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Abstract

Introduction. Existing standards of Heart Rate Variability (HRV) technology limit its use to sinus rhythm. A small number of extra-
systoles is allowed, if the device used has special procedures for the detection and replacement of ectopic complexes. However,
it is important to expand the indicated limits of the applicability of the HRV technology. This specially regards the cases when the
HRV technology looks promising in the diagnostics, as, for example, in atrial fibrillation and atrial flutter.

Materials and Methods. All ECG measurements were performed on XAI-MEDICA® equipment and software. Processing of the ob-
tained RR Series was carried out using the software Kubios® HRV Standard. All recommended HRV characteristics for Time-Domain,

Frequency-Domain and Nonlinear were calculated.

The purpose of the work. The article presents an artificial intelligence (AI) procedure for detecting episodes of arrhythmias
and reconstruction of core patient’s rhythm, and demonstrates the efficacy of its use for the HRV analysis in patients with varying

degrees of arrhythmias.

The results of the study. It was shown efficiency of developed artificial intelligence procedure for HRV analyzing of patients with
different level of arrhythmias. These were demonstrated for Time-Domain, Frequency-Domain and Nonlinear methods. The direct inclu-
sion into review of Arrhythmia Episodes and the use of the initial RR Series leads to a significant distortion of the results of the HRV
analysis for the whole set of methods and for all considered options for arrhythmia.

Conclusion. High efficacy of operation of the procedure AI core rhythm extraction from initial RR Series for patients with arrhyth-

mia was reported in all cases.
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Introduction

The study of heart rate variability (HRV) is based on measuring
(time) intervals between R-peaks (of RR-intervals) of an electro-
cardiogram (ECG) and plotting a rhythmogram on their basis with
its subsequent analysis by various mathematical methods that
are classified as Time-Domain, Frequency-Domain and Nonlinear
[1, 2]. Existing standards of HRV technology limit its use to sinus
rhythm [1]. A small (up to 3 per minute) number of extrasystoles
are allowed, if the device used has special procedures for the
detection and replacement of ectopic complexes [2]. However,
itis important to expand the indicated limits of the applicability
of the HRV technology. This specially regards the cases when the
HRV technology looks promising in the diagnostics, as, for exam-
ple, in atrial fibrillation and atrial flutter (AF) [2]. An atrial flutter
is the most common arrhythmia, the development of which is as-
sociated with arrhythmogenic cardiomyopathy, disorders of the
pumping function of the heart, the occurrence and /or progression
of heart failure, stroke and other complications. At the same time,
the mortality rate with atrial flutter is 2 times higher than with
sinus rhythm. Thus, the purpose of this work is presentation and
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demonstration of the capabilities of an effective procedure based
on artificial intelligence (Al) for detecting arrhythmia episodes and
reconstruction of core patient’s rhythm with following application
of standard methods for HRV analysis. The newest presentation
of artificial intelligence (Al)-enabled electrocardiograph (ECG)
using a convolutional neural network to detect the electrocar-
diographic signature of atrial fibrillation present during normal
sinus rhythm using standard 10-second, 12-lead ECGs was given
in The Lancet [3].

Materials and Methods

All ECG measurements were performed on XAI-MEDICA®
equipment using CardioLabCS® and CardioSensCS® software.
The ECG signal was detected with a sampling rate of 1kHz. Process-
ing of the obtained RR Series was carried out using the software
Kubios® HRV Standard (ver.3.x) by «Kubios Oy». All recom-
mended HRV characteristics for Time-Domain, Frequency-Domain
and Nonlinear were calculated. However, the article presents
the most characteristic ones: Stress Index (SI) for Time-Domain;



Total Power (TP) for Frequency-Domain; Sample Entropy
(SampEn) for Nonlinear.

