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CONSCIOUSNESS LEVEL DETERMINATION METHOD AND COMPUTER

PROGRAM

BACKGROUND OF THE INVENTION

1. Field of the invention

Embodiments of the present disclosure relate to a
method and a computer program for determining the
consciousness level of a subject using a trained artificial

neural network.

2. Description of the Prior Art

In general, when a subject experiences pain 1in a
medical practice such as surgery or treatment, the pain is
eliminated or ©reduced by blocking nerve transmission
through anesthesia. Depending on the patient’s symptoms or
a surgical site, general anesthesia may be performed, or
partial anesthesia may be performed. In the case of
general anesthesia, more detailed monitoring of the
patient’s condition is necessary because the patient cannot
express his or her intention.

For this, it is necessary to continuously measure the
depth of anesthesia during surgery. As a method of
measuring the depth of anesthesia, a method of observing a

clinical pattern and a method of analyzing a biocelectrical
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signal are used.

As the method of analyzing a bioelectrical signal,
there 1s a method of measuring and analyzing an
electroencephalogram (hereinafter, referred to as “EEG’) in
order to evaluate the effect of an anesthetic agent on the
central nervous system, and conventional techniques measure
and analyze the EEG in various ways.

Currently, the most widely used method of measuring
the depth of anesthesia is a bispectral index (hereinafter,
referred to as a “BIS”) analysis method. The BIS analysis
method is characterized in that the depth of anesthesia is
quantified between 0 and 100.

In a depth of anesthesia measurement apparatus using
the BIS analysis method, many problems have been reported
about the accuracy in measuring the depth of anesthesia of
a patient. There is a lot of difficulty in proving an
algorithm error because the details of the analysis
algorithm installed in the apparatus have not been
disclosed.

In addition, the consciousness level measurement
apparatus using the BIS analysis method has a problem in
that the apparatus cannot accurately and quickly detect the
anesthesia status of the patient because a tracking speed
in tracking rapid changes in the anesthesia status is slow

due to the characteristics of the scheme thereof.
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SUMMARY OF THE INVENTION

1. Task to be solved

The present disclosure was made to solve the above-
described problems. The present disclosure provides an
accurate measurement value of the depth of anesthesia even
when an anesthesia condition  changes and provides
information on the depth of anesthesia in a timely manner
even when there is a sudden change 1in anesthesia and
consciousness.

In addition, the present disclosure provides
information on the emotional status of a subject.

In addition, the present disclosure provides a depth
of anesthesia for various subjects (e.g., animals other

than humans) .

2. Means to solve the problem

A method for determining a consciousness level of a
patient according to an embodiment of the present
disclosure may include: a step of extracting components of
one or more frequency bands from a first section of an EEG;
a step of calculating a first index for each of the
components of one or more frequency bands, wherein the
first index is calculated based on a degree to which a

magnitude of each of the components of one or more
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frequency Dbands with respect to a magnitude of a
predetermined reference component 1in the first section
exceeds a predetermined threshold value; a step of
calculating a probability wvalue for each of one or more
patient statuses from the first index for each of the
components of one or more frequency bands using a trained
artificial neural network; and a step of determining the
consciousness level of the patient based on the probability
value for each of the one or more calculated patient
statuses.

The method of determining a consciousness of a patient
according to an embodiment of the present disclosure may
further include, Dbefore the step of extracting the
components of one or more frequency bands, a step of
acquiring an EEG of the patient, a step of generating the
first section of the EEG including at least a part of the
acquired EEG, and a step of removing noise from the first
section of the EEG. In this case, 1in the step of
extracting the components of one or more frequency bands,
the components of one or more frequency bands may be
extracted from the first section of the EEG, from which the
noise has been removed.

In the step of acquiring the EEG, the EEG of the
patent sampled at a predetermined sampling frequency may be

acquired.
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In the step of generating the first section of the EEG,
the first section of the EEG may be generated such that the
EEG within a predetermined time interval from a time point
of determining the consciousness level is included therein.

The step of removing the noise may include a step of
replacing a first partial section including a time point at
which the magnitude of the EEG exceeds a predetermined
threshold magnitude within the first section of the EEG
with a second partial section different from the first
partial section, wherein the first partial section and the
second partial section may be at least a part of the first
section.

The step of removing the noise may include a step of
replacing the first section of the EEG with a second
section of the EEG when a pattern, in which the magnitude
of the EEG within the first section of the EEG exceeds the
predetermined threshold magnitude, corresponds to a preset
pattern, wherein the second section is different from the
first section and may be at least a part of the EEG.

In the step of extracting, a first component of 0.5 to
4 Hz, a second component of 4 to 8 Hz, a third component of
8 Hz to 16 Hz, a fourth component of 16 to 25 Hz, a fifth
component of 25 to 30 Hz, a sixth component of 30 to 48 Hz,
and a reference component of 0.5 to 55 Hz may be extracted

from the first section of the EEG.
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The components of one or more frequency bands may
include a magnitude of a component of each of the frequency
bands at one or more time point belonging to the first
section, and the step of calculating the first index may
include a step of calculating the magnitudes of the
components of one or more frequency bands with respect to a
magnitude of the reference component for each of the one or
more time points, a step of determining a time point at
which the calculated magnitudes exceed the predetermined
threshold wvalue as an excess time point, and a step of
calculating the first index based on a ratio of a number of
excess time points to a total number of time points
belonging to the first section. The predetermined
threshold value may be determined based on an absolute
magnitude of the reference component within the first
section.

The method of measuring a consciousness level
according to an embodiment of the present disclosure may
further include, Dbefore the step of calculating the
probability wvalue, a step of generating input data of the
artificial neural network using a combination of first
indices for each of the components of one or more frequency
bands.

In the method of measuring a consciousness level

according to an embodiment of the present disclosure, a
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first index for each of N frequency bands (N is a natural
number) 1s calculated from the first section of the
patient’s first EEG acquired through a first channel, and a
first index for each of the N frequency bands is calculated
from a first section of the patient’s second EEG acquired
through a second channel distinguished from the first
channel, and the step of generating the input data may
include a step of generating N? pieces of first input data
based on a combination of the N first indices for the first
channel and the N second indices for the second channel, a
step of generating N pieces of second input data
corresponding to the N first indices for the first channel,
a step of generating N pieces of third input data
corresponding to the N first indices for the second channel,
a step of generating M pieces of fourth input data (M is a
natural number) based on an EMG signal, and a step of
generating the input data including the first input data,
the second input data, the third input data, and the fourth
input data. In this case, the N may be 6, and the M may be
1.

The artificial neural network may be a neural network
that includes data on which an EEG characteristic has been
reflected and data on which an EMG characteristic has been
reflected, and that has learned the correlations between

the EEG characteristic, the EMG characteristic, and the
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patient status based on training data labeled with the
patient status data corresponding to the EEG characteristic
and the EMG characteristic. The data on which the EEG
characteristic has been reflected may include N2 pieces of
first data based on a combination of N first indices (N is
a natural number) for an EEG acquired through a first
channel and N first indices for an EEG acquired through the
second channel, N pieces of second data corresponding to
the N first indices for the first channel, N pieces of
third data corresponding to the N first indices for the
second channel, and M pieces of fourth data (M is a natural
number) based on the EMG signal. The patient status data
may include a probability that the patient corresponds to
each of K patient statuses (K is a natural number) .

The step of determining the consciousness level may
include a step of calculating a normalized probability
value by normalizing a probability value for each of the
one or more patient statuses, a step of applying a weight
set corresponding to a patient status having a largest
probability wvalue among normalized probability wvalues to
the normalized probability values, and a step of
determining the consciousness level based on a sum of
weighted normalized probability values.

The one or more patient statuses may include an awake

status, a sedation status, a general anesthesia status, a
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deep anesthesia status, and a brain death status, and in
the step of applying the weight set, any one of weight sets
for each of the five patient statuses is applied to the
normalized probability wvalues.

In the step of determining the consciousness level
based on the sum of the weighted normalized probability
values, the consciousness level may be determined based on
a first consciousness level obtained by applying a
predetermined first weight to the sum of the weighted
normalized probability wvalues and a consciousness level
obtained by applying a second weight value to a second

consciousness level determined through a second method.

3. Effects of the Invention

According to the present disclosure, it is possible to
more accurately measure the depth of anesthesia or the
status of consciousness of a patient.

In particular, by improving the problem of low
response speed when the degree of anesthesia changes
rapidly due to a slow tracking speed, which is a problem of
the conventional BIS analysis method based on a depth of
anesthesia measurement apparatus, the depth of anesthesia
measurement apparatus of the present disclosure is capable
of responding more quickly than the conventional depth of

anesthesia measurement apparatus when changing from awake
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status to a hypnosis status, so that a patient status can
be determined accurately and in a timely manner.

In addition, since the present disclosure facilitates
real-time processing due to the simplicity of algorithm, it
is possible to more accurately capture a status change
during anesthesia.

In addition, the present disclosure 1is capable of
providing information on an emotional state of a subject.

In addition, the present disclosure can provide depth
of anesthesia for various subjects (e.g., animals other

than humans) .

