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ABSTRACT ARTICLE HISTORY

To understand the connection among the brain and facial muscles, Received 12 January 2021
we decoded the correlation of facial muscles and brain activities. We Accepted 15 September 2021
applied information theory (Shannon entropy) to EEG and EMG sig- KEYWORDS

nals recorded from 12 subjects (7 M, 5 F) during rest and stimulation Facial muscle; brain:

using three odors (pineapple, banana, vanilla). The results indicated Shannon entropy;

that a larger variation in the molecular complexity of odors causes information; EEG signals;
a larger variation in the information of EMG and EEG signals. There- EMG signals; offactory stimuli
fore, facial muscles’ activity is strongly coupled (r = —0.8399) to the

brain’s activity. Our analysis method could be further employed to
examine the relationship between the brain and other organs by
comparing other physiological signals with the brain signals.

Introduction

The human body incorporates hundreds of muscles. Facial muscles adjust the face in
response to different conditions. Facial muscles are highly reactive to external stimuli. For
example, an observer is readily able to discern facial expressions associated with the expe-
rience of a pleasant taste or smell, especially when compared to those associated with an
unpleasant taste or smell.

Researchers investigating facial muscle activity under varying conditions have reported
plenty of prior works in the available literature. For instance, the reported studies that
monitored EMG signals in decompression operation [1], analyzed EMG signals to recognize
intensive valence and arousal affective [2], evaluated the influence of visual [3], emotional
[4], and auditory [5] stimuli on EMG signals; judged smile authenticity by analysis of EMG
signals [6], and evaluated the alterations of facial muscle activity in aging [7], are worthy of
being mentioned.
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The brain controls all body’s actions by sending impulses to organs via the nervous
system [8]. Therefore, the activities of various organs and the brain should be related.
When a stimulus is received, its information is transferred to the brain, and accordingly,
the brain transfers information to various organs via messages. Thus, the processed infor-
mation in the brain and organs should be related. Considering the brain-facial muscles
connection through the physiological system of the human body [9], we hypothesize that
the information of facial EMG and EEG signals should be correlated. Thus, we evaluated
the correlation of facial muscles and brain activities by quantifying their signals’ informa-
tion. Specifically, we calculated their Shannon entropies and accordingly evaluated their
correlation in different conditions.

Besides works that utilized various methods (e.g. fractal theory [10-11]) to evaluate non-
linear physiological signals, there have been plenty of works that employed different kinds
of entropy. The studies which evaluated voice [12], eye movements [13], heart rate variabil-
ity (HRV) [14], and Galvanic Skin Response (GSR) signals [15] using different types of entropy
can be mentioned.

Besides, different types of entropy were utilized to investigate changes in EMG signals.
The reported studies that detected muscle onset by entropy-based analysis of EMG signals
[16], calculated scale symbolic transfer entropy for patients with stroke [17], analyzed mul-
tiscale entropy of EMG signals during walking [18], classified neuromuscular disorders by
multiscale entropy analysis [19], and investigated the effect aging on leg muscle by calculat-
ing multiscale entropy [20] can be mentioned. Specifically, many studies applied Shannon
entropy to EMG signals to decode the muscle activation in different conditions (e.g. external
stimulation [21], fatigue [22]).

The available literature also includes many articles focused on analyzing EEG signals
using various types of entropy. For instance, studies that benefited from approximate
entropy [23], sample entropy [24], permutation entropy [25], multiscale entropy [26], and
fuzzy entropy [27] for evaluation of EEG signals can be mentioned. Specifically, many inves-
tigations used Shannon entropy to decode the brain activation in different conditions (e.g.
external stimulation [28], body movements [29], disorders [30]).

This paper used information theory to decode the correlation of EMG and EEG signals.
As such, we were able to analyze the coupling between muscle and brain activities.

The paper reports on the following: Our method of analysis; Experimental design and
data collection; Data analysis, including statistical analysis; and obtained results and asso-
ciated discussion, including proposed opportunities for future investigations.

Method

We evaluated the correlation of facial muscles and brain activations. Since both EMG and
EEG signals contain information, they can be evaluated using Shannon entropy. Shannon
entropy, eq. 1, quantifies the information contents of the system, and its bigger values
indicate larger information in the system [31].

H=—>"pilogpi (1)
i

In which, p; indicates the probability.
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Figure 1. The molecular structure of odors (stimuli).

We investigated the variations in the information of EMG and EEG signals at rest and
stimulation conditions. For olfactory stimulation, we chose three pleasant odors according
to their molecular complexities. Bertz Formula (2), composed of skeletal complexity (Cp)
and diversity of the atoms (C) [32], was used to quantify the complexity of odors.

