a sliding window approach. Brain connectivity measure
was then estimated on each sliding window to form a dynamic
sequence along the temporal domain. Then, the clustering analy-
sis was applied to the obtained dynamic sequence to identify the
co-varied functional connectivity pattern across conscious level
(Kafashan et al., 2016). However, such method can not reveal
the transition behavior of the dynamic brain functional network.
To access the dynamic brain functional connectivity on a whole,
it is more reasonable to cluster the estimated time-varying brain
functional networks across time and conscious level (Allen et al.,
2014).

In the present study, we aimed at investigating the dynamic
changes of the brain functional network from awaken state to
the anesthetized state which is suitable for performing surgery.
To do so, 60-channel EEG data were recorded during wakefulness,
light anesthesia and deep anesthesia that were defined by the bis-
pectral index (BIS) value. Electrical source images of the EEG (ESI)
was obtained to locate the cortical activity (Michel et al., 2001,
2004). Then, time-varying functional connectivity between brain
regions was estimated by using sliding-window correlation analy-
sis. K-means clustering was used to identify the common brain
functional network patterns. The transition behavior of these reoc-
curring network patterns at wakefulness, light and deep anes-
thetized state can reveal how the brain functional network
patterns being dynamically affected by the continuous infusion
of propofol. Furthermore, we compared the reoccurring functional
network patterns across three conscious levels to explore the
dynamic brain functional network changes occurred at different
conscious level. As numerous studies have shown profound
changes in alpha rhythms during anesthesia(Purdon et al., 2013;
Vazquez et al., 2014), only alpha band was considered in the pre-
sent study.
2. Methods

2.1. Participants

The experiment procedure was approved by the ethics review
board of the first affiliated hospital of Xi’an Jiaotong University.
Experiments were carried out in accordance to the Declaration of
Helsinki. Totally, 22 male healthy subjects (35.1 � 5.7 years of
age) participated in this study. All the subjects were fully informed
and the written consent form was obtained prior to the experi-
ment. All subjects are drug-free, allergy-friendly to propofol, and
have no history of neurological or psychiatric conditions. Each
participant fasted for over 8 h and had no pre-medication before
the experiment.

2.2. Propofol anesthesia

All the experiments were performed by two experienced anes-
thesiologists. During the experiment, adequate oxygen was deliv-
ered via a face mask. Vital signs including heart rate, blood
pressure and oxygen saturation level (SpO2) were closely moni-
tored by using intra-operative monitors (Philips MP50, Boeblingen,
Germany). The anesthesia depth was tracked by using the bispec-
tral index monitor (Covidien, Mansfield, MA, USA).

Propofol (Fresenius Kabi, Graz, Austria) was served as the sole
anesthetic in the experiment. Propofol was administered via a
target-controlled infusion system based on the Marsh pharmacoki-
netic model (Injectomat TIVA Agilia, Fresenius Kabi Gmbh, Graz,
Austria) (Marsh et al., 1991). The initial target plasma concentra-
tion of propofol was set at 2.0 lg/ml. Prior to the administration
of propofol, the subjects were asked to keep relaxed and wakeful
for 2 min. Subjects were instructed to keep their eyes closed
throughout the experiment.

We targeted at two anesthesia endpoints, i.e. light anesthesia
and deep anesthesia, by using the BIS value. The light and deep
anesthesia was defined as the BIS value falls into the range of
60 � 5 and 40 � 5, respectively (Liu et al., 1997; Struys et al.,
1998). The plasma concentration of propofol was carefully con-
trolled with a step-size of 0.2 lg/ml until achieving the pre-
defined anesthesia endpoints. At each anesthesia level, the BIS
value was kept stable within the pre-defined range for at least
2 min. After completing the data acquisition at deep anesthesia
level, the reverse protocol was initiated by setting the plasma
concentration of propofol to 0 lg/ml, and the subjects were
pushed into the anesthesia recovery room to wait for the full
recovery.

2.3. EEG acquisition and analysis

2.3.1. Pre-processing
60-channels EEG data was recorded using Synamps 2/RT system

(NeuroScan, Singen, Germany). The EEG signal was sampled at
1 kHz. Electrode impedance was kept below 5 kX throughout the
experiment. All the channels were referenced to the left and right
mastoids. The EEG data was first band-pass filtered in the fre-
quency of alpha band (8–12 Hz). Artifacts were removed by visual
inspection. The artifact-free EEG signals were re-referenced to the
common average reference. A block diagram of EEG signal process-
ing and analysis was shown in Fig. 1.

