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AHHOTALUA

06ocHoBaHMe. Pak Mo04HOI Xenesbl — 3aboneBaHue, KOTOpOe SBMAETCS OHOI M3 OCHOBHBIX MPUYMH CMEPTHOCTM OT paka
Y JKeHWuH [1]. PerynspHbiii MaccoBbI CKPUHUHE, MPOBOAMMBIN C NOMOLLbI0 MaMMorpadum, UrpaeT BaXKHeWLLIY0 ponib B 3a-
BnaroBpeMeHHOM BbISIBNIEHMM U3MEHEHWI B TKAHSX MOJIOYHOM Jene3bl. OfHaKo HayanbHble CTauu MaToNorMM YacTo ocTa-
I0TCS HE3aMEYEHHBIMM, U UX CNOXHO AMarHocTMpoBarthb [2].

HecMoTpst Ha 3 deKTMBHOCTL MaMMorpadumn B CHUMEHWUM CMEPTHOCTM OT paKa MOJIOYHOM JKeNesbl, Py4HOi aHan3 u3obpaxe-
HWN MOXKET 3aHMMaTb MHOMO BPeMEHM U BbiTb TpyA03aTpaTHbIM. [103TOMY aKTyasbHbI MOMLITKU aBTOMAaTU3MPOBaTb 3TOT Npo-
Liecc, HanpuMep, € NOMOLLIbK) CUCTEM aBTOMaTU3upoBaHHoi auarHoctuky (CAD) [3]. OgHaKo B nocnefHue rogbl BCE BoMbLIKiA
MHTEpEC BbI3bIBAIOT PELLIEHWS HA OCHOBE HEMPOHHBIX CETEW, B YaCTHOCTU B Bronorum u Meauumte [4—6]. TexHonormyeckve po-
CTUKEHWS, UCMONb3YIOLLIME UCKYCCTBEHHBINM MHTENNEKT, YIKe NoKasanm cBolo 3QPeKTUBHOCTL B 06HapyxeHUn natonoruii [7, 8].
Lienb — co3aaHue aBTOMaTM3MPOBAHHOMO PELLEHUS /191 BbISIBEHWS paka MOIOYHOM enesbl Ha MaMMorpaMMaXx.
Matepuansbl u MeToabl. PelleHne peanu3oBaHo crefyowmM 06pa3oM: pa3pabotaH UHCTPYMEHT Ha OCHOBE rNyDOKOi Hen-
POHHOM CETH, KOTOPbINA MO3BO/ISET MO M0JABAEMOMY Ha BXOA U306paXKeHWIo NONy4MTb BEPOATHOCTb HANMUKA 3/I0KAaYeCTBEH-
Horo obpasoBaHus. [na obyueHns Mogenu bbin Mcnonb3oBaH 06beAVHEHHBIN AaTaceT U3 OTKPbITbIX HABOPOB AaHHbIX, TaKUX
Kak MIAS, CBIS-DDSM, INbreast, CMMD, KAU-BCMD, VinDr-Mammo [9-14].

Pe3synbtatbl. Mofenb knaccudukaumm, ocHoBaHHas Ha apxutekType EfficentNet-B3, nossonser noctnub npu Tecte Ha Bbibop-
Ke U3 KoMOMHMpOoBaHHOro Habopa AaHHbIX Ao 0695 no meTpuke nnowaau nog ROC-kpumeoit, 0,88 Sensitivity u 0,9 Specificity.
Bnaronaps 06yd4eHuto Ha N306paXeHMsX U3 pasHbiX [aTaceToB, OTAMYAIOLLMXCA MO KAYECTBY AaHHBIX U PEMVOHY MONYYEHMS,
Mogenb 0bnafaeT BbICOKOM 0606LLatoLLel CMOCOBHOCTLIO, UTO SBAAETCA ELLE 0AHMM NpeuMyLiecTBoM. KpoMe Toro, ans no-
BblLeHUA 3PEKTUBHOCTM UCMOMb30BANNCL Takue METOAbI, KaK npefBapuTenbHas 0bpeska u3obpaeHuid U ayrMeHTaumm
B npouecce 0byyeHus.

3aksnioyeHmne. Pe3ynbTaTbl 3KCMEPUMEHTOB MOKa3anu, YTO MOJENb Ha BbICOKOM YPOBHE [LOCTOBEPHOCTU MOMET BbisB-
NATb 3N10KaYecTBEHHble 06pa3oBaHus. [onydeHHbIe BLICOKWME METPUKW KayecTBa 00€CMeyMBalT 3HaUUTENbHBIA NOTEHLMAN
ANs BHEAPEHUS [aHHOr0 MeTofa B aBTOMATU3MPOBAHHYH OMArHOCTUKY, HanpuMep, B KayecTBe OMOSHUTENLHOMO MHEHUA
AN MeOMULMHCKMX CMELManmcToB.
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ABSTRACT

BACKGROUND: Breast cancer is one of the leading causes of cancer-related mortality in women [1]. Regular mass screening
with mammography plays a critical role in the early detection of changes in breast tissue. However, the early stages of pathology
often go undetected and are difficult to diagnose [2].

Despite the effectiveness of mammography in reducing breast cancer mortality, manual image analysis can be time consuming
and labor intensive. Therefore, attempts to automate this process, for example using computer-aided diagnosis systems,
are relevant [3]. In recent years, however, solutions based on neural networks have gained increasing interest, especially in
biology and medicine [4-6]. Technological advances using artificial intelligence have already demonstrated their effectiveness
in pathology detection [7, 8].

AIM: The study aimed to develop an automated solution to detect breast cancer on mammograms.

MATERIALS AND METHODS: The solution is implemented as follows: a deep neural network-based tool has been developed to
obtain the probability of malignancy from the input image. A combined dataset from public datasets such as MIAS, CBIS-DDSM,
INbreast, CMMD, KAU-BCMD, and VinDr-Mammo [9-14] was used to train the model.

RESULTS: The classification model, based on the EfficientNet-B3 architecture, achieved an area under the ROC curve of 0.95,
a sensitivity of 0.88, and a specificity of 0.9 when tested on a sample from the combined dataset. The model's high generalization
ability, which is another advantage, was demonstrated by its ability to perform well on images from different datasets with
varying data quality and acquisition regions. Furthermore, techniques such as image pre-cropping and augmentations during
training were used to enhance the model's performance.

CONCLUSIONS: The experimental results demonstrated that the model is capable of accurately detecting malignancies with
a high degree of confidence. The obtained high-quality metrics offer a significant potential for implementing this method in
automated diagnostics, for instance, as an additional opinion for medical specialists.
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