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Ponb cucteMbl KOHTPONA KayecTBa Nly4eBoi iy
AVNArHOCTUKM OHKOJIOrMYecKuX 3aboneBaHuu
B paAUOMUKe

A.H. Xopyas, E.C. Axmag, [1.C. CemeHoB

Hay4Ho-npaKTU4eCcKuUi KNMHUYECKUIA LIEHTP AMarHOCTUKM U TeneMeaULMHCKUX TeXHONOrWiA [lenapTamMeHTa 3npaBooxpaHeHusa ropoaa Mockssl,
MockBa, Poccurickan QOepepauua

AHHOTALNA

CoBpeMeHHble MeTofbl MEeAMLMHCKOW BM3yanusauuu AaloT BO3MOMHOCTb KaYeCTBEHHO W KONMYECTBEHHO OLIEHWUTb
KaK TKaHW 0NyXonu, Tak U MPOCTPaHCTBO BOKpYT Heé. lporpecc B MHbopMaTuKe, 0C06EHHO € y4acTMeM METOAO0B MALLMHHOIO
0by4eHMA B aHanu3e MeJULIMHCKUX M3o06paxkeHuni, No3BonAeT npeobpasoBbiBaTh iobble paguonoruieckue UcCnefoBaHuA
B NopjJatoLimecs aHanusy Habopbl daHHbIX. Cpeay 3TUX HabopoB AaHHbIX 3aTEM MOMHO MCKaTb CTAaTUCTUYECKM 3HAYMMble
KOPPEeNALMU C KNUHUYECKUMM COBLITUAMM, YTOObI BNIOCNEACTBMM OLLEHUBATL MX MPOrHOCTUYECKYI0 3HAYMMOCTb M CNocob-
HOCTb NpefCKasblBaTb TOT UM UHOM KNMHUYECKUI Ucxod. ITa KoHUenuwmA Brepsble bbina onucana B 2012 r. u nonyumna
Ha3BaHue «pagnoMuKax». Ocobylo 3HaUMMOCTb OHA NPeLCTaBAAET ANA OHKOMOMMK, NOCKONbKY M3BECTHO, YTO KarablA TUN
ONYX0/M MOMET NOAPa3AeNATLCA Ha MHOMKECTBO Pa3fIMUHbIX MONEKYNAPHO-TreHETUYECKMX MOATUNOB, M NPOCTO BU3YaNlbHOM
XapaKTePUCTUKU ceiyac yxKe He[ocTaTouHo. A pagMoMMKa npu abconioTHOM HeMHBA3WMBHOCTU criocobHa obecneynTs Bpa-
Ya-paguonora MHpopMaLMen, KOTOpYID MOPOI MOMKET LaTb TOSbKO MMCTONOMMYECKOe MCCef0BaHMe BMONCMIAHOrO MaTe-
puana. 0gHaKo, Kak U B N0 METOAMKE, OCHOBAHHOM Ha MCMOMb30BaHUM BONbLUMX JaHHbIX, 3A€Ch 0CTPO BCTAET BOMPOC
0 KayecTBe UCXOAHOW MHPOPMALMM AaHHBIX, MOTOMY KaK 3T0 MpAMbIM 06pa3oM MOKeT NOBAMATL Ha MCXOA aHanusa v aatb
HEBEPHYI0 AMArHOCTUYECKYI0 MH(pOPMaLIMIO.

B nutepatypHoM 0630pe Mbl aHanM3upyeM BO3MOMHbIE NMOAXOAbI K 0becneyeHuIo KauyecTBa MCCiefoBaHWUM Ha BCeX
3Tanax — 0T TEXHWYECKOr0 KOHTPONA 33 COCTOAHUEM MarHOCTUYECKOro 060pynoBaHNs [0 U3BJIEYEHNA MapKepoB BU3Y-
anu3aumm B OHKOMIOMUM W BbIMUCTIEHWA UX KOPPENALMUU C KITUHUYECKUMU LaHHBIMM.

KnioueBble cyioBa: paguoMUKa; JydeBas AMArHOCTMKA; KOHTPOSb KauecTBa; CTaH1apTU3aLMA; ONYX0/u; OHKONIOrMYeCKue
3abonesaHus.
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The role of the quality control system for diagnostics
of oncological diseases in radiomics
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ABSTRACT

Modern medical imaging methods allow for both qualitative and quantitative evaluations of tumors and issues
surrounding them. Advances in computer science and big data processing are transforming any radiological study
into analytic datasets, especially with the use of machine learning in medical image analysis. Among these datas-
ets, statistically significant correlations with clinical events can then be searched for to subsequently assess their
predictive value and ability to predict a particular clinical outcome. This concept, known as “radiomics,” was first
described in 2012. It is particularly important in oncology because each type of tumor can be subdivided into many
different molecular genetic subtypes, and simple visual characteristics are no longer sufficient. Moreover, as an ab-
solutely noninvasive method, radiomics can provide a radiologist with additional information that would otherwise
be unavailable without a histological examination of biopsy material. However, as with any methodology based on
the use of big data, the question of the quality of the initial data becomes critical, because this can directly affect the
outcome of the analysis and provide incorrect diagnostic information.

In this literature review, we examine potential approaches to ensuring the quality of research at all stages, from
technical control of the state of diagnostic equipment to the extraction of imaging markers in oncology and the
calculation of their correlation with clinical data.
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