BRIEF DESCRIPTION OF THE DRAWINGS

The above and other aspects, features, and advantages
of the present disclosure will be more apparent from the
following detailed description taken in conjunction with
the accompanying drawings, in which:

FIG. 1 1is a view schematically illustrating the
configuration of a consciousness level determination system
according to an embodiment of the present disclosure;

FIG. 2 is a view for describing a method in which the
controller 120 according to an embodiment of the present
disclosure generates a first section of an EEG 400;

FIG. 3 is a view for describing a method in which the

10
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controller 120 according to an embodiment of the present
disclosure removes noise from the first section 440 of an
exemplary EEG and generates a first section 440FLT of the
EEG, from which noise has been removed;

FIG. 4 is a view for describing a process in which the
controller 120 according to an embodiment of the present
disclosure extracts components 411, 412, 413, 414, 415, 41le,
417, and 418 of one or more frequency bands from a first
section 410FLT of an EEG, from which noise has been
removed;

FIG. 5 is a view for describing a method in which the
controller 120 according to an embodiment of the present
disclosure calculates a first index;

FIG. 6 is a view for describing a method in which the
controller 120 according to an embodiment of the present
disclosure calculates a second index;

FIG. 7 is a view for describing a process in which the
controller 120 according to an embodiment of the present
disclosure trains an artificial neural network 520 using
multiple pieces of training data 510;

FIG. 8 is a view for describing input data 531, 532,
533, and 534 of an artificial neural network 520 according
to an embodiment of the present disclosure and patient
status data 540 as output data according to the input data;

FIG. 9 is a view illustrating one or more exemplary

11
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weight sets 610, 620, 630, 640, and 650 in the form of
graphs;

FIG. 10 is a view for describing a process in which
the controller 120 determines the final depth of anesthesia
of a patient 300 according to a selective embodiment of the
present disclosure; and

FIG. 11 is a flowchart for describing a consciousness
level determination method performed by a user terminal 100

according to an embodiment of the present disclosure.

DETAILED DESCRIPTION OF THE EXEMPLARY EMBODIMENTS

The present disclosure may be variously modified and
may have various embodiments. Thus, specific embodiments
are illustrated in the drawings, and are described in
detail in the detailed description. The effects and
features of the present disclosure and the way of attaining
them will become apparent with reference to the embodiments
described below in detail in conjunction with the
accompanying drawings. However, the present disclosure is
not limited to the embodiments described below, and may be
implemented in various forms.

Hereinafter, the embodiments of the present disclosure
will be described in detail with reference to the

accompanying drawings, and in the following description

12
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made with reference to the drawings, the same or similar
elements will be denoted by the same reference numerals,
and redundant descriptions thereof will be omitted.

In the following embodiments, terms, such as <“first”
and “second” are not used in limited meaning, but are used to
distinguish one element from another element. In the
following embodiments, singular expressions include plural
expressions unless the context clearly indicates otherwise.
In the following embodiments, terms, such as “including” and
“having”, specify the presence of features or components
described in this specification, but do not preclude in
advance the presence or addition of one or more other
features or components. For convenience of description,
components may be exaggerated or reduced in magnitude in
the drawings. For example, the magnitude and shapes of
each component illustrated in the drawings are arbitrarily
shown for convenience of description, and thus the present
disclosure is not necessarily limited to those illustrated
in the drawings.

FIG. 1 is a view schematically illustrating the
configuration of a consciousness level determination system
according to an embodiment of the present disclosure.

A consciousness level determination system according
to an embodiment of the present disclosure may determine

the level of consciousness of a patient 300 based on a

13
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biosignal of the patient 300. At this time, the term
“piological signal” refers to various types of signals
measured directly or indirectly from the body of the
patient 300, such as an EEG signal of the patient 300, an
electromyogram (hereinafter, referred to as “EMG’) signal of
the patient 300, and an electrooculogram (hereinafter,
referred to as “EOG”) signal of the patient 300. In
addition, the term “consciousness level” refers to a degree
to which the patient 300 normally recognizes and
distinguishes between himself/herself and the surrounding
environment, and may mean a degree to which the patient 300
can be awakened upon a specific stimulus. In the present
description, the “depth of anesthesia” may sometimes be used
as an index indicating the consciousness level, but this is
illustrative and the spirit of the present disclosure is
not limited thereto. For example, as an index indicating
the consciousness level, the emotional status and the sleep
state of the patient 300 may be used in addition to the
depth of anesthesia.

Meanwhile, although the patient 300 is illustrated as
an example of a subject in FIG. 1, the spirit of the
present disclosure is not limited thereto. Therefore, as
illustrated in FIG. 1, the object may be a patient 300,
that is, a human, or may be a target animal.

The consciousness level determination system according

14
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to an embodiment of the present disclosure may include a
user terminal 100 and a consciousness level determination
apparatus 200, as illustrated in FIG. 1.

The consciousness level determination apparatus 200
according to an embodiment of the present disclosure
includes a sensing unit 210 attached to the body of a
patient 300 and configured to acquire a biosignal of the
patient 300, and a signal processor 220 configured to
process a biosignal of the patient 300 acquired by the
sensing unit 210 and to transmit the biosignal to the user
terminal 100.

The sensing unit 210 according to an embodiment of the
present disclosure may mean a means attached to the body of
the patient 300 to obtain a biosignal of the patient 300 as
described above. In this case, the sensing unit 210 may
include a reference electrode 211 configured to set a
reference potential, a ground electrode 212 configured to
set a ground potential, a first channel electrode 213
configured to measure an EEG and an EMG signal, and a
second channel electrode 214 configured to measure an EEG,
as illustrated in FIG. 1.

Each of the plurality of electrodes 211, 212, 213, 214
can be attached to the scalp of the patient 300 in a non-
invasive or invasive manner so as to acquire a biosignal

when the sensing unit 210 is worn on the head of the

15
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patient 300.

Meanwhile, the shape of the sensing unit 210
illustrated in FIG. 1, the number of electrodes 211, 212,
213, and 214 included in the sensing unit 210, and the
arrangement of electrodes 211, 212, 213, and 214 are
illustrative, and the spirit of the present disclosure is
not limited thereto. Therefore, any means may correspond
to the sensing unit 210 of the present disclosure, as long
as the means can be attached to the body of the patient 300
so as to acquire a biosignal of the patient 300.

The sensing unit 210 according to another embodiment
of the present disclosure may be configured by omitting any
one of the reference electrode 211 and the ground electrode
212 described above. In other words, the sensing unit 210
according to another embodiment of the present disclosure
may be configured to include the reference electrode 211,
the first channel electrode 213, and the second channel
electrode 214, or may be configured to include the ground
electrode 212, the first channel electrode 213, and the
second channel electrode 214. In this case, the reference
potential and the ground potential correspond to the same
potential, and may be set by the reference electrode 211 or
the ground electrode 212.

The signal processor 220 according to an embodiment of

the present disclosure may mean a means for processing a

16
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biosignal acquired by the sensing unit 210 and transmitting
the biosignal to the user terminal 100. In this case,
“processing” a signal means processing a signal in the form
that can be calculated by the user terminal 100, and may
mean, for example, sampling or amplifying a signal.

The signal processor 220 according to an embodiment of
the present disclosure may amplify a biosignal acquired by
the sensing unit 210. In addition, the signal processor
220 according to an embodiment of the present disclosure
may sample the biosignal acquired by the sensing unit 210
at a predetermined sampling frequency.

For example, the signal processor 220 may amplify an
EEG acquired from each of the first channel electrode 213
and the second channel electrode 214 of the sensing unit
210 at a predetermined ratio and may then sample the EEG at
a sampling frequency of 250 Hz.

Similarly, the signal processor 220 may amplify an EMG
signal acquired from the first channel electrode 213 of the
sensing unit 210 at a predetermined rate and may then
sample the EMG signal at a sampling frequency of 250 Hz.

The signal processor 220 according to an embodiment of
the present disclosure may transmit biosignals amplified
and sampled according to the above-described processes to a
user terminal 100 through wvarious communication methods.

For example, the signal processor 220 may transmit a

17
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biosignal (amplified and sampled) to the user terminal 100
through a Bluetooth communication method, or may transmit a
biosignal to the wuser terminal 100 through a Wi-Fi
communication method. Of course, the signal processor 220
may transmit a biosignal to the user terminal 100 using
various known wired communication methods.

The user terminal 100 according to an embodiment of
the present disclosure may measure the depth of anesthesia
of the patient 300 based on biosignals (e.g., amplified and
sampled signals such as an EEG, an EMG signal, and an EOG
signal acquired from each, for example, two channels)
transmitted by the signal processor 220.

In this case, the user terminal 100 may be a general-
purpose electronic device in which an application for
measuring the depth of anesthesia is installed. For
example, the user terminal 100 may be a mobile phone (or a
tablet PC) in which an application for measuring the depth
of anesthesia is installed. 1In addition, the user terminal
100 may be a dedicated electronic device, 1in which an
application for measuring the depth of anesthesia runs.

The user terminal 100 according to an embodiment of
the present disclosure may include a communication unit 110,
a controller 120, a memory 130, and a display unit 140, as
illustrated in FIG. 1. In addition, although not

illustrated in the drawing, the user terminal 100 according
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to the ©present embodiment may further include an
input/output unit, a program storage unit, or the like.

The communication unit 110 according to an embodiment
of the present disclosure may include hardware and software
that are necessary for the user terminal 100 to transmit
and receive signals such as control signals or data signals
through wired or wireless connection with other devices
such as the signal processor 220. For example, the
communication unit 110 may include hardware and software
for transmitting and receiving data to and from the signal
processor 220 in a Bluetooth method. Meanwhile, when the
user terminal 100 is a general-purpose electronic device,
the communication unit 110 may further include a
communication modem and software for transmitting and
receiving data using a general-purpose communication
network (e.g., an LTE communication network, a 3G
communication network, or a Wi-Fi communication network) .

