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ARTICLE INFO ABSTRACT

The coupling of electroencephalographic (EEG) signals reflects the interaction between brain regions, which is of
great importance for the assessment of motor function in post-stroke patients. In this study, the measurement of
multi-scale permutation transfer entropy (MPTE) was presented and employed to characterize the coupling
between the EEG signals measured from the bilateral motor and sensory areas. Post-stroke patients (n = 5) and
healthy volunteers (n = 6) were recruited and participated in a hand grip task with different levels of con-
traction. MPTE values were computed and analyzed across various frequency bands for all subjects. Results
showed that, for healthy controls, the coupling between motor and sensory areas was bi-directional and tended
to be strongest in beta band. In particular, greater beta-band MPTE was found in the dominant hand and cou-
pling strength decreased as contraction strength increased. Additionally, coupling between the motor and sen-
sory areas of stroke patients exhibited weaker beta-band MPTE than that of healthy controls. Findings suggest
that MPTE is able to quantitatively characterize the coupling properties between multiple brain regions, pro-
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viding a promising approach to study the underlying mechanisms of functional motor recovery.

1. Introduction

Electroencephalogram (EEG) is a non-invasive brain imaging tech-
nique that uses an array of scalp electrodes to measure the voltage
fluctuations induced by the mass activity of neurons. These voltage
signals hold great information about functional activity within the
brain. This is particularly true for motor tasks, where relevant brain
regions tend to synchronize with each other, establishing orderly brain
function [1]. For example, previous study has shown synchronous re-
lationships between the somatosensory and motor areas of monkeys
engaged in a motor task [2]. Coupling between relevant brain areas has
also been observed in humans during motion and cognition [3,4]. Ex-
ploring regional coupling therefore provides an avenue through which
the mechanisms of motor function can be studied, and a theoretical
basis for the rehabilitation of stroke patients with motor dysfunction.

At present, both non-linear and linear methods have been developed
to assess the coupling of cortical EEG signals [5,6], although recent
evidence has suggested that brain activity is nonlinear, raising ques-
tions as to the validity of linear approaches. This has led to an increase
in the use of nonlinear coupling analysis methods, including phase
synchronization [7], mutual information [8], coherence analysis

[9,10], to assess the interaction between brain regions. In particular,
permutation mutual information, defined as the arrangement pattern of
the mutual information within signals, is one of the most effective
methods for investigating the coupling between specific brain regions.
Previous studies have employed this approach, including single and
multi-scale permutation entropy, to analyze the coupling properties of
EEG signals in healthy subjects as well as various patient groups, pro-
viding evidence that permutation mutual information can be used to
enhance the calculation of mutual information of EEG signals [11-13].

To further analyze the directional relationship between physiolo-
gical signals, measures of causality, including Granger causality and
transfer entropy (TE), have been employed to assess the directional
coupling between signals [14-16]. Unfortunately, Granger causality is a
linear method that cannot effectively characterize the nonlinear and
multi-scale properties of physiological signals [17,18]. On the contrary,
the TE is a nonlinear directed information transfer method that evalu-
ates the bivariate information transfer between coupled time series and
is capable of model-free analyses for physiological systems. TE is sub-
ject to some limitations, however, as it requires a large amount of
continuous data and is highly sensitive to noise. Several enhanced
forms of TE have therefore been developed to satisfy the specific needs
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of different applications. For instance, symbolic transfer entropy (STE)
makes use of a symbolization technique (i.e. permutation) and transfer
entropy to overcome the requirement for a long data segment; while
multi-scale transfer entropy (MTE) was designed to be capable of
characterizing physiological signals at multiple scales [19-21]. Un-
fortunately, both STE and MTE have a limited ability to analyze the
coupling relationships between signals. STE focuses on single-scale
analysis and thereby fails to offer a comprehensive coupling profile of
signals. MTE, similar to the traditional calculation of mutual informa-
tion, requires a large amount of data to accurately estimate the prob-
ability density functions that are necessary for the calculation of
transfer entropy, making it difficult to precisely capture coupling
properties of EEG signals [22,23]. Consequently, there is a clear need to
develop novel techniques that can address these challenges by identi-
fying coupling across multiple scales using a minimal amount of data.

