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Abstract
Several researchers have analyzed brain activities by investigating brain networks. However, there is a lack of the research on the temporal characteristics of the brain network during a stroke by EEG and the comparative studies between motor execution and imagery,
which became known to have similar motor functions and pathways. In this study, we proposed the possibility of temporal characteristics on the brain networks of a stroke. We analyzed the temporal properties of the brain networks for nine chronic stroke patients by the
active and motor imagery tasks by EEG. High beta band has a specific role in the brain network during motor tasks. In the high beta band, for the active task, there were significant
characteristics of centrality and small-worldness on bilateral primary motor cortices at the
initial motor execution. The degree centrality significantly increased on the contralateral primary motor cortex, and local efficiency increased on the ipsilateral primary motor cortex.
These results indicate that the ipsilateral primary motor cortex constructed a powerful subnetwork by influencing the linked channels as compensatory effect, although the contralateral primary motor cortex organized an inefficient network by using the connected channels
due to lesions. For the MI task, degree centrality and local efficiency significantly decreased
on the somatosensory area at the initial motor imagery. Then, there were significant correlations between the properties of brain networks and motor function on the contralateral primary motor cortex and somatosensory area for each motor execution/imagery task. Our
results represented that the active and MI tasks have different mechanisms of motor acts.
Based on these results, we indicated the possibility of customized rehabilitation according
to different motor tasks. We expect these results to help in the construction of the customized rehabilitation system depending on motor tasks by understanding temporal functional
characteristics on brain network for a stroke.
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Introduction
Strokes, which occur when the vessels are ruptured or blocked, are the second leading cause of
death and a major cause of adult disability [1]. Neuro-imaging technology in the form of functional Magnetic Resonance Imaging (fMRI), Magnetoencephalography (MEG), and Electroencephalography (EEG) have been used to identify changes in the brain after a stroke [2–4]. Even
though fMRI and MEG are useful to identify the mechanism of a stroke by the high spatial resolution, they have shortcomings, such as low temporal resolution, and require bulky equipment, such as huge devices and shield rooms. Compared to fMRI and MEG, EEG makes it easy
to find temporal brain activity due to its high temporal resolution. This characteristics of EEG
is useful to analyze the temporal change of the brain activity, which reflects the brain function
[5, 6]. Previous studies have analyzed the spectral power of EEG data during motor tasks for
the stroke [7, 8]. However, they have focused less on communication among the brain that
change organically [9]. The nervous system is a complex network that is able to interact and
produce real-time information from multiple external and internal sources. Functional connectivity indicates the statistical functional associations among brain regions in this nervous system [10]. Brain networks change rapidly by reflecting subsets and pathway in various brain
regions according to cognitive and behavioral tasks [11, 12]. For these reasons, we focused on
the brain network related to functional connectivity of a stroke using EEG.
Next, we hypothesized the brain activity of chronic stroke patients who are in nearly the last
stage of rehabilitation, from a different viewpoint compared to previous studies [13–15]. The
spontaneous recovery after a stroke occurs within a month after onset [16–19]. Based on these
results, we assumed that the chronic state of the stroke is minimally influenced by the outside
because the chronic state has lower regeneration of rehabilitation. Based on this assumption, to
focus on the motor activity, we found the temporal characteristics of the damaged network
after a stroke. For chronic stroke patients, several studies have researched brain networks during each motor execution or motor imagery (MI) task. Fallani et al. observed the brain network
properties of the stroke during their finger tapping. Later, Fallani et al. and Yan et al. just analyzed the brain network properties of the MI tasks for their hand movement [20–22]. However,
there is a lack of research on two motor tasks together.
The active task, namely motor execution, involves motor intention and physical movement.
The MI task refers to the concept of rehearsal for motor function [23]. The activated brain area
of the MI task is similar to the area activated by motor execution. The MI task, also, is known
as an efficient way to improve motor functions like the active task [24, 25]. However, it is
unclear whether two tasks share the same or analogous cognate routes, although the MI task
has a similar function with that of the active task. Therefore, we need to find the brain network
properties of two motor tasks together and to identify whether the brain network properties of
the two motor tasks relate to motor function in the similar area. Next, there was a lack of studies to find the time-dependent characteristics of the brain network because previous studies
analyzed a fixed time window as a resting state or repeated movement on the brain network
[12, 20, 26–29].
In this study, we focused on the time-dependent characteristics of network properties for a
grasping movement in the active and MI tasks. Our main hypotheses were as follows.
First, we hypothesized that the active and MI tasks would have the different brain network
properties according to intuitive movement and that the active task would show stronger characteristics of the brain network on motor area than that of the MI task. Previous studies have
shown meaningful brain activity in the primary motor cortex during motor tasks [2, 12].
Because our experimental tasks involve motor tasks of the affected hand for stroke patients, we
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anticipated that the centrality and small-worldness of the brain network would have stronger
properties centered on the motor cortex in the active task than in the MI task.
Second, we hypothesized that there are time-dependent changes of the brain network properties. Previous studies have only analyzed networks having a fixed time window during the
resting state or repeated movements [12, 20, 26–29]. They did not consider the temporal characteristics of the brain network. Therefore, we need to investigate the time-dependent changes
of brain networks during the single movement of grasping. Based on this single performance,
we expect to find the time-dependent properties of the brain networks to identify the brain
function similarly to EEG spectral power.
Third, we hypothesized that the network properties for a stroke in two motor tasks would
correlate with their motor function. In particular, the primary motor cortex of the affected
hemisphere in the active task would have stronger correlation with motor function than in the
MI task [2].

Methods
Participants
Nine chronic stroke patients who had a motor disturbance by unilateral stroke participated in
this study (mean age of 53.5 (4.3) years; 6 males; affected upper limb score of Fugl-Meyer
assessment (FMA-UL: 46.7)). The inclusion criteria are patients who had had their first ischemic or cerebral hemorrhagic stroke, which lasted over 3 months after onset, and who was
between 18 and 70 years old. The exclusion criteria were patients who had an intracranial
metal insertion, claustrophobia, pacemakers, or were prohibited from taking MRI. In this
study, we got the approval of the Institutional Review Board (IRB) of the Korea Institute of Science and Technology (KIST) and Samsung Medical Center (SMC) (KIST IRB; KIST 2013–009,
SMC IRB; SMC 2013-02-091). All participants were asked to carefully read the informed consent form, and they all voluntarily participated in the experiment. We obtained written consent
from all participants and analyzed all research materials under IRB guidance.