Since 1950, when Alan Turing defined artificial intelligence
(Al) as computer ability to achieve human-level performance
in cognitive tasks [4], researchers have explored the potential
applications of Al in every field of medicine [5, 6, 7]. Recently
artificial intelligence techniques have sent vast waves across
healthcare, even fuelling an active discussion of whether Al
doctors will eventually replace human physicians in the future
[8]. Specifically, in the diagnosis stage, a substantial proportion
of the Al literature analyses data from diagnosis imaging (57%),
genetic testing (22%), electrodiagnosis (18%) and others (3% )
[8]. Despite the increasingly rich Al literature in healthcare, the
research mainly concentrates around a few disease types: cancer
(48%), nervous system disease (32%), cardiovascular disease
(19%) and others (11%) [8]. The first three diseases are leading
causes of death therefore, early diagnoses are crucial to prevent
the deterioration of patients’ health status and early diagnoses can
be potentially achieved through improving the analysis procedures
on imaging, genetic, evoked potentials (EP) or electronic medical
records (EMR), which is the strength of the Al system [8].

Medical Al applications mainly fall into two major categories
[8]: the first one includes machine learning (ML) techniques that
analyze structured data such as imaging, genetic and EP data for
attempt to cluster patients traits, or infer the probability of the dis-
ease outcomes [9]; the second category includes natural language
processing (NLP) methods that extractinformation from unstruc-
tured data such as clinical notes/medical journals to supplement
and enrich structured medical data. The NLP procedures target
at turning texts to machine-readable structured data, which can
then be analyzed by ML techniques [10]. Depending on whether to
incorporate the outcomes, ML algorithms can be divided into two
major categories: unsupervised learning and supervised learning.
Unsupervised learning is well known for feature extraction, while
supervised learning is suitable for predictive modeling via building
some relationships between the patient traits (as input) and the
outcome of interest (as output) [8].

There are two major unsupervised learning methods: principal
component analysis and clustering. Clustering groups subjects
with similar attributes together into clusters, without using the
outcome information. On the other hand, supervised learning con-
siders the subjects outcomes together with their traits, and goes
through a certain training process to determine the best outputs
associated with the inputs that are closest to the outcomes on
average. The outcome can be the probability of getting a particular
clinical event, the expected value of a disease level or the expected
survival time. Clearly, compared with unsupervised learning, super-
vised learning provides more clinically relevant results; hence Al
applications in healthcare most often use supervised learning.
Relevant techniques include linear regression, logistic regression,
naive Bayes, decision tree, nearest neighbour, random forest,
discriminant analysis, support vector machine (SVM) and neural
network [11]. Compare the popularity of the various supervised
learning techniques in medical applications clearly shows that
SVM (42%) and neural network (31%) are the most popular ones
(others — 27%) [8].

The main usage of SVM is classification the subjects into two
groups, — in our case: group 1 is arrhythmias episodes, group
2 — core patient RR’s. Thereis the outcome Y is a classifier: Y, = -1
or 1represents whether the i-th subject is in group 1or 2, respec-
tively. The basic assumption is that the all RR's can be separated
into two groups through a decision boundary defined on the traits
X, which can be written as:

p
ai=2XU.cj+b,

j=t
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where ¢ is the weight putting on the j-th trait to manifest its rela-
tive importance on affecting the outcome among the others. The
decision rule then follows that if @,> 0, the i-th subject is classified
to group 1, that is, labeling Y, = —1; if a,<0, the subject is clas-
sified to group 2, that is, labeling Y, = 1. The class memberships
are indeterminate for the points with a, = 0 [8].

The goal of training is ¢, optimization that the resulting clas-
sifications agree with the outcomes as much as possible. That is,
with the smallest misclassification error, the error of classifying
a RR-interval into the wrong group. The best weights must allow
(1) the sign of ai to be the same as Y, so the classification is cor-
rect; and (2) |a| to be far away from O so the ambiguity of the
classification is minimized [8]. These can be achieved by selecting
c that minimize a quadratic loss function [12]. Furthermore, as-
suming that the new RR-interval come from the same record, the
resulting c,can be applied to classify these new RRs based on their
traits. An important property of SVM is that the determination
of the model parameters is a convex optimization problem so the
solution is always global optimum.

