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Hypnosis is a mental state or set of attitudes usually induced 

by a procedure known as hypnotic induction. In order to 

provide the basic physiological conditions for potentially 

successful hypnosis treatment of medical and psychological 

problems, the determination of a subject’s hypnotizability 

level is important. Currently, the hypnotizability level is 

determined using different standard subjective tests. To avoid 

the different drawbacks of these subjective clinical tests, a 

practical objective method based on the correlation between 

electroencephalograph (EEG) phase synchronization and 

hypnosis susceptibility levels is presented in this study. This 

method can be used by clinicians instead of the traditional 

subjective methods to classify hypnotizability level. Thirty-

two subjects with different hypnosis susceptibility levels 

contributed to this research. Using statistical analyses, it was 

concluded that, in highly hypnotizable people, the EEG phase 

synchronization between different paired channels, located on 

the frontal lobe, is significantly different from that in subjects 

with medium or low hypnotizability.

Keywords: Hypnosis, Phase synchrony, Hilbert–Huang 

transform, hypnotizability, Electroencephalograph

1. Introduction

Hypnosis, as commonly conceived, is a sleep-like state, 
induced by monotonous stimulation and repetitive sugges-
tions, in which the subject becomes abnormally responsive 
to suggestions (including therapeutic ones), and may display 
novel or enhanced abilities. Hypnosis treatment is reportedly 
much more successful in patients with a high level of hypno-
tizability, compared to those with a low level [1]. Currently, 
hypnotizability level is determined by the use of different 
standard clinical subjective tests such as the Waterloo–
Stanford group scale of hypnosis susceptibility (WSGS [2,3]), 
which measures how well a subject conforms to the behaviour 
of different hypnotizable groups, based on different questions 

and activities presented by the hypnotizer. Using the results of 
these tests, some people are found to be markedly more hyp-
notizable than others. These clinical tests lead to some prob-
lems in the determination of hypnosis susceptibility levels: 
(1) performing some of the required tasks in these methods 
inhibits the deepening of hypnosis; (2) because they are sub-
jective, the results depend on the responses of the subject; (3) 
the time duration needed for performing these clinical tests 
is long, at about 45 minutes, which makes the subject tired 
and reduces the depth of the hypnosis trance; (4) there are 
potential biases and inaccuracies in the subjective reports and 
observations of the hypnotizer. Therefore, in order to avoid 
the drawbacks of these subjective clinical tests, investigators 
have tried to find completely objective criteria. For example 
[4], following repeated failures to detect electrometric cor-
relations with electroencephalographic (EEG) data from hyp-
nosis trance states, provided an index of trance depth using 
electric measurements on the skin. However, measuring these 
electric potentials presents some methodological problems, 
as reported by Leonesio and Chen [5]. In our research, we 
found a correlation between EEG characteristics and hypno-
sis susceptibility level that represents a practical method for 
differentiating highly hypnotizable subjects from others.

Previously we have reviewed studies on hypnosis 
induction and EEG signals [7]. We also investigated the 
effect of hypnosis induction on the temporal correlations 
between EEG signals [6], changes in brain wave energy 
during hypnosis induction [7], and the differences in the EEG 
weighted regional frequencies for three hypnotizable groups 
[8]. The results of these studies demonstrated that hypnosis 
induction can affect brainwave patterns. However, the specific 
nature of such interactions remains a point of debate. As 
synchrony is considered to be a basic mechanism for brain 
integration [9] and the transitions between synchronization 
and desynchronization may indicate transitions between 
cognitive states [10], different studies have recently tried 
to investigate the role of synchronized EEG components in 
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various activities such as cognitive and memory tasks [11], 
musical hearing [12], stimulus reaction [9,10,13], arithmetic 
tasks [14], depressive disorder [15], and motor imagery [16]. 
However, the dynamical patterns of phase synchronization 
over the entire brain in the hypnotic state have not yet been 
studied.

This study aimed at investigating the phase synchroniza-
tion of EEG rhythms with hypnosis induction in different 
hypnotizable groups, in order to find an applicable objective 
method that can help a hypnotherapist to determine the hyp-
nosis susceptibility level just after hypnosis induction, instead 
of using the traditional subjective methods with the afore-
mentioned drawbacks.