Experimental design
We instructed participants to grasp the haptic device using their affected hand in each motor
task. A haptic device in this study was controlled by a DSP processor and was connected with
stimulus software made by FlashTM. The stimulus software was connected to an EEG system
(64 ch, sampling rate: 2048 Hz; Active-two, BiosemiTM, Amsterdam, Netherlands) and induced
synchronization between the haptic device and EEG system. This system was described in
detail in a previous study [8].
We designed three motor tasks to find the characteristics of each motor task for chronic
stroke patients: an active task in which participants move their affected hand by themselves, a
passive task in which they move their affected hand by a haptic device, and an MI task that has
no movement and the participant just imagines this movement. This experiment involves a
total of 42 trials per each motor task. There is a temporal construction of the experiment for
each trial (Fig 1).
The haptic device was fixed onto the affected hand of participants by a wrist strap. The
other hand remained motionless on the arm of the chair on which the participants were seated.
Participants fixed their eyes on the monitor for 2 to 3 seconds and performed each motor task
during 2 seconds after a cue. After that, the participants maintained that motor state for 1 second and the haptic device returned to its initial state during 2 seconds.
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Fig 1. Experimental protocol. An experimental protocol was followed in each trial. Three motor tasks were represented by counter balancing
(P-A-M-A-M-P-M-P-A), and each motor task was run three times. Each motor task consisted of 42 trials, and 1 trial took approximately 7 or 8 seconds.
doi:10.1371/journal.pone.0139441.g001

EEG data analysis
EEG data preprocessing. EEG data were down sampled to 256 Hz and were band-pass filtered between 1 and 80 Hz. After the data of each trial were extracted between -4 and 6 seconds, we removed electrooculography (EOG) and electromyography (EMG) artifacts by the
Independent Component Analysis (ICA) using the EEGlab toolbox (Delorme & Makeig,
2004). Next, we removed trials with noise signals caused by the movement or sneezing of participants. Finally, EEG signals were applied to the Common Average Reference (CAR). To find
the optimal frequency band related to motor tasks in a brain network, we divided frequency
bands that relate to sensorimotor rhythm as mu (8-12Hz), low beta (13-20Hz), high beta (2130Hz), and gamma (31-50Hz) bands.
Brain connectivity. We calculated phase locking value (PLV) of the EEG to find the functional connectivity in the brain network [30]. In a previous study, Sakkalis et al. reviewed the
methodology for brain connectivity estimation [31]. They argued that PLV indicates the characteristics of nonlinear, data-driven, stationarity-independent, and functionally-connective.
Generally, EEG distribution considers multivariate Gaussian process. This assumption is easily
violated during mental and physical activities because the brain state changes with arousal.
Therefore, EEG signals have quasi-stationarity. If stationarity is violated, many researchers use
PLV, which is a stationarity-independent measurement. Since many crucial neural processes
have different nonlinear characteristics, PLV is useful to measure the dynamics of EEG signals.
It is also useful to access data-driven systems because the brain is harder to analysis by a predictable model. Therefore, we estimated brain connectivity by PLV, which is useful to analyze
the functional connectivity of EEG.
PLV measures the functional connectivity by considering the characteristic of brain signals
that are acquired by various brain regions at the same time. PLV calculates the differences
between two signal phases by extracting the components of a phase for EEG data independently. In this study, we extracted signals between -1 and 3 seconds that have an executive
phase in the experimental protocol.
In this study, we analyzed the estimated matrix by PLV for each subject after preprocessing
EEG data. We obtained the functional connectivity between each channel and all other channels (63) by considering all of the used channels (64) in this study (64×64–64). Next, the synchronization values between two channels were applied according to a threshold
(density = 0.2783). This threshold was measured by 100 random graphs, and the details were
suggested in a previous study [32]. Finally, we analyzed only significant links of the estimated
matrix.
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Next, we applied the brain network properties using graph theory shown below (Eqs 1 and
2) to the estimated matrix of functional connectivity per time window of 1 second. To find the
time-dependent characteristics of a brain network, we analyzed the changes of each brain network properties by shifting the time window to the next 250 ms.
Graph theory analysis. In this paper, we modeled a brain network by adapting graph theory centered on two parameters. These parameters were acquired by the Brian Connectivity
Toolbox (http://www.brain-connectivity-toolbox.net/).
First, there is degree centrality, which means the most important channel within a network
in graph theory and network analysis. A channel of high centrality represents that this builds a
network by connecting many channels [33]. In this study, we analyzed the node degree, which
is a basic parameter of centrality [34]. We referred to the node degree as degree centrality,
which is commonly used in complex network analysis.
Formula 1 indicates the degree centrality, and this formula calculates the number of connection with other channels for each channel. The degree centrality shows the number of connections emanating from a single channel in a network. The important brain regions interact with
other regions and play a key role in network resilience during a bout of illness. Therefore, the
high degree of centrality indicates that this channel acts as a hub in a network.
ki ¼

X

ð1Þ

aij

j2N

ki : Degree of a node i
aij : The connection status between i and j
Second, small-worldness is useful to measure the self-organized critical dynamics [10].
Small-worldness is possible with segregated and integrated processing of the brain [34, 35]
Therefore, the high properties of small-worldness indicate that this network is able to construct
the powerful and effective network. In this study, we represented the local efficiency by means
of small-worldness, which measures the quantity local properties of the brain network.
Formula 2 indicates the local efficiency. The local efficiency is a kind of small-worldness
parameter that considers the information transfer in the subgraph of each node i [36]. High
values of this measurement indicate the efficiency of mutual information transfer and the tendency of clusters in subgraph of node i. The local efficiency indicates how much this subgraph
of node i has fault tolerance and how well this subnetwork constructs powerful group to
exchange information [37]. There are often several ways to generalize a measure to weighted
networks. In the case of the local efficiency, the simplest generalization is to compute the harmonic mean of the path length on the subnetwork induced by the neighborhood of the node.
This simple method, however, cannot distinguish a path between two weakly connected neighbors from a path between two strongly connected neighbors, and our generalization was
designed to overcome this limitation.
1

E

w
loc;i

1
1 X ðwij wih ½djhw ðNi Þ Þ3
¼
ki ðki  1Þ
2 j;h2N;j6¼i

ð2Þ

wij: Weight matrix value between i and j
w
: The local efﬁciency of node i
Eloc;i
w
djh ðNi Þ: The length of the shortest path between j and h that contains only neighbors of i
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Statistical analysis for temporal brain network
In this paper, we compared the statistical difference between the brain network properties of
each time window and of the baseline and then normalized data of each time windows per
parameter by a one-sample Kolmogorov-Smirnov test.
The Kolmogorov-Smirnov Goodness of Fit Test is a common normalization test to confirm
whether data is parametric or nonparametric. This test distinguishes whether a sample distribution is suitable for an assumed probability distribution by comparing the cumulative probability distribution between a sample and a population. As a result, our data did not have the
normalized distribution because the number of subjects is small. Therefore, we conducted a
Wilcoxon Rank-Sum test, which is a nonparametric statistical hypothesis test that considers
pair difference. Therefore, we found the significant change of each time window in comparison
with the baseline by a Wilcoxon Rank-Sum test.

