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LLUTYy4YHMM iHTEeNneKT Ta NaTtosorisa HaCTynHoro
NOKOJNIHHA: WIAX A0 NepCcoHaNni3oBaHOI
MeaAULMHN

OnekcaHap Ayaint2?, O3ap MiHuep!, OkcaHa Cynaesa?

1 HayioHasnbHWE yHIBEpCUTET OXOPOHU 3/10pOB’S YKpaiHu
y

imeHi J1. I. WWynuka, M. Knie, YkpaiHa

2 MeanyHa nabopatopisi CSD, m. KuiB, YkpaiHa

BcTtyn. 3a OCTaHHIi KinbkKa AeCATUNITb, 3aBASKWU Mporpecy B
po3pobui anropuTtMiB, BMNPOBAAXEHHIO AOCTYMHUX obuuncnio-
BaJIbHMX MOTYXXHOCTEN Ta ynpas/liHHIO BeNMKMMUM Habopamm
AaHUX, MeTOAN MALUMHHOIO HaBYaHHSA aKTUBHO YBIMLWAK Y pi3-
Hi ccbepun xuTTa. Cepesn HMX ocobnmBe Micue nocigae rnmboke
HaB4YaHHS, WO 3aCTOCOBYETbCA B HaraTtbox cdepax OXOpPOHMU
300pOB’S | € HEBIA'EMHMM €1eMeHTOM Ta NepeayMOBOO PO3BUT-
Ky umdpoBoi natonorii.

MeTo10 Ornsaay € cmcrtematTmsauia AaHuX Woa0 HassBHUX TEXHO-
norin aHanisy 306paxeHb Ta iIHCTPYMEHTIB MALIMHHOIO HaB4YaH-
Hsl, po3pobaeHnx Aans rMoBHOCNANA0BUX LMDPOBUX 306parKeHb
B NaTosiorii.

Metoam. AHanis nitepaTypu WOAO METOAIB MALUMHHOIMO Has-
YaHHS, AKi BUKOPWUCTOBYIOTb Y MaTosnorii, etanis aBToMaTu3o-
BaHOro aHanisy 306paxeHHs, BUAiB HEMPOHHUX MepeXx, iXHbOro
3aCTOCYBaHHS Ta MOX/IMBOCTEN Yy uMdpoBsiin natonorii.

Pe3ynbtatn. Ha cborogHi po3pobaeHo WMpoKMii cnekTp cTpaTeriin rnMbokoro HaB4YaHHS, AKi ak-
TWUBHO 3aCTOCOBYOTbCS B LMMPOBIiN NaTonorii i MatoTb BiAMiIHHI MOKa3HWKW A4iarHOCTUYHOI TOYHOC-
Ti. OKpiM AiarHOCTUYHUKX pillieHb, iIHTerpauis WTYYHOro iHTENEKTY Y NpaKTUKy NaToMopdosioriyHol
nabopaTopii Haga€ HOBI IHCTPYMEHTM WOAO0 OLiHKM MPOrHO3y Ta NpeauKUii YyTAMBOCTI A0 Pi3HUX

BapiaHTIB NiKyBaHHA.

BucHoBKM. CMHEpris WTYYHOro iHTeNeKkTy Ta umMdpoBoi NaTonorii € KAOYOBUM IHCTPYMEHTOM Nia-
BULLEHHS TOYHOCTI AiarHOCTUKKM, NPOrHO3yBaHHSA Ta peanisauii KoHuenuii nepcoHanisoBaHoi mMe-

OVLMHN.

Knrouosi cnoBa: undpoBa naTosoris, rnmboke HaBYaHHS, HEMPOHHI Mepexi, aiarHocTuka, nep-

COHanNi3oBaHa MeauLUMHa.
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Artificial intelligence and next generation
pathology: towards personalized medicine
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Introduction. With advances in algorithm development over
the past few decades, the introduction of accessible computing
capacities, and big data management, machine learning
methods have entered various fields of life. Among them, deep
learning takes a special position, as it is used in many spheres
of health care and is an integral part of and a prerequisite for
digital pathology development.

Objectives. The purpose of the review was to collect data on
existing image analysis technologies and machine learning tools
developed for the full-slide digital images in pathology.

Methods. Analysis of the literature on machine learning methods
used in pathology, stages of automated image analysis, types
of neural networks, their application and functionality in digital
pathology was performed.

Results. To date, a wide range of deep learning strategies have
been developed, which are actively used in digital pathology, and
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demonstrated excellent diagnostic accuracy. In addition to diagnostic solutions, the integration
of artificial intelligence into the practice of pathomorphological laboratory provides new tools for
assessing the prognosis and prediction of sensitivity to different treatments.

Conclusions. The synergy of artificial intelligence and digital pathology is a key tool to improve
the accuracy of diagnostics, prognosis, and implement personalized medicine concept.

Keywords: artificial intelligence, pathology, deep learning, neural networks, diagnostics,
personalized medicine.
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BcTtyn

3a OCTaHHi Kinbka AecAaTUNiTb 3aBAsKU Mpo-
rpecy B po3pobui anropuTMmiB, BNPOBaOXeEH-
HIO OOCTYMHMUX 0B4YMNCIOBaNbHUX MOTYXXHOCTEN
Ta ynpaBniHHIO BeNWMKMMW HabopaMmu [AaHuX,
MeToAM MalUMHHOro HaByaHHa (MH) akTmBHO
yBiWAn y pi3Hi cpepn xutrta [1; 6; 18; 25].
Cepen Hux ocobnuBe Micue nocigae rnnboke
HaB4daHHs (M'H), Wo 3acTocoBY€ETbCS B 6aratbox
raayssix OXOpOHW 340pPOB’S Ta € HEBIA'€EMHMM
€e/IeMeHTOM i NepeayMOBOIO PO3BUTKY LMdPOBOI
natonorii [18; 29]. Undposa natonoria (LIM) Ha
CbOroAHI BBaXa€TbCsA eheKTUBHUM iHCTPYMEH-
TOM BUPILLIEHHS HU3KUM He TisIbKU OCBITHIX, KOH-
CyNnbTaLiNHUX, @ M KJiHIYHMX 3aBAaHb. Malixe
niscropivyg Tomy Ix. M. TpeBiTT 3 KoMeramMmu
onybnikyBana pe3ysibTaTh WOA0 BUKOPUCTAHHS
KOMMN'IOTEPN30BAHOIr0 aHanisy 3o06paxeHb Kii-
TUH Ta XpoMocoM [24]. Ycyneped CKenTUYHUM
OYiKYyBaHHSIM Ta KPUTULM3MY, BMPOBaAXKEHHS
uMdpoBOi 06pobkM Ta KOMMN'IOTEPHOrO aHanily
306paxeHb OTpuMano 6ypxMBUIA PO3BUTOK i
NONYyNSAPHICTb Yy ranysi UMTONOrYHOI Ta naTori-
CTOJIOMIYHOT AiarHOCTUKMN.

YoMy naTonorisa crtasna 30HOK MPULISIBHOMO iH-
Tepecy Ta nnaugapMoM po3BUTKY LMDPOBUX
TEXHONOrIM B MeauuuHi? MNUTaHHA HEenpocTe i
noTpebye 3BEPHEHHSA A0 MUHYJI0IO Ta PO3YMiHHS
cneumndikm poboTtn natonoris. MaTtonoria € Ha-
Pi>KHUM KaMeHeM NiKyBaHHS OHKOJSI0MYHMX XBO-
pux. NoTpeba B TOUHOCTI FiCTONOrYHOI AiarHoC-
TUKW paKy 3pOCTaE€, OCKiSIbKN NepcoHanizoBaHa
Tepanis paky BMMara€ TOYHOro BU3HAYEHHS Ai-
arHosy, CTaaitoBaHHs Ta ouiHkn 6iomapkepiB. Y
3BMYAMHIN KIHIYHIN NpaKTULUi naTorictosnoriy-
HWUI AiarHO3 I'PYHTYETbCS Ha BidyaslbHOMY pO3-
ni3HaBaHHi, HaMiBKiJIbKICHOMY BMW3Ha4YeHHi Ta
iHTerpauii MHOXWUHHUX MOPMOAOriYHNX O3HaK Y
KOHTEKCTi OCHOBHOIO MpoLuecy 3axBOPHOBaHHS.
Ha cboroaHi, Kno4oBMM 0OMEXEeHHAM AiarHoc-
TUKW TICTONOrYHKMX mnpenapaTiB, 3abapBneHux
reMaToKCuiHOM Ta €eO03MHOM (3ayBaxwuMmo, B
ernoxy TeXHONOorin 06pobKN «BENNKUX AaHUX>»),
€ JNACbKa iHTepnpeTaudia. Ansa niaBuweHHSs
TOYHOCTI AiarHOCTUKM Ta 06’EKTUBHOI y3roaxe-
HOCTI MiX cnocTepira4amMmn 6inbLicTb NaTonoro-
aHaTOMIB HaB4YalTbCa CnigyBaTu MpoCcTuM ae-
peBaM anropuTMiYHUX pilleHb, SIKi 403BONSIOTb
BM3Ha4aTX NaToOriCTO/MOrYHMUI diarHo3 i cTpa-
TUdIiKyBaTM NAUIEHTIB Ha BIiATBOPIOBaHI rpynu
BiANOBIAHO A0 TUNY NYX/MHM Ta ii arpeCcmMBHOCTI
[18]. HaBiTb Matoumn Ui CrpoLweHi anroputmu,
wo 6a3yTbcs Ha biHapHMX BUCHOBKax Ta A0-
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CTaTHbO PI3HMX XapaKTepUCTMKax, po36i>KHOCTI
MiX crnocTepiradamm Bce Lie 36epiratoTbCs, Ha-
BiTb cepej, crieuianicTiB-eKCrnepTiB Y BY3bKUX
cybcnedianizauisx, wWo npuM3BOAUTbL A0 Aia-
FHOCTUYHUX HEBIAMOBIAHOCTEN Ta MOTEHLiMHO
HEeoONTUMaNbHOIO MEHEeAXMEHTY HaAaHHS Me-
ANYHOI OMOMOrn nauieHTam.

Xoya cucTteMaTuMyHe HaB4YaHHA Ta BUKOPU-
CTaHHHA CTaHA4ApTU30BaHMX HACTaHOB ChNpu-
€ rapMoOHi3auii aHaniTMYHOro npouecy Ta
MNiABULWLEHHIO AiarHOCTUYHOI TOYHOCTI, MaTo-
riCTONOriYHMIM aHani3 3a CBOEW CyTTHO 06-
MEXYETbCA MOro Cyb6’eKTMBHOK MPUPOAOK Ta
iHAMBIAYaNbHUMWN BIAMIHHOCTSAMW Yy 30pOBOMY
CNPUIAHATTI, iHTerpauii AaHMX Ta CYAXEeHHSX
MiXK He3anexHuMmm natonoramu. Kpim TOroO,
3a ocTaHHi 50 pokiB y cdepi natoricTronoriy-
HOI giarHoctmkun 6yno 3anponoHOBaHO KinbKa
6anbHMX CUCTEM, SIKi A03BONAKTbL NaTos0roa-
HaToMaMm OLiHIBaTU NYXJIMHM HA OCHOBI IXHbO-
ro 30BHIiWHBOrO BUrAS4Y, Hanpuknaa, cucre-
ma ['nicoHa ans paKy nepeamixypoBoi 3anosm
abo HoTTiHremMmcbka cuctemMa gns OLUiHKM paky
MOJI04HOI 3an03u [11]. Ui cncrtemun € iHdbopma-
TUBHUM iHCTPYMEHTOM OLIHKW reTeporeHHOCTI
3aXBOpIOBaHb Ta HagalTb BaXJ/JIMBY iHGopMa-
Lit0 WOoA0 NPOrHo3y i NpUAHATTS pilleHb Woao
nikyBaHHs. lpoTe gesaki cuctemu, WO noTpe-
6yloTb NpoBeAeHHSs KibKiCHOrO aHanisy, €
3aHaAToO TPYAOMICTKUMMU AN BUKOPUCTAHHSA Y
3BUYANHNX KNiHIYHMX YMOBax.