2.3.2. EEG source imaging analysis
60-s long EEG data was extracted from the pre-processed EEG at

each conscious level, i.e. the wakefulness, light anesthesia and deep
anesthesia. Source reconstruction was performed to obtain the cor-
tical activity with additional benefit of mitigating the effect of vol-
ume conduction (Michel et al., 2004). To do so, a reference head
model based on a default anatomy derived from the ICBM152 tem-
plate was firstly generated by using the OpenMEEG boundary ele-
ment method (Gramfort et al., 2010; Mazziotta et al., 2001). Then,
the cortically distributed current density value at 15002 voxels
were estimated using the standardized low-resolution brain elec-
tromagnetic tomography (sLORETA) algorithm (Pascual-Marqui,
2002). Furthermore, these voxels were segmented into 68
regions-of-interest (ROIs) based on the Desikan-Killiany brain atlas
(Desikan et al., 2006). Activity of each ROI was obtained by averag-
ing the current source density of all voxels within that region. All
source localization analyses were performed by using Brainstorm
(Tadel et al., 2011).



Fig. 1. Schematic diagram of data processing.
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2.4. Dynamical functional connectivity analysis

2.4.1. Estimation of functional connectivity
The obtained cortical activity of each ROI was segmented into 1-

s window with fifty percent overlap, which results in 119 data seg-
ments for one conscious level per subject. The adjacent matrix was
estimated using the data from each data segmentation, hence it
formed a dynamic sequence of brain functional activity across all
three conscious levels. Totally, 357 adjacent matrices were
obtained for each subject of all conscious levels. Here, we used
the weight phase lag index (wPLI) to measure the connectivity
strength between a pair of brain regions (Vinck et al., 2011; Lau
et al., 2012). The wPLI is defined as

wPLIni ;nj ;s ¼
sinðMUni ;nj ;sÞ
��� ���
sinðMUni ;nj ;sÞ

* +������
������ ð1Þ

where MUni ;nj ;s ¼ Uni ;s �Unj ;s represents a vector of phase differ-
ences between brain region i and region j at s-th time window.
The phase of information of each brain region Un;s was obtained
by utilizing Hilbert transform, and it was defined as

Un;s ¼ arctan
~xðtÞ
xðtÞ

� �
ð2Þ

where the x(t) and ~x(t) represents the real signal and its correspond-
ing Hilbert transform, respectively.

To prevent false connections, the surrogate data based method
was employed to obtain the genuine connections (Müller et al.,
2008). To do so, 20 surrogate data sets were generated for each
time window, in which the power spectra was kept same to the
original data, but with randomly assigned phases. A connection
was deemed genuine, if its wPLI value deviated from the distribu-
tion of the 20 wPLI values obtained from the surrogate data sets.
Nonparametric Wilcoxon signed-rank test was performed to eval-
uate the deviation (H0 [null hypothesis]: the 20 corresponding
wPLI values came from the surrogate data sets have symmetric dis-
tribution with the wPLI value in the original adjacent matrix) (Lee
et al., 2013a). Only genuine connections were retained for further
analysis.
2.4.2. Clustering analysis
In our analysis, we obtained 357 adjacent matrices for each sub-

ject across all three conscious levels. We polled adjacent matrices
from all subjects over all conscious levels to estimate the common
brain functional network patterns. Totally, 7854 (357 time
windows � 22 subjects) adjacent matrices were obtained. The
k-means clustering algorithm based on L1 distance (Manhattan dis-
tance) was employed to access the reoccurring functional network
patterns. To remove the redundancy in the obtained brain connec-
tivity estimations, we adopted L1-norm regularized least squares
regression (LASSO) to select the most relevant features from the
obtained adjacent matrix (Tibshirani, 1996). Finally, 1412 features
were identified by using the LASSO regression and were used for
the clustering analysis. The number of clusters (k) was determined
by the elbow criterion. The clustering algorithm was repeated 500
times with randomly initialized cluster centroids to ensure the
validity of the clustering results. Then, each adjacent matrix was
assigned to an identified cluster with the closest distance among
all cluster centroids.