Select ROIs for brain networks
We selected ROIs based on previous studies that examined motor tasks. In previous studies,
neuronal signals activate in primary motor cortices, premotor cortices (PMC), the supplementary area (SMA), and parietal areas during upper extremity movement (Fig 2). Bai et al. argued
that neuronal activities of the EEG spectral power were activated in the primary motor cortex
and parietal area during motor executive tasks. Grefkes et al. asserted that the brain activity of
stroke patients activated at the bilateral primary motor cortices, whereas that of healthy people
activated at the contralateral primary motor cortex in fMRI study [2]. In addition, Grefkes
et al. showed a meaningful connection among PMC, SMA, and primary motor cortices during
motor execution [7]. Jin et al. identified that the local efficiency of the healthy group in the
EEG study increased at the bilateral primary motor cortices and contralateral sensory area and
decreased at the somatosensory cortex (SMC) in the beta band of the brain network during finger tapping [29]. There are studies in which the MI task is related to the primary motor cortex,
SMA, parietal area, and cingulate cortex in the brain network for a stroke [38–42].
Based on these results, we analyzed the time-dependent brain network around the primary
motor cortices, PMC, SMA, somatosensory cortex, and parietal area during two motor tasks.
In accordance with the calculated value of brain network properties based on 64 channels, we
interpreted a pattern of brain network properties depending on selected ROIs in the brain

Fig 2. ROIs (Regions of Interest). In this study, we selected 9 ROIs in primary motor cortices (C3, C4),
premotor cortices (FC3, FC4), a supplementary motor area (Fz), somatosensory cortices (CP3, CP4), and
parietal areas (P3, P4) based on previous studies on motor tasks. Existing studies found meaningful
characteristics on PMA, M1, SMA, the somatosensory area, and parietal area for brain networks. As in
previous results, we found meaningful patterns on bilateral primary motor cortices during the active task and
on bilateral somatosensory area during the MI task. For comprehension of location on ROIs, we represented
9 ROIs using the EEGlab toolbox.
doi:10.1371/journal.pone.0139441.g002
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network of the two motor tasks. In other words, we wanted to find the meaningful regions and
their roles in the brain networks according to motor tasks, although we selected ROIs.

Results
Significant frequency band
In this study, we normalized each brain network property of every participant on the basis of
the baseline (-1 to 0s) considering the possibility of individual differences.
We found a significant frequency band to analyze temporal changes of the brain network
properties during the active and MI tasks compared with the baseline. To find a significant frequency band on the brain network during motor act, the brain network properties on each
time window were compared statistically with the baseline per ROIs by the Wilcoxon RankSum test (p<0.05). We used this test, because our data did not have a standard normal distribution and had a small sample size (Single Sample Kolmogorov-Smirnov test, p<0.05). As a
result, there were the significant changes comparing with the baseline in the high beta band at
most ROIs (C3, Fz, FC4, CP3, CP4, P3, P4) at the initial motor task. The details of SMA that
had the significant changes of two motor tasks in a high beta band was indicated in Table 1,
and we represented significant changes of the active and MI tasks as stars in Table 1 (Wilcoxon
Rank-Sum test, p<0.05). Compared to the other channels, the brain network properties on
SMA in the initial motor task showed the significant difference in comparison with the baseline. Although the mu band also had significant changes in the active task, the high beta band
showed statistical patterns in both the active and MI tasks. Based on these results, we analyzed
the brain network properties of the two motor tasks in the high beta band.

Characteristics of brain network properties in ROIs
In this study, we found the temporal characteristics of the brain network properties on each
motor task.
Active task. There are temporal changes of the degree centrality and local efficiency in the
active task (Fig 3).
First, there were temporal changes of the degree centrality in the active task. In the initial
motor execution phase, the degree centrality on bilateral primary motor cortices increased ([01s]-[0.5–1.5s]). In particular, the degree centrality increased significantly in the contralateral
primary motor cortex ([0-1s]-[1-2s]). These results were in line with the spectral power analysis on bilateral primary motor cortices within the same time window. Also, the degree centrality in the SMA significantly decreased in the similar time window ([0-1s]-[0.5–1.5s]). Next,
there were characteristics at the end of motor execution. Unlike the initial motor execution, the
degree centrality in the SMA and contralateral PMC increased after the end of the motor
Table 1. Significant Frequency Band in [-0.5–0.5s] of SMA.
Mu (8–12 Hz)

Low beta (13–20 Hz)

High beta (21–30 Hz)

Gamma (31–50 Hz)

Active

MI

Active

MI

Active

MI

Active

MI

Degree centrality

-1.11(2.37)**

0.22(2.73)

-0.44(2.19)

0.22(1.56)

1.56(1.74)*

-1.22(0.44)**

-1.11(3.02)

-0.56(2.96)

Local efﬁciency

6.66(8.80)**

-0.26(5.29)

1.60(4.42)

1.06(3.32)

-5.98(2.86)**

2.24(1.77)**

3.53(6.85)*

-1.50(5.32)

There are the averaged value and standard deviation of each graph indices (Mean (SD)). One asterisk indicates the 5% signiﬁcant level between time
window in [-0.5–0.5s] and baseline (-1-0s). Two asterisks are the 1% signiﬁcant level between the same times. A unit of “Local efﬁciency” is 10−3 due to
the small change of this parameter between time window and the baseline.
doi:10.1371/journal.pone.0139441.t001
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Fig 3. The degree centrality, local efficiency, and spectral power distribution in the active task. This
figure shows the degree centrality, local efficiency, and spectral power distributions of ROIs in the active tasks.
The black circles of network properties on topoplot represent significant channels that have statistical
increments in comparison with the baseline (Wilcoxon Rank-Sum test, p<0.01). The black squares show
significant channels that have decrement in comparison with the baseline (Wilcoxon Rank-Sum test, p<0.01).
As control patterns, we represented spectral power distributions in the last row. The degree centrality and ERD
patterns were significant changed in the contralateral motor cortex in comparison with the baseline (-1-0s) at the
initial motor execution phase. The local efficiency decreased in bilateral somatosensory areas after the
intermediate stage of the motor execution phase.
doi:10.1371/journal.pone.0139441.g003

execution phase but not significantly ([1-2s]-[2-3s]). Additionally, the contralateral somatosensory area showed significantly decreased patterns ([1.75–2.75s]-[2-3s]).
Second, there were temporal characteristics of small-worldness on the active task. The local
efficiency on the ipsilateral primary motor cortex increased in the initial motor execution
phase, but not significantly ([0-1s]-[0.5–1.5s]). Next, the local efficiency in the bilateral
somatosensory area decreased after the intermediate step of the motor execution phase, especially in the ipsilateral area ([0.5–1.5s]-[1.5–2.5s]). The local efficiency in the SMA also
decreased, but it is not statistically significant ([0.75–1.75s]-[1.5–2.5s]).
MI task. There are time-dependent characteristics of the degree centrality and local efficiency in the MI task (Fig 4).
First, the degree centrality in the MI task indicated temporal patterns. There were meaningful reduction patterns on bilateral somatosensory areas at the initial motor imagery phase ([01s]-[0.75–1.75s]). After that, the degree centrality of the contralateral somatosensory area significantly decreased. In the same time window, the degree centrality in the ipsilateral primary
motor cortex showed growing patterns, but not significantly ([0-1s]-[0.5–1.5s]). After that, the
degree centrality in the SMA significantly decreased ([0.5–1.5s]-[1.5–2.5s]).
Second, there are the characteristics of the local efficiency on the MI task. In the initial
motor imagery phase, the local efficiency of the ipsilateral primary motor cortex gradually
increased ([0-1s]-[0.5–1.5s]). On the other hand, the contralateral somatosensory area slightly