MapagokcanbHO, ane HaBiTb i3 BUKOPUCTAHHSAM
cTpaTeri MoneKkynsapHoro aHanisy (y npmHum-
ni 6inbw 06’€EKTUBHMX), YacTo iCHYyUi obme-
YKEHHS YCKNaAHIOTb OCTaTOYHY AiarHOCTUKY
abo xapakTepuctnky 6i0N0rYHNUX UYMHHUKIB
npouecy 3axBOplOBaHHSA ANns nepeabayvyeHHs
KniHiyHoro nepeb6iry. Ui npobnemn popaTtko-
BO acouilioBaHi 3 BapiaTMBHICTIO CYNyTHIiX Ai-
arHoCTUYHUX pJocnigkeHb Ta 6iomapkepiB i
4acTo € pe3yNbTaToM BiACYTHOCTI CTaHAapTu-
3auii, a Takox npocTtoposoi Ta / abo yacosoi
6ionoriyHoi HeogHOpIAHOCTI y 3paskax [2].
BapTo TakoX HaronocuTtu, wo binbwictb 6io-
JIOTiYHMX O3HaK, WO BUKOPUCTOBYIOTbCS AN
aHanisy, € NOoCTiINHUMW nepeMiHHUMK, | ans
NPUAHATTS pilleHb 4acTo HeobXiaHMM € 3Be-
OEHHS LMX XapaKTeEPUCTUK A0 KaTeropianbHUX
Ta / abo AMCKpeTHMX BapiaHTiB. TUM He MeHLwue,
BM3HaA4YeHHSA neBHMX bBioMapkepiB 4acTo € oa-
HOBUMIPHUM, SIKICHUM i He BpaxXxoOBY€E CKAaAHYy
CUrHani3auito Ta B3aEMOAII0 MK MYyXJIMHHUMU
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Introduction

With advances in algorithm development over
the past few decades, the introduction of ac-
cessible computing capacities, and big data
management, machine learning methods (ML)
have entered various fields of life [1; 6; 18;
25]. Among them, deep learning (DL) takes a
special position, as it is used in many spheres
of health care and is an integral part of and a
prerequisite for digital pathology development
[18; 29]. Today, digital pathology (DP) is con-
sidered an effective tool for solving a number
of not only educational, consulting, but also
clinical tasks. Nearly half a century ago, J.M.
Previtt with her colleagues published results
on the use of computerized analysis of cell and
chromosome images [24]. Despite sceptical
expectations and criticism, the introduction
of digital processing and computer analysis of
images has gained momentum and popularity
in the field of cytological and histopathological
diagnostics.

Why has pathology become an area of target-
ed interest and a springboard for the develop-
ment of digital technologies in medicine? The
question is complex and requires referring to
the past and understanding the specifics of the
pathologists’ work. Pathology is the stumbling
block for treating oncology patients. The need
for accurate histological diagnosis of cancer is
growing, as personalized cancer therapy re-
quires accurate diagnosis, staging and eval-
uation of biomarkers. According to common
clinical practice, pathohistological diagnosis
is based on visual identification, semi-quan-
titative determination and integration of mul-
tiple morphological markers in the context of
the underlying disease process. Currently, the
key limitation for the diagnosis of hematoxy-
lin and eosin-stained histologic specimens (be
it noted, in the era of “big data” processing
technologies) is human interpretation. To in-
crease the accuracy of diagnosis and objective
concurrence between observers, most pathol-
ogists study to follow simple tree algorithms,
allowing to determine the histopathological
diagnosis and stratify patients into reproduc-
ible groups by the tumour type and its ag-
gressiveness [18]. Even with these simplified
algorithms based on binary conclusions and
fairly different characteristics, there are still
differences between observers, even among
experts in narrow subspecialisations, leading
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to diagnostic discrepancies and potentially
non-optimal management of patient care.

Although systematic learning and the use of
standardized guidelines facilitate harmoniza-
tion of the analytical process and increase di-
agnostic accuracy, histopathological analysis
is inherently limited by its subjective nature
and individual differences in visual perception,
data integration, and judgments among inde-
pendent pathologists. In addition, several scor-
ing systems have been proposed in the field
of histopathological diagnosis over the past 50
years, allowing pathologists to assess tumours
by their appearance, such as the Gleason score
for prostate cancer or the Nottingham sys-
tem for breast cancer assessment [11]. These
systems are an informative tool for assessing
disease heterogeneity and provide important
information on the prognosis and treatment
decisions. However, some systems requiring
quantitative analysis are too labour-consuming
to be used in common clinical settings.

Paradoxically, but even with the molecular
analysis strategies applied (more objective, in
principle), existing limitations often make the
final diagnosis or characterization of the bio-
logical markers of the disease process more
difficult to predict the clinical course. These
problems are further associated with the vari-
ability of accompanying diagnostic studies and
biomarkers often being the result of a lack of
standardization as well as spatial and/or tem-
poral biological heterogeneity in specimens
[2]. It should also be noted that most biolog-
ical traits used for analysis are constant vari-
ables, and decision-making frequently involves
the reduction of these characteristics to cate-
gorical and/or discrete variants. Nevertheless,
the identification of certain biomarkers is of-
ten one-dimensional, qualitative and does not
consider the complex signalling and interaction
between tumour cells, their microenvironment
etc. Thus, in the molecular age, a pathologist
still relies largely on simple approaches to the
decision tree involving only a small portion of
existing knowledge in genomics, transcriptom-
ics, and proteomics.

The introduction and active use of scanners
was a strong driver of DP development, ensur-
ing the digitization of histological specimens.
This has significantly increased the opportuni-
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KNiTUHaMM, IXHE MiKpooToyeHHSA Towo. OTXe,
B MosekynsapHy goby nikap-natonor, Bce e
3HAYHOI MipOI0 MOKIAAAETLCA Ha MPOCTi nNia-
X04M [0 fepeBa pilleHb, SKi BUKOPUCTOBYHOTb
NiMwe He3HayHy 4YaCTUHY HasiBHMX 3HaHb 3 re-
HOMIiKM, TPAHCKPUNTOMIKM Ta NPOTEOMIKMU.

MoTyxHuM apariBepoM po3BuTky LM crano
BMPOBAI)XEHHS Ta aKTUBHE BWUKOPUCTAHHS
CcKaHepiB, Wo 3abe3neunnn oundpyBaHHSA ri-
CTONoriyHUX npenapartis. Lle 3Ha4yHO nowmnpu-
10 MOXMBOCTI LWOAO AUCTAHUIMHMX KOHCY/b-
Taui 3 METOO OTPMMAHHS «APYroi AYMKU>» Mpu
AiarHoCTUUi CKnagHMX BunaakiB Ta poboTu
MYNbTUANCUNNAIHAPHUX KOHCUAiyMiB. Takui
niaxia akTUBHO BUKOPUCTOBYETbLCS, 30Kpe-
Ma MNpu NpoBefEeHHi KOHCyNbTauii Ta HaB4YaH-
Hi Monoamx daxiBuiB y MeanyHinn nabopaTopii
CSD, y TOMy 4uchi i3 3a5y4eHHSAM 3aKopAoH-
HMX ekcnepTiB 3 nabopatopii «Biopticka»
(Yecbka Pecnybnika). Kpim Toro, LIM gossonun-
Na BUPIWKUTN NUTAHHSA apXiBYBaHHS CKerelb,
06MEeXMBLUN PU3NKM IXHBOIO YLIKOAXKEHHS Ta
HadaBLWKM MOX/IMBICTb (POPMYBaAHHS XMapHUX
CX0BMLL UMdpoBMxX npenapaTie. Lle ctano ne-
peayMoBoto TpaHcdhopMauii cnpuiHaTTa LM He
TiINbKN SK MOTYXXHOIO €NeMeHTy OCBITHIX pe-
CypcCiB, @ 1 1K iIHCTpPyMeHTa OTPUMaHHS HOBMUX
3HaHb B MeAWMUWHI 3aranoMm. 3aBasku undpo-
BMM apxiBaM cnangis Kinbka Tucsa4 npenaparis
Ta BiANOBIAHUX pe3yfibTaTiB MONEKYNSpHO-re-
HETUYHUX AOCNIL)KeHb CTanu AOCTYNHUMK ANs

KNACU®IKALIA
TKAHWH/ENEMEHTIB

3ABAHTAXEHHSA
AAHUX

KAIHIYHI AAHI

30BPAXEHHSA
FICTONOIN4MHOT O
MPEMAPATY

Review

LWMPOKOro AO0CTYMy i [OCAiAXEHb, WO CTu-
MynoBanan A0 po3pobku iIHCTPYMeEHTIB aHanisy
umMdpoBMX NpenapartiB.

MoeaHanHa UMM i meToAaiB MalUMHHOMO HaB4YaH-
HS Npu3BEsOo A0 MOWMPEHOro 3aCTOCYyBaHHS
wTty4yHoro iHTenekTy (LWUI) gna aHanisy ricro-
NoriyHux npenapartiB 414 AiarHOCTUYHKUX, Npo-
FHOCTUYHUX, MNPEANKTUBHUX Ta iHWMX KIiHIY-
HO 3Ha4yLWMX Uinen, BK/OYaoUM MigBULLEHHS
edeKTMBHOCTI poboyoro mnpouecy naToricrono-
riyvHoi pgiarHoctuku (puc. 1). ABTOMaTM30BaHe
BUTYUYEHHS] MHOXMHHMX Bi3yasibHUX Ta Cy6Bi3y-
aNlbHMX MOPMOMETPUYHNX 03HAK Ha OCHOBI 3BU-
YarHMX npenaparis, 3abapBneHnx reMaToKcui-
HOM Ta €03MHOM, YCKIAAHIETbCA npobnemMamm
Biabopy 3pas3kiB Ta HEOAHOPIAHICTIO MyXJMHW,
ane MoXe JOMOMOITM MoAosaTM OBMeXeHHS
Ccy6’eKTMBHOI Bi3yanbHOI OLiHKK Ta iHTerpysaTtu
UMCNEHHI BUMIpOBaAHHSA 3 METOK aHanisy cknag-
HOCTI CTPYKTYPHOI opraHisauii TKaHuH. Li ricto-
MaTosOriyHi 0COBMBOCTI MOTEHUIMHO MOXYTb
6yTV BMKOPUCTaHI pasoM 3 iHWKMMK pagionoriy-
HWUMW, FTEHOMHMMW Ta MNPOTEOMIYHUMU Mapame-
TpamMn ans 3abesneveHHs 6inbl 06'€KTUBHOIO,
6araTtoBMMipHOro Ta (yHKLUiOHanbHO BiANOBIA-
HOro AiarHOCTUYHOro pesynbTaTy.

Ha cborogHi po3pobneHi uucneHHi pecypcu
3 umdposoi natonorii Ta ceptudikoBaHi pi-
LWeHHs WTy4yHoro iHTenekty (tabn. 1), cnps-
MOBaHi Ha o06’ekTuBi3auUild0 naToricTonoriy-

AIArHO3, NPOrHO3,
MEPEOBAYEHHA
Blianoeial

HA NIKYBAHHSA

4

MEPEXI FMMTMBOKOr o
HABYAHHHA

PucyHok 1. MocnigoBHiCTb Npoueayp Npy 3acToCcyBaHHI LMdPOBOI NaToNorii ANs BUPILLEHHS KNiHIYHMX 3aBAaHb
(apanToBaHo 3a gxepesiom [16])
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ties for remote consultations in order to obtain
a “second opinion” in the diagnosis of complex
cases and the work of multidisciplinary coun-
cils. Such an approach is actively used, par-
ticularly when consulting and training young
professionals in the CSD medical laboratory,
including with the involvement of foreign ex-
perts from the “Biopticka” laboratory (Czech
Republic). In addition, the DP made it possi-
ble to address the issue of archiving slides, by
limiting the risks of their damage and enabling
the formation of cloud storage for digital spec-
imens. This has become a prerequisite for the
transformation of the DP perception not only
as a powerful element of educational resourc-
es but also as a tool for gaining new knowl-
edge in medicine in general. Owing to digital
archives of slides, several thousand speci-
mens and the respective findings of molecular
genetic testing have become available for the
public and research that stimulated the devel-
opment of tools to analyse digital specimens.