C=Cn+Ce (2)

The molecular structures of selected odors and their calculated molecular complexities are
shown in Figure 1. The molecules associated with these odors are ordered with increasing
complexity, i.e. first odor (pineapple), second odor (banana), and third odor (vanilla). We
chose these odors because of their increasing molecular complexities that let us decode
the coupling of the information contents of signals.

We stimulated the participants using various odors and then quantified the coupling of
the information of EEG and EMG signals.

Data collection

The conducted experiment has been approved by the ethical committee of Monash
University (#19855). The data collection was conducted on twelve participants (7 M, 5 F,
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Figure 2. Data collection from a subject.

18-22 years old) after we explained the study to them, and they agreed to participate
by signing the consent form. Subjects sat on the chair and breathed normally during the
experiment.

We used Muse EEG and Shimmer EMG devices for our data collection. The collection of
EEG and EMG signals was completed at 256 and 512 Hz. Figure 2 illustrates the attached
EEG device and five EMG electrodes to a participant. For stimulation of subjects (Figure 2),
0.01 ml of each flavor was used, which was poured on a paper and kept in front of subjects.
The placements of five EEG electrodes and five EMG electrodes are shown in Figure 3(a,b).

Firstly, the signals of subjects were recorded during rest (for one minute). Then, we stim-
ulated them using the first odor while we collected their signals for one minute. After that,
participants rest for one minute while sniffing coffee to negate the first odor. We contin-
ued collecting EEG and EMG signals from subjects for each subsequent odor. Each odor
was presented for one minute, followed by a one-minute rest period. We considered the
repeatability of results by running the experiment in two trials.

Data analysis

Due to the close location of AF7 and AF8 electrodes to the olfactory bulb of the brain, we
only analyzed the EEG signals from these channels.

Firstly, we filtered EEG and EMG signals using 1'st order Butterworth bandpass filters at
0.5-30Hz and 25-180 Hz. We then computed their Shannon entropy. We analyzed 56 s of
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Figure 3. The placements of EEG (a) and EMG (b) electrodes.

data because of inconsistencies in the recording frequency of EEG and EMG devices that
sometimes resulted in recording less than one minute. All analyses were run in MATLAB.

We checked the normality of the calculated values using the Anderson-Darling test. The
results rejected the null hypothesis, which means the normal distribution of results. We ran
a posthoc Tukey test for pairwise comparison. We also computed Cohen'’s d to evaluate the
stimuli’ effects on the information contents of recorded signals. Pearson correlation coeffi-
cient was used for the correlation analysis. A significance level of 0.05 was selected for our
analysis.
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Results

Figure 4 shows the Shannon entropy of EEG signals.

The results show that EEG signals have the smallest entropy in the rest. Since entropy
indicates the information in the signal, therefore, EEG signals have the lowest information
during rest (none-stimulation). This finding was expected since the brain has lower activity
during rest, and therefore, EEG signals have lower information content than stimulation
conditions. The alterations in the EEG signals’ entropy by moving from rest to stimula-
tion conditions show that the EEG signals’ entropy increases with an increase in the odors’
complexity. In other words, the EEG signals’ information increases due to smelling a more
complex odor.

Table 1 compares EEG signals’ entropy among various conditions. According to the
results, no significant difference can be seen in the EEG signals’ information between differ-
ent conditions. This finding is very dependent on the variations of the complexity among
different odors. In other words, if we use odors with greater differences in their molecu-
lar complexities, it could potentially cause the variations in the EEG signals’ information to
become significant. Since our scope is analyzing the correlation among the variations of
EEG and EMG signals, non-significant variations in the information of signals are not con-
sidered in this research. The effect sizes presented in Table 1 show that the third odor had
the largest influence on the alteration of the information of EEG signals.

Figure 5 shows the entropy of EMG signals.

Based on the results, EMG signals have the greatest entropy (information) during rest.
By moving from rest to stimulation conditions, the EMG signals’ entropy decreases. In other
words, the information of EMG signals decreases. Therefore, a larger variation in the odors’
complexity causes a larger variation in EMG signals’ information.

40000000
35000000
30000000
25000000
20000000
15000000
10000000

5000000

Shannono entropy of EEG signals

0
Rest Firstodor Second odor Third odor

Figure 4. EEG signal’s Shannon entropy in rest and stimulation.

Table 1. Comparison of entropy of EEG signals.

