T. R. Bogatenko et al. Application of machine learning and statistics to anaesthesia detection from EEG data 4@

BUODU3NKA Q,B
U MEAULIUHCKASA ®U3UKA

N3Bectus Capatosckoro yHuBepcuteta. Hosas cepusi. Cepus: dusmka. 2024.T.24, uin. 3. €. 209-215
lzvestiya of Saratov University. Physics, 2024, vol. 24, iss. 3, pp. 209-215
https://fizika.sgu.ru https://doi.org/10.18500/1817-3020-2024-24-3-209-215, EDN: HKYBMM

Article

Application of machine learning and statistics
to anaesthesia detection from EEG data

T.R. Bogatenko™, K. S. Sergeev, G. I. Strelkova
Saratov State University, 83 Astrakhanskaya St., Saratov 410012, Russia

Tatiana R. Bogatenko, trbogatenko@gmail.com, https://orcid.org/0000-0002-4007-7649
Konstantin S. Sergeev, kssergeev@mail.ru, https://orcid.org/0000-0002-5605-5700
Galina I. Strelkova, strelkovagi@sgu.ru, https://orcid.org/0000-0002-8667-2742

Abstract. Background and Objectives: The purpose of the research is to establish whether it is
possible to determine the degree of anaesthesia that a laboratory animal is experiencing non-
invasively. For this objective the usage of such methods of electroencephalogram (EEG) signal
analysis as fast Fourier transform, K-Means machine learning method and statistical analysis
is discussed. Models and Methods: The EEG data was obtained through an experiment where
two groups of laboratory rats received different types of anaesthetic agent. The EEG data was
normalised, then the power spectra were computed using fast Fourier transform. Next, the K-Means
method was applied to classify the data in accordance with the anaesthesia degree. Statistical
analysis was also conducted to describe prominent characteristics of each stage. Results: It has
been shown that the proposed data analysis methods allow to distinguish between normal state,
anaesthesia, and death with increasing anaesthesia dosages in laboratory animals.
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AHHOTaLms. 06vekm uccnedoganus, yens: Lienbio UcciefoBaHUs SBASETCS YCTaHOBNEHUE BO3MOXHOCTI HEMHBA3MBHOTO ONPeAeneHus cre-
MeHW aHecTesunm, KOTopoii no/iBepraercs nabopatopHoe XUBOTHOE. [N AOCTVOKEHNA 3TOI Lienn NpejnaraeTca MCNoNb30BaHMe Takux MeTo0B
aHanu3a curHano anektpodHuedanorpammsl (331), kak bbicTpoe npeobpasoBaHue Gypbe, MeTod MalMHHOTO 06yueHns K-Means u pacuér
CTaTUCTMYeCKIX XapakTepuctuk. Modeas u memodss: flaHHble 33T 6bi1N NONYUEHbI B pe3ynbTate IKCMepUMEHTa, B KOTOPOM ABe rpynnbl 1abo-
PaTOPHBIX KPbIC MONYYaNN AiBa Pa3NNUHbIX BUAA aHecTeTUKa. flaHHble 33T 6biN HOPMUPOBaHLI, NOCAE Yero Npu nomoLLM MetoAa b bbinn
BbIYMCAIEHbI CTEKTPbI MOLLHOCTY CUrHaNOB. flanee ANg KNacCUPuKaLmm anHbIX 1 onpedeneHns cTajinm aHecte3nn NPUMEHANCS MeToz MaLlIvH-
Horo 06yuenns K-Means. Takoke 6blaM paccunTaHbl CTaTUCTUYECKWE XapaKTePUCTUKKM ANA BbISBNEHNS XapaKTepHbIX 0C06eHHOCTeld CUrHanos
Ha KaX/0i cTafiun anecte3nn. Pesynsmamel: NokasaHo, YTo NPejIoKeHHbIe METOAbI aHaNM3a JAaHHbLIX NO3BOASAIT Pa3NNUUTL HOPMANbHOE
COCTOAHWE, aHEeCTe31POBaHIe 1 JIETaNlbHbIA NCXOA NPY MOBbILIEHIM I03UPOBKM aHECTE3MN Y 1abOPaTOPHBIX XXMBOTHBIX.

