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AHHOTAIIUA

B 0030pe paccMOTpPEeH OIBIT IPUMEHEHUs HeHpoceTel B OLleHKe Pe3yJIbTaTOB BHYTPUCOCYAHCTBIX YIbTPA3BYKOBBIX
rccieZioBaHui (BBIABIEHNE HECTAOUIBHBIX OJIAIIEK, BbIIEJIEHUE POCBETA U CJI0EB CTEHKH COCYZa, MPOTHO3UPOBAHHE

(paxmoHHOTO pe3epBa KPOBOTOKA).

Knaoueanle cro8a: HelpoceTH, MAITUHHOE 00ydeHre, BHYTPHCOCYAYCTas BU3yaIn3alusA, BHyTpucocyaucroe Y31,

ABSTRACT

The review considers the experience of neural networks use in assessing the results of intravascular ultrasound
investigation (detection of vulnerable plaques, extraction of the lumen and layers of the vessel wall, prediction of the

fractional flow reserve).

Keywords: neural networks, machine learning, intravascular imaging, intravascular ultrasound.

BBEJAEHHNE

UckyccrBennsbie Hetipocetu (IHC) — aTo mate-
Marndeckue Mozenu (GYHKIIMOHUPOBAHUA TPagu-
IIMOHHBIX JJIs1 YKUBBIX OPTaHU3MOB HEHPOCETEH, KO-
TOpBIE MPECTABIAIOT COO0M CeTH HEPBHBIX KJIETOK.
Kak 1 B 6M0JIOTHYECKOM aHAJIOTE, B MICKYCCTBEHHBIX
CETSIX OCHOBHBIM 3JIEMEHTOM BBICTYIIAIOT HEHPOHHI,
COelMHEHHbIe MeXKAy cob0 u 06pasylolue CJIOH,
YHCJI0O KOTOPBIX MOXKET OBITh PA3HBIM B 3aBHCHMO-
CTH OT CJIOKHOCTH HEHPOCETH U ee Ha3HaueHus (pe-
maeMbIx 3aza4). OmxHa U3 TJIaBHBIX GQYHKIUH HeH-
POHHBIX ceTeli — BO3MOKHOCTb 00OydueHwus. ObOyue-
HHEe HEHPOHHOU CETH — 3TO IIPOIIECC, B X0JI€ KOTOPO-
ro IapaMeTpbl HEHPOHHOM CETH HACTPAUBAIOTCS 110~

INTRODUCTION

Artificial neural networks (ANNs) are mathe-
matical models of the functioning of neural networks
traditional for living organisms, which are networks
of nerve cells. As in the biological analogue, in artifi-
cial networks, the main element is neurons, connect-
ed to one another and forming layers, the number of
which can be different depending on the complexity
of the neural network and its assignment (tasks to be
solved). One of the main functions of neural net-
works is learning capability. Neural network training
is a process during which the parameters of a neural
network are changed by simulation of the environ-
ment in which this network is embedded. It is thanks
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CPEZICTBOM MOJIEJTUPOBAHUS CPENIbl, B KOTOPYIO 3Ta
ceThb BcTpoeHa. MmeHHO Oiraromaps BO3MOXKHOCTH
0o0yueHtsT HEeHPOCETH pPeNIaloTCs 3aaui pPacro3Ha-
BaHUS 00pas3oB, KjiacCH(UKAIMH, MPOTHO3WPOBA-
HUA U T.JO. [y o0ydeHHus MCIoIb3yTesa 00ydaro-
Iasi ¥ TECTOBAsI BEIOOPKH.

HetlipoceTy B MeTUITMHE CETO/THS SIBJISIIOTCS aK-
THBHO Pa3BUBAIOIIUMCS HAIIPABJIEHUEM, CITOCOOHBIM
CIY?’KUTh XOPOIIMM IIO/ICIIOPEM JJIA  Bpadei-
KJIMHUITUCTOB, 00J1eTYas BBIIIOJTHEHUE PYTHHHBIX 3a-
Jlad ¥ TIOBBIIIAs HAJIE?KHOCTh U TOYHOCTD PA3JTMIHBIX
paboumnx MpOIIeCCOB 3a CUET MCKJIIOUEHHS OIMINOOK,
00yCJIOBJIEHHBIX YeJI0BeYeCKUM (akTopoM. IlepBrie
TIOTIBITKN CO3JIaHUs HEUPOCETEBBIX JIMATHOCTHYE-
CKHUX CHCTEM OTHOCSTCS K 40—50-M rogam XX B., T.€.
cpasy IocJe MOsBIEHHS OCHOBOIIOIATAIOIIUX PaboT
V. Mak-Kasioka, Y. ITurrca, ®. Posen6.iarra, 3a10-
JKUBIITHUX TEOPETUUECKHE OCHOBBI HEHPOCETEBBIX TEX-
HoJtoTUH. OJTHAKO MIPAKTUYECKOE TPUMEHEHIE TaKHe
CHCTeMbI HaYa/Id HaXOAUTh TOJIBKO B 80—90-X rojiax
mporioro Beka. Ciucok obJsiacTet MeIUITUHbBI, B KO-
TOPBIX CTAJIM HCIIOJIb30BAThCS HEHPOCETEBBIE TEXHO-
JIOTYH, YPE3BBIUANHO OOIIMPEH U IIPOJIOJIKAET pa-
CTH, UTO CBUJIETEJILCTBYET O MEPCIIEKTUBHOCTU STOTO
HAyYHOTO HAIIpaBJIEHUS.

