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ABSTRACT

Relevance: Timely diagnosis of breast cancer remains one of the key challenges in healthcare, as this disease continues to be
a leading cause of mortality among women worldwide. In recent years, artificial intelligence (A1) has become an integral part of
medical imaging, demonstrating broad applicability and potential. Current diagnostic modalities, such as mammography and magnetic
resonance imaging (MRI), serve as essential tools for detecting breast pathologies;, however, they have certain limitations regarding
sensitivity and specificity. This literature review presents an overview of contemporary approaches to the application of Al in the
diagnosis of breast cancer.

The study aimed to analyze the methods of applying artificial intelligence in diagnosing breast cancer, including its capabilities in
prediction, interpretation of results, and improving the accuracy of imaging techniques.

Methods: A comprehensive search was conducted using PubMed, Medline, Cochrane Library, and Google Scholar databases. The
review includes scientific articles focused on the application of Al in the diagnosis of breast diseases.

Results: The review demonstrated that Al systems, such as convolutional neural networks, can detect microcalcifications on
mammograms with high accuracy (up to 94.5%) and reduce false-positive results by 11%. In MRI image analysis, using hybrid
models, such as CNN-RNN architectures, improves the diagnostic accuracy of malignant tumors by 15% and reduces error rates
by 20%. Radiomics shows high accuracy (87%) in predicting therapeutic response while integrating multiomics data provides
sensitivity up to 92%.

Conclusion: Using Al in breast cancer diagnostics enhances the accuracy of imaging techniques, facilitates data interpretation,
and contributes to the personalization of treatment strategies. However, challenges remain, including the availability of high-quality

data for model training and ethical considerations in decisionmaking processes.
Keywords: breast cancer, artificial intelligence, mammography, MRI, radiomics, prediction.

Introduction: Timely detection of breast cancer (BC)
remains a top priority in healthcare, as this disease ranks
among the leading causes of mortality among women
worldwide. According to data from the World Health Or-
ganization, more than 2.3 million new cases of BC are di-
agnosed annually, accounting for approximately 25% of all
cancers in women [1].

Imaging methods such as mammography and magnet-
ic resonance imaging (MRI) are key tools to detect breast
pathologies; however, they have limitations related to in-
sufficient sensitivity and specificity at the early stages of
the disease. Studies by S.M. McKinney et al. indicate that
in routine clinical practice, mammography may miss up
to 20% of BC cases, especially in women with high breast
tissue density [2]. In this context, the use of modern tech-
nologies, such as artificial intelligence (Al), opens up new
opportunities for improving diagnostic accuracy, which
is particularly important for early-stage detection, when
treatment is most effective [3-5].

Artificial intelligence (Al) utilizing Deep Neural Net-
works (DNN) has demonstrated its effectiveness in ana-
lyzing mammograms and MRI scans. Systems based on

Convolutional Neural Networks (CNN) achieve accuracy
rates of up to 94.5% in detecting pathologies on mam-
mograms [6]. Moreover, the application of hybrid models,
such as Convolutional Recurrent Neural Networks (CNN-
RNN), enhances the analysis of dynamic contrast-en-
hanced MRI, resulting in a 20% reduction in false-posi-
tive diagnoses [7, 8].

The study aimed to analyze the methods of applying
artificial intelligence in diagnosing breast cancer, includ-
ing its capabilities in prediction, interpretation of results,
and improving the accuracy of imaging techniques.

Materials and Methods: This review covered publica-
tions focused on the application of Al in breast disease di-
agnosis, sourced from the PubMed, Medline, Cochrane Li-
brary, and Google Scholar databases. The last search was
conducted on March 10, 2025. The following keywords
were used for the search: breast cancer, artificial intelli-
gence, deep learning, radiomics, machine learning, di-
agnosis, mammography, MRI, neural networks. Keyword
combinations included logical operators AND/OR. Lan-
guages of publication: English and Russian. Inclusion crite-
ria: original research studies and meta-analyses published
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in the past 10 years (2015 - 2025), articles in which Al was
applied for the diagnosis of breast diseases, availability of
quantitative data (sensitivity, specificity, area under the
curve (AUCQ), etc.). Exclusion criteria: review articles, case re-
ports, letters to the editor, and conference abstracts. Out
of 350 identified publications, after removing duplicates
and assessing for compliance with the inclusion criteria,
the final review included 20 of the most relevant studies.