KnioueBbie cnoBa: 331 curHan, aHann3 JaHHbIX, CTaTUCTUYECKMIA aHaN3, MaLIWHHOE 06yYeHne

bnaropgapHocTu: ViccnegoBaHne BbINONHEHO Npu pUHaHCOBOI nogaepxke donaa Maes (npoekt Ne ACM-09-2021/1). UccnegoBanme YacTuHo
npoBejeHo B pamkax MerarpaHTa (npoekt Ne 075-15-2022 (075-15-2019-1885).
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Introduction

Anaesthesia has been an intrinsic element of surg-
eries since 1840s when diethyl ether was first used to
induce general anaesthesia for a patient who was go-
ing through a neck tumour removal [1]. The use of
anaesthesia results in electric and biochemical changes
in the nervous system which are manifested in con-
trollable pain relief, loss of consciousness and reflexes
of autonomic nervous system. However, there has
been evidence of potential dangers of anaesthesia. Nu-
merous studies report of potential risks for infants
[2], neuroinflammation [3], and other functional brain
changes [4, 5]. Having these facts in mind, being
able to track a patient’s condition during anaesthesia
is crucial for keeping their health and body parameters
in a satisfactory condition. For this reason, scien-
tific groups from many countries have been proposing
novel methods for keeping track of various parameters
during anaesthesia [6, 7].

Meanwhile, the modern world offers a wide range
of cutting-edge technologies for use in medicine, one
of them being artificial intelligence (AI). Nowadays
Al has received multiple applications in medicine and
health care, ranging from mere managing medical
data and providing digital consultation to assisting in
drug development and medical treatment [8]. So, it
seems reasonable to seek helpful methods of control-
ling anaesthesia degree among approaches of machine
learning and artificial intelligence [9, 10].

Thus, the main purpose of this work is to establish
if it is possible to use a simple K-Means machine learn-
ing method to classify electroencephalogram (EEG)
data in accordance with the state of anaesthesia a labo-
ratory animal is experiencing. In the work we also use
statistical characteristics to determine the properties of
EEG signals for each of the various states.
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Subject and Methods

In the paper we propose a non-invasive approach
for determining different stages of anaesthesia in
laboratory rats. The research is based on the elec-
troencephalogram (EEG) data from two groups of
laboratory rats. During the experiment, for each an-
imal two-channel cortical EEG were recorded; each
record is approximately 3 hour long. The design of
the experiment is carefully described in the paper [9].

We consider two-channel 200 Hz EEG data from
two groups of adult male Wistar rats consisting of
7 animals each. Animals of one group experienced
drug anaesthesia, and the animals of another group un-
derwent the influence of gas anaesthesia (isoflurane).
Each animal underwent three stages consecutively:
1) normal state with no anaesthetic agent; 2) anaes-
thesia with general concentration of isoflurane (1%)
or drug; 3) anaesthesia with lethal dose of isoflurane
(4%) or drug. The initial data are represented as time
series.

Each record was normalised as follows:

Xnorm = (1)
where x,,,,,, is a normalised time series, x; is an indi-
vidual element of the initial time series array, X is a
mean value of the array, and 6(x) is a standard de-
viation of the array. Next, each normalised record
was divided into a set of M much shorter records
120 seconds each, so each short part x5, ; was an
array of 24000 elements, j = 1,...,M. For each
X120, j power spectra F; were computed using the Fast
Fourier Transform (FFT) method with Octave’s built-
in function. Thus, a set of resulting spectra Fj is the
outcome of computing FFT of the x,,,, series with
a square window of 120 seconds (the size of the win-
dow was chosen empirically). Next, in each spectrum

HayuHbivi oTgen



T. R. Bogatenko et al. Application of machine learning and statistics to anaesthesia detection from EEG data 4@

F;, five frequency ranges for five brain waves were
identified: theta (04 Hz), delta (4-8 Hz), alpha (8—
14 Hz), beta (14-40 Hz) and gamma (40-100 Hz).
Then for each range r = 6, 9, o, B, Y dimensionless en-
ergy W,.; was computed by summing all the power
spectrum values within a range:

by
W= Z Fjl’ @)

i=iy,

where i,, and i,, correspond to numbers of first and
last numbers of harmonics which belong to the fre-
quency range r in an array F;. This way we obtain
five numbers W,; for each x5 j, j = 1,...,M, for
each EEG recording. The dependence of W,.; on j =
=1,...,M can be interpreted as time series of each
wave’s during the experiment. This approach allows
to trace each wave’s behaviour at each stage of the ex-
periment and see the changes in their dynamics easily.

The calculations were conducted with the use
of Octave software, including Octave’s built-in func-
tions for computing mean values, standard deviation
and FFT [11-12]. The figures were plotted with
graphic means of Octave software.