This SVM algorithm and program for detecting arrhythmia epi-
sodes and reconstruction of core patient’s rhythm was developed
at the Medical Faculty of V. N. Karazin Kharkiv National University
asaresult of original research by the authors and with the advisory
support of the scientists of the Medical Faculty of the «Sapienza»
University of Rome. The first presentation of the arrhythmia
detection algorithm was performed at the Scientific Conference
«eHealth» Computer Medicine’2005 in Kharkiv. Further improve-
ment of the artificial intelligence program for detecting arrhythmia
episodes and reconstruction of core patient’s rhythm was carried
out both by complicating of global optimization procedure and
improving the training method. The data for artificial intelligence
training, as well as the examples of HRV analysis presented in the
article were taken from the extensive ECG measurement databases
of university clinics of the V.N. Karazin Kharkiv National University
and the «Sapienza» University of Rome.

Results and Discussion
1. Single Arrhythmia Episodes

Here, cases of Single Arrhythmia Episode up to 20 slong are con-
sidered, with a total recording time of at least 6 minutes. The first two
cases are the easiest to analyze, since Single Arrhythmia Episode are
located directly at the beginning (Tab. 1) and at the end of the records
(Tab.2). For these cases, itis easy toisolate 5 min long recording sites
free from single arrhythmia episodes. This allows to make a direct
comparison of 5 min long records free from arrhythmia episodes
with the results of operation of the artificial intelligence core rhythm
extraction from the initial RR Series, as well as to assess the effect
of Single Arrhythmia Episodes on the results of HRV analysis.

This approach allows achieving results of HRV analysis, ob-
tained by isolating a 5 min interval free from Single Arrhythmia
Episode and the Al core rhythm extraction from the initial RR Series
practically coincide for all elements of the analysis: Time-Domain,
Frequency-Domain and Nonlinear. At the same time, the inclusion
of Single Arrhythmia Episodes into consideration substantially
distorts the pattern of the HRV analysis in all cases.

The most difficult case for the HRV analysis is when a Single
Arrhythmia Episode is located in the middle of the recording inter-
val (Tab. 3). In this case, it is impossible to isolate a 5 min interval
for the analysis, and only short records with duration of about
2 minutes 30 s before and after a Single Arrhythmia Episode can
be compared with the results of operation of artificial intelligence
core rhythm extraction from initial RR Series.

In this case, we can see that the artificial intelligence core
rhythm extraction from the initial RR Series copes well with the
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Tab. 1. Single Arrhythmia Episode at the beginning of the record.

Initial RR Series with
an arrhythmia episode

5-min RR Series directly
after an arrhythmia episode
at the beginning of the record

Al core rhythm extraction
from initial RR Series

at the beginning of the record
RR Spectrum RR Spectrum RR Spectrum
0.022 0.020 0.020
~N N N
< < <
o~ o~ o~
o ) )
a 2 @
2 d i
0 ‘ 0 TN N 0 o N
0 01 02 03 04 05 0 01 02 03 04 05 0 01 02 03 04 05
Frequency (Hz) Frequency (Hz)

Frequency (Hz)

Stress Index=5,2
Total Power=2037 ms’
Sample Entropy=0,371

Stress Index=16,6
Total Power =1397 ms?
Sample Entropy=1,134

Stress Index=16,2
Total Power=1363 ms’
Sample Entropy =1,136

Tab. 2. Single Arrhythmia Episode at the end of the record.