Results: Modern Al systems in the diagnosis of breast
pathology employ various approaches and algorithms,
such as classical machine learning methods, DNN, and
hybrid approaches combining multiple technologies.
Among the most widely used models are CNN, which
demonstrate high accuracy in image processing and fea-
ture extraction [3]. For example, U-Net is actively used for
segmentation tasks, including tumor delineation in MR
scans. The study focused on the development and eval-
uation of a model for medical image segmentation tasks.
Particular attention was given to improving the tradition-
al U-Net architecture through the use of enhanced skip
connections. These modifications significantly enhanced
the accuracy and efficiency of medical image analysis,
particularly in applications such as breast MRI. The U-Net
model demonstrated an average segmentation accuracy
exceeding 92% on standard datasets, including the Breast
MRI Dataset. This improvement enables more precise de-
lineation of tumor boundaries, which is particularly im-
portant for surgical planning and radiotherapy. One of the
key achievements of the model was the 70% reduction in
image processing time, enhancing its applicability in re-
al-world clinical practice [7].

Another important direction is the use of explainable
Al methods, which make model operations more under-
standable to physicians, including the use of heatmap vis-
ualizations [8]. Combined systems, such as CNN-RNN, en-
able the analysis of temporal data, which is particularly
useful in dynamic studies, such as dynamic contrast-en-
hanced MRI (DCE-MRI). The use of Al to analyze DCE-MRI
data has helped reduce the number of false positives by
20%, thereby decreasing unnecessary biopsies and reduc-
ing emotional stress for patients. In the study by A. Lands-
mann et al., DCE-MRI data from patients with various types
of breast neoplasms were analyzed. Special attention was
given to the textural characteristics of tumors, such as
heterogeneity, contrast, and signal intensity distribution.
The objective was to identify parameters that consistently
demonstrate differences between benign and malignant
lesions at various time points following contrast adminis-
tration [9].

Application of Al in Detecting Microcalcifications. Mam-
mography is the primary method for breast cancer screen-
ing. Al is actively used to automate image analysis and
enhance diagnostic accuracy. Examples of deep learning
algorithm applications demonstrate strong potential for
improving diagnostic precision and reducing errors.

Microcalcifications (small calcium deposits in breast tis-
sue) are a key indicator of early-stage cancer. The use of
deep learning algorithms, particularly CNN, enables the
automatic identification of areas containing microcalcifi-
cations with high accuracy. S.M. McKinney et al. conduct-
ed a large-scale study involving over 25,000 patients. Their
model demonstrated a sensitivity of 94.5% and a specific-
ity of 88%, exceeding the performance of most Radiolo-
gists. The study also found that the algorithm reduced the
likelihood of false-positive results by 11% [2].

H. Chougrad et al. explored the application of deep
CNNs to improve BC screening accuracy. The researchers
developed and tested a model using a dataset of 12,000
mammographic images, applying data augmentation
techniques to enhance the training process. The results
showed high model performance, with sensitivity reach-
ing 96.8%, specificity at 97.5%, and an accuracy of 98.2% in
detecting microcalcifications. Furthermore, the proposed
approach reduced the number of false positives by 14%
compared to traditional image analysis methods [10].

X. Wang et al. investigated the feasibility of automat-
ic detection of microcalcifications in digital breast tomo-
synthesis using deep learning methods. The team applied
three-dimensional image reconstructions and trained
their model on a dataset of 2,500 tomosynthesis stud-
ies, with a specific focus on analyzing the spatial struc-
ture of microcalcifications. The results showed a sensitiv-
ity of 94.7% and specificity of 92.3%, confirming the high
effectiveness of the method. The analysis time per case
was only 3.2 seconds, and the number of missed cases was
reduced by 15% compared to classical image processing
techniques [11].