The controller 120 according to an embodiment of the
present disclosure may include all kinds of devices capable
of processing data, such as a processor. Here, the
“processor” may refer to a data processor embedded in
hardware having, for example, a circuit physically
structured to perform a function represented by codes or
instructions included in a program. Examples of data

processors embedded 1in hardware as described above may
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include processors, such as a microprocessor, a central
processing unit (CPU), a processor core, a multiprocessor,
and an application-specific integrated device (ASIC), and a
field programmable gate array (FPGA), but the scope of the
present disclosure is not limited thereto.

The memory 130 according to an embodiment of the
present disclosure performs a function of temporarily or
permanently storing data processed by the user terminal 100.
The memory may include a magnetic storage medium or a flash
storage medium, but the scope of the present disclosure is
not limited thereto. For example, the memory 130 may
temporarily and/or permanently store a biosignal received
from the signal processor 220. Also, the memory 130 may
temporarily and/or permanently store weights constituting a
trained artificial neural network.

The display unit 140 according to an embodiment of the
present disclosure may perform a function of providing the
measured depth of anesthesia to the user. The display unit
140 may be implemented with wvarious known display devices
such as an LCD, an OLED, and a micro-LED. However, this is
illustrative, and a device for displaying a screen
according to an electrical control signal may correspond to
the display unit 140 of the present disclosure.

Hereinafter, the method of measuring the depth of

anesthesia of a patient by the controller 120 of the user
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terminal 100 will be described.

The controller 120 according to an embodiment of the
present disclosure may acquire a biosignal of the patient
300.

The controller 120 according to an embodiment of the
present disclosure may acquire an EEG of the patient 300.
For example, the controller 120 may acquire an EEG by
receiving the EEG from the signal processor 220 described
above. The EEG acquired at this time may be an EEG
amplified and sampled at a predetermined sampling frequency.
In addition, the controller 120 may acquire two EEGs
acquired through different channels from the signal
processor 220.

Meanwhile, the controller 120 according to an
embodiment of the present disclosure may further acquire an
EMG signal along with an EEG. Of course, the EMG signal
acquired at this time may also be an EMG signal amplified
and sampled at a predetermined sampling frequency.

The controller 120 according to an embodiment of the
present disclosure may acquire a biosignal of the patient
300 in real time. In this case, the controller 120 may
temporarily and/or permanently store the past biosignals in
the memory 130 and may use the biosignals for measuring the
depth of anesthesia of the patient.

The controller 120 according to an embodiment of the

21
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present disclosure may generate a first section of an EEG
including at least a part of the acquired EEG.

FIG. 2 is a view for describing a method in which the
controller 120 according to an embodiment of the present
disclosure generates a first section of an EEG 400.

Hereinafter, for convenience of description, the EEG
400 of the patient 300 is generated as shown in the drawing,
and the current time points are assumed to be 4 seconds, 5
seconds, and 6 seconds, respectively.

In generating the first section of the EEG 400, the
controller 120 according to an embodiment of the present
disclosure may generate a first section to include therein
a past EEG within a predetermined time interval from the
time point for determining the depth of anesthesia (i.e.,
the current time point).

For example, when it is assumed that the current time
point at which the depth of anesthesia is determined is 4
seconds, the controller 120 may generate a first section
410 of a EEG including a past EEG within a predetermined
time interval (assumed as 4 seconds) from the current time
point (4 seconds). Similarly, when the current time point
is 5 seconds, the controller 120 may generate a first
section 420 of the EEG, and when the current time point is
6 seconds, the controller 120 may generate a first section

430 of the EEG.

22



10

15

20

25

In this case, the “predetermined time interval” may be
variously set depending on system characteristics. For
example, 1in a system requiring a quick response, a
predetermined time interval may be set to be relatively
short. For example, 1in a system requiring a correct
response, a predetermined time interval may be set to be
relatively long.

The controller 120 according to an embodiment of the
present disclosure may generate the first section for each
of two EEGs acquired through different channels according
to the above-described processes. In addition, the
controller 120 according to an embodiment of the present
disclosure may repeatedly generate the first section based
on the current time point depending on the passage of time
(i.e., depending on the change of the time point for
determining the depth of anesthesia).

The controller 120 according to an embodiment of the
present disclosure may remove noise in the first section of
the EEG generated according to the above-described
processes.

FIG. 3 is a view for describing a method in which the
controller 120 according to an embodiment of the present
disclosure removes noise from the first section 440 of an
exemplary EEG and generates a first section 440FLT of the

EEG, from which noise has been removed.
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The controller 120 according to an embodiment of the
present disclosure may replace a first partial section 444A
having a magnitude exceeding a predetermined threshold
magnitude Ath with a second partial section 443A different
from the first partial section within the first section 440
of the EEG.

In this case, when the magnitude of the EEG at any one
time point within the first partial section 444A exceeds
the predetermined threshold magnitude Ath, the controller
120 may determine that the magnitude of the EEG within the
corresponding section 444A exceeds the predetermined
threshold magnitude Ath. In addition, the controller 120
may replace the corresponding section 444A wusing the
section 443A adjacent to the section 444A.

Accordingly, the controller 120 may generate a first
section 440FLT of an EEG, from which noise has been removed,
and which has first to third partial sections 441B, 442B,
and 443B, which are respectively the same as the first to
fourth partial sections 441A, 442A, and 443A of the first
section 440, and a fourth partial section 444B, which is
the same as the third partial section 443A of the first
section 440.

However, the length and the threshold magnitude Ath of
the partial sections, and the method of replacing the

partial sections are illustrative, and the spirit of the
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present disclosure is not limited thereto.

In an optional embodiment, when a pattern, in which
the magnitude of the EEG within the first section 440 of
the EEG exceeds the predetermined threshold magnitude,
corresponds to a preset pattern, the controller 120 may
replace the first section 440 of the EEG with the second
section of the EEG. In this case, the second section of
the EEG is a section different from the first section 440
of the EEG, and may be, for example, an EEG of a section
adjacent to the first section.

In addition, the “preset pattern” may be variously set
depending on the purpose of the system. For example, the
preset pattern may be a pattern in which an EEG having a
magnitude exceeding a predetermined threshold magnitude is
generated in a plurality of partial sections within the
same section, or a pattern in which an EEG having a
magnitude exceeding a predetermined threshold magnitude is
generated 1in two or more successive partial sections.
However, such a pattern is illustrative, and the spirit of
the present disclosure is not limited thereto.

The controller 120 according to an embodiment of the
present disclosure may extract components of one or more
frequency bands from the first section of the EEG generated
according to the above-described processes (or the first

section of an EEG, from which noise has been removed).
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FIG. 4 is a view for describing a process in which the
controller 120 according to an embodiment of the present
disclosure extracts components 411, 412, 413, 414, 415, 41le,
417, and 418 of one or more frequency bands from a first
section 410FLT of an EEG, from which noise has been removed.

The controller 120 according to an embodiment of the
present disclosure may extract a first component 412 of 0.5
to 4 Hz, a second component 413 of 4 to 8 Hz, a third
component 414 of 8 Hz to 16 Hz, a fourth component 415 of
16 to 25 Hz, a fifth component 416 of 25 to 30 Hz, a sixth
component 417 of 30 to 48 Hz, a reference component 411 of
0.5 to 55 Hz, and a BSR component 418 of 0.5 to 30 Hz, from
the first section 410FLT of an EEG, from which noise has
been removed.

The controller 120 according to an embodiment of the
present disclosure may extract components 411, 412, 413,
414, 415, 416, 417, and 418 of one or more frequency bands
from the first section 410FLT of the EEG, from which noise
has been removed using frequency filters that correspond to
the one or more frequency bands, respectively. For example,
the controller 120 may extract the first component 412
using a band-pass filter having a pass band of 0.5 to 4 Hz.

The extracted components 411, 412, 413, 414, 415, 416,
417, and 418 of one or more frequency bands may have the

same length of time as the first section 410FLT of the EEG,
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from which noise has been removed. In addition, the
components 411, 412, 413, 414, 415, 416, 417, and 418 of
one or more frequency bands may include a magnitude of a
component of each frequency band at one or more time points
belonging to the first section.

For example, when the sampling frequency of the signal
processor 220 is 250 Hz and the length of the first section
410FLT of the EEG, from which noise has been removed, is 4
seconds, 1000 time points (or 1000 sampling time points)
and the magnitude of the EEG at each time point may be
included within the first section 410FLT of the EEG, from
which noise has been removed. Accordingly, the components
411, 412, 413, 414, 415, 416, 417, and 418 of one or more
frequency bands may also include the magnitude of the
component of each frequency band at each of 1000 time
points belonging to the first section.

In other words, the components 411, 412, 413, 414, 415,
416, 417, and 418 of one or more frequency bands may also
include the magnitude of the component of each frequency
band at each of 1000 time points belonging to the first
section.

The controller 120 according to an embodiment of the
present disclosure may calculate a first index for each of
the components 411, 412, 413, 414, 415, 416, 417, and 418

of one or more frequency bands.
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FIG. 5 is a view for describing a method of
calculating a first index wusing the controller 120
according to an embodiment of the present disclosure. For
convenience of description, it is assumed that the graph
represented in FIG. 5 relates to a first component, and 15
time points are included in the first section for the first
component.