The DP and machine learning methods used
together have led to the widespread use of ar-
tificial intelligence (AI) to analyse histological
specimens for diagnostic, prognostic, predic-
tive and other clinically significant purposes,
including the improvement of histopatholog-
ical diagnosis efficiency (fig. 1). Automated
extraction of multiple visual and subvisual
morphometric features based on convention-

Classification
of elements

Data uploading

Clinical data

y .
4

specimen

Histelogical

Review

al haematoxylin and eosin-stained specimens
is complicated due to sampling problems and
tumour heterogeneity but can help overcome
the limitations of subjective visual assess-
ment and integrate multiple measurements to
analyse the complexity of the structural or-
ganization of tissues. These histopathological
features can potentially be used with other
radiological, genomic, and proteomic parame-
ters to provide a more objective, multidimen-
sional, and functionally relevant diagnostic
outcome.

To date, numerous digital pathology resourc-
es and certified artificial intelligence solutions
aimed at objectifying pathohistological re-
search have been developed (Table 1). Exam-
ples of potential machine learning programs of
high value include a model assessment of rou-
tine diagnostic features of pathological pro-
cesses and diseases, and the ability to identify
new features expanding knowledge about the
disease. The introduction of next-generation
sequencing technologies and the availability
of such data through open-source databases,
such as The Cancer Genome Atlas (TCG) and
The Gene Expression Omnibus (GEQO), have
become an important factor in the develop-
ment of this industry. This not only enhanced
research opportunities in the development of
genomics, transcriptomics, and other “om-
ics” but also helped create powerful models

=N
/'- . Diagnosis,
prognosis,
predicting
response to
therapy

“ Deep learning
networks

Figure 1. The sequence of procedures in digital pathology used to solve clinical tasks (adapted from the source [16])
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Tabanys 1
Cnucok ceptudikoBaHUX pilleHb WITYYHOro iHTENEeKTY ANA KAiHIYHUX piweHb [16]
Hassa CepTtudikauis KniniyHa annikauis
INFINY® CE CKpPUWHIHI paKky npocraTtm
™ CKpUHIHT paky npoctaTtn (1 untaHHA)
GALEN™ PROSTATE CE Pak npocTaTn KOHTPO/b AKOCTI (2 YNTaHHSA)
PAIGE PROSTATE CLINICAL CE CKpWHIHI paKy npocTtaTtu
PAIGE BREAST CLINICAL CE CKpVHIHT paky rpyaen
Deep DX—PROSTATE pro CE CKpUHIHF paky npocTtaTtu

HOoro AgocnigxeHHs. [lMpuknaanm noTeHUInHUX
BUCOKOLiHHMX MporpaM MawWHHOMO HaB4YaHHS
BKJ/1OYATb i MOAEsIbHY OUIHKY PYTUHHUX Aia-
FHOCTUYHMX OCOBIMBOCTEN MATONOMYHUX MPO-
LleciB Ta 3axBOpPOBaHb, i 34aTHICTb BM3Ha4yaTu
HOBi 0CO6MBOCTI, WO PO3LWNPIOKTL YSBIEHHS
npo XBopoby. BaxxnMBMM UYMHHMKOM PO3BUTKY
Li€i ranysi crano BMNPOBaAXXEHHS TEeXHONOril
CeKBeHYBaHHSA HACTYMHOro MOKOJiHHA Ta Ao-
CTYMNHICTb TaKNUX AaHNX Yepe3 6asn 3 BiAKPUTUM
KogoOM — Hanpwuknag, 6a3m gaHnx «The Cancer
Genome Atlas» (TCG) i «The Gene Expression
Omnibus» (GEO). Lle He Tinbkn nownpuno ao-
CNiAHULBbKI MOXIMBOCTI Y PO3BUTKY FEHOMIKH,
TPAHCKPUNTOMIKM Ta iHWKUX <«omics», ane M
CNpusAN0 CTBOPEHHIO MOTYXHUX Moaenen ans
6inblW TOYHOrO MNPOrHo3yBaHHSA paky. [lpoTe
LWBNAKE HAKOMMYEHHS HOBUX AAaHUX Ta po3pob-
Ka HOBITHiX TexHonorin LI notpebye noganb-
woi dopmanizauii Ta cMctemaTusauii TexHoON0-
riv. MeTtoto UbOro ornsay € cucremaTmsauis
iHpopMaU,ii Woao HAassBHMX TEXHOJOTIN aHanisy
306pa)xeHb Ta iHCTPYMEHTIB MALIMHHOINO HaB-
YaHHs, po3pobneHunx creuiasnbHO ANA UMdpo-
BMX 306pakeHb B NaTosioril.

LUndpoBa natonorifa i WUTYYHUA IHTENEKT:
TepMiHonorina

IctopnyHO TepMiH «uUudpoBa naTosoria» 6yB
BBEAEHMN AN BM3HAYEHHS npolecy oundpy-
BaHHS TiCTONOrYHUX CranaiB 3a [A0MoMOrow
nepenoBmx MeToAiB CKaHYyBaHHS TiCTOMOMYHMX
rnpenapaTiB 3 OTpUMaHHAM 306paXkeHb MOBHOIO
cnangy (WSI). Mpote Ha cborogHi LM Habyna
6inbLU FMMBUHHOIO CEeHCY | HaNeXuTb A0 Niaxoais
Ha ocHosi LUI ansa BusaBNEHHs, cerMeHTauii, gia-
FHOCTMKM Ta aHanisy oundpoBaHMX 306paXxKeHb.

LLUTy4yHmn iHTenekT (LWI) — 3aranbHui TEpMIiH,
sakuni 6yno BeeaeHo y npaui MakKapti Ta cni-
BaBTOpiB Yy 1950-x pokax. Lle rany3b iHdop-
MaTUKN, B SIKIN Ha OCHOBI MalUMHHUX NiaAXoAiB
HamaratoTbCs 3pobUTM MPOrHo3, BMXOAA4YU 3
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TOro, WO iHTENEeKT JIIDANHN MOXE BUMHUTU B
aHanoriyHiM cutyauii. 3a OCTaHHIMM AaHUMKU
[9; 13; 19], BukopucTtaHHs TexHonorin LI
npun o6pobui 306paxeHb dparMeHTIB Xipypriy-
HMX Ta 6i0NCINHNUX TKAHWUH MOXYTb AOMOMOITH
nepenbaynTn piBeHb arpecuBHOCTI 3aXBOPHO-
BaHHSA, a OTXXe, BU3HAUYMUTU OMTUManbHUN Ba-
piaHT NikyBaHHS NauieHTa.

Miaxoam MalWMHHOIrO HaB4YaHHSA nepeabaydatoTb
CTBOpeHHS 6a3m paHux ans obrpyHTyBaHHS
AiarHosy Ta opMyBaHHSA NporHosy. [nnboke
HaByaHHA (TH) — ue ocobnueuin niaxig MH,
po3pobneHnin 3aBAsSKN BAOCKOHANEHHIO LWITYY-
HUX HEMPOHHUX MepeX, Ki 6ynu BnpoBaaXeHi
y 1980-x pokax sIK LUTYYHi YSIBJIEHHS MPO Hel-
POHHY apXiTekTypy nwoanHu (tabn. 2).

Mepexa [H 3a3Bu4yalh cknaga€eTbcsa 3 fAe-
KiNIbKOX LWapiB WTYYHMX HENPOHHUX Mepex i
BKJ/IOYAE: BXiAHWUN piBEHb, BUXIOHWUI piBEHb i
Kinbka npuxoBaHux wapis. LikaBo, wo npu-
XOBaHi LWapn TaKOX BUKOPUCTOBYIOTbCA A1
reHepauii HoBMXx 306paxeHb i, Maw4unm [o-
CTaTHIO KiNbKiCTb HaB4YalbHUX MNPUMIPHUKIB,
MOXYTb 6yTM BMKOpPUCTaHi Ans igeHTudikauii
306paxeHb, AKi HaliKpalle po3pi3HSAOTb KaTe-
ropii iHTepecis. MNMepwuM BennkoMacwTabHMM
6araToueHTPOBUM AOCNIAXEHHAM, CNpsMOBa-
HUM Ha MNOPIBHAHHSA AiarHOCTUYHUX MOKA3HU-
KiB MpyY BUKOPUCTaHHI uMdpoBoi natonorii Ta
MiKpockonii 3@ yyacTio nartosioriB 6yno gocni-
IXeHHs Mykxonaaxsan Ta cniBaBTopiB [22]. Le
AOCNIAXEHHS MoKasano, Wo SKiCTb NMepBUHHOI
AiarHocTMkmn 3 oundposaHmMm WSI He nocTy-
natTbCsa MOKa3HMKaM, AOCATHYTUM 3a [0Mo-
MOrol TpaAMUIMHUX NigXoAiB Ha MiKpOCKonii.

BnpoBaaxxeHHs UMdPOBUX CKaHepIB ricTonoriy-
HMX NpenaparTiB 403BONMI0 PO3pobuTK Nigxoam
[0 KinbKicHOI rictomopdoMeTpii npu ctaHaapT-
HOMYy 3abapBJfieHHi remMaToKCUIiHOM Ta €eo03u-
HOM. OCTaHHE [03BOJISIE NPOBECTU AeTaNbHWUM
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Table 1

List of certified artificial intelligence solutions for making clinical decisions [16]

Name Certification Clinical area
INFINY® CE Prostate cancer screening
™ Prostate cancer screening (1st read
GALEN™ PROSTATE CE Prostate cancer quality contgrcgl (2nd re)ad)
PAIGE PROSTATE CLINICAL CE Prostate cancer screening
PAIGE BREAST CLINICAL CE Breast cancer screening
Deep DX—PROSTATE pro CE Prostate cancer screening

for more accurate cancer prognosis. However,
the rapid accumulation of new data and the
development of new AI technologies require
further formalization and systematization of
technologies.

The purpose of this overview is to systematize
the information in the SCOPUS, Web of Sci-
ence bibliographic databases for 2016-2021
on the available image analysis technologies
and machine learning tools developed specifi-
cally for digital images in pathology.
Digital pathology and artificial intelli-
gence: terminology

Historically, the term “digital pathology” was
introduced to define the process of digitizing
histological slides using advanced methods
of scanning histological specimens to obtain
whole slide images (WSI). However, today DP
has gained a more in-depth meaning and be-
longs to the Al-based approaches for identifi-
cation, segmentation, diagnosis, and analysis
of digitized images.

Artificial intelligence (AI) is a general term in-
troduced by McCarthy and co-authors in the
1950s. It is the field of computer science, in
which a prediction is made based on the ma-
chine approaches, having regard to what hu-
man intelligence might do in a similar situa-
tion. According to the latest data [9; 13; 19],
the use of Al technologies in processing im-
ages of surgical and biopsy tissues’ fragments
can help predict the aggressiveness level of
the disease, and therefore, determine the op-
timal treatment option for the patient.

Machine learning approaches involve the cre-
ation of a database to substantiate the diagno-
sis and make a prognosis. Deep learning (DL)
is a special ML approach, developed due to the
improvement of artificial neural networks, in-
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troduced in the 1980s as artificial ideas about
human neural architecture (Table 2).

The DL network usually consists of sever-
al layers of artificial neural networks and in-
cludes an input layer, an output layer and
several hidden layers. Interestingly, hidden
layers are also used to generate new imag-
es and, with a sufficient number of training
materials, can be used to identify images that
best distinguish categories of interest. The
study of Mukhopadhyay and co-authors [22]
was the first large-scale multicentre research
aimed at comparing diagnostic indicators with
the use of digital pathology and microscopy
and the involvement of the pathologists. This
study showed that the quality of primary di-
agnosis with digitized WSI is not inferior to
that achieved with traditional approaches to
microscopy.