N. Dhungel et al. developed a fully automated meth-
od to classify mammographic images using deep residual
neural networks (ResNet). The training dataset comprised
25,000 images, including both normal and pathologi-
cal areas. The model analyzed tissue texture and densi-
ty, achieving high diagnostic accuracy. Sensitivity reached
93.5%, and specificity was 90.2%. The use of the model re-
duced the number of false positives by 12% and outper-
formed traditional algorithms in accuracy by 6% [12].

In a large-scale study by T. Kooi et al., the model was
trained on a dataset of 45,000 mammograms. The mod-
el effectively detected both individual microcalcifica-
tions and clusters. The algorithm achieved a sensitivity
of 96.1% and a specificity of 94.8%. The processing time
per image was minimal - only 2 seconds. The application
of this method reduced the number of missed malignant
changes by 20% [13].

Prediction of Malignancy in Neoplasms. The prediction
of malignancy risk based on Al is becoming an increas-
ingly popular area of research. The study by N. Wu et al.
demonstrated that the use of DNN for mammogram anal-
ysis allows the prediction of cancer development with an
accuracy of up to 89%. This study included 15,000 pa-
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tients, and the model showed superiority in risk predic-
tion compared to traditional assessment methods such
as the Gail Model, which estimates the likelihood of BC
in women based on risk factors including age, age at me-
narche, age at first childbirth, family history, and results
of previous biopsies [14].

In 2021, researchers from the University of Massachu-
setts developed an Al model called Mirai, capable of pre-
dicting the risk of BC based on mammogram analysis. The
model forecasts the probability of disease up to five years
in advance, allowing physicians to make more informed
decisions regarding the need for additional examinations
or preventive measures. Mirai is a DNN trained on an ex-
tensive dataset comprising over 200,000 mammograph-
ic examinations, which ensures its high accuracy and re-
liability. Unlike traditional risk assessment methods, Mirai
considers the individual characteristics of each patient, in-
cluding breast tissue density and other factors, thereby
providing a personalized prediction [15].

The study by M. Larsen et al. evaluated the ability of
an Al algorithm to predict BC development in women.
The study included 116,495 women aged 50-69 who had
undergone at least three consecutive mammographic
screenings at two-year intervals. The results showed that
the Al algorithm could effectively identify women at high
risk of future disease development, opening prospects for
personalized screening approaches and earlier BC detec-
tion [16].

A study dedicated to evaluating the effectiveness of
imaging methods and neural network algorithms in pre-
dicting the response of BC to neoadjuvant chemother-
apy (NACT) included 342 patients with early and locally
advanced disease. The authors compared the diagnostic
accuracy of mammography, ultrasound, MRI, and a DNN
algorithm. It was found that MRI demonstrated the high-
est sensitivity (80.0-83.3%) in detecting residual tumors,
while neural network methods showed comparable re-
sults (69.2-72.0%), outperforming traditional mammogra-
phy and ultrasound. These data suggest the potential of
machine learning to enhance BC diagnostics, particularly
in predicting the efficacy of antitumor therapy [17].

M. Bakker et al. presented an original study on the use
of radiomics for classifying molecular subtypes of BC. The
study focuses on utilizing digital mammographic images
to extract key radiomic features that accurately predict the
molecular profile of tumors. The authors utilized data from
the large-scale OPTIMAM Mammography Image Data-
base, which comprises digital mammograms and associat-
ed clinical information. The analysis included 186 patients
diagnosed with BC, who were categorized into subtypes:
luminal A, luminal B, HER2-positive, and triple-negative
breast cancer (TNBC). To minimize errors at the tumor tis-
sue extraction stage, automated segmentation algorithms
were applied to accurately delineate tumor boundaries on
mammograms. A total of 65 radiomic features were ex-