Fig 4. The degree centrality, local efficiency, and spectral power distribution in the MI task. This figure
shows the degree centrality, local efficiency, and spectral power distributions on ROIs in MI tasks. The black
circles of network properties on the topoplot represent significant channels that have a statistical increment in
comparison with the baseline (Wilcoxon Rank-Sum test, p<0.01). The black squares indicate significant
channels that had decrement in comparison with the baseline (Wilcoxon Rank-Sum test, p<0.01). As control
patterns, we represent spectral power distributions in the last row. Degree centrality decreased in bilateral
somatosensory areas after the initial motor imagery phase. The local efficiency increased the ipsilateral
motor cortex just as with patterns of the active task.
doi:10.1371/journal.pone.0139441.g004
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Fig 5. Correlations between network properties and motor functions for stroke patients (FMA-UL)
during the significant motor execution period. In the active task, the degree centrality and local efficiency
of the contralateral motor cortex (Contra.M1) showed positive correlation with FMA-UL at the initial motor
execution phase. In the MI task, the degree centrality had negative correlations and local efficiency had
positive correlations with the FMA-UL on the contralateral sensorimotor cortex (Contra.SMC) in the motor
execution phase.
doi:10.1371/journal.pone.0139441.g005

decreased, and the ipsilateral somatosensory area increased but not significantly. Besides those,
there was no significant pattern.

Correlation between brain networks and motor function
We analyzed the correlation between the Fugl-Meyer Assessment Scale-Upper Limb
(FMA-UL) scales of the affected hand and the value of each brain network property to find the
significant channel and time window related to the motor function of chronic stroke patients
(Fig 5). As results, we found the significant channels between brain network property and
motor function according to each motor task. The degree centrality and local efficiency of the
contralateral primary motor cortex (C3) in the active task represented significant correlation
with the motor function of chronic stroke patients. In the MI task, the degree centrality and
local efficiency of the contralateral somatosensory area (CP3) had the significant correlation
with the motor function of a stroke. The significant channels (C3 and CP3) were in the contralateral motor area of chronic patients in this study. Based on these results, we represented that
the contralateral primary motor cortex and somatosensory area reflected the motor function of
a chronic stroke patient in both the active and MI tasks.

Discussion
Significant frequency band
The active and MI tasks showed structurally significantly changes at the initial motor task phase
in comparison with the baseline (-1-0s) in the high beta band (21-30Hz). To find a significant frequency band for changes of brain network properties using graph theory in two motor tasks, we
performed a Wilcoxon Rank-Sum test (p<0.05) between network properties of the baseline and
that of each time window. As a result, the high beta band of the sensorimotor area showed significant changes of the degree centrality and local efficiency in the initial motor task phase.
In existing studies of EEG for stroke patients, there are significant results in the beta band.
Bai et al. show that there is the change of EEG spectral power of bilateral motor cortices during
motor tasks in the beta band (16-24Hz) [7]. Lalo et al. argue that the beta band (13-35Hz)
influences cortical sensory processing, and Gross et al. show significant differences between
static and dynamic tasks in the beta band (13-24Hz) during motor executive tasks [43, 44]. As
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with our study, there are significant results relating to the EEG brain network in the beta band.
Mima et al. argue that the beta band (14-20Hz, 22-30Hz) has a role during the movement [45].
Fallani et al. observe that the stroke have significant patterns of brain networks in the beta
band (13-29Hz) [20].
In addition, there are meaningful results for motor tasks in the high beta band. Roopun
et al. show the significant activities of the somatosensory and motor cortices during motor execution in the high beta frequency (20-30Hz) oscillation [46]. Zhang et al. explain that there are
significant changes for coherence and Granger causality during motor executive tasks for monkeys in the high beta band (20-30Hz) [47]. Accordingly, our results in this frequency (2130Hz) supported the findings of such existing studies that the high beta band has a specific role
in network analysis during motor tasks.