B Hacrosiliiee BpeMs B KJIMHUYECKOH HayKe U
npakTuke GopMHUpyeTcs HOBBIN IOJIXO7 K paccMo-
TPEHHUIO0 Ka)KJ0TO KOHKDETHOTO ciydas 3aboJieBa-
HUA, TTOJyYeHU0 HHPOPMAIUK, HEOOXOTUMOU JIJIst
OTIpPEZIETIEHNST CTPATETHUH TTOBBINIEHNUs KAUeCcTBa Me-
JMUNUHCKOHN momoru. Hanbosee sIpKO 3TOT MOZIXO/T
peasm3yeTrcs B paMKax JOKa3aTeJbHOU MeIUIHMHbI
(evidence-based medicine) [1]. Ilesibr0 HOBOTO I10A-
X0J1a sBJIsieTCs pa3paboTKa U NMpUMeHeHUe KIUHU-
YEeCKHUX METOJ/IOB, MO3BOJISIOIINX JIeJIaTh JOCTOBEP-
Hble 3aKJII0YEHHsI, NCKIIOYAOIe BIUSHUE CHCTe-
MaTUYECKUX, CIYYaWHBIX U WHBIX OIIMOOK [2], /y1s
vero u ucnoab3yorca MHC. Tak, Ha MOMeHT Hanu-
canus ob63opa FDA (YupamieHue 1o caHUTAPHOMY
Ha/I30py 3a KAUECTBOM ITUINEBBIX MIPOAYKTOB U Me-
nukameHnToB, CIIIA) omoOpuIo K MPUMEHEHUIO B
KJIMHUYECKOU IPAKTHKe 64 HEHUPOCETH B JIy4eBOHU
JIMaTHOCTHKE M Kap/INOoJIOTHU [3—5].

ABTOMATU3NPOBAHHOE OGHAPYKE-
HUWE HECTABMNJIBHBIX BJIAIITEK HA
N30BbPAKEHUAX, ITO/IYUEHHDBIX ITPU
BHYTPUCOCYAHCTOM YJIBTPA3BYKO-
BOM NCCJIEAOBAHUU (BCY3N)

Jlns crpatnduKanuy pUCKOB IIPU IPOBEEHUH
YPECKOKHOTO KOpoHapHOTo BMeriaTeaberBa (UKB)
Ilepes; 9HI0BACKYJISIPHBIM XUPYPIOM MEPUOTHUECKH
BO3BHHMKAeT HEOOXOJMMOCTb IIPOBEJIEHUSA OIIEHKU
CTaOWIBHOCTH OJIAMIKK WIH MOP(HOJIOTHIECKOH

to the trainability of the neural network that the tasks
of pattern recognition, classification, prediction, etc.
are solved. For learning, training and test data sets
are used.

Neural networks in medicine today are an ac-
tively developing research area that can serve as a
good help for clinicians, facilitating the execution
of routine tasks and increasing the reliability and
accuracy of various work processes by eliminating
errors caused by the human factor. The first at-
tempts to create neural network diagnostic sys-
tems date back to the 40—50s of the 20th century;
immediately after the appearance of the funda-
mental woks of W. McCulloch, W. Pitts, F. Rosenb-
latt, who laid the theoretical foundations of neural
network technologies. However, such systems be-
gan to find practical application only in the 80—90s
of the last century. The list of areas of medicine in
which neural network technologies have begun to
be used is extremely extensive, and continues to
grow, which indicates the prospects of this scien-
tific direction.

Currently, in clinical science and practice, a new
approach is being formed to consider each specific
case of the disease, to obtain information necessary
to determine a strategy for improving the quality of
medical care. This approach is most clearly imple-
mented in the framework of evidence-based medi-
cine [1]. The purpose of the new approach is the de-
velopment and application of clinical methods that
allow making reliable conclusions, excluding the in-
fluence of systematic, random and other errors [2],
for which ANNs is used. Thus, at the time of writing
the review, the FDA (Food and Drug Administra-
tion, USA) approved 64 neural networks for use in
clinical practice in radiology diagnostics and cardi-

ology [3-5].