Taking the advantage of the individual properties of STE and MTE, a
novel method called multi-scale permutation transfer entropy (MPTE)
has been developed to analyze the coupling properties between the
motor and sensory areas of both healthy volunteers and stroke patients
during a three-level hand grip task. In particular, coupling strength was
assessed based on the EEG signals measured from the bilateral motor
cortices at different frequency bands and different scales. It is hy-
pothesized that the motor impairment caused by stroke would alter the
direction and strength of coupling between brain areas, providing a
basis for the functional evaluation of motor rehabilitation.

2. Materials and methods
2.1. Participants

Eleven right-handed male subjects were recruited in this study, in-
cluding a control group (n = 6, age: 24.7 = 1.21 years) and a patient
group (n = 5, age: 48 * 2.24 years). All stroke locations were later-
alized to the left hemisphere, causing motor dysfunction on the right
side of the body. Subject demographic information is summarized in
Table 1. The study protocol was approved by the Institutional Review
Board of Guangdong Provincial Work-Injury Rehabilitation Hospital.
Prior to the experiment, all the subjects were fully informed of the
details of the experiment and signed the informed consent form.

2.2. Experimental paradigm

All experiments were performed in an isolated room to reduce any
environmental disturbance. Subjects were seated on a wooden chair
and held a spring grip meter (EH101, Lynx Mall, China). The paradigm
used in this study included three levels of hand grip tasks (5 kg, 10 kg,
and 20 kg), as illustrated in Fig. 1. Each task started with a 20 s resting
condition that was followed by a motor task, wherein subjects were
asked to perform a hand grip task for 5 s in accordance with instructions
displayed on a screen 1-m in front of their eyes. Subjects were allowed
to rest for 20 s in between each trial. Each motor task was repeated five
times, and all subjects performed each motor task using both their left
and right hands. After each motor task was completed, the subjects
rested for 20 min to prevent muscle fatigue. It should be noted that, as
stroke patients were unable to perform the grip task at the 10 kg and
20 kg levels, only the 5kg task and maximum voluntary contraction

Table 1

Demographic information of the subjects.
Subject Age Used hand Month post stroke Condition
S1 45 right 2 Right limbs mild paralysis
S2 47 right 1 Right limbs mild paralysis
S3 49 right 1 Right upper limbs mild paralysis
S4 51 right 2 Right upper limbs mild paralysis
S5 48 right 1 Right limbs mild paralysis
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(MVC) measurements were collected for the patient group.

2.3. Data collection

A 32-channel EEG acquisition system (Brain Products GmbH,
Germany) was utilized to collect EEG signals (Fig. 2a). EEG electrodes
were placed on the scalp according to the international 10-20 standard
system, as shown in Fig. 2b. Before the electrodes were placed, the scalp
was cleaned and the sampling frequency was set to 1000Hz.

2.4. EEG preprocessing

In this study, in order to assess the coupling between the motor and
sensory areas of the brain during the motor task, EEG signals from the
C3, C4, CP5, and CP6 channels were selected for analysis.

As EEG signals are susceptible to noise and power frequency inter-
ference, the collected EEG data were preprocessed using BrainVision
Analyzer 2.0 software (Brain Products, Germany) to remove powerline
interference, baseline drift, overflow and ocular artifacts, and filtered
from 1 Hz to 50 Hz to remove any residual noise. A discrete wavelet
transform (DWT) was then employed to decompose the EEG signals
with a 6-layer “Daubechies” wavelet and eliminate motion artifacts
[24,25]. Briefly, the DWT decomposes selected EEG signals into a
number of layers by filtering the signals with quadrature mirror filters
(a low-pass filter and a high-pass filter). The output of each layer is then
a series of detail coefficients (from the high-pass filter) and approx-
imation coefficients (from the low-pass filter) [26]. DWT-based de-
noising relies on the assumption that the coefficients associated with
the motion artifacts yield much smaller values than those of true EEG
signal. With this in mind, the cleaned EEG signals can be reconstructed
by setting an appropriate threshold and eliminating these coefficients.
After denoising, the EEG signals from all channels were re-referenced
by subtracting the average signal from two EEG channels placed on the
binaural mastoids. Single-trial EEG signals within each task period
(0-5-s; 5000 data points) were then segmented with respect to different
grid levels.

2.5. Multi-scale permutation transfer entropy

Transfer entropy (TE) is a widely used directional information
measurement method that generally explains the causality of time
series based on information theory [27].