tracted from the images, covering texture, shape, and sig-
nal intensity characteristics. Based on the selected data,
machine learning models were built, particularly using
the Support Vector Machine (SVM) method. The results
showed that SVM-based models achieved the highest pre-
dictive accuracy for the luminal A (AUC = 0.855) and lumi-
nal B (AUC = 0.812) subtypes. High sensitivity was also ob-
served for the triple-negative subtype (AUC = 0.789) and
the HER2-positive subtype (AUC = 0.755). These results
confirmed the authors’ hypothesis that radiomics can be
used for non-invasive prediction of molecular subtypes of
BC directly from mammographic images, which could re-
duce the need for biopsies and invasive procedures in the
future [18].

The study by S. Montemezzi et al. is a successful exam-
ple of using radiomic features to predict chemotherapy
response in BC. Although the main focus of the study is
radiomics, it is essential to note that radiomics plays an in-
tegral part in modern Al applications in medicine. Multi-
variate analysis methods and machine learning were used
to process the extracted features, classifying the study
within the scope of Al applications. The study investigat-
ed the potential of improving models to predict patho-
logical complete response to NACT in BC patients using
radiomic features extracted from MRI performed on a 3
Tesla scanner. The study included 60 patients, of whom 20
achieved complete response to NACT, and 40 did not. Ge-
ometric, first-order, and higher-order texture radiomic fea-
tures were extracted from the pre-treatment contrast-en-
hanced MRIs, followed by feature selection. Five selected
radiomic features were combined with other available
data to build prediction models for complete response to
NACT using three different classifiers: logistic regression,
Support Vector Machine method, and random forest. All
possible feature combinations were investigated. The AUC
for predictors excluding radiomic features reached 0.89,
while all three classifiers demonstrated AUCs above 0.90
when radiomic information was included (ranging from
0.91 to 0.98) [19].

In the study by M. Sep et al., the goal was to predict
the hormonal status of BC (ER/PR) using radiomic features
extracted from apparent diffusion coefficient maps ob-
tained via MRI. The study considered data from 185 pa-
tients, supplemented by synthetic data from 25 patients
using the Synthetic Minority Over-sampling Technique
to balance classes, followed by division into training (n =
150) and testing (n = 60) cohorts. Manual tumor segmen-
tation was performed over the entire volume, after which
first-order radiomic features were extracted. The mod-
el based on these features demonstrated high diagnostic
performance, with an AUC of 0.81 in the training cohort
and 0.93 in the test cohort. When clinical and pathologi-
cal data (Ki67% proliferation index and histological grade)
were added, the combined model maintained a high AUC
of 0.93. This model shows high potential for non-invasive
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assessment of hormone receptor status in breast tumors,
which may contribute to more accurate patient stratifica-
tion and treatment personalization [20].

The study by C.C. Mirestean et al. focuses on the use
of radiomics to characterize triple-negative breast cancer
(TNBC), an aggressive subtype of BC with poor progno-
sis and high heterogeneity. Radiomics demonstrates the
ability to differentiate TNBC from other tumor types based
on features obtained through digital mammography and
MRI. In particular, three TNBC subtypes were identified
using voxel-level texture, shape, and size features. These
subtypes showed a significant correlation with clinical re-
sponse to NACT. The authors emphasize that standardiz-
ing radiomic methodologies is critical for their implemen-
tation in clinical practice. In the future, the study’s results
suggest the possibility of creating radiomic biomarkers
and predictive models for a personalized approach to
treating TNBC, which could improve outcomes and opti-
mize therapeutic strategies [21].

