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Introduction. Endometrial canceris a heterogeneous disease in which histological type, grade, molecular subtype, and
disease extentinfluence prognosis and treatment. Radiomics may provide non-invasive quantitative information ontumor
phenotypebefore surgery.

Objective. To synthesize evidence on theability of MRI-and PET/CT-based radiomicsto characterize the tumor profile
in endometrial cancer, with emphasis on histological type, grade, molecular features, and closely relatedrisk indicators.
Materialsand Methods. Astructured narrative review was conducted using PubMed, Web of Science, and Scopus. The
principal search covered publications from January 2018 to February 2025 and was supplemented by later relevant
publications identified during manuscript preparation. Thirty-seven publications informed the synthesis: original human
endometrial cancer studies were considered the core evidence, while reviews, a conference abstract, a preclinical study,
and selected ovarian or cervical cancer studies were used only for contextual or methodological comparison. Owing to
heterogeneity, no meta-analysis was performed.

Results. Acrossthe reviewed literature, radiomics models showed reported discriminatory performance for histological
type, tumor grade, deep myometrial invasion, lymphovascular space invasion, molecular subtypes, and prognostic risk.
In selected studies, reported areas under the receiver operating characteristic curve were commonly approximately 0.80-
0.92. Combining radiomic features with clinical, molecular, or deep-learning data often improved model performance.
However, moststudies were retrospective, single-center, and based mainly on internal validation.

Discussion. The evidence indicates that radiomic features can capture clinically relevant tumor heterogeneity, but
performance estimates are difficult to compare because of differences in imaging protocols, segmentation, feature
extraction, endpoint definitions, and model validation. Limited external validation, small samples, and risk of overfitting
restrict clinical transferability.

Conclusion. Radiomics is a promising non-invasive complement to biopsy, pathology, and conventional imaging for
preoperative tumor profiling in endometrial cancer. Prospective multicenter validation, harmonized imaging and
analytical pipelines, transparent reporting, and clinical-impact studies are required before routine implementation.
Keywords: endometrial cancer; radiomics; magnetic resonance imaging; tumor profiling; molecular markers; risk
stratification.

PAZIMOMUKA OITY XOJIEBOI'O ITPOD®UJIA B OITPEAEJIEHUU I'MCTOJIOI MYECKOI'O
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Brenenue. Pak sHI0METpUS IPEICTABIIET COOOW reTeporeHHoe 3a 00neBaHue, MPH KOTOPOM THCTOJIOTHISCKHUH THII,
CTETICHb 370KAaYeCTBEHHOCTH, MOJIEKYJSIPHBII MMOATHII M PaCIPOCTPAHEHHOCTh OIYXOJH ONMPEIEISIOT MIPOTHO3 U
ne4eOHyI0 TAKTHKY. Pa mioMika O3BOJIICT HEMHBA3UBHO KOJIMUYESCTBEHHO Xa PAKTEPI30BATH OITy XOJICBBIH (DCHOTHIT 710
OTeparyu.

Heab. O000IUTH JaHHBIE O BO3MOXHOCTAX pauoMuky Ha ocHoBe MPT u I T/KT B ip o punmpoBaHmum o1y X0Iu py
paKe SHAOMETPHSI C a KICHTOM Ha TUCTOJIOTUYECKHN THII, CTETICHB 3710KAY €CTBEHHOCTH, MOJICKYJISIP HBIE X A PAKTC PHCTHKA
U CBSI3a HHBIE C PHCKOM IPH3HAKH.

MarepuaJbl 1 MeToabl. [IpoBe/ieH CTPyKTYpHUPOBAaHHBIH HapPaTUBHBIH 0030p Iy OuKanuii, HaaeHHbIX B PubMed,
Web of Science u Scopus. OcHoBHO# ouck oxBaTbiBa nepuos ¢ stueaps 2018 roxa no deppaips 2025 roga u Obut
JOTIOTHEH O0Jiee MO3IHUMU PEJICBAHTHBIMU ITy OJIMKAIIUAMY, BBISIBICHHBIMU NIPU MOATOTOBKE pyKonucu. B cunTes
BKJTIOUYEHBI 37 My OJIMKAIIHiA: OpUTUHAIBHBIC UCCIIEAOBAHHS PAAHOMUKN Y TIAIIMEHTOB C PaKOM SHIOMETPHSI COCTaBIITH
OCHOBHYIO TOKa3aTeJIEHYI0 0a3y, a 0030pbl, KOH(ep eHIMOHHBI MaTepra, JOKIMHIYECKO e ICCIIeI0BA HUE H OT ICITBHBIC
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paboTEI IO paKy SIMYHUKOB M MIEHKH MAaTKH MCIOJIB30BANICH TOJIBKO JJIsI KOHTEKCTHOTO W METOOJIOTHIECKOTO
conocTrasieHys. MeTaaHanu3 He IPOBO IUJIICS.

PesyabTaThl. B paccMOTpeHHBIX MCCIEIOBAHUSX PaJMOMHUYECKHE MOJIENH JEMOHCTPUPOBAJIM CIIOCOOHOCTh payINyaTh
TUCTOJIOTHY eCKHE THITBL, CTETIEHb 3710Ka4eCTBEHHOCT U, INTY0 OKYIO HHBA3HIO MHOMETPUs, TUM(OBACKYIAPHYIO HHBA3UIO,
MOJIEKYJIpHbIE TOATHIBI U IIPOTHOCTHYECKUE IPYMIIbl. B 0TaeapHBIX paboTax 3a BI€HHbIE 3HA YEHHS TUTOMAMU TI0]T
ROC-kpHBO# P EeUMYIIIECTBEHHO COCTABIIUTH MPUOTH3UTENLHO 0,80-0,92. O6bequHEeHIE paiOMIYECKIX TP U3HAKOBC
KITMHAYECKUMA, MOJICKYJISIPHBIMA AaHHBIMH W TITyOOKMM 00y4YEHHEM YacTO MOBBIINIANO MOKa3aTeNH MOJENeH.
BonpmmHCTBO McCIe10BAHMM TPY TOM UMEIIH pETPOCTIEKTUBHBINA OJHOLEHTPOBBIN JM3aH U BHY TPEHHIOH Ba JIU/IALIHIO.
O6cy:xnenue. Pagnomudeckue Npu3HAKH OTPaXKAIOT KIIMHUYICCKH 3HAYHMYIO HEOJHOPOIHOCTD OIyXOJH, OJHAKO
MpsIMOE COTIOCTaBIIEHHE PE3YAbTATOB 3a TPY JHEHO Pa3IMUSIMU B IPOTOKOJIAX BU3yaIM3a1llH, CETMEHTAllUH, U3BJICYEHUH
MIPU3HAKOB, OIIPEACIICHUH UCXOJI0B U Bauaaimu. Orpa HUdeHHas BHELIHSS IPOBepKa, HeOoJIbIMe BHIOOPKH U PUCK
nepeoOyUyeHUs CHIDKAIOT I1€PEeHOCUMOCTD MO EH.