K-Means Classification

K-Means algorithm is an unsupervised machine
learning method which is used to divide a set of
multiple observations into several clusters in accor-
dance with the features inherent in the clusters. In the
beginning cluster’s centres (centroids) are defined
randomly, and the observations are assigned to the
centroids randomly. Then, at each step variance be-
tween observations and centroids is computed, and
the algorithm is aimed at minimizing this variance,
ending in finding the prominent clusters and assigning
the closest observations to them.

In this paper the K-Means algorithm was fed with
the processed EEG data, namely time series of di-
mensionless energy, and it was expected to partition
the data into three clusters which would represent the
three states: “a rat in normal state”, “a rat under nor-
mal anaesthesia”, and “a rat under lethal anaesthesia”.
In order to evaluate how successful the algorithm is
in partitioning the data, the clustering error was com-
puted as follows:

‘trec - tKM|
T

E = -100%, 3)
where .., sec, is an actual recorded time point of
anaesthetic introduction, tk,,, sec, is such time point
defined by the K-Means algorithm, and 7', sec, is the
time series length. Clustering cases with an error £

buopusnka n MeanumHcKasn pusmka

of less than 5% of the signal length were regarded as
successful, and cases with an error £ of more than 5%
were treated as failed ones. The results obtained are
depicted in Fig. 1 and Fig 2.

In the Figs. 1 and 2, the data points are shown in
three different colours which depict the state of anaes-
thesia: green represents normal state, yellow stands
for normal anaesthesia, and red depicts lethal anaes-
thesia. Time stamps of anaesthetic introduction are
shown with vertical lines, solid lines show actual time
points of anaesthetic introduction in the experiment,
while dashed ones show the time points defined by
the K-Means algorithm.

Figure 1 shows some of the most remarkable and
fine cases of clustering. In these the time stamps when
the anaesthetic was introduced are close (E < 5%) to
the time stamps that the K-Means algorithm defined
as the borders of the clusters. Figures 1, a, 1, b, and
1, ¢ show the results for clustering in drug anaesthe-
sia records. While for both these cases the error was
less than 5%, one can see from the figures that the
solid and vertical lines, which essentially represent
the cluster borders, are close to each other. For gas
anaesthesia (Fig. 1, d) the results are generally slightly
worse, however, they still satisfy the condition of the
erTor.

Failed cases are illustrated in Fig. 2. In these the
error was more than 5%, and this can be visible from
the figures as well (Fig. 2, a). This kind of inaccu-
racies might be explained by the individual reaction
to the anaesthetic agent: in some records brain wave
energy values change instantly at the anaesthetic in-
troduction, while for others there is a delay in the
response (see below). Figure 2, b also shows a poor
case of clustering since there is an area where data
points from two clusters are mixed and it is hard to
certainly define the borders of these clusters. Gen-
erally, in this research there were more failed cases
for EEG signals from the group which received gas
anaesthesia than from the group which received drug
anaesthesia. This might be connected with the quality
of the EEG records and with the fact that it might have
been harder to control the animals’ behaviour during
the experiment.

Still, in the end, we can state that the proposed
approach of using the K-Means method works for de-
termining the stage of anaesthesia in the experiment.

Statistical Analysis

The abovementioned approach to data process-
ing allows to identify the frequency changes in
spectra of the signals as the concentration of the
anaesthetic agent changes. This part of research was
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Fig. 1. Examples of successful cases (with E < 5%) of clustering of data for drug (a—c) and for gas anaesthesia (d). Colour code:
green dots — normal state, yellow dots — normal anaesthesia, red dots — lethal anaesthesia. Solid vertical lines represent actual
time points of anaesthetic introduction, dashed vertical lines show such time points defined by the algorithm (color online)

350000 600000 . . , ,
| |
- |
300000 * | 1 500000
| | .
250000 © | |
1 | 400000 ~
ar | | :
2000000 .« o |
| | gsnoouo i ]
150000 |, f I
bl | | .
Y s 200000 . J
Al | 1
100000 f | |
l l 100000 1+ : i 2
50000 | J | & e
pexinim i LI
|l y Vsl el 5
0 L T J 0 u u e AL T LLL LA LT ALY LT
0 2000 4000 6000 8000 10000 0 2000 4000 8000 8000
Time, sec Time, sec
a b

Fig. 2. Examples of failed cases (E > 5%) of clustering of data for drug (a) and for gas anaesthesia (b). Colour code: green
dots — normal state, yellow dots — normal anaesthesia, red dots — lethal anaesthesia. Solid vertical lines represent actual time
points of anaesthetic introduction, dashed vertical lines show such time points defined by the algorithm (color online)
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conducted for the drug anaesthesia group only due to
the quality of the EEG data provided.

