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PE3IOME

Axkmyansnocms. VickycctBennbii unteiekt (M) 3anumaer Bce Oosiee 3HAUMMOE MECTO B
coBpeMeHHOM MmenuuuHe. Hapacratomee uyMcino pa3pabOTaHHBIX W 3aperMCTPUPOBAHHBIX
IporpaMM, BHEIPEHHBIX CHCTEM MOAJEPKKU NPUHATHS KIMHUYECKUX PEIIeHUH M Hay4HBIX
WCCIIEJOBAHUN  CBUJACTEIBCTBYIOT O KaueCTBEHHOM mepexone TexHonormt WM wu3
AKCIEPUMEHTAIbHONU (a3bl B a3y NpaKTHUUECKOro NpuMeHeHus. BmecTte ¢ TeM OTCyTCTBYeT
elMHas TepMUHOJIOTHYecKas 0a3a, cucTeMaru3upoBaHHas kinaccuduxanus nporpamm UU.

Ileny: cuctemMaTu3upoBaTh TEPMUHOJOTMUECKUN ammapar, KiacCU(UKAlMM U CpPaBHUTH
apxutektypsl M, BBeCTM M 000CHOBaTh psij HOBBIX MOHATHHA, HEOOXOAUMBIX JUIS ONMHCAHUS
COBPEMEHHBIX apXUTEKTyp nporpamm 1UU.

Mamepuan u memoowt. IlpoBeneH cUCTEMATUYECKUN TOUCK JIUTEpaTypbl B 0a3zax JaHHBIX
PubMed/MEDLINE, Scopus, Web of Science u nHopmaruBHbIx 6a3ax nanueix (FDA, EMA).

Kpurepun BKIIIOUEHUS: pelieH3upyeMble TyOIUKallui 1 HOPMaTUBHbIE PYKOBOJSIINE TOKYMEHTHI

MbI NpefocTaBnAeM AaHHyO aBTOPCKYHO BEPCUIO AnA obecneyeHns paHHero 4octyna K ctatbe. 3T1a
pykonucb 6bl1a NpuHATA K Ny6MKaummn 1 NpoLuia NpoL,ecc peLeH3npoBaHma, HO He NpoLuU/ia NpoLuecc
penakTMpoBaHUA, BEPCTKU, MPUCBOEHMS NOPAAKOBOM HYMepaLMn U KOPPEKTYPbI, UTO MOXKET NPUBECTU K
pas3nnunaM Mexxay AaHHO Bepcuen 1 okoHYaTeNbHOM 0TpeakTMpoBaHHOM Bepcuen ctaTbi.

We are providing this an author-produced version to give early visibility of the article. This manuscript has
been accepted for publication and undergone full peer review but has not been through the copyediting,
typesetting, pagination and proofreading process, which may lead to differences between this version and
the final typeset and edited version of the article.
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Ha AHTJIMHCKOM M pycckoM si3bikax (1950-2025 rr.). it cucremaru3anuu W Kiaccuukanuu
TEPMHUHOJIOTMH HCIIOJIb30BAJICSI KOHTEHT-aHANW3, a I aJanTalud OOIICHPHHSITHIX Ha
MEXIyHAPOIHOM YPOBHE TEPMHUHOB K PYCCKOMY SI3BIKY TPUMEHSJICS KOHCEHCYC IKCIIEPTOB.
Pezynomamut. 1lposenen ananu3 pa3sutusi UM B KIMHUYECKON MEIUIIMHE U 3IpaBOOXPAHEHUU
OT DJKCHepTHhIX cucreM 1970-X TIT. 1O COBPEMEHHBIX OOJNBIINX SA3BIKOBBIX MOAENCH U
MYJIBTUMOJIATBHBIX cHucTeM. CHCTeMaTH3UPOBAaHBI THUIIBI APXUTEKTYp HEUPOHHBIX CETEH:
CBEpTOUHBbIC HEWpoHHBIE ceTH (aHrl. convolutional neural network, CNN), Bu3yaibHbBIE
Tpanchopmepsl  (aHri. vision transformer, ViT), tuOpumgnsie apxurekrypsl CNN+VIT,
peKkyppeHTHbIe ceTH (aHri. recurrent neural network / long short-term memory, RNN/LSTM) u
Oonbime sa3pIk0BbIe Mofenu (anri. large language model, LLM) Ha apxuTtekType Tpanchopmepa
(amrn. bidirectional encoder representations from transformer, BERT; generative pre-trained
transformer, GPT). [IpennoxxeHa nonHas kinaccupuKanus COBpEMEHHBIX apXUTEKTYP HEUPOHHBIX
ceteil u cucreM MM 1o MoOalbHOCTH, KOJIMYECTBY MOJENEH M MECTy pPa3BEPTHIBAHHS C
MPAKTHYSCKAUMH PEKOMEHIAIUSAMH 10 BBIOOpPY Merona. CucTeMaTu3upoBaHbl, adalTUPOBAHBI U
MPEUIOKEHB K CTaHIapTU3UPOBAHHOMY HCIIOJIB30BAHUIO B PYCCKOSI3BIYHOM METUITUHCKON
TEPMUHOJIOTUHM TIOHITUA «UH(EPEHC», «OAHOMOENbHAs/MyIbTUMOETbHAs cuctemMa Wy,
«TporpamMma KOMITbIOTEPHOTO 3PEHUS».

3aknrouenue. dopMHpOBaHWE  €IWHOTO  TCPMHUHOJOTHYECKOTO  MPOCTPAHCTBA U
CTaHJIAPTU3UPOBAHHBIX TOJXOJOB K KIACCH(PUKAIMU W Banmumanuu nporpamm MU seisercs

HeO6XO,I[I/IMBIM YCJIOBUEM HX 0e301macHoOro 1 3(1)(1)6KTI/IBHOFO KIIMHUYCCKOI'O IIPUMCHCHHA.

KJIFOYEBBIE CJIOBA
UCKYCCTBEHHBI  MHTEUIEKT,  HEHpOHHBIE  CeTH,  KiIaccupukanusi, TpaHCHOpPMEDHI,

MYJIBTUMOACIIbHBIC CUCTCMBI, MYJIbTUMOAAJIbHBIC CUCTEMBI, 06pa60TI<a CCTCCTBCHHOTI'O A3bIKa

JI1s HHTHPOBAHUA

Kopab6enpnukos JI.11., Jlamotkun A.M. Cnioco0 pacuera (puHAHCOBBIX 3aTpaT Ha JUATHOCTHKY C
IPUMEHEHHEM MOJIeJIel HCKYCCTBEHHOTO MHTEIJIEKTa ciydas 3a00JIeBaHUs U OLIEHKU €€ MEIHUKO-
HKOHOMUYECKON 3PPEeKTUBHOCTH Ha ypoBHE peruoHa. PAPMAKOSKOHOMUKA. Cospemennas
¢ apmarxoskoHomuxa u Gapmaxosnudemuonoausi. 2026; [mpuHsATast PYKOITHUCB|.
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Artificial intelligence in healthcare: historical development, terminology,
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ABSTRACT

Background. Attificial intelligence (AI) plays a central role in contemporary medicine. The
rapid increase in the number of developed approved software products, the deployment of
clinical decision support systems, and the growing body of published research indicate that Al
technologies are transitioning from the experimental stage to routine clinical use. However, the
field still lacks unified terminology and a systematic classification of Al-based medical software.
Objective: To develop a coherent terminology and classification framework for Al in medicine;
to compare major Al architectures; and to define several new concepts needed to describe
contemporary Al software architectures.

Material and methods. A systematic search of PubMed/MEDLINE, Scopus, Web of Science,
and regulatory databases (FDA, EMA) was conducted. Eligible sources included peer-reviewed
publications and regulatory guidance documents in English and Russian (1950-2025).
Terminology systematization and classification were performed using content analysis, and
internationally established terms were adapted to Russian-language usage through expert
consensus.

Results. The article examines the development of Al in clinical medicine and healthcare, tracing
its progression from the expert systems of the 1970s to contemporary large language models and
multimodal systems. It systematizes the major neural network architectures used in medical Al,
including convolutional neural networks (CNN), vision transformers (ViT), hybrid CNN+ViT
architectures, recurrent neural network (RNN) models, long short-term memory (LSTM)
networks, and transformer-based large language model (LLM) (such as bidirectional encoder
representations from transformer, BERT), and generative pre-trained transformer (GPT). This
analysis provides a comprehensive classification of modern neural network architectures and Al
systems according to modality, number of models, and deployment setting, and formulates

practical recommendations to support method selection. In addition, the study systematizes and
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adapts the concepts of “inference”, “single-model/multi-model AI”, “computer vision program”,
and recommends their standardized use in Russian-language medical terminology.

Conclusion. The development of a unified terminology and standardized approaches to the
classification and validation of Al programs is essential for their safe and effective clinical

application.

KEYWORDS

artificial intelligence, neural network, classification, transformer, multi-model system,

multimodal system, natural language processing
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OcHOBHBIE MOMEHTBI

Highlights

Yro yxe u3BecTHO 00 3TOM Teme?

What is already known about the subject?

HUckyccrennsiit uatemnexT (M) akTuBHO BHempsieTCs
B KIIMHUYECKYIO MEIUIIUHY, PaCTET YUCIIO
3aperuCcTPUPOBAHHBIX IPOTPAMM, CUCTEM IMOIIEPIKKH
TIPUHATHUS BPa4eOHBIX pEIeHUH 1 MyOIuKanuii o

TEMC

Artificial intelligence (Al) is being actively
implemented in clinical medicine, and the number
of registered software products, medical decision

support systems, and publications continues to grow

IIporpaMMbl KOMIIBFOTEPHOTO 3pEHUSI HA OCHOBE
HEHPOHHBIX CETEH YK€ JOCTUTar0T TOYHOCTH,
COIIOCTaBUMOM MJIM IPEBOCXOASIIEH yPOBEHb Bpaueii-
CHEIUAINCTOB IIPH aHAJIN3€ MEAUIIMHCKHAX

n300pakeHu i

Computer vision programs based on neural
networks already achieve accuracy comparable to
or exceeding that of specialist physicians in the

analysis of medical images

CymectByiot pasnsle apxutektypsl U1 (CNN,
Tpancpopmepsl, LLM), oqHako OTCYTCTBYET eqUHas
TEpPMHUHOJIOTHYECKas 0a3a v CHCTeMaTU3UPOBaHHAS

KJaccuuKanus nporpamMmm

Multiple Al architectures exist (CNN, transformers,
LLM); however, a unified terminology base and

systematic classification of Al programs are lacking

YT0 HOBOIO 1a€T CTAThA?

What are the new findings?
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CucremMaTH3UpOBaHbI, aJAITHPOBAHBI U MTPEI0KESHBI
K CTaHJaPTH3UPOBAHHOMY HCIIOJIE30BAaHHUIO B
PYCCKOSI3bIYHON MEAUIIMHCKON TEPMUHOIOIMHI
MOHATHUSA: «HH(DEpeHCy,

«OITHOMOJIETbHAS/ MYIbTUMOIeTbHAs cucTema Uy,
«TporpaMMa KOMIBIOTEPHOTO 3PEHUS, a TAKKE YETKO
pasrpaHuyYeHbl TEPMUHBI «IIporpamma My,
«mpuinoxenune UN», «cucrema NN» u «cucrema

MOAACPIKKHU IMTPUHATHUA Bpan6HLIX pemeHHﬁ))

99 C¢

The concepts of “inference”, “single-model/multi-
model Al system” and “computer vision program”
have been systematized, adapted, and proposed for
standardized use in Russian-language medical
terminology. The terms “Al program”, “Al

33

application”, “Al system”, and " “medical decision
support system” have also been clearly

distinguished

[Ipennoxena momHast KiaccupUKanys COBPEeMEHHbBIX
apxutekTyp HelpoHHbIX ceteit (CNN, ViT, rubpuansie
CNN+ViT, RNN/LSTM, LLM) u cuctem U mo
MOJIAJIbHOCTH, KOJIMYECTBY MOAECIIEH U MECTY
Ppa3BEepPTHIBAHUS C MPAKTUYECKUMHU PEKOMEHAALUAMU

0 BEIOOPY MeTo/Ia

A comprehensive classification of modern neural
network architectures (CNN, ViT, hybrid
CNN+VIiT, RNN/LSTM, LLM) and Al systems by
modality, number of models, and deployment
location is proposed, together with practical

recommendations for method selection

Kak 3T0 MokeT mOBJIHATH Ha KIIMHUY1€CKYI0

NPAKTUKY B 0003puMoM Oynyiiem?

How might it impact the clinical practice in the

foreseeable future?

[IpuBenen yHu(UITMPOBAaHHBIN TEPMUHOIOTUIESCKUI
anmapart, KOTOPbIi TO3BOIUT BpayaM-KIMHULMCTaM,
pa3paboTyuKaM MPOrpaMMHOTO 00ECTICUSHUS 1
perynaTopaM roBOPUTh HA OTHOM SI3BIKE IPH

00cyXIeHnn MEeIUITMHCKUX cuctem M

A unified terminology framework is presented that
will enable clinicians, software developers, and
regulators to use consistent language when

discussing medical Al systems

Bpauu nonyyar cucTeMaTu3upOBAHHOE TIOHUMAaHUE
ocHOB apxutektyp U1 u kputepueB ux NpUMEHEHUS
0]l KOHKPETHbIE KITMHNYECKHE 3a]a4H (aHAIIN3
n300pakeHnH, TEKCTa, BPEMEHHBIX PS/IOB,
MYJIBTUMOJANIBHBIX TaHHBIX ), YTO MOBBICUT JIOBEPUE K

CHUCTEMaM U Ka4€CTBO KIIMHUYCCKUX peIHeHI/Iﬁ

Physicians will gain a structured understanding of
the fundamentals of Al architectures and the criteria
for applying them to specific clinical tasks (image,
text, time series, and multimodal data analysis),
which will increase trust in Al systems and improve

the quality of clinical decision-making

BBEJAEHUE / INTRODUCTION

UckyccrBennsiit untemekt (UMW) — omHo u3 Hamboliee AWHAMHYHO Pa3BUBAIOIIUXCS

HaIlpaBJIEHUI  COBPEMEHHBIX

TEXHOJIOTHH,

KOTOpO€ BCE€ AKTUBHEE HMHTErPUPYETCS

KIMHUYECKYI0 MeIUUUHY U 3ApaBooxpaHeHue [1, 2]. 3a mocnenHue aBa AECATHIETUS YUCIO

Hy@]’[HKaHHﬁ, NMOCBAIICHHBIX TPUMCHCHUIO N B MCIUIIMHEC, BO3POCIO C CAUHHUYHBIX pa60T A0

HECKOJIbKUX ThICSY B T [3].




[Tporpammer kommbroTepHoro 3penus (I1K3) nHa ocnoe moneneit MU 3anumaroT ocoboe
MECTO B 3TOM TIIpOILIecCe: OHU CIIOCOOHBI AHATU3UPOBATh MEIUIIMHCKHE HW300paKeHHUsS C
TOYHOCTbHIO, COMIOCTAaBUMOM WJIM NPEBBIIIAIOLIEH YpOBEHb Bpaueli-crienuaiuctoB [4, 5]. Hapsany
¢ [IK3 akTuBHO pa3BHBaIOTCS CUCTEMbl 00Pa0OTKH €CTECTBEHHOTO s3bIKa (aHII. natural language
processing, NLP) s aHanu3a MEIUIMHCKOW JOKYMEHTAallUH, a TaKXe MYJIbTHUMOJAJIbHbIE
CHCTEMBI, MHTETPUPYIOIIIE HECKOIBKO THIIOB BXOAHBIX JaHHBIX [6]. BMecTe ¢ TeM oTCcyTCTBYET
elMHas TepMUHOJIOTHYecKas 0a3a, cucTeMaTH3upoBaHHas Kiaccudukarys nporpamm UH.

IJeny — cucteMaTu3MpOBaTh TEPMUHOJIOTHMUECKUHN anmnapar, KiacCu(pUKalul U CpaBHUTH
apxurektypel M, BBeCTM M 000CHOBaTh psiJ HOBBIX MOHATHH, HEOOXOOUMBIX JUIsl ONMCAHUSA

COBPEMEHHBIX apXUTEKTyp nporpamm M.

MATEPHUAJI U METO/Ibl / MATERIAL AND METHODS
Hcrounuku u crparerus noucka / Sources and search strategy

[Tonck ucTOUHUKOB ocymiecTBisuics B 6a3ax ganabplx PubMed/MEDLINE, Scopus, Web
of Science, Cochrane Library, eLibrary, a Tak’ke B HOpMaTUBHBIX JOKyMEHTaX M PYKOBOJICTBAaxX
PETYIATOPHBIX OPraHoB — VYIPaBICHHUS [0 KOHTPOJK KayecTBa IUILEBBIX MPOJYKTOB MU
nexapctBeHHbIX cpenacTB CLIA (anmi. U.S. Food and Drug Administration, FDA), EBpomnetickoro
areHTCTBa IO JIEKapCTBEHHBIM cpenctBaMm (aHmi. European Medicines Agency, EMA),
DenepalibHOH CITy>KOBI TI0 HAI30py B cdepe 3apaBooxpanenus (Poc3apaBHanzop).