In this study, we used the Hilbert–Huang transform 
(HHT) for phase information extraction. The description and 
advantages of this algorithm, the method used to calculate the 
phase synchronization index, the characteristics of the data 
and the statistical analysis are introduced in §2. The results 
of implementing this method with the hypnosis EEG data for 
different frequency bands show that it can be useful in design-
ing an optimal and practical EEG system for characterizing a 
subject’s hypnotizability level in clinical work.

2. Materials and methods

2.1. Data and subjects
EEG data for 32 male, right-handed individuals were recorded 
using 19 electrodes placed according to the standard 10–20 
system at a sampling rate of 256 Hz. Hypnosis induction was 
performed by playing an audiotape based on the Waterloo–
Stanford criterion [2,17]. Therefore, the method and duration 
of the hypnosis induction were the same for all of the subjects. 
The first 15 minutes of this tape related to the hypnosis induc-
tion, and the remaining 30 minutes related to the 12-item 
Waterloo–Stanford group scale (WSGS) of hypnotic suscep-
tibility measurements. Based on the subject’s reaction to the 
12 hypnosis assessment items of the WSGS, a hypnotizability 
score (a number between 12 and 60 according to the WSGS 
guidelines) was determined for each subject [2]. Based on 
these scores, the subjects were divided into low (12 < WSGS 
scores < 22), medium (23 < WSGS scores < 41), and high (42 
< WSGS scores < 60) hypnotizable groups, in line with the 
scores determined in [3]. In our dataset, four subjects were 

categorized as low, 18 subjects as medium, and 10 subjects as 
high. Table 1 shows the demographic and clinical characteris-
tics of the subjects.

2.2. Hilbert–Huang transform (HHT)
Phase information can be obtained in various ways, such as by 
Fourier transform, wavelet transform[18] and Hilbert trans-
form[16,19]. These approaches all require bandpass filtering 
before extracting phase information. Bandpass filtering has 
a number of drawbacks. First, the cut-offs are arbitrary. The 
natural oscillations of a physical system may cross these arti-
ficial boundaries, yet Fourier analysis requires complete oscil-
latory cycles. In addition, any nonstationarity or nonlinearity 
may lead to spurious harmonics. Recently, a new method 
called the Hilbert–Huang transform, which is based on the 
combination of empirical mode decomposition (EMD) and 
the Hilbert transform, was introduced for calculating instan-
taneous phases [20,21]. A great advantage of EMD and Hilbert 
spectral analysis is their effective use of the data. In EMD, all 
of the data are used to define the longest period component. 
Furthermore, a whole wave is not needed to define the local 
frequency, as the Hilbert transform gives the best-fit local sine 
or cosine form for the local data. Therefore, the frequency 
resolution for any point is uniformly defined by the stationary 
phase method or local derivative of the phase. This advantage 
is especially effective in extracting low-frequency oscillations. 
Unlike the wavelet analysis, the instantaneous frequency can 
still be localized in time, even for the longest period compo-
nent, without spreading energy over wide frequency and time 
ranges. Still another advantage of EMD and Hilbert spectral 
analysis is its application to transient data without zero or 
mean references; the trend or DC term is automatically elimi-
nated. The introduction of the Hilbert spectrum also provides 
a quantitative measure of the degree of stationarity [20].

Another advantage of the EMD is that, in contrast to 
Fourier and wavelet transforms, the basic functions derived 
from a given signal are not fixed. The technique adaptively 
decomposes nonstationary signals into a finite number of 
data-adaptive basis functions of intrinsic oscillatory modes by 
empirically identifying the physical time scales intrinsic to the 
data without assuming any basic functions [20–24].

HHT uses the EMD method to decompose a signal into 
so-called intrinsic mode functions (IMFs) and then uses the 

Table 1. Clinical characteristics of subjects.

Characteristic Value

Gender Male

Dominant side Right handed

Number of hypnosis sessions before recording 3–6 sessions

Physical features of subjects before recording No noticeable physical activity

Relaxation maintained

Duration of hypnosis 45 min (15 min hypnotic induction and 30 min evaluation of hypnotizability)

Time of recording Afternoon (4–8 pm)

Score of hypnotizability by Waterloo–Stanford criterion 12 to 60

 Number of subjects with low hypnotizability 4

 Number of subjects with medium hypnotizability 18

 Number of subjects with high hypnotizability 10



EEG phase synchronization during hypnosis induction 3

Copyright © 2012 Informa UK, Ltd.