To quantify the probability that each identified functional net-
work pattern reoccurred at different conscious level, we computed
the probability of occurrence of cluster Ci as

ps;g;Ci ¼
PN

s¼1ðdðIs;g;s � CiÞÞ
N

; dðxÞ ¼ 1 x ¼ 0
0 x ¼ other

�
ð3Þ

where N ¼ 119 is the number of time windows of the sth subject at
gth conscious level. Is;g;s represents the cluster index of the sth time
window. Hence, ps;g;Ci is a percentage value quantifying the propor-
tion of the identified cluster Ci at a given conscious level.

The transition behavior among the identified common func-
tional network patterns was investigated to explore the temporal
dynamic properties of the brain functional network. For each
subject and each conscious level, the obtained adjacent matrices
were assigned to the identified cluster centroids. Hence, the cluster
indexes of the adjacent matrices constituted a dynamic sequence
in the temporal domain.

We considered the identified clusters formed a finite state space
with maximumly k possible states, denoted as {C1;C2; . . . ;Ck}. At
any given time window, the obtained adjacent matrix will be



Table 1
Resting-state networks, anatomic brain regions.

Networks Regions

Sensory network Cuneus
Fusiform gyrus
Insula
Lateral occipital cortex
Paracentral gyrus
Pericalcarine cortex
Postcentral gyrus
Precentral gyrus
Precuneus cortex
Transverse temporal

Language/memory network Bankssts
Entorhinal
Inferior temporal gyrus
Lingual gyrus
Middle temporal
Parahippocampal gyrus
Superior temporal gyrus
Temporal pole

Attention/executive network Caudal middle frontal gyrus
Frontal pole
Pars opercularis
Pars orbitalis
Pars triangularis
Rostral middle frontal gyrus
Superior frontal gyrus
Superior parietal
Supramarginal gyrus

Default mode network Caudal anterior cingulate
Inferior parietal
isthmus cingulate
lateral orbitofrontal
medial orbitofrontal
Posterior cingulate
Rostral anterior cingulate

Each brain region contain two parts, the left and right hemispheres.
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assigned to only one state among all identified states. We also
assumed that the dynamic sequence of states followed a first-
order Markov chain (Balduzzi and Tononi, 2008). Formally, let
Xt 2 fC1;C2; . . . ; Ckg denote the dynamic sequence of states at t-
th time window. Then, the transition behavior of brain functional
network can be investigated by estimating the transition matrix
Tij ¼ PðXtþ1 ¼ CjjXt ¼ CiÞ, with i and j represents the index of state
at two consecutive time windows, an illustration of Markov chain
with three states was provided in Fig. 2. The transition behavior of
a conscious level was obtained by averaging the transition matri-
ces over all subjects. The stationary distribution was estimated to
further depict the state distribution if a conscious level could be
maintained infinitely. The stationary distribution p of a Markov
chain quantifies the proportion of time a state occupies the chain
despite the starting state. It satisfies p ¼ pT , and often approxi-
mated as the eigenvector corresponds to the unit eigenvalue of T,
with T being the transition matrix of Markov chain.

2.5. Statistical analysis

One-way repeated measures ANOVA with a Greenhouse-
Geisser correction and a post hoc analysis with Bonferroni correc-
tion was employed to compare the probability of occurrence of a
identified common brain functional network pattern across three
conscious levels (wakefulness, light anesthesia and deep anesthe-
sia). Results are deemed statistically significant when P-value is
below 0.05.

Existing studies reported that anesthetic altered the connectiv-
ity both within- and between- resting-state networks (RSNs)
(Liang et al., 2015; Hashmi et al., 2017). Hence, we assigned each
ROI to a RSN based on specific RSN maps (Hashmi et al., 2017),
and then compared the differences of the identified common brain
functional networks across three conscious levels to explore the
dynamic changes of RSNs during propofol infusion. The 68 ROIs
used in this study were divided into four RSNs, including the sen-
sory network (SN), the language/memory network (L/MN), the
attention/executive network (A/EN) and the default mode network
(DMN). The detail parcellation scheme was shown in Table 1. To
ensure that only the strongest connections were used in the statis-
tical analysis, the genuine adjacent matrices were thresholded by
persevering the top 10% of strongest connections (Tagliazucchi
et al., 2012). Then, the adjacent matrix was compressed into a
4� 4 connectivity matrix with each node represents an RSN. The
weight of each edge in the 4� 4 connectivity matrix was the num-
ber of top 10% connections between each pair of RSNs. The diago-
nal element was the number of top 10% connections contained
within an RSN. Since we have assigned each adjacent matrix to a
cluster, the obtained 4� 4 matrices then inherited the cluster
index from its corresponding adjacent matrix. Then, we compared
Fig. 2. Schematic of transition behavior between clusters. In the present study, there
are totally k possible clusters (C1;C2; . . . ;Ck). We just showed 3 clusters here for
illustration. Tij represents the transition probability between the clusters Ci and Cj.
the weight of each edge in the generated 4� 4 matrices between
each pair of clusters by employing two sample t-test. Totally 10
two statistical tests were conducted for each pair of clusters.
Hence, Bonferroni correction was applied to mitigate the effect of
multiple comparisons, which increased the threshold for statistical
significance to P < 0:05=10 ¼ 0:005.
3. Results