3akJ/0yeHne. Pa TroMuka SBIIsieTCs IEp CIICKTUBHBIM HEMHBA3HUBHBIM JTIOTIOITHEHHUEM K OHOTICHH, MO P (OTOTHUECKOMY
WCCIICJIOBAHAIO W CTAHIAPTHOM BH3yalM3alMU MPH MPEAOIEpaMoHHOM IpodIIMPOBAaHAN paka 3HI0 Merpust. [l
BHEJIPEHHS B IPAKTUKY HEOOXOIMMBI IPOCTIEKTUBHBIE MHOTOLIEHTPOBbIC UCCIIEOBAHUSL, Ta PMOHU3ALHS TP OTOKOJIOB,
MIPO3payvHOE ONHMCaHNE MO/IEJIEH U O1ICHKA MX KIIMHUYECKOT0 BIUSIHUSL

KnroueBble cjioBa: pak dHIOMETPUS; PaIHOMUKA; MaTHUTHO-PE30HAHCHAs TOMOrpadust; npo GUINpOBaHHE OIyXOIH;
MOJIEKYJISpHBIE Ma PKEPBL; CTPaTH(QUKAIIAS PHCKA.
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Kipicne. OrmomMerpuii 0OBIPEI - THCTOIOTUSITBIK THIIL, KA TCPIILTIK O EexkKeci, MOJIEKYJIAJbIK Killli THITi )KHE Tapaysl
00JKaM MEH eMJiey TaKTHKachlHA 9cep eTeTiH rereporeHai aypy. Paguomuka omepanusa AeliH icik (eHoTHIH
VMHBAa3WBT1E€MEC CaH/IBIK CHITATTAyFa MY MKIHJTIK Oepei.

MakcaTsl. JHIOMETPHIT 00BIpBIHIAFHI icik poduinid 0aramayna MPT sxone IIDT/KT HeriziHmeri paAMOMHUKAHBIH
MYMKIHIIKTEP1 Ty paJibl AepeKTep i, 9CIpece TUCTONOTUSIIBIK THIITI, ICIK TOPEKECIH, MOJIEKY JTabIK ep eKIIEeTIKTep 11 JKOHe
ToyeKeJIMeH OalIaHbICThI KO CETKIIITEP 1l JKUHAKTAY.

Marepuasnap men agicrep. PubMed, Web of Science »xone SCOPUS mepeKKop IapbIHIAFHI JKa pUsIaHbIMAAPEA
KYpBUIBIMIAFaH HappaTUBTiK oy xkyprisiunai. Herisri i3aey 2018 xbliarbl KaHTapaaH 2025 sKbUFBL aka Hra JeHiHn
Ke3eHJ1 KaMTBIJIbl JKOHE KOJDKa30aHbl JaWbIHIAy Ke3iHIle aHBIKTAIFAaH KEeHIiHT1 pesieBaHTThI apUsIaHbIMIaApMEH
TONBIKTBIPBUIABL CuHTE3Te 37 7Ka pUsiIaHbIM SHTI3UI1: SHIOMETPHA 0OBIPBI 0ap MAIMEHTTePAETI TYITHYCKA PaIFOMHKA
3epTTeysepi HeTi3T AdJeNep peTiH/e, all oIy JIap, KOH(pEp CHIMSUIBIK Ma Teprall, KITMHUKaFa ICHIHT1 3epTTey HKoHe
aHaJIBIK 031 MEH YaThIP MOITHBI OOBIPBI 0 OMBIHINA JKEKeTIeTeH KYMBICTAP KOHTEKCTIK )KOHE 9[ICTEeMEJTIK CaBICTHIPY YIIIH
naiaanaspULIel. MeTa-Tanay xKypri3uireH )oK,

Hoatukenep. Kapacteippliran 3epTTeyiieplie paluoMUKaIbIK MOAEIbAEP TUCTOJOTHIIBIK THIITL, 1CIK I9pekKecH,
MHOMETpHiire TepeH MHBA3UAHBL, TUM(OBACKYIIAPJIBIK WHBA3MSIHBL, MOJIEKYJaJbIK Killli TUNITEPl )KoHe 00mKaMIBIK
TOyeKeNl TOUTAphIH a)XbIpaTy MYMKIHIITH KepceTTi. JKekeneren 3eprreynepae ROC-KUCHIFEI acCTHIHIAFE ayiaH
mamamen 0,80-0,92 apanbirbiHma xabapnaHmbl. PaguoMHKanbIK Oenriiep/i KIHHHKAIBIK JKOHE MOJICKYJIAIBIK
JIepeKTepMEH HeMece TePEH OKBITYMEH OIpIKTIpy MOJIeNb KOPCETKIIITEPIH Ui KaKCApTThL. JlereHMeH Ky MbICTapIIbiH
KON pEeTPOCTIEKTUBTI, 0ip OPTAIBIKTHI )KOHE HETi31HEH 1IIKi BaTUAAIMsIFa CYHEeH/TI.

Taakpuiay. Pagnomukansik Oenriiep iCIKTIH KIWHUKAJBIK MaHBI3Ibl TETEPOTEHIUINH KOPCETYl MYMKIH, OIpak
BH3YyaJiM3alysl XaTTaMaliap bIHBIH, CETMEHTALIUSIHBIH, O eNriIepi a1y TaC U IePiHiH, HOTHUXKENIEP aHbIKTAMATIaPBIHBIH YKOHE
BaJTUIAIIMSHBIH OPKEJIKLTIN HOTYKENEPi TIKeJIeH CalbICThIPY bl KUbIHAATA bl ChIPTKBI BAJIHIAIIMSHBIH ISKTCSYIILTIM,
[IaFBIH IpIKTEMeIep )KOHEe MOIEJIbIiH Ka iiTa YpeHy KayTi KITWHUKAJIBIK KOJIIAHY b TeXKEH 1.