AUTOMATED DETECTION

OF VULNERABLE PLAQUES

IN INTRAVASCULAR ULTRASOUND
(IVUS) IMAGES

To stratify the risks during percutaneous coro-
nary intervention (PCI) the endovascular surgeon
has to periodically assess the stability of the plaque
or the morphological structure of atheroma (length
of the lesion, presence of calcifications). To assess
these two indicators, two methods are currently
used: intravascular ultrasound and intravascular op-
tical coherence tomography (OCT). The use of both
methods in routine practice is expensive and increas-
es the time of PCI, therefore, the developers of algo-
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CTPYKTYPBI aTePOMbI (IIPOTAKEHHOCTh IMOPaXKEeHUS,
HaJIUYUe KaJbIIUHATOB). JIJI OIEHKU STHUX ABYX I10-
KaszareJiel Ha CeTOIHSAIITHUY IeHb TPUMEHSETCS JIBa
METOJ]Ja — BHYTPHUCOCYIHUCTOE YJIbTPa3BYKOBOE HC-
CJIeIOBaHME U BHYTPHUCOCY/TUCTAsI ONITHYECKAsT KOTe-
pertHas Tomorpadus (OKT). Ucnosip3oBanue B py-
THHHOU IIPaKTUKE 000HX METO/IOB SIBJISETCS JOPOTO-
CTOAIIMM U yBeJIMUMBaeT BpeMs IpoBeneHusa YKB,
IMO3TOMY Pa3pabOTUNKU AJITOPUTMOB, TTOCTPOEHHBIX
Ha MaIIMHHOM OOYYEeHUH, IIPEIaraloT MeTOMbI, ¢
IIOMOIIIbIO KOTOPHIX Oy/IeT BO3MOXKHA OIIEHKA IO pe-
gysapratraMm BCY3U He TobKO MOPQOJIOTHU aTEPO-
MBI, HO U €€ CTa0MILHOCTH [6].

Ha ceromHANIHUN /IeHb CYIIECTBYET JBA aJro-
pHUTMa aBTOMATUYECKOTO OIpeJieJIeHUs] HeCTaOuIb-
HocTH 0Ky o pesysasratam BCY3U [6, 7], koto-
phle BKIIIOYAIOT CIIEAYIOIINE OIIEPAI[HN:

1. Co3gaHue 6aHKa OIeHEHHBIX YeJI0BEKOM U30-
OparkeHui, mosydeHHbIX 1pu BCY3U u OKT, ¢ Tou-
KU 3PEHUS TOTO, KAKOH TUII aTEPOMBI BU3YAJTU3UPY-
eTcss — CTabMJIBbHBIN MU HeCTAOUTHHBIH.

2. ®opMupOBaHHE JIBYX BBIOOPOK H300paske-
HUH — CcO CTaOMJIBHBIMU M HECTaOWJIbHBIMU OJISII-
KaMH, KOTOpbIE, B CBOIO OUepesb, JEJATCA Ha JBE
MOATPYyNIIBI Kakas. [lepBas ucnosbayeTcs 11 00-
yUeHHs1 HeHpoceTH, a BTOpas — JJIA ee TeCTUPO-
BaHUS.

Y. Bae et al. ucrosp30Basiu JJaHHbBIE, TIOJTyYEH-
Hble B XO/le IMPOBENEHHUs IPeNONePaIlMOHHOTO
BCY3U u OKT y 517 nanieHTOB B IEPUOJ, C 2010 T.
[6]. Paznenenne Ha 00y4aOIIYIO U TECTOBYIO BHIOOD-
KU TIPOU3BOAWIOCH B COOTHOIIEHHUU 4 : 1 (COOTBET-
CTBEHHO 517 YeJl. : 103 YeJl.), C TOCJIeAI0IIeH UX paH-
Jomuzarnuei. JIyqmuii pesysbTar, MOJIydeHHBIH B
uccaesnoBanuu, coctaBua 0.82 AUC. PesyabraT pa-
60TBI anrOpuUTMa Ha GUKCUPOBAHHON TECTOBOH BHI-
OOpKe BUBYaJH3UPYIOT ¢ MoMoIbido ROC-KpuUBOH
(ROC — receiver operating characteristic curve, uin
KpHBas ONINOOK), a KAYEeCTBO OIIEHUBAIOT KaK ILJIO-
maze mox stoi KpuBoik — AUC (area under the
curve). AUC 7151 OIleHKU HEUPOCETH U3MepPSIeTcs B
CIIEAYIONUX eTMHUTIAX: 0.5—1, T/ie 0.5 — aOCOTI0THO
CTyJalHBINA IIPOTHO3; 1 — HUCTHUHHBIA MPOTHO3. 1
HWCKYCCTBEHHOTO WHTEJIEKTA B MEIUITMHCKON JHa-
THOCTHKE HUKHUM IPEIEIOM JOIMyCTUMOCTH MOXK-
HO cunTaTh 0.8 AUC. IIpuMeHeHHe HEHUPOCETH B
KJIUMHUYECKOU MPaKTHKE UMEET CMbBICS TOJIBKO MPH
JIOCTH?KEHUH 3TOTO MUHUMAJIBHOTO 3HAYEHUS.