Briefly, let X = {x, %....x,Jand Y = {y,, y, ...... ,,} be two time series,
each with a length of n. The TE from Y to X is defined as:

— —
POl =F, yoP)

- t—p
Tyox = Z px, x,7f, t—p
pOxlx,

Xt:Yt

¥ P)log
(€8]
where x/~F, y'"P represents the vector variable describing all the states
visited by X and Y between time t-1 and time t-p. p(a) represents the
probability associated with the vector variable a, and p(b|a) represents
the probability of the scalar variable b conditioned to a.

The multi-scale permutation transfer entropy (MPTE) is an ad-
vanced form of TE. Briefly, to compute the MPTE of a given time series
signal X, the signal is first symbolized with multiple scales, which is
given as:

S—1, x2Xs1
s _ : :
=11 xsxuzx

0 N X < Xv1 (2)

where S is the scale, representing the number of symbols, and x; is an
element of the original data. The larger the S value, the closer the
symbol sequence is to the original sequence. However, if S is too large,
it will exaggerate the influence of noise, reducing robustness and in-
creasing the computation complexity. Fig. 3 shows an original EEG
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Fig. 1. Illustration of the experimental paradigm. The patient group performed MVC using only their affected hand.

(a)

Fig. 2. (a) Experimental environment of the EEG data collection; (b) Illustration of the locations of EEG electrodes.

signal from a patient and the corresponding signals symbolized with
different scales.

After the symbolization of X, the phase space of X is reconstructed
by (3):

S _ N S S
X7 =, X "'xl+(m—l)r}

3)

where mis the embedded dimension, tis time delay, XJis the t-th space
vector, andx? is the element of the space vectorX?.

Generally, selecting a large embedding dimension m is likely to
degrade the temporal characteristics of the signal. Bandt suggests that
an appropriate embedding dimension m ranges from 3 to 7 [12], and
evidence suggests that m should be set to 3 for severely non-stationary
EEG signals [23,24]. An extremely large or small delay time Tmay also
reduce the correlation of the vector in the phase space or retain a large
number of redundant information within the signal. Consequently,
twas set to 1 in this study.

After constructing the phase space, the probability distribution of
the permutation patterns was estimated. Each space vector corresponds
to a type of permutation and each permutation corresponds to multiple
space vectors, such that there exist m! possible permutations of the
space vectors. Let the number of space vectors for each permutation be
denoted by M; (j=1,2,3 ...,m!). The probability associated with the
permutation (M;) at the scale S is then given as:

(b)

M

Py =—"—
M n—-m+1

()]
where n is the length of the original data, m is the embedded dimension,
and n-m + 1 is the number of the space vectors.

Finally, the MPTE of the signal in scale p can be obtained by using
equation (4) to define the probabilities in equation (1). More details
regarding the MPTE and its calculation can be found in Ref. [28]. For
each subject, the MPTE at each grid level was calculated as the mean
MPTE of all five repeated trials.

2.6. Coupling analysis of EEG signals based on MPTE

In order to study the coupling properties between different EEG
channels at different frequency bands, the preprocessed and segmented
EEG signals were divided into 49 sub-bands, each with bandwidth of
1Hz, and the MPTE values of these sub-bands were calculated at dif-
ferent scales. Based on the contralateral control theory of the brain
[29], the coupling relationships between the C3 channel (the left motor
area) and the CP5 channel (left sensory area) were analyzed during the
right hand grip task. Similarly, the coupling relationships between the
C4 channel (right motor area) and the CP6 channel (right sensory area)
were analyzed during the left hand grip task.
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Fig. 3. One original EEG signal (a) at C3 channel of a patient subject and its corresponding signals symbolized at scale #5 (b), scale #9 (c), and scale #18 (d).

The coupling degree of EEG signals can be quantitatively assessed as
the significant indicator of the MPTE [30]. This significant indicator,
Ap, at the scale of p, is defined as:

Ap = Y Af x MPTE,(f)
f )

whereAfrepresents frequency resolution, and MPTE,(f) represents the
MPTE at f band and p scale. The greater the Ap, the stronger the cou-
pling of the EEG signals.