The controller 120 according to an embodiment of the
present disclosure may calculate a first index based on the
extent to which the magnitude of each of the components of
one or more frequency bands exceeds a predetermined
threshold wvalue Rth with respect to the magnitude of a
predetermined reference component in the first section.
For example, the controller 120 according to an embodiment
of the present disclosure may calculate the magnitude of
each of the components of one or more frequency bands with
respect to the magnitude of the reference component for
each of one or more time points (i.e., 15 time points)
belonging to the first section.

In this case, the reference component may be the
reference component 411 extracted according to the process
described with reference to FIG. 4, and the components of
one or more frequency bands may be the components 412 to
417 extracted according to the process described with

reference to FIG. 4. For example, the controller 120 may
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calculate the ratio Rl of the magnitude of the first
component 412 at the first time point of the first section
to the magnitude of the reference component 411 at the
first time point of the first section. Similarly, the
controller may calculate the ratios (R2 to R15) of the
magnitude of the first component 412 to the magnitudes of
the reference component 411 at the remaining time points.
Of course, the controller 120 may calculate the ratio at
each of the plurality of time points according to the
above-described process for each of the remaining
components 413 to 417.

The controller 120 according to an embodiment of the
present disclosure may determine a time point at which the
magnitude of the calculated ratio exceeds a predetermined
threshold value Rth, as an excess time point. For example,
the controller 120 may determine a time point corresponding
to each of R4, R12, R13, and R14 of FIG. 5 as an excess
time point. Of course, the controller may determine the
excess time points for the remaining components 413 to 417
according to the same process.

The controller 120 according to an embodiment of the
present disclosure may calculate a first index based on a
ratio of the number of excess points to the total number of
time points belonging to the first section. For example,

for the first component 412, the controller 120 may
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calculate the first index as 4/15 using 15 that is the
total number of time points and 4 that is the number of
excess time points. In this case, the controller 120 may
normalize the first index by multiplying a predetermined
value by the calculated first index. Of course, the
controller may calculate the first index for each of the
remaining components 413 to 417 according to the same
process.

Meanwhile, the controller 120 according to an
embodiment of the present disclosure may determine a
predetermined threshold wvalue Rth based on the absolute
magnitude of the reference component within the first
section. Since the reference component is extracted from a
wide frequency band, when the magnitude of the EEG in the
first section is large, the predetermined threshold value
Rth may be determined relatively high, and when the
magnitude of the EEG is small, the predetermined threshold
value Rth may be determined relatively low.

The controller 120 according to an embodiment of the
present disclosure may calculate the first index for each
of two EEGs acquired through different channels according
to the above-described processes. In addition, the
controller 120 according to an embodiment of the present
disclosure may repeatedly calculate the first indexes for

the updated first section according to the update of the
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first section.

The controller 120 according to an embodiment of the
present disclosure may calculate a second index that
reflects the degree to which an EEG in the first section
conforms to a predetermined pattern.

FIG. 6 is a view for describing a method in which the
controller 120 according to an embodiment of the present
disclosure calculates a second index.

The controller 120 according to an embodiment of the
present disclosure may calculate a second index from a BSR
component 418 extracted from the first section 410FLT of
the EEG, from which noise has been removed according to the
process described with reference to FIG. 4. In this case,
the BSR component 418 may be obtained by extracting a
component of 0.5 to 30 Hz from the first section 410FLT of
the EEG, from which noise has been removed.

The controller 120 according to an embodiment of the
present disclosure may identify the number of repetitions
of a first type signal (or a burst type signal) and a
second type signal (or a suppression type signal) in the
BSR component 418. The first type signal is of a type in
which an EEG having a magnitude (i.e., the absolute value
of the amplitude of the signal) greater than or equal to
the first threshold magnitude occurs during a first

duration, and the second type signal is of a type in which
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an EEG having a magnitude less than or equal to the second
threshold magnitude occurs during a second duration. In
this case, the first duration may be shorter than the
second duration.

In FIG. 6, the first type signal is of a type in which
an EEG having a magnitude greater than or equal to a first
threshold magnitude (Ath 1 P or Ath 1 N) occurs during the
first duration shorter than the second duration, and the
second type signal is of a type in which an EEG having a
magnitude less than or equal to a second threshold
magnitude (Ath 2 P or Ath 2 N) occurs during the second
duration longer than the first duration. In this case, the
first threshold magnitude (Ath 1 P or Ath 1 N) and the
second threshold magnitude (Ath 2 P or Ath 2 N) may be
preset to an appropriate magnitude.

Therefore, 1in FIG. 6, Bl, B2, and B3 may each
correspond to the first type signal, and S1, S2, and S3 may
each correspond to the second type signal.

Meanwhile, in FIG. 6, the controller 120 according to
an embodiment of the present disclosure may identify (or
determine) the number of repetitions of the first type
signal and the second type signal as 3.

The controller 120 according to an embodiment of the
present disclosure may calculate a second index based on a

ratio of the number of repetitions of a signal to a wvalue
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corresponding to the length of the first section 410FLT of
an EEG. In this case, the value corresponding to the
length of the first section 410FLT of the EEG may be a
value proportional to the number of time points (e.g.,
1000) included in the first section 410FLT of the EEG.
Accordingly, the controller 120 may determine the second
index from the BSR component 418 of FIG. 4 as 3/1000 or a
value proportional to 3/1000.

Meanwhile, the method described with reference to FIG.
6 is an exemplary method for determining how much the EEG
of the first section 410FLT conforms to a predetermined
pattern, and the spirit of the present disclosure is not
limited thereto. Any method capable of determining whether
or not a signal of a specific unit pattern is repeated in
the EEG of the first section 410FLT and the number of
repetitions may be used without limitation to calculate the
second index in the present disclosure.

The controller 120 according to an embodiment of the
present disclosure may calculate a third index based on at
least one biosignal corresponding to a patient status. For
example, the controller 120 according to an embodiment of
the present disclosure may generate a third index based on
an EMG signal measured by the first channel electrode 213
of the sensing unit 210.

However, using the EMG signal as an element for
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generating the third index as described above 1is
illustrative, and the method of calculating the third index
may vary depending on the configuration of  the
consciousness level determination system. For example,
when the consciousness level determination system further
includes a component for measuring other biological signals
of the patient 300, the controller 120 may generate the
third index based on the signal measured by the component.

In an optional embodiment, the controller 120 may
generate the third index based on the patient’s EOG signal.

The controller 120 according to an embodiment of the
present disclosure may determine the depth of anesthesia of
the patient 300 based on at least one of the first index,
the second index, and the third index calculated according
to the above-described processes.

The controller 120 according to an embodiment of the
present disclosure may determine the depth of anesthesia of
the patient 300 using the trained artificial neural network
and the first index for each of the components of one or
more frequency bands and the third index based on the EMG
signal.

In the present disclosure, the <“artificial neural
network”may be a neural network that includes data on which
EEG characteristics have been reflected and data on which

EMG characteristics have been reflected, and that has
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learned the correlations between the EEG characteristics,
the EMG characteristics, and the patient status based on
the training data labeled with the patient status data
corresponding to the EEG characteristics and the EMG
characteristics.

In other words, the artificial neural network may be a
neural network that has been trained to output the patient
status data in response to input of data on which the EEG
characteristics have been reflected and data on which the
EMG characteristics have been reflected.

In the present disclosure, the artificial neural
network may be implemented as a neural network model of
various structures. For example, the artificial neural
network may be implemented as a CNN model, an RNN model, or
an LSTM model. However, these neural network models are
examples, and a means capable of learning the correlation
between input and output based on training data can be used
as the artificial neural network of the present disclosure.

FIG. 7 is a view for describing a process in which the
controller 120 according to an embodiment of the present
disclosure trains an artificial neural network 520 using
multiple pieces of training data 510.

As described above, the artificial neural network 520
may be a neural network that has learned the correlations

between the EEG characteristics, the EMG characteristics,
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and a patient status based on multiple pieces of training
data 510.

In this case, each of multiple pieces of training data
510 may include data in which the EEG characteristics have
been reflected and data on which the EMG characteristics
have been reflected, as described above, and may be data
labeled with patient status data corresponding to the EEG
characteristics and the EMG characteristics.

For example, first training data 511 may, as data on
which EEG characteristics have been reflected include, N
pieces of data 511A (N is a natural number) corresponding
to first indices for each of N frequency bands calculated
from the first section of a first EEG (acquired through the
first channel) of a patient 300, N pieces of data 511B
corresponding to first indices for each of N frequency
bands calculated from the first section of a second EEG
(acquired through the second channel) of the patient 300,
and N? pieces of data 511D generated based on a combination
of N first indices 511A for the first channel and N first
indices 511B for the second channel.

In addition, the first training data 511 may include M
pieces of data 511C (M is a natural number) based on an EMG
signal, as data on which the EMG characteristics have been
reflected.

In addition, the first training data 511 may be
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labeled with patient state data 511E including a
probability that the corresponding patient 300 corresponds
to each of K patient statuses. In this case, for example,
N may be 6, M may be 1, and K may be 5.

Remaining training data including a second training
data 512 and a third training data 513 may also include the
same data as the first training data 511, and may be
labeled with the same data. A  specific method of
generating individual data included in individual training
data will be described later with reference to FIG. 8.

As described above, the present disclosure may train
the artificial neural network 520 based on data generated
from a patient’s biosignal and training data including a
probability that the patient corresponds to each of
multiple patient statuses. Accordingly, the artificial
neural network 520 may output a probability that the
corresponding patient corresponds to each of the multiple
patient statuses according to the input of data generated
from the patient status signals. Hereinafter, it 1is
assumed that the artificial neural network 520 has been
trained based on multiple pieces of training data 510
described with reference to FIG. 7.