KiroueBsie cnoBa: “artificial intelligence”, “machine learning”, “deep learning”, “neural
network”, “medical imaging”, “clinical decision support”, “computer vision”, “large language
model”, «MCKyCCTBEHHBIN WHTEIIEKTY, «MAIIMHHOE O0YUYEHHE), «MEIUIIIHAY.

Bpemennoii auamazon moucka: 1950-2025 rr. (s UCTOPUYECKUX HMCTOUYHUKOB — 0O€3
OTpaHMYEHUN MO Jjare, JI1 aHajlu3a COBPEMEHHBIX AapXUTEKTYp W TEPMHHOJIOTUH —

npeumytiectBeHHo 2012-2025 rr.).

OT160p ucrounnkos / Selection of sources
ITpu 0T6OpE NCTOUHUKOB PYKOBOACTBOBAIUCH CIETYIOIIUMH KPUTEPUAMH BKIIOUCHUS:
— MOJIHOTEKCTOBBIE MMyOIMKAIIMK Ha PYCCKOM U aHIIMMCKOM SI3bIKaXx;
— HOPMAaTUBHBIE TOKYMEHTHI U PYKOBOJICTBA PETYISTOPHBIX OPTraHOB;
— peleH3upyeMble OpUTrHHAIBHBIE CTaThU, CUCTEMaTHYeCKUe 0030phl U METaaHAU3bI.
Kpurepun nckiroueHus:
— Te3UChl KOH(epeH1uit 0e3 MOTHOTO TEeKCTa;
— MCTOYHUKH C HECOOTBETCTBYIOIIEH TEMATHUKOW;

— AyOnupyromye myOIuKaiiy.



Cxema oTOOpa HCTOYHUKOB TIPE/ICTABIICHA HA pUCYHKe 1.

PRISMA

3anucu, HaliieHHble B 6a3ax AaHHbIX:
PubMed/MEDLINE, Scopus, Web of Science,
Cochrane Library, eLibrary

n=2774
v

Mocne yaanesus ay6nukaTos
n=2668

yaaneHo aybnukaros: n = 106

v

CKpVIHVIHI' Mo Ha3BaHUIO U aHHOTaUun WcknioyveHo: n = 2 558
n=2668 > HepenesaHTHasi TeMaruka
UcKio4eHo: n = 2 558 (HepenesaHTHas Tematika) WnK A3bIK NyGAMKaLMM

v

2
OueHKa NoNHOro TeKCTa Ha COOTBETCTBME KPUTEPUAM WUcknioueHo: n = 61
n=110 || He CoOTBETCTBYET TEMe: n = 32
: HET nosiHoro TekcTa: n =17
L vekniokero: n = 61 )| BybnupoBaHve faHHbix: n = 12

v

NcToYHMKYM, COOTBETCTBYIOLME KPUTEPUSM BKITHOYEHUA
n=49
BCE 49 UCTOYHWKOB NPOLLY (PUHASbHYIO OLIEHKY

UCKIIO4EHO Ha aTane cooTBeTcTBus: n =0
AONONHUTE/IbHOE UCKN0YEeHUE He ﬂOTpGﬁOBaHOCb

WCTOYHMKM, BKNIOYEHHDbIE B KAYECTBEHHbIN CUHTE3

n=49

WcTopuyeckuit aHanu3 pa3BuTHa UCKYCCTBEHHOrO MHTenneTa (1950-2012)
ApxuTexTypbl HeilpoHHbix ceteit (CNN, VIT, LLM, RNN)
TepmuHoNorus v KnaccudmKauus cMCTEM UCKYCCTBEHHOTO MHTENNeKTa
Knuxnyeckue NpUMEHEHUS UCKYCCTBEHHOTO UHTENNEKTa B MeAULMHe
Knaccuyeckue METO/bI MALWMHHOTO 06yYeHus

[ BKJIIOMEHO } COOTBETCTBUE [ CKPUHWUHI J [VIHEHTVIQMKALMSI}

Pucynok 1. Cxema cucreMarnyeckoro oTOOpa HCTOYHHMKOB JIUTEPATypbl 1O METOIOJOTHU
PRISMA (anrn. Preferred Reporting Items for Systematic Reviews and Meta-Analyses)
Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow

diagram for the systematic selection of literature sources

Mertogonornyeckuii moaxoa K KiaaccHPUKANMM M TEPMHMHOJOTHYECKOH aganTtanuu /
Methodological approach to classification and terminological adaptation
CI/ICTeMaTI/ISaIII/Iﬂ TEPMUHOJIOTHH BBINIOJIHAIACh METOAOM KOHTCHT-aHaIn3a PCJICBAHTHBIX

nyOnuKanuidi, HOPMAaTHBHBIX  JTOKyMeHTOB  (pykoBoactBa FDA, EMA, crangapTsl



MexayHapoaHoi opraHu3anmuu 1o craHmapTusanuu (aHri. International Organization for
Standardization, ISO) u MexayHapoaHOH 3NMEKTPOTEXHUYECKOW KoMUccuer (aHmi. International
Electrotechnical Commission, [EC) u cymecTByOmUX KIaCCHPUKAIMN C MOCIeIyIoIen
aJianTanueld TePMHHOB JUTSL PYCCKOSI3bIYHOTO MEMIIMHCKOTO KOHTEKCTA.

Knaccudpukamus cucrem WU paspaborana Ha OCHOBE aHaJM3a MEXIYHAPOIHBIX
TEPMUHOJIOTHA ¥ JOCTHKCHHSI IKCIIEPTHOTO KOHCEHCYCa aBTOPCKOTO KOJUICKTUBA. TepMHHBI
«HH(EPEHC», «OIHOMOACTbHAS/MYIBTUMOIENbHAS cucTtemMa WMHW» MHPOKO HCIONB3YIOTCS B
MEXIYHApOIHOW JIMTEPaType W HOPMATHBHBIX JOKYMEHTaxX; B HAcTOsIIed pabdoTe OHU
CHCTEMaTU3UPOBaHBI, IEPEBEACHBI U MPEUIOKEHBI K CTaHIaPTU3UPOBAHHOMY HCIIOJIB30BAHUIO B

PYCCKOSI3bIYHON MEMLIMHCKON TEPMUHOJIOTUU.

PE3VJIBTATBI U OBCYXXAEHUE / RESULTS AND DISCUSSION

HUcrtopus pazsutus UU B 3npaBooxpanennu / History of Al development in health care
Xpononorus pa3zsutus M1 B 31paBooxpaHeHUN OXBaThIBae€T 00OJIEE CEMH JIECITHICTUM —

OT TEOPETUYECKUX KOHIICTIINI cepeluHbl XX BeKa /10 COBPEMEHHBIX MYJIbTUMOJIATIbHBIX CUCTEM,

MPUMEHSEMBIX B KIMHUYECKOU MpakTuke (Tadj. 1, puc. 1). Kaxmoe u3 KIIrOUeBbIX COOBITHI HE

TOJIBKO MapKUpPyeT TEXHOJOTHUECKUN IPOPBIB, HO U 33/1a€T HOBBIII BEKTOpP COBEPILICHCTBOBAHUS

BCEH OTpACIIH.

Tabmuua 1. KiroueBbie cOOBITHS B UCTOPHH Pa3BUTHS UCKyccTBeHHOro uHTesiekra (M) B
3/IpaBOOXPaHEHUH

Table 1. Key milestones in the history of artificial intelligence (AI) in healthcare

Ton / Year CooOsrTre / Event 3HaunmocTs / Significance
[NepBas onepanroHagbHAass KOHIETIIHS MAIIHHHOTO
Tect Tertopunra (A. Tetopunr) / Turing test | unTemiekra, punocodekuit pynnament MU / First
1930 (A. Turing) operational concept of machine intelligence; philosophical
foundation of Al
ITosiBneHue TepMUHA «UCKYCCTBEHHBII
uHTemek™ (Ix. Makkaptu, Haptmytckuii | Odunmansnoe npusHanue MU xak camocrostensHON
1956 cemuHap) / Introduction of the term HayyHOU nuctmiuinHbl / Formal recognition of Al as an
“artificial intelligence” (J. McCarthy, independent scientific discipline
Dartmouth Seminar)
IlepBas sxcnepTHAs cCUCTEMa IUArHOCTUKY HH()EKLUI
1970 MYCIN (Crandopackuii yausepcureT) / (Trounocth ~69%), mpooodpa3 CIIIIBP / First expert system

MYCIN (Stanford University) for infectious disease diagnosis (accuracy ~69%); precursor

to CDSS




ITepBas cucrema Ha HEUETKOM JIOTUKE JJIA

nuddepeHInaabHON THarHOCTUKH, MPoodpa3

1980 CADIAG-2 BeposiTHOCTHBRIX Mozeneit UM / Early example of
probabilistic Al approaches for differential diagnosis; first
fuzzy-logic-based diagnostic system
OTKpBITHE BO3MOKHOCTH M3BJICUECHHS KIMHHYECKUX 3HAHUI

1990 IBM Watson, NLP 8 DMK / IBM Watson; 13 HeCTPYKTypupoBaHHbIX TekcToB DMK / Early use of NLP

NLP applied to EMRs for extracting clinical information from unstructured EMR
text
[epexon oT 1a6OPaTOPHBIX TPOTOTUIIOB K MPOMBIIIJICHHBIM
Wnterpanua U1 B MenuuHCKOE o
_ _ MEIUIUHCKUM u3aenusm ¢ ainementamu MU / Transition from
2000-2009 obopynosanue /Integration of Al into ) )
. ) laboratory prototypes to commercial medical products
medical devices ) .
incorporating Al components
[IpopsIB B pacmo3HaBaHuH N300paskeHUH, HAYaI0 dPBI
AlexNet, peBoOIHS ITyOOKOT0 00y4YeHUs
) ) rTy0oKoro 00y4YeHus B MEAUIIMHCKON BU3yalTu3aIiuu /
20102012 (CNN) / AlexNet; deep learning revolution o o o
(CNN) Breakthrough in image recognition; beginning of the deep
learning era in medical imaging
Ilepsast aproHOMHass UM-muaraoctika 0e3 yqacTus Bpada
(ayBcTBUTENBHOCTD 87%), cneunpuunocts 90%),
FDA-ono6penue IDx-DR / FDA approval _ _ .
2018 ropuanueckuit npeneneHt / First autonomous Al diagnostic
of IDx-DR ) o o
system without physician involvement (sensitivity 87%,
specificity 90%); regulatory precedent

2022 o . ITepas aBroHOMHas cuctemMa MM B Epone / First

CE Mark (Oxipit ChestLink) .
autonomous Al system approved in Europe
Wuterpanus Tekcta, H300paKeHUH 1 KITMHNYECKHUX JTAHHBIX,
pe3ynbrar ypoBHs 3kcriepra Ha USMLE / Integration of text,

2020-2025 LLM: Med-PaLM 2, GPT-4V Med

images, and clinical data; expert-level performance on the

USMLE

IIpumeyanue. MYCIN (anm1. Mycological Consultant for Infectious Diseases) — Mukonornueckuit
KOHCYNBTaHT 1o MH(pekunonHsM 3a0oneBanusiv; CADIAG-2 (anrt. Computer-Assisted DIAGnosis) —
JUarHOCTHKa ¢ MOMOILIbI0 KoMIbloTepa; IBM Watson — mutatdopma MU, paspaborannas komnanueit IBM
(CIOA); NLP (anrn. natural language processing) — cuctema 00pabOTKH €CTECTBEHHOTO s3bIka; DMK —
SNEKTpOHHAs MeAMUMHCKas kKaprta; AlexNet — apxurektypa CNN, mpeanokeHHas KaHAJICKUM
uccnenopatenem AnekceeM Kpmxesckum B 2012 r; CNN (anni convolutional neural network) —
cBeprouHas HewponHas ceTh;, FDA (anmi. Food and Drug Administration) — YipaBjieHHe 10 KOHTPOJIIO
KadeCcTBa MUIIEBLIX MPOAYKTOB U JekapcTBeHHBIX cpeAcTB CIIA; IDx-DR — aBroHoMHas cucrema ¢ WU,
NpeJHa3HAuYeHHas] Ul JIMarHOCTUKU JMAa0CTUYECKOW PETHHOINATHU U JTUa0eTUYeCKOTO MaKyJISIpHOTO

oreka B peabHoM Bpemenu; CE Mark — mapkuporka CE (¢p. Conformité Européenne — «eBporetickoe
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cootBeTcTBHEY); Oxipit ChestLink — aBroHOMHOe npuiokeHue Ha ocHoBe MU s MegummHCKON
BU3yalln3aluy, paspaboranHoe kommanued Oxipit (Jlutea); LLM (ammi. large language model) —
OompImas s3bIKOBast Mozenb, Med-PaLM 2 — He#poceTeBoil IMOMONTHUK I Bpadei, pa3paboTaHHBIMA
kommanuet Google (CILIA); GPT-4V Med — mynsrumonanbHas mozens MU, pazpaboranHas HaydHO-
uccaenoBatennbckoit  opramm3areit OpenAl (CIHIA); CIIHIBP — cucrema mMOmOEpKKH TPUHSATHS
BpaueOHbIx pemennit; USMLE (anmn. United States Medical Licensing Examination) — TpexaTamHbIi
MEIUIMHCKAN dK3aMeH JUTSI TTOydeHus MequIrHCKon nnen3nn B CLIHA

Note. MYCIN — Mycological Consultant for Infectious Diseases; CADIAG-2 — Computer-Assisted
DIAGnosis; IBM Watson — an Al platform developed by IBM (USA); NLP — natural language
processing; EMR — electronic medical record; AlexNet — a convolutional neural network architecture
proposed by Canadian researcher Alexey Krizhevsky in 2012; CNN — convolutional neural network; FDA
— Food and Drug Administration; IDx-DR — an autonomous Al-powered system designed for real-time
diagnosis of diabetic retinopathy and diabetic macular edema; CE Mark (Conformité Européenne) —
European conformity; Oxipit ChestLink — an autonomous Al-based application for medical imaging
developed by Oxipit (Lithuania); LLM — large language model; Med-PalLM 2 — a neural network assistant
for doctors developed by Google (USA); GPT-4V Med — a multimodal Al model developed by the
research organization OpenAl (USA); CDSS — clinical decision support system; USMLE — United States

Medical Licensing Examination
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XpOHO.ﬂOFMH pPa3BUTUA UCKYCCTBEHHOIO MHTENJIEKTA B 34PaBOOXpPaHEHNN

TecT-TblopuHra
(A. TuringI; | MYCIN
(CraHepopa)
O
1950 1956 1970
[NosiBneHne
TepmuHa A
IBM Watson
NLP B EMR
O
1980 1990
CADIAG-2
(Bena)
@)
2000 CE Mark
Oxipit
2010 2018 |
®
: : 2020
i LLM: Med-PaLM2
Alexiet ; ‘ GPT-4V Med |
Deep Learning i i
FDA: IDx-DR S
(aBT. anarHocTmka) 202x

Pucynok 2. XpoHonorus pa3BUTUSI UCKyCCTBEHHOTO MHTEJUIEKTa B 3/paBooxpaHeHuu (1950—
2025).