T.J. Jun et al. B cBoeM uccie0BAHUU UCII0JIb30-
BaJIU JAHHBIE, TIOJIyUYeHHbIE IPY TPOBEEHUH aHTHO-
rpadun/YKB y 100 nmanueHnToB. JIydmmmii pe3ysibraTt
cocrasyisit 0.91 AUC [7].

JlocTaTOYHO MHTEPECHBIM HaM IPEZCTABIISAETCS
JIPYTOH MOAX0 K 00yUeHUI0 HEHPOHHBIX CEeTEH, ITPO-

rithms based on machine learning propose methods
that will make it possible to assess not only the mor-
phology of atheroma, but also its stability based on
IVUS results [6].

Today, there are two algorithms for automated
detection of vulnerable plaque based on IVUS results
[6, 7], which include the following operations:

1. Creation of a bank of human-evaluated IVUS
and OCT images, in terms of which type of atheroma
is clearly visible — stable or unstable.

2. Formation of two sets of images — with stable
and vulnerable plaques, which, in turn, are divided
into two subgroups each. The first is used to train the
neural network, and the second is used to test it.

Y. Bae et al. used the data obtained during pre-
operative IVUS and OCT in 517 patients since 2010
[6]. The division into training and test sets was car-
ried out in a ratio of 4 : 1 (respectively 517 people :
103 people), with their subsequent randomization.
The best result in the study was 0.82 AUC. The result
of the algorithm using for a test set is visualized with
the ROC curve (ROC — receiver operating character-
istic curve, or error curve), and the quality is assessed
as the area under this curve — AUC (area under the
curve). AUC for evaluating a neural network is mea-
sured in the following limits: from 0.5 to 1, where 0.5
is the absolutely random forecast; 1 — the true fore-
cast. For artificial intelligence in medical diagnostics,
the 0.8 AUC can be considered the lower limit of tol-
erance. The use of a neural network in clinical prac-
tice makes sense only when this minimum value is
reached.

T.J.Jun et al. used data obtained from angiogra-
phy/PCI in 100 patients. The best result was 0.91
AUC[7].

Another approach to neural networks learning,
demonstrated in the work of Y. Cao et al. [8], who
used not the OCT/IVUS image set for training the
neural network, but a histological specimen/IVUS,
seems to be quite interesting to us. Rabbits with ath-
erosclerotic lesions of the aorta underwent IVUS in
vivo. Then, histological specimens with a specific
staining for lipids, macrophages, smooth muscle
cells and collagen were made from the aortas of the
same rabbits. Later, the images were grouped and
the neural network was trained. This algorithm,
therefore, does not use the detection of certain lay-
ers of the vascular wall, comparing their relation-
ship and density, but a virtual histology. The best
result in this study was 0.71 AUC, which can be ex-
plained by the extremely small sample size — only
23 rabbits. In the future, Y. Cao et al. plan to im-
prove the algorithm on a larger sample and apply
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JIEMOHCTPUPOBaHHBIHN B pabore Y. Cao et al. [8], uc-
MI0JIB30BABIINX /I 00yueHUs HEHPOCETH HE TPyI-
nupoBky uzobparkenuit OKT/BCY3U, a rucrosoru-
yeckuil nmpenapat/BCY3U. IIpmKu3HEHHO KpPOJIU-
KaM C aTepOCKJIEPOTUYECKUM IOPAKEHUEM aOPTHI
npoBesu BCY3U. 3aTem U3 aOPT 9TUX 3Ke KPOJIUKOB
OBLIM U3TOTOBJIEHHI MIPEIAPATHI CO CHEIU(PUIECKON
OKPAaCKOW /151 JIUTIUI0B, MaKpO(hAaroB, BOJIOKOH KOJI-
JlaTeHa, TJIaJIKOMBIIIIEYHBIX KJIETOK. B mabHelinem
IIPOU3BEIY IPYNIIUPOBKY H300pasKEHUN U 00yIIIIN
HelpoceTb. J[I[aHHBIN aNTOPUTM, TAKUM 00pa3oM, Uc-
MIOJIB3YET He BhIZIeIeHUE OIPe/IeJIEHHBIX CJIOEB COCY-
JIUCTOU CTEHKU, CDAaBHEHUE X B3AMMOCBS3U U IIJIOT-
HOCTH, a BUPTYaJIbHYI0 THUCTOJIOTHIO. Hawmmydmui
pe3yJIbTaT, MOJyYeHHbI B IAHHOM HCCJIEI0OBAHUU,
coctaBw1 0.71 AUC, 94TO MOKHO OOBSICHUTD KpaWHeH
MaJIOUHCIEHHOCTHIO BEIOOPKU — BCETO 23 KPOJIHKA.
B Oyaymiem Y. Cao et al. maHUpyIOT ycoBepIieH-
CTBOBATh AJITOPUTM Ha OOJIBINEN BRIOOPKE U IpHMe-
HUTD JIAaHHYI0 HEUPOCETH JIJI OIIEHKU Pe3yJIbTATOB
BCY3U, npoBeieHHOTO YETIOBEKY.