FIG. 8 is a view for describing input data 531, 532,
533, and 534 of an artificial neural network 520 according

to an embodiment of the present disclosure and patient
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status data 540 as output data according to the input data.
The controller 120 according to an embodiment of the
present disclosure may generate input data 531, 532, 533,
and 534 of the artificial neural network 520 in order to
calculate a probability value that the patient 300 belongs
to each of one or more patient statuses using the
artificial neural network 520 that has been trained
according to the above-described processes. In this case,
the artificial neural network 520 may include an input
layer 521 including at least one input node to which input
data 531, 532, 533, and 534 are input, an intermediate
layer (or a hidden layer) 522 including a plurality of
intermediate nodes (or hidden nodes), and an output layer
523 including at least one output node. The intermediate
layer 522 may include one or more layers that are fully
connected as 1illustrated in the drawing. When the
intermediate layer 522 includes a plurality of layers, the
artificial neural network 520 may include a function
defining a relationship between respective hidden layers.
Hereinafter, for convenience of description, it is
assumed that the controller 120 has calculated first
indices for each of N frequency bands from a first section
of a first EEG of a patient 300, which have been acquired
through the first channel according to the processes

described with reference FIGS. 2 to 5, and that the
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controller 120 has calculated first indices for each of N
frequency bands from a first section of a second EEG of the
patient 300 acquired through the second channel in the same
processes.

Under the above-described assumption, the controller
120 according to an embodiment of the present disclosure
may generate N2 pieces of first input data 533 based on a
combination of N first indices for the first channel and N
first indices for the second channel. The first input data
533 may be an item corresponding to the data 511D of FIG. 7
among the training data for training the artificial neural
network 520.

For example, the controller 120 may generate the first
input data 533 such that data obtained by multiplying the
first index for the first channel and each of N indices for
the second channel, and data obtained by multiplying the
second index of the first channel and each of N indices for
the second channel are included in the first input data 533.
Of course, the controller 120 may generate the first input
data 533 by applying the same method as described above to
each of the remaining indices for the first channel.

The controller 120 according to an embodiment of the
present disclosure may generate N pieces of second input
data 532 corresponding to the N first indices for the first

channel. The second input data 532 may be an item
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corresponding to the data 511A of FIG. 7 among the training
data for training the artificial neural network 520. For
example, the controller 120 may generate N pieces of second
input data 532 such that the N first indices and the N
pieces of second input data 532 for the first channel have
the same values, respectively.

The controller 120 according to an embodiment of the
present disclosure may generate N pieces of third input
data 534 corresponding to the N first indices for the
second channel. The third input data 534 may be an item
corresponding to the data 511B of FIG. 7 among the training
data for training the artificial neural network 520. For
example, the controller 120 may generate N pieces of third
input data 534 such that the N first indices and the N
pieces of third input data 534 for the second channel have
the same values, respectively.

The controller 120 according to an embodiment of the
present disclosure may generate M pieces of fourth input
data 531 based on an EMG signal. The fourth input data 531
may be an item corresponding to the data 511C of FIG. 7
among the training data for training the artificial neural
network 520. For example, the controller 120 according to
an embodiment of the present disclosure may generate the
fourth input data 531 wusing third indices generated

according to the above-described processes.
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In an embodiment of the present disclosure, N may be 6,
and M may be 1. Therefore, the first input data 533 may
include 36 pieces of data, each of the second input data
532 and the third input data 534 may include 6 pieces of
data, and the fourth input data 531 may include one piece
of data. However, the quantity of data included in each of
the data 531 to 534 is illustrative, and the spirit of the
present disclosure is not limited thereto.

The controller 120 according to an embodiment of the
present disclosure may acquire patient status data 540
including a probability value that the patient 300 belongs
to each of one or more of patient statuses by inputting the
input data 531, 532, 533, and 534 generated according to
the above-described processes to the artificial neural
network 520.

The patient status data 540 according to an embodiment
of the present disclosure may include a probability wvalue
that the patient 300 correspond to each of K patient
statuses (K is a natural number). For example, K is 5, and
the one or more patient statuses may include an awake
status (Status 1), a sedation status (Status 2), a general
anesthesia status (Status 3), a hyper or deep anesthesia
status (Status 4), and a brain death status (Status 5).

For example, the controller 120 may acquire patient

status data 540 such as [0.81, 0.62, 0.34, 0.17, and 0.01]
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from the artificial neural network 520. This patient
status data 540 may mean that the probability that the
patient 300 is in the awake status is 81%, the probability
that the patient 300 is in the sedation status is 62%, the
probability that the patient 300 is in the general
anesthesia state is 34%, the probability that the patient
300 is in the hyper or deep anesthesia is 17%, and the
probability that the patient 300 is in the brain death
status is 1%.

In another embodiment of the present disclosure, each
of the K statuses and/or numbers may be variously set. For
example, when the present disclosure is used to determine a
patient’s emotional status or the 1like, each of the K
statuses may be statuses representing the patient’s emotion.
However, this 1is illustrative, and the spirit of the
present disclosure is not limited thereto.

The controller 120 according to an embodiment of the
present disclosure may determine the depth of anesthesia of
the patient 300 based on the probability wvalue for each of
one or more patient statuses.

More specifically, the controller 120 according to an
embodiment of the present disclosure may calculate a
normalized probability value by normalizing the probability
value for each of one or more patient statuses included in

the patient status data 540. For example, the controller
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120 may calculate a normalized probability wvalue for each
of one or more patient statuses such that a total sum of
probability values for respective patient states becomes 1.

In addition, the controller 120 according to an
embodiment of the present disclosure may apply a weight set,
which corresponds to the patient status having the largest
probability wvalue among the normalized probability wvalues,
to the normalized probability value.

FIG. 9 is a view illustrating one or more exemplary
weight sets 610, 620, 630, 640, and 650 in the form of
graphs. The first weight set 610 1is a weight set
corresponding to the awake state (Status 1), the second
weight set 620 is a weight set corresponding to the
sedation status (Status 2), the third weight set 630 is a
weight set corresponding to the general anesthesia status
(Status 3), the fourth weight set 640 1is a weight set
corresponding to the hyper or deep anesthesia status
(Status 4), and the fifth weight set 650 is a weight set
corresponding to the brain death status (Status 5).

For example, when the normalized probability wvalues
calculated according to the above-described process are
[0.45, 0.25, 0.15, 0.1, and 0.05], the probability that the
patient 300 is in the awake state (Status 1) is the highest,
and thus the controller 120 may apply the weight set 610

corresponding to the awake status (Status 1) to the
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normalized probability values, thereby calculating
probabilities, such as [0.45, 0.2, 0.5, 0.01, and O].

The controller 120 according to an embodiment of the
present disclosure may determine the depth of anesthesia of
the patient 300 based on the sum of normalized probability
values to which weights are applied.

In an optional embodiment, the controller 120
according to an embodiment of the present disclosure may
determine the final depth of anesthesia of the patient 300
by referring to the depth of anesthesia of the patient 300
determined according to another method.

FIG. 10 is a view for describing a process in which
the controller 120 determines the final depth of anesthesia
of a patient 300 according to a selective embodiment of the
present disclosure.

According to an optional embodiment of the present
disclosure, the controller 120 may determine the final
depth of anesthesia DOA F of a patient 300 based on the sum
of a first depth of anesthesia obtained by applying a
predetermined weight Wl to a depth of anesthesia DOA 1
calculated according to the processes described with
reference to FIGS. 2 to 9 and a second depth of anesthesia
obtained by applying a predetermined weight W2 to a depth
of anesthesia DOZ 2 calculated through a second method. 1In

this case, the second method of calculating the depth of
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anesthesia DOA 2 may be a method of calculating the depth
of anesthesia including some processes different from the
processes described with reference to FIGS. 2 to 9. For
example, the second depth of anesthesia may be a depth of
anesthesia determined based on a first index calculated
from a patient’s EEG, a second index reflecting how much the
patient’s EEG matches a predetermined pattern, and a third
index based on at least one biosignal corresponding to the
patient status.

FIG. 11 is a flowchart for describing a depth of
anesthesia measurement method performed by a user terminal
100 according to an embodiment of the present disclosure.
Hereinafter, a description overlapping with that made with
reference to FIGS. 1 to 10 will be omitted, but FIGS. 1 to
10 will also be referred to in the following description.

The user terminal 100 according to an embodiment of
the present disclosure may train an artificial neural
network based on multiple pieces of training data (S910).

In the present disclosure, the <“artificial neural
network”may be a neural network that includes data on which
EEG characteristics have been reflected and data on which
EMG characteristics have been reflected, and that has
learned the correlations between the EEG characteristics,
the EMG characteristics and the patient status based on the

training data labeled with the patient status data
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corresponding to the EEG characteristics and the EMG
characteristics.

In other words, the artificial neural network may be a
neural network that has been trained to output the patient
status data in response to input of data on which the EEG
characteristic has been reflected and data on which the EMG
characteristic has been reflected.

In the present disclosure, the artificial neural
network may be implemented as a neural network model of
various structures. For example, the artificial neural
network may be implemented as a CNN model, an RNN model, or
an LSTM model. However, these neural network models are
examples, and a means capable of learning the correlation
between input and output based on training data can be used
as the artificial neural network of the present disclosure.