Introducing digital scanners of histological
specimens enabled to develop approaches
to quantitative histomorphometry with stan-
dard hematoxylin and eosin staining. The
latter allows for conducting a detailed spa-
tial analysis (e.g., determining the orienta-
tion of the nuclei, assessing heterogeneity
degree of their texture, shape, architecture)
of the entire morphological landscape of the
tumour. However, a mandatory condition for
the identification of these features in quanti-
tative histomorphometry is the need to iden-
tify and segment histological elements (e.g.,
nuclei, glands). This problem is quite complex
and requires thorough research. For exam-
ple, Irshad with co-authors (2014) analysed
numerous works on nuclear segmentation for
histological analysis over the past 20 years
[12]. Xu and co-authors (2011) applied the
idea of active contours to segment individual
glands within histological images of prostate
cancer [38]. Sirinukunwattana and co-authors
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Tabanys 2

TepmiHonoria Ta moaesni NMnbokKoro HaB4YaHHSA, WO BUKOPUCTOBYHOTbCS
y cepi undposoi naronorii

LWTyyHmn iHTenekT (LUI)

Po3gin iHpopmaTnku, cnpssMoOBaHUi Ha BiATBOPEHHS MallMHaAMKU TOro, WO MOXe
3po6bUTU NIOACBKMI IHTENEKT Yy aHaNorivHin cuTyadii.

MawwnHHe HaByaHHS (MH)

Knac metogais LWWI, ae MaWwWmMHM HaBYalOTbLCA Ha BEJIMKUX MacMBax AaHUX Ta

BMKOPWUCTOBYIOTb iX A1 NMPOrHo3y.

'nnboke HaB4aHHA (MH)

TexHonorigs MH, 3acHOBaHa Ha BUKOPUCTaHHI LUTYYHOro NpeacTaB/ieHHS HENPOHHOI
apxiTeKTypu OANHW, BIAOMOI SK WTy4YHA HEMPOHHA Mepexa.

HeripoHHi mepexi (HM)

LLITy4yHe npeacTtaBneHHs HEMPOHHOI apXiTEKTYPU NOANHU, WO XapaKTepU3Yy€ETbCH
HasIBHICTIO AEKiNIbKOX LWapiB, BKOYAOYN BXiA i BUXiA, PO3AiNeHi KiflbkoMa

NMpuUXoBaHMMU WapaMu.

3ropTkoBa (KOHBOJOUiMHI) Hel-
poHHa Mepexa (Convolutional
Neural Network, CNN)

Mogenb H, WO XapaKTepu3y€ETbCA HAABHICTIO KifIbKOX 3roOpTKOBMX LWapiB, AKi

He MOBHICTIO NOB’AA3aHi OAMH 3 iHLWMM He MOBHICTIO @ Me B NeBHUX AiNsHKax

cneun@iyHnx wapis; BOHM B OCHOBHOMY BMKOPUCTOBYIOTLCS A5 y3arajbHeHHS
iHpopMauii ana rnobanbHOro NPOrHO3yBaHHS.

MoBHicTio 3ropTkoBa Mepexa (Fully
Convolutional Network, FCN)

Mogenb MH Wwo xapakTepusyeTbes iEpapXiYHO KOMYHIKALIED MK Pi3HUMK LLapaMn; Taki
MoZesi BUKOPUCTOBYIOTLCS AN BUAINEHHS iHDOpMaLLii, OTpMMaHOI 3 KOXHOro nikcesns.

PekypeHTHa HeMpoHHa Mepexi
(Recurrent Neural Networks,
RNN)

Mogenb NH, sika Ha BigMiHy Big CNN Ta FCN Moxke BpaxoByBaTW BXiAHi AaHi B pi3Hi
MOMEHTM Yacy. Taki Mepexi BUKOPUCTOBYIOTb A1 BUBUYEHHS 3aBAaHHS, sike MoXe
oTpuMaTu BUroAdy Bif AMHAMIYHOIro BHeCeHHs iHdopMallii.

FeHepaTMBHO-3MarasbHa
Mepexa (Generative Adversarial
Networks; GAN)

Mogenb H, sska BUKOPUCTOBYE O4HOYACHO ABi HEMPOHHI MepeXxi: neplua reHepye
AaHi 3 BXoA4y, Apyra nepesipsi€ y3roAXeHHs MidXXK OpuUriHasbHUMK | 3areHepoBaHNUMM
[AHVMUW; BOHM BUKOPUCTOBYIOTHCS A5 3MEHLUEHHS KiTbKOCTi MOMWUIOK.

NpOCTOPOBMIN aHani3 (Hanpuknaa, BU3HaUYeHHS
OpieHTaUii saep, OUiHKa CTYrMeHs rereporeH-
HOCTI TXHbOi TeKCTypu, popMKn, apXxiTekTypwu)
BCbOro MopdonoriyHoro naHawadTy nyxanHu.
OaHak 060B’sI3KOBOK0 YMOBOI A/1s ineHTUdika-
Lii UMX 03HaK Npu KiNbKiCHiM rictromopdgomeTpii
€ HeOobXiAHICTb BM3HAYUTK i CEerMeHTyBaTu Ti-
CTOJIOTiYHI eneMeHTH (Hanpwuknaa, sapa, 3ano-
3u1). s npobnema gocutb cknagHa i noTpebye
KponiTKUX gocnigXeHb. Tak, Hanpuknag Ipwag
Ta cniBaBTOopM (2014) npoaHanisyBanun BenuKy
KinbKicTb pobiT 3 cermeHTauii saep ansa ricro-
JIoriyHoro aHanisy 3a octaHHi 20 pokis [12].
Cion Ta cniBaBTopun (2011) 3acTtocyBanu igeto
aKTUBHUX KOHTYpIB ANS CerMeHTauii OKpeMux
3a103 B MeXax ricTonoriyHmx 306paxeHb paky
npoctatn [38]. CipiHyKkyHBaTTaHa Ta cniBaB-
TOopu (2021) nNpeacTaBuU/IM HOBY CTOXaCTUYHY
Modenb A1 3a7103UCTUX CTPYKTYp Ha 306pa-
XXEHHAX ricTonoriyHmx npenapatie [32]. Mia-
Xif poO3rngafae KoXHy 3ano3uCTy CTPYKTYpY
Ha 306paxeHHi Sk 6araTOKyTHWK, CKNaZeHWUM
i3 BMNaAKOBOI KisIbKOCTI BepLUWH, A& Beplun-
HM NpeacTaBNATb NPUBAM3HI Micus po3Tally-
BaHHSA saep enitenito. Llen nigxia 6yB ycniwHo
3aCTOCOBaHMM AN BUSIBJIEHHS Ta BWJ/IyYEHHS
3aN03UCTUX €/IEMEHTIB Ha FicToNoriyHnx 3o06pa-
KEHHAX HOPMasnbHOI TKaHMHM TOBCTOI KWULUKMK
[32]. OgHak Ao TenepiwHbLOro 4Yacy npobnema
He Ma€ OCTaTOYHOroO BUPILLEHHS.
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ABTOMaTU30BaHUI aHasi3 306pakeHHs:
eTanu Ta BUKJIMKU

CucrteMmn aBTOMaTU30BaHOI AiarHOCTUKK Bigirpa-
IOTb BaXX/IMBY POSb Y AOCNIAKEHHI FCTOMOMYHUX
306paxxeHb Ta AgiarHoctuui. MNpu UbOMY BWKO-
PUCTOBYIOTbCS Pi3Hi MeToan 06pobkn 306pakeHb
Ta komn'totepHoro 3opy (K3) ansa npouecy ce-
rMeHTauii ricronoriyHmx enemeHTiB  (3anos,
sA4ep), po3nizHaBaHHSA BMAy KIiTUH Ta Klacu-
dikauii TKaHMH 3 METOK OTPUMAHHS KiSTbKICHNX
XapaKTepUCTUK, aBTOMATMU30BaHOI OLiHKM FiCTO-
NOoriyHnx 306paxkeHb Ta BM3HAYEHHSI HASIBHOCTI
UM BiACYTHOCTI 3axBoptoBaHHS [39]. MNpu ubomy
MalLUMHHEe HaBYaHHS nNepenbayvac Kinbka KpoKiB.

MonepeaHsa o6pobka 306parkeHb. Llei eTtan
BKJ1tOYAE HOpMai3aLito 3a KoNbopoM Ta 3abapB-
NeHHaM. Lle po3Bonse HiBentoBaTn Bapiabenb-
HICTb 306pa)keHHs, BMKIMKaHY 0COBIMBOCTSIMU
npouecuHry Matepiany Ta 3abapBfieHHs ricTo-
noriyHnx npenaparis. NMpu LbOMY MalLlMHa aBToO-
MaTUYHO BU3HAYa€E MapKepwu 3 Pi3HUMU KOSbO-
paMu 1 TMNaMu i Ans Bi3yanbHOro MOPIBHAHHS
IXHIX NMO3MLiA BMPIBHIOE CYMiXHI 3pi3n TKaHWHMW,
afanTyrouu iX Ao Bisyanizauii 3 TO4HUMU KOJSbO-
paMu 3 ricTonoriyHmx 3o06paxeHnb [20; 23].

HacTynHuMM KpOKOM € po3ni3HaBaHHS Ta ce-
rMeHTauif cTpykTyp. CermeHTtauis 306paxeHb
y uinomy, nogibHo oo knacrtepusadii, € Hemnpo-
CTUM 3aBAaHHSAM BHAC/IAOK reTeporeHHoCTi Ta
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Table 2

Terminology and deep learning models used in digital pathology

Artificial Intelligence (AI)

A branch of computer science in which the machines attempt to emulate what human
intelligence might do in the same situation.

Machine Learning (ML)

A category of AI methods where machines learn by large data sets and use them for
making a prognosis.

Deep Learning (DL)

ML technology is based on the use of artificial representation of human neural
architecture, known as artificial neural networks.

Neural Networks (NN)

An artificial representation of human neural architecture, characterized by the presence
of several layers, including an input and an output separated by several hidden layers.

Convolutional Neural
Network (CNN)

A DL model, characterized by the presence of several convolutional layers which are
not fully connected to each other but only with certain parts of specific layers; they are
mostly used to aggregate information for a global prediction.

Fully Convolutional
Network, FCN

A DL model is characterized by hierarchical communication among different layers; they
are used to highlight information obtained from each pixel.

Recurrent Neural Networks
(RNN)

A DL model, unlike CNN and FCN, can take into account inputs at different time
points; They are used to learn tasks that might benefit from a dynamic contribution of
information.

Generative Adversarial
Network (GAN)

A DL model uses two NN simultaneously: the first generating data from input, the
second checking the agreement between original and generated data; they are used to
decrease the degree of mistakes.

(2021) presented a new stochastic model for
glandular structures in histological images
[32]. According to this approach, each glan-
dular structure in the image is considered as
a polygon composed of a random number of
vertices, where the vertices represent the ap-
proximate locations of the epithelial nuclei.
This approach was successfully used to detect
and remove glandular elements in histological
images of normal colon tissue [32]. However,
the issue is not finally resolved so far.

Automated image analysis: stages and
challenges

Automated diagnostic systems play an import-
ant role in researching histological images and
diagnoses. In this context, various methods
of image processing and computer vision (CV)
are used for the segmentation process of his-
tological elements (glands, nuclei), cell type
recognition and tissue classification to obtain
guantitative characteristics, automated evalu-
ation of histological images and determine the
presence or absence of disease [39]. In this
case, machine learning involves several steps.

Image pre-processing. This stage involves
normalization by colour and stain. This en-
ables to eliminate the variability of the image
caused by the peculiarities of material pro-
cessing and staining histological specimens.
In this case, the machine automatically iden-
tifies markers with different colours and types
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and for visual comparison of their positions
aligns adjacent tissue areas, adapting them to
visualization with accurate colours from histo-
logical images [20; 23].

The next step is the recognition and segmen-
tation of structures. Segmentation of imag-
es in general, like clustering, is a complicated
task due to the heterogeneity and variabili-
ty of structural elements within a single tis-
sue, and all the more in different organs. For
this purpose, the domain of applications must
have segmentation algorithms, using their
own functions and/or algorithmic methods or
learning from large amounts of data [16; 17].