Pairwise Comparison p-value Cohen’sd
Rest condition and First odor (pineapple) 0.9846 0.5374
Rest condition and Second odor (banana) 0.9466 0.4965
Rest condition and Third odor (vanilla) 0.1113 0.4768
First odor (pineapple) and Second odor (banana) 0.9595 0.4491
First odor (pineapple) and Third odor (vanilla) 0.1244 0.4660

Second odor (banana) and Third odor (vanilla) 0.3159 0.3525
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Figure 5. Shannon entropy of EMG signals in rest and stimulation.

Table 2. Comparison of entropy of EMG signals.

Pairwise Comparison p-value Cohen’s d
Rest condition and First odor (pineapple) 0.9969 —0.0527
Rest condition and Second odor (banana) 0.9716 —0.1204
Rest condition and Third odor (vanilla) 0.9394 —0.1625
First odor (pineapple) and Second odor (banana) 0.9955 —0.0689
First odor (pineapple) and Third odor (vanilla) 0.9827 —0.1129
Second odor (banana) and Third odor (vanilla) 0.9991 —0.0455

Comparing Figures 4 & 5 demonstrates that EEG signals’ entropy changes greater than
the entropy of EMG signals by shifting from rest to the third stimulus. Therefore, it can be
said that olfactory stimuli had a more significant influence on the variations of the EEG
signals than EMG signals. Namely, the brain showed bigger reactions compared to facial
muscles to olfactory stimulation.

Table 2 shows the pairwise comparison of the entropy of EMG signals. As shown, no sig-
nificant difference was obtained. As previously mentioned, this result is very dependent on
the variations of the complexity among various odors. Besides, the correlation among the
signals is considered in this study, not the significance of their variations. The correlation
coefficient (r = —0.8399) indicates that brain and facial muscle signals are strongly corre-
lated. The effect sizes demonstrate that the third odor had the biggest influence on the
alterations of the EMG signals’ information.

Therefore, we can see that the changes in the entropy of EMG signals are coupled with
the changes in the entropy of EEG signals.

Discussions

We analyzed the correlation of facial muscles and brain activities by analyzing EMG and EEG
signals. We examined the Shannon entropies of these signals in rest and stimulation using
various odors as olfactory stimuli.

The result indicated that the EEG signals’ entropy has its lowest value in the rest, which
increases with the increases in the molecular complexities of odors. In other words, bigger
changes in the odors’ complexity cause bigger changes in the EEG signals’ information. On
the other hand, we obtained similar results for the EMG signals’ entropy; larger variations
in the odors’ complexity cause larger variations in EMG signals’ information. The statistical
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analyses also supported our findings. The Pearson correlation coefficient indicated that the
alterations of signals are strongly correlated. Therefore, the variations in facial muscles and
brain activities are linked. The conducted investigation in this study is more advanced com-
paring to the works [1-7] which only analyzed the facial muscles’ reaction without linking
to brain activity.

When we smell an odor, a message is sent to the brain. Since the facial muscles are con-
trolled by the brain, the brain sends a message to facial muscles about the stimulus. In [33], it
was shown that due to smelling a more complex odorant, the more numerous the olfactory
notes are evoked. Therefore, because of the brain-facial muscles connection, the variations
of EEG signals’ information are mapped on the variations of the EMG signals’ information.
The result of facial muscles analysis is valid according to [34], which states the alterations in
the facial muscle activation (EMG signals) as the result of sniffing different odors.

In further studies, we can investigate the correlation among facial muscle and brain acti-
vations in repose to other stimuli. For example, various images with various information
contents can be shown to subjects and we decode the coupling of facial muscles and brain
reactions. It also should be noted that this analysis is not limited to facial muscles, and we
can study the correlation of other muscles and brain activities. For example, we can inves-
tigate the relation between leg muscle and EEG signals while human walks. Therefore, we
can understand how brain activity affects leg muscle activity.

Besides, we can extend our analysis to other physiological signals to decode their rela-
tions with the brain. For instance, we can evaluate the correlation of the information of ECG
and EEG signals to decode the heart-brain correlation. Since the brain controls all organs,
we should be able to find a correlation among them.

Investigating the correlation between EMG and EEG signals for patients with various
muscle (e.g. Bell’s Palsy) or brain (e.g. Parkinson’s disease) diseases is another future work.
In this way, we can understand at which level their brain can control muscles. The obtained
results can be further utilized for rehabilitation purposes.

Modeling of the relationship between facial muscle and brain reactions is another inter-
esting future works. In fact, by using developed mathematical models [35], we could
potentially forecast muscle’s reaction based on the brain’s reaction to external stimuli.

Overall, these investigations help researchers for a better understanding of the relation-
ship among muscle and brain activities that has great advantages specifically in rehabilita-
tion science and engineering.
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