Hilbert spectral analysis (HSA) method to obtain instanta-
neous frequency and amplitude data.

The IMFs satisfy the following conditions:

(a) The number of extrema and the number of zero-cross-
ings must differ at most by one.

(b) At any point, the mean value of the upper and lower 
envelopes is zero.

The IMF z
i
(t) of signal y(t) is found using the following 

loop, starting with i = 1:

1. Compute the mean, m(t), of the upper and lower enve-
lopes of the signal.

2. Subtract m(t) from the signal to obtain z
i
(t) = y(t) – m(t).

3. Check whether z
i
(t) is an IMF. If so, then z

i
(t) is the ith 

IMF of y(t). If it is not an IMF, z
i
(t) is treated as the origi-

nal signal and steps (1)–(3) are repeated.
4. Separating z

i
(t) from y(t), we get y

i
(t) = y(t) – z

i
(t). y

i
(t) 

is treated as the original data, and by repeating the above 
steps, the next IMF of y(t) can be obtained [25–29].

The next step is applying the Hilbert transform to each 
IMF, in order to compute the instantaneous frequency and 
amplitude [20].

X t Hilbert Tranform Yr t p v
Yr t

t t
dt( ) { ( )} . .

( )
= =

− ′
′

−∞

∞

∫
1

π
(1)

The analytical signal X is computed using hilbert(Yr) com-
mand of signal processing toolbox of MATLAB. hilbert(Yr) 
returns a complex helical sequence, sometimes called the ana-
lytic signal, from a real data sequence. The analytic signal X = 
Yr + i × Yi has a real part, Yr, which is the original data, and an 
imaginary part, Yi, which contains the Hilbert transform. The 
imaginary part is a version of the original real sequence with 
a 90° phase shift. Sines are therefore transformed to cosines 
and vice versa. The Hilbert transformed series has the same 
amplitude and frequency content as the original real data and 
includes phase information that depends on the phase of the 
original data. The analytic signal for a sequence Yr has a one-
sided Fourier transform; that is, negative frequencies are 0. 
To approximate the analytic signal, Hilbert calculates the Fast 
Fourier Transform (FFT) of the input sequence, replaces those 
FFT coefficients that correspond to negative frequencies with 
zeros, and calculates the inverse FFT of the result. In detail, 
Hilbert uses a four-step algorithm [30]:

1. It calculates the FFT of the input sequence, storing the 
result in a vector X. 

2. It creates a vector h whose elements h(i) have the values:
•	 1 for i = 1, (n/2) + 1
•	 2 for i = 2, 3, …, (n/2)
•	 0 for i = (n/2) + 2, …,

3. It calculates the element-wise product of x and h.
4. It calculates the inverse FFT of the sequence obtained in 

step 3 and returns the first n elements of the result.

The Hilbert transform is useful in calculating instanta-
neous attributes of a time series, especially the amplitude and 

frequency. The instantaneous amplitude, a(t), is the amplitude 
of the complex Hilbert transform; and the instantaneous fre-
quency, f(t), is the time rate of change of the instantaneous 
phase angle, θ(t). These parameters are calculated as [20]:

a t Y t X t( ) ( ) ( )= +
2 2 (2)

f t
d t
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The next step after estimating the instantaneous frequency 
and amplitude is separating each of the considered frequency 
bands over time, which is performed by computing the sum of 
the IMFs belonging to the considered frequency band, delta 
(0.5–3 Hz), theta (3–7 Hz), alpha (7–12 Hz), beta (12–30 Hz) 
and gamma (30–70 Hz).

Therefore the decomposition procedure of hypnosis EEG 
signal into the brain wave frequency bands (delta, theta, alpha, 
beta and gamma) using HHT can be summarized as follows:

1. Decompose the EEG signal into its IMFs using the EMD 
algorithm. Figure 1 shows one channel hypnosis EEG 
signal and its IMFs.

2. Each IMF is a narrow band signal which contains adja-
cent frequencies. Based on the EMD approach described 
above (the results are seen in Figure 1) the first IMF has 
the highest frequency contents and the last IMF has the 
lowest frequency contents of the signal. Implementing 
Hilbert transform on each IMF, the frequency contents of 
each IMF can be calculated in each sample of time. As in 
this example that was shown in Figure 1, the EEG signal 
has 11 IMFs; therefore using HHT we have 11 frequency 
components in each sample of time.