A promising area of research is the use of contrast-en-
hanced mammography and radiomic microscopical anal-
ysis for the non-invasive characterization of breast tum-
ors. M. Marino et al. conducted a study on the application
of contrast-enhanced mammography combined with ra-
diomic microscopical analysis for non-invasive assess-
ment of tumor invasiveness, hormonal status, and ma-
lignancy grade in breast cancer. The retrospective study
included 100 patients (103 tumor cases) who underwent
contrast-enhanced mammography followed by radiom-
ic microscopical analysis using the MaZda platform. The
authors utilized various feature groups, including histo-
grams, co-occurrence matrices, and run-length matrices.
The model achieved the following accuracies: 87.4% in dif-
ferentiating invasive and non-invasive tumors, 78.4% in
determining hormonal receptor status, 97.2% in classify-
ing HER2-positive and hormone-negative types, and 100%
in differentiating TNBC and HER2+ hormone-positive tum-
ors. Research Prospects: The high diagnostic value of the
combined approach of contrast-enhanced mammogra-
phy and radiomics has been demonstrated for non-inva-
sive tumor stratification, which may significantly reduce
the need for biopsies [22].

Discussion: Al technologies significantly enhance the
diagnostic potential and contribute to the individualiza-
tion of therapy for breast diseases. The obtained data align
with global trends and confirm similar advancements in
improving the accuracy of diagnostic procedures and the
effectiveness of early detection programs for BC.

In international practice, particular attention is given to
large-scale studies on the implementation of Al in screen-
ing processes. For example, the National Health Service
(NHS) of the United Kingdom initiated the world’s largest
study on the use of Al for BC diagnosis, covering approx-
imately 700,000 mammograms. The goal of this study is
to evaluate the accuracy and reliability of Al compared to

traditional analysis methods. Preliminary results show that
Al can reduce the workload of Radiologists and accelerate
the diagnostic process [23].

Similar results were obtained in Germany, where the
use of Al in the screening program led to a 17.6% increase
in the detection rate of BC cases without an increase in
false-positive results. This confirms the potential of Al in
improving the efficiency of diagnostic procedures and
early disease detection [24].

The results of modern studies’ analysis demonstrat-
ed the high promise of using Al in the diagnosis of breast
pathologies. However, alongside the positive achieve-
ments, there are several limitations and challenges that
hinder the widespread implementation of Al in clinical
practice and require special attention for further develop-
ment of Al technologies.

Limited effectiveness of Al in Digital Breast Tomosyn-
thesis (DBT). Al has shown high accuracy in analyzing
digital mammograms; however, its application in Digi-
tal Breast Tomosynthesis has been less successful. Stud-
ies have shown that Al performance in digital breast to-
mosynthesis is lower compared to traditional methods,
which may be due to the limited availability of training
data for this technology. A study published in the Kore-
an Journal of Radiology in 2024 found that the use of Al
in analyzing synthetic mammograms obtained through
Digital Breast Tomosynthesis resulted in lower sensitivi-
ty compared to Full-Field Digital Mammography (FFDM).
The sensitivity of the Al system when analyzing synthetic
mammograms was 76.2%, whereas for Full-Field Digital
Mammography it was 82.8%. The reduction in sensitivity
was especially pronounced in cases with dense breast tis-
sue and early cancer stages, such as T1 and Ductal Carci-
noma In Situ (DCIS). The authors of the study emphasize
that Al systems trained on FFDM data are not always ef-
fectively applicable to synthetic mammograms without
additional adaptation or retraining. This is due to differ-
ences in image characteristics between these two imag-
ing methods. Thus, the direct application of Al developed
for FFDM to synthetic mammograms may lead to reduced
diagnostic accuracy, particularly in cases with clinically
significant findings. These findings highlight the need to
develop and train Al models specifically designed to ana-
lyze synthetic mammograms, ensuring the high accura-
cy and reliability of diagnosis using Digital Breast Tomo-
synthesis [25].

Influence of Patient Characteristics on Al Accuracy. A
study published in the journal Radiology found that pa-
tient characteristics such as race, age, and breast tissue
density significantly influence the accuracy of Al algo-
rithms used for BC screening. In particular, Black women
had a 50% higher likelihood of false-positive results com-
pared to White women. This indicator was also significant-
ly higher in women with extremely dense breast tissue.
Additionally, older women, especially those aged 61-70,
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were more likely to receive false-positive results. These
data underscore the need to include diverse data in train-
ing sets to reduce the risk of bias and improve the general-
izability of Al algorithms [26].