Initial RR Series with 5-min RR Series directly .
. . . . Al core rhythm extraction
an arrhythmia episode before an arrhythmia episode from initial RR Series
at the end of the record at the beginning of the record
RR Spectrum RR Spectrum RR Spectrum
0.041 0.041 0.041
s s z
) [a) [a)
2 2 2
0 fossor oA 0 oA 0 fossor oA
0 01 02 03 04 05 0 01 02 03 04 O0Ff 0 01 02 03 04 0!
Frequency (Hz) Frequency (Hz) Frequency (Hz)
Stress Index=5,2 Stress Index=10,3 Stress Index=10,2
Total Power=2036 ms’ Total Power=1183 ms’ Total Power=1148 ms?
Sample Entropy=0,348 Sample Entropy=0,764 Sample Entropy=0,760

task set, and the data of HRV analysis are comparable to those
observed before and after the Single Arrhythmia Episode. At the
same time, the inclusion of Single Arrhythmia Episode in the HRV
analysis catastrophically distorts the results of the HRV analysis,
for example, increases the Total Power by a factor of 500!

2. Multiply Arrhythmia Episodes

This option is represented by records of patient B. (83 years old)
provided by Dr. Nicola Marchitto. Records are made at the time of
admission (Tab. 4) and discharge (Tab. 5) to the clinic. Arrhythmia
is characterized by recurring every 30—40 s isolated supraventricular
ectopic beat or pair of beats. In this case, it is impossible to isolate
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the parts of the records of the length sufficient for the analysis, free
from arrhythmias, and to compare them with the operation of the
artificial intelligence core rhythm extraction from initial RR Series.
However, it is possible to match the records of the same patient
and evaluate their evolution in the analysis of the initial RR Series
and those after artificial intelligence core rhythm extraction.
Although such records allow direct HRV analysis [2], in practice
the results are highly distorted and do not correspond to the objec-
tive condition of the patient, as well as his age and gender. The
HRV spectrumiis also significantly distorted. At the same time, the
analysis of HRV indicators after artificial intelligence core rhythm
extraction from the initial RR Series shows their compliance with
age and gender indicators, as well as highlights the positive dyna-
mics resulting from the patient’s stay in the clinic.
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Tab. 3. Single Arrhythmia Episode at the middle of the record.

Initial RR Series with
an arrhythmia episode at the middle

2,5-min RR Series before/after
an arrhythmia episode at the middle

Al core rhythm extraction
from initial RR Series

0 01 02 03 04 05

Frequency (Hz)

of the record of the record

RR Spectrum RR Spectrum
0.600 0.029
e ¥
® =
a Continuously 5-min RR Series a
o is absent 9

0 0
0 01 02 03 04 O

Frequency (Hz)

Stress Index=5,5
Total Power=52090 ms?

Sample Entropy =0,379

2,5 min before an arrhythmia episode
Stress Index=20,1
Total Power=1641ms’
Sample Entropy=0,995

2,5 min after an arrhythmia episode
Stress Index=16,4
Total Power =970 ms?

Stress Index=16,7
Total Power =974 ms?
Sample Entropy =1,131

Sample Entropy =1,076

Tab. 4. Multiple Arrhythmia Episodes at the admission to clinic (patient B.).

Initial RR Series with multiple

arrhythmia episodes
(record B.1, 10 arrhythmia episodes)

Al core rhythm extraction
from initial RR Series

RR Spectrum

RR Spectrum
0.029 0.007
s s
o~ o~
2 L
a) a
2 ?
0

W kel

0 0.1

02 03 04 05 0 0.1
Frequency (Hz)

02 03 04 05
Frequency (Hz)

Stress Index=7,1

Stress Index=20,5
Total Power =199 ms’

Total Power = 2106 ms?
Sample Entropy=0,858

Sample Entropy=1,892

3. Heavy Arrhythmia

This option is represented by a record of patient C. (78 years
old). Arrhythmia is characterized by recurring every 3—4 seconds
isolated supraventricular ectopic beat or pair of beats. 121arrhyth-

mia episodes are observed in just 6 minutes of the record!

Inthis case, direct analysis of HRV cannot be performed, as it does
not meet the standards [1] or advanced requirements [2]. We see
that the analysis results are significantly distorted, for example,
with an abnormally high Total Power value or the highest possible
values in the spectrum outside the high frequencies range. At the
same time, the artificial intelligence core rhythm extraction from
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Tab. 5. Multiple Arrhythmia Episodes at the discharge from clinic (patient B.).