3.1. Dynamic functional network patterns

Using k-means clustering analysis, we identified 5 clusters that
presents across all three conscious levels. Each cluster can be con-
sidered as a common brain functional network pattern. We
denoted the five clusters as C1, C2, C3, C4 and C5. The probability
of occurrence of each cluster at three conscious levels, i.e. the
wakefulness, light anesthesia and deep anesthesia, were provided
in Table 2. The probability of occurrence of clusters were compared
across three conscious levels to recognize the dominating pattern
at each conscious level. As shown in Fig. 3 and Table 3, we observed
that the cluster C1 had the highest probability of occurrence at all
three conscious levels (wakefulness: 1555, 59.4%; light anesthesia:
1817, 69.4%; deep anesthesia: 1291, 49.3%). The clusters C2 had
higher probability of occurrence at wakefulness (wakefulness:
606, 23.2%), while clusters C4 (light anesthesia: 324, 12.4%; deep
anesthesia: 735, 28.1%) and C5 (light anesthesia: 361, 13.8%; deep
anesthesia: 358, 13.7%) had higher probability of occurrence at
anesthetized state. The high probability of occurrence of cluster
C2 at wakefulness indicated that the cluster C2 was the dominating
functional network pattern at wakefulness. The high probability of



Table 2
Probability of occurrence of each cluster (C1 to C5) at wakefulness, light anesthesia and deep anesthesia.

Cluster Probability Statistics

Wakefulness Light anesthesia Deep anesthesia

C1 0.5940 � 0.2016 0.6940 � 0.1473 0.4931 � 0.1411 F(1.883,39.534)=11.672, P<0.001
C2 0.2315 � 0.1590 0.0294 � 0.0255 0.0359 � 0.0252 F(1.058,22.211)=36.124, P<0.001
C3 0.0714 � 0.0851 0.0149 � 0.0340 0.0531 � 0.0389 F(1.463,30.721)=8.963, P = 0.002
C4 0.0122 � 0.0175 0.1241 � 0.1199 0.2807 � 0.1294 F(1.844,38.715)=43.019, P<0.001
C5 0.0909 � 0.0451 0.1375 � 0.0463 0.1371 � 0.0464 F(1.846,38.776)=7.264, P = 0.003

Fig. 3. Probability of occurrence of clusters. The probability of occurrence of each
cluster (C1 to C5) at wakefulness, light anesthesia and deep anesthesia.
Here � indicates a statistical significant results (P < 0:05).
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occurrence of clusters C4 and C5 at anesthetized state indicated
that the clusters C4 and C5 were the dominating functional net-
work patterns at anesthetized state. Moreover, we found that the
Table 3
Comparison of the probability of occurrence of each cluster (C1 to C5) across wakefulnes
confidence interval for differences. P < 0.05 were marked in bold.

Cluster C1 C2

Wakefulness VS
Light anesthesia

P = 0.073, �0.207–0.007 P = 0.000, 0.114–0.290 P = 0.0

Wakefulness VS
Deep anesthesia

P = 0.119, �0.019 to 0.221 P = 0.000, 0.113–0.278 P = 0.83

Light anesthesia VS
Deep anesthesia

P = 0.000, 0.105–0.297 P = 1.000, �0.024–0.011 P = 0.001,

Fig. 4. Transition behavior between clusters. The cluster transition matrices, averaged o
color-mapped in deep color. (For interpretation of the references to colour in this figure
probability of occurrence of cluster C4 was varied with the con-
scious level.
3.2. Transition behavior among functional network patterns

As shown in Fig. 4, values in the transition matrix represent the
probability of transforming from one cluster to another. We
observed that values in the first column of the transition matrices
were high at all three conscious levels, which indicated that cluster
C1 had a high probability of maintaining stable and being trans-
formed from other clusters. We also observed that cluster C1
mostly transformed to C2 at wakefulness, whereas it transformed
to cluster C4 and C5 at light and deep anesthesia respectively.

