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Introduction. Endometrial cancer is a heterogeneous disease in which histological type, grade, molecular subtype, and
disease extent influence prognosis and treatment. Radiomics may provide non-invasive quantitative information on tumor
phenotype before surgery.

Objective. To synthesize evidence on the ability of MRI- and PET/CT-based radiomics to characterize the tumor profile
in endometrial cancer, with emphasis on histological type, grade, molecular features, and closely related risk indicators.
Materials and Methods. A structured 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. Across the 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, most studies 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.

PAIMOMUKA OITYXOJIEBOI'O ITPO®UJIA B OITPEAEJIEHMU T'MCTOJIOT'MYECKOI'O
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BBeaenue. Pak sHI0OMETpHs npencTaBisieT coOOH reTeporeHHoe 3a0oJieBaHKe, MPU KOTOPOM T'MCTOJOTHYESCKUIA THIIL,
CTEICHb 3JI0KAYECTBEHHOCTH, MOJICKYISIPHBIA MOATHII M PACHPOCTPAHEHHOCTh OMYXOJM ONPEACNSIOT MPOTHO3 MU
neyeOHyI0 TaKTHKY. PaJMOMHKa MO3BOJISIET HEMHBA3UBHO KOJMYECTBEHHO XapaKTePU30BATh OMYXOJIEBBIA (DEHOTHIT 10
OlepanuH.

Heab. O600uWTh JaHHBIE 0 BO3MOXHOCTIX paguoMuki Ha ocHoBe MPT n I[I9T/KT B npodunupoBaHu# OITyXOIH IPH
PpaKe SOHAOMETPHA C AKIIECHTOM Ha TUCTOIOTMYECKUH TUII, CTCTICHDb 3JIOKAYCCTBECHHOCTHU, MOJICKYJIAPHBIC XapPAKTECPHUCTUKHN
U CBSI3aHHBIC C PUCKOM MPU3HAKH.

Marepuaasl 1 MeToabl. [IpoBefieH CTPYKTYpHUPOBAHHBIN HappaTUBHBIM 0030p MyOJMKalwii, HalijaeHHbIx B PubMed,
Web of Science u Scopus. OcHOBHO# moKCK OXBaThiBal Hepuox ¢ suaps 2018 roma mo despans 2025 roga u ObLI
JIOTIOJIHEH 0oJiee MO3IHMUMHU PEJICBAaHTHBIMU MYOJHMKAIUSIMH, BBISIBICHHBIMU NPU MOATOTOBKE pyKomucu. B cunre3
BKJIIOUCHB! 37 MyOIMKALMA: OPUTHHATBHBIC HCCIICIOBAHMUS PAAUOMUKH Y MALMEHTOB C PAKOM SHIOMETPHS COCTABUIIN
OCHOBHYIO TOKa3aTellbHY0 6a3y, a 0030pbl, KOHPEPEHINOHHBII MaTepHal, JOKIHHUYECKOE UCCICAOBAHUE H OTCIbHbBIC
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paboThl MO paKy SUYHUKOB M INEHKH MATKU HCIOJb30BAIUCH TOJBKO MAJSI KOHTEKCTHOTO U METOO0JIOTHYECKOTro
comocTaBieHus. MeTaaHalu3 He MTPOBOIMICS.

Pe3yabTaThl. B paccCMOTPEHHBIX UCCIICAOBAHUIX PATUOMUYECCKAC MOJICIIU IEMOHCTPUPOBAIU CIIOCOOHOCTh Pa3INuaTh
THCTOJIOTHYECKUE THUIIBI, CTCTICHb 3JI0KAYeCTBEHHOCTH, TITYOOKYI0 HHBA3HIO MUOMETPUS, TUM(OBACKYISIPHYIO HHBA3UIO,
MOJICKYJISIPHBIC TOATUIIBI M MPOTHOCTHYCCKUE TPYIIBL. B OTACIbHBIX paboTax 3asBICHHBIC 3HAYCHUS IUIOMIAIN O]
ROC-kpuBoi#i mpenMyIIecTBeHHO cocTaBysutu npudmmsurenbao 0,80-0,92. O0beqUHEHUE PATMOMHYCCKUX MPU3HAKOB C
KIUHHYCCKIMHU, MOJICKYJISIPHBIMU JTaHHBIMH M TIIyOOKMM OOydYeHHEM 4YacTO IIOBBINIATO MOKA3aTeld MOJCICH.
BoNBIIMHCTBO UCCICIOBAHUI MPH ATOM UMEIIU PETPOCIICKTUBHBIN OTHOIICHTPOBBIN JH3aifH M BHYTPCHHIOK BAIUIAIHUIO.
Oo6cy:xaenune. PagroMuueckie MPU3HAKK OTPAXKAIOT KIMHUYECKA 3HAYUMYIO HEOJHOPOJHOCTH OMYXOIH, OJHAKO
MPSIMOE COTMOCTABJICHUE PE3yIbTATOB 3aTPYTHEHO PA3IUUUSIMU B IIPOTOKOJIAX BU3yaIU3aI[lU, CETMEHTALIUH, U3BJICYCHUH
MPU3HAKOB, OMpPEICICHUH MCXOA0