FIG. 7 is a view for describing a process in which the
user terminal 100 according to an embodiment of the present
disclosure trains an artificial neural network 520 using
multiple pieces of training data 510.

As described above, the artificial neural network 520
may be a neural network that has learned the correlations
between the EEG characteristics, the EMG characteristics,
and a patient status based on multiple pieces of training
data 510.

In this case, each of multiple pieces of training data
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510 may include data in which the EEG characteristics have
been reflected and data on which the EMG characteristics
have been reflected, as described above, and may be data
labeled with patient status data corresponding to the EEG
characteristics and the EMG characteristics.

For example, first training data 511 may, as data on
which EEG characteristics have been reflected include, N
pieces of data 511A (N is a natural number) corresponding
to first indices for each of N frequency bands calculated
from the first section of a first EEG (acquired through the
first channel) of a patient 300, N pieces of data 511B
corresponding to first indices for each of N frequency
bands calculated from the first section of a second EEG
(acquired through the second channel) of the patient 300,
and N2 pieces of data 511D generated based on a combination
of N first indices 511A for the first channel and N first
indices 511B for the second channel.

In addition, the first training data 511 may include M
pieces of data 511C (M is a natural number) based on an EMG
signal, as data on which the EMG characteristics have been
reflected.

In addition, the first training data 511 may be
labeled with patient state data 511E including a
probability that the corresponding patient 300 corresponds

to each of K patient statuses. In this case, for example,
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N may be 6, M may be 1, and K may be 5.

Remaining training data including a second training
data 512 and a third training data 513 may also include the
same data as the first training data 511, and may be
labeled with the same data.

As described above, the present disclosure may train
the artificial neural network 520 based on data generated
from a patient’s biosignals and training data including a
probability that the patient corresponds to each of
multiple patient statuses. Accordingly, the artificial
neural network 520 may output a probability that the
corresponding patient corresponds to each of the multiple
patient statuses according to the input of data generated
from the patient status signals. Hereinafter, it 1is
assumed that the artificial neural network 520 has been
trained based on multiple pieces of training data 510
described with reference to FIG. 7.

The user terminal 100 according to an embodiment of
the present disclosure may acquire a biosignal of a patient
300 (S920).

The user terminal 100 according to an embodiment of
the present disclosure may acquire an EEG of the patient
300. For example, the user terminal 100 may acquire an EEG
by receiving the EEG from the signal processor 220

described above. The EEG acquired at this time may be an
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EEG amplified and sampled at a predetermined sampling
frequency. In addition, the user terminal 100 may acquire
two EEGs acquired through different channels from the
signal processor 220.

Meanwhile, the wuser terminal 100 according to an
embodiment of the present disclosure may further acquire an
EMG signal along with an EEG. Of course, the EMG signal
acquired at this time may also be an EMG signal amplified
and sampled at a predetermined sampling frequency.

The user terminal 100 according to an embodiment of
the present disclosure may acquire a biosignal of the
patient 300 in real time. 1In this case, the user terminal
100 may temporarily and/or permanently store the past
biosignals in the memory 130 and may use the biosignals for
measuring the depth of anesthesia of the patient.

The user terminal 100 according to an embodiment of
the present disclosure may generate a first section of an
EEG including at least a part of the acquired EEG (S930).

FIG. 2 is a view for describing a method in which the
user terminal 100 according to an embodiment of the present
disclosure generates a first section of an EEG 400.

Hereinafter, for convenience of description, the EEG
400 of the patient 300 is generated as shown in the drawing,
and the current time points are assumed to be 4 seconds, 5

seconds, and 6 seconds, respectively.
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In generating the first section of the EEG 400, the
user terminal 100 according to an embodiment of the present
disclosure may generate a first section to include therein
a past EEG within a predetermined time interval from the
time point for determining the depth of anesthesia (i.e.,
the current time point).

For example, when it is assumed that the current time
point at which the depth of anesthesia is determined is 4
seconds, the user terminal 100 may generate a first section
410 of a EEG including a past EEG within a predetermined
time interval (assumed as 4 seconds) from the current time
point (4 seconds). Similarly, when the current time point
is 5 seconds, the user terminal 100 may generate a first
section 420 of the EEG, and when the current time point is
6 seconds, the user terminal 100 may generate a first
section 430 of the EEG.

In this case, the “predetermined time interval” may be
variously set depending on system characteristics. For
example, 1in a system requiring a quick response, a
predetermined time interval may be set to be relatively
short. For example, 1in a system requiring a correct
response, a predetermined time interval may be set to be
relatively long.

The user terminal 100 according to an embodiment of

the present disclosure may generate the first section for
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each of two EEGs acquired through different channels
according to the above-described processes. In addition,
the user terminal 100 according to an embodiment of the
present disclosure may repeatedly generate the first
section based on the current time point depending on the
passage of time (i.e., depending on the change of the time
point for determining the depth of anesthesia).

The user terminal 100 according to an embodiment of
the present disclosure may remove noise 1in the first
section of the EEG generated according to the above-
described processes (5940).

FIG. 3 is a view for describing a method in which the
user terminal 100 according to an embodiment of the present
disclosure removes noise from the first section 440 of an
exemplary EEG and generates a first section 440FLT of the
EEG, from which noise has been removed.

The user terminal 100 according to an embodiment of
the present disclosure may replace a first partial section
4447 having a magnitude exceeding a predetermined threshold
magnitude Ath with a second partial section 443A different
from the first partial section within the first section 440
of the EEG.

In this case, when the magnitude of the EEG at any one
time point within the first partial section 444A exceeds

the predetermined threshold magnitude Ath, the user
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terminal 100 may determine that the magnitude of the EEG
within the  corresponding section 444A exceeds the
predetermined threshold magnitude Ath. In addition, the
user terminal 100 may replace the corresponding section
4447 using the section 443A adjacent to the section 444A.

Accordingly, the user terminal 100 may generate a
first section 440FLT of an EEG, from which noise has been
removed, and which has first to third partial sections 441B,
442B, and 443B, which are respectively the same as the
first to third partial sections 441A, 442A, and 443A of the
first section 440, and a fourth partial section 444B, which
is the same as the third partial section 443A of the first
section 440.

However, the length and the threshold magnitude Ath of
the partial sections, and the method of replacing the
partial sections are illustrative, and the spirit of the
present disclosure is not limited thereto.

In an optional embodiment, when a pattern, in which
the magnitude of the EEG within the first section 440 of
the EEG exceeds the predetermined threshold magnitude,
corresponds to a preset pattern, the user terminal 100 may
replace the first section 440 of the EEG with the second
section of the EEG. In this case, the second section of
the EEG is a section different from the first section 440

of the EEG, and may be, for example, an EEG of a section
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adjacent to the first section.

In addition, the “preset pattern” may be variously set
depending on the purpose of the system. For example, the
preset pattern may be a pattern in which an EEG having a
magnitude exceeding a predetermined threshold magnitude is
generated in a plurality of partial sections within the
same section, or a pattern in which an EEG having a
magnitude exceeding a predetermined threshold magnitude is
generated 1in two or more successive partial sections.
However, such a pattern is illustrative, and the spirit of
the present disclosure is not limited thereto.

The user terminal 100 according to an embodiment of
the present disclosure may extract components of one or
more frequency bands from the first section of the EEG
generated according to the above-described processes (or
the first section of an EEG, from which noise has been
removed) (S950).

FIG. 4 is a view for describing a process in which the
user terminal 100 according to an embodiment of the present
disclosure extracts components 411, 412, 413, 414, 415, 4le,
417, and 418 of one or more frequency bands from a first
section 410FLT of an EEG, from which noise has been removed.

The user terminal 100 according to an embodiment of
the present disclosure may extract a first component 412 of

0.5 to 4 Hz, a second component 413 of 4 to 8 Hz, a third
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component 414 of 8 Hz to 16 Hz, a fourth component 415 of
16 to 25 Hz, a fifth component 416 of 25 to 30 Hz, a sixth
component 417 of 30 to 48 Hz, a reference component 411 of
0.5 to 55 Hz, and a BSR component 418 of 0.5 to 30 Hz, from
the first section 410FLT of an EEG, from which noise has
been removed.

The user terminal 100 according to an embodiment of
the present disclosure may extract components 411, 412, 413,
414, 415, 416, 417, and 418 of one or more frequency bands
from the first section 410FLT of the EEG, from which noise
has been removed using frequency filters that correspond to
the one or more frequency bands, respectively. For example,
the user terminal 100 may extract the first component 412
using a band-pass filter having a pass band of 0.5 to 4 Hz.

The extracted components 411, 412, 413, 414, 415, 41le6,
417, and 418 of one or more frequency bands may have the
same length of time as the first section 410FLT of the EEG,
from which noise has been removed. In addition, the
components 411, 412, 413, 414, 415, 416, 417, and 418 of
one or more frequency bands may include a magnitude of a
component of each frequency band at one or more time points
belonging to the first section.

For example, when the sampling frequency of the signal
processor 220 is 250 Hz and the length of the first section

410FLT of the EEG, from which noise has been removed, is 4
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seconds, 1000 time points (or 1000 sampling time points)
and the magnitude of the EEG at each time point may be
included within the first section 410FLT of the EEG, from
which noise has been removed. Accordingly, the components
411, 412, 413, 414, 415, 416, 417, and 418 of one or more
frequency bands may also include the magnitude of the
component of each frequency band at each of 1000 time
points belonging to the first section.