Temporal characteristics of a brain network
In this study, we found different temporal characteristics of the brain network during hand
motor task of a stroke. Our main network properties are the degree centrality and the local efficiency of small-worldness. Whereas previous studies analyzed the brain network of a fixed
time window, we studied the temporal characteristics of the network by shifting the time window. As a result, this study showed the different temporal patterns of the brain networks for
the stroke depending on two motor tasks. These results represented that the temporal network
analysis of EEG would be able to understand the characteristics of a stroke such as spectral
power analysis and the different mechanism between the active task and MI task.
Active task. First, there were changes in the network properties of the bilateral primary
motor cortices. In this study, the degree centrality and local efficiency increased on each contralateral and ipsilateral motor cortex. The increased degree centrality of the contralateral primary motor cortex are in line with previous studies. Wang et al. showed that the increased
degree centrality of the contralateral primary motor cortex is correlated with the recovery of
motor functions in the case of a stroke [12]. The increased degree centrality on bilateral primary motor cortices was also related to existing studies that show neural activities of bilateral
primary motor cortices during motor execution of a stroke [2, 7, 13, 48]. Jin et al. found
increased the local efficiency of the bilateral motor cortices for the healthy group during finger
tapping [29]. Because the ipsilateral motor cortex in this study was an unaffected area, we
argue that the efficiency of the ipsilateral primary motor cortex increased, as it did for the
healthy group. In this study, we found that a brain network for the stroke has significant characteristics of bilateral primary motor cortices, as was found in previous studies. We hypothesized that each region constructs the subnetwork with the linked channels. The channel having
high local efficiency might work in the constructed subnetwork with the linked other channels
during the evoked or proposed motor task. If the subnetwork is normal, this channel might
deal with the motor task by uniting the connected channels and transferring the information
with other channels in subnetwork. The contralateral primary motor cortex, however, did not
construct a subnetwork sufficiently because of the presence of a lesion. Therefore, the contralateral area showed a higher degree centrality and lower local efficiency than the other side
because this region might just combine the weak linked channels abnormally without the information transfer. On other hand, the degree centrality and local efficiency of the ipsilateral primary motor cortex increased. We argue that these patterns of degree centrality and local
efficiency indicate compensation for the affected lesion by constructing powerful subnetwork
in that channel as healthy. These patterns of the ipsilateral primary motor cortex were the
same in principle as those of healthy people, showing an increment of the local efficiency in the
contralateral primary motor cortex.
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Second, there were temporal changes of the network properties on the SMA. The degree
centrality in the SMA showed a significant reduction in the initial motor execution phase.
Since then, the SMA showed an increase of the degree centrality and a decrease of the local efficiency, but no statistically significant changes. The SMA had an important role in the programming and planning of motor activities [49]. We regarded that reduction of the degree centrality
in the SMA as being caused by the decreased importance of the SMA after motor execution.
We assumed that the SMA represented the deactivated patterns after motor execution by significantly increasing the role of SMA until execution because we compared changes of the network properties between each time window and the baseline [50]. Based on these assumptions,
we regarded that the degree centrality significantly increased and the local efficiency decreased
during initial motor execution in the SMA. We also assumed that the increased degree centrality in the SMA after movement is to reset the mechanism for the next motor task.
Third, there were patterns of the degree centrality of the contralateral PMC. The degree centrality of the contralateral PMC increased after the end of the motor execution phase. This
result was related to the role of PMC, which is related with voluntary movement in response to
sensory input by motor execution [51]. Therefore, we assumed that the results of PMC in this
study were also caused by the sensory input mechanism from movement.
Fourth, there were temporal changes of the network properties of the somatosensory area.
After the intermediate motor task, the local efficiency of the bilateral somatosensory area
showed significantly decreasing patterns centered on the ipsilateral somatosensory area. After
that, the degree centrality of the contralateral somatosensory area significantly decreased.
These reductions of the degree centrality of somatosensory support the results of the study of
Mauguiere et al. They argued that a deficiency in the somatosensory area is caused by peripheral neuropathy due to a cortical injury [52]. Like this result, the local efficiency of the bilateral
somatosensory area decreased during motor tasks because stroke patients also have a cortical
injury.
MI task. First, there were characteristics of the brain network properties in the bilateral
somatosensory area. These areas are activated during motor imagery tasks with the presupplementary motor cortex, anterior cingulate cortex, premotor cortex, and dorsolateral prefrontal
cortex [39]. These decreased patterns of degree centrality on somatosensory area are because of
the motor pathways via the lateral cerebellum such as another motor pathway through area 6
(SMA, PMA) [53, 54]. This motor pathway through the lateral cerebellum sends signals for
movement in the following order: somatosensory, cerebellum, ventral nucleus of the thalamus
(VLc), and primary motor cortex. The effects in this motor pathway have a role for the proper
movement of planned and voluntary actions because the cerebellum indicates the signals for
movement with respect to motor direction, timing, and movement intensity to the primary
motor cortex. Also, previous studies have argued that the MI task includes kinesthetic sensation and the cerebellum has an important role in sensorimotor integration and motor learning
[55]. Therefore, we assumed that the significance of SMA was increased by the lateral motor
pathway because of the rising an importance on the cerebellum during the MI task. We noted
that the degree centrality in the SMA and somatosensory was decreased after motor imagery
by having a weighted importance during the baseline. Therefore, the degree centrality in the
SMA decreased during motor imagery relatively. It was because of that the weighted role on
the cerebellum during the MI task was greater than that during the active task. In particular,
the contralateral somatosensory area could have ineffective information transmission in their
subnetwork by the lesion although this area constructed the weighted network with the linked
channels. Thus, the local efficiency on the contralateral somatosensory area did not represent
meaningfully decreased patterns in comparison with the baseline. If the informative transmission is easy during baseline, the local efficiency could show significantly the decreased patterns.
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In addition, the degree centrality and local efficiency on the ipsilateral somatosensory could
slightly increase during the baseline as a compensation effect. Accordingly, the network properties on the ipsilateral somatosensory might have somewhat reduced patterns after motor
imagery. Also, Liu et al. argued that the contralateral somatosensory area has a great role in the
functional reorganization of motor functions by mental practice [56]. The significant results of
the somatosensory area in this study support the concept that this area has a meaningful role in
the brain network during the MI task.
Second, Hanakawa et al. argued that SMA is the predominant area for the MI task [42].
This area also relates to the planning of motor activities. The reduction of the degree centrality
in the SMA indicates a diminished role for the planning of movement after the intermediate
motor imagery phase. Like as the active task, the SMA could have a weighted importance during the baseline because the SMA transfers motor signals to the primary motor cortex until
onset of the motor imagery. Thus, we regarded that the degree centrality on SMA decreased
during motor imagery in comparison with the baseline. The degree centrality on SMA during
the MI task, however, gradually decreased, unlike the active task, which showed the decreased
degree centrality at initial motor execution and the increased degree centrality after that. This
result has relevance with a characteristic of the MI task, which has no immediate response
because it does not require real movement and is unfamiliar to task for stroke patients.
Third, there were changes in the network properties of the ipsilateral primary motor cortex
in the initial motor imagery phase. MI is the mental rehearsal of motor execution [23, 38]. Just
as with the active task, the local efficiency had significant patterns on the ipsilateral primary
motor cortex. We regarded that these patterns of the ipsilateral primary motor cortex were
compensation patterns by constructing powerful subnetwork, as with the active task, because
this area did not have a lesion.

Correlation between the brain network and motor function
There was a relation between the brain network properties of each motor task and the motor
function of stroke patients. In the active task, the degree centrality and local efficiency on the
contralateral motor cortex (C3) had the significant correlations with the motor functional
score during the initial execution period. We found that these results were in line with those of
a previous study that argues the degree centrality of the primary motor cortex of the affected
hemisphere is related to FMA-UL in brain networks for strokes [21]. In the MI task, there were
the significant correlations between the degree centrality or local efficiency on the contralateral
somatosensory cortex (CP3) and motor function. Liu et al. showed that brain activities on the
contralateral somatosensory are enhanced and have meaningful positive correlation with
motor function [56]. Also, Ward et al. argued that the increased somatosensory input on the
affected hand by stimulating the somatosensory area was related to motor functions of a stroke
[48], and Jang et al. showed that brain activation on the contralateral somatosensory during
the MI task had an important role for hand functional reorganization after mental practice
training [57]. We anticipated that the characteristics of the brain network properties on the
somatosensory area during the MI task had significant correlation with the motor function of
the stroke in this study. Based on these results, we confirmed that the active and MI task just
did not share the same mechanism correlated with the motor function although the contralateral sensorimotor area reflected the motor function of stroke patients and these regions were
located nearby.