Lack of superiority of Al over Radiologists in some studies.
Despite the achievements of Al in the field of diagnostics,
its performance does not always surpass that of experi-
enced Radiologists. A study published in Radiology com-
pared the effectiveness of an Al algorithm with the results
of 552 Radiologists in interpreting mammograms. The re-
sults showed that Al reached a sensitivity level comparable
to that of Radiologists but did not demonstrate significant
superiority. This underscores that, despite Al's potential in
BC diagnosis, its effectiveness may be limited compared
to professional expertise. Therefore, Al should perhaps be
considered a supportive tool rather than a replacement for
the professional experience of Radiologists [27].

Lack of transparency and reproducibility in Al research.
The study conducted by D. Bontempi et al. showed that
many studies devoted to Al in medical imaging are charac-
terized by insufficient transparency, lack of access to raw
data and code, and a high risk of bias. This hampers the re-
producibility of results and undermines trust in the conclu-
sions of such studies. Thus, a systematic review published
in Nature Communications noted that insufficient efforts
to ensure reproducibility in Al research hinder the verifica-
tion of claimed performance metrics, ultimately leading to
overestimated accuracy and generalizability issues, which
impede the clinical implementation of these systems [28].

Conclusion: The application of Al in mammography
and MRI using radiomics demonstrates significant poten-
tial in improving the diagnosis and personalization of BC
therapy. Modern algorithms enable the accurate detec-
tion of microcalcifications, the prediction of therapeutic
response, and the development of personalized treatment
plans. However, the future advancement of Al technolo-
gies requires data standardization, improved model inter-
pretability, and adaptation to diverse populations.
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AHJIATIIA

"KACAH/IbI THTEJLTEKTIHI CYT BE3I ITATOJIOT MSICBIH
JTUATHOCTHUKAJIAYIA KOJIJIAHY:
OJIEBUETKE LIOJTY

A.C. ITanuna'?, 9.A. Kazvixenosa', I1.C. ITunioc®, A.bI. Monoanuesa', E.K. O60ixansix'

1«C.K. ActheHamapo aTbiHaarsl Kasak ynTTbik MeauumHa yHusepcuteTi» KEAK, Anmatel, KasakctaH Pecny6nmkachi;
2«Kasak OHKOMOrist XaHe paaronoris FuinbIMU-3epTTey MHCTUTYTHI» AK, Anmarsl, KasakcTaH Pecnybnukac!;
3«OpxyH Mepukan» XLLIC, Anmarsl, Kasakcran Pecnybnukack

Oszexminizi: Cym 6e3i 00bIpbiH YaKbiMblHOA OUACHOCIUKANAY OEHCAYIbIK CAKMAy canacbiHoazel 6acmsl miHOemmepoiy 6ipi 601bin
mabwvliadsl, olumreni Oyn aypy oiem 60ubiHua dtiendep apacelnoazbl OAIM-IHCIMIMHIY 6acmul ce6ebi 6oavin Kana 6epedi. Kacandvl unmeniexm
(VKH) conzbl orcvlnoapel KeHiHeH KONOAHbLIA OMbIPbIN, MeOUYUHANLIK Oelineneyliy adxcvlpamac 6enicine aunanovl. Mammozpagus men
Mmaznummi-pesonancmolx, momoepagus (MPT) cuaxmul 3amanayu OuazHOCMuKaivly a0icmep cym 6e3iniy namonocusniapvln aHblKmayod
Mauwi306l Kypanoap o6oavin mabwiiasi, bipak onapoviy uekmeyiepi 6ap. byn ooebuem wonyvl cym 6e3i 00vipbin ouaznocmuraiayoa KH-oi
KOLOAHYObIH 3AMAHAYU MOCINOEPIH CUNAMMAObl.