3. Suppose that we want to extract the beta frequency band. 
The IMF that has the frequency in the beta band (12–30 
Hz) should be determined for each sample of time. Then 
in each time instance the selected IMFs are added together 
to form the beta band signal. The other frequency bands 
can be calculated in the same way:

Delta
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Beta( ) ,

, ,...,

k IMF k

i

= ( )( )
∈{ }

∑∑ i=1

number of IMF

so that frq

k

N

1 2

12 ii k( ) ≤ 30

(8)

Gamma( ) ,

, ,...,

k IMF k

i

= ( )( )
∈{ }

∑∑ i=1

number of IMF

so that fr

k

N

1 2

12 qq i k( ) ≤ 70

(9)

Which N is the number of sample time and frq
i
(k) is the 

instantaneous frequency of ith IMF in kth sample of time, 
that is calculated using HHT on each IMF. A similar method 
was also used in [31] and [32], to extract brainwave energy 
and event-related potential analysis, respectively. The result of 
this procedure is presented in Figure 2. This figure shows the 
delta, theta, alpha, beta and gamma frequency bands of the 
EEG signal shown in Figure 1.

2.3. Mean phase coherence
Phase synchronization has been observed for weakly coupled 
chaotic self-sustained signals. This theory has been generalized 
to deal with stochastic signals. To detect phase synchronization 
between two signals, the phases and amplitudes of the signals 
have to be calculated [21]. In this study, using equations (2) 
and (4), the phase and amplitude information was extracted.

Phase synchronization of coupled oscillators is realized by 
an almost constant phase difference guaranteed by the phase 
locking condition [33].

n t m t tn mΦ Φ Φ( ) ( )
,( ) ( ) ( )1 2

− = (10)

where Φi(t) denotes the phase of time series i and Φm n t, ( )
is the phase difference for given integers n and m. If the phase 
locking condition is fulfilled for two integers n and m, the 
processes are referred to as n:m phase locked. In the presence 
of additional stochastic influence, phase jumps of ± 2π, ± 4π, 
… occur. Thus, applied to stochastic processes, the distribu-
tion of the phase differences,

Figure 1. One channel EEG signal and its components (IMFs) based on the EMD algorithm.
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Ψ Φ Φn m t n t m t m n Z,
( ) ( )( ) ( ( ) ( ))mod ,= − ∈
1 2 2π (11)

is significantly different from a uniform distribution. The 
deviation of this distribution from a uniform one can be 
quantified by:

R t tn m n m n m, , ,cos ( ) sin ( )2 2 2
= +Ψ Ψ .(12)

R2n,m is taking values close to zero if there is no devia-
tion and values close to one for preferred values of the phase 
difference, respectively [33]. In this equation .  denotes the 
average over time. The length of time window was the last 3 
minutes of hypnosis induction, because it is expected that the 
subject reaches his/her final hypnosis depth at the end of hyp-
nosis induction. The length of 3 minutes was obtained based 
on trial and error.

Mean phase coherence, R:= R
1,1

, is defined as an index of the 
phase synchronization[33], and will be close to zero if there is 
no phase synchronization between the two signals[9,21].

2.4. Statistical analysis
A comparison between the beginning and end of hypnosis 
induction was carried out, using the paired sample t-test. At 
the end of hypnosis suggestion, the subject was in the final 
depth of hypnosis, so the hypnosis depth at the beginning 
of the hypnosis was less than that at the end. We performed 
this comparison in order to determine whether the phase 
synchrony has a relationship with the hypnosis depth. The 
analyses were performed using the measured values of 
mean phase coherence between different channels for the 
brain in hypnosis and waking EEG recordings. The effect 
of the hypnotizability level on the mean phase coherence 
was investigated with analysis of variance (ANOVA) and 
the statistical significance was determined to be α = 0.05 

for the analyses. An ANOVA is used to evaluate differences 
between datasets. This method puts no condition on data 
size, so datasets suitable for an ANOVA can be as small as 
three or four numbers, up to infinitely large sets of numbers. 
ANOVA can also be used in such a way that the datasets need 
not be equal in size. The basis of ANOVA is the partitioning 
of sums of squares into between-class (SS

b
) and within-

class (SS
w

). There are four different classical approaches for 
computing sums of squares (SS) and testing hypotheses in 
ANOVA. These methods are called types I–IV [34]. In the 
previous literature [34–36] it was shown that type III sums 
of squares is appropriate for unbalanced data. This method is 
used in available statistical computing software to deal with 
unbalanced data.