Conclusion
In this study, we formulated three hypotheses.
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First, the active task will have strong characteristics on network properties around the primary motor cortex in comparison with the MI task. Like our hypothesis, the active task showed
significant changes in the degree centrality and local efficiency of the bilateral primary motor
cortices, and the MI task represented significant patterns of the network properties in the
SMA, ipsilateral primary motor cortex, and bilateral somatosensory cortex. Although the two
motor tasks showed the significant characteristics in similar areas, the quantity of temporal
network properties in the MI task were lower than those of the active task and the significant
characteristics on brain network were different according to each motor task. We regarded that
these characteristics indicate the possibility of the difference in the mechanism of motor execution or motor imagery. Based on these different mechanisms of each motor task, we found the
significant characteristics of the brain network. Although there were different characteristics
on the damaged subnetwork of the significant region on each motor task, this problem has in
common on that the subnetwork was not constructed normally.
Second, the two motor tasks will have temporal change of the brain network properties. The
active task had the significant changes in the degree centrality and local efficiency around the
bilateral primary motor cortices during the initial motor executive phase. The MI task, also,
showed the significant characteristics of two network properties around the SMA and somatosensory cortex. After that, the significant patterns disappeared. Based on these results, we
argued that brain network could have temporal characteristics, such as EEG spectral power,
and could show the properties of neuroscience in each region. Network analysis could apprehend the organic construction of a brain network and the location of meaningful characteristics
according to each task. Therefore, we anticipate this study of the brain network might influence
the rehabilitation for the stroke by understanding damaged networks that show which areas
are important and have influence over motor functions.
Third, the sensorimotor area of the affected hemisphere correlates with the motor function
of stroke patients. Like our hypothesis, the contralateral primary motor cortex in the active
task and the contralateral somatosensory cortex in the MI task were correlated with the motor
function of patients. This result indicates that the motor function and the patterns of the contralateral sensorimotor area on the brain network for the stroke have a significant correlation,
and the network characteristics of each motor task have different significant areas related with
motor function.
In this study, we analyzed the temporal brain network properties of chronic stroke patients
in the active and the MI tasks. These results showed the possibility to interpret the temporal
construction of a brain network unlike just observing activated patterns, such as EEG spectral
power or brain activities, by fMRI. This analysis is useful to understand the activated patterns
and the functional characteristics on brain network. However, we analyzed the brain network
according to limited ROIs based on previous studies. Despite these limitations, we obtained the
following significant results in this study.
1. The possibility of analyzing time-dependent changes on network properties during motor
tasks.
2. The significant characteristics of the brain network during motor task in the high beta band.
3. Important roles of the ipsilateral primary motor cortex as compensation for an affected
lesion.
4. The ineffective subnetwork construction on the contralateral primary motor cortex/somatosensory area with linked other channels due to a lesion during initial motor execution in the
active or the MI task.
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5. Significant characteristics of bilateral primary motor cortices for the active task and patterns
on the somatosensory area and SMA for the MI task in the brain network. The statistically
significant correlation between the network property of the significant region on each
motor task and the motor function after a stroke.
Our results indicate that the characteristics of the brain networks differ according to the
motor task. These results may support to apply an adaptive rehabilitation system after a stroke
by understanding the functional characteristics according to the different motor task. We
anticipate that these characteristics of the brain network during a stroke might help to improve
rehabilitation by focusing on areas that have significant correlation with motor function
depending on the motor task.

Acknowledgments
This work was partly supported by the IT R&D program of MOTIE/MISP/KEIT (10045452),
the Development of Multimodal Brain-Machine Interface System Based on User Intent Recognition Project, the Development of Robot-Assisted Motor Rehabilitation of the Upper Limb
Using Bio-Signal Interfaces Project of the Korea Institute of Science and Technology (KIST),
South Korea, and the ICT & Future Planning and Components & Materials Technology Development Program (10043826) funded by the Ministry of Trade, Industry & Energy, as well as a
grant from the SMC-KIST Translational Research Program (SMO1140041) and the National
Research Foundation of Korea (NRF) funded by the Korean government (MSIP) (NRF2014R1A2A1A01005128) (WHC & YHK).

Author Contributions
Conceived and designed the experiments: DHK LHK WJP WHC YHK GHK. Performed the
experiments: DHK WJP WHC YHK GHK. Analyzed the data: DHK GHK LHK SWL. Contributed reagents/materials/analysis tools: DHK WJP SWL. Wrote the paper: DHK GHK.

References
1.

The top 10 causes of death [Internet]. World Health Organization. 2014. Available: http://www.who.int/
mediacentre/factsheets/fs310/en/.

2.

Grefkes C, Fink GR. Reorganization of cerebral networks after stroke: new insights from neuroimaging
with connectivity approaches. Brain. 2011; 134(5):1264–76. doi: 10.1093/brain/awr033

3.

Ortigue S, Thompson JC, Parasuraman R, Grafton ST. Spatio-Temporal Dynamics of Human Intention
Understanding in Temporo-Parietal Cortex: A Combined EEG/fMRI Repetition Suppression Paradigm.
PLoS One. 2009; 4(9):e6962. doi: 10.1371/journal.pone.0006962 PMID: 19750227

4.

Ramos‐Murguialday A, Broetz D, Rea M, Läer L, Yilmaz Ö, Brasil FL, et al. Brain‐machine‐interface in
chronic stroke rehabilitation: A controlled study. Ann Neurol. 2013; 74(1):100–8. doi: 10.1002/ana.
23879 PMID: 23494615

5.

Gevins A, Leong H, Smith ME, Le J, Du R. Mapping cognitive brain function with modern high-resolution electroencephalography. Trends Neurosci. 1995; 18(10):429–36. doi: 10.1016/0166-2236(95)
94489-R PMID: 8545904

6.

Reagan D. Human brain electrophysiology. Evoked Potentials and Evoked Magnetic Fields in Science
and Medicine, Elsevier, New York. 1989.

7.

Bai O, Mari Z, Vorbach S, Hallett M. Asymmetric spatiotemporal patterns of event-related desynchronization preceding voluntary sequential finger movements: a high-resolution EEG study. Clin Neurophysiol. 2005; 116(5):1213–21. doi: 10.1016/j.clinph.2005.01.006 PMID: 15826864

8.

Park W, Kwon GH, Kim D-H, Kim Y-H, Kim S-P, Kim L. Assessment of Cognitive Engagement in Stroke
Patients From Single-Trial EEG During Motor Rehabilitation. IEEE Trans Neural Syst Rehabil Eng.
2015; 23(3):351–62 doi: 10.1109/TNSRE.2014.2356472 PMID: 25248189

9.

Watts DJ, Strogatz SH. Collective dynamics of ‘small-world’ networks. Nature. 1998; 393(6684):440–2.
doi: 10.1038/30918 PMID: 9623998

PLOS ONE | DOI:10.1371/journal.pone.0139441 December 14, 2015

14 / 17

Brain Network for Chronic Stroke Patients

10.

Bullmore E, Sporns O. Complex brain networks: graph theoretical analysis of structural and functional
systems. Nat Rev Neurosci 2009; 10(3):186–98. doi: 10.1038/nrn2575 PMID: 19190637

11.