ABTOMATHUYECKOE BBIAEJTEHMUE ITPO-
CBETA U CJIOEB COCY/IUCTOM CTEHKHU
(CETMEHTAIINA) HA U3OBPAKEHUAX,
INOJIYUHEHHBIX ITPU BCY3N

OG6yueHMe TaKUX HEHpOceTeH IPOU3BOUTCS 10
TOMY K€ IPHUHIIUILY, UTO U JIJIs ONKMCAHHBIX BBIIIIE,
[IO3BOJIAIOIIUX  OOHApPY»KUBATh  HECTAOMJIbHBIE
GJIAIIKY, HO C TOH JIUIIb PA3HUIEH, YTO 0OyJaroIye
U TEeCTOBbIE€ BHIOOPKH (DOPMHUPYIOTCA U3 OTKPBITHIX
HCTOYHHUKOB U300paKEHUH, IIOJyIeHHBIX IIPHU
BCY3U. Heob6x01UMO OTMETHUTD, YTO Pa3paboTUNKU
JTAHHOTO QJITOPUTMA IPEACTABJISIOT OTKPBITHIN HC-
XOZHBIN KOJi CBOMX IIPOTPaMM, pa3Melas B CBOUX
CTaThsAX CCHUIKU HA PECYPCHI /I 3aTrPy3KU HE0OX0-
JIUMOTO IIPOIPAMMHOTO 06ecrieYeH s, YTO IO3BOJIA-
€T BCEM 3aMHTEPECOBAHHBIM CAMOCTOSATEJIBHO OIfe-
HHUTH, Kak (PYHKIHOHUpYeT HelpoceThb [9]. [lanee
MBI TIPEJCTAaBUM XPOHOJIOTHIO Pa3BUTHUS TEXHOJIO-
THU U [IPOJIEMOHCTPUPYEM Pe3yJIbTaThl, YTOOBI II0-
Ka3aThb SBOJIIOIHIO TAHHBIX AJITOPUTMOB.

B nexabpe 2018 1. Y.Y. Wang et al. mpeacraBiiu
aJITOPUTM JIJI1 ABTOMATUYECKOTO OTIpeZieIeH s Tpa-
HUITBI MEXAY Mefiuell U afjBeHTUINell KOpOHAPHBIX
cocy/1oB [10] (puc. 1). DTa He mepBas Mo JJAHHOH Te-
MaTuKe ITyOJIMKAIUs, OZHAKO MBI CUYHTAEM, UTO
HMEHHO ¢ Hee cJjIe/lyeT HAaYMHATh OTCUET Pa3BUTHUS
TEXHOJIOTUU aBTOMATUYECKOU CETMEHTAITUU COCY/TH-
CTOH CTEHKH, IOCKOJIbKY nMeHHO Y.Y. Wang et al.
BIIEPBbIE DENININ INPOOJIEMY BCEX IPEABIAYIINX
HelpoceTell — HEBO3MOKHOCTh IIPOBECTHU CErMeHTa-
[OMI0 HAa yJYacTKax Omdypkranum cocya u aTepoM C
BBICOKUM COZIep;KaHNeM KayIbITusl.

this neural network to assess the results of IVUS for
humans.

AUTOMATIC EXTRACTION OF THE
LUMEN AND LAYERS OF THE VASCULAR
WALL (SEGMENTATION) IN IVUS IMAGES

Learning of such neural networks is carried out
according to the same principle as for those de-
scribed above, which allow detecting vulnerable
plaques, but with the only difference that training
and test sets are formed from open sources of IVUS
images. It should be noted that the developers of this
algorithm present the open source code of their pro-
grams, giving links to resources for downloading the
necessary software in their articles, which allows ev-
eryone interested to independently evaluate how the
neural network functions [9]. Next, we will present a
chronology of the development of the technology and
demonstrate the results to give an idea of these algo-
rithms’ evolution.

In December 2018, Y.Y. Wang et al. presented
an algorithm for automatic determination of the bor-
der between the media and adventitia of the coronary
vessels [10] (Fig. 1). This is not the first publication
on the topic, however, we believe that it should be
considered a starting point for the development of
the technology of automatic segmentation of the vas-
cular wall, since it is Y.Y. Wang et al. who were the
first to solve the problem of all previous neural net-
works — the inability to perform segmenting in the
areas of vessel bifurcation and high calcium athero-
mas.

In July 2019, J. Yang et al. published an article
in which they presented the Dual Path U-Net neural
network, which performs the same tasks as the previ-
ous one. The Dual Path U-Net also solves the prob-
lem of the complexity of segmentation at bifurcation
sites and atheromas with advanced calcification [11].
J. Yang et al. also compared the results of segmenta-
tion performed by the neural network and a human
(Fig. 2).

In July 2020, M. Xia et al. presented the MFAU-
Net (multi-scale feature aggregated U-Net) neural
network, which combines various types of neural
networks and demonstrates the best segmentation
results [12]. The key feature of this neural network is
the possibility to get the result that is closest to one
given by a person (Fig. 3).