MYCIN (anm1. Mycological Consultant for Infectious Diseases) — MUKOJIOTMYECKHH KOHCYJIBTAHT IO
nHpexnoHHbIM 3a0oneBaHusiM; CADIAG-2 (anmi. Computer-Assisted DIAGnosis) — auarsoctuka c
nomouibio komnbiorepa; IBM Watson — nmardopma U, pazpaborannas xomnanueii IBM (CLIA); NLP
(anrm. natural language processing) — cucrema o0paboTKu ectecTBeHHOTO s3bIka; DMK — anekrponHas
MenuIuHCKas kapTa; AlexNet — apXuTeKTypa CBEPTOYHON HEHPOHHOM CETH, MpEeAOKEHHAs KaHAJICKUM
uccnenosarenem AsnekceeM Kpmxesckum B 2012 r.; FDA (Food and Drug Administration) — Yrpasienue
[0 KOHTPOJIIO KauecTBa MUILIEBBIX MPOAYKTOB M JiekapcTBeHHBIX cpeacTs CIIIA; IDx-DR — aBroHOMHAas
cucrema ¢ UM, mpeaHasHayeHHasi Al TMArHOCTUKU TUAOCTHYECKOW PETMHONATHH U JHa0EeTHUECKOro
MakKyJIsipHOro oreka B peasisHoM Bpemenu; CE Mark — mapkupoBka CE (¢p. Conformité Européenne —
«eBporeiickoe coorBercTBUE»); Oxipit ChestLink — aBTOoHOMHOEe npunoxkeHne Ha ocHoBe MU mns

MEIMIIMHCKON BU3yajiu3aluu, paspaboranHoe xkommanuer Oxipit (JIutea); LLM (anmi. large language
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model) — Oompmas s3pikoBas moxaenb; Med-PalLM 2 — HeipoceTeBOH NOMOIIHUK JJis Bpadei,
paspaborannbiii kommanueii Google (CIHA); GPT-4V Med - wynsruMomajibHas woneinb MU,
paspaboTaHHas HaydIHO-HCCIeAoBaTenbcKoi opranuzammeit OpenAl (CILIA)

Figure 2. Timeline of the development of artificial intelligence in healthcare (1950-2025).
MYCIN — Mycological Consultant for Infectious Diseases; CADIAG-2 — Computer-Assisted DIAGnosis;
IBM Watson — an Al platform developed by IBM (USA); NLP — natural language processing; EMR —
electronic medical record; AlexNet — a convolutional neural network architecture proposed by Canadian
researcher Alexey Krizhevsky in 2012.; FDA — Food and Drug Administration; IDx-DR — an autonomous
Al-powered system designed for real-time diagnosis of diabetic retinopathy and diabetic macular edema;
CE Mark (Conformité Européenne) — European conformity; Oxipit ChestLink — an autonomous Al-based
application for medical imaging developed by Oxipit (Lithuania); LLM — large language model; Med-
PalLM 2 — a neural network assistant for doctors developed by Google (USA); GPT-4V Med — a
multimodal Al model developed by the research organization OpenAl (USA)

1950 2. — nosaenenue mecma Toropunza

B 1950 r. 6puranckuii maremaruk Anad Teiopunr (anrmi. Alan Turing) omyOnamkoBai
CTaThl0 «BBIYHCIUTEIbHBIC MAIIMHBI U Pa3yM», B KOTOPOH MPEIUIOKUI KOHIICTIIIUIO «UTPBI B
MMUTAIMIO», BIIOCIEACTBUM TOMY4YUBIICH Ha3BaHue «TecT ThtopuHray. CormacHo JTou
KOHIEMIIMYA MalliHa MOXET CUUTAThCS Pa3yMHOM, €CIIM B XO/A€ TEKCTOBOTO JHAJIOTa C HEH
YEJIOBEK HE CMOCOOEH OTIMYMUTHh €€ OTBETHI OT OTBeTOB uenoBeka [7]. Tect Teropunra cran
NIEPBOI  OMEPAIMOHATBHON KOHIICTIIUEH MAITMHHOTO HHTEJUICKTa M 3aJOXKWI (PHI0COPCKUI

bynaaMeHT Ui Beell mocneayromien paspadorku cuctem UN.

1956 2. — nosagnenue mepmuna «UCKyccmeeHHblil UHMENIEKM)

B 1956 . na laptmyTckom cemunape no MM (anmi. Dartmouth Summer Research Project
on Artificial Intelligence) B I'annoBepe (CIIIA) maremarux Jlxon Makkaptu (anri. John
McCarthy), Oynymuii naypear npemun Anana TeropyHTa 3a BKJIaJ B 00JacTh uccienoBanuii MU,
npemioxun TepmuH artificial intelligence, KOTOpbIN 3akpenuiics B HayYHOM JIEKCHKOHE. JTO
COOBITHE MPHUHATO CUUTATh OQUIMAIBHBIM pokaeHueM MM kak caMoCTOATENbHON HaydHOMH
JUCLUIUIMHBL. YYaCTHUKU CeMHMHapa c(OpMYIHpPOBAIM ONTUMHCTUYHBIA MPOTHO3 O CKOPOM
CO3JIaHWH Pa3yMHBIX MAIllFH, YTO JaJI0 HMITYJIbC aKTUBHOMY (DMHAHCHPOBAHUIO MCCIICIOBAHUH B

aToit obnactu [8].

1970-e 22. — noaenenue cucmemvr MYCIN
B nawane 1970-x rr. B nmaboparopun AlLab CtaH(opackoro yHuBepcuTeTa B pamKax

coBmectHOro ¢ Kamudopuuiickum yauBepcutetoM B Jloc-AHmxenece npoekra B odmactu MU
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DENDRAL (anrn. Dendritic Algorithm — «aeHApuTHBIH anropuTm») OblTa pa3zpaboTaHa
skcnieptHas cucrema MYCIN (anrn. Mycological Consultant for Infectious Diseases) — mepBast
UCTOPUYECKH M TEXHOJOTHMYECKH 3HAYMMas JJis KIMHUYECKON MEIHMIIMHBI SKCIIePUMEHTAIbHAS
pa3paboTka B 001acTU JAMArHOCTUKHM OakTepuaibHBIX MH(MEKIHMI W Ha3HaYeHHs] aHTUOMOTHKOB
[9]. Cuctema ucnonb3oBana 6azy u3 6onee yeM 600 mpaBHII-TIPOAYKIIMNA THIA «ECIH — TO» M
JIOCTUTAJIa TOYHOCTH AMArHOCTUKHU O0Koso 69% [10], mpeBocxoast o 3TOMy [TOKa3aTelto Bpadeii-
OpIAMHATOPOB, XOTS H yCTymas 1O TOYHOCTH JIMAarHOCTUKH OKCIEPTOB — Bpadeii-
nHpexmonuctoB. MYCIN BnepBeie mnpomeMoHcTpupoBasia, 4uro cucrema MU cnocoOHa

BOCIIPOMU3BOANTH KIMHUYECCKOC MBIINIJICHUE CIICHHUAJINCTA B y3KOI>'I Hpe,Z[MeTHOfI 00J1acTH.

1980-e 22. — noasenenue cucmemvr CADIAG-2

B 1980-x rr. rpynmna uccinenosareneid nog pykoBoactsom K.II. Apnamnuka B BeHckom
MEIMIIMHCKOM yHHBepcuTeTe paspabotana cuctemy CADIAG-2 (anrmn. Computer-Assisted
DIAGnosis), ocHOBaHHYI0 Ha HeueTkoul Jioruke (aHmi. fuzzy logic) mis auddepeHnnatsHOu
JTUArHOCTUKN peBMarndeckux 3aboneBanuii [11]. B ormmuume or MYCIN c ee OuHapHBIME
npasmwiamu, CADIAG-2 morna paGoTaTh C HEMOJHBIMH U HEOMNPEICTCHHBIMH KIMHUYECKUMU
JAHHBIMU, YTO MPUOIIKAJIO €€ K PeallbHbIM YCIOBUSIM BpaueOHON MPAKTUKHU. DTa CUCTEMA cTala

pooOPa30M COBPEMEHHBIX BEPOSTHOCTHBIX MOJIENICH TTOIIEPIKKU IPUHITHS PEIICHUMN.

1990-e 22. — noaenenue npocpammvr IBM Watson u ucnonv3osanue mexuonozuit NLP 6
INEKMPOHHBIX MEOUYUHCKUX Kapmax

B 1990-¢ rr. xopmopamuss IBM nHauanma paspabotky cuctem NLP nns ananmsza
MEOUUMHCKON JnokymeHTaumu. Texnomormn NLP OTKpbIIM  BO3MOMKHOCTH  W3BJICYEHUS
KJIMHUYECKH 3HaYMMON MH(OpMalMM U3 HECTPYKTYPUPOBAHHBIX TEKCTOB HJIEKTPOHHBIX
meaunuHckux Kapt (OMK) [12]. Dto HampaBineHue B JalbHEWIIEM MPUBENO K CO3JaHHUIO
miar¢opmel IBM Watson — nepsoit kommepueckoii CITIIBP na ocnose NLP, BHenpeHHoil B psine

KPYTHBIX OHKOJIOTMYECKUX IeHTpoB [13].

2000-e 22. — unmezpayus UH 6 meOuyuncKyrw mexnuKy

K 2000-m rT. cucremsl MM Hayanu MHTErpUpOBATHCA HEMOCPEACTBEHHO B MEAUIIMHCKOE
o0opynoBaHHE B BHUJE CHUCTEM aBTOMATHYECKOro aHanusa anekTpokapauorpamm (OKI), ans
aHamu3a KJIMHUYECKUX H300paKeHUH, B aJTOPUTMBI NEPBHUYHOW COPTHUPOBKU MEIMIIMHCKUX
JAHHBIX. DTOT TEpPHUOJ XapaKTepPH30BaJCS MEPEXOJOM OT J1abOpaTOpPHBIX HKCIEPHUMEHTOB K

NEPBBIM MNPOMBINIJIICHHBIM HIPOTOTUIIAM, XOTA HIMPOKOC KIMHHUYCCKOC BHEAPCHHUEC OCTaBaJIOCh
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OIrpaHUYCHHBIM H3-3a HCEAOCTATOYHBIX BBIYHCIIUTEILHOMN MOIODHOCTH H 00bEMOB o6yqa101unx

JaHHbIX [14].

2010-e 22. — noasnenue AlexNet u pesonroyus 21y60Kk020 00yuenus

B 2012 r. yuensie wu3 VYHuBepcutera TopoHTo Anekc KpmwkeBckuii (aHI.
Alex Krizhevsky), Unes CyuxeBep (anmi. Ilya Sutskever), B Oyaymiem y4acTHHK pa3paboTKH
OonbIINX S3BIKOBBIX Mojenel (anri. large language model, LLM) u yar-0oTa ¢ reHepaTuBHBIM
NN ChatGPT (OpenAl, CIIA), Ixxepdpu Xunton (anmi. Geoffrey Everest Hinton), Oynymuii
naypeatr HoOeneBckoil mpemun mo (u3uke 3a OTKPBITHS M HM300peTeHus, oOecredrBaroline
MaIIMHHOE 00yUYeHHE C MOMOIIbIO HCKYCCTBEHHBIX HEHPOHHBIX ceTeil), mpeacraBmin AlexNet —
CBEPTOUYHYIO HEHPOHHYIO ceTh (aHr1. convolutional neural network, CNN), BiI UCKYCCTBEHHBIX
HEHPOHHBIX ceTel, pa3paboTaHHBIA AN 33434, T€ BaKHA MNPOCTPAHCTBEHHAs CTPYKTypa
JMaHHBIX, HampuMep Mpu o0padoTKe H300paKeHW WM BHJIEONOTOKA, KOTOpas ojepiaia
yoenutensHyr0 mobOeay Ha KOHKypce B oOmactu kommbioTepHoro 3penus ILSVRC (anrm.
ImageNet Large Scale Visual Recognition Challenge), mponeMOHCTpUpPOBaB HAMIIy4ITUE HA TOT
MOMEHT IOKa3aTesu: omrbka Tom-1 3akmouenus coctaBuia 37,5%, ommbka Ton-5 3aKI04eHui
— 17,0% [15]. D10 cOOBITHE MPUHATO CUUTATh OTIPABHOM TOYKON 3pbI ITyOOKOrO OOYYECHHS.
[TpumenutenbHo k MenunuHe apxurekrypa CNN ObICTpO pacnpocTpaHuiIach Ha aHaIU3
TUCTOJIOTMYECKUX IIPENaparoB, 1€PMAaTOCKONNYECKUX U300pakeHUI, PEHTT€HOTPaMM U CHUMKOB

MarHuTHO-pe3oHaHcHonTomorpaduu (MPT) [16-18].

2018 2. — oooopenue FDA: IDx-DR (nepsas asmonomuas HH-ouaznocmuxa)

B 2018 r. YmpaBrieHue 1o KOHTPOJIO KauecTBa MUILEBBIX NMPOAYKTOB U JIEKAPCTBEHHBIX
cpeacts CHIA (anm. Food and Drug Administration, FDA) ogo6puno nporpammy IDx-DR st
CKPUHHMHTOBOM JMAarHOCTHKM JMa0ETUYEeCKOM peTHMHomaTtuu — T1epByto cucremy HWU,
MOJYYMBIIYIO pa3pelleHne MpUHUMAaTh KIMHUYECKuEe pemeHus O0e3 yuwactus Bpada [19].
Cuctema JE€MOHCTpUpOBaNa YyBCTBUTENBbHOCTH 87% wu crneuuduyHocth 90%, a Takxke
NOKa3aTellb MPUTOJHOCTH H300pakeHMi (aHmi. imageability rate) 96,1%, xapakrepusyromuit
JIOJIO CIIy4yaeB, B KOTOPBIX CHCTEMa CMOIia C(pOPMHUPOBATh 3aKIIOYEHHE, YTO COOTBETCTBOBAJIO
YCTAHOBJICHHBIM KJIMHHYECKUM cTaHmaaptam [20]. DT1o omoOpeHue co37an0 OpUIUISCKUMA

MPEUEICHT JIJIs MOCIEAYIOMIEH peryJIaTOPHON aTTeCTAllM MEIUIIMHCKUX u3nenui ¢ M.

2022 2. — cepmugpuxayun ¢ EC cucmemwvr ChestLink Oxipit (nepéasa agmonomuan cucmema

HH ¢ Eepone)
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B 2022 1. xommanms Oxipit (JIuTBa) momyumna cepTU(UKAIMIO Ha COOTBETCTBHE
OCHOBHBIM TpeOoBaHMsIM JupekTuB EBpomneiickoro coro3a (EC) W TrapMOHH3MPOBAHHBIM
crangapram EC (3nak CE Mark (¢p. Conformité Européenne — «eBponeiickoe COOTBETCTBHEY))
Ha cucremy ChestLink — nepBoe B EBpone menuiuHckoe H3[esne IpYIIbl BHICOKOTO PHUCKa
(xnacca IIb) Ha ocHoBe MU, mosy4uBIiiee mpaBo aBTOHOMHOT'O MIPUHATHS PEIICHUN MPU aHAIIU3E
peHTreHorpaMMm rpyaHoil kinetku [21]. PerymsatopHoe onob6penue B EC pamo Tomuok

MaCH_ITaGHOMy KIIMHUYCCKOMY BHCAPCHHUIO aBTOHOMHBIX JTUAIrHOCTHYCCKUX CUCTEM C Hn.

2020-2025 2z. — cozoanue LLM: Med-PalM 2, GPT-4V Med

CoBpeMeHHBIN dTan pa3BuUTHs MenuiuHckoro MM o3HamMeHOBaH co3qaHUEM OOJBIINX
S3BIKOBBIX Mojienied LLM ¢ BO3MOXHOCTSMH MYJIBTUMOIANBHONH 00paboTku. Mogens Med-
PalLM 2 (Google, CIIA, 2023 r.) Habpana pe3ynbTaTbl YPOBHsI SKCIIEPTa HA SK3aMEHAIIMOHHBIX
tectax ana Bpauei (anmi. United States Medical Licensing Examination, USMLE) u
IPOJIEMOHCTPUPOBAJIa CIIOCOOHOCTh JaBaTh Pa3BEPHYTHIE KIMHUYECKA OOOCHOBAHHBIC OTBETHI
[22]. MynprumonansHas moaenb GPT-4V uHTerpupyer aHanmus TekcTa W H300pa)KeHH,
OTKpbIBas BO3MOXKHOCTH JUIS OJHOBPEMEHHOW HMHTEPHpPETAlUU KIMHUYECKUX CHUMKOB U

ucropuu 6osie3nu [23].

OcHoBHbIe TepMUHBI U OHATHSA / Basic terms and concepts

OTcyTcTBUE €IMHON TePMHUHOIOTMYECKON 0a3bl SBISETCS OAHON M3 KIIOUEBBIX MPOOIeM
onvcanusg MM B KIMHMYECKOW MEIMLMHE U 3IPAaBOOXPAHEHUU: OJHU M T€ K€ TEXHOJOTUU B
pPa3HbIX HMCTOYHMKaX OO0O3HAYalTCAd Pa3IMYHBIMU TEPMHHAMM, UYTO 3aTPyJHSET CPaBHEHHE
WCCJIENOBaHUM M Pa3pabOTKy peryasaTopHbIXx TpeboBanmii [24]. Hwmke cuctemaru3npoBaHbI
OCHOBHBIE TEPMUHBI, IPUMEHsIEMbIE B HAacTosIIEeH cTarbe (Tad1. 2).