Sporns O, Chialvo DR, Kaiser M, Hilgetag CC. Organization, development and function of complex
brain networks. Trends Cogn Sci. 2004; 8(9):418–25. doi: 10.1016/j.tics.2004.07.008 PMID: 15350243

12.

Wang L, Yu C, Chen H, Qin W, He Y, Fan F, et al. Dynamic functional reorganization of the motor execution network after stroke. Brain. 2010; 133(4):1224–38. doi: 10.1093/brain/awq043

13.

Feydy A, Carlier R, Roby-Brami A, Bussel B, Cazalis F, Pierot L, et al. Longitudinal Study of Motor
Recovery After Stroke Recruitment and Focusing of Brain Activation. Stroke. 2002; 33(6):1610–7. doi:
10.1161/01.STR.0000017100.68294.52 PMID: 12053000

14.

Murphy TH, Corbett D. Plasticity during stroke recovery: from synapse to behaviour. Nat Rev Neurosci.
2009; 10(12):861–72. doi: 10.1038/nrn2735 PMID: 19888284

15.

Tangwiriyasakul C, Verhagen R, Rutten WLC, van Putten MJAM. Temporal evolution of event-related
desynchronization in acute stroke: A pilot study. Clin Neurophysiol. 2014; 125(6):1112–20. doi: 10.
1016/j.clinph.2013.10.047 PMID: 24290502

16.

Chen J, Zacharek A, Zhang C, Jiang H, Li Y, Roberts C, et al. Endothelial Nitric Oxide Synthase Regulates Brain-Derived Neurotrophic Factor Expression and Neurogenesis after Stroke in Mice. J Neurosci.
2005; 25(9):2366–75. doi: 10.1523/JNEUROSCI.5071-04.2005 PMID: 15745963

17.

Wang L, Zhang ZG, Zhang RL, Gregg SR, Hozeska-Solgot A, LeTourneau Y, et al. Matrix Metalloproteinase 2 (MMP2) and MMP9 Secreted by Erythropoietin-Activated Endothelial Cells Promote Neural
Progenitor Cell Migration. J Neurosci. 2006; 26(22):5996–6003. PMID: 16738242

18.

Andres RH, Horie N, Slikker W, Keren-Gill H, Zhan K, Sun G, et al. Human neural stem cells enhance
structural plasticity and axonal transport in the ischaemic brain. Brain. 2011; 134(6):1777–89. doi: 10.
1093/brain/awr094

19.

Shen LH, Li Y, Chen J, Zacharek A, Gao Q, Kapke A, et al. Therapeutic benefit of bone marrow stromal
cells administered 1 month after stroke. J Cereb Blood Flow Metab. 2007; 27(1):6–13. doi: 10.1038/sj.
jcbfm.9600311 PMID: 16596121

20.

Fallani FDV, Astolfi L, Cincotti F, Mattia D, Rocca DL, Maksuti E, et al. Evaluation of the Brain Network
Organization From EEG Signals: A Preliminary Evidence in Stroke Patient. Anat Rec 2009; 292
(12):2023–31. doi: 10.1002/ar.20965

21.

Fallani FDV, Pichiorri F, Morone G, Molinari M, Babiloni F, Cincotti F, et al. Multiscale topological properties of functional brain networks during motor imagery after stroke. Neuroimage 2013; 83:438–49.
doi: 10.1016/j.neuroimage.2013.06.039 PMID: 23791916

22.

Yan J, Sun J, Guo X, Jin Z, Li Y, Li Z, et al. Motor Imagery Cognitive Network after Left Ischemic Stroke:
Study of the Patients during Mental Rotation Task. PLoS One. 2013; 8(10):e77325. Epub Oct. doi: 10.
1371/journal.pone.0077325 PMID: 24167569

23.

Solodkin A, Hlustik P, Chen EE, Small SL. Fine Modulation in Network Activation during Motor Execution and Motor Imagery. Cereb Cortex. 2004; 14(11):1246–55. doi: 10.1093/cercor/bhh086 PMID:
15166100

24.

Braun SM, Beurskens AJ, Kroonenburgh SMv, Demarteau J, Schols KM, Wade DT. Effects of mental
practice embedded in daily therapy compared to therapy as usual in adult stroke patients in Dutch nursing homes: design of a randomised controlled trial. BMC Neurol. 2006; 7(1):34. doi: 10.1186/14712377-7-34

25.

Barclay-Goddard R, Stevenson T, Thalman L, Poluha W. Mental practice for treating upper extremity
deficits in individuals with hemiparesis after stroke. Stroke. 2011; 42(11):e574–e5. doi: 10.1002/
14651858.CD005950

26.

Fallani FDV, Toppi J, Lanzo CD, Vecchiato G, Astolfi L, Borghini G, et al. Redundancy in Functional
Brain Connectivity from EEG Recordings. Int J Bifurcation Chaos. 2012; 22(7):1250158(8pp). doi: 10.
1142/S0218127412501581

27.

Wang L, Guo X, Sun J, Jin Z, Tong S, editors. Cortical networks of hemianopia stroke patients: A graph
theoretical analysis of EEG signals at resting state. 34th Annual International Conference of the IEEE
Engineering in Medicine and Biology Society (EMBC); 2012 Aug; San Diego, CA IEEE.

28.

van Meer MPA, van der Marel K, Wang K, Otte WM, el Bouazati S, Roeling TAP, et al. Recovery of Sensorimotor Function after Experimental Stroke Correlates with Restoration of Resting-State Interhemispheric Functional Connectivity. J Neurosci. 2010; 30(11):3964–72. doi: 10.1523/JNEUROSCI.570909.2010 PMID: 20237267

29.

Jin SH, Lin P, Hallett M. Reorganization of brain functional small‐world networks during finger movements. Hum Brain Mapp. 2012; 33(4):861–72. Epub Apr. doi: 10.1002/hbm.21253 PMID: 21484955

PLOS ONE | DOI:10.1371/journal.pone.0139441 December 14, 2015

15 / 17

Brain Network for Chronic Stroke Patients

30.

Lachaux J-P, Rodriguez E, Martinerie J, Varela FJ. Measuring Phase Synchrony in Brain Signals. Hum
Brain Mapp. 1999; 8(4):194–208. doi: 10.1002/(SICI)1097-0193(1999)8:4<194::AID-HBM4>3.0.CO;2C PMID: 10619414

31.

Sakkalis V. Review of advanced techniques for the estimation of brain connectivity measured with
EEG/MEG. Comput Biol Med. 2011; 41(12):1110–7. doi: 10.1016/j.compbiomed.2011.06.020 PMID:
21794851

32.

Fallani FDV, Baluch F, Astolfi L, Subramanian D, Zouridakis G, Babiloni F. Structural Organization of
Functional Networks from EEG Signals during Motor Learning Tasks. Int J Bifurcation Chaos 2010; 20
(3):905–12. doi: 10.1142/S0218127410026198

33.