For a number of diseases, especially for ma-
lignant neoplasms, one of the main differ-
ences caused by the molecular mechanisms
of pathogenesis is a change in histoarchitec-
tonics and morphology of nuclei. Therefore,
an important element of the analysis is the
nuclei of cells, since they store genetic infor-
mation and are most susceptible to changes
under pathological processes. Evaluating the
structure of nuclei, in addition to determin-
ing their size and shape, involves the need to
analyse the texture, which varies due to the
chromatin’s granularity. Several methods for
nuclear texture analysis have been proposed,
including methods covered by the analysis of
the Euclidean distance graph, Hough trans-
form (recognition of granularity coefficient for
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BapiabesibHOCTi CTPYKTYPHUX €NEeMEHTIB y Me-
XKax OAHIEI TKAHWHK, @ TMM binblle — B pi3HUX
opraHax. [ns uboro AOMeH Ao4aTKiB MaE Matu
anropuTMm cermeHTaLii, BUKOPUCTOBYOYM BNac-
Hi PyHKUIT Ta / UM anropuTMiyHi MeToan abo Ha-
BYalOUMCb Ha Bennkux obcsarax gaHux [16; 17].

[ns HU3KM 3axBOplOBaHb, 0CO6/IMBO 4715 3105~
KiCHMX HOBOYTBOpPEHb, OAHIED 3 OCHOBHWUX BiA-
MIiHHOCTEN, 3YMOBJ/IEHUX MONEKYISIPHUMN Mexa-
Hi3MaMK NaToreHesy, € 3MiHa ricToapXiTeKTOHIKK
Ta Mmopdornorii aaep. TOMy BaX/IMBUM €N1IEMEHTOM
aHanisy € sapa KNiTMH, OCKiNbKM BOHW 36epira-
IOTb FEHETUYHY iHdOopMaLUito | HanbinbLie niana-
IOTbCSl 3MiHAM 3a YMOB MATONOr4YHUX MPOLECIB.
OuiHOBaHHA CTPYKTYpW s4ep, OKpiM BU3HAYeH-
HSs IXHbOro po3Mmipy Ta opmu, nepeabadae He-
06XiAHICTb MpoBeAeHHS aHanisy TeKCTypu, sika
BapitOE 3@ paxyHOK 3epHUCTOCTI XPOMaTuHY.
3anpornoHOBaHO Kislbka MeETOoAiB Afs aHanisy
TEeKCTYypU s4ep, Y TOMy 4uucii mMeTtoaum, nepen-
6aueHi aHanizoMm giarpamu EBKnigoBoro aiana-
30HY, 3MiHK Xada (po3ni3HaBaHHSA KoediliEHTIB
3EPHUCTOCTI AN TEKCTyp Kpyrnoi cdopmu, wo
BUMara€e BesiMkmx obumcneHs), dinbtpu Jlanna-
CiaHa laycca, i pagianbHy cuMmeTpito. Kpim Toro,
BUKOPUCTOBYIOTb OLHKY FPafi€HTIB Y NMOSSPHUX
Ta rpadiyHMX CKOpPOYEHHsIX, aHani3 rpadikis pe-
rynspwvsauii Towo [18].

AHaOriyHoO 3HAYHiI BUKANKKM Bynn i B cermeH-
Tauil 3a103, OCKiSIbKM OCTaHHiI BapilolTb 3a
dopMoto, po3MipoM, efIoHraui€ro i 3Ha4YHO 3Mi-
HIOIOTbCSA MPU 3HUXKEHHI CTyneHs andepeH-
uitoBaHHa nyxauH [30]. B ocHoBi anropuTtMis
aHanisy 3as103M JIeXUTb BM3HAUYEHHS s4ep Ta
MPOCBITY 3a7103UCTUX CTPYKTYP.

BusHaueHHs 03HaK. HacTynHMM KpoKOM aBTO-
MaTU30BaHOI 06pobku 306paXkeHb € eKCTpakKLis
ocobnmeux o3Hak (diveinn), abo 6iomapkepis.
3p0O3yMifno, WO pPO3BUTOK MATOSIOMYHUX Mpo-
LLleCiB CYnpOBOKYETbCS 3MIHOK CTPYKTYp i Ui
CTPYKTYPHi aTpubyTn € BaxnuBuMU ANns Aia-
FHOCTWKM 3axBOpOBaHb. Hanpuknag, KapumHo-
Ma XapaKTepuU3yeTbCA aHOMasIbHUM POCTOM, LLO
NnpUBOAMTbL A0 3POCTaHHSA LWiNbHOCTI s4ep, 3MiHU
IXHiX po3MipiB Ta CTpyKTypu abo BeSMKOI Kifb-
KOCTi MITOTUYHUX KJTITUH Ha HEBENUKIN AinsHuj,
SIKi MOXXYTb 6yTM BM3HA4YeHi aBTOMaTU30BaHMMM
MeToaamu. NoyaTKoBMN nepenik 03Hak dhopMmy-
€TbCS1 HA OCHOBI AecKkpunTopiB (onuciB) ekcnep-
TiB pi3HMX rany3ein natonorii [28]. Li o3Hakwy,
abo kpuTtepii giarHocTMkKn, pasom 3 Giomapkepa-
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MU € OCHOBHMMMU iIHCTPYMEHTaMU Y NpakTuui na-
TOrCTONOrYHOI AiarHOCTUKN. B Mexax nepcoHa-
ni3oBaHoi MeamuuHM 6ioMapKepoM BBaXaETbCS
byab-saka iHdopMauisl, sika BMKOPUCTOBYETbCS
ANa po3nisHaBaHHA neBHOI niarpynu 6inbLioi
CYKYMHOCTI 3 AiarHOCTUYHUMM, NPOrHOCTUYHUMM
Ta / abo NpeauKTMBHUMKU. ACKpaBMMM Mpukna-
namn 6iomapkepiB € peuenTopu A0 eCTPOoreHy
Ta nporectepoHy, Ki67 Ta HER2/neu, siki no3Bo-
NATb BU3HAYUTU MOJIEKYNSPHUMIA MNIATMN paKy
MOJI0OYHOI 3an03u. Ekcripecia umx heHoTUnoBmx
NOKa3HMKIB A03BOJISE NpaBW/IbHO NigibpaTtn ni-
KyBaHHS Ta nepeabayntn pesynbTaT NaUIEHTIB,
XBOPUX Ha pak MOJIOYHOI 3a103MK.

3a oCTaHHi gBa pecatunitTTa 6yno BUABMEHO
3HAYHYy KiNbKiCTb iHWKX GiomapkepiB (KNiTUH-
HUX, CYBKMITUHHMUX, MOMEKYSPHMX) Y NEBHUX
pisHOBMAax paky (MyXJaWHHI KNiTUHI, acouino-
BaHi 3 pakKOM iMYyHHIi K1iTMHK TOWwoO) [14; 31].
BusHaueHHs 6iomapkepiB Ha ocHoBi LLI nepea-
6aua€e 3aBaHTaXXeHHs AaHuX (Benukoi 3a obcs-
roM KoJsiekuii KNiHiYHUX AaHnx Ta uMdpoBuX 30-
6paxeHb) [20]. LUI Moaenb BUBYAE ONTUMasibHi
O3HaKM A1 HAMKpaLoro po3noainy karteropii
iHTepecy 6e3 nepegicHytouMx npunyweHb. Ha
BMXoAi knacudikaTop noBepTae iHdopMauio
LWOA0 3HAYYLOro KAiHIYHOro BMAMBY, NPOrHO3Y
Ta npeaukuii Bianosiai Ha nikyBaHHSA [5].

Baxunmeo, wo anroputmu LI fo3BONAIOTL BUAB-
natv iHdopMalito, aKy irHOpye NtoACbKMIA 3ip, Ta
BWUKOPUCTOBYBATU Ui AaHi ANS MpOrHO3yBaHHS.
3acTtocyBaHHs LI 403BONSIE HE TiNbKKX MoAinNWwu-
TV AiarHOCTUKY, a  NnepeabayunTy peakuito Ha ni-
KyBaHHS, HasIBHICTb COMaTM4YHMX MyTauin [8] Ta
CMNpOrHo3yBaTh BMXMBAHICTb nauieHTis [33; 37].

Knacudikauisa crpyktyp. Baxnuesum ene-
MEHTOM UMGPOBOI NATONOrIi € TaKOX po3pobka
anroputMmiB Ta yHKUIOHaNbHUX NigxoAdiB Ans
aBTOMaTM30BaHOI Knacudikauii TKaHMH i CTpyK-
TYyp. Knacudikauito CTpyKTyp MOXHa MoOKpa-
LWKMTKN, BMOpaBLWM BiANOBIAHI AINSAHKN — 30HMU
iHTepecy, NpM4YoMy iXHiln BMGIip nepLio4yeproso
'PYHTYETbCA Ha 3aBAaHHAX MNATOriCTONOrYHOI
[iarHOCTUKM, WO BK/IHOYaOTb BU3HAYEHHS po3-
Mipy NYX/IMHW, FICTONOMYHOrO TUNY Ta NiaTuny,
XapaKTepHUX O3HaKu, CTyneHs andepeHuiadii,
@ TaKOX HasBHICTb NimMdoBacKynspHoi iHBasil
Um 3anyyeHHs niMdaTnyHux By3niB [36]. Kpim
TOro, CTaH KpaiB pe3ekuii Ta fnimgpoumTapHa iH-
dinbTpauia Takox MOXYTb 6yTM NPOrHOCTUYHO
BaXIMBUMUM UYMHHMKaMK [6; 54]. BpaxyBaHHS
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round-shaped textures requiring large calcu-
lations), Laplacian of Gaussian Filters, and ra-
dial symmetry. In addition, evaluation of gra-
dients in polar and graphic abbreviations and
analysis of regularization graphs are used,
etc. [18].

Significant challenges were similarly faced in
the segmentation of glands, as the latter vary
in shape, size, elongation and change signifi-
cantly with decreasing the differentiation de-
gree of tumours [30]. The gland analysis al-
gorithms are based on the determination of
nuclei and lumen of glandular structures.

Identification of features. The next step of
automated image processing is the extraction
of special signs (features) or biomarkers. It
is clear that the development of pathologi-
cal processes is accompanied by a change of
structures, and these structural attributes are
important for the diagnosis of diseases. For
example, carcinoma is characterized by ab-
normal growth, leading to an increase in the
density of nuclei, changes in their size and
structure, or a large number of mitotic cells
on a small area that can be determined by au-
tomated methods. The initial list of features is
formed based on descriptors (description) by
experts of various pathology branches [28].
These features or diagnostic criteria, togeth-
er with biomarkers are the main tools in the
practice of histopathological diagnosis. Within
personalized medicine, a biomarker is consid-
ered to be any information used to identify a
particular subgroup of a larger set of diagnos-
tic, prognostic and/or predictive biomarkers.
Bright examples of biomarkers are oestrogen
and progesterone receptors, Ki67 and HER2/
neu, enabling to determine the molecular sub-
type of breast cancer. The expression of these
phenotypic parameters allows choosing the
right treatment and predicting the outcome
for patients with breast cancer.

Over the last two decades, a significant num-
ber of other biomarkers (cellular, subcellu-
lar, molecular) have been detected in certain
cancer types (tumour cells, cancer-associat-
ed immune cells, etc.) [14; 31]. Determining
Al-based biomarkers involves data loading (a
large-volume collection of clinical data and
digital images) [20]. The AI model studies
the optimal features for the best distribution
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of the interest category without preconceived
assumptions. At the output, the classifier re-
turns information on the significant clinical
impact, prognosis and prediction of response
to treatment [5].

AI algorithms must allow detecting informa-
tion ignored by human vision and use this data
for prediction. Not only does the use of AI help
improve the diagnosis, but also predict the re-
sponse to treatment, the presence of somatic
mutations [8] and foresee the survival rate of
patients [33; 37].

Classification of structures. The develop-
ment of algorithms and functional approach-
es to automated classification of tissues and
structures is also an important element of dig-
ital pathology. The classification of structures
can be improved by selecting appropriate ar-
eas — ranges of interest; along with this, their
choice is primarily based on the tasks of his-
topathological diagnosis, including determina-
tion of tumour size, histological type and sub-
type, characteristic features, differentiation
degree, and the presence of lymphovascular
invasion or lymph node involvement. In addi-
tion, the condition of the resection edges and
lymphocytic infiltration can also be important
factors in terms of prognosis [6; 54]. Taking
into account these numerous features allows
for multifactor image analysis, affecting ulti-
mately the results’ accuracy [5].