At wakefulness, the cluster C2 showed a higher probability of
receiving transitions from the clusters C1, C3, C4 and C5. It can
be seen that the cluster C2 mostly transformed to the cluster C1
at wakefulness, and to the clusters C1 and C4 during both light
anesthesia and deep anesthesia. The cluster C3 had high probabil-
ity of keeping itself stable during both wakefulness and anesthesia.
Cluster C3 mostly transformed to the cluster C2 at wakefulness,
and to the cluster C4 during anesthesia. The cluster C4 mostly
transformed to the clusters C1 and C2 during wakefulness. While
during anesthesia, it had high probability of keeping itself stable.
The clusters C5 had high probability of keeping itself stable during
both wakefulness and anesthesia, and it constantly had a high
probability of transforming to the cluster C1. Moreover, the cluster
s, light anesthesia and deep anesthesia. Values presented here are P values and 95%

C3 C4 C5

02, 0.019–0.094 P = 0.001, �0.178 to �0.046 P = 0.006, �0.081 to �0.012

2, �0.024–0.061 P = 0.000, �0.344 to �0.193 P = 0.026, �0.088 to �0.005

�0.061 to �0.015 P = 0.000, �0.241 to �0.072 P = 1.000, �0.033–0.034

ver subjects at wakefulness, light anesthesia and deep anesthesia. High values was
legend, the reader is referred to the web version of this article.)



Fig. 5. Stationary distribution p. The stationary probability vectors of the average transition matrix at wakefulness, light anesthesia and deep anesthesia. Error bars indicate
the nonparametric 95% confidence intervals (CIs) obtained from 1000 bootstrap resamples of the average transition matrix (resampling subjects).

Fig. 6. Clustering results for k ¼ 5. Each cluster (C1 to C5) is summarized by its centroid, the total number and percentage of occurrences is listed above each centroid.

Table 4
Comparison of the mean functional network connectivity strength between each pair
of clusters (C1 to C5).

P value T value 95% CI

C1 VS C2 < 0:001 �66.1247 �0.0961 to �0.0906
C1 VS C3 < 0:001 �113.0606 �0.2284 to �0.2207
C1 VS C4 < 0:001 �71.9028 �0.0923 to �0.0874
C1 VS C5 < 0:001 �57.8569 �0.0762 to �0.0712
C2 VS C3 < 0:001 �43.8741 �0.1370 to �0.1253
C2 VS C4 0.0986 1.6524 �0.0007–0.0076
C2 VS C5 < 0:001 9.6911 0.0157–0.0237
C3 VS C4 < 0:001 47.0361 0.1290–0.1403
C3 VS C5 < 0:001 55.8062 0.1455–0.1561
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C4 and C5 had a higher probability of receiving transitions from the
other clusters during anesthesia, especially from the cluster C3.

The stationary distribution (p) obtained for each conscious level
was shown in Fig. 5. The high value in p represents that the corre-
sponding cluster was most likely to be found in the long run. We
found that the cluster C1 consistently had high values across three
conscious levels. The stationary probability of the clusters C2 and
C3 was reduced during anesthesia, while the stationary probability
of the cluster C4 was increased and it positively related with the
depth of anesthesia. The cluster C5 had a higher stationary proba-
bility at light anesthesia than at wakefulness, and then it kept
stable at deep anesthesia.
C4 VS C5 < 0:001 8.4901 0.0124–0.0199
3.3. Differences in functional network patterns

The centroid of each identified cluster was shown in Fig. 6. It is
clearly that connectivity strength differs among all cluster cen-
troids. To further illustrate the difference in connectivity strength
among all clusters, the mean of wPLI values in each adjacent
matrix was computed. Then, two sample t test was employed to
quantify the difference between each pair of clusters. The results
indicated that the cluster C1 had a statistically significant lower
(P < 0:05) mean functional network connectivity strength than
other clusters. The cluster C3 had the largest mean functional net-
work connectivity strength as compared to other clusters. The
results were shown in Table 4.