VckyccTBeHHBIN MHTEIEKT — Haubosee HIMPOKOe IMOHATHE, 0003HaYarollee CBOMCTBO
KOMITBIOTEPHBIX CHUCTEM BBIIOJIHAThH 3a/laud, KOTOPbIE TPAAUIIMOHHO TPEOYIOT 4YEI0BEYECKOTO
MHTEJIJIEKTA: paclio3HaBaHue 00pa30B, MOHUMAHUE PEYH, MPUHATUE PELICHH, IepeBOA U UHBIE
KOTHUTUBHBIE QyHKIMH. B MeauuumHckom koHTekcTe MM oxBaThiBaeT t00ble alropuTMHUECKUe

MMOoAXOAbI, HAITPABJICHHBIC HA ABTOMATU3AalUI0 KIIMHUYCCKUX 3a1a4 [25]

Tabauua 2. OCHOBHbIE TEPMUHBI B 00JIACTH METUIIMHCKOTO NCKyCcCTBEHHOT0 nHTesuiekTa (M)

Table 2. Core terms in medical artificial intelligence (AI)

Tepmun / Term Omnpenenenue / Definition
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WckycCTBeHHBIM MHTEIICKT /

Artificial intelligence

CBOWCTBO KOMITBIOTEPHBIX CHCTEM BBITIOJIHSTH 3a/1a49H, TPAIUIIHOHHO TPEOyIoIIne
yenoBeueckoro uate/iekra / The capability of computer systems to perform tasks

that traditionally require human intelligence

MammaHOe 00yuenue / Machine

learning

[oxpazmen U, mo3Bonsromuii 00ydaThCs Ha JaHHBIX 0€3 SIBHOTO
porpaMMHupoBaHus Kakaoro npasuia / A subfield of Al in which models learn
patterns from data to make predictions or decisions without being explicitly

programmed for each task

I'my6okoe oOyuenue / Deep

learning

[Toakareropus MamIMHHOTO 00YyYEHHS C MHOTOCIOMHBIMA HEMPOHHBIMH CETSIMHU,
KOTOpast o0ecreurBaeT aBTOMaTUIEeCKOe U3BJIeUeHHE IPU3HAKOB / A subset of
machine learning based on multilayer neural networks that automatically learn

hierarchical representations from data

IIporpamMmma KOMIIBIOTEPHOTO

3penns / Computer vision program

[MporpamMmHuoe obecrieueHre Ha ocHoBe U 11t aHanmm3a v MHTEpIIpeTaliu
BH3YaJIbHBIX MeIUIIMHCKUX AaHHbIX / Al-based software designed to analyze and

interpret visual medical data

O0paboTKa €CTECTBEHHOTO s3bIKa /

Natural language processing

Hamnpasnenue M 1151 noHMMaHus, TeHEPALUU U aHAJIA3a TEKCTOB Ha
ecrecTtBeHHOM s3b1ke / An Al domain focused on understanding, generating, and

analyzing natural language

Hudepenc / Inference

[IpumeHeHne 00y4eHHON MOJICNU K HOBBIM JIAHHBIM JUTSI IOy YCHUSI
npeackazanus win kiaaccudukanuu / The application of a trained AI model to new

data to generate predictions, classifications, or other outputs

O0mwsicanmbiii U / Explainable Al

Mertonpl, obecnieunBaromye HHTepnpeTupyemMocts pemennit MU (Score-CAM,
SHAP, LIME) / Methods that provide interpretability of Al decisions (e.g., Score-
CAM, SHAP, LIME)

Bonpmas s3pikoBas mozgens / Large

language model

Maciurabnas TpancopMepHast MoJieNib, 00yUSHHAsT HAa OIPOMHBIX TEKCTOBBIX
kopmycax / A high-capacity transformer-based model trained on extensive text

corpora

OnmuoMonaneHas cucrema NN /

Unimodal Al system

Cucrema MU, npuHuMaromas JaHHbIE €IMHCTBEHHOTO THIIA (TOJIBKO H300pakeHne
wim Toibko TekeT) / An Al system that processes a single type of input data (e.g.,

only images or only text)

MynsrumonanbHas cucrema MU /

Multimodal Al system

Cucrema MU, oO6pabaThiBarolasi BXOJHbBIC JAHHBIC HECKOJIBKHX THUIIOB
omHoBpeMeHHO / An Al system that processes multiple types of input data

simultaneously

OnuoMozensHas cucrema MU /

Single model Al system

Cuctema M Ha 0CHOBE €IMHCTBEHHON HEHPOHHOW CETH, BEITIONHSIONMIEH BCE
starel aHanmu3a / An Al system based on a single neural network performing all

stages of analysis

MynsrumoaensHas cuctema MU /

Multi-model Al system

Cuctrema WU, ncrionp3yromas aHcaMOJIb MITH KaCKaJl HECKOJBKIX
cHenranu3upoBaHHbIX Mozeneli / An Al system that uses an ensemble or cascade

of several specialized models
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Cuctrema MU, BeimosnHsrOMas HHPEpEeHC Ha JIOKATLHOM YCTPOUCTBE 0€3 Iepeaadn
JlokanwHas cuctema N / Local Al _
JIAHHBIX BO BHEIHIO ceTh / An Al system that performs inference on a local
system . . .
device without transmitting data to external networks

Cucrema MU ¢ nadepeHcom Ha yaaIeHHOM cepBepe, KoTopasi TpedyeT HHTepHET-
CereBas (o0naunas) cuctema U /
coenuuenus / An Al system in which inference is performed on a remote server
Cloud-based Al system

and requires an internet connection

Hpumeuanne. Score-CAM (anm. Score-weighted Class Activation Mapping) — MeToJ B3BEIICHHOTO
KapTupoBaHusi akTuBauuu kinaccoB; SHAP (ammn. SHapley Additive exPlanations) — wMeton
MHTEpIpPETAUN TPOTHO30B MOAETCH MalIMHHOTO OOYyYeHUs, OCHOBAaHHBI Ha TEOpUU WTP (3HAYCHUS
ennu); LIME (anrn. Local Interpretable Model-agnostic Explanations) — nokanbHO HHTEpIpETHPYEMOe
00bsICHEHHE, HE 3aBHCALICE OT YCTPOWCTBA MOAECIIH.

Note. Score-CAM — Score-weighted Class Activation Mapping; SHAP — SHapley Additive exPlanations;
LIME — Local Interpretable Model-agnostic Explanations.

Mawunnoe odyuenue, 21yookoe ooyuenue

MamunHoe o6yuenune (MO) (anri. machine learning, ML) — nmogpasznen M, B kotopom
QITOPUTM CaMOCTOSITENIBHO (pOopMHpYyeT MpaBWiia MPUHATUS PEIICHHH Ha OCHOBE aHaIM3a
o0yyaronux JaHHbIX, HE TPeOys IBHOTO MPOrPaMMUPOBAHUS KaXKA0r0 U3 mpasmi. MO BkiItodaeT
KJIACCUYECKHE METO/BI (JIOTHCTUYECKAsl PErpecCHsi, METO/] OTIOPHBIX BEKTOPOB, CIyYaiHbIH Jiec)
Y METOJIbI IITyOOKOTO 00yueHus [26].

I'my6okoe oOyuenue (I'O) (anrn. deep learning, DL) — mnoakareropus MO,
UCTIONB3YIOIIasi ~ MHOTOCIIOWHBIE  HEWPOHHBIE CETH C  HENMHEWHBIMH  aKTHUBALUSMU.
[MpunatunuansHoe otiaruue ['O ot kiaccmueckoro MO COCTOUT B aBTOMAaTHYECKOM M3BIICUYCHHU
MPU3HAKOB HEMOCPEJACTBEHHO W3 WCXOMHBIX JTaHHBIX (TTUKCENEH, 3BYKOBBIX BOJIH, TEKCTOBBIX
TOKEHOB) 0€3 HEOOXOAMMOCTH PYYHOTO CO3/IaHusl U BbIOOpa mpu3HakoB (aHri. feature). imeHHO
'O oGecmeunsio MPOPBIBHBIE PE3yAbTAThI B aHATH3E MEIUIIMHCKUX H300paskeHu [26].

[Tpumepsr kimaccuueckoro MO u 'O npencTaBieHsl Ha pucyHKe 3.
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OMK - osnekrpoHHas MeauuuHckas kapta; MPT — warautHo-pe3onaHcHasi tomorpadus; KT —
kommbioTepHas ToMorpadus; K1 — anexrpokapauorpadus; MO — mammaHOE 00ydeHHe (aHDI. machine
learning, ML); 'O — mrybokoe obydenune (anri. deep learning, DL); CNN (anmi. convolutional neural
network) — cBeprounas HeliponHas ceTb; DNN (anmi. deep neural network) — rirybokast HeiipoHHas ceTb;
RNN (anr. recurrent neural network) — pekyppeHTHast HeHpOHHasI CETh

Figure 3. Examples of machine learning and deep learning.

EMR - electronic medical record; MRI — magnetic resonance imaging; CT — computed tomography;
ECG - electrocardiography; ML — machine learning; DL — deep learning; CNN — convolutional neural

network; DNN — deep neural network; RNN — recurrent neural network

Ilpozpamma KomnvromepHo2o 3penus

[IK3 — nmporpammHoe oOecrieueHue, NpeaHa3HaYeHHOE JUIsi aBTOMAaTHYECKOIO aHalu3a,
KJIacCU(UKAIIH W/UITM CETMEHTAIIMHN BU3YAIbHBIX MEIUIIUHCKUX JAHHBIX (I€PMaTOCKONMYECKHE
M300paXeHUsI, PEHTIC€HOTPaMMBbl, TUCTOJIOTHYECKHe Mpenaparbl, cHUMKu MPT, koMmbrorepHOi

tomorpaduu (KT)).

Heupounas cemo

Hetiponnas cets (anmm. artificial neural network, ANN) — BbIYHCIUTEIbHAS MOJEIb,
IIOCTPOEHHAsl M0 aHaJOrMM € OMOJIOTMYECKMMU HEHpOHHBIMU ceTssMH Mosra. CocTtout u3
MIOCTIEIOBATENILHBIX CIIOEB B3aMMOCBS3aHHBIX 3JI€MEHTOB (HEHPOHOB), KaXIbIH U3 KOTOPBIX
NPUMEHSET HENMHEHHYI0 (PYHKIMIO aKTUBAIlMA K B3BEHICHHOW CyMME BXOTHBIX CHTHAJIOB.
OOyueHne HEHpOCeTH  OCYLIECTBISETCS IyTE€M  HUTEPaTMBHOM  HACTPOMKH  BECOBBIX
K03(h(GUIIMEHTOB METOJ0M OOpaTHOro pacmpocTpaHeHHs omMOKu (aHmI. backpropagation) c
WCIIOJIb30BaHUEM AJITOPUTMOB I'PAIMEHTHOTO CITycKa [26].

CaepTouHble HelpoHHbIe ceTu (aHmI. convolutional neural network, CNN) cocrosar u3
BXOJTHOTO, CBEPTOYHOI'0, BCIIOMOTaTE€IbHOIO U BBIXOAHOIO ciioeB. OHM PaclO3HAIOT BU3YyallbHbIE
NaTTepHBl, MOTYYEHHbIE U3 HEOOpaOOTaHHBIX MUKCENIEH M300pa)KeHHs, C MOMOIIBIO CKPBITHIX
cinoeB. Monenn CNN aHaIuM3UPYIOT pElENTUBHBIC MOJs ¢ moMolbio GuisTpoB. HenuHelinbie
(GYHKIMM U3BJIEKAIOT HHPOPMALIMIO O XapaKTepUCTHKaxX u3o0pakeHus. Vcnonb30Banue myinuHra
(anm1. pooling layer — «cinoit oObeaMHEHUs, CIOW MOABBIOOPKH, IYJUHI») YMEHBIIAET
IPOCTPAHCTBEHHYIO Pa3MEPHOCTb KapT MPHU3HAKOB (LIMPUHY W BBICOTY) MpPH COXpaHEHHU
HanOoJee BaXXKHON MH(OpMANNK, YTO COKpamaeT 00beM MaHHBIX U YCKOPSIET BBIYUCICHHS. JTO

MO3BOJISIET HAXOIUTh CXOXKUE AIEMEHTHI Ha N300payKeHHUH JIJIsl aHAIN3a MaTTePHOB [26].

Oopabomka ecmecmeenHO20 A3bIKA, DONbUIUE A3LIKOGbIE MOOENU
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O6paboTka ecrecTBeHHOro s3bika (aHmi. natural language processing, NLP) —
Hanpaenenue WU, cnenumanusupyromnieecs Ha NMOHMMAaHWUW, TCHEPAIlMM W aHajdn3e TEKCTOB Ha
€CTECTBEHHOM s3bIke. B Menuimue NLP npumeHnsercs Uil U3BICUCHUS KIMHUYECKU 3HAYMMOU
uH(pOpMaAIIMU U3 HECTPYKTYpUpOBaHHBIX naHHBIX DMK, aBrOMaTnyeckoil KOIMPOBKH JUArHO30B
o MexmyHapoaHou Kinaccudukanuu 0oJie3HEH, aHaIM3a MEIUITMHCKOM TuTeparypsl [27].

Bonbmme s3pikoBhie Momenu (aHri. large language model, LLM) — HeilipoceTeBbie
MOJENIM Ha apxuTektype Tpanchopmepa (anri. bidirectional encoder representations from
transformer, BERT; generative pre-trained transformer, GPT; Large Language Model Meta Al,
LLaMA), oOydyeHHble Ha MaccHBaX TEKCTOB, HACUMTHIBAIOLIUX COTHH MWLIHAPIOB TOKEHOB.
LLM crnocoOHBI BBITIONHATh CIOXHBIE S3BIKOBBIC 33/1a4d B PEKUME OOYUCHHSI MO HECKOIBKUM
npumepam (anri. few-shot learning)! unm o6ydenus ¢ Hynesoill obydaromieli BHIGOPKO (aHIII.
zero-shot learning) 6e3 cnenuaan3upoOBaHHOTO AOOOyUYEHUs, a MPH MPUMEHEHUU OOydYeHHUs C
MOJKPEIUICHHEM Ha OCHOBE OOpaTHOM cBsi3u c 4enoBekoM (aHri. reinforcement learning from
human feedback, RLHF) nemoHCTpupyrOT coOIlacoBaHHBIE C MEAMIIMHCKHUMH CTaHIapTaMu

pexomenaanuu [28].

Oonomooanvnas u mynomumooanvuan cucmema UH

OnnomopanbHass cucreMa WM — cucrema, mnpuHHMMaromas Ha BXOJ JaHHbIE
€IMHCTBEHHOTO THIIA: TOJILKO M300pa)KCHHE, TOJIBKO TEKCT WJIM TOJBKO YHCJIOBBIE MOKa3aTeln
[29].

MynsrumonaneHas cuctema MM — cucrema, oJHOBpeMEeHHO oOpaOarbiBarolas u
UMHTETPUpYIOIIasi JaHHbIE HECKOJIbKUX MOJAJIbHOCTENH: U300pakeHHEe, TEKCT, YHCIIOBbIE
KIMHUYECKHE  [IOKa3aTelld,  ay[uo3aluCH, TE€HOMHbIE JaHHble. MyYIbTUMOJAIBHOCTh
IPUHLMIIAAIBHO BaXKHA ¢ KJIMHMYECKOM TOYKU 3PEHMSI: pEabHbI JTHAarHOCTUYECKUN IPOLECC

Bpaya BCEr/a OMUPAETCs] Ha HECKOJIBKO TUIIOB HHpopMaruu [29].

Hughepenc

[Tpumenenue monenu, unu uHdpepeHc (aHri. inference), — mpoIEecc UCHOIB30BAHUS YXKE
0o0yueHHOW HEWPOHHON CeTH IS TOJY4YeHHs] TpeacKa3aHus (BEPOATHOCTH COOBITHS) WU
KJIaCCU(UKAIMU Ha HOBBIX JaHHBIX. VMH(pEpeHC NPHHIUMUAIBHO OTIUYAeTCs OT OOydeHUs,

napameTpbl MO 3a(UKCUPOBAHBI M HE OOHOBISIOTCSA. B KIMHMYECKOW MpaKTHKE WMEHHO

! Merog MO, npu KOTOPOM MOJEIH OOYydYaloTCs € IIOMOINBI0 OYEHb HEGOJBINOrO KOJIMYECTBA Pa3MEUYEHHBIX
MpUMEPOB (OT OJHOTO JI0 MATH Ha Kiacc). OCOOEHHOCTHIO SBIIIeTCS 00yUeHUe B YCIOBHSIX AePUIMTA TaHHBIX, KOT/Ia
KIIACCUYECKUE METONbI TPEOYIOT COTEH W THICAY Pa3MEUYCHHBIX JAHHBIX JUIS TMOJNyYEHHUs YHAOBIETBOPUTEIHLHOTO
pe3yibrara.
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nHpepeHc sBuseTcs KoHeYHbIM HTanmoMm padorel [IK3. Cucrema mnpuHUMaeT Ha BXOM

H306pa>1<eHHe ManuceHTa U BbIAACT 3aKIIFOUCHUEC B PCXKUMC PCAJIbHOIO BPECMCHH.

Oovacnumorit UH

O6bsicaumbiii UM (anrn. explainable artificial intelligence, XAI) — coBOKymHOCTh
METOZIOB W TIOAXOAOB, OOCCICUUBAIONINX HWHTEPIPETUPYEMOCTh PEIICHHUN, MTPUHUMAEMBIX
mopensmu M.  Jlns  kimHMueckoro mnpumeHeHuss WU oObsicHUMOCTH — sIBISIETCSL  HE
OMIIMOHANBHOM, a 00s3aTeNbHOM XapaKTePUCTHKOM: Bpady [OJKEH MOHUMAarh, HA OCHOBAaHUU
KaKMX TPU3HAKOB H300pa’keHUs CHCTeMa MpUIUIa K TOMY WM HMHOMY 3akitodeHuro [30].
OcHoBublie MeTobl XAl B Menuuunckom UU:

— Grad-CAM / Score-CAM — Busyanuszamus obOjacTeil HM300pakeHHs, OKa3aBIIMX
HauOoubiee BausHue Ha pemeHrne CNN (TeruioBeie KapThl akTuBaruii) [31];

— SHAP (anrn. SHapley Additive exPlanations) — konmudecTBeHHas OIIEHKAa BKIaja
Ka)XJIOTO IIPU3HAKa B UTOTOBOE OIPE/IesIEHNE BEPOSTHOCTH, MPIMEHNUMA K JIFOOBIM apXUTEKTypam
[32];

— LIME (anm. Local Interpretable Model-agnostic Explanations) — nokamsHOe
NpUOIMKEHUE CIIOKHON MOJIENIM MPOCTON HMHTEpHpeTHpyeMon (QyHKIue BOIU3U KOHKPETHOTO

obpasma [33].

