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AHHOTALIUA

MamMorpagua — B HacToALLEe BPEMA eAMHCTBEHHBINA CNOCO6 CKPMHUHIA paKa Mofo4HoM xenesbl (PMHK). Xota umng-
poBas MamMMorpadua CIy*WUT OCHOBHBIM U Haubosee LIMPOKOAOCTYNHLIM METOAOM AnA BhiABneHua PMHK, eé addektus-
HOCTb B 0BHapy*KEHWUM U OLIEHKE BHYTPMOMYXONEBOM reTeporeHHOCTM OMyXoNu orpaHuyeHa. [TyHKUMoHHaA buoncusa He Mo-
KET 0TPa3UTb MMCTONOTMYECKOM KapTUHBI OMYXOiM B LENIOM M3-3a Hebonblioro pasMepa obpasua TKaHU WUAW OMyXOnu.
Mo aTon NpuumHe BbIGOp MOOXOAALLErO SIEYEHUA W ONpefeneHVe NPOrHo3a CTaHOBUTCA 3aTpyAHWUTENbHBIM. B aToM cyuae
TaKoW HeMHBa3WBHBIA NOAX0M, KaK MedULMHCKaA BU3yanu3auud, faeT bonee nonHoe npeacTaBneHue 0b onyxonu, nep-
CMEKTUBEH NpU «BUPTYaNnbHOM GUOMNCUK», a TaKKe B KOHTPOJie NPOrpeccupoBaHns 3abofeBaHMA U 0TBETA HA Tepanuio.

PaguoMuKa ¢ MOMOLLbIO TEKCTYPHOrO aHanu3a No3BONIAET B3rNAHYTb Ha CHUMOK KaK Ha rpynny YMCNOBbIX XapaKTe-
PUCTUK, BLINTW 33 Npegenbl NMPUBLIYHOMO KaueCTBEHHOMO 3PUTE/IbHOr0 BOCMPUATMA MHTEHCUMBHOCTEN U NepeinTu K bonee
rnyboKoMy aHanu3y UMQPOBbIX, MUKCENbHBIX JaHHbIX C LieNblo MOBbILLEHUA TOUHOCTU OUGQepeHLManbHON AMarHoCTUKM.
MeToq pagMoreHoMUKM, ABNAACH CTECTBEHHLIM NPOLOMKEHUEM PaAUOMUKM, GOKYCUPYETCA Ha onpeseneHnu aKCnpeccum
reHoB Mcxofd M3 NydeBoro ¢peHoTMna onyxonu. B o63ope paccMaTpuBalTCA BO3MOMHOCTU NMPUMEHEHWUA MaMMorpadum
B PaaMoMuKe M paguoreHoMuke PMHK.

B cratbe npepcTaBneH 063op nutepatypbl 6a3 gaHHbIx PubMed, Medline, Springer, eLibrary, a Takse HaiaeHHbIX ¢ no-
Moubto Google Scholar akTyanbHbIX POCCUICKUX HayuHbIX cTaTeit. [lonyyeHHan peneBaHTHanA MHGopMaLua 06beanHEHa,
CTPYKTYpUpOBaHa 1 NpoaHanM3upoBaHa C Lenblo U3y4YeHWA ponv Mammorpadum B pagnommke PMAK.

KnioyeBble cnoBa: pak MoJIOYHO Kene3bl; MaMMorpadua; paguoMmKa; paguoreHOMIUKa; UCKYCCTBEHHBIN MHTENNEKT.
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ABSTRACT

Mammaography is still the only screening method for breast cancer. Although digital mammography is the most common
and widely used method for detecting breast cancer, it is ineffective at detecting and assessing intratumoral heterogeneity.
Due to the small size of the tissue sample or tumor, biopsies often fail to represent the entire tumor. For this reason, selecting
a treatment and determining a patient’s prognosis becomes difficult. In this case, medical imaging is a noninvasive approach
that can provide a more comprehensive view of the entire tumor, act as a “virtual biopsy,” and be useful for monitoring disease
progression and response to therapy.

Radiomics with texture analysis allows you to look at an image as a group of numerical data, moving beyond the usual
visual perception and into a deeper analysis of digital, pixel data to improve the accuracy of differential diagnosis. Radioge-
nomics is a natural extension of radiomics that focuses on determining gene expression based on radiologic tumor phenotype.
The purpose of this review is to evaluate the role of mammography in breast cancer radiomics and radiogenomics.

The article presents a literature review of relevant Russian scientific articles found in databases such as PubMed, Medline,
Springer, eLibrary, and Google Scholar. The information obtained was then pooled, structured, and analyzed to examine the
role of mammaography in breast cancer screening radiomics.
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