For time series of each dimensionless brain
wave energy mean values and standard deviation
were computed with the use of Octave’s built-in
functions.

Figure 3 shows the results for three chosen EEG
records. The time series of brain wave energies for
three chosen records are shown in the first row,
while the comparisons of mean values and standard
deviation are placed in the second and third rows
respectively. Vertical lines in Fig. 3, a—c show the
time stamps of the anaesthetic introduction. From
the figures the following observations can be made.

Firstly, the delta and beta waves have the great-
est intensity throughout the entire experiment, and
the beta wave is more intense than the delta wave
during the first stage with no anaesthesia. But with

the introduction of a dose of an anaesthetic agent
the picture changes qualitatively: the intensity of
the beta wave becomes less than the intensity of the
delta wave. Besides, one can notice bursts of wave
intensity in the vicinity of time stamps when doses
of anaesthetic agent were introduced. It is notewor-
thy that these bursts are most noticeable for gamma,
delta, and beta waves.

The findings correspond with what is known
about the brain waves. Beta rhythm is associated
with waking consciousness [13], while delta waves
are usually connected with a deep stage of NREM
sleep [14].

It is also worth noting that in the Record 1 the
energy values change immediately at the anaesthetic
introduction, while for Records 2 and 3 the response
of the nervous system occurs with a small delay. The
response seems to be highly individual, and it may
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Fig. 3. Brain wave energies of three different EEG records (first row) and comparison of power spectra mean values (second
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be the reason why the K-Means algorithm failed at
defining the cluster borders in some of the data sets.

For alpha and theta waves similar gradual
changes can be seen throughout the experiment, al-
though they are not the most pronounced. The reason
for this may lie in the function of the waves: alpha
waves are seen in waking consciousness and dream-
ing [15, 16], and theta waves are considered to be
active in the process of memory formation [17, 18].

The gamma wave has the lowest intensity
throughout the entire experiment for all records, as
expected due to the wave’s function [19, 20]. It is
curious to notice that the intensity of gamma waves
experiences sudden peaks at the very end of some
records (Fig. 3, ¢). Several studies have discussed a
similar behaviour of gamma waves in the moments
preceding death in mammals [21, 22].

Figure 3, d-i illustrate the comparison of mean
values and standard deviation of waves’ energy val-
ues for the three records, which generally confirm the
abovementioned conclusions about the waves’ be-
haviour. For example, mean values (Fig. 3, d—f)
are coherent throughout the records: delta wave en-
ergy peaks at normal anaesthesia stage, while other
waves’ energy declines as the anaesthetic concen-
tration grows. However, the data also show some
differences in response across the records, which
is clearly seen in standard deviation dependencies
(Fig. 3, g-i).

Figure 4 shows comparison of mean values
across all the records of the experiment for each of
the five brain waves. In all, delta and beta waves
remain the most informative waves and sensitive to
the anaesthetic concentration. It is important to note
that the obtained data are qualitatively consistent
across most of the records, however, there are several

300000 T T T T
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200000 [
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Fig. 4. Comparison of power spectra mean values for each
brain wave across all the EEG records (color online)
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records that vary due to the individual reactions of
animals, and the results may differ for other records
in other experiments.

Discussion and Conclusion

In the paper we have proposed a machine learn-
ing based approach for determining the state of
anaesthesia using the EEG data. We found that the
unsupervised machine learning algorithm K-Means
is able to partition the EEG data provided into the
three clusters according to the following stages: nor-
mal state, mild anaesthesia and lethal anaesthesia.
Using statistical analysis, we have also shown that
the proposed data analysis method allows to expose
consistency in the features of all the EEG records
considered. Besides, it was shown that such simple
method as the K-Means algorithm is sufficient for
solving the task and determining the state of anaes-
thesia by the EEG data. It was also shown that
computing such statistical characteristics as mean
value and standard deviation on the obtained data set
is effective and helpful in determining key character-
istics and the behaviour of brain waves on each step
of the experiment.

To conclude, we believe it is possible to use the
discussed methods for human EEG analysis. The
results obtained have a potential to be valuable for
bio-medical purposes of determining the anaesthesia
stage in scientific experiments or during medical pro-
cedures. In addition, the results may be valuable for
assisting in cortical brain death detection.
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