Oonomooenvnas u mynomumooenvnas cucmema UH

OnnomozenbsHas cucreMa MM — nporpamma, B KOTOPOM BEChb aHAJIMTHUECKHM IIPOLECC
peanu3oBaH TIOCPEACTBOM E€IUMHCTBEHHOM Monenu onaHoro Tuma. I[lpumep: omHa CNN,
IPUHUMAIOIIAsl Ha BXOJ JIEPMATOCKONMMYECKOE H300pakeHHWEe U BhIArollas OMHAPHBIA OTBET
«J100pOKaYeCTBEHHOE/3]I0KaUECTBEHHOE HOBOOOpa3oBaHMUe». Takas apXuTeKkTypa oOecreyrBaer
OPOCTOTY  Pa3pabOTKH, MPO3payHOCTb MHTEPIpPETallMd M  MEHbIIME TpeOOBaHUSA K
BBIUHCIUTENIBHBIM pEeCypcaM, OJHAKO OrpaHUYEHA B BO3MOXHOCTH PEIIEHNS MHOTOATAIHbBIX WU
MHOTOYpPOBHEBBIX JMATHOCTUYECKUX 3aj1ad.

MynstumoznensHass cucrema MM — nporpamMma, HCHONIB3yHOIIass COBOKYIIHOCTH
HECKOJIbKMX MoJieslell  JUIsl  COBMECTHOTO (POPMHUPOBaHMSI HTOIOBOTO JHArHOCTUYECKOTO
3akimoueHus. Peanusyercs B IByX OCHOBHBIX BapHaHTax.

AHCaMOJIEBbIN TPUHIUIT — HECKOJIBKO MOJENIeH OJHOTO TUIa (HalpuMep, HECKOJIbKO
CNN, oO0ydeHHBIX Ha M300paXEHUSIX) HE3aBUCHMO AaHATU3UPYIOT OAWH U TOT K€ BXOJHOM
oOpazen. MToroBelif kiacc onmpeaensercs MyTeM arperamuu UX OTBETOB: MITKOE Ioj0COBaHUE

(anr. soft voting) — ycpenHeHUEe BEpOSATHOCTEN KIIACCOB, KECTKOE TOJIOCOBaHME (aHIII. majority
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vote) — KJ1acc ¢ HauOOJIBIIMM YHCIIOM TOJIOCOB MJIM B3BEIIEHHOE yCpPEIHEHHE NMpeCKa3aHui U
T.J.

Kackaguplii (mocnenoBaTenbHbIM) NPUHLOMI — MOZAEIM OAHOIO THUIIA BKIIOYAIOTCA
IIO3TAIHO, BOCIIPOU3BO/IS JIOTHKY KIIMHUYECKOIO MBILUIEHUS «OT OOIIEro K yacTHOMY». Mojeinb
IIEPBOTO YPOBHS periaer 3a1aqy KpPYITHON KJaccuuKanuu (Hanpumep,
«100pOKaUECTBEHHOE/37I0KaYECTBEHHOE»), @ MOJEIb BTOPOrO YPOBHS YTOYHSET HO30JIOTHIO
CpeaH MOJOXKHUTENbHBIX ClyyaeB (MenaHoMa, 0a3ajbHO-KJIETOYHAS KapIMHOMA, aKTHHUYECKHUN
KepaTto3, HeByc M Ap.). KackajHas apxXuTeKTypa IO3BOJISET CHU3UTh HArpy3Ky Ha Kaxayro

OTJEJIbHYIO MOJIENIb U TIOBBICUTH TOUHOCTH Ha TPyAHOAUD(DHEpEHIIMPYEMbIX Klaccax.

Omkpuvimote u 3axkpvimote mooenu HU

Otkpeitas mogens MU (anmi. open-source model) — momenb, Beca U apXHUTEKTypa
KOTOpOl HaXoAsATCS B OTKPBITOM JIOCTYINle, YTO TMO3BOJIIET TPOBOJUTH HE3aBHUCUMYIO
BepudUKaIuoo, A000ydeHHEe W ayauT ainroputma. OTKPBITOCTh MOZENEH SBISETCS BaKHBIM
YCJIOBHEM PETYJISTOPHOMN MPO3PAYHOCTH U BOCTIPOM3BOAMMOCTH HCCie0OBaHuM [34].

3akpeITas (nponpuerapHas) moaenb M — Monens, Beca u AeTalu apXUTEKTyphl KOTOPOH
HE PACKPBIBAIOTCS Pa3pabOTUYMKOM. 3aKpbIThIE MOJEIH YacTO JIEMOHCTPUPYIOT 0ojiee BBICOKYIO
06HIYIO MMPOU3BOAUTCIBHOCTD, OJJHAKO ux KIIMHNYCCKadA BepI/I(bI/IKaIII/ISI OCJIOKHCHAa

OTrpaHUYEHHOM MPO3PayHOCTHIO [35].

Jlokanvnan u cemesas (oonraunasn) cucmema HH

JlokanpHas cucremMa MU — cucrtema, BbImodHsIONas MH(QEPEHC HEMOCPEICTBEHHO Ha
YCTPOICTBE KOHEYHOIO Mojb3oBarenist (cMapTOH, IUIAHLIET, MEIULMHCKUA npubop) 6e3
nepesadn JIaHHBIX BO BHEIIHIOK ceTbh. Mcmomb3yer obnerdenHsle gopmarsl moneneit: TFLite,
ONNX, CoreML. KpuTuuecku BakHa JUIsl TEJIEMEOUIMHBI M YCIOBHUH C OIpPaHUYEHHBIM
MHTEPHET-COETMHEHNEM, MUHUMU3UPYET PUCKH YTEUKU NEPCOHANBHBIX JaHHBIX [36].

CereBas (obOnauynasi) cucrema MU — cucrema ¢ mH(pepeHCOM Ha yJaJI€HHOM CEpBEPE;
TpeOyeT HHTEPHET-COETUHEHNUS U 00ecIeueH s 3allluThl IEPCOHANIBHBIX JAHHBIX B COOTBETCTBUU
¢ TpeboBanusimu denepanbHoro 3akoHa oT 27 wutonsg 2006 r. Ne 152-03 «O mepcoHambHBIX
naHHbIx» B Poccwmiickoit deneparuu, OOMMM periaMeHTOM 0 3amuTe JaHHbIX (aHrI. General
Data Protection Regulation, GDPR) B EC u Aktrom (3akoHOM) 0 MOOMJIBHOCTH U OJOTYETHOCTHU
MeIUIIMHCKOTO cTpaxoBanus (aHr1. Health Insurance Portability and Accountability Act, HIPAA)
B CIIIA. OGecneunBaeT HEOrpaHMYCHHBIE BBIYMCIUTEIBHBIE PECYpPChl M LEHTPATU30BAaHHOE

obHoBIeHNE Mozenu [36].
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Pazepanuuenue nonamuii: cucmema UH, npozpamma UH, npunoxcenue HH u CIIIIBP

B mwureparype Tepmunbl «cucrema MW», «mporpamma MW», «npuinoxenue UN» u
«CHUCTeMa TOJJICP)KKM TMPHHATUS BpaueOHBIX pPEIICHH» HEPeaKo YHOTPEOSIOTCS Kak
CHHOHHMBI, OJHAKO MEKJY HUMH CYIIECTBYIOT IPHHLUIHUAIBHBIE Pa3inyus, UTHOPUPOBAHUE
KOTOPBIX BENET K TEPMUHOJIOTMYECKOM IIYyTAaHULE B PETYIATOPHBIX, KIMHUYECKUX U
HCCIIEI0BATENBCKUX KOHTEKCTAX.

[Tporpamma MW — mporpammuoe oOecrieyeHHe, B OCHOBE KOTOPOTO JIKHUT OJHA WIIU
Heckosibko Mogenedt MU, camocTtosTensHO (OpMHUPYIOIMX IpaBUIa NMPUHATUS PEIICHUN Ha
OCHOBe OOy4eHUs Ha JaHHbIX. TepMHUH aKLEHTHPYET TEXHOJIOIMYECKYI0 OCHOBY U
AJITOPUTMHUYECKYIO COCTABISAIOILYIO.

[Mpunoxenue MU — peanuzanus ¢pynkuuii UM B Buae monp30BaTenbckoro uHTepdeiica
WIA CepBHUCa, JOCTYIHOIO KOHEYHOMY IIOJb30BaTeNI0 (Bpady, HAIMEHTY, aIMHHUCTPATOPY).
OnHO NpUIOKEHNE MOYKET UHTEIPUPOBATh HECKOJIBKO IIPOrpaMMHBIX Mozenei M.

Cucrema UM — nambornee MmMpPOKOE MOHATHE, BKIIOYAIONIEE IPOTPAMMHBIC MOJEIH,
anmapaTtHyl0O M CETeBYI0 WHQPACTPYKTYpY, HaHHBIE, IMPOIECCH AKCILTyaTallkd W KOHTPOIS
kadectBa. OgHa cucrtema MM MokeT conep:kaTb HECKOJIBKO B3aMMOCBA3aHHBIX IPHIOKEHUN U
IIPOrPaMM.

CIIIIBP — ¢gyHKIMOHANBHBINA KJIacC MPOrpamMM, IMpeIHa3HaueHHBIX /U1 IOMOIIY Bpady B
OPUHATHH KIMHWYEeCKuX pemenuid. [lpuanunumansHo BaxkHo, uto CIIIIBP Moxer ObITH
ocHoBaHa Kak Ha amroputMax MU (MO, HeHpOHHBIX cCeTAX), Tak M Ha TPaTULHMOHHBIX
JIETEPMUHUPOBAHHBIX JITOpUTMax — 0a3ax MpaBWJI BHJIA «ECIH — TO», JEPEBbAX pEIICHUIl C
(GuKCUPOBaHHOM JIOTMKOM, OayUIbHBIX IKajaXx pucka. Takum obOpazom, He kaxnaas CIIIIBP

sBisieTcs cucremoun NUN.

Komnvromepnasa npozpamma oe3 UH ¢ meduyune

CymiecTBeHHO, YTO HE KaXK/Jasi KOMITbIOTEpHAs IIporpamMma, UCIoIb3yeMasi B METUIINHE 1
3IpAaBOOXpAHEHUH, sABIseTcs mporpammoit Ha ocHoBe WU, Tak, xmaccuueckne [1K3,
OCHOBaHHBIE Ha TOPOTOBBIX AITOPUTMAaX, MOPQOJIOTrHUYEecKoil 00paboTke H300pakeHUN WU
bunbpTpau Mo 3apaHee 33JaHHBIM MpPU3HAKAM MUKCeNeH, He ucnonb3yloT MO u He OTHOCSTCS
Kk cucremamM KMUW. Anamorm4yHo, TpagulMOHHBIE CHUCTEMbI aBTOMarndeckoro anammza OKI,
(GYHKIMOHUPYIOIIHUE TI0 ACTEPMUHUPOBAHHBIM MpaBuiiaM 0e3 0Oy4YeHHS Ha JaHHBIX, SBIISIOTCS
AJITOPUTMUYECKUMH TIporpamMmamu, a He cucreMamu MU, DT0 pasrpaHnyeHue KpUTHUECKHU
B2XHO KakK JJIsl PErYISTOPHON KilacCu(UKAIUNA METUIIMHCKUAX WU3JIENHMA, TaK U i1 KOPPEKTHOTO

CpaBHCHHA U UHTCPIIPETALUN PE3YJIIBTATOB KIIMHUYCCKHUX I/ICCHe}IOBaHI/IfI.
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Metoast MO B MequLIMHE: KJIACCHYECKHE AJITOPUTMBI U HelipoHHble ceTd / ML methods in
medicine: classical algorithms and neural networks

Metonst MO, mnpumeHsieMble B MEIULMHE, Pa3eNsiOTCS Ha JBa IPUHLUIINAIBHO
PasIMYHbIX KJIacca: KJIACCHUYECKUE AJITOPUTMBI, pPa0OTaIOIINE TPEUMYILIECTBEHHO C TaOJUYHBIMU
U CTPYKTYpPHUPOBAHHBIMU JaHHBIMHU, U MeTOIbl 'O (HelipoHHBIE CETH), ONITUMU3UPOBAHHBIE IS
aHanmm3a M300pakKeHUI, TEKCTOB M BPEMEHHBIX psioB. [loHMMaHMe pazauuuil MEXIy ITHUMHU
KJIacCaMU KPUTHUYECKH BA)XHO JUIi OOOCHOBAaHHOTO BbIOOpAa METOAOJIOTHU TPH pa3paboTke

kmuanyeckux CIITIBP.

Knaccuueckue memoovr MO

Knaccuueckue meroast MO (Tadma. 3) mo-mpekHEMy 3aHMMAlOT KIIIOYEBOE MECTO B
3ajja4ax 0O0pabOTKH CTPYKTYPUPOBAHHBIX KIMHMYECKUX JAaHHBIX: IMPOrHO3UPOBAHHME pHUCKA
3aboseBaHull, aHaiau3 J1a0OpaTOpPHBIX IOKazaTesei, OleHKa HCXONOB JjedeHus. Mx miaBHbIE
IIPEUMYIIECTBA — BBICOKAsi HHTEPIPETUPYEMOCTD, 3(pPeKkTrBHAS padoTa ¢ MAJIBIMU U CPETHUMU

BBIOOpKaMH, OBICTpOE OOyUeHUE.

Taﬁ.lmua 3. Knaccuueckune MCTOAbI MAallIMHHOI'O o6yquI/151: XAPaKTCPUCTUKKU U IIPUMCHCHHC B
MCIUIIMHC

Table 3. Classical machine learning methods: characteristics and medical applications

Tun 3amaun / Task [Mpuanun padots / Operating [Mpumenenune B Meauuune / Medical

Merton / Method o o
type principle applications

[IporHo3upoBanue pucka auadera,

JluneiiHass KOMOMHAIINS TIPU3HAKOB C
uH(papKTa, OHKOJIOTHH 110 aHAMHE3Y

CUTMOU/I-(QDYHKIIHEH, OllEHUBACT
1 T1abOpaTOpHBIM JITAaHHBIM,

Jloructuyeckas BEPOSATHOCThH PUHAJICKHOCTH K

Knaccuduxanms / MapmpyTtu3anus manueHTos / Risk

perpeccus / Logistic kiaccy / Linear combination of

Classification prediction for diabetes, myocardial
regression [26] features with a sigmoid function
infarction, and cancer using clinical
estimating class membership _ )
. history and laboratory data; patient
probability _
triage
PexypcuBHOe pa3OueHue JuarsocTuyecKue anropuTMbl
IIPU3HAKOBOIO IIPOCTPAHCTBA HA (ECJIX cumnitom A + npusHak b —
Knaccugpukaums/

JepeBo perienutii /

Decision tree [37]

perpeccus //
Classification/regr

ession

OCHOBE KpUTepHs HHPOPMAITMOHHOTO
BBIMTPHINIA Win J[kuHN** /
Recursive partitioning of the feature
space using information gain or Gini

impurity criteria**

nuarfios B), oObscHuMBIE
KIIMHHYecKue npasuia / Diagnostic
algorithms (IF symptom A + feature
B — diagnosis C); interpretable

clinical decision rules
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AHCaMOJIb TepEeBbEB PEIICHUH,
00YYEeHHBIX Ha CITyYaliHBIX

MTONIBEIOOPKAX, (PMHAIBHBIA OTBET —

IIporHO3 NCXOMOB TOCTTUTATN3AIINH,

OIICHKA PHCKa OCIIOKHCHUH /

Cryyaiinelii nec / Knaccudukanus/ o o
YCpeIHEeHHE WA TOJI0COBaHUE / Prediction of hospitalization
Random forest) [38] Perpeccus o )
Ensemble of decision trees trained on | outcomes; assessment of
random subsets of data; final output complication risk
through averaging or majority vote
[MocnenoBarensHOE 00yUYeHHUE
[IporHo3 cercrica O BUTATHHBIM
JIEPEBBEB: KAXKI0€ CIEAYIOIIee
MOKAa3aTelsiM, OlleHKa pUCKa
WCIIPABIISET OIMOKHU TPEABIYIIETO, _
Kiaccudukarms/ TTIOBTOPHOM TOCTIMTAITH3AITHH,