Initial RR Series with multiple
arrhythmia episodes

Al core rhythm extraction from initial

0O 01 02 03 04 05
Frequency (Hz)

(record B.2, 12 arrhythmia episodes) RR Series
RR Spectrum RR Spectrum
0.084 ' ' 0.012
~ N
< =
o~ o~
@ A
(=] [m)]
%] ]
[\ [+
0LV W. oL WV\A

0 01 02 03 04 05
Frequency (Hz)

Stress Index =6,4
Total Power=4056 ms?
Sample Entropy=0,514

Stress Index=18,3
Total Power =326 ms?
Sample Entropy =1,285

Tab. 6. Heavy Arrhythmia (patient C.).

RR, ms First 100 RRs

1200
1100
1000

s00

RR, ms First 100 RRs

1200

1100

a0
=01
o0
oy
e

ana

RR Spectrum
0.478
~N
L
o~
@,
[a)
7]
o
O ! !
0 01 02 03 04 05

Frequency (Hz)

RR Spectrum
0.015
~N
<
N
L
(]
7]
o
0 01 02 03 04 05
Frequency (Hz)

Stress Index=6,2
Total Power = 21480 ms’
Sample Entropy=0,517

Stress Index=17,6
Total Power =762 ms’
Sample Entropy=0,707
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initial RR Series does an excellent result and shows the values that
are adequate to the objective condition of the patient, age and
gender characteristics, in the HRV analysis.

Conclusions

The article presents an artificial intelligence procedure
for detecting episodes of arrhythmias and reconstruction of
core patient’s rhythm, and also demonstrates the efficacy of
its use for the HRV analysis in patients with varying degrees of
arrhythmias: Single Arrhythmia Episodes, Multiple Arrhythmia
Episodes and Heavy Arrhythmia. The HRV analysis used Time-Do-
main, Frequency-Domain and Nonlinear methods. High efficacy
of operation of the procedure artificial intelligence core rhythm
extraction from initial RR Series for patients with arrhythmia was
reported in all cases.

This allows:

* in the case of Single Arrhythmia Episodes, to get a match
for all elements of the analysis (Time-Domain, Frequency-Domain
and Nonlinear) upon isolation of a 5 min interval free from Single
Arrhythmia Episodes and artificial intelligence core interval rhythm
extraction from initial RR Series (Tab. 1-3);

* inthe case of Multiple Arrhythmia Episodes, taking as an exam-
ple the records of the same patient, made at the time of admission
to the clinic (Tab. 4) and discharge from the clinic (Tab. 5),
to obtain the results corresponding to the patient’s objective condi-
tion, age and gender indicators, and also to highlight the positive
dynamics resulting from the patient’s stay in the clinic;

* in the case of Heavy Arrhythmia, to obtain the results of HRV
analysis adequate to the objective condition of the patient,
age and gender characteristics (Tab. 6);

» in all cases, the direct inclusion into review of Arrhythmia
Episodes and the use of the initial RR Series leads to a signifi-
cant distortion of the results of the HRV analysis for the whole
set of methods (Time-Domain, Frequency-Domain and Nonlinear)
and for all considered options for arrhythmia (Tab. 1-6).

The studies were carried out in compliance with international
bioethical standards and the provisions of the Helsinki Declaration
(as amended in 2013). The authors of the article, A. Martynenko,
G. Raimondi, N. Marchitto, S. Ostropolets, confirm that they have
no conflict of interest.
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Pesiome

Berym. IcHytoui cTaHAapTU TeXHONOTII BapiabensHocTi cepueBoro putmy (BCP) 06Mexy1oTh ii BUKOPUCTAHHA CUHYCOBUM PUTMOM.
JlomycKaeTbcA HeBeNWKA KifbKICTb KCTPACUCTON, AKLO Y BUKOPUCTOBYBAHOMY NPWIAJL € CrielianbHi mpouenypu Aerekuii Ta 3aminu
€KCTPACUCTONIYHUX KOMIUIEKCiB. OfHAK, € BAXIMBUM PO3LIMPEHHA 3a3HAUEHUX MeX 3acTocyBaHHs TexHonorii BCP. 0co6nnBo aximo
TexHosoria BCP BUINAzLaE MepCcrieKTUBHOW B AiarHOCTULI AK, HATPUKIAZ, pu Gibpunanis i tpinoTinyHi nepencepnb.