By examining the probability of occurrence of each cluster
across three conscious levels, we found that the cluster C2 was
the dominating functional network pattern at wakefulness. There-
fore, we compared the number of the strongest connections
within- and between-RSNsbetween the cluster C2 and the clusters
C4 and C5, and between the cluster C3 and the clusters C2 and C4
to identify the changes of the functional network patterns during
propofol-induced anesthesia. Since the cluster C4 and C5 showed
difference in probability of occurrence and stationary probability
during anesthesia, similar comparison was also conductedbetween
the cluster C4 and C5.

As shown in Fig. 7 and Table 5, when compared to the cluster
C2, the clusters including C3, C4 and C5 presented with more
strong connections within A/EN and between A/EN and other RSNs
(SN, L/MN and DMN), the clusters C3 and C5 also showed more
strong connections within DMN. On the other hand, the cluster



Fig. 7. Differences between clusters. The significant differences of the number of
the strongest functional connectivity within and between RSNs. Here P < 0:005 is
considered to be significant.
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C2 showed more strong connections within SN and between SN
and L/MN and DMN than that in the clusters C3, C4 and C5, it also
had more strong connections within L/MN than the cluster C4 and
C5 had. When compared to the cluster C4, the clusters C3 showed
less strong connections within A/EN and between A/EN and L/MN
and DMN, while it showed more strong connections within- and
between-SN, L/MN and DMN. Similar to the cluster C3, the cluster
C5 had less strong connections within A/EN and between A/EN and
SN and L/MN than the cluster C4 had, and there were more strong
Table 5
Comparison of the strongest functional connectivity within- and between-RSNs. Values pr
differences.

C2 VS C4 C2 VS C5

Within-SN P < 0:001 P < 0:001
T = 30.8841 T = 20.8221
13.78–15.34 10.06–11.79

Within-L/MN P < 0:001 P < 0:001
T = 10.6403 T = 4.2808
6.17 to 8.43 2.13–4.79

Within-A/EN P < 0:001 P < 0:001
T = �31.0463 T = �20.7790
�21.11 to �18.98 �12.99 to �11.08

Within-DMN P = 0.0278 P < 0:001
T = 1.9157 T = �3.1124
0.14–1.90 �3.07 to �0.95

L.MN-SN P < 0:001 P < 0:001
T = 19.9010 T = 13.8597
7.81–9.28 5.90–7.49

A/EN-SN P < 0:001 P < 0:001
T = �9.9466 T = �7.1428
�3.88 to �2.78 �3.21 to �2.01

A/EN-L/MN P < 0:001 P < 0:001
T = �29.1950 T = �14.9937
�14.08 to �12.58 �6.95 to �5.58

DMN-SN P < 0:001 P < 0:001
T = 26.3080 T = 20.6089
8.79–9.96 7.44–8.74

DMN-L/MN P < 0:001 P < 0:001
T = �7.6880 T = �9.8855
�4.45 to �2.88 �5.90 to �4.21

DMN-A/EN P < 0:001 P < 0:001
T = �21.1077 T = �19.4680
�9.10 to �7.79 �9.00 to �7.60
connections within- and between-SN, L/MN and DMN in the clus-
ter C5.

3.4. Similarity between anatomical network and functional network
patterns

Animal study has shown that brain functional connectivity pat-
tern with a low connectivity strength was closely tied to the
anatomical connectivity (Barttfeld et al., 2015). The identified com-
mon functional network patterns in this work also presented with
large difference in mean strength on the functional network con-
nectivity. Hence, the similarity between the anatomical connectiv-
ity and the functional network patterns was estimated to
investigate the relationship between the identified common func-
tional network patterns and anatomical network. The anatomical
connectivity was obtained from Hagmann et al. (2008). The simi-
larity score was estimated by measuring the correlation between
the vectorized structural connectivity matrix (4356� 1) and the
vectorized centroid of each cluster by using linear regression anal-
ysis. As shown in Fig. 8, the cluster C1 had the highest similarity
scores 0.1185 (P < 0:001) while the cluster C4 had the lowest sim-
ilarity score 0.0042 (P > 0:05), and the similarity scores of the clus-
ters C2, C3, C5 were 0.0239 (P > 0:05), 0.0558 (P < 0:001), 0.0144
(P > 0:05), respectively.
4. Discussion

In the present study, the dynamic changes of brain functional
network during propofol-induced anesthesia was investigated.
Applying k-means clustering to the obtained dynamic sequence
of brain functional networks, five common brain functional
esented here are P values, T values and the corresponding 95% confidence interval for