I'panuenTtHbIi

oycrunr* / Gradient

perpeccust //

MUHMMU3AIH QYHKIWHU TOTEPh

rpaJiueHTHBIM cIyckoM / Sequential

OIpEACICHNUE BEPOATHOCTH OTBETA HaA

Classification/regr tepamnmuto / Sepsis prediction from
boosting* [26] training of decision trees, each
ession vital signs; risk of rehospitalization;
correcting the errors of the previous o
o . . estimation of treatment response
one; loss minimization via gradient .
probability
descent
HaxoxieHne rurepruiocKoCTH ¢
Knaccudukanus 6rnomapkepos,
MaKCHUMaJIbHBIM 3230POM MEKITY
Knaccuduxkarms/ aHaJIU3 TCHOMHBIX JaHHBIX,

Merton onopHbIX
BEKTOpOB / Support

vector machine [26]

perpeccus //
Classification/regr

ession

KJlaccaMu, APOBbIe QYHKIIUY TS
HenmHeHHBIX 3amad / Identification of
a hyperplane maximizing the margin
between classes; kernel functions for

nonlinear problems

muarnoctuka o DKI-npusnakam /
Biomarker classification; genomic-
data analysis; ECG-based diagnostic
tasks

Meron k-Ommxaimmx
coceneit / k-nearest

neighbors [26]

Knaccuduxanms /

Classification

Omnpenenenue BEpOATHOCTH 1O
OOJIBIIMHCTBY TOJIOCOB k
OMKANIINX TI0 PACCTOSIHUIO
oOyuatorux npumepos / Class
assignment based on majority vote
among the k closest training

examples

BcenomorarensHblil MeTo TpH
HeOOJNBIINX JaTaceTax, HepBUYHAs
KJIacCU(UKAIHS TAOOPATOPHBIX
nattepHoB / Auxiliary method for
small datasets; preliminary

classification of laboratory patterns

Hawusnbrit
OaifecoBCKHI
Knaccugurarop /
Naive Bayes classifier

[39]

Knaccudukanms /

Classification

BepositHocTHas kiaccuukanys no
teopeme baiieca (niu hopmyie
Baiieca) npu nomymeHun yCIOBHOR
HE3aBUCHMOCTH IPU3HAKOB /
Probabilistic classification using
Bayes’ theorem under the assumption
of conditional independence of

features

MenuuuHCKas: AUarHOCTHKA 110
cumirromam, NLP-3amaqn:
KJIACCU(UKAIUS KIMHUIECKUX
tekcToB / Symptom-based medical
diagnosis; NLP tasks such as clinical

text classification

25




Ipumeuyanune. K[ — snekrpokapauorpamma; NLP (anmi. natural language processing) — obpabotka
ecrectBeHHOro s3pika. ¥ XGBoost / LightGBM / CatBoost. ** JI)KuHM — KpUTepUii HEOTHOPOIHOCTH
Joxuan (arrn. Gini impurity), UCTIONB3yeMbIi IPH TIOCTPOSHUH JIEPEBHEB PEIICHUH.

Note. ECG — electrocardiogram; NLP — natural language processing. * XGBoost / LightGBM / CatBoost.

** Gini impurity — a measure of node heterogeneity used in the construction of a decision tree.

KitroueBbie mpenMyIiecTBa KJIacCHYeCKIX METOJIOB Mepei] HEHPOHHBIMH CETSIMH:

— HHTEPIPETUPYEMOCTh (Bpad MOXKET OOBSCHHUTH KaXIO€ pEIICHHE, COOTBETCTBHE
TpeboBanusiM XAl 6e3 JONOTHUTENBHBIX HHCTPYMEHTOB);

— 3 QeKTUBHOCTh Ha MaJbIX BbIOOpKax (oOyueHue ¢ xopomwuM kagectBoMm oT 200-500
IIPUMEPOB);

— CKOPOCTh (CeKyH/Ibl Ha o0y4yeHHe U nH(pepeHc Jaxe Ha 0OBIYHOM HOYTOYKeE);

— mpocrora BHeapeHus (He TpeOyroT TpaduyuecKoro mporeccopa, padoTarT B

CTAaHAAPTHBIX MEAUIMHCKUX KOMIIBKOTCPHBIX CI/ICTeMaX).

Memoowt I'O (neitponnvie cemu)

Hetiponnsie cetu (Tadu. 4) NpPeBOCXOMAT KIIACCHUYECKHE METOABI IIpH padore C
HECTPYKTYPUPOBAHHBIMH BBICOKOPAa3MEPHBIMH JTaHHBIMU: HW300paKeHUSMHU  (JIepMATOCKOIHS,
peHTreH, rucrosorus), Tekcramu (OMK, knuHMUYecKHe 3aKiIroueHus) U BPEMEHHBIMHU psiiaMu
(OKT, moruTopuHr). IIpuHIMNHATBHOE OTIMYHE — aBTOMAaTHYCCKOE M3BJICUCHUE MPU3HAKOB M3
HEeoOpaOOTaHHBIX, «CBHIPBIX» HaHHBIX (aHMI. raw data), cCOOpaHHBIX HEMOCPEACTBEHHO U3
UCTOYHHKA Oe3 TpaHc(hOopMaIluu, OYUCTKH WIIM arperanud, 0e3 pydHOro KOHCTPYHUPOBAHUS

MPU3HAKOB.

Taoauna 4. MeTonbl ITyO0KOTro 00yueHHs: XapaKTepUCTUKH U IPUMEHEHUE B MEAULINHE

Table 4. Deep learning architectures: characteristics and medical applications

OnTtumanbsHbIE
Apxurekrypa / Kitouessie xapakrepuctuku / Key [Mpumenenune B Meauiune /
nanneie / Optimal
Architecture characteristics Medical applications
data
CeeprouHble GUILTPBI U3BJIEKAIOT JIOKAJIBHbIC
Jepmaronorusi, paxuosiorus,
N3obpaxenns MPU3HAKH, TpaHCPEepTHOE 00yUeHHE OT
THCTOJOTHUS, OPTaTBMONOTHUS /
CNN [40] 2D/3D // 2D/3D ImageNet, Grad-CAM st XAl / Convolutional
) ) Dermatology, radiology,
images filters extract local features; transfer learning

histopathology, ophthalmology
from ImageNet; Grad-CAM for explainability

26




Mzobpaskenns (ripu

OombIioM garacere) /

MexaHn3M BHHUMaHUS 3aXBaThIBACT IT100AIBLHBIN

KOHTeKCT, npeBocxoauT CNN npu >1 M=

I'mcronaronorus, anams MPT ¢
100aTLHBIMH TaTTEPHAMH,

MYJIBTHOpPTaHHAS AeTEKIns /

ViT [40] n3o0pakeHui / Attention mechanism captures i _
Images (large . Histopathology; MRI with
global context; outperforms CNNs when trained _ )
datasets) global patterns analysis; multi-
on >1 million images )
organ detection
JlepmaTocKkomusi BBICILIETO
KJyacca, koHKypebl ISIC, 3anaun
Coueraet mokanpHBIe (CNN) 1 TiTo0anbHBIC
CerMeHTaluH ¢ KOHTEKCTOM /
Mzobpakenwst / (ViT) npusHaku, oOmamaeT HaUBBICIIICH
CNN+VIT [40] . High-performance
Images touHOCcThIO0 / Combines local (CNN) and global
dermatoscopy; ISIC
(ViT) features; achieves state-of-the-art accuracy -
competitions; context-aware
segmentation tasks
OKT, 93I', MOHUTOPHUHT
MonenupyroT BpeMeHHbIe 3apucumoct, LSTM
Bpemennsle psiabl, VHTEHCUBHOMU TEPANHU, TPOTHO3
RNN/LSTM pelraeT npoOieMy 3aTyXaHus IpagucHTa /
tekcr / Time series, cencuca / ECG, EEG, intensive
[41] Model temporal dependencies; LSTM mitigates o _
text o ) care monitoring, Sepsis
the vanishing gradient problem o
prediction
Ananus DMK, renepanus
[MpenoOyuyenre Ha MUJUTMAPAAX TOKEHOB,
Tekcr, 3aKJIFOUYECHUN, BOIPOC-OTBETHBIE
00ydeHue 1Mo HECKOJILKAM MPUMEpaM (aHTIL.
LLM /BERT/ | MmynsTMOnanbHEIE cuctemsl, Med-PaLM 2 / EMR
few-shot learning), mynsruMonanbHOCTh (GPT-
GPT [42] naunblie / Text, analysis, conclusion generation,

multimodal data

4V) / Pretraining on billions of tokens, few-shot

learning, multimodality (GPT-4V)

question-answer systems, Med-

PalLM 2

Mpumeuyanue. CNN (anmi. convolutional neural network) — cBeprounas Heliponnas cetb; ViT (aHri.
vision transformer) — BuzyanbHbIil Tpancopmep; RNN (anmi. recurrent neural network) — pekyppeHTHast
HelipoHHas ceTh; LSTM (anmi. long short-term memory) — gonrast KpaTKocpoyHast mamsath; LLM (aHri.
large language model) — Gombmriast si3sikoBast Mmomenb; BERT (anmn. bidirectional encoder
representations from transformer) — mnpencraBieHHs [BYyHAlpaBICHHOTO KOJMPOBILIUKA U3
tpanchopmepa; GPT (anmt. generative pre-trained transformer) — renepaTuBHBIN MpeIBAPUTETHHO
0aza JaHHBIX

ImageNet — kpynHoMmacmiTaOHas

TpaHchopmep;

n300pakeHUH, co3qaHHast JJIs MCCIICA0BaHUI B 001aCTH BU3YyaJIbHOTO pacro3HaBaHus o0bekToB; Grad-

00y4YeHHBII AHHOTHPOBAHHBIX

CAM (anrn. Gradient-weighted Class Activation Mapping) — MeTOJ BH3yaJlu3alldd BaKHBIX 30H
nzoo0paxkenus; XAl (aunt. Explainable Artificial Intelligence) — 00ObSICHUMBIH MCKCCTBEHHBIM MHTEILIEKT;
GPT-4V — mynsTHMOnENbHAs MOJENh HCKYCCTBEHHOTO HHTeekTa; MPT — MarHuTHO-pe3oHaHCHas
tomorpadusi; ISIC (anrn. International Skin Imaging Collaboration) — MexyHapogHOE COTPYIHUYECTBO
B oOmactu 1u(ppoBOro  M300pakeHUs OKI' - 20I -

KOXU; 3NIeKTpOKapaAnorpadus;
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anekrpo3nnedanorpapus; IMK — smexkrpoHHas MeaunuHCcKas kaprta, Med-PalLM 2 — welipocereBoit
TIOMOIITHUK [ Bpayei.

Note. CNN - convolutional neural network; ViT — vision transformer; RNN — recurrent neural network;
LSTM - long short-term memory; LLM - large language model; BERT — bidirectional encoder
representations from transformer; GPT — generative pre-trained transformer; ImageNet — large-scale
annotated image dataset for visual recognition research; Grad-CAM — Gradient-weighted Class Activation
Mapping; XAl — Explainable Artificial Intelligence; GPT-4V — multimodal artificial intelligence model;
MRI —magnetic resonance imaging; ISIC — International Skin Imaging Collaboration; ECG —
electrocardiography; EEG — electroencephalography; EMR — electronic medical record; Med-PalLM 2 —

neural network assistant for clinicians.

Cpasnumenvnan oyenka écex memooos MO

Ha pucynke 4 npencraBieHo cpaBHeHHe BceX MeTo10B MO (Ki1accH4ecKuX alropuTMOB
U HEHWPOHHBIX CeTeil) M0 MATH KIIOYEBBIM XapakTepucTukaMm. OLEHKa BBIIOJIHEHA I10
TPEXypOBHEBOHM IIKajle (BBICOKAs/CPEAHSIS/HU3KAsI), OTPAXKAIOLICH HKCHEPTHBIM KOHCEHCYC,

OCHOBAHHBIN Ha ONMyOJMKOBaHHBIX JaHHBIX [39, 40, 43—-49].
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KNACCUYECKME METO/bI MO
(TabnuyHble faHHble)

HEAPOHHBIE CETH

(rny6okoe obyyenue)

=
=

TouHocTb ToyHoCTb Ha Pa6ota
Ha n306paXKeHusiX TabNny. faHHbIX C TeKCTOM

¥
:

@a
@I)

Murepnpempye- CKOpOl:Tb
MOCTb o6y4yeHus

JlorucTnyeckas
perpeccus

llepeso
peLLeHuii

CnyyaiiHbiii nec
(Random Forest)

TpapueHTHbIl

6ycTHHT
(XGBoost / LightGBM)

= — — — — —-rpaHuLa —

CNN
(CeeptouHasi HC)

Vision
Transformer
(ViT)

RNN/LSTM

LLM
(BERT / GPT)

Tmbpup
CNN + Transformer

3KcnepTHas oLeHKa:
[ Boicokas / xopowas [} Cpepussi / ymepenHas [0 Huskas / cna6as

Pucynok 4. CpaBHEHHE METOJOB MAIIMHHOTO OOYyYEHUS: KIACCHYECKHE AaITOPUTMBI U
HEUPOHHBIE CETHU I10 KIIFOYEBBIM XapaKTEPUCTUKAM IIPUMEHEHHS B MEIUIIVHE.

CNN (anm1. convolutional neural network) — cBepTouHast HelipoHHas cetb; ViT (anmi. vision transformer)
— Bu3yasibHBIH TpaHcopmep; RNN (anmi. recurrent neural network) — pekyppeHTHass HEHpPOHHAsS CETh;
LSTM (anmn. long short-term memory) — gonrast kparkocpouHast nmamate; LLM (anmn. large language
model) — 6onbmas s3bikoBass moaens; BERT (anrn. bidirectional encoder representations from
transformer) — mpeAcTaBlieHUs IBYHAIIPABIEHHOTO KOoAUpoBInrKa u3 Tpancopmepa; GPT (anr.
generative pre-trained transformer) — reHepaTHBHBIN IpeIBAPUTEIHLHO 00yUSHHBIN TpaHCchOpMep
Figure 4. Comparison of machine learning methods: classical algorithms and neural networks by
key characteristics relevant to medical applications.

CNN - convolutional neural network; ViT — vision transformer; RNN — recurrent neural network; LSTM
— long short-term memory; LLM - large language model; BERT - bidirectional encoder

representations from transformer; GPT — generative pre-trained transformer

2
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Knaccuueckue metoast MO ontuMasibHbl 17151 TAOMUYHBIX CTPYKTYPUPOBAaHHBIX JaHHBIX,
HEHpPOHHBIE CETH — s M300paKeHMid, TEKCTOB M BPEMEHHBIX DPsIOB. [IyHKTHpHas JIHUHUS
paszenser ABa Kiacca MeToAoB. VIHBepTHpOBaHHAs IIKajga 3KCIIEPTHOM OLIEHKH: «BBICOKAsH
03HAYaEeT, 4TO MEeTOA (PPEeKTUBHO paboTaeT MpHU MaJIoM 00beMe OO0yHarOIIUX JaHHBIX, «HU3ZKAs»

— YT0 HeO6XOI[I/IMBI OOJIBIIINE WIJIH OUYEHDL OOJIBIIINE JaTaCCTHhI.

IIpakTnyeckune pexomenaauuu no spidopy merona MO / Practical recommendations for
selecting ML method

Jns paboTel €O CTPYKTYPHUPOBAHHBIMU KIMHMUYECKUMH JaHHBIMHU (J1a00OpaTopHbIE
TmoKasaTeny, aHamHes, jgemorpadus) rpaguentHsiii Oyctunr (XGBoost / LightGBM)? wumm
CIly4aiHBIM JIeC — HaWIydllee COYETAaHME TOYHOCTH M HUHTEPIPETHUPYEMOCTH IPHU MaJBIX
BBIOOpKaX.

JUis MeTUIMHCKUX H300paxxeHuil (Iepmarockonus, peHtreH, ructosnorusi) CNN ¢
TpaHchepTHBIM OOyueHHeM (ceMmeiicTBa cBepTOYHBIX HelpoHHBIX certel EfficientNet, ResNet
(anm. residual neural network) — ontumaneHbIN BIOOpP TpH naracere OT 1 THIC. M300pakeHUi Ha
KJIacc.

Jns BpemenHbix pafgoB (OKI, anekrposnuedanorpadus, MOHUTOPUHI HMHTEHCHUBHOU
tepanur) RNN/LSTM wmm 1D-CNN 103BOJNSIOT y4YUTHIBAaTh BPEMEHHBIE 3aBHCHMOCTH B
KJIIMHUYECKUX CUTHAJIaX.

s HecTpykTypupoBaHHBIX TekcToB (DMK, 3axmrouenusi, anamue3sl) LLM Ha 0aze
BERT/GPT ¢ menunuackuM 1000ydeHHEM MOMOTal0T aHAIM3UPOBaTh KIMHUYECKUE HappaTUBBI.