In other words, the components 411, 412, 413, 414, 415,
416, 417, and 418 of one or more frequency bands may also
include the magnitude of the component of each frequency
band at each of 1000 time points belonging to the first
section.

The user terminal 100 according to an embodiment of
the present disclosure may calculate a first index for each
of the components 411, 412, 413, 414, 415, 416, 417, and
418 of one or more frequency bands (5960).

FIG. 5 is a view for describing a method in which the
user terminal 100 according to an embodiment of the present
disclosure calculates a first index. For convenience of
description, it is assumed that the graph represented in
FIG. 5 relates to a first component, and 15 time points are
included in the first section for the first component.

The user terminal 100 according to an embodiment of

the present disclosure may calculate a first index based on
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the extent to which the magnitude of each of the components
of one or more frequency bands exceeds a predetermined
threshold wvalue Rth with respect to the magnitude of a
predetermined reference component in the first section.
For example, the wuser terminal 100 according to an
embodiment of the present disclosure may calculate the
magnitude of each of the components of one or more
frequency bands with respect to the magnitude of the
reference component for each of one or more time points
(i.e., 15 time points) belonging to the first section.

In this case, the reference component may be the
reference component 411 extracted according to the process
described with reference to FIG. 4, and the components of
one or more frequency bands may be the components 412 to
417 extracted according to the process described with
reference to FIG. 4. For example, the user terminal 100
may calculate the ratio R1 of the magnitude of the first
component 412 at the first time point of the first section
to the magnitude of the reference component 411 at the
first time point of the first section. Similarly, the
controller may calculate the ratios (R2 to R15) of the
magnitude of the first component 412 to the magnitudes of
the reference component 411 at the remaining time points.
Of course, the user terminal 100 may calculate the ratio at

each of the plurality of time points according to the
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above-described process for each of the remaining
components 413 to 417.

The user terminal 100 according to an embodiment of
the present disclosure may determine a time point at which
the magnitude of the —calculated ratio exceeds a
predetermined threshold value Rth, as an excess time point.
For example, the user terminal 100 may determine a time
point corresponding to each of R4, R12, R13, and R14 of FIG.
5 as an excess time point. Of course, the controller may
determine the excess time ©points for the remaining
components 413 to 417 according to the same process.

The user terminal 100 according to an embodiment of
the present disclosure may calculate a first index based on
a ratio of the number of excess points to the total number
of time points belonging to the first section. For example,
for the first component 412, the user terminal 100 may
calculate the first index as 4/15 using 15 that is the
total number of time points and 4 that is the number of
excess time points. In this case, the user terminal 100
may normalize the first index by multiplying a
predetermined value by the calculated first index. of
course, the controller may calculate the first index for
each of the remaining components 413 to 417 according to
the same process.

Meanwhile, the wuser terminal 100 according to an
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embodiment of the present disclosure may determine a
predetermined threshold wvalue Rth based on the absolute
magnitude of the reference component within the first
section. Since the reference component is extracted from a
wide frequency band, when the magnitude of the EEG in the
first section is large, the predetermined threshold wvalue
Rth may Dbe determined relatively high, and when the
magnitude of the EEG is small, the predetermined threshold
value Rth may be determined relatively low.

The user terminal 100 according to an embodiment of
the present disclosure may calculate the first index for
each of two EEGs acquired through different channels
according to the above-described processes. In addition,
the user terminal 100 according to an embodiment of the
present disclosure may repeatedly calculate the first
indexes for the wupdated first section according to the
update of the first section.

The user terminal 100 according to an embodiment of
the present disclosure may generate input data 531, 532,
533, and 534 of the artificial neural network 520 in order
to calculate a probability wvalue that the patient 300
belongs to each of one or more patient statuses using the
artificial neural network 520 that has been trained
according to the above-described processes (S970).

FIG. 8 is a view for describing input data 531, 532,

58



10

15

20

25

533, and 534 of an artificial neural network 520 according
to an embodiment of the present disclosure and patient
status data 540 as output data according to the input data.

Hereinafter, for convenience of description, it 1is
assumed that the user terminal 100 has calculated first
indices for each of N frequency bands from a first section
of a first EEG of a patient 300, which have been acquired
through the first channel according to the processes
described with reference FIGS. 2 to 5, and that the user
terminal 100 has calculated second indices for each of N
frequency bands from a first section of a second EEG of the
patient 300 acquired through the second channel in the same
processes.

Under the above-described assumption, the user
terminal 100 according to an embodiment of the present
disclosure may generate N2 pieces of first input data 533
based on a combination of N first indices for the first
channel and N first indices for the second channel. The
first input data 533 may be an item corresponding to the
data 511D of FIG. 7 among the training data for training
the artificial neural network 520.

For example, the user terminal 100 may generate the
first input data 533 such that data obtained by multiplying
the first index for the first channel and each of N indices

for the second channel, and data obtained by multiplying
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the second index of the first channel and each of N indices
for the second channel are included in the first input data
533. Of course, the user terminal 100 may generate the
first input data 533 by applying the same method as
described above to each of the remaining indices for the
first channel.

The user terminal 100 according to an embodiment of
the present disclosure may generate N pieces of second
input data 532 corresponding to the N first indices for the
first channel. The second input data 532 may be an item
corresponding to the data 511A of FIG. 7 among the training
data for training the artificial neural network 520. For
example, the user terminal 100 may generate N pieces of
second input data 532 such that the N first indices and the
N pieces of second input data 532 for the first channel
have the same values, respectively.

The user terminal 100 according to an embodiment of
the present disclosure may generate N pieces of third input
data 534 corresponding to the N first indices for the
second channel. The third input data 534 may be an item
corresponding to the data 511B of FIG. 7 among the training
data for training the artificial neural network 520. For
example, the user terminal 100 may generate N pieces of
third input data 534 such that the N first indices and the

N pieces of the third input data 534 for the second channel
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have the same values, respectively.

The user terminal 100 according to an embodiment of
the present disclosure may generate M pieces of fourth
input data 531 based on an EMG signal. The fourth input
data 531 may be an item corresponding to the data 511C of
FIG. 7 among the training data for training the artificial
neural network 520. For example, the user terminal 100
according to an embodiment of the present disclosure may
generate the fourth input data 531 wusing third indices
generated according to the above-described processes.

In an embodiment of the present disclosure, N may be 6,
and M may be 1. Therefore, the first input data 533 may
include 36 pieces of data, each of the second input data
532 and the third input data 534 may include 6 pieces of
data, and the fourth input data 531 may include one piece
of data. However, the quantity of data included in each of
the data 531 to 534 is illustrative, and the spirit of the
present disclosure is not limited thereto.

The user terminal 100 according to an embodiment of
the present disclosure may acquire patient status data
including a probability wvalue that the patient 300 belongs
to each of one or more patient statuses by inputting the
input data 531, 532, 533, and 534 generated according to
the above-described processes to the artificial neural

network 520 (S980).
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The patient status data 540 according to an embodiment
of the present disclosure may include a probability wvalue
that the patient 300 correspond to each of K patient
statuses (K is a natural number). For example, K is 5, and
the one or more patient statuses may include an awake
status (Status 1), a sedation status (Status 2), a general
anesthesia status (Status 3), a hyper or deep anesthesia
status (Status 4), and a brain death status (Status 5).

For example, the user terminal 100 may acquire patient
status data 540 such as [0.81, 0.62, 0.34, 0.17, and 0.01]
from the artificial neural network 520. This patient
status data 540 may mean that the probability that the
patient 300 is in the awake status is 81%, the probability
that the patient 300 is in the sedation status is 62%, the
probability that the patient 300 is in the general
anesthesia state is 34%, the probability that the patient
300 is in the hyper or deep anesthesia is 17%, and the
probability that the patient 300 is in the brain death
status is 1%.

In another embodiment of the present disclosure, each
of the K statuses and/or numbers may be variously set. For
example, when the present disclosure is used to determine a
patient’s emotional status or the 1like, each of the K
statuses may be statuses representing the patient’s emotion.

However, this 1s illustrative, and the spirit of the
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present disclosure is not limited thereto.

The user terminal 100 according to an embodiment of
the ©present disclosure may determine the depth of
anesthesia of the patient 300 based on the probability
value for each of one or more patient statuses (S990).

More specifically, the user terminal 100 according to
an embodiment of the present disclosure may calculate a
normalized probability value by normalizing the probability
value for each of one or more patient statuses included in
the patient status data 540. For example, the user
terminal 100 may calculate a normalized probability wvalue
for each of one or more patient statuses such that a total
sum of probability values for respective patient states
becomes 1.

In addition, the user terminal 100 according to an
embodiment of the present disclosure may apply a weight set,
which corresponds to the patient status having the largest
probability value among the normalized probability values,
to the normalized probability wvalue.

FIG. 9 is a view illustrating one or more exemplary
weight sets 610, 620, 630, 640, and 650 in the form of
graphs. The first weight set 610 is a weight set
corresponding to the awake state (Status 1), the second
weight set 620 1is a weight set corresponding to the

sedation status (Status 2), the third weight set 630 is a
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weight set corresponding to the general anesthesia status
(Status 3), the fourth weight set 640 1is a weight set
corresponding to the hyper or deep anesthesia status
(Status 4), and the fifth weight set 650 is the brain death
status (Status 5).

For example, when the normalized probability wvalues
calculated according to the above-described process are
[0.45, 0.25, 0.15, 0.1, and 0.05], the probability that the
patient 300 is in the awake state (Status 1) is the highest,
and thus the user terminal 100 may apply the weight set 610
corresponding to the awake status (Status 1) to the
normalized probability values, thereby calculating
probabilities, such as [0.45, 0.2, 0.5, 0.01, and O0].