PREDICTION OF THE FRACTIONAL
FLOW RESERVE BASED ON
INTRAVASCULAR ULTRASOUND

T.G. Papaioannou et al. developed an algo-
rithm that allows, on the basis of IVUS images with
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Puc. 1. [IprMep aBTOMATUYECKOTO BhI/IEJIEHHUS TPAHHUIIBI MEK/Y MEAMEH U aBeHTUINeH (CUHAA JIUHIS)
Ha n300paskeHUsAX, IOIy4YeHHbIX Ipu BCY3U [10]
Fig. 1. An example of automatic extraction of the media — adventitia border (blue line) in IVUS images [10]

B utosie 2019 1. J. Yang et al. omy6rnkoBasiu cra-
THIO, B KOTOPOH IpezicTaBIIIN HelpoceTh Dual Path
U-Net, BEINOJHAIOIIYIO Te Ke 33/1a4U, YTO U IIPeJIbl-
JIyIasi, TOJKe PEIAoIIyI0 MPo0JIeMY CI0KHOCTHU CeT-
MEHTAIINH Ha yJacTKax OnQypKaIuy 1 3HAUUTEITHHO
KaJIbIIUUIIIPOBAHHBIX atepoM [11]. Takke mpoBo-
JIJIOCh CPAaBHEHME Pe3yJIbTaTOB CEerMEHTAI[UU, BbI-
MTOJTHEHHOW HEHPOCEThI0 U YeJIOBEKOM (pHcC. 2).

B utosie 2020 r. M. Xia et al. mpe/icTaBuiu Hel-
pocetb MFAU-Net (multi-scale feature aggregated
U-Net), 00beIUHSIONIYI0 pPa3IuYHbIE BapHUAHTHI
HelpoceTel U JIEMOHCTPUPYIOIIYIO HAMJIYUIIIEe pe-
3y/bTaThl cermeHTanuu [12]. KiroueBast ocobeH-
HOCTh 3aKJIIOYAETCS B TOM, UTO JIaHHAsA HEHPOCETHh
MT03BOJISIET MTOJIYYUTD PE3YJIbTAT, Hanbosee OJTU3KUHI
K TOMY, KOTOPbII TaeT 4esoBek (puc. 3).

virtual histology, to assess the morphology of the
coronary bed lesion [13]. At the same time, in order
to determine the indications for stenting in stable
angina, in the absence of cardiac stress test data, an
assessment of the fractional flow reserve (FFR) is
required.

J.G. Lee et al. [14] used a neural network to as-
sess FFR in the intermediate coronary artery. In the
period from November 2009 to July 2015, 1657
stable and unstable angina patients were examined
(329 patients were subsequently excluded from the
study due to the multivessel lesions, presence of a
stent within the target vessel, left main coronary ar-
tery stenosis more than 30%, and others reasons).
Patients underwent coronary angiography and pre-
operative IVUS to assess FFR in at least one inter-
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Puc. 2. IIpuMep aBTOMaTHYECKOTO BbI/IeJIEHUs IIPOCBETA U MEAUU cocy/a (3KesTas MyHKTUPHAs JIMHUS — TPAHUIBL, 060-
3HAYEHHbIE YETHIPHMSI HE3aBUCHMbIMHY SKCIIEPTAMH; OUPIO30BBIi I[BET — IPOCBET COCYZA; KPACHBIN BET — Mezws) [11]
Fig. 2. An example of automatic extraction of the lumen and media (yellow dashed line is the border indicated by four
independent experts; turquoise color marks the vessel’s lumen; red color highlights the media) [11]

T.G. Papaioannou et al. pazpaboTayiz aropuTMm,
MIO3BOJIAIONINI HA OCHOBE U300pasKEeHUN, TOTyIeH-
HbIX Tpu BCY3U ¢ BUPTyayIbHOU THCTOJIOTHEH, OIfe-
HUTH MOPGOJIOTHIO TOPaXKeHU A KOPOHAPHOTO pyca
[13]. B TO 3xe BpeMsi 11 OTIIpe/iesIeHIsT TOKA3aHUH K
MPOBEJIEHUIO CTEHTUPOBAHUS MPH CTAaOUIJIBHOU CTe-
HOKAap/IUH, IIPH YCIOBUH OTCYTCTBUA TAHHBIX CTPeCC-
TeCTOB, TpebyeTcs OIeHKa (PPaKIIMOHHOTO pe3epBa
kpoBotoka (OPK).