3. Results

In the first stage of our study, changes in the phase synchroni-
zation between different paired channels in different frequency 
bands were investigated using a hypnosis EEG compared to 
the waking EEG. Using statistical analysis and considering the 
following ratio (ratio1), significant results were observed just 
in the delta, theta and beta frequency bands. The statistical 
results showed that the EEG phase synchrony had no signifi-
cant changes in the other frequency bands during hypnosis 
induction.

Ratio1=

Phase synchronizationbetween

different brain channels

in hhypnosis EEG

Phase synchronization

between different brain

channeels in normal EEG

(13)

The different values of ratio1 can be summarized as follows:

•	 ratio1 < 1: the phase synchrony between considered chan-
nels is less in hypnosis EEG than in waking EEG.

•	 ratio1 ≈ 1: the phase synchrony between considered chan-
nels in hypnosis EEG is similar to that in waking EEG.

•	 ratio1 > 1: the phase synchrony between considered 
channels is more in hypnosis EEG than in waking EEG.

Moreover, the reduction of the ratio1 value indicates a 
decrease in the phase synchrony of the hypnosis EEG with 
respect to the waking (or normal) EEG and vice versa.

It should be mentioned that no significant effect of hyp-
nosis and hypnotizability on the ratio1 in the delta, theta and 
beta frequency bands was observed in all of the brain chan-
nels. Table 2 presents the paired channels whose mutual phase 
synchrony had significant changes before and after hypnosis 
induction, as shown through statistical analyses.

Statistical analyses showed that the ratio1 in all of the 
mentioned paired channels in highly hypnotizable subjects 
was less than that in people with medium and low hypnotiz-
ability. This result was observed in all of the time windows 
during hypnosis induction. As an example, see Figure 3. In 

Figure 2. Decomposition of the EEG signal (Figure 1) into brain fre-
quency bands, delta (0.5–3 Hz), theta (3–7 Hz), alpha (7–12 Hz), beta 
(12–30 Hz) and gamma (30–70 Hz), based on the HHT algorithm.
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this figure, the distribution (box plot) of ratio1 has been plot-
ted for phase synchronization between channels T6 and O1 
in the delta band (part a) and C3 and T3 in the theta band 
(part b), in three hypnotizable groups. For the other channels 
shown in Table 2, the same results were obtained.

The ratio1 values in highly hypnotizable subjects in the 
delta, theta and beta frequency bands and in all of the hypno-
sis EEG time windows were between 0 and 1.4. In people with 
medium and low hypnotizability, these values were greater 
than 1.4. This means that in the highly hypnotizable subjects, 
the phase synchrony between the considered channels in the 
hypnosis EEG was mostly less than that in the waking EEG, 
while in the medium and low hypnotizability subjects, the 
phase synchrony between the channels in the hypnosis EEG 
was greater than that in the waking EEG.

In addition, the smaller value for this ratio in the highly 
hypnotizable subjects showed that the increase in the phase 
synchronization between the introduced paired channels in 
the groups with low and medium hypnotizability was greater 
than that in the high group after hypnosis induction.

According to the paired sample t-test results, no signifi-
cant changes were seen in the ratio1 values in the first time 
window of hypnosis induction with respect to the last time 
window (Figure 3). In other words, there were no changes in 
the mutual phase synchronization of the mentioned paired 
channels during hypnosis suggestion.

In the next stage of our study, we investigated the phase syn-
chrony between mutual channels only for the hypnosis EEG. In 
this part of the study, EEGs were recorded using 19 channels, so 
there were 19C2 = 19!/(17! × 2!) = 171 different paired channels 
for which phase synchronization should be investigated.

The results of the ANOVA showed that there were 22 
paired channels whose mutual phase synchronization in the 
delta band in the highly hypnotizable group was less than that 
in the two other groups. As an example, Figure 4 shows the 
values of the mean phase coherence between channels F3 and 
F8 in the various hypnotizable groups. It should be mentioned 
that this result was obtained in the last time window (last 3 
minutes) of the hypnosis EEG, when the subject was close to 
the final hypnosis depth.

Figure 5 shows that most of these 22 paired channels were 
located at the frontal part of the brain. Statistical analyses 
showed no significant results for the other paired channels 
and in the other frequency bands.