Jlj1g MynbTUMOJQNIBHBIX 33/1a4 (M300paskeHue + aHaMHe3 + JaHHbIe NAllUeHTa) MOAXOAUT
rudpuanas apxurekrypa CNN+VIT unn menuuuHckue 6a3oBble (QpyHIaMEHTaIbHBIE) MOAEIU

(Med-PalLM 2, GPT-4V), no3Bosisitoliie MHTETPUPOBaTh Pa3HOPOIHbIE HICTOYHUKH JTaHHBIX.

3AKJIIOYEHMUME / CONCLUSION

B crarpe cucTeMaTu3uMpoBaHbl KIIOUEBBIE acneKThl nmpumeHeHuss MM B KIMHWUYECKOH
MEIULMHE U 3IpaBOOXPAHEHHUH, PACCMOTPEHBI UCTOPUUYECKAsT XPOHOJIOTHS, TEPMUHOJIOTMYECKUI
amnmnapar, apXUTeKTypHbIe 0COOEHHOCTH HeHPOHHBIX ceTeil, knaccudukanus cuctem M.

AHanu3 XpOHOJOTHHM TIOKa3bIBaeT, 4YTO pa3BuTue MeauuuHckoro WKW mponuio
Ka4eCTBEHHO pa3JIMYHBIC JTambl: OT JETCPMUHUPOBAHHBIX OSKCIIEPTHBIX CHCTEM C PYYHBIM
xkoaupoBanuem npaswil (MYCIN, 1970 r.) uyepe3 npopeiB I'O, obecriedeHHBIH apXUTEKTYpO

CNN (AlexNet, 2012 1.), k coBpeMeHHbIM MyiabTUMONANbHBIM LLM (Med-PaLM 2, GPT-4V,

2 XGBoost (anri. eXtreme Gradient Boosting) — GHOIHOTEKA ¢ OTKPHITBIM HCXOIHBIM KOJIOM, HCIIOib3yeMas B MO;
LightGBM (anmn. Light Gradient Boosting Machine) — oTkpbITast pactpesiesieHHas miatdopMma Ajis TPaaueHTHOTO
ycunenus B MO.
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2023-2025 rr.). Kaxnaplii mepexos COMPOBOXKAAICSI HE TOJBKO POCTOM TEXHHUYECKOU
IPOU3BOJUTEIBHOCTH, HO M H3MEHEHHEM peryasTOPHOTro JaHmmadTa: MepBOoe aBTOHOMHOE
perynsitopHoe omobpenue (IDx—DR — FDA, 2018 1) u mepBas eBporneiickas arrecranus
aBroHoMHOM cucTtembl (ChestLink — CE Mark, 2022 r.) 3akpenwim npaBoBoit craryc MM kak
MEAMIIMHCKOTO WU3/ICIHSL.

Cucrtemaruzanus TEPMHHOJIOTHYECKOTO ammapara M IpeUIoKeHHAs KiacCu(UKaIus
cucteM MM 1mo OCHOBHBIM KpUTEPHUSIM — MOJAJIBLHOCTH BXOAHBIX JaHHBIX (OJHOMOAAJIbHBIC U
MYJIBTUMOJIAJIbHBIC), KOMUYECTBY Mojesiell (OZHOMOJENbHBIE M MYJIBTUMOJAEIbHBIE), MECTY
pa3BepThIBaHUS (JIOKAJbHBIE U CETEBbIE), a TAK)Ke MO THUIYy MHTErpauud ¥ (pyHKIHOHAIBEHOMY
Ha3HAYCHUIO — POPMUPYIOT YHU(PULIMPOBAHHBIN OMHUCATENBHBIN S3bIK. DTO MO3BOJSIET KOPPEKTHO
XapaKTepu30BaTh, CpPaBHUBATh M OICHUBATh pasznuyHbie pemeHuss WU B peryiasTopHbIX,
KITMHUYECKUX u HCCJIEZIOBATEIbCKIX KOHTEKCTaX. BBenennsie MOHSITUS
«OHOMOJIeNbHAs/MyIbTUMOIeIbHASY, «uHpepeHc», «[1K3» oTpakaroT KIMHUYECKU 3HAYMMbIC
pa3IuuMs MEXIY CUCTEMaMHU U JIOJKHBI BOMTH B CTaHJAPTU3UPOBAHHBIN TEPMUHOIOTHYECKUN
WHCTpYMeHTapuil MeauuuHckoro M.

CpaBHUTENBHBII aHAW3 apXUTEKTyp HEHUPOHHBIX CETeH BBIABHI CICHUATH3AIIIO
kaxaoro tunma: CNN ocraroTcs ONTHUMAalbHBIM BBIOOpOM 7Sl 3aqad  KiacCHU(pUKAUU
MEIMLIMHCKUX H300paKEHUM NpU OrpaHMYEHHbIX oOydaromux BbelOOpkax, LLM — nans
00paboTkn kmmHHYecknx HapparuBoB U DMK, RNN/LSTM — ais MOHHTOpWHTAa BPEMEHHBIX
pSAAOB OMOCUTHANIOB, THOPUAHBIE apXUTEKTYypbl — JUISI BBICOKOTOYHBIX 3a/1a4 C JOCTAaTOYHBIM
o0beMoM HaHHBIX. HU ofHa M3 PacCMOTPEHHBIX APXHUTEKTYp HE SBISIETCS YHHUBEPCAIbHO
ONTUMAJIBHOW, YTO MOJYEPKUBAET HEOOXOAMMOCTh BBIOOpa apXUTEKTYpbl NpU pa3padoTkKe
kinHn4Yeckux MN-cucrem.

®opMUpOBaHUE €IUHOTO TEPMHHOJIOTUYECKOTO MPOCTPAHCTBA U CTaHAAPTU3UPOBAHHBIX
MOJXOJ0B K KiaccupuKaluu, pa3paboTke apXuUTekTyp M Baiumanuu cucreM WU sBrnsercs
HEOOXOAMMBIM  yCJIOBMEM JuIsi UX 0€30macHOro, BOCHPOM3BOAMMOIO U KIMHUYECKHU
3(pPEeKTUBHOTO MPUMEHEHUS B 3[paBOOXpaHeHUHU. JlanbHellnee pa3BUTHE STOTO HAIpPaBIECHUS
TpeOyeT TECHOTO B3aMMOJACUCTBUS KIMHUIIUCTOB, CielUanucToB B obnactu MU, perynsaropHbix

OpraHoOB C LCJIbIO o0OecrieyeHHsI BEICOKOTO CTaHapTa KadueCTBa U 0e30IMacHOCTH BHCAPACMBIX

TEXHOJIOTHH.
HMH®OPMAILIUS O CTATBE ARTICLE INFORMATION
Hoctynuaa: 06.04.2026 Received: 06.04.2026
B nopadorannom Buae: 11.06.2026 Revision received: 11.06.2026
Hpunsara k neyatu: 23.06.2026 Accepted: 23.06.2026
Ony6aukoBana onJaiin: 02.07.2026 Published online: 02.07.2026
BkJiax aBTopoB Authors’ contribution

31




Kopabenbuukos [1.1.: hopmynupoBanue uieH, THIOTE3b, LEIH
UCCIIe0BaHus; pa3paboTKa METOJ0B U IIPOLEeyp; cOOp NaHHBIX;
MpOBEpKa PE3yNbTaToOB, BOCIPOU3BOJMMOCTH; TEOPETUUESCKHUH
aHaJIM3 JaHHBIX; HAYYHOE PYKOBOJICTBO IIPOEKTOM;
OpraHM3alIOHHOE YIIPaBICHHE IIPOEKTOM; PeaKTHPOBAHUE,
JopabOTKa TEKCTa.

JlamotkuH A.J.: pa3paboTka METOIOB U IPOLIEAYP; COOpP TaHHBIX;
yTpaBJeHUE JaHHBIMHU; IIPOBEPKA PE3YIbTATOB,
BOCITPOM3BOIMMOCTH; TEOPETUUECKUH aHAIN3 JaHHBIX;
HaIlMCaHUE IIEPBOHAYAIBHOTO TEKCTa CTaThH; CO3JaHUE
rpauKoOB, CXeM, HILTIOCTPAITHIL.

JlamotkuH U.A.: peqakTupoBaHue, 10pabOTKa TEKCTa.

ABTOpBI IPOYNTAIH U YTBEPIAUIN OKOHYATEIbHBIN BapUaHT
pYKOIIHCH

Korabelnikov D.I.: formulation of the idea, hypotheses and
research objectives; development of methods and
procedures; data collection; verification of results and
reproducibility; theoretical analysis of data; scientific
supervision of the project; organisational management of
the project; editing and finalising the text.

Lamotkin A.L.: development of methods and procedures;
data collection; data management: preparation, verification
of results and reproducibility; theoretical analysis of data;
drafting of the initial text of the article; creation of graphs,
diagrams and illustrations.

Lamotkin [.A.: editing and finalising the text.

The authors have read and approved the final version of
the manuscript

KoHduukT HHTEpECcoB

Conflict of interests

ABTOpLI 3asBJISIOT 00 OTCYTCTBUU KOHqJHI/IKTa HNHTEPECOB

The authors declare no conflict of interests

DuHAHCHPOBAHHE

Funding

ABTOpBI 3asIBISIFOT 00 OTCYTCTBUH (DMHAHCOBOH MOIJIEPIKKH

The authors declare no funding

ITHYECKHE ACHEKTDI

Ethics declarations

Henpumenumo

Not applicable

PaCKpBITl/Ie JAHHBIX

Data sharing

HepBI/I‘IHI)Ie JaHHbBIC MOTYT GLITL MPEAOCTABJICHEI 10
000CHOBAaHHOMY 3aIPOCY aBTOPY, OTBEUYAOIIEMY 32
KOPPECIOHICHIIHIO

Raw data could be provided upon reasonable request to the
corresponding author

KomMenTapuii uzparess

Publisher’s note

Coneprxaniiecs B 3TOH MyOIUKaIUK yTBEPIKICHHS, MHCHUS U
JTaHHBIC OBUTH CO3JJAHBI €€ aBTOPAMH, a HE U3/1aTeICTBOM
HNPBUC (OO0 «MIPBUCy). M3natensCTBO CHUMAET ¢ cels
OTBETCTBEHHOCTb 32 JI000i1 yiiep0, HaHECEHHBIH JIFOIIM UK
UMYILIECTBY B pe3yJbTare UCIOIb30BAHMS JIIOOBIX H/ICH, METOMIOB,
MHCTPYKIHUI WK MPenaparoB, YIOMSHYTHIX B yOIHKALUH

The statements, opinions, and data contained in this
publication were generated by the authors and not by
IRBIS Publishing (IRBIS LLC).

IRBIS LLC disclaims any responsibility for any injury to
people or property resulting from any ideas, methods,
instructions, or products referred in the content

IIpaBa U nNoJTHOMOYHS

Rights and permissions

© 2026 J1.1. Kopabensauxos, A.W. Jlamotkur; OO0 «UPBUCy»
Cratbs B oTkpbITOM Joctyne no auueH3nu CC BY-NC-SA
(https://creativecommons.org/licenses/by-nc-sa/4.0/)

© 2026 D.I. Korabelnikov, A.I. Lamotkin. Publishing
services by IRBIS LLC

This is an open access article under CC BY-NC-SA license
(https://creativecommons.org/licenses/by-nc-sa/4.0/)

JIMTEPATYPA / REFERENCES

1. Faiyazuddin M., Rahman S.J.Q., Anand G., et al. The impact of artificial intelligence

on healthcare: a comprehensive review of advancements in diagnostics, treatment, and
operational efficiency. Health Sci Rep. 2025; 8 (1): €70312. https://doi.org/10.1002/hsr2.70312.
2. Alhejaily A.G. Artificial intelligence in healthcare (review). Biomed Rep. 2024; 22 (1):

11. https://doi.org/10.3892/br.2024.1889.

3. Xie Y., Zhai Y., Lu G. Evolution of artificial intelligence in healthcare: a 30-year
bibliometric study. Front Med. 2025; 11: 1505692. https://doi.org/10.3389/fmed.2024.1505692.

4. Jlamotrkun A.U., KopabenpnukoB J[.M., OmucoBa O.}0., Jlamorkun U.A.

O¢ddexTuBHOCTD MpeaBapuTenbHON AU(QepeHInanbHON TMarHOCTUKH JTOOPOKAaYeCTBEHHBIX U

37I0KaYECTBEHHBIX HOBOOOpPA30BaHUN  KOXKHU

C TMOMOUIbIO MPOTrpamMMbl

HCKYCCTBCHHOTI'O

unTeiekta Derma Onko Check. @4APMAKOOSKOHOMHUKA. Cospemernnas ¢hapmakodIKOHOMUKA

32



https://creativecommons.org/licenses/by-nc-sa/4.0/
https://creativecommons.org/licenses/by-nc-sa/4.0/
https://doi.org/10.1002/hsr2.70312
https://doi.org/10.3892/br.2024.1889
https://doi.org/10.3389/fmed.2024.1505692

u  gapmaxosnudemuonocus.  2025; 18 (2):  261-70. https://doi.org/10.17749/2070-
4909/farmakoekonomika.2025.294.
Lamotkin A.l., Korabelnikov D.I., Olisova O.Yu., Lamotkin I.A. Effectiveness of

preliminary differential diagnosis of benign and malignant skin neoplasms using the Derma
Onko Check artificial intelligence program. FARMAKOEKONOMIKA. Sovremennaya
farmakoekonomika i  farmakoepidemiologiva / FARMAKOEKONOMIKA. Modern
Pharmacoeconomics and Pharmacoepidemiology. 2025; 18 (2): 261-70 (in Russ.).
https://doi.org/10.17749/2070-4909/farmakoekonomika.2025.294.

5. Jlamotkmn A.U., KopabenbuukoB JI.M., Jlamotkmn W.A. u gp. TouHOCTh
[IPEIBAPUTEIbHON JUArHOCTHKU 3JI0KAYE€CTBEHHBIX MEIAHOLUTAPHBIX OIyXOJed KOXHU C
IIOMOIIIbIO MPOTpaMMbl UCKYCCTBEHHOIO MHTeJUIeKTa. Meoduyunckuii eéecmuux I'BKI" um. H.H.

bypoenxko. 2025; 1: 42-51. https://doi.org/10.53652/2782-1730-2025-6-1-42-51.

Lamotkin A.IL., Korabelnikov D.I., Lamotkin I.A., et al. Melanoma check the accuracy of
the preliminary diagnosis of malignant melanocytic skin tumors using the artificial intelligence
program “Melanoma Check”. Medical Bulletin of the Main Military Cinical Hospital named
after N.N. Burdenko. 2025; 1: 42-51 (in Russ.). https://doi.org/10.53652/2782-1730-2025-6-1-
42-51.

6. Jerfy A., Selden O., Balkrishnan R. The growing impact of natural language processing
in  healthcare = and  public  health.  Inquiry.  2024; 61: 469580241290095.
https://doi.org/10.1177/00469580241290095.

7. Turing A.M. Computing machinery and intelligence. Mind. 1950; 49: 433-60.

http://www.jstor.org/stable/2251299.
8. McCarthy J., Minsky M.L., Rochester N., Shannon C.E. A proposal for the Dartmouth

summer research project on artificial intelligence, August 31, 1955. Al Magazine. 2006; 27 (4):
124.

9. Davenport T., Kalakota R. The potential for artificial intelligence in healthcare. Future
Healthc J. 2019; 6 (2): 94-8. https://doi.org/10.7861/futurehosp.6-2-94.

10. Hadzic M., Fetic S., Azizovic E. Application of the expert systems in artificial
intelligence. University Journal of Information Technology and Economics. 2015; 2 (1): 20-6.

11. Rusnok P., Vetterlein T., Adlassnig K.P. Cadiag-2 and fuzzy probability logics. Stud
Health Technol Inform. 2009; 150: 773.

12. Kaggal V.C., Elayavilli R.K., Mehrabi S., et al. Toward a learning health-care system
— knowledge delivery at the point of care empowered by big data and NLP. Biomed Inform
Insights. 2016; 8 (Suppl. 1): 13-22. https://doi.org/10.4137/BI1.S37977.

33


https://doi.org/10.17749/2070-4909/farmakoekonomika.2025.294
https://doi.org/10.17749/2070-4909/farmakoekonomika.2025.294
https://doi.org/10.17749/2070-4909/farmakoekonomika.2025.294
https://doi.org/10.53652/2782-1730-2025-6-1-42-51
https://doi.org/10.53652/2782-1730-2025-6-1-42-51
https://doi.org/10.53652/2782-1730-2025-6-1-42-51
https://doi.org/10.1177/00469580241290095
http://www.jstor.org/stable/2251299
https://doi.org/10.7861/futurehosp.6-2-94
https://doi.org/10.4137/BII.S37977

13. Zhou N., Zhang C.T., Lv H.Y., et al. Concordance study between IBM Watson for
oncology and clinical practice for patients with cancer in China. Oncologist. 2019; 24 (6): 812-9.
https://doi.org/10.1634/theoncologist.2018-0255.

14. Kulikowski C.A. Beginnings of artificial intelligence in medicine (AIM):
computational artifice assisting scientific inquiry and clinical art — with reflections on present
AIM challenges. Yearb Medical Inform. 2019; 28 (1): 249-56. https://doi.org/10.1055/s-0039-
1677895.