3. Results
3.1. The coupling analysis in multiple frequency bands and scales

The coupling strength (Ap) between EEG signals at each frequency
band (theta band:4-8 Hz, alpha band: 8-14 Hz, beta band: 15-35 Hz,
gamma band: 35-50 Hz) was computed by summing the coupling
strengths of all 1-Hz sub-bands at different scales for the six healthy
controls (S6-S11). Fig. 4 shows the group-average coupling strength
between the motor area (C4) and the sensory area (CP6) of the right
hemisphere during the left hand grip task, while Fig. 5 shows the
average coupling strength between the motor area (C3) and the sensory
area (CP5) of the left hemisphere during the right hand grip task for
healthy controls. Results suggest that a bi-directional coupling re-
lationship exists between the contralateral brain regions — the coupling
strength in the left hemisphere during right grip task tended to be
stronger in both directions. Results also indicate that the coupling
strengths between motor and sensory areas, regardless of the direction,
were higher in the beta and gamma bands when performing lower grip
force tasks.

Interestingly, for all grip tasks, the beta band consistently exhibited
stronger coupling strength across all scales, as demonstrated in Figs. 4
and 5. In particular, the coupling strength in each frequency band be-
came stronger as the scale increased. Previous studies have suggested
that lower scaling generally caused a drastic reduction in the detail and
dynamic information available in signals, while higher scaling might
aggravate the effects of noise, reducing the robustness of the algorithm
and increasing the complexity of the algorithm [31,32]. Therefore, the
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scale selection is of great import for coupling analysis — scaling factors
must be chosen at a level that maintains sufficient signal detail while
ensuring the high robustness and low computational complexity of the
algorithm. Based on experimental results, a scaling value of 18 was
found to be appropriate for the analysis performed in this study.

We further investigated the coupling strengths between the motor
and sensory areas during the left and right hand grip tasks in the beta
band, which exhibited the greatest coupling strength of all frequency
bands (Figs. 4 and 5). Coupling results for all healthy controls are
summarized in Fig. 6. It can be observed that, when compared to the
left hand, right hand gripping tasks showed significantly increased
coupling strength between the motor area and the sensory area
(p < 0.05). The coupling strength was also seen to decrease as the grip
strength increased.

3.2. Analysis of the coupling in healthy and stroke groups

Comparisons between the beta-band coupling strength of the motor
and sensory areas for all healthy controls and stroke patients are shown
in Fig. 7. As stroke patients were unable to perform grip task at or over
the 10 kg level using their affected hands, EEG signals were only col-
lected and analyzed for the 5kg and MVC conditions on affected side.
The mean MVC across all patients was nearly 10kg (9.2 = 1.1kg).

Overall, the coupling strength between the motor and sensory areas
of each hemisphere was significantly greater in healthy group
(p < 0.05), as shown in the Fig. 7. This indicates that the coupling
between the motor area and the sensory area of healthy brains was
stronger than the coupling in stroke-affected brains during active motor
tasks. Statistical results are summarized in Table 2.

4. Discussion

Permutation mutual information, a measure of the coherence be-
tween signals, can be used to enhance the accuracy of probability es-
timation when calculating the entropy of a signal. Unfortunately, it is
unable to characterize the direction of the information flow between
brain regions. In contrast to permutation mutual information, TE and its
enhanced forms are model-free implementations of causality analysis
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that have been widely used to characterize directional flow of in-
formation between brain regions. TE methods are generally limited by
the need for a large quantity of EEG data, however, making it difficult
to precisely capture the coupling properties of EEG signals. The pro-
posed MPTE approach is an enhanced method that combines permu-
tation mutual information and TE to overcome this limitation in the
coupling analysis of EEG. In this study, the MPTE was introduced and
employed to assess the coupling of specific regions during motor tasks,
providing a promising approach to study task-based coupling between
multiple brain regions.

The oscillatory EEG activity is typically observed during the ex-
ecution of steady-state isometric contractions and phasic movements.
Further, it is frequently coupled with muscle activation across several
different frequency bands, depending on the functions and tasks en-
gaged within the motor system. According to previous studies, beta-