The area of the brain most associated with planning, organi-
zation, selective attention and inhibitory control is the frontal 

Figure 4. Values of mean phase coherence between channels F3 and F8 
in various hypnotizable groups in delta band.

Figure 5. Paired channels for which phase synchronization in delta 
band had most significant difference between various hypnotizable 
groups, at end of hypnosis EEG.

Figure 3. Distribution (box plot) of ratio1 (a) between channels T6 and 
O1 in delta band and (b) between channels C3 and T3 in theta band in 
different hypnotizable groups. In each window, the first box belongs to 
subjects with low hypnotizability, the second is for people with medium 
hypnotizability, and the third is for the highly hypnotizable group. 

Table 2. Paired channels for which there are significant changes in 
mutual phase synchrony in different frequency bands.

Frequency band Paired channels

Delta (Fp1, T4) and (T6, O1)

Theta (Fp2, F3) and (C3, T3)

Beta (Pz, P3)



EEG phase synchronization during hypnosis induction 7

Copyright © 2012 Informa UK, Ltd.

lobe [37]. The frontal area of the brain has recently been of 
great interest when searching for neural changes associated 
with hypnosis because the cognitive functions associated with 
the frontal lobe of the brain may be specifically involved in 
hypnosis [37–40].

4. Conclusion

In this study, we demonstrated, through ANOVA, that the 
ratio of phase synchronization between specific channels in 
hypnosis EEG with respect to that of a waking EEG, for highly 
hypnotizable subjects, was less than this ratio for the other 
groups, in the delta, theta and beta bands. The values of this 
ratio in highly hypnotizable subjects, in all of the mentioned 
frequency bands, were less than 1.4, while for persons with 
medium and low hypnotizability, these values were greater 
than 1.4. These results mean that, for subjects with medium 
and low hypnotizability, the phase synchrony between the 
introduced paired-channels in the delta, theta and beta bands 
is greater in a hypnosis EEG than in a waking EEG. However, 
in highly hypnotizable subjects, the opposite of these results 
were observed.

Statistical analyses showed that there was no significant dif-
ference between the phase synchronization of various paired 
channels at the end of hypnosis with respect to the beginning 
of hypnosis induction. In other words, the changes in hypno-
sis depth during hypnosis induction had no significant effect 
on the mutual phase synchronization.

The present phase synchronization analysis has also shown 
that there are 22 paired channels for which the mutual phase 
synchronization in the delta band of highly hypnotizable 
subjects is different from that in persons with medium and 
low hypnotizability. Most of these channels are located in the 
frontal part of the brain. This result shows that the activities 
in the brain’s frontal part are significantly different among the 
three hypnotizable groups. In the current study, we observed 
that there was less phase synchronization between the chan-
nels located on the frontal lobe in the highly hypnotizable 
group than in the two other susceptible groups.

Based on the obtained results, a practical system could be 
designed that would be useful to clinicians to monitor the 
effect of hypnosis on a subject during the hypnosis suggestion. 
This system could record the EEG signals from two channels 
(for instance T3 and C3, based on Table 2) during the hypno-
sis induction performed by a hypnotist. The system’s software 
would then process these signals (the processing could be 
performed simultaneously with the EEG recording) and cal-
culate the phase synchronization between the selected chan-
nels. Then, based on the results, the system could give useful 
information to the clinician about the hypnosis susceptibility 
level of the subject during hypnosis induction (the phase syn-
chronization in highly hypnotizable subjects is less than that 
in people with medium and low hypnotizability). As hypnosis 
treatment is reportedly much more successful in patients with 
high hypnotizability compared to those with low hypnotiz-
ability [1], during hypnosis induction, if the system showed 
that the subject had a high hypnotizability level, the clinician 

could begin his/her hypnosis treatment operations. Another 
advantage of this system would be the considerable reduction 
in the design, maintenance and repair cost of the system’s 
hardware because the system would use only two channels 
(according to Table 2) for its operation and would not need 
to record the signals from all 19 channels. This would also 
reduce the complexity of the system’s software.

Briefly, based on the results of this study, a convenient 
and economical EEG recording system could be designed 
for monitoring a subject’s hypnotizability level during hyp-
nosis suggestion, which could replace the traditional sub-
jective methods that have the drawbacks mentioned in the 
introduction.
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