3epmmeyoin marxcamer: Cym 6e3i 06vipvin ouacnocmukanayoa XH-0i Kondany ooicmepine manoay aicypeizy, convly iuinde 60aicay,
Homudcenepoi UHMepnpemayusiay Heone detineney 90icmepiniy 0o10i2iH apmmulpy MyMKiHOIKmepi.

Qoicmepi: PubMed, Medline, Cochrane Library swcone Google Scholar monimemmep 6azanapbinoa eblivbiMu HAPUATAHBIMOAPOLL 130€y
orcypeizinoi. Llony cym 6esi aypynapein ouaznocmuranayoa JXH-0i Kondanyea apraizan makaiaiaposi Kammuobl.

Homuacenepi: Lllony konovipmanwt Hetiponowvik sceninep (CNN) cusxmet KU srcytienepi mammozpammanapoazl MUKPOKATbYUHAMMApPObl
grcoeapul 0onoiknen (94,5%-ea Oeilin) anvikmayea scone gcanean oy nomudicenepoi 11%-za Oeiiin momenoemyee mymkindix 6epedi. MPT
reckindepin manoayoa CNN-RNN cusgmol eubpuomi modenvoepdi Koaidany xamepai icikmepoi OuacHoOCmukaiayovly 0ondicin 15%-za
arcakcapmaoel sHcone Kamenepoiy canvin 20%-ea asatimaodel. Paouomuxa mepanesmix scayanmel 6oaxcayoa stcozapvl 0on0ikmi 87%-0viK
KepcemeOi, ai Myibmuomouvlk depekmepoi 6ipikmipy cezimmanovikmol 92%-2a Oeilin Kammamacsl3 emeoi.

Kopvimuinovt: Cym Oesin  ouaenocmuxanayoa JKH-0i kondawmy 6Geuneney odicmepiniy 0ondicin  apmmulpadsi, Oepexmepoi
UHmMepnpemayusiayobl Jceqiloemedi JHcoHe mepanusuvl Jceke Hezizoe dcypeizyee MyMKIHOIK Oepedi. Anatida, mMooenb0epoi oKblmy Yulin
OepekmepOiy KoAxcemimoiniei Men wiewim Kadblioayobly SMUKAIbIK ACReKminepi CusiKmol KUblHObIKmMap i oe oap.

Tyiinoi ceszoep: cym 6e3i 06bipol, dHcacanovl unmeniekm, mammozpagus, MPT, paduomuka, 6ondxcam.

AHHOTANUA

INPUMEHEHUE UCKYCCTBEHHOI'O HHTEJIVIEKTA B IMAI'HOCTHUKE
HATOJIOTAA MOJIOYHOM KEJIE3bI:
OB30P JIUTEPATYPbI

A.C. ITanuna'?, 9.A4. Kazvikenoea', IL.C. ITunioc®, A.bI. Monoanuesa', E.K. A60uxanvik’

'HAO «Kazaxckuit HauvoHanbHbli MeauumMHckui yHueepeuteT um. C. 1. ActheHausiposay, Anmatel, Pecnybnuka Kasaxcrah;
*AO «Kasaxckuit Hay4HO-1CCIeOBATENbCKHIA UHCTUTYT OHKONOMM 1 paguonoriuy, Anmarsl, Pecnybrnka Kasaxcrar,
STOO «OpxyH Meaukan», Anmarsl, Pecnybnuka Kasaxcrax