KopbiTeiHabl. Pannomika SHIOMETpHH OOBIPBIH OIEpanus aJdbHIAFel MPOGUIbICY Ke3iHAe OWOICHSHEL
MOP (POJTOTUSUTBIK 3ePTTEY i ’KOHE CTa HIAPTTHI BU3Y AJIM3AIUSHBI TONBIKTBIPATHIH TIEPCTICKTHBAJIB HHBA3HUBT1e€MeC TOCIT
6onbin TaObUIaapl. KyHAETIKTI IpaKTHUKaFa €Hri3y YIIiH MPOCIEKTHBTI KOMOPTANIBIKTEl BaTHAAIHS, XaTraMajap/apl
yiecTipy, MO IeTIb I P/ a IIBIK CHIIATTAY YKOHE KITMHUKAJIBIK dcepi Oaranay KaKeT.

Ty#inai ce3nep: yHAOMETP U 00BIPHI; PaJIHOMHKA; MATHUTTIK-PE30HAHCTHIK TOMOIPaQHst; ICiK PO PUITi; MOJIEKYIIAIIBIK
MapKepJiep; TOYSKeIli CTpaTH(PUKaAIUsUIaY.
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Introduction

Endometrial cancer is a heterogeneous
malignancy with histological and molecular
subtypes associated with different prognoses
and treatment strategies. Traditional type | and
type Il categories remain useful descriptively,
whereas The Cancer Genome Atlas-derived
groups and their clinical surrogates - POLE-
mutated, mismatch-repair-deficient, p53-
abnormal, and no specific molecular profile -
increasingly  inform risk  stratification.
Preoperative biopsy and conventional imaging
have recognized limitations: sampling may
underestimate grade or miss aggressive
components, and assessment of myometrial
invasion, cervical stromal involvement, and
lymph-node status is partly observer-
dependent. Radiomics has therefore been
investigated as a quantitative approach to
predicting deep myometrial invasion, clinical
risk category, histological type, and
lymphovascular space invasion [1].

Radiomics extracts quantitative descriptors of
intratumoral and peritumoral heterogeneity
from multiparametric MRI or PET/CT and
integrates them with clinical variables through
machine-learning models. The review by
Manganaro et al. summarizes the rapid growth
of radiomics in gynecological imaging and
endometrial cancer [2].

This review focuses on how tumor profile
radiomics  contributes to  determining
histological type and biological aggressiveness
in EC, including: (i) histologic type and grade,
(it) molecular markers (MSI, p53abn, TMB),
(iii) radiogenomic signatures, and (iv) closely
related tasks such as deep myometrial invasion
(DMI), lymphovascular space invasion (LVSI),
and high-risk class assignment, which are
tightly linked to histologic type.

The scientific contribution of this review is the
integrated consideration of histological type,
grade, molecular surrogates, prognostic risk,
treatment-planning applications, and
methodological reproducibility within one
tumor-profiling framework. The review does
not provide a new pooled estimate; it identifies
recurring performance patterns, validation
gaps, and requirements for clinical translation.
The objective of thisstructured narrative review
was to evaluate how radiomics contributes to
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preoperative tumor profiling in endometrial
cancer, with emphasis on histological type and
biological aggressiveness, and to identify
methodological barriers that currently limit
routine clinical use.

Materials and Methods

Review design and reporting approach

This study was designed as a structured
narrative review. A narrative approach was
selected because the evidence included
heterogeneous imaging modalities, endpoints,
segmentation strategies, feature-extraction
pipelines, machine-learning methods, and
validation approaches. Preparation of the
manuscript was guided by the principles of the
Scale for the Assessment of Narrative Review
Articles (SANRA). PRISMA terminology was
used only where it improved transparency of
the search description; the manuscript is not
presented as a systematic review or meta-
analysis.

No statistical pooling was planned or
performed. The review protocol was not
prospectively registered.

Information sources and search strategy

A literature search was conducted in PubMed,
Web of Science, and Scopus. The principal
search covered publications from January 2018
to February 2025 and was supplemented by
later relevant publications identified during
manuscript preparation. Searchterms combined
“endometrial cancer” OR “endometrial
carcinoma” with “radiomics” OR “radiomic
features”, imaging terms (“MRI”, “magnetic
resonance imaging”’, “PET”, “PET/CT”),
computational terms (“machine learning”,
“deep learning”), and outcome terms
(“histology”, “histological subtype”, “serous”,
“endometrioid”, “grade”, “molecular subtype”,
“prognosis”, ‘“‘myometrial invasion”, or
“lymphovascular space invasion”). Syntax was
adapted to each database. Reference lists of
relevant articles and reviews were screened
manually.

Eligibility criteria

Core evidence comprised original peer-
reviewed human studies of histologically
confirmed endometrial cancer that used
preoperative MRI and/or PET/CT, extracted
radiomic or deep-imaging features, applied
computational modeling, and reported
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quantitative performance for histological type,
grade, molecular subtype, disease extent, risk
class, nodal status, prognosis, or treatment-

planning endpoints. Retrospective and
prospective designs were eligible.
Systematic or narrative reviews, one

conference abstract, a preclinical organoid-
derived mouse study, and selected radiomics
studiesinovarian or cervical malignancieswere
retained only as contextual or methodological
evidence. They were not treated as direct
clinical evidence for endometrial-cancer model
performance. Case reports, editorials, letters,
non-English publications, studies without
sufficient methodological information or
quantitative performance metrics, and studies
unrelated to tumor profiling were excluded.
Study selection and data extraction

One author performed the initial search,
screening, and extraction; the second author
provided methodological oversight, reviewed
eligibility decisions, and critically evaluated
interpretation. For each retained publication,
the following information was extracted where
available: study design, sample size, imaging
modality and protocol, segmentation approach,
radiomic or deep-learning method, predicted
endpoint, validation strategy, performance
metrics, and principal methodological
limitation.

Thirty-seven publications formed the final
evidence base: 30 original human endometrial-
cancer studies, two review or meta-analytic
publications, one conference abstract, one
preclinical study, and three selected studies in
related gynecological malignancies. Because
the source records did not contain a
reproducible countof duplicates and exclusions
ateach screening stage, a formal PRISMA flow
diagram was not generated.