15. Krizhevsky A., Sutskever 1., Hinton G.E. ImageNet classification with deep
convolutional neural networks. Adv Neural Inform Proces Syst. 2012; 25: 1097-105.
https://doi.org/10.1145/3065386.

16. Sarvamangala D.R., Kulkarni R.V. Convolutional neural networks in medical image
understanding: a survey. Evol Intell. 2022; 15 (1): 1-22. https://doi.org/10.1007/s12065-020-
00540-3.

17. KopabenbuukoB .M., Jlamorkun A.M. McKycCTBEHHBIN MHTEIJIEKT B OHKOJIOTHU:
MHUPOBOIl ONBIT HCIIOAB30BAaHUS U MNeEpcHeKTUBBl pa3BuTHI. PAPMAKOIKOHOMUKA.
Cogpemennas apmakoskonomuxa u gapmarxosnuoemuonozus. 2025; 18 (3): 437-47.

https://doi.ore/10.17749/2070-4909/farmakoekonomika.2025.302.

Korabelnikov D.I., Lamotkin A.I. Artificial intelligence in oncology: global experience
and future prospects. FARMAKOEKONOMIKA. Sovremennaya farmakoekonomika i
farmakoepidemiologiva / FARMAKOEKONOMIKA. Modern Pharmacoeconomics and
Pharmacoepidemiology. 2025; 18 (3): 437-47 (in Russ.). https://doi.org/10.17749/2070-
4909/farmakoekonomika.2025.302.

18. KopaGenbuuxkoB J.M., Jlamotkun A.JM. MckycCTBEHHbI MHTEJUIEKT B
JIEpMaTOBEHEPOJIOTUU: CPABHUTENBHBIM aHAIN3 NPUMEHSEMbIX IPOTrPaMM KOMIIBIOTEPHOTO
3peHHst Ha OCHOBEe Mojeneil MamuHHOoro obyueHus. @APMAKODKOHOMUKA. Coepemennas
¢ apmarxosxkoHomuxa u g apmaxosnudemuonoausi. 2025; 18 (4): 571-81.

https://doi.org/10.17749/2070-4909/farmakoekonomika.2025.340.

Korabelnikov D.I., Lamotkin A.I. Artificial intelligence in dermatology: a comparative
analysis of computer vision programs based on machine learning models.
FARMAKOEKONOMIKA. Sovremennaya farmakoekonomika i farmakoepidemiologiya /
FARMAKOEKONOMIKA. Modern Pharmacoeconomics and Pharmacoepidemiology. 2025; 18
(4): 571-81 (in Russ.). https://doi.org/10.17749/2070-4909/farmakoekonomika.2025.340.

19. Teng C.W., Patel S.D., Barkmeier A.J., et al. Autonomous artificial intelligence in

diabetic retinopathy testing — lessons learned on successful health system adoption. Ophthalmol

Sci. 2025; 6 (1): 100935. https://doi.org/10.1016/1.x0ps.2025.100935.

34


https://doi.org/10.1634/theoncologist.2018-0255
https://doi.org/10.1055/s-0039-1677895
https://doi.org/10.1055/s-0039-1677895
https://doi.org/10.1145/3065386
https://doi.org/10.1007/s12065-020-00540-3
https://doi.org/10.1007/s12065-020-00540-3
https://doi.org/10.17749/2070-4909/farmakoekonomika.2025.302
https://doi.org/10.17749/2070-4909/farmakoekonomika.2025.302
https://doi.org/10.17749/2070-4909/farmakoekonomika.2025.302
https://doi.org/10.17749/2070-4909/farmakoekonomika.2025.340
https://doi.org/10.17749/2070-4909/farmakoekonomika.2025.340
https://doi.org/10.1016/j.xops.2025.100935

20. Savoy M. IDx-DR for diabetic retinopathy screening. Am Fam Physician. 2020; 101
(5): 307-8.

21. Hedderich D.M., Weisstanner C., Van Cauter S., et al. Artificial intelligence tools in
clinical neuroradiology: essential medico-legal aspects. Neuroradiology. 2023; 65 (7): 1091-9.
https://doi.org/10.1007/s00234-023-03152-7.

22. Singhal K., Tu T., Gottweis J., et al. Toward expert—level medical question answering
with large language models. Nat Med. 2025; 31 (3): 943-50. https://doi.org/10.1038/s41591-024-
03423-7.

23. Tomita K., Nishida T., Kitaguchi Y., et al. Image recognition performance of GPT-
4V (ision) and GPT-40 in ophthalmology: use of images in clinical questions. Clin Ophthalmol.
2025; 19: 1557-64. https://doi.org/10.2147/OPTH.S494480.

24. Palaniappan K., Lin E.Y.T., Vogel S. global regulatory frameworks for the use of
artificial intelligence (AI) in the healthcare services sector. Healthcare. 2024; 12 (5): 562.
https://doi.org/10.3390/healthcare12050562.

25. Sharma S. Benefits or concerns of Al: a multistakeholder responsibility. Futures.
2024; 157: 103328. https://doi.org/10.1016/j.futures.2024.103328.
26. Kufel J., Bargiet-Laczek K., Kocot S., et al. What is machine learning, artificial

neural networks and deep learning? — Examples of practical applications in medicine.
Diagnostics. 2023; 13 (15): 2582. https://doi.org/10.3390/diagnostics 13152582,
27. Choudhary A., Pamidimokkala S., R K., R M.B. Impact of natural language

processing models on diagnosis and decision-making in healthcare, business, education, and

sports: a review. Front Artif Intell. 2026; 8: 1706369. https://doi.org/10.3389/frai.2025.1706369.

28. Mienye 1.D., Jere N., Obaido G., et al. Large language models: an overview of
foundational architectures, recent trends, and a new taxonomy. Discov Appl Sci. 2025; 7: 1027.
https://doi.org/10.1007/s42452-025-07668-w.

29. Simon B.D., Ozyoruk K.B., Gelikman D.G., et al. The future of multimodal artificial

intelligence models for integrating imaging and clinical metadata: a narrative review. Diagn

Interv Radiol. 2025; 31 (4): 303—12. https://doi.org/10.4274/dir.2024.242631.

30. Thongbe E.I, Fouad S., Mahmoud F., et al. Evaluating explainable artificial
intelligence (XAI) techniques in chest radiology imaging through a human-centered lens. PloS

One. 2024; 19 (10): e0308758. https://doi.org/10.1371/journal.pone.0308758.

31. Zhang H., Ogasawara K. Grad-CAM-based explainable artificial intelligence related
to medical text processing. Bioengineering. 2023; 10 9): 1070.
https://doi.org/10.3390/bioengineering10091070.

35


https://doi.org/10.1007/s00234-023-03152-7
https://doi.org/10.1038/s41591-024-03423-7
https://doi.org/10.1038/s41591-024-03423-7
https://doi.org/10.2147/OPTH.S494480
https://doi.org/10.3390/healthcare12050562
https://doi.org/10.1016/j.futures.2024.103328
https://doi.org/10.3390/diagnostics13152582
https://doi.org/10.3389/frai.2025.1706369
https://doi.org/10.1007/s42452-025-07668-w
https://doi.org/10.4274/dir.2024.242631
https://doi.org/10.1371/journal.pone.0308758
https://doi.org/10.3390/bioengineering10091070

32. Rodriguez-Pérez R., Bajorath J. Interpretation of machine learning models using
shapley values: application to compound potency and multi-target activity predictions. J Comput
Aided Mol Des. 2020; 34 (10): 1013-26. https://doi.org/10.1007/s10822-020-00314-0.

33. Vimbi V., Shaffi N., Mahmud M. Interpreting artificial intelligence models: a

systematic review on the application of LIME and SHAP in Alzheimer's disease detection. Brain
Inform. 2024; 11 (1): 10. https://doi.org/10.1186/s40708-024-00222-1.

34. Xie Q., Chen Q., Chen A., et al. Me-LLaMA: foundation large language models for
medical applications. Res Sq. 2024; r1s.3: 1s-4240043. https://doi.org/10.21203/rs.3.1s-
4240043/v1.

35. Rashidi H.H., Pantanowitz J., Hanna M.G., et al. Introduction to artificial intelligence
and machine learning in pathology and medicine: generative and nongenerative artificial
intelligence basics. Mod Pathol. 2025; 38 (4): 100688.
https://doi.org/10.1016/j.modpat.2024.100688.

36. Dubiel M., Barghouti Y., Kudryavtseva K., Leiva L.A. On-device query intent
prediction with lightweight LLMs to support ubiquitous conversations. Sci Rep. 2024; 14 (1):
12731. https://doi.org/10.1038/s41598-024-63380-6.

37. Podgorelec V., Kokol P., Stiglic B., Rozman I. Decision trees: an overview and their

use in medicine. J Med Syst. 2002; 26 (5): 445—63. https://doi.org/10.1023/a:1016409317640.

38. Avram M.F., Lupa N., Koukoulas D., et al. Random forests algorithm using basic
medical data for predicting the presence of colonic polyps. Front Surg. 2025; 12: 1523684.
https://doi.org/10.3389/fsurg.2025.1523684.

39. Langarizadeh M., Moghbeli F. Applying naive Bayesian networks to disease
prediction: a systematic review. Acta Inform Med. 2016; 24 (5): 364-9.
https://doi.org/10.5455/aim.2016.24.364-369.

40. Jlamotkun A.U., Kopabenbaukos J[.M. CBepTouHble HEHPOHHBIE CETH U BU3yallbHbIE
TpaHcopMepbl B JAMATHOCTHKE OITyXOJIEH KOXKU: CpaBHUTENbHBbIN aHainu3 3(dekTuBHOCTH
MoJelNeld  MCKYCCTBEHHOTO  MHTE/UIEKTa B IMPOrpaMMax  KOMIIBIOTEPHOTO  3PEHHS.
DPAPMAKOSKOHOMUKA. Cospemennasn hapmakodsKoOHOMUKa u @hapmaxodanuoemuonrous.
2025; 18 (3): 365-75. https://doi.org/10.17749/2070-4909/farmakoekonomika.2025.327.

Lamotkin A.I., Korabelnikov D.I. Convolutional neural networks and transformers in skin
tumor diagnostics: a comparative analysis of the efficiency of artificial intelligence models in
computer vision programs. FARMAKOEKONOMIKA. Sovremennaya farmakoekonomika i
farmakoepidemiologiva / FARMAKOEKONOMIKA. Modern Pharmacoeconomics and
Pharmacoepidemiology. 2025; 18 (3): 365-75 (in Russ.). https://doi.org/10.17749/2070-
4909/farmakoekonomika.2025.327.

36


https://doi.org/10.1007/s10822-020-00314-0
https://doi.org/10.1186/s40708-024-00222-1
https://doi.org/10.21203/rs.3.rs-4240043/v1
https://doi.org/10.21203/rs.3.rs-4240043/v1
https://doi.org/10.1016/j.modpat.2024.100688
https://doi.org/10.1038/s41598-024-63380-6
https://doi.org/10.1023/a:1016409317640
https://doi.org/10.3389/fsurg.2025.1523684
https://doi.org/10.5455/aim.2016.24.364-369
https://doi.org/10.17749/2070-4909/farmakoekonomika.2025.327
https://doi.org/10.17749/2070-4909/farmakoekonomika.2025.327
https://doi.org/10.17749/2070-4909/farmakoekonomika.2025.327

41. Jagannatha A.N., Yu H. Structured prediction models for RNN based sequence
labeling in clinical text. Proceedings of the Conference on Empirical Methods in Natural
Language Processing. Conference on Empirical Methods in Natural Language Processing; 2016:

856—65. https://doi.org/10.18653/v1/d16-1082.

42. Maity S., Saikia M.J. Large language models in healthcare and medical applications:
a review. Bioengineering. 2025; 12 (6): 631. https://doi.org/10.3390/bioengineering 1206063 1.

43. Jlamotkun A.U., KopabenpuuxoB [.M., Jlamorkun W.A. u nap. Tounocts
NpeABAPUTEIBLHON JHATHOCTHKU JOOPOKAYECTBEHHBIX M 3JI0KAYECTBEHHBIX MEJIAHOIUTAPHBIX
OIyXOJIe KOXH C TMPHUMEHEHHEM IPOrpaMMbl HCKYCCTBEHHOTO HMHTEIUICKTa Ui cMapTQoHa
Derma Onko Check. Meouyunckuii eecmuux I'BKI um. H.H. Bypoeuxo. 2025; 2: 39-48.
https://doi.org/10.53652/2782-1730-2025-6-2-39-48.

Lamotkin A.L., Korabelnikov D.I., Lamotkin L.A., et al. The accuracy of the preliminary
diagnosis of benign and malignant melanocytic skin tumors using the “Derma Onko Check” Al-
based smartphone application. Medical Bulletin of the Main Military Cinical Hospital named
after N.N. Burdenko. 2025; 2: 3948 (in Russ.). https://doi.org/10.53652/2782-1730-2025-6-2-
39-48.

44.  Kopa6enpnukoB J.UW., Jlamorkun AWM. DOddekTuBHOCT,  NPUMEHEHUS
UCKYCCTBEHHOIO HHTEJJIEKTa B  KIMHMYeckod wmenuuuHe. PAPMAKOIKOHOMHUKA.
Cospemennas ¢apmakoskonomuxa u  papmarxosnuoemuonoaus. 2025; 18 (1): 114-24.

https://doi.ore/10.17749/2070-4909/farmakoekonomika.2025.287.

Korabelnikov D.I.,, Lamotkin A.I. The effectiveness of using artificial intelligence in
clinical medicine. FARMAKOEKONOMIKA.  Sovremennaya  farmakoekonomika i
farmakoepidemiologiva / FARMAKOEKONOMIKA. Modern Pharmacoeconomics and
Pharmacoepidemiology. 2025; 18 (1): 114-24 (in Russ.). https://doi.org/10.17749/2070-
4909/farmakoekonomika.2025.287.

45. Brnabic A., Hess L.M. Systematic literature review of machine learning methods used
in the analysis of real-world data for patient—provider decision making. BMC medical

informatics and decision making. 2021; 21(1): 54. https://doi.org/10.1186/s12911-021-01403-2

46. Uddin S., Haque 1., Lu H., et al. Comparative performance analysis of K-nearest
neighbour (KNN) algorithm and its different variants for disease prediction. Sci Rep. 2022; 12
(1): 6256. https://doi.org/10.1038/s41598-022-10358-x.

47. Omar E.D., Mat H., Abd Karim A.Z., et al. Comparative analysis of logistic

regression, gradient boosted trees, SVM, and random forest algorithms for prediction of acute
kidney injury requiring dialysis after cardiac surgery. Int J Nephrol Renovasc Dis. 2024; 17:
197-204. https://doi.org/10.2147/IJNRD.S461028.

37


https://doi.org/10.18653/v1/d16-1082
https://doi.org/10.3390/bioengineering12060631
https://doi.org/10.53652/2782-1730-2025-6-2-39-48
https://doi.org/10.53652/2782-1730-2025-6-2-39-48
https://doi.org/10.53652/2782-1730-2025-6-2-39-48
https://doi.org/10.17749/2070-4909/farmakoekonomika.2025.287
https://doi.org/10.17749/2070-4909/farmakoekonomika.2025.287
https://doi.org/10.17749/2070-4909/farmakoekonomika.2025.287
https://doi.org/10.1186/s12911-021-01403-2
https://doi.org/10.1038/s41598-022-10358-x
https://doi.org/10.2147/IJNRD.S461028

48. Zhang L. Features extraction based on Naive Bayes algorithm and TF-IDF for news

classification. PloS One. 2025; 20 (7): €0327347. https://doi.org/10.1371/journal.pone.0327347.

49. Seo S., Kim K., Yang H. Performance assessment of large language models in
medical consultation: comparative study. JMIR Medical Inform. 2025; 13: e64318.
https://doi.org/10.2196/64318.

Cgenenus 00 aBropax / About the authors

Kopabenvuuxos Januun Heanosuy, k.M.H., noueHt / Daniil 1. Korabelnikov, MD, PhD, Assoc.
Prof. — ORCID: https://orcid.org/0000-0002-0459-0488. eLibrary SPIN-code: 7380-7790.
Jlamomxun  Anopeu Heopesuy, kM.H. |/ Andrey I Lamotkin, MD, PhD — ORCID:
https://orcid.org/0000-0001-7930-6018. eLibrary SPIN-code: 4170-7782. E-mail:

lamotkin.an@mail.ru.

Jlamomxun Heops Anamonvesuu, n.m.H., npod. / Igor A. Lamotkin, Dr. Sci. Med., Prof. —

ORCID: https://orcid.org/0000-0001-7707-441X. eLibrary SPIN-code: 7153-3703.

38


https://doi.org/10.1371/journal.pone.0327347
https://doi.org/10.2196/64318
https://orcid.org/0000-0002-0459-0488
https://orcid.org/0000-0001-7930-6018
mailto:ilamotkin@mail.ru
https://orcid.org/0000-0001-7707-441X