AK’mthleOCmb.' C@O@@peMeHHaﬂ ouaznocmuka paka MOJNIOUHOU Jicenesbl ABAACMcs 0OHOU U3 KIIOUEBbIX 3A0ay 3()paeooxpanenuﬂ, mak
Kak 9mo 3abojesanue ocmaémcsi eedymeﬁ npuLlMHOMV CMEPMHOCMU IHCEHUWUH 60 8CéM mupe. B nocneonue 20061 mexnonocuu UCKYCCMBEHHO20
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unmennexma (MH) npouno eownu 6 chepy meouyunckoll U3yaiu3ayull, NOIYYUE WUpoKoe pacnpocmpanene 6 KIuHu4eckol npakmuke.
Ocnogubie Memoobl OUACHOCIUKU, GKAIOUASL MAMMOZPAPUIO U MacHumHo-pe3oHancuyio momoepaguio (MPT), uepaiom eedywylo poiv 6
obHapysicenuu 3a001e6aHUll MOIOUHOU Jicenesbl, 0OHAKO umelom pad oepanuvenui. Hacmoswuii 0030p noceawén anaiuzy co8pemeHHblxX
603modcHocmetl npumenenus MU ons nogvluienus d¢hghpexmusnocmu OUaZHOCMUKY paka MOL0YHOU JCee3bl.

Henvy uccnedosanusn — npoananuzuposams Memoobl NPUMeHEeHUSA UCKYCCMBEHHO20 UHMENNeKMA 8 OUACHOCIUKE PAKA MOJIOYHOU Jicee3bl,
BKIIOUAS, 6O3MOIICHOCHIU NPOCHOZUPOBAHUSL, UHIMEPAPEMAYUU PE3VIbIMAMO8 U NOGLIULEHUS MOYHOCIU MEMOO08 8U3YANUZAYUU.

Memoowti: [Iposedén nouck nayunwix nyoruxayuii 6 6azax danHvix PubMed, Medline, Cochrane Library u Google Scholar. B 0630p
BKIIOUEHBL CMamvt, NOCeAWeHHble npumenenuio UM 6 ouacnocmuke 3a601e6anuil MOJIOYHOU JCee3bl.

Pesynomamor: O630p nokasan, umo cucmemol MU, makue kax ceépmounvie HelpoHHble cemu, NO360JSAI0M C 8bICOKOU MOUYHOCMbIO (00
94,5%) obnapysrcuns MUKpOKATbYUHANBL HA MAMMOSPAMMAX U CHUNCATND KOAUYECHEO JTOHCHONOI0NCUMENbHBIX pe3yivmamos na 11%. MPT
6 OYeHKe NPOSHO3UPOBAHUSL OMEEMAd HA HEeOAObIOBAHMHYI0 XUMUOMEPANUI0 0eMOHCmpupyem Haubonvuyo yyecmeumensnocms (80,0-83,3%)
npu blAGNIeHUU OCMAMOYHOU ONYXOU, M020d KAK Helpocemesble Menmoovl noKazanu conocmasgumvie pesyrbmamei (69,2-72,0%), npesocxoos
npu 3MoM MpAOUYUOHHYIO MAMMOSPAdUIo U YIbmpaseykosoe ucciedoganue. Paduomurxa oemoHcmpupyem 6vbicoKylo mounocms (87%) 6
NPOCHOZUPOBAHUU MEPANECEMULECKO20 OMEEMd, d UHMe2PaYUs. MYTbMUOMHBIX OAHHbLX 00ecne ugaen wyecmeumenbHocns 00 92%.

3aknwuenue: I[lpumenenue UM 6 Ouaenocmuxe MOIOUHOU dicesie3bl NOGbIULAEN MOYHOCMb Memo008 Susyaiuzayuu, oobiecuaem
unmepnpemayuio OGHHLIX U cnocobcmeyem nepconanuzayuu mepanuu. QOOHAKO 0OCMarOMest 8bl306bl, MAKUE KAK OOCHMYNHOCHb OAHHbIX OJisl
00yuenus mooeneil u SMuyeckKue acneKmvl NPUHAMUSL PeueHUs.

Knwuesvie cnosa: pax monounou ogucenesvr (PMIK), uckyccmeennviii unmennexm (MH), mammoepagpus, macHumno-pe3oHancHas
momoepagus (MPT), paouomuxa, npocHosuposatie.
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