C3 VS C2 C3 VS C4 C4 VS C5

P < 0:001 P < 0:001 P < 0:001
T = �12.3694 T = 8.1816 T = �11.4420
�5.49 to �4.11 3.78–5.68 �9.63 to �7.36

P > 0:1 P < 0:001 P < 0:001
T = �1.0629 T = 7.5517 T = �6.2624
�2.67–0.57 4.99–7.77 �4.81 to �2.81

P < 0:001 P < 0:001 P < 0:001
T = 8.6396 T = �14.4232 T = 15.6012
4.57–6.72 �13.85 to �11.01 8.40–10.38

P < 0:001 P < 0:001 P < 0:001
T = 3.9070 T = 5.5718 T = �6.5166
1.77–4.34 2.85–5.23 �4.34 to �2.59

P < 0:001 P < 0:001 P < 0:001
T = �3.9922 T = 8.7708 T = �5.6357
�3.65 to �1.52 4.11–6.00 �2.73 to �1.50

P < 0:001 P > 0:1 P < 0:001
T = 5.5254 T = �0.3380 T = 3.6451
1.87–3.46 �0.84–0.55 0.56–1.49

P < 0:001 P < 0:001 P < 0:001
T = 9.8964 T = �11.1102 T = 19.1880
4.55–6.36 �7.91 to �5.87 7.19–8.54

P < 0:001 P < 0:001 P < 0:001
T = �3.9883 T = 13.2104 T = �7.5197
�3.07 to �1.28 5.36–6.89 �2.84 to �1.82

P < 0:001 P = 0.0037 P < 0:001
T = 9.0838 T = 2.6785 T = �3.3445
4.61–6.65 0.65–2.74 �2.24 to �0.76

P < 0:001 P < 0:001 P = 0.0109
T = 8.2575 T = �6.4561 T = 2.2952
3.34–5.00 �4.36 to �2.59 0.25–1.51



Fig. 8. Similarity score. The similarity between structural connectivity and cluster
centroid. The horizontal error bars indicate the 95% CIs.
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network patterns emerged. Each functional network pattern had a
different probability of occurrence across conscious levels includ-
ing wakefulness, light and deep anesthesia. The cluster C1 showed
high probability of occurrence at all conscious levels, which indi-
cates that the cluster C1 persisted during wakefulness and anes-
thesia. The dominating functional network pattern at
wakefulness was the cluster C2, whereas Clusters C4 and C5 were
the dominating brain functional network pattern at anesthetized
state.

The cluster C3 was found to be an transition functional network
pattern, as it had high probability of transforming to the cluster C2
at wakefulness, and to the cluster C4 during anesthesia. When
compared to the cluster C2, the cluster C3 shared similar character-
istic with the anesthesia-dominating pattern, i.e. there were more
strong connections within the A/EN and DMN and between the
A/EN and other RSNs. As compared to the anesthesia-dominating
functional network pattern, it showed similar characteristics of
cluster C2. Hence, the cluster C3 is thought to be an intermediate
state between wakefulness and anesthetized states.

Previous animal study using fMRI has shown that the brain
functional network with the weakest connectivity strength and
high occurrence across conscious levels was probably supported
by the anatomical connectivity (Barttfeld et al., 2015). The
obtained cluster C1 had the smallest functional connectivity
strength among all identified clusters, and it had the highest sim-
ilarity to the anatomical connectivity. Therefore, the cluster C1
might be the functional network pattern which mediated by the
underlying structure of anatomical connectivity. We also found
that the cluster C1 constantly had a high probability of occurrence
and a high stationary probability during the transition from wake-
fulness to anesthesia. We could therefore infer that during anes-
thesia, the functional network pattern which supported by the
inherent anatomical connectivity was not affected, and this might
also explain why the subjects can maintain physiologically stable
during anesthesia, and why anesthetic-induced unconsciousness
is reversible, whereas the vegetative state is not (Brown et al.,
2010).