Ap
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Fig. 4. The average coupling strength (Ap) between
the motor area and sensory area at right hemisphere
during left hand grip tasks for the healthy group. (a)
5kg, motor area - > sensory area; (b)10kg, motor
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band oscillations are primarily associated with mild to moderate iso-
metric contraction [33,34]. This is in line with current MPTE results,
which consistently identified strong bi-directional beta-band coupling
between the motor area and sensory area during hand gripping tasks, as
shown in Figs. 4 and 5. In particular, this coupling pattern was reliably
observed in both healthy controls and patients group (Fig. 7), indicating
the important role that the beta band plays in the execution and control
of movement. It is also noteworthy that, as grip strength increased,
coupling strength showed a corresponding decrease, and that the cou-
pling strength of the contralateral motor area and sensory area was
more prominent during the right hand grip task for all healthy controls
(Fig. 6). According to the theory of the contralateral motor control, the
left hemisphere would be heavily implicated in the dominant-hand
movement of a right-handed person, which should be more exercised
and developed than the non-dominant hand [35,36]. This aligns with

Ap Fig. 5. The average coupling strength (Ap) between
1 the motor area and sensory area of the left hemi-

sphere during right hand grip tasks for healthy

0.8 group. (a) 5kg, motor area - > sensory area; (b)

0.6 10 kg, motor area - > sensory area; (c) 20 kg, motor

area - > sensory area; (d) 5kg, sensory area
0.4 - > motor area; (e) 10kg, sensory area - > motor
area; (f) 20 kg, sensory area - > motor area.
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the obtained experimental results, as healthy controls were all right-
handed in this study. Therefore, the present findings are not only va-
luable supplements to the previous studies, but also provide new insight
into cortical interactions and the control of willed motion.

Although the coupling strength between the motor area and sensory
area was consistently stronger in beta band for both groups, stroke
patients exhibited noticeably weaker inter-regional coupling during all
motor tasks. Significant group differences were found between stroke
patients and healthy controls when performing the 5kg grip task with
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either hand (Fig. 7 and Table 2). One potential explanation is that
stroke disrupts patients’ motor or sensory areas in both hemispheres,
reducing the connection between them. With this in mind, our findings
may serve as a routine approach for the assessment and monitoring of
motor dysfunction in future clinical applications.

Results demonstrate that the proposed MPTE method holds great
promise as an advanced approach to characterize the coupling of
multiple brain regions across multiple bands and multiple scales, pro-
viding a theoretical basis for exploring the rehabilitation of human
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Table 2
The statistical analysis result of the coupling strengths (Ap) between healthy controls (HC) and stroke patients (SP).
Left hand Right hand
C4- > CP6 CP6- > C4 C3- > CP5 CP5- > C3
5kg 10kg\MVC 5kg 10kg\MVC 5kg 10kg\MVC 5kg 10 kg\MVC
HC 0.64 = 0.52 = 0.59 = 0.51 = 0.87 = 0.81 = 0.86 = 0.76 =
0.08 0.04 0.07 0.07 0.03 0.06 0.06 0.05
SP 0.52 = 0.49 = 0.50 = 0.47 = 0.70 = 0.64 = 0.66 = 0.63 =
0.05 0.04 0.04 0.07 0.07 0.09 0.06 0.10
P 0.03 0.15 0.025 0.43 0.02 0.01 0.01 0.04

motor system control. It should be recognized, however, that the lim-
ited sample size of this study makes it difficult to draw concrete con-
clusions regarding the clinical value of the MPTE, although clear pat-
terns and differences between healthy controls and patients were
presented. It is expected that in future work will recruit a larger subject
population to enable advanced analysis and validate the present find-
ings, potentially fitting regression models between the MPTE and cor-
responding clinical rating scores, or employing advanced classification
techniques to identify motor function-related biomarkers for the as-
sessment of rehabilitation after stroke. In addition, the selection of an
appropriate scale for analysis should be carefully considered. In the
present study a scale of 18 was selected as an appropriate scale by direct
observation, although the distribution pattern of the coupling strengths
in the selected frequency bands tended to be consistent across scales
(Figs. 4 and 5). Further efforts should be taken to explore this topic and
improve the efficacy of the MPTE method in future work.

5. Conclusion

The coupling of EEG signals reflects the interaction between brain
regions, including interaction strength and direction, and is therefore of
great importance for the assessment of motor function in post-stroke
patients. In this study the MPTE measure was introduced and employed
to characterize the directional coupling between sensory and motor
areas for both healthy and patient subjects. Result revealed that cou-
pling strength between the motor area and the sensory area was weaker
in beta band of stroke patients, as compared to healthy controls.
Although a larger sample size is needed to validate the current finding,
the present study suggests the potential of the MPTE as an approach for
studying the mechanism of functional motor deficits and recovery in
stroke patients.
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