Borgatti SP, Everett MG. A Graph-theoretic perspective on centrality. Social Networks. 2006; 28
(4):466–84. doi: 10.1016/j.socnet.2005.11.005

34.

Rubinov M, Sporns O. Complex network measures of brain connectivity: uses and interpretations. Neuroimage. 2010; 52(3):1059–69. doi: 10.1016/j.neuroimage.2009.10.003 PMID: 19819337

35.

Humphries MD, Gurney K. Network 'Small-World-Ness': A Quantitative Method for Determining Canonical Network Equivalence. PLoS One. 2008; 3(4):e0002051. doi: 10.1371/journal.pone.0002051 PMID:
18446219

36.

Achard S, Bullmore E. Efficiency and Cost of Economical Brain Functional Networks. PLoS Comput
Biol. 2007; 3(2):e17. doi: 10.1371/journal.pcbi.0030017 PMID: 17274684

37.

Latora V, Marchiori M. Economic small-world behavior in weighted networks. Eur Phys J B 2003; 32
(2):249–63. doi: 10.1140/epjb/e2003-00095-5

38.

Porro CA, Francescato MP, Cettolo V, Diamond ME, Baraldi P, Zuiani C, et al. Primary Motor and Sensory Cortex Activation during Motor Performance and Motor Imagery: A Functional Magnetic Resonance Imaging Study. J Neurosci. 1996; 16(23):7688–98. PMID: 8922425

39.

Deiber M-P, Ibanez V, Honda M, Sadato N, Raman R, Hallett M. Cerebral Processes Related to Visuomotor Imagery and Generation of Simple Finger Movements Studied with Positron Emission Tomography Neuroimage. 1998; 7(2):73–85. doi: 10.1006/nimg.1997.0314 PMID: 9571132

40.

Gerardin E, Sirigu A, Lehéricy S, Poline J-B, Gaymard B, Marsault C, et al. Partially Overlapping Neural
Networks for Real and Imagined Hand Movements. Cereb Cortex 2000; 10(11):1093–104. doi: 10.
1093/cercor/10.11.1093 PMID: 11053230

41.

Ehrsson HH, Geyer S, Naito E. Imagery of Voluntary Movement of Fingers, Toes, and Tongue Activates Corresponding Body-Part-Specific Motor Representations. J Neurophysiol. 2003; 90(5):3304–
16. doi: 10.1152/jn.01113.2002 PMID: 14615433

42.

Hanakawa T, Immisch I, Toma K, Dimyan MA, Gelderen PV, Hallett M. Functional Properties of Brain
Areas Associated With Motor Execution and Imagery. J Neurophysiol. 2003; 89(2):989–1002. doi: 10.
1152/jn.00132.2002 PMID: 12574475

43.

Lalo E, Gilbertson T, Doyle L, Di Lazzaro V, Cioni B, Brown P. Phasic increases in cortical beta activity
are associated with alterations in sensory processing in the human. Exp Brain Res. 2007; 177(1):137–
45. doi: 10.1007/s00221-006-0655-8 PMID: 16972074

44.

Gross J, Pollok B, Dirks M, Timmermann L, Butz M, Schnitzler A. Task-dependent oscillations during
unimanual and bimanual movements in the human primary motor cortex and SMA studied with magnetoencephalography. Neuroimage. 2005; 26(1):91–8. doi: 10.1016/j.neuroimage.2005.01.025 PMID:
15862209

45.

Mima T, Matsuoka T, Hallett M. Functional coupling of human right and left cortical motor areas demonstrated with partial coherence analysis. Neurosci Lett. 2000; 287(2):93–6. doi: 10.1016/S0304-3940
(00)01165-4 PMID: 10854720

46.

Roopun AK, Middleton SJ, Cunningham MO, LeBeau FEN, Bibbig A, Whittington MA, et al. A beta2-frequency (20–30 Hz) oscillation in nonsynaptic networks of somatosensory cortex. Proc Natl Acad Sci U
S A 2006; 103(42):15646–50. doi: 10.1073/pnas.0607443103 PMID: 17030821

47.

Zhang Y, Chen Y, Bressler SL, Ding M. Response preparation and inhibition: The role of the cortical
sensorimotor beta rhythm. Neuroscience. 2008; 156(1):238–46. doi: 10.1016/j.neuroscience.2008.06.
061 PMID: 18674598

48.

Ward NS, Cohen LG. Mechanisms Underlying Recovery of Motor Function After Stroke. Arch Neurol.
2004; 61(12):1844–8. doi: 10.1001/archneur.61.12.1844 PMID: 15596603

49.

Decety J. The neurophysiological basis of motor imagery. Behav Brain Res 1996; 77(1–2):45–52. doi:
10.1016/0166-4328(95)00225-1 PMID: 8762158

50.

Weinrich M, Wise SP. The premotor cortex of the monkey. J Neurosci. 1982; 2(9):1329–45. PMID:
7119878

PLOS ONE | DOI:10.1371/journal.pone.0139441 December 14, 2015

16 / 17

Brain Network for Chronic Stroke Patients

51.

Sanes JN, Donoghue JP. Oscillations in local field potentials of the primate motor cortex during voluntary movement. Proc Natl Acad Sci U S A 1993; 90(10):4470–4. doi: 10.1073/pnas.90.10.4470 PMID:
8506287

52.

Mauguiere F, Allison T, Babiloni C, Buchner H, Eisen AA, Goodin DS, et al. Somatosensory evoked
potentials. The International Federation of Clinical Neurophysiology. Electroencephalogr Clin Neurophysiol Suppl. 1999; 52:79–90. PMID: 10590978

53.

Bear MF, Connors BW, Paradiso MA. Neuroscience. 3rd ed. Baltimore: Lippincott Williams & Wilkins;
2007.

54.

Gillen G. Stroke Rehabilitation: a Function-Based Approach. 3rd ed. Mosby: Elsevier Health Sciences; 2010 Oct.

55.

Naito E, Kochiyama T, Kitada R, Nakamura S, Matsumura M, Yonekura Y, et al. Internally Simulated
Movement Sensations during Motor Imagery Activate Cortical Motor Areas and the Cerebellum. J Neurosci. 2002; 22(9):3683–91. PMID: 11978844

56.

Liu H, Song L, Zhang T. Changes in brain activation in stroke patients after mental practice and physical
exercise: a functional MRI study. Neural Regen Res. 2014; 9(15):1474–84. doi: 10.4103/1673-5374.
139465 PMID: 25317160

57.

Jang SH, Ahn SH, Yang DS, Lee DK, Kim DK, Son SM. Cortical Reorganization of Hand Motor Function to Primary Sensory Cortex in Hemiparetic Patients With a Primary Motor Cortex Infarct Arch Phys
Med Rehabil 2005; 86(8):1706–8. doi: 10.1016/j.apmr.2004.11.043 PMID: 16084830

PLOS ONE | DOI:10.1371/journal.pone.0139441 December 14, 2015

17 / 17