The user terminal 100 according to an embodiment of
the ©present disclosure may determine the depth of
anesthesia of the patient 300 based on the sum of
normalized probability values to which weights are applied.

In an optional embodiment, the wuser terminal 100
according to an embodiment of the present disclosure may
determine the final depth of anesthesia of the patient 300
by referring to the depth of anesthesia of the patient 300
determined according to another method.

FIG. 10 is a view for describing a process in which
the user terminal 100 determines the final depth of

anesthesia of a patient 300 according to a selective
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embodiment of the present disclosure.

According to an optional embodiment of the present
disclosure, the user terminal 100 may determine the final
depth of anesthesia DOA F of a patient 300 based on the sum
of a first depth of anesthesia obtained by applying a
predetermined weight Wl to a depth of anesthesia DOA 1
calculated according to the processes described with
reference to FIGS. 2 to 9 and a second depth of anesthesia
obtained by applying a predetermined weight W2 to a second
depth of anesthesia DOZ 2 calculated through a second
method. In this case, the second method of calculating the
depth of anesthesia DOA 2 may be a method of calculating
the depth of anesthesia including some processes different
from the processes described with reference to FIGS. 2 to 9.
For example, the second depth of anesthesia may be a depth
of anesthesia determined based on a first index calculated
from a patient’s EEG, a second index reflecting how much the
patient’s EEG matches a predetermined pattern, and a third
index based on at least one biosignal corresponding to the
patient status.

The embodiments of the present disclosure described
above may be implemented through computer programs
executable through various components on a computer, and
such computer programs may be recorded in computer-readable

media. In this case, the media may store a program
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executable by a computer. As examples of the media, there
may be a magnetic medium such as a hard disc, a floppy disc,
or a magnetic tape, an optical recording medium such as a
CD-ROM or a DVD, a magneto-optical medium such as a
floptical disc, and media configured to store program
instructions, including, for example, a ROM, a RAM, and a
flash memory.

Meanwhile, the computer ©programs may be those
specially designed and constructed for the purposes of the
present disclosure or they may be of the kind well known
and available to those skilled in the computer software
arts. Examples of computer programs may include not only
machine-language code created by a compiler, but also high-
level language code executable by a computer using an
interpreter or the like.

Specific execution  modes described herein are
represented as embodiments of the present disclosure, and
are not 1intended to 1limit the scope of the present
disclosure 1in any way. For brevity of description,
descriptions of conventional electronic configurations,
control systems, software, and other functional aspects of
such systems may be omitted. In addition, the connections
or connection members corresponding to the lines between
the components illustrated in the drawings are illustrative

examples of functional connections and/or physical or
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circuit connections. In an actual device, the connections
or connection members may appear as alternative or
additional various functional connections, physical
connections, or circuit connections. When there is no
specific wording such as “essentially” or “critically” with
respect to a component, the component may not be a
necessary component for application of the present
disclosure.

Therefore, the spirit of the present disclosure should
not be limited to the above-described embodiments, and it
is intended that not only the appended claims, but also all
ranges equivalent to or equivalently changed from the
claims should be considered to fall within the spirit of

the present disclosure.
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WHAT IS CLAIMED IS:

1. A method for determining a consciousness level
of a patient, the method comprising:

a step of extracting components of one or more
frequency bands from a first section of an EEG;

a step of calculating a first index for each of the
components of one or more frequency bands, wherein the
first index is calculated based on a degree to which a
magnitude of each of the components of one or more
frequency Dbands with respect to a magnitude of a
predetermined reference component 1in the first section
exceeds a predetermined threshold wvalue;

a step of calculating a probability wvalue for each of
one or more patient statuses from the first index for each
of the components of one or more frequency bands using a
trained artificial neural network; and

a step of determining the consciousness level of the
patient based on the probability wvalue for each of the one
or more calculated patient statuses;

wherein the components of one or more frequency bands
include a magnitude of a component of each of the frequency bands
at one or more time point belonging to the first section, and

wherein the step of calculating the first index comprises:
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a step of calculating the magnitudes of the components of
one or more frequency bands with respect to a magnitude of the
reference component for each of the one or more time points;

a step of determining a time point at which the calculated
magnitudes exceed the predetermined threshold value as an excess
time point; and

a step of calculating the first index based on a ratio of a
number of excess time points to a total number of time points

belonging to the first section.

2. The method of claim 1, wherein, before the step
of extracting the components of one or more frequency bands,
the method further comprises:

a step of acquiring the patient’s EEG;

a step of generating the first section of the EEG
including at least a part of the acquired EEG; and

a step of removing noise from the first section of the
EEG, and

wherein, in the step of extracting the components of
one or more frequency bands, the components of one or more
frequency bands are extracted from the first section of the

EEG, from which the noise has been removed.
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3. The method of claim 2, wherein, in the step of
acquiring the EEG, the EEG of the patent sampled at a
predetermined sampling frequency is acquired.

4, The method of claim 2, wherein, in the step of
generating the first section of the EEG, the first section
of the EEG 1s generated such that the EEG within a
predetermined time interval from a time point of

determining the consciousness level is included therein.

5. The method of claim 2, wherein, the step of
removing the noise comprises:

a step of replacing a first partial section including
a time point at which the magnitude of the EEG exceeds a
predetermined threshold magnitude within the first section
of the EEG with a second partial section different from the
first partial section, and

wherein the first partial section and the second

partial section are at least a part of the first section.

6. The method of c¢laim 2, wherein the step of
removing the noise comprises:

a step of replacing the first section of the EEG with
a second section of the EEG when a pattern, in which the
magnitude of the EEG within the first section of the EEG

exceeds the predetermined threshold magnitude, corresponds

70



10

15

20

25

to a preset pattern,
wherein the second section is different from the first

section and is at least a part of the EEG.

7. The method of claim 1, wherein, in the step of
extracting, a first component of 0.5 to 4 Hz, a second
component of 4 to 8 Hz, a third component of 8 Hz to 16 Hz,
a fourth component of 16 to 25 Hz, a fifth component of 25
to 30 Hz, a sixth component of 30 to 48 Hz, and a reference
component of 0.5 to 55 Hz are extracted from the first

section of the EEG.

8. The method of claim 1, wherein the predetermined
threshold wvalue 1s determined Dbased on an absolute
magnitude of the reference component within the first

section.

9. The method of claim 1, wherein, before the step
of calculating the probability wvalue, the method further
comprises:

a step of generating input data of the artificial
neural network using a combination of first indices for

each of the components of one or more frequency bands.

10. The method of claim 9, wherein a first index for
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each of N frequency bands (N is a natural number) is
calculated from the first section of a first EEG of the
patient acquired through a first channel, and a first index
for each of the N frequency bands is calculated from a
first section of a second EEG of the patient acquired
through a second channel distinguished from the first
channel, and

wherein the step of generating the input data
comprises:

a step of generating N2 pieces of first input data
based on a combination of the N first indices for the first
channel and the N second indices for the second channel;

a step of generating N pieces of second input data
corresponding to the N first indices for the first channel;

a step of generating N pieces of third input data
corresponding to the N first indices for the second
channel;

a step of generating M pieces of fourth input data (M
is a natural number) based on an EMG signal; and

a step of generating the input data including the
first input data, the second input data, the third input

data, and the fourth input data.

11. The method of claim 10, wherein the N is 6, and

the M is 1.
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12. The method of claim 1, wherein the artificial
neural network is a neural network that includes data on
which an EEG characteristic has been reflected and data on
which an EMG characteristic has been reflected, and that
has learned correlations between the EEG characteristic,
the EMG characteristic, and the patient status based on
training data labeled with the patient status data
corresponding to the EEG characteristic and the EMG
characteristic,

wherein the data on which the EEG characteristic has
been reflected comprises:

N2 pieces of first data based on a combination of N
first indices (N is a natural number) for an EEG acquired
through a first channel and N first indices for an EEG
acquired through the second channel;

N pieces of second data corresponding to the N first
indices for the first channel;

N pieces of third data corresponding to the N first
indices for the second channel; and

M pieces of fourth data (M is a natural number) based
on the EMG signal,

wherein the patient status data includes a probability
that the patient corresponds to each of K patient statuses

(K is a natural number).
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13. The method of claim 1, wherein the step of
determining the consciousness level comprises:

a step of calculating a normalized probability wvalue
by normalizing a probability wvalue for each of the one or
more patient statuses;

a step of applying a weight set corresponding to a
patient status having a largest probability wvalue among
normalized probability wvalues to the normalized probability
values; and

a step of determining the consciousness level based on

a sum of weighted normalized probability values.

14. The method of claim 13, wherein the one or more
patient statuses comprises an awake status, a sedation
status, a general anesthesia status, a deep anesthesia
status, and a brain death status, and

wherein, in the step of applying the weight set, any
one of weight sets for each of the five patient statuses is

applied to the normalized probability values.

15. The method of claim 13, wherein, in the step of
determining the consciousness level based on the sum of the
weighted normalized probability wvalues, the consciousness
level is determined based on a first consciousness level

obtained by applying a predetermined first weight to the
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sum of the weighted normalized probability wvalues and a
consciousness level obtained by applying a second weight
value to a second consciousness level determined through a

second method.

16. A non-transitory computer-readable storage
medium storing a program that, when executed using a
computer, causes the method of any one of claim 1 to be

performed.
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