Mera po6oTu. MeToto po6OTY € TP CTaBNEHHA POLeAYPU WITYYHOTO IHTENEKTY ANA AeTEKTYBAHHA €Mi30fiB apUTMilt i pekoHCTpyKuii
BinbHOI Bif apuTMiit BapiabenbHOCTI cepLieBOro pUTMY MAalie€HTa, a TAKOX AEMOHCTPaLis edeKTUBHOCTI ii BUKOpuUCcTaHHa Ans aHanisy BCP
y MalieHTiB 3 Pi3HUM CTyMeHeM NPOABU apUTMiil.

Marepianu Ta MeToau. Bei BumipioBantn EKT mpoBogunuca Ha o6naaHaHHi Ta i3 3aCTOCYBaHHAM MporpamMHoro 3abesmneyents «XAI
Menukax». Ananis BCP BuxkonysaBcs 3a ponomoroto mporpamu Kubios® HRV Standard (ver.3.x) by «Kubios Oy». 06uucnioBanuca Bci
pexoMeHaoBaHi xapakrepuctuku BCP ans wacosoi i yacToTHOI 0671acTei, a TAKOX HeniHiHni ananis BCP.

Pesynbraru. Byna mokasana eheKTUBHICTb po3p0o6seHoi poLeAypu WITYYHOTO iHTenekTy Ans aHanisy BCP y mauienTis 3 pisHumu
piBHAMM apuTMiit. EhexTuBHricTb ananizy BCP micnsa pekoHCTpyKLii 3 BUKOPUCTAHHAM UITYYHOTO iHTEJEKTY, TPOAEMOHCTPOBAHA A1 BCbO-
ro Habopy MeToAiB: B YACOBiil 1 YaCTOTHIN 0671aCTAX, @ TAKOX 1A HENiHINHOro aHanisy. Besmocepeate BKIOYEHHs B PO3IIIAL €Mi3ofis
apUTMiil 1 BUKOPUCTAHHA BUXIHUX PUTMOTPAMM IIPU3BOAUTD 0 CYTTEBOTO CIIOTBOPEHHA Pe3yNbTaTiB aHanizy BCP ans Bcboro Habopy
MEeTOJiB i A BCiX PO3TAAHYTUX BapiaHTiB apuUTMii.

BucHoBku. Y BCiX pO3TNAHYTUX BUNIA[iKAX 3aMNUCIB MALLiEHTIB 3 ApUTMIAMU Bif3HAYAETLCA BUCOKA eeKTUBHICT pOoOOTH ITpoLenypu
WITYYHOTO IHTENEKTY U1l AeTeKTYBaHHA emi3opis i pexoHcTpyKuil BCP BinbHOTO Bif apuTMiii.

Knwouosi cnosa: sapiabenbHicmb cepyeso2o pummy; apummii; wmyuHuil iHmenexm.

JcKycCTBEHHBI UHTENIEKT A aHaiu3a BapuabenbHOCTU
CepLevYHOor'o PpUTMa C apUTMUen

G. Raimondi*, A. Martynenko? N. Marchitto? S. Ostropolets?

!University of Roma «Sapienzay, Italy
2V, N. Karazin Kharkiv National University, Ukraine
3ASL Latina, Italy