J.G. Lee et al. ucmosb3oBayii HEHPOCETH MJIsk
onenku ®PK B nHTEpMeMaTIbLHON KOPOHAPHOH apTe-
puu. B mepuos ¢ HOAGPs 2009 T. 110 HIOJIb 2015 T. 00-
CJIeioBaIM 1657 MALEHTOB CO CTAOMIBHOM U HecTa-
OWIBLHON CTeHOKapauel (329 MarueHTOB BITOCIIE/-

mediate lesion (stenosis 40—80% according to angi-
ography). Next, the data were randomized and dis-
tributed into training and test sets at a ratio of 4 : 1
(1063 people : 265 people). The following indicators
were used: characteristics of plaque obtained dur-
ing IVUS; age; gender; diabetes mellitus; current
smoking; arterial hypertension; stable or unstable
angina; body surface area; FFR at maximal hyper-
emia; involved segment (proximal/mid/distal of
left anterior descending artery, proximal/distal of
right coronary artery, proximal/distal of left cir-
cumflex artery). When testing the neural network
all of the above data were provided with the excep-
tion of FFR respectively. The sensitivity of the
method was 87%, AUC was 0.92 [14]. In the future,
this group of researchers plans to continue their re-
search in this area and confirm their results in a
larger cohort.

Kanprudukanus, dubposHas
apTedaKT aKyCTHUECKOH TeHH GJrsIIIKa
Calcification, shadow artifact Fibrotic plaque

ToukocTeHHas DdubposHas 6isAIKa, Kamprudukamnms,
OJIsAIIKA 6oKOBast apTepus, apredakT KaTerepa
Soft plaque apredakT KaTerepa Calcification,

Fibrotic plaque, guidewire artifact
side vessel,

guidewire artifact

Puc. 3. [Ipumepbl cerMeHTannH, IpoBeieHHO ¢ momMoIpio MFAU-Net (3eyieHast yHKTHPHAS JIMHUS — BPYYHYIO
OuepUYeHHasl TPAHUIIA MEXK/TY IPOCBETOM U HHTHMOI; IyPIIyPHAs CIUIOIIHAS JINHUS — aBTOMATUYECKH OUepUYeHHast Ipa-
HUI[A MEXX/y IPOCBETOM M MHTUMOI; ToJIy0asi IMyHKTUPHAs JIMHUA — BPYYHYIO OUepUeHHas IPaHUIa MEXKIY Meuei
U a[[BEHTUIMEN; KPaCHAasl CIUIOIHAS JIMHKSI — aBTOMAaTHYECKH OYepUEHHAs TPAaHUIA MEXKIY MeUel 1 afiBeHTunuen) [12]
Fig. 3. Examples of segmentation with the MFAU-Net (green dashed line — manually delineated the lumen — intima
border; purple solid line — automatically delineated the lumen — intima border; blue dashed line — manually delineated
the media — adventitia border; red solid line — automatically delineated the media — adventitia border) [12]
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CcTBUU OBUTM WCKJIIOUEHBI W3 HCCJIEIOBAHUS H3-3a
MHOTOCOCYZIUCTOTO TIOPKEHHS, HAINYHSA CTEHTA
BHYTPH II€JIEBOTO COCYZIa, CTEHO3a CTBOJIA JIEBOM KO-
poHapHO# aprepun 6osiee 30 % W APYruX MPUYUH).
[TanmenTam ObLIa TIPOBEJIEHA WHBAa3WBHAS KOPOHA-
porpadus u npenoneparonHoe BCY3U a5 onieHKn
®PK 1o xpatiHeii Mepe B OZTHOM ITIPOMEKYTOYHOM II0-
paxeHHu (CTEHO3 IO JAHHBIM aHTHOrpaduu 40—
80 %). lanee ObIa MPOU3BE/IEHA PAHIOMUBALINA U
pacmpeziesieHre JAHHBIX HA IBE BHIOOPKU — 00ydaro-
IIYIO U TECTOBYIO B COOTHOIIIEHHH 4 : 1 (1063 UelL. : 265
veJ1.). Vcrmob30BaInCh CIIEIYIONINE TOKA3aTEeNH: Xa-
PAKTEPUCTUKU aTEPOMBI, ITOJIyYeHHbIE ITPHU MTPOBE/IE-
uuu BCY3U; Bo3pacT; 1oJi; HaJIn4uue caxapHoro Jina-
bera; KypHJ JIM MMAI[ieHT Ha MOMEHT ITPOBEIEHUS HC-
CJIeIOBAHUST; HATNYHE apTePUAIbHON THIIEPTEH3UH;
cTabwibHAsA WM HeCTaOWIbHAS CTEHOKAP/H; IUIO-
mab moBepxHoctu Tesa; ®PK mpu makcumaibHOU
TUIIEPEMUN; KAKOU CETMEHT apTePHH OpaskeH (IIpoK-
CUMAaJTHHBIN/ CpETHU / IUCTAJIHHBIHN JIEBOU TIEPETHEN
HUCXOMAIIEH apTepuu, MPOKCUMAIbHBIHN/IUCTATb-
HBI TPaBOM KOPOHAPHOU apTepPHH, IPOKCUMAJIb-
HBIW/TACTATBHBIN JIEBOY orubaroiel aprepun). [Ipu
MIPOBEIEHUH TECTUPOBAHUS HEHPOCETH IIPETOCTABIISI-
JIKICh BCE BBIIIENIEPEUHCIEHHbIE JIAHHBIE 3 UCKJTFOUE-
uueM ®PK coorBercTBeHHO. UyBCTBUTEIBHOCTh Me-
Toza cocraBuia 87 %, AUC — 0.92 [14]. B 6yayiem
3Ta rpyIIa uccaeaoBaresiel IaHupyeT MPOIOJIKUTh
CBOM HCC/IEIOBAHUSA B JIAHHOU OOJIACTH U TIOJITBEP-
JIUTH CBOU Pe3yJ/IbTAThI HA OOJIBIIIEN KOTOPTE.