Our results revealed that the anesthesia-dominating pattern C4
and C5 had a disrupted brain functional network pattern as com-
pared to the wakefulness-dominating functional network pattern
C2 (Boveroux et al., 2010; Liang et al., 2015). The strong cross-
RSNs interactions which existed in wakefulness were attenuated
under anesthesia, and these altered interactions were mainly
located within- and between-SN and L/MN. It has been suggested
that the consciousness fundamentally relies on the interactions
between brain functional networks which integrate information
(Tononi, 2012). Therefore, the disrupted information transfer
within- and between-RSNs play a crucial role in propofol-
induced unconsciousness.
The generation of a sensory experience or an internal mental
activity requires various dynamically interacted brain networks
(Crick and Koch, 2003). The dynamic interactions between
within- and between-SN and L/MN are the neural basis for sup-
porting the functions such as memory and execution (Crick and
Koch, 2003; Dehaene and Changeux, 2011; Hipp et al., 2012).
Therefore, the anesthetic-induced amnesia and akinesia might be
caused by the disruption of brain functional connectivity between
SN and L/MN.

Opposite to the disrupted functional connectivity, we found
that the brain presented with strong interactions within DMN
and between DMN and A/EN during anesthesia. Previous animal
studies suggested that there still exist coherent spontaneous fluc-
tuations among the brain regions which belong to the DMN
(Vincent et al., 2007; Lu et al., 2012; Rilling et al., 2007). Since
the anesthesia weakened the strong interactions between SN, L/
MN and A/EN, we could infer that the strong interactions should
mainly located within DMN and between DMN and other RSNs
during propofol-induced anesthesia. Furthermore, our findings
are similar to the previous works showing hyper-connectivity
between the DMN and other brain networks in patients with disor-
ders of consciousness (Di Perri et al., 2013). Such hyper-
connectivity may represent dysregulation of a functional loop
related to interactions with the external environment and may
cause loss of consciousness (Di Perri et al., 2013).

We also found that there were more strong connections
between A/EN and the other RSNs during anesthesia, which was
one of the notable features of the cluster C4. The probability of
occurrence of cluster C4 was found to be positivity correlated with
the depth of anesthesia. General anesthesia reduces the fronto-
parietal feedback connectivity while preserves the feedforward
connectivity (Lee et al., 2009b,a; Ku et al., 2011; Lee et al.,
2013b). Such brain network structure may result in a stronger
automatic and bottom-up information transfer of external stimu-
lus to anterior brain regions (Uhrig et al., 2016). Our results could
partly support this hypothesis. Due to the functional connectivity
computed in the present work was unidirectional connectivity,
more evidence using directed network is needed in future studies.

Existing depth-of-anesthesia monitoring devices heavily rely on
the EEG activity measured from the forehead region. The derived
index for anesthesia depth is often obtained by sophisticated and
mostly patented algorithms that operate in the frequency domain
(Fahy and Chau, 2018). However, the anesthetic agents such as
ketamine, nitrous oxide and xenon show distinct EEG spectral pat-
terns due to their difference in the molecular targets (Barttfeld
et al., 2015). Therefore, it poses great limitation on the application
of current depth-of-anesthesia monitor device. On the other hand,
using a network neuroscience approach, the frontal-parietal break-
down and the disrupted efficiency of brain functional networks
have been constantly observed on anesthetics with different
molecular targets (Lee et al., 2013b; Hashmi et al., 2017). Hence,
features obtained from brain functional network analysis are a
promising solution for devising an agent-invariant depth-of-
anesthesia monitoring system.

Investigating the dynamic changes induced by anesthetics pave
the way for realizing such agent-invariant depth-of-anesthesia
monitoring system. Our results revealed that brain functional net-
work patterns co-varied with the conscious level. Hence, the anes-
thesia depth could be inferred by carefully examining the
percentage of each brain functional network pattern. However,
more works are required before it can be utilized in the clinical set-
tings. Firstly, the relationship between the occurrence of the
obtained functional network pattern and a clinical relevant scale
such as the observer’s assessment of alertness/sedation scale
(OAAS) is desired to accurately estimate the conscious level. More-
over, the number of electrodes required for constructing brain
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functional network complicates the setup of the system. How to
reduce the number of electrodes while keeping the performance
in check also requires further investigation.
5. Conclusion

In conclusion, dynamic changes of brain functional network
exists in both awaken and anesthesia state. We found that the
functional network pattern which was supported by the funda-
mental anatomical structure of the brain was preserved during
anesthesia. There existed an transition functional network pattern
during the transition from wakefulness to anesthesia. We also
found that the functional network patterns with disrupted connec-
tions within- and between-SN, L/MN were exhibited under anes-
thesia. These findings suggest that dynamic brain functional
network analysis plays a critical role in decoding the mechanism
of general anesthesia. The obtained five metastable network pat-
terns may be employed for monitoring the depth of anesthesia.
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