Pe3tome

BeepneHue. CywwecTByiomMe CTAHAAPTH TEXHONOIM BapuadenbHOCTU cepaedHoro purMa (BCP) orpaHuumuBaioT ee UCTIONIb30BaHNE CUHYCOBLIM
puTMOM. [lomyckaeTcs He60MbIIOe YUCII0 SKCTPACUCTOTL, ECIIU B UCIIONIb3YEMOM IIPUOOPE UMEIOTCA CIIELMANIbHbIE TIPOLELYPHL AE€TEKLMUU U 3a-
MeHBI IKCTPACUCTONUIECKUX KOMIUIEKCOB. OBHAKO, IPeACTaBIAETCA BAXHBIM PaCIIMPeHe YKa3aHHbIX IPaHNL, IIPUMeHUMOCTY TexHonorun BCP.
Ocoberto ecnu TexHonorua BCP BHIAANT EPCIIEKTUBHO B AUATHOCTUKE KaK, HAITPUMED, TpU GUOPUANALMK U TperieTaHUU IPeACepPAUnt.

Ilenb pa6oTsi. Llenbio paboTH ABNAETCA MPELCTABLEHUE NPOLEAYPH UCKYCCTBEHHOTO WHTENJIEKTA /1S LeTeKTUPOBAHUA SIU30[0B
APUTMUIL U PEKOHCTPYKLUKN cBOGOAHOTO OT apuTmuit BCP maumnenTa, a TakKe LeMOHCTpauusa 3hGeKTUBHOCTU ee UCIIONb30BAHUA Iis
aHanusa BCP y mauneHToB ¢ pasnnuyHomn CTeNeHblO POABIEHUA aDUTMUIA.

Marepuanst u MeToabl. Bce nsmeperus IKI' mpoussogunuch Ha 060pynoBaHUU U C IPUMEHEHWEM ITPOrPAMMHOT0 0becreyeHms
«XAU Mepukay». Ananus BCP Brimonxsncs ¢ momouibio mporpammst Kubios® HRV Standard (ver.3.x) by «Kubios Oy». Beruncnanucs Bce
PeKoMeHZI0BaHHEIE XapaKTepucTuku BCP ns BpeMeHHOMW U YacTOTHOW 0671acTel, a TakKe HennHenHslit avanus BCP.

Pesynbrarbl. Briia nokasana 3¢ geKTMBHOCTb pa3paboTaHHO MPOoLeAy Pl UCKYCCTBEHHOT'0 UHTEJUIEKTA AJ1s aHann3a BCP y nanueH-
TOB C Pa3HBIMU YPOBHAMM apuTMuii. IpdekTusHocTs aHanu3sa BCP mocne pekoHCTPYKLUM ¢ IPUMeHeHWeM UCKYCCTBEHHOTO NHTeJIeKTa
MIPOJIeMOHCTPUPOBAHA [l BCEro Habopa METOL0B: BO BPEMEHHOW U YaCTOTHOW 0671aCTAX, @ TAKXKe s HeluHeHoro ananusa. Hero-
CpefCcTBEHHOe BKJIOUEHWE B PACCMOTPEHE 3TIN30[,0B aPUTMUIL U UCTIONIb30BAHUE UCXOAHBIX PUTMOT'PAMM IIPUBOAUT K CYLeCTBEHHOMY
UCKaXKeHW10 pe3ynbraToB aHannsa BCP ans Bcero Habopa METOROB M 1A BCEX PACCMOTPEHHBIX BADUAHTOB apUTMUN.

BbiBoabI. Bo BceX pacCMOTPEHHBIX CIYYanxX 3aMUCceil TAUNEHTOB C apUTMUAMU OTMEYAETCA BLICOKAs 3G deKTNBHOCTb pabOTH IIpo-
LleypHl UCKYCCTBEHHOT'O MHTEJJIEKTA ANlA LeTEKTUPOBAHUA STIU300B U peKoHCTPpyKuuu BCP cB060ZHOTO OT apuUTMMii.

Kniouesvie cnosa: sapuabenbHocms cepdeuH020 pumma, apumMul; UCKYCCmBeHHbIU UHMeNIeKm.

KniHi4Ha iHpopmaTuka i Tenemeamumna. 2019, 1.14, B1n.15.