3AK/IIOYEHUE

B HacToOsIIIEE BpEMSA IPUMEHEHNe HeHpoceTel B
OIIeHKE Pe3yJITATOB BHYTPHCOCY/IUCTHIX YJIBTPA3BY-
KOBBIX HCCJIEZIOBAHUN SIBJISIETCS AaKTUBHO Pa3BUBAIO-
IIUMCs HAINpaBJIEHHUEM, OJIHAKO €r0 KJIMHUYECKas
Jl0KazaTesibHasg 0a3a KpaliHe Masa. [lOCTHIKeHHe
IIpU UCIOJIb30BAaHUN HeUpoceTel COMOCTaBUMOU ¢
YeJIOBEKOM TOYHOCTU OII€HKU MOXKET IPUBECTU K
YMEHBIIIEHUIO IIPO/IOJIKUTEILHOCTH IPOBEEHUSA

CIIMCOK JIUTEPATYPbI

1. Prajapati B.B., Parikh S.M., Pafel J.M. Effective health-
care services by IoT-based model of voluntary doc-
tors // Data Science and Big Data Analytics. Lecture
Notes on Data Engineering and Communications
Technologies / D. Mishra, X.S. Yang, A. Unal (eds).
Springer, Singapore, 2019. Vol. 16.

2. fxontoB JI.A. JlokazaTesibHasA MeIUIIMHA B BOIIpOCAX U
otBerax. HoBocubupck, 2012. 326 c.

3. Benjamens S., Dhunnoo P., Mesko6 B. The state of ar-
tificial intelligence-based FDA-approved medical de-
vices and algorithms: an online database // npj Digit.
Med. 2020. Vol. 3 (1): 118. doi: 10.1038/s41746-020-
00324-0.

CONCLUSION

Currently, the use of neural networks in assess-
ing the results of intravascular ultrasound is an ac-
tively developing area, but its clinical evidence base
is extremely small. Achievement of a human-like as-
sessment accuracy using neural networks can im-
prove the timing of percutaneous intervention. In
addition, algorithms for the automatic detection of
vulnerable plaque and prediction of the fractional
flow reserve in the future can be combined, which
unifies the use of intravascular ultrasound for vari-
ous clinical situations. However, it should be under-
stood that the use of artificial intelligence makes it
possible to reveal various aspects of the pathological
process, but does not negate the practice of making
decisions about the effectiveness and safety of medi-
cal technologies based on the principles and meth-
ods of evidence-based medicine.
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YpPECKOXKHOTO BMeIaTesbctBa. Kpome atoro, aniro-
PUTMBI aBTOMAaTHYECKOTO OIIpeZieIeHUs HECTAOUITb-
HOCTH GJIAIIKY ¥ IPOTHO3UPOBAHUA (GPAKIIHOHHOTO
pes3epBa KpOBOTOKA B Oy/Iy1ieM MOTYT ObITh 00beIH-
HEHBI, YTO YHUDUIIUPYET UCIIOIb30BAHNIE BHYTPUCO-
CYAUCTOTO YJIBTPA3BYKOBOTO HCCJIEAOBAHUSA IS
Pa3JIMYHBIX KJIMHUYECKUX cUTyaruid. OgHaKO ciie-
JIyeT IIOHUMAaTh, YTO UCIIOJIb30BAHNE UCKYCCTBEHHO-
T'0 UHTeJUIEKTA II03BOJIAET JIeTaTN3UPOBATh Pa3Iny-
HbI€ ACIIEKTHI [TATOJIOTHYECKOTO IIPoIiecca, HO He OT-
MeHsIET TIPAKTUKU TMPUHATHA pelreHuid 06 adpdek-
TUBHOCTU U 6€3011aCHOCTH MEIUIMHCKUX TEXHOJIO-
U, OCHOBAaHHOU Ha IIPUHIIUIAX U METO/IaxX JIoKa3a-
TEJIbHOUA MEUIINHBI.

KoHdIuKT HHTEpEeCcOB. ABTOPHI 3a5IBJISIIOT 00
OTCYTCTBUU KOH(IINKTA HHTEPECOB.
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«HoBOCHOMPCKUH TOCY/ITApCTBEHHBIA MeIUITUHCKUI
yHuBepcuTeT» Munszapasa Poccun.

KoBasiés EBreHuii AJIeKCaHAPOBUY — CTYIEHT
VI kypca ®TBOY BO «HoBoCcHOUPCKUE TOCYyJTapCTBEH-
HBIA MEeJUIMHCKUN yHUBepcureT» MwuHszapasa Poc-
CHUH.
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