Review outcomes

The primary review outcomes were reported
discrimination of radiomics models for
histological type, tumor grade, and molecular
subtype. Secondary outcomes included deep
myometrial invasion, lymphovascular space
invasion, lymph-node metastasis, clinical risk
class, recurrence orsurvival, fertility-sparing or

ovarian-preservation eligibility, and
methodological reproducibility. Reported
AUC, accuracy, sensitivity, specificity,
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calibration, and validation approach were
extracted when available.

Critical appraisal and synthesis

Because the evidence comprised substantially
different designs, no single risk-of-bias
instrument was applied across all publications.
Evidence was appraised qualitatively with
attention to retrospective versus prospective
design, single-center versus multicenter
recruitment, sample size, segmentation
reproducibility,  feature-to-sample  ratio,
internal and external validation, risk of
overfitting, reporting transparency, and
harmonization of imaging protocols. Greater
interpretive weight was assigned to multicenter
studies, independent validation cohorts,
prospective components, and analyses using
standardized radiomic procedures. Findings
were synthesized narratively by clinical
endpoint and methodological theme.

Safety assessment

Safety assessment was not applicable because
the review involved no new intervention,
imaging procedure, or patient-level data
collection. Safety findings were not a
prespecified synthesis endpoint and were
considered only when reported in the source
publications.

Ethics

Ethics committee approval and informed
consent were not required for this review
because only previously published, publicly
available aggregate data were analyzed.
Results

Study profile

The 37 retained publications covered MRI and
PET/CT radiomics, radiogenomics, deep
learning, and combined clinical-imaging
models. Most original clinical studies were
retrospective and single-center; multicenter
cohorts and independent external validation

were less common. Endpoints included
histological type, grade, deep myometrial
invasion, lymphovascular space invasion,

molecular subtype, lymph-node metastasis, risk
class, recurrence, and survival. Owing to
marked methodological heterogeneity, results
are presented as thematic patterns rather than
pooled estimates.
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MRI radiomics for overall prognostic
modeling and risk stratification

MRI radiomics studies in endometrial cancer
have established the feasibility of whole-tumor
profiling for prognostic modeling and risk
stratification. Fasmer et al. [3] used whole-
volume tumor MRI radiomics in 201 patientsto
derive signatures associated with aggressive
disease and poor outcome; these signatures
achieved  medium-to-high  discriminative
performance. However, the study was
retrospective and lacked external validation,
which may limit generalizability. Jacob et al.
developed an MRI-based Radiomic Prognostic
Index (RPI) in 95 women, showing that high
RPI scores predicted poor disease-specific
survival and were associated with distinct gene
expression  profiles, linking  radiomic
phenotypes to underlying tumor biology [4].
Nevertheless, the relatively small sample size
increases the risk of overfitting and limits
robustness.

Building on this, Hoivik et al. presented a
radiogenomics application combining
radiomics with genomic data to refine
prognostic profiling, further reinforcing the
concept that imaging phenotypes capture
molecularly driven heterogeneity in EC [5],
although validation in independent cohorts
remains necessary. Rentonetal. [6] and Liu et
al. [36] demonstrated that multiparametric MRI
radiomics can predict progression-free and
disease-free survival, respectively, using
radiomic signatures; however, variability in
feature selection methods and modeling
strategies across studies complicates direct
comparison. Mainenti et al. similarly used MRI
radiomics for preoperative risk stratification,
confirming that radiomics-based machine
learning can stratify high- vs low-risk patients
[7], although the single-center design may
introduce selection bias.

Complementary work by Lefebvre et al. [8]
developed 3D radiomics signatures for
preoperative risk stratification, demonstrating
clinically relevant stratification into high- and

low-risk groups. Hodneland et al. [10]
systematically investigated MRI radiomic
feature  normalization, showing  that

normalization strategy significantly affects
prognostic modeling performance, thereby
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highlighting a  critical methodological
challenge for reproducibility and clinical
translation.

Although these studies focus primarily on
prognosis and risk class rather than explicit
histologic type, their results suggest that
radiomic tumor profiles encode features of
tumor aggressiveness closely linked to
histologic subtype and grade [3-10,36]
Collectively, these findings indicate that MRI
radiomics has strong potential for preoperative
risk stratification in endometrial cancer.
However, most studies are retrospective, rely
on relatively small or single-center cohorts, and
frequently lack external validation. In addition,
heterogeneity in imaging protocols, feature
extraction pipelines, and modeling approaches
introduces variability and limits
reproducibility. These factors increase the risk
of overfitting and selection bias, and therefore
the reported performance metrics should be
interpreted with caution.

Radiomics for histological type, grade, and
deep myometrial invasion

Radiomics models have also been extensively
applied to predict histological type, tumor
grade, and deep myometrial invasion. Li et al.
[1] developed integrated clinical-radiomic
models based on T2-weighted MRI in 219
patients, demonstrating improved
discrimination for DMI, risk category,
histologic type, and LVSI compared with
clinical models alone. Despite strong
performance, the retrospective design and
absence of external validation may limit
generalizability. Wang et al. [11] and Bi et al.
[12] constructed multiparametric MRI
radiomics nomograms for assessing DMI and
distinguishing early-stage EC from benign
lesions, reporting high diagnostic accuracy [11,
12]; however, inter-institutional variability in
imaging acquisition and reconstruction may
affect model transferability.

Yang J. et al. [13] used intratumoral and
peritumoral radiomics to assess DMI, showing
improved performance when peritumoral
features were included, although the added
complexity may increase susceptibility to
overfitting. Shen et al. [14] extended this
approach to differentiate uterine serous
carcinoma from endometrioid carcinoma using
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multiparametric MRI radiomics combined with
deep learningin amulticenter cohort, achieving
high accuracy; nevertheless, deep learning
models may suffer from limited interpretability
and require large external datasets for
validation.

Several studies addressed tumor grading.
Zheng et al. [15] and Yue et al. [16]
demonstrated that radiomics combined with
clinical variables improves prediction of
histologic grade, while Renetal. [17]and Yang
J. et al. [18] showed that incorporating
peritumoral features and deep learning further
enhances predictive performance. However,
across these studies, limited sample sizes,
retrospective designs, and heterogeneous
modeling pipelines remain common limitations
that may affect robustness and reproducibility.
Additional studies in related gynecologic
cancers, including ovarian and cervical
malignancies [19-21], further support the
feasibility of radiomics for histotype

classification and treatment-response
prediction. While these findings are
methodologically transferable to endometrial
cancer, differences in tumor biology and
imaging characteristics should be considered
when extrapolating results.

Overall, the studies summarized (Table 1)
demonstrate that MRI-based radiomics has
shown potentially useful discriminatory
performance for clinically relevant endpoints,
including histological type, tumor grade, and
deep myometrial invasion. In several studies,
integration of radiomic features with clinical
variables or deep-learning approaches
improved predictive performance. However,
the evidence is limited by methodological
heterogeneity, lack of standardization, and
insufficient external validation. These
limitations introduce potential biases and
currently constrain the clinical applicability of
radiomics-based diagnostic models.

Table 1 - Selected radiomics studies focusing on histological type, grade, or closely related risk features

Study Modality Endpoint Key Findings Study Design/ | Key Limitations
Validation
Lietal., 2023 T2W MR, DMI,clinical | Radiomic model Retrospective, | No external
(Cancers) intratumoral | risk class, achieved AUC ~0.85 |single-center [ validation; potential
histologic type, | for DMI,~0.82 for overfitting
LVSI LVSI, and effectively
differentiated
endometrioid vs non-
endometrioid tumors;
addingradiomics
significantly improved
clinical-only models.
Wangetal., 2023 | Multiparamet | DMI Bestradiomicsmodel | Retrospective | Lack of external

(Front Oncol) ric MRI

(Acad Radiol) ric MRI reached AUC ~0.88for validation; inter-
DMI; outperforming observer variability;
radiologist assessment MRI protocol
(~0.72). Nomogram heterogeneity
integrating texture
featuresincreased
predictive stability.

Bietal., 2022 Multiparamet | Stage IAEC vs | Radiomics classifier Retrospective; | Retrospective

benign lesions | achieved AUC 0.90+
fordistinguishingearly | validation
EC from benign
lesions; multi-center
validation confirmed
robustness.

multicenter design; potential
selection bias;
variability across

centers
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Study Modality Endpoint Key Findings Study Design/ | Key Limitations
Validation
Zhengetal., MRI + Histologic Combined model Retrospective | Smallsample size;
2021 (Front clinical grade (radiomics + CA125+ lack of external
Oncol) MRI features) achieved validation; risk of
AUC ~0.84 forhigh- overfitting
grade EC; significantly
higherthan clinical
modelalone (~0.72).
Yueetal.,,2023 | Multiparamet | Tumorgrade | Tumor-grade prediction | Retrospective | No external
(Front Oncol) ric MRI achieved AUC ~0.87; validation; single-
wavelet-based features centercohort; model
were most informative. generalizability
Calibrationcurveand uncertain
decision curve analysis
showed strongclinical
utility.
Renetal.,2025 |Intratumoral | Tumorgrade [ Integrated model Retrospective [ Smallcohort; lack of
(Oncol Lett) and reached AUC ~0.90for external validation;
peritumoral predicting high-grade potential overfitting
MRI EC; peritumoral ring
features improved
sensitivity for
aggressive tumors.
Yangl.etal., Deep- Risk class CNN-based model Retrospective | Deep learning
2023 (Front learningMRI | (EEC) achieved AUC >0.90 interpretability
Oncol) fordistinguishing low- limitations; no
vs high-risk external validation;
endometrioid data heterogeneity
carcinoma; automated
feature extraction
outperformedhand-
crafted radiomics.
YangJ.etal., Intratumoral |DMlinearly |Best modelachieved Retrospective | Lack of external
2025 (Front and endometrioid | AUC ~0.89; combining validation; increased
Oncol) peritumoral |EC intra-and peri-tumoral model complexity;
MRI features increased overfitting risk
accuracy by ~10%
comparedto
intratumoral features
alone.
Shenetal., 2025 | Multiparamet | USC vs Multicenter dataset; Multicenter External validation
(Front Oncol) ric MRI + endometrioid | modelachieved AUC | cohort limited; deep
deep learning | EC ~0.92 forusC learning
identification; DWI- interpretability;
based features were dataset imbalance
most discriminative.
Fangetal.,, 2024 | Multiparamet | CCJcervical | AUC ~0.88 for Retrospective | Limited sample size;
(Abdom Radiol) | ric MRI adenocarcinom | differentiating cervix— anatomical
avs corpus junction variability; lack of
endometrioid | adenocarcinoma from external validation
EC endometrioid
carcinoma; model
improved diagnostic
confidence for difficult
anatomical regions.
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Study Modality Endpoint Key Findings Study Design/ | Key Limitations
Validation
Takeyamaetal., | MRI Ovarianclear | Texture-based Retrospective | Not EC-specific;
2024 (JpnJ cell vs signaturesachieved limited cohort size;
Radiol) endometrioid | AUC ~0.85for generalizability
carcinoma histotype classification; concerns
demonstrated that
radiomics candetect
subtle phenotypic
differencessimilarto
EC pathology.
Naetal,2024 |Multimodal |Platinum Fusion modelachieved | Retrospective | Non-EC population;
(Front Oncol) MRI + sensitivityin | AUC ~0.89 for limited
clinical ovarian predicting platinum transferability; lack
carcinoma sensitivity; radiomics of standardized
alone underperformed imaging
(~0.78), showing
benefit of multimodal
integration.

AUC values and conclusions are reproduced as reportedin thecited publications and were notrecalculated. Studies in
ovarianor cervical malignancies are included only for methodological comparison and shouldnotbe interpreted as

directevidence for endometrial cancer.

Radiomics for molecular subtypes, MSlI,
p53-abnormal status, and tumor mutational
burden

Radiomics has also been applied to the
prediction of molecular subtypes and genomic
surrogates, which are increasingly important
for personalized treatment strategies. Lin et al.
[22] developed an MRI-based radiomics
nomogram for predicting microsatellite
instability (MSI), demonstrating promising
diagnostic performance; however, model
generalizability remains uncertain. Broomand
Lomeretal. [23] conducted a systematic review
and meta-analysis, reporting encouraging
pooled performance but also highlighting
substantial heterogeneity in study design and
quality, underscoring the need for
standardization.

Ning etal. [24] and Menget al. [25] developed
radiomics-based models for predicting p53-
aberrant tumors and high tumor mutation
burden, respectively, demonstrating that
radiomics can serve asa non-invasive surrogate
for molecular profiling. Zhou et al. [26] and
Brancato et al. [27] further showed that
combining radiomics with peritumoral features
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or pathomics improves subtype classification.
However, these integrative approaches increase
methodological complexity and require large,
well-annotated datasets for validation.
Additional studies demonstrated the value of
radiogenomics and  multimodal MRI
approaches [28-31,37], while PET-based
radiomics was used to capture metabolic
heterogeneity and aggressive tumor biology
[32—34]. These approaches showed promising
reported performance but were frequently
limited by retrospective design, small samples,
protocol variability, and limited external
validation.

Collectively, these studies (Table 2) indicate
that radiomics may capture biologically
relevant information associated with molecular
subtypes and genomic alterations. However,
variability in methodology, limited external
validation, and potential overfitting remain
significant challenges. As a result, although
radiomics shows promise asanon-invasive tool
for molecular phenotyping, further large-scale
prospective studies are required before clinical
implementation.
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Table 2 - Radiomics studies targeting molecular and genomic surrogates in endometrial cancer
Study Modality | Molecular/Ge Key Findings Study Design/ Limitations
nomic Validation
Endpoint
Linetal.,2023 |MRI MSI status Combinedradiomic- Retrospective | No external
(QIMS) clinicalmodelachieved validation; moderate
reported AUC sample size; risk of
approximately 0.85for overfitting
MSI prediction; wavelet
texture features were
among the strongest
predictors.
Broomand MRI MSI status Pooled resultsshowed | Systematic High heterogeneity;
Lomeretal., (systematic radiomicsmodelscan | reviewand variable study
2025 (Abdom review) reach AUC 0.80-0.90 [meta-analysis | quality;publication
Radiol) for MSI, though bias
methodological
variability limits
generalizability.
Ningetal., 2024 [MRI + p53abnEC Multitask model Retrospective | Lack of external
(BrJ Radiol) clinical achieved AUC ~0.86; validation; limited
integrating MRI sample size;
radiomics with CA125 potential overfitting
improveddiscrimination
of p53abntumors.
Mengetal., 2025 | MRI High TMB Radiomics model Retrospective | No independent
(Abdom Radiol) achieved AUC ~0.87; validation cohort;
high-entropy features model
were strongly associated generalizability
with TMB-H phenotype. uncertain
Zhouetal., 2025 | Multiparamet | Molecular Modelachieved AUCs | Retrospective | Heterogeneous MRI
(EurJ Radiol) ric MRI subtypes >0.80 forseparating protocols; lack of
(TCGA p53abn, MSI, and external validation;
surrogates) NSMP phenotypes; potential bias
peritumoral features
improvedsubtype
classification.
Jacobetal, 2021 [MRI +gene | Radiomic High RPI associated Retrospective | Smallcohort; no
(J Clin Med) expression Prognostic with poorsurvivaland external validation;
Index & specific gene-expression limited robustness
genetic clusterslinked to
alterations aggressive biology.
Hoivik etal., MRI Prognostic Radiomic clusters Retrospective | Integration
2021 (Commun |radiomics+ | profiling correspondedto complexity; limited
Biol) genomics genomic subgroups; external validation;
demonstrated feasibility cohortsize
of integratingimaging constraints
with multi-omic data.
Cellietal.,2022 |MRI + Risk classes Combined model Retrospective | High methodological
(Cancers) histologic— achieved AUC ~0.90; complexity; limited
molecular molecularsurrogates interpretability;
data (MMR-d, p53abn, external validation
POLEmut) significantly required
increasedaccuracy.
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Study Modality | Molecular/Ge Key Findings Study Design/ Limitations
nomic Validation
Endpoint
Brancatoetal.,, [Radiomics+ | Integrated Combinedfeatureset | Retrospective | High methodological
2024 (SciRep) |pathomics tumor improved prediction of complexity; limited
characterization | molecular subtypes interpretability;
comparedto radiomics validationneeded
or pathomicsalone.
Fasmeretal., [L8F]FDG Aggressive PET-derived radiomic | Retrospective |PET protocol
2025 (EurJNucl |PET disease,poor | signature predicted poor variability; lack of
Med Mol outcome survivalwith AUC external validation;
Imaging) ~0.88; metabolic limited cohort size
heterogeneity linked to
aggressive molecular
classes.

Reported model performance was extracted fromthe source publications. Heterogeneity in cohorts, class prevalence,
feature selection, andvalidation prevents direct ranking of models.

Radiomics for organ preservation, fertility-
sparing treatment, and lymphadenectomy
decisions

Radiomics has also been explored for treatment
planning. Yan et al. developed MRI-based
radiomics nomograms for ovarian preservation
and identification of candidates for fertility-
sparing treatment [30,35]. Liu et al. proposed a
radiomics model for prediction of lymph-node
metastasis to support lymphadenectomy
decisions [29].

Although these applications highlight the
translational potential of radiomics, they
remain subject to similar methodological
limitations, including retrospective design,
limited validation, and potential selection bias.
Consequently, while radiomics-based decision-
support tools are promising, their integration
into clinical workflows requires further
validation in prospective, multicenter studies.
Methodological themes and challenges

Most endometrial cancer (EC) radiomics
studies used hand-crafted features—such as
first-order intensity, shape, texture, and
wavelet-derived descriptors—extracted from
manually or semi-automatically segmented
lesions on T2-weighted and/or multiparametric
MRI  (including diffusion-weighted and
contrast-enhanced sequences). Lefebvre et al.
introduced a spherical harmonics — based
quantitative image analysis in multiparametric
MRI to predict histopathology markers of EC,
demonstrating that higher-order mathematical
descriptors of tumor shape and surface can
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capture histologic differences beyond standard
radiomic features. More recently, deep leaming
approaches, including convolutional neural
networks, have beenused to automatically leam
features from image patches or to combine deep
features with radiomics. YangJ. etal. and Shen
et al. exemplify this trend by integrating
multiparametric MRI radiomics with deep-
learning architectures for risk classification and
histologic  subtype differentiation. The
spherical-harmonics study is reported in
reference [9], while deep-learning applications
are represented by studies[14,18].

Several studies emphasized the added value of
peritumoral radiomics. YangJ. etal. and Ren et
al. showed that including peritumoral rings
around the primary lesion improves prediction
of deep myometrial invasion (DMI) and grade,
likely by capturing invasion patterns, stromal
reaction, and angiogenesis at the tumor—
myometrium interface. Yan B. et al
incorporated peritumoral regions into an MRI-
based radiomics nomogram for lymphovascular
space invasion (LVSI) prediction, aligningwith
the biological notion that LVSI and invasive
growth  are peritumoral ~ phenomena.
Representative studies are cited in [13,17,29].
Standardization and reproducibility remain
critical barriers to clinical adoption. Hodneland
et al. explicitly evaluated different MRI
radiomic feature normalization strategies in
uterine endometrial and cervical cancers,
showing that normalization choices influence
prognostic model performance. Broomand
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Lomer et al., in their MSI radiomics meta-
analysis, highlighted heterogeneity in imaging
protocols, feature extraction software, and
machine learning workflows, limiting pooled
inference and external applicability. Moreover,
most EC radiomics studies are retrospective,
single-center, and rely on internal cross-
validation, which constrains generalizability
and raises potential risk of overfitting.
Multicenter studies, such as those by Bi et al.
and Shen et al., as well as some MSI-focused
works, represent progress toward broader
applicability but still require prospective
validation and harmonization of MRI protocols.
These reproducibility concerns are also
emphasized in [10,23].

Ability of radiomics to capture histological
type

Across the reviewed literature, radiomics
demonstrates strong potential to approximate
histological type and related tumor biology in
endometrial cancer. Multiple studies report that
radiomic signatures can reliably distinguish
endometrioid from non-endometrioid or serous
carcinomas. Lietal. identified key T2-weighted
MRI features linked to tumor shape and the
myometrial interface, while Shen et al
achieved high accuracy in separating uterine
serous carcinoma from endometrioid
carcinomausingmultiparametric MRIand deep
learning. Radiomics also performs well in
predicting histologic grade and preoperative
risk class, asdemonstrated by Zheng, Yue, Ren,
and Yang, particularly when peritumoral
features and deep-learning methods are
incorporated; high-grade endometrioid tumors
and serous carcinomas frequently cluster
together, reflecting their shared aggressive
behavior. The relevant evidence is summarized
in studies [1,14-18].

Beyond morphology, radiomics correlates
closely with molecular subtypes. Studies by
Lin, Ning, Meng, Zhou, Celli, Jacob, and
Hoivik show strong associations between
imaging-derived features and MSI, p53-
aberrant status, high tumor mutational burden,
and TCGA-like genomic groups. These
molecular  correlations  further  support
radiomics as a surrogate for underlying tumor
biology. Multimodal approaches integrating
MRI with PET, pathomics, or clinical/serologic
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data consistently outperform single-modality
models, emphasizing that the most accurate
assessment arises from holistic tumor profiling.
Representative molecular and radiogenomic
studies are cited in [22,24-28,37].

Despite these promising findings, most
evidence originates from retrospective cohorts
with limited sample sizes and minimal extemal
validation, which may overestimate model
performance and reduce generalizability.
Variability in  MRI acquisition, feature
extraction pipelines, and analytic methods
introduces potential bias and reproducibility
challenges. Nevertheless, radiomics providesa
non-invasive proxy for histologic type, grade,
and molecular phenotype, with clinically
meaningful applications in preoperative risk
stratification, surgical planning, organ
preservation, and systemic therapy selection.
Discussion

Principal findings and interpretation

While radiomics shows strong potential for
improving  preoperative  assessment in
endometrial cancer, several limitations hinder
its immediate clinical translation. Most studies
are retrospective and based on relatively small
cohorts, with limited external validation,
raising concerns about reproducibility and
generalizability. Considerable heterogeneity in
imaging protocols, segmentation approaches,
feature extraction methods, and machine-
learning techniques further complicates
comparison across studies, and widespread
adoption of standardization frameworkssuch as
IBSI remains incomplete. In addition, research
targets a wide range of endpoints - histologic
type, grade, DMI, LVSI, molecular markers,
risk class - yet the relationship between these
outcomes and underlying tumor biology is not
always clearly defined. Importantly, few
investigations have prospectively evaluated
whether radiomics-guided decisions improve
patient management, reduce unnecessary
interventions, or lead to better clinical
outcomes.

Future work should emphasize large,
prospective multicenter validation using
harmonized imaging and feature pipelines, as
well as the integration of radiomics with other
omics modalities to generate more biologically
interpretable models. Advances in explainable
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Al will be essential for clarifying the basis of
radiomic predictions and increasing their
clinical acceptability. Ultimately, formal
clinical impact studies are needed to determine
whether radiomics-based decision-support
tools can meaningfully enhance personalized,
organ-preserving management in endometrial
cancer.

Scientific novelty and clinical implications
The novelty of this review lies in linking
radiomic prediction of histological type with
grade, molecular surrogates, invasion-related
features, prognostic risk, and treatment-
planning decisions in a single tumor-profile
framework. This integrated interpretation
shows that radiomics is most likely to be
clinically useful as a complement to pathology
and conventional imaging rather than as an
isolated substitute.

Potential  clinical  applications include
preoperative risk stratification, identification of
patients requiring more extensive staging,
support for fertility-sparing or ovarian-
preservation decisions, and selectionof patients
for additional molecular testing. Howeuver,
reported model performance alone does not
establish  clinical utility. Decision-curve
analysis, prospective workflow studies,
comparison with expertradiologists and current
clinicopathological models, and evaluation of
patient outcomes are required.

Strengths and limitations of the review
Strengths of the review include a clearly
defined clinical focus, coverage of MRI,
PET/CT, radiogenomics, and deep-learning
approaches, and explicit consideration of
validation and reproducibility. The narrative
structure allowed integration of heterogeneous
endpoints that could not be meaningfully
pooled.

The review also has limitations. The search was
structured but not performed as a prospectively
registered systematic review. Exact duplicate
counts and exclusion counts at each screening
stage were unavailable, and a formal risk-of-
bias tool was not applied. The search was
limited to three databases and English-language
literature; conference, preclinical, review, and
related gynecologic-cancer publications were
included for context, which increases
conceptual breadth but may blur the boundary
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of direct evidence. Performance estimates were
extracted from heterogeneous studies and were
not independently recalculated. Publication
bias, selective reporting, and optimistic internal
validation may therefore have influenced the
apparent model performance.

Limitations of the evidence base and future

research

Most included clinical studies were
retrospective, used relatively small or single-
center cohorts, and relied on internal cross-
validation or random train-test splits.
Differences in MRI scanners, acquisition
protocols, segmentation, image preprocessing,
feature definitions, class imbalance, endpoint
definitions, and machine-learning workflows
limit reproducibility. External validation was
uncommon, and few studies evaluated
incremental benefit over contemporary
pathology, molecular classification, and expert
imaging assessment.

Future research should prioritize prospective
multicenter cohorts, prespecified analysis
plans, harmonized imaging protocols, Image
Biomarker Standardization Initiative-compliant
feature extraction, transparent reporting of
missing data and class balance, locked extemal
validation, calibration, decision-curve analysis,
and open or auditable code. Clinical-impact
studies should determine whether radiomics-
guided decisions improve management, reduce
unnecessary procedures, or improve outcomes.
Conclusion

Radiomics research in endometrial cancer has
advanced rapidly, progressing from early
single-center  studies to  sophisticated
multiparametric, radiogenomic, and deep-
learning approaches. Evidence from MRI-
based models for risk stratification, histologic
typing, grading, and molecular characterization
- as well as PET/CT radiomics and emerging
radiopathomic frameworks - demonstrates that
quantitative imaging features may capture
tumor biology and aggressiveness. However,
most studies are retrospective, single-center,
and rely on internal validation, which limits
generalizability and introduces potential bias.
Variability in imaging protocols, feature
extraction methods, and analytic workflows
further challenges reproducibility. Despite
these limitations, radiomics represents a
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potentially valuable non-invasive complement
to traditional biopsy and histopathology.
Future work integrating clinical, radiomic, and
molecular data, along with prospective,
multicenter validation and standardized
pipelines, may enable more accurate
preoperative differentiation of tumor subtypes,
improved prediction of grade and molecular

planning of surgical and therapeutic strategies
in endometrial cancer.

At present, radiomics should be regarded as an
investigational decision-support approach. Its
transition to routine care requires standardized
acquisition and analysis, independent extemnal
validation, transparent model reporting, and
demonstration of added clinical value beyond

risk categories, and more personalized biopsy, histopathology, molecular
classification, and conventional imaging.
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Hexaapanuu

ITH4Yeckoe 0100peHne U corjacue Ha ydyactue. O030p OCHOBAaH UCKIIOYUTEIHPHO Ha paHee
OTyOJIMKOBAaHHBIX arperupOBaHHBIX JAaHHBIX M HE BKIIOYal HAO0Op yYaCTHHUKOB MU 0OPaOOTKY
UACHTU(DHUIIUPYEMBIX TAHHBIX TAIUEHTOB.

Be3onacHocTh. He mpuMeHNMO K IPOBEACHUIO HACTOSIIETO 0030Pa; HOBBIE TUATHOCTUYECKUE WK
neyeOHbIe BMEIIATEeIbCTBA HE BHITTOTHSIUCH.

JIOCTyHHOCTL JAaHHBIX. Bce ncnonb3oBaHHBIE JAHHBIC COACPIKATCA B HUTUPYCMBIX ny6nm<aumx n
CBOJHBIX Ta61muax. Pabouas MaTpuna H3BJICUCHHUA OAaHHBIX MOKET OBITH npeaocCTaBJICHA
KOPPECTIOHUPYIOIIUM aBTOPOM 110 0OOCHOBAaHHOMY 3aIpoCy.

Kon(uKT uHTEpecoB. ABTOPHI 3asBISIOT 00 OTCYTCTBUU KOH(PIUKTa HHTEPECOB, TPEOYIOIIETO
PACKpBITHUA.

dunancupoBanue. ccrienoBanre He MOJy4daao BHEITHETO (PMHAHCUPOBAHUSI.

Bkaaja aBTopos.

Myxutr AHap: METOJOJIOrus; MPOBEICHHE JUTEPATYypHOro IMOUCKA; KypUPOBaHUE JaHHBIX;
dbopManbHBI aHamu3; BHU3yaJW3allysl; MOJTOTOBKA IEPBOHAYAIBHOTO BapHaHTa PYKOIUCH.
AmaHnkynoB JXaHnoc: KOHLENTyajlu3alWs; METOJOJIOTHS; BallMJauus; HAay4YHOE pPYKOBOJICTBO;
KPUTHUYECKHI MepecMOTp U peaakTupoBaHue pykonucu. Oba aBTopa MpOYUTAIHU U OJ0O0PWIN
OKOHYATEJIbHYIO BEPCUIO PYKOIIUCH U HECYT OTBETCTBEHHOCTH 32 IIEJIOCTHOCTH PabOTHI.

Jexkaapanusiap

DTHKAJBIK MAKYJIay KdHE KaTbICyFa KeJticiM. KongaHpiMalIpl: 10Ty TEK OYPBIH )KapUsITaHFaH
KUBIHTBIK JIEPEKTEpre Heri3en/l jkoHe KaThICYIIbUIapAbl TAPTYbl HEMece CoWKeCTeHAIPUIETIH
MAIMEHTTIK AEPEKTEP/I1 OHACY 1 KAMTHIMA/IBI.

Kayincizaik. Ocbl momyasl )Kyprizyre KOJIIaHbUIMAMIbl; dKaHa JHUAarHOCTHKAJIBIK HEMece eMJIIK
apajacy Xy pri3UIreH xKoK.

JepexTepain KoJukeTiMainiri. CunTesne maiganaHblUIFaH 0apiiblK IepeKTep CUITEMe KacallFaH
XKapusJIaHbIMIap MEH JKUBIHTHIK KecTelepiae OepinreH. [lepexrepii aiy MaTpHIachl HETi3eJreH
cypay OolibIHIIa XaT-XxabapFa )KayarnThl aBTOP/IaH aJIbIHY bl MYMKIH.

Myajenep KaKThIFBICHI. ABTOPJIAP alllbIIT KOPCETY/I1 Tallal €TETiH MY/ IeJep KaKTBIFBICBIHBIH KOK
€KEHIH MOJIIMIEHII.

Kapxbliaanasipy. 3epTTey CHIPTKBI KapKbUTAHIBIPY alIFaH KOK.

ABTOpJaPAbIH YJieci.

Myxut AHap: ojicHama; ojeOuerTepnl i13aey; AepekTepli Oackapy; (opmanasl Tanaay;
BU3yaJu3alus; KoJhka30aHbIH OacTamkpl HYCKachlH JaiblHAay. AMaHkyiaoB JKanpmoc:
TYXKbIpbIMAaManay; oJiCHaMa; BalluJalus; FhUIBIMU JKeTEKIIUTIK; KOJIKa30aHbl ChIHU KalTa Kapay
KoHe penakuusiay. Eki aBTop na Koika30aHBIH TYNKUTIKTI HYCKACHIH OKBIM, MaKyJiaJbl KoHe
KYMBICTBIH TYTAaCTBIFbIHA JKayarl Oepei.
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