Quantitative trait modelling works for tissue
classification in the context of digital pathol-
ogy can be classified into two general cate-
gories — manual trait identification and ap-
proaches based on uncontrolled trait selection
[30]. In general, man-made functions are
those that can be associated with specific
measurable attributes in an image and have
some degree of interpretation. Uncontrolled
approaches to functions, such as deep learn-
ing methods, are less intuitive and rely on
filter responses requiring a large selection of
training cases to characterize and model the
appearance of the image [18].

Both categories (manual and uncontrolled ap-
proaches) have strong and weak points. Man-
made functions usually ensure greater trans-
parency, therefore, they can be more intuitively
grounded for the end-user — a pathologist or
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LMX YNCIEHHNX O3HaAK A03BONSE nposectn 6a-
ratodakTopHUIA aHanis 306pa)eHb, Wo B Nia-
CYMKY BMJIMBAE Ha TOYHICTb pe3ynbTaTiB [5].

Po60TK 3 KifIbKICHOro MoAentoBaHHSA O3HaK Ans
Knacudikauii TKaHMH Y KOHTEKCTi undpoBoi na-
ToN0rii MOXHa KnacudikyBaTn Ha ABi 3arasbHi
KaTeropii — py4yHe BM3HAYeHHS O3HaK Ta nigxo-
AV Ha OCHOBI HEKOHTPOJIbOBAHOIO BiAbopy 03HaK
[30]. 3aranom pyKkoTBOpHI YHKLII HanexaTtb A0
TUX, SKi MOXYTb 6YTN NOB’A3aHi 3 KOHKPETHUMMU
BUMiptOBaHMMM aTpubyTamMn Ha 3006pakeHHi Ta
MaloTb MEeBHWI CTyMiHb iHTepnpeTauii. Henig-
KOHTPOJbHI nigxoan Ao dyHKLUiN, SK-OT METOAM
rMMBUMHHOINO HaBYaHHS, MEHL iHTYITMBHI Ta No-
KnagarTbCs Ha BignoBiai ginbTpiB, WO BuMara-
IOTb BENMKOI BMOIpKM HaB4YaNbHMX KeEWCiB AN
XapaKTepUCTUKM Ta MOAENOBAHHSA 30BHILLUHLOIO
BUrnsaay 3o06paxxexHHs [18].

3po3yMino, Wo B 060x kaTeropin (py4yHMx Ta He-
KOHTPO/IbOBaHMX MiAXOAiIB) € CWIbHI Ta Cnabki
CTOpPOHMW. PyKOTBOpPHiI (YHKLii 3a3BMyal 3abes-
neyyoTb 6inblly NPO30PICTb, OTXE, MOXYTb OyTH
6inblW iHTYITMBHO-06I'PYHTOBaHMMM ANs KiHLUe-
BOrO KOpMCTyBaya — mnatosiora abo KiHiuMcCTa,
3aneXxHo Big 06CTaBuH. 3 iHWOro 60Ky, GyHKLUIi,
HEKOHTPO/IbOBAaHO BM3HA4YeHi JOMEHOM, MOXYTb
34aBaTUCS CKIAAHILWLMMWN AN PO3YMiHHS, OCKifb-
KM BOHM BKJ/OYalOTb 6inbw dyHAaMeHTanbHi,
npoTe He 3aBXAW BWAMMI O3HaKM, MOB'A3aHi 3
NMpMpoAOoHD 3aXBOPHOBAHHSA Ta MOro Mopdosoriy-
HMMU NposiBaMn y TKaHWHaxX [17]. BukopucraHHs
MeToAiB rMMBOKOro HaB4YaHHS Ha OCHOBI reHepy-
BaHHS QYHKLi 03Ha4ag, Lo X MOXHa LUBMAKO Ta
eeKTMBHO 3acTocoByBaTU A0 6yab-saKoi chepu
abo npobnemn. MpoTe nNpu LbOMY € CKAaAHOLLI
3 IXHbOIO iHTepnpeTauien. Ha cborogHi Aoknage-
HO 6araTo 3ycunb, Wo6 3HalTM cnocobu noB's-
3aTn TpaHcdOpMOBaHi nNapameTpu 06’exTiB (Taki,
SIKi MOXHa OTpMMaTK 3a AO0MOMOroK rNB6UHHO-
ro HaB4YaHHSA) 3 aTpubyTamm py4dHoi pobotm [10;
40]. Mowyk wnaxiB cMHeprii ABOX rpyn nigxoais
[0 MoJesntoBaHHS O3HaK MOXe HaaaTu igeanbHe
NOEAHAHHS y3arasbHEeHHS Ta iHTeprnpeTabenbHO-
CTi ANsi XapaKTepUCTUKKN Ta MOAetOBaHHS 3aXBO-
ptoBaHb Npu LMGpPOoBIA naToorii.

Y 6yab-KOMY pasi, JOCATHEHHS Yy cdepi und-
pOBOI nMaTonorii 4O03BONATbL BUPILLYBATU HU3-
Ky 3aBAaHb, aKTyaslbHWUX i ANs naTonoris, i
ANa KNiHiuncTiB. [Jo HUX HanexaTb:

e OUiHKa AiarHOCTUYHMX O3HaK;

e BM3HAYEHHS MMOBIPHOCTI 3aXBOPIOBaAHHS;
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e OUiHKa CTyneHs andepeHuitoBaHHSA NyXINH
(rpenanHr);

e AndepeHUitoBaHHI FiCTONOMNYHNX TMNIB paKy;
ineHTUdikauis HoBMX ocobMBOCTEN / 03HAK
3aXBOPIOBAHHS;

MPOrHO3yBaHHSA pe3ynbTaTty;
nepenbadeHHs peunamsy;

e MpeanKLisa CTaTyCcy reHHMX MyTauii.

Fnn6oke HaBYAHHA: BUAN HEMPOHHUX Mepex
Ta iXHE 3acTocyBaHHSA y undpoBsiii natonorii
FnMnboke HaBYaHHS HanNeXxmTb 40 Habopy KoMn'to-
TepHMX Mogenen, §Ki HeloAaBHO CTasu BMKO-
PUCTOBYBaTUCS A1 AOCArHEHHs 6e3npeueneHT-
HOro Nporpecy B aHanisi 306paxxeHb. Ha cboroaHi
anroput™Mn TH gocarnm edheKTUBHOCTI Ha PpiBHI
eKcrnepTiB y BUABMEHHI MeTacTasiB paky MOJou-
HOI 3211031 B NiMaTUYHI BY3/IM, KOJTOPEKTaNbHNX
KapuuHoMax Ta NpoAeMOHCTpyBasi BUCOKY TOY-
HICTb MPW CKPUHIHIY paKy NpocTaTu, OUiHLI paky
rpyaHoI 3an03M, CeYoBOro Mixypa, WNyHKa, Wn-
TOBMAHOI 3an03u Ta iH. [4; 7; 11]. Metoan rnun-
60KOro HaBYaHHS IPYHTYHOTbCS HA BUMKOPUCTAHHI
Pi3HMX BapiaHTiB HEMPOHHUX MepeX (puc. 2).

KoHBonwouiHi (3roptkoBi) HEMpOHHI Me-
pexi. Ha cborogHi Halbinbw nowunpeHuM me-
T0A0OM H B uUMdpOBiIN naTtonorii € 3ropTKOBI
HeMpoHHi Mepexi (aHrn. convolutional neural
network, CNN). CNN npwu3sHadeHi ana aHanisy
HeobpobneHux gaHux y Burnsagi 6esniui macum-
BiB, SIK-OT KOSIbOPOBi 306pa)keHHs. IxHa apxi-
TekTypa 6yna po3pobneHa Ha OCHOBI CTPYKTYpWH
30p0OBOi KOpM MO3KY noanHn [17]. Ana gocsr-
HEeHHS uinen knacudikauii 306paxeHb (Hanpu-
Knag, nyxjavHa ue 4um Hi) abo ineHTudikauii
06’ekTiB, CNN npoxogaTb HaB4YaHHS Ha Habo-
pax AaHWUX 3 nonepeaHbo BiAOMUM pe3ysibTaToM
[26]. HaBuaHHs sikicHMx CNN BMMarae BeMKnx
HabopiB AaHMX AN HaBYaHHSA, TeCTyBaHHSA Ta
nepesipkn [21]. Ona KOHTPO/SbOBAHOro Has-
YaHHS, Takoro, sk knacmdikauis 306paxeHb, Li
AaHi NoTpibHO MapKyBaTu BianoBigHO Ao 6axa-
Horo pesynbtaTy. barato CNN, L0 BMKOPUCTO-
BYIOTbCS 4151 rNMboKOoro HaB4YaHHS B LM pPOBIl
naTtonorii, cnoyatky 6ynu po3pobneHi ansa Bu-
siB/IeHHs1 06’eKTiB Ta knacudikauii 306paxeHb B
Mexax 3aBaaHHs ImageNet [17]. ImageNet —
Le aHoToBaHa 6as3a AaHuX, WO MIiCTUTb MOHaA
MiNIbMOH HeMeau4yHuX 306paxkeHb, Ha OCHOBI
SKUX po3pobnsnncs Bce edeKTUBHIWI Mepexi
CNN pns pisHOMaHITHMX 3aBAaHb knacudika-
uii Ta po3nisHaBaHHS 306pa)keHb. AHaNOriYHi
CNN cborogHi akTMBHO 3aCTOCOBYIOTb A0 3a4ay
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a clinician, depending on the circumstances.
On the other hand, functions, uncontrollably
determined by the domain, may seem more
difficult to comprehend because they include
more fundamental, however not always visible,
features related to the nature of the disease
and its morphological manifestations in tissues
[17]. The use of deep learning methods based
on function generation means that they can be
applied quickly and efficiently to any sphere
or problem. However, difficulties with their in-
terpretation exist. To date, many efforts have
been made to find ways to associate the trans-
formed parameters of objects (those that can
be obtained through deep learning) with manu-
al work attributes [10; 40]. Searching for ways
of the synergy of two groups of approaches to
modelling features can provide an ideal combi-
nation of generalization and interpretability to
characterize and model diseases in the event of
digital pathology.

In any case, achievements in digital pathology

allow us to address a number of problems rel-

evant to both pathologists and clinicians. They

include:

e assessment of diagnostic features;

e determining the probability of the disease;

e assessment of the differentiation degree of
tumours (grading);

o differentiation of histological cancer types;

¢ identification of new features/signs of the
disease;

e prediction of the outcome;

e prediction of recurrence;

e prediction of the gene mutations status.

Deep learning: types of neural networks
and their application in digital pathology
Deep learning belongs to a set of computer
models that have recently been used to make
unprecedented progress in image analysis. To
date, DL algorithms have reached efficiency
at the expert level in detecting metastases of
breast cancer to lymph nodes, colorectal car-
cinomas, and have demonstrated high accura-
cy in screening prostate cancer, breast cancer,
bladder, stomach, thyroid cancer and others.
[4; 7; 11]. Deep learning methods are based
on the use of different neural networks’ vari-
ants (fig. 2).

Convolutional neural networks. Today, the
most widely used method of DL in digital pa-

81

Review

thology is convolutional neural networks (CNN).
CNN are designed to analyse unprocessed data
in the form of multiple arrays, such as colour
images. Their architecture was developed
based on the structure of the visual cortex of
the human brain [17]. For image classification
(for example, to determine whether it is a tu-
mour or not) or the identification of objects,
CNN are trained on data sets with a previous-
ly known outcome [26]. Quality CNN training
requires large data sets for learning, testing,
and validation. For controlled learning, such as
image classification, these data need to be la-
belled according to the desired outcome. Many
CNNs used for deep learning in digital patholo-
gy were originally developed to detect objects
and classify images within the ImageNet task
[17]. ImageNet is an annotated database with
over a million nonmedical images, based on
which increasingly efficient CNN networks were
developed for a variety of image classification
and recognition tasks. Similar CNNs are now
actively used to solve digital pathology tasks,
as well as to develop new algorithms [3].

Another advantage of using CNN for new tasks
is the ability to use transfer learning based
on previously learnt CNNs to perform a new
task. This means that not all CNN levels need
retraining and adequate performance can be
achieved with smaller data sets.

The availability of digital sets of histological
images in combination with clinical and mo-
lecular data has led to an increase in the num-
ber of studies evaluating the effectiveness of
CNN on digitized slides. Such data sets include
the Cancer Genome Atlas (TCGA) and the
Genox-Tissue Expression (GTEx) project. The
tasks assigned to CNN were multiple, includ-
ing prediction of clinical outcome and response
to therapy, identifying molecular features, etc
[3], and showed optimistic results. Although
all CNNs have similar characteristics, they dif-
fer from each other in their architecture, in-
cluding size, sequence, number of layers and
filters, number of parameters, and connec-
tions between CNN layers [33]. Consequent-
ly, there are significant divergences between
different CNNs in terms of computational effi-
ciency and performance parameters [3].

To date, most published works used CNNs
with relatively shallow architectures (2 to 8
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PucyHok 2. BapiaHTu Mofenen Ta apxiTeKTypu HEMPOHHUX MepeX sIKi BUKOPUCTOBYOTLCS ANS pilleHHS pi3HUX 3aBAaHb
umdposoi natonorii (aaantToBaHo 3a axepesiom [33])

V)

umMdpoBoi natosorii, B TOMy 4YuCni N gnas pos-
pobku HoBUX anroputmis [3].

LLle oaHieto nepesaroto 3actocyBaHHs CNN
0719 HOBUX 3aBAaHb € MOXJ/IMBICTb BUKOPUCTO-
ByBaTM TpaHchepHe HaB4YaHHSA, CnMpar4vncb
Ha paHiwe HaB4yeHi CNN ans BUKOHaHHS HOBO-
ro 3aBgaHHs. Lle o3Havae, wo He BCi piBHi CNN
noTpebyoTb MOBTOPHOrO HaB4YaHHSA, a adek-
BaTHa MPOAYKTUBHICTb MoXe 6yTun pgocarHyTta
3a AOMOMOrok MeHWwux HabopiB gaHuX.

HasaBHicTb umMdpoBmMXx HabopiB riCTONOMYHUX 30-
OpakeHb Yy MOEAHAHHI 3 K/IHIYHMMM Ta MOJEKY-
NAPHUMN JaHUMKW NPU3BENN A0 3POCTaHHA KiNb-
KOCTi JocnigXeHb 3 ouiHkn edekTnBHocTi CNN
Ha oumdpoBaHux crnangax. Taki Habopu AaHux
BKJIOYatoTb ATnac reHoMy paky (TCGA) Ta NpoekT
«Genox-Tissue Expression» (GTEx). 3aBaaHHS,
npusHayveHi CNN, 6ynn pi3HOMaHITHUMK, BKJItO-
YaroUum NPOrHO3yBaHHS KJTiHIYHOro pe3yabTaTy Ta
BiANOBIAb Ha Tepanito, BUSAB/EHHS MONeKynsap-
HUX ocobnmBocTer Ta iHwi [3], | Hagann onTUMi-
CTWUYHI pe3ynbTaTh. Xoda BCi CNN MalTb CXOoXi
XapaKTeEPUCTUKN, BOHU BIAPI3HAKOTBCS OAHA BiA
OZIHOI CBOEI apXiTEKTYPOD, BK/IHOYAKUYM po3Mip,
NOCNIAOBHICTb, KiNbKICTb LWapiB Ta (inbTpiB, un-
CesbHICTb MapaMeTpiB Ta 3B'3KM MK LLapammu
CNN [33]. BHacnigok uboro € cyTTeBi po36iKHO-
cTi Mix pisHuMM CNN 3a napameTpamm obumcnio-
BasbHOi e(heKTMBHOCTI Ta NpoAYKTMBHOCTI [3].

Ha cborogHi, y 6inbLocTi onybnikoBaHnx npaub
6ynu BrkopuctaHi CNN 3 BigHOCHO Hernnbokm-
MKW apxiTekTypamu (Big 2-x 4o 8-Mu wapis). Ix
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BMKOPUCTOBYBaNM MNpW aHanisi rictonoriyHmnx
eneMeHTiB (Hanpuknag, sapa Ta JfokKanisa-
uis KNiTMH, knacudikauis KnitmH). Y 6aratbox
npauax 6ynu npunHaTi apxitektypu LeNet Ta
AlexNet 3 He3HayHMMM MoaudikauiaMm pos-
Mipy nepenoCcTaHHbOro wapy Buxogy. O6uasi
Ui Mepexi BilHOCHO Hernnboki, ckiagatTbCs
3 ABOX i M'ATM 3ropTKOBMX LUapiB BignoBigHO
i BUKOPUCTOBYIOTb 3ropTKOBi f4pa 3 BeJINKU-
MU peLenToOpHUMK MNOJIIMX Ha paHHIX wapax 3
MeHWuMn sapamm bnumxye go suxoay. Fonos-
HOW BigMiHHICTIO apxiTekTypu AlexNet € Bu-
KOPUCTaHHSA BUMNPSMIEHUX NiHIMHUX OAMHWULb
3aMiCTb rinepbonivyHOi AOTUYHOI K  DYHKUIT
aKkTuBauii. Ha BigMiHY Big UbOro, nepesaxHa
KiNbKiCTb Moaenen, WO BMKOPUCTOBYKOTb AN
NporHo3yBaHHSA Ta Knacudikauia paky, nokna-
[A0TbCS Ha 6inbl rMMBOKI apxiTeKTypu Mepexi
(TobT1o Bia 8-Mn go 150-Tu wapiB). 3asBuyai
Ui apxiTekTypu agantoBaHi 4o moaenen VGG-
16, Inception Ta ResNet, wo nobyaoBaHi Ha
HeBEeNMKNX sapax pikcoBaHOro po3Mipy y KOx-
HoMy wapi. i apxitektypn CNN npeacrasunu
HOBi efleMeHTn, sKi, 3a OTPUMMaHUMUN OAHUMMU,
NOoKpallyTb eMeKTUBHICTb HaB4YaHHS npu
3MeHLUEHHI 3arasibHOl KiJIbKOCTi HaBYasbHUX
napameTpis. La cTpaTeria Hagae MOX/IMUBICTb
6araTtopiBHEBOro BWIy4YeHHSs O3Hak [35], wo
niaBMLYE ii AiarHOCTUYHY eEeKTUBHICTb.

PekypeHTHI HelpoHHI Mepexi. llle oaHieto
KaTeropielo HEMPOHHUX MepeX, SKi 4acTo BMKO-
PUCTOBYOTbCS B LMMPOBIl NaToOrii, € MOBTOPIO-
BaHi, abo peKypeHTHi, HEMpOHHi Mepexi (aHrn.
Recurrent neural network, RNN), ski 3a3Buuan
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Figure 2. Variants of models and architecture of neural networks used to solve various tasks of digital pathology
(adapted from the source [33])

layers). They were used when conducting the
analysis of histological elements (e.g., nuclei
and cell localization, cell classification). Many
works have adopted LeNet and AlexNet archi-
tectures with minor modifications to the size
of the penultimate output layer. Both of these
networks are relatively shallow, consist of two
and five convolutional layers, respectively,
and use convolutional nuclei with large recep-
tive fields on early layers with smaller nuclei
closer to the output. The main difference of
the AlexNet architecture is the use of rectified
linear units instead of the hyperbolic tangent
as an activation function. In contrast, the vast
majority of models used to predict and classify
cancer rely on deeper network architectures
(i.e., 8 to 150 layers). Usually, these architec-
tures are adapted to the VGG-16, Inception,
and ResNet models, based on small, fixed-size
nuclei in each layer. These CNN architectures
introduced new elements that, according to
the data obtained, improve learning efficien-
cy while reducing the total number of learning
parameters. This strategy gives the possibility
of multi-level extraction of features [35], in-
creasing its diagnostic efficiency.

Recurrent neural networks. Another cate-
gory of neural networks that are widely used
in digital pathology involves repetitive, or re-
current, neural networks, (RNN), which are
commonly used to model serial data, where
the input and output parameters (as in direct
transmission neural networks) can be of dif-
ferent lengths. Different RNN variants were
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proposed. In digital pathology, controlled
recurrent RNN models and long short-term
memory networks (LSTMs), which use ad-
ditional gates (i.e., learning nonlinear func-
tions) to accumulate and forget information
over time, are most widely used [34]. LSTMs,
unlike controlled RNNs, include internal loops
that are associated with current settings and
context. These automatic loops are introduced
primarily to facilitate learning through mod-
elling long-term dependencies and prevent-
ing the disappearance of gradients through
successive time steps. RNNs and LSTMs were
originally used to solve segmentation tasks
[6; 29]. Today, recurrent models are often in-
tegrated into the CNN model to obtain repre-
sentative characteristics of the input images
and do not work with them directly. In digital
pathology, the majority of available recurrent
networks are trained by backpropagation and
are optimized by cross-entropy reduction.

Undirected (uncontrolled) models have
been used only in a few works in pathology
for digital image processing. Of these, auto-
matic encoders (or their variants) and gener-
ative-competitive networks were used in un-
controlled circumstances [17].

Autoencoders (AE) are direct communica-
tion neural networks formed of fully connected
or convoluted layers with nonlinear functions
used to calculate the activation of each layer.
AEs ensure compression of the input data to
represent them in a latent space and restore
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3aCTOCOBYIOTLCA AN MOAEtoBaHHSA MoCnigoB-
HMX OaHUX, A€ BXiAHi Ta BUXiaHI NnapamMeTpu (K
Y HEMPOHHMX MepeXax NpsiMoi nepeaadi) MoXyTb
MaTu pi3HYy LOBXMHY. 3anponoHOBaHO pi3Hi Bapi-
aHTK RNN. Y umndposiri natonorii HanbinbLw 4acTto
3aCTOCOBYIOTb KepoBaHi pekypeHTHi Mogeni RNN
Ta Mepexi AOBroi KopoTko4acHoi nam’aTi (aHrn.
long short-term memory, LSTM), aki BUKOPUCTO-
BYIOTb 40AATKOBI BOpoTa (TOH6TO HaBYalOTbCS He-
NiHINHI DYHKUIT) A8 HaKonNMYeHHs Ta 3abyTTs iH-
dopmadlii npoTarom Tpmeanoro yacy [34]. LSTM,
Ha BiAMiHY Big kepoBaHMX RNN, BK/IOYaKOTb BHY-
TPIiLWHI NeTni, SKi acouioBaHi 3 NOTOYHUMN YMO-
BaMW Ta KOHTEKCTOM. Lli aBToMaTu4Hi neTni BBO-
OATbCA Hacamnepea NS noferweHHs HaBYaHHS
yepes MOEesIOBAHHSA AOBroTpyUBamMx 3asexHoc-
Ten Ta 3anobiraHHs 3HUKHEHHIO MPafieHTIB yepes
nocnifosHi yacosi Kpoku. RNNs i LSTMs nepBuH-
HO BWUKOPUCTOBYBanMCA AN1s BUPilLeHHS 3aBAaHb
cermeHTalii [6; 29]. Ha cborogHi AocuTb 4acto
peKkypeHTHi Mogeni iHTerpoBaHi B Mogeni CNN
ONS OTPUMAHHS pernpe3eHTaTUBHUX XapaKTepuc-
TUK BXiAHMX 300paXkeHb i He MpauoTb 3 HUMK
6e3nocepenHbO. Y undpoBi naTtonorii 6inbLWicTb
HasiBHUX PEKYPEHTHUX MepeXx MpPOXOASATb HaB-
YaHHS 3a A0MNOMOroK 3BOPOTHOMO MOLWMPEHHS Ta
OMNTUMI3YIOTBCH 3a PaxyHOK MepexpecHoro 3MeH-
LEeHHS eHTponii.

HekepoBaHi (HEeKOHTpPONbOBaHi) Moaeni
6yno BUKOPUCTAHO B NATOJIOrii MLLE Y HEYNCIEH-
HUX poboTax Ans 06pobkm LMbpoBMX 306paxkeHb.
3 HUX BMKOPWUCTOBYBa/IM aBTOMATU4HI Kogepwu
(abo ixHi BapiaHTM) Ta reHepaTWUBHO-3MarasbHi
MepexXi 3a HEKOHTPO/IbOBaHMX 0b6cTaBumH [17].

ABTokopaepu (autoencoders, AE) — ue HeMl-
POHHI Mepexi NpsiMOro 3B'sA3Ky, SKi YyTBOpeHi 3
MOBHICTIO 3B'A3aHMX abo 3ropTKOBMX LWapiB 3
HeMiHIMHUMN PYHKLIAMU, WO BUKOPUCTOBYHOTb-
csa ans obumncneHHs akTmBauii KOXHOro Lwapy.
AE 3a6e3meuyloTb 3BYXEHHS BXIiAHUX AaHUX
L9 npefcTaB/ieHHS X Yy MPUXOBaHOMY MPOCTO-
pi, @ 3a UMM BIiAHOBIIOKOTb X Yepes3 3pocTatouy
OVCKpeTu3auito 3aans OTPUMaHHA Ha BUXOAI
BiaAryk, 6amnsbkun oo BxigHoro curHany [18].

Po3pig)xeHuni (Sparse) aBTOoKOAEp
(SAE) — pi3HoBua AE, KM pearye Ha YHi-
KanbHi XapakKTepuctukm Habopy pAaHux, Ha
SIKWX BiH HaB4YaBCsl, @ HE NPOCTO A€ AK iaeH-
TudikaTop. Micna HaB4yaHHA SAE MOXHa oTpu-
MaTu MOAEeNb, siKka MOXe y3aranbHUTK AiarHoc-
TUYHO KOPUCHiI ocobnuBocTi (03Haku). [loaaHa
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dyHKLUIS obMeXeHHS Ha BTpaTh A03BOJISIE aB-
TOKOAEepPY BMBYATU PO3piAXKeHi npeaCcTaBNeHHS
AaHux. [logaBaHHS y MPUXOBaHWI Wwap pery-
NATOpa aKTUBHOCTI, WO HaKMNa4a€ neHasnbTi Ha
dyHKUIii BTpaT nig 4ac onTuMizauii, 4O3BONSE
oTpuMaTu 6inblw yHikanbHU pe3ynbTtat [40].

CknapeHi pospig)xeHi aBTokonepu (SSAE)
GOpMYIOTbCA  LUMISIXOM  HallapyBaHHS aBTOKO-
AYBanbHWKIB OAMH Ha iHWWIA 3 (HOPMyBaHHSM
6inbw rAnboknx mepex. Y umdposin natonorii
SSAE BUKOPUCTOBYIOTb AJ/1 OTPUMAHHS YSIBNEH-
HS MpPO O3HaKM MNpW OA4HOYACHOMY BMKOPUCTaHHI
HabopiB AaHNX 3a HEKEPOBaHUX YMOB (TO6TO 6e3
aHoTauin). Ls crpaTeria HaB4aHHSA BusiBUNAcCS
YCMILIHOK B KiNbKOX AoaaTtkax Ans iaeHTudi-
Kauii saep Ta Aetekuii paky. HewoanaBHO iHLWINIA
BapiaHT AE, Ha3BaHWi1 BapiauinHMA aBTOKOAEp
(VAE), 6yB BMKOpPWUCTaHWI ANS reHepauii yop-
Ho-6inux rictonoriyHmx 3o06paxxeHb. VAE npea-
CTaB/SIE MMOBIPHICHY MOA€eNb, WO BUKOPUCTOBY-
E€TbCA SIK reHepaTMBHa MoJenb, CrpsiMOBaHa Ha
BMBYEHHS PO3MOAiny BiporigHOCTeNM BiANOBIAHO
[0 33aAaHoro Habopy HaB4YanbHWUX AaHuX. s
uboro VAE BMKOPWUCTOBYE HWXKHIO MeXy Jsora-
pudMiyHoi BiporigHocTi gaHux. Ui mogeni npuH-
LMNOBO BiApi3HAOTLCSA Big 3BMYanHuXx AE. lMpo-
Te BOHM MakTb CMiSIbHY apXiTeKTypy, OCKifbKK
BKJ1HOYAOTb 3BY>KYBaNbHWUI WASX (Kogep) i wnsax
3pocTatouoto aAnckpeTtmsadii (aekoaep) [33].

LLle ooHa dopMa reHepaTMBHUX MoAenemn, Lo
BMKOpUCTOBYOTbCA B LM — ue reHepaTtus-
HO-3MaranbHi Mepexi (Generative adversarial
network, GAN). IxHa mMeTa nonsirae y BuBueH-
Hi po3noainy reHepatopa PG (X), skuii Bia-
noBsifa€e peanbHOMY po3noainy gaHumx Pd (X).
Mepexi GAN cknagatoTbCa 3 OMTUMI3YHOYOI
Ta MakCMManisayr4oi rpym Mixx reHepatopom G
i AMCKpUMiIHaTopHOl Mepexeto D. Obuasi ui
Mepexi 3a3BM4yar NpoekTytoTbCca 9k CNN i Bu-
KOPUCTOBYIOTbCSA MPU HEKEPOBAHOMY i TpaHC-
depHoOMy rnMboKOMYy HaBYaHHI ANS CcerMeHTa-
uii, petekuii Ta knacndikauii enemenTis [30].

OTXe, Ha CbOrofHi iCHYE LWIMPOKe Pi3HOMaHITTS
HEMPOHHUX MepeX, BUKOPUCTAHHSA SKUX O03-
BoJIlE 3abe3neynTn CTPYKTYpPOBaHMW aHanis
ricronoriyHux 3o6paxeHb. Ha Hawy Aaymky,
IXHE aKTUBHE BMPOBAaMXEHHS € MNepeayMoBO
TpaHcdhopMauii Big OCBITHbO-KOHCY/IbTAUIMHOMO
HanMpsiMKy BWMKOPWUCTaAHHSA UMMPOBOiI naTtonorii
[0 BMpOBaZXKEHHS iHCTPYMEHTIB LUTYYHOrO iH-
TenekTy B AiarHOCTUYHY MpakTuKy. Lle 30BCiM
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them further through increasing discretization
to obtain an output response close to the in-
put signal [18].

Sparse Autoencoder (SAE) is a type of AE
that responds to the unique characteristics of
the data set based on which it was trained,
rather than acts as an identifier. After train-
ing SAE, it is possible to get a model that
can summarize diagnostically useful features
(signs). The added loss limitation function
allows the autoencoder to learn sparse data
representations. Adding an activity regulator
to the latent layer, which imposes penalties
on the function of losses during optimization,
enables to achieve a more unique result [40].

Stacked Sparse Autoencoders (SSAEs)
are formed by stacking autoencoders one af-
ter another to form deeper networks. In dig-
ital pathology, SSAEs are used to get an idea
of the features during simultaneous use of
data sets under uncontrolled conditions (i.e.,
without annotations). This learning strategy
has appeared to be successful in several ap-
plications for nuclear identification and cancer
detection. Recently, another AE variant, called
the variational autoencoder (VAE), was used
to generate black and white histological im-
ages. VAE is a probabilistic model used as a
generative model to study the distribution of
probabilities according to a given set of train-
ing data. For this purpose, the VAE uses the
lower limit of the logarithmic probability of the
data. These models are markedly different
from conventional AEs. However, they have a
common architecture, as they include a con-
tracting path (encoder) and a path of increas-
ing discretization (decoder) [33].

Another form of generative models used in DP
is generative adversarial networks (GANSs).
Their purpose is to study the distribution of
the PG (X) generator, which corresponds to
the real data distribution Pd (X). GAN net-
works consist of an optimizing and maximiz-
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ing game between generator G and discrimi-
natory network D. Both of these networks are
usually designed as CNN and are used in undi-
rected and transfer deep learning to segment,
detect, and classify elements [30].

Thus, today, there is a wide range of neural
networks, the use of which enables to ensure
structured analysis of histological images. In
our opinion, their active implementation is a
prerequisite for the transformation from the
educational and consulting in digital patholo-
gy use to the introduction of artificial intelli-
gence tools in diagnostic practice. This does
not mean replacing pathologists with artificial
intelligence. Instead, introducing machine
learning tools in the working processes of
the pathomorphology laboratory will accel-
erate and improve the implementation of a
number of labour-consuming tasks, increase
diagnostic efficiency, improve the integration
of clinical and morphological data with molec-
ular diagnostic results, promote personalized
medical care

Conclusion. Therefore, to date, a wide range
of deep learning strategies have been devel-
oped, which are actively used in digital pa-
thology, and demonstrated excellent diagnos-
tic accuracy. Automated analysis of multiple
visual and subvisual morphological features
integrated with radiological, genomic and
proteomic parameters is a prerequisite for a
more objective, multidimensional and func-
tionally relevant diagnostic result. In addition
to diagnostic solutions, the integration of ar-
tificial intelligence into the practice of patho-
morphological laboratory provides new tools
for assessing the prognosis and prediction of
sensitivity to different treatments. Within the
modern paradigm, the combination of artificial
intelligence and digital pathology is a key tool
to improve the accuracy of diagnosis, predic-
tion and implementation of the personalized
medicine concept.
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HEe O3HayaE 3aMiHy JfikapiB-nNaTonoroaHaToMmiB
WTYYHMUM iHTENeKTOM. HaToMicTb BrnpoBamKeH-
HS IHCTPYMEHTIB MalUMHHOIo HaB4YaHHSA B poboui
npouecn natomopdonoriyHoi nabopaTtopii A03-
BO/IUTb MPUCKOPUTU Ta MOKpaLLMTL peanisauito
HU3KM TPYAOMICTKUX 3aBAaHb, NiABULLNTY edek-
TUBHICTb AiarHOCTMKKM, MOCUIOBATU iHTerpauito
KNiHIKO-MOPONOriYHNX AaHUX 3 pe3ynbTaTtaMu
MOJSIEKYISIPHOI AiarHOCTUKMW, CMPUSOYN PO3BUT-
Ky nepcoHasnizoBaHoOi Mean4HOoI 4ONOMOrn.

BUCHOBOK. TakmMM UYMHOM Ha CbOrofAHi po3po-
6/1€eHO WNMPOKWUIA CnekTp cTpaTterin  rnmboko-
ro HaB4YaHHS, $§Ki aKTUMBHO 3aCTOCOBYIOTbCS B
umMdpoBiri naTonorii i MalTb BiAMIHHI MOKa3HU-
KM [AiarHOCTUYHOI TOYHOCTI. ABTOMaTWU30BaHUM

Review

aHaniz MHOXWHHMX Bi3yanbHUX Ta CcybBi3yanb-
HMX MOP(ONOriYHMX O3HaK iHTerpoBaHwWi 3 pa-
[IONOriYHUMU, FEHOMHMMM Ta MNPOTEOMIYHUMMU
napaMeTpaMm € nepeayMmoBol Ginbll 06’'ekTUB-
Horo, 6araToBUMIpHOro Ta (YHKLiOHaNbHO Big-
MOBIAHOrO AiarHOCTUYHOro pesynbTaty. OKpiM
[IarHOCTUYHMX pilleHb, iHTerpauis LWTYy4YHOro
iHTENeKTy y MpaKTUKy naTtoMopdosorivyHoi na-
6opaTopii HaAa€e HOBI IHCTPYMEHTU LWOAO OLHKMK
MPOrHo3y Ta Npeaukuii YyTIMBOCTI A0 Pi3HUX Ba-
piaHTiB NikyBaHHSA. B Mexax cy4yacHoi napaaur-
MW MOEAHAHHS WTYYHOrO iHTENeKTY Ta UMdpoBoi
MaToNorii € KNOYOBUM IHCTPYMEHTOM MiABULLEH-
HSl TOYHOCTI AiarHOCTMKM, NPOrHO3yBaHHSA Ta pe-
anisauii KoHuenuii nepcoHanizoBaHoi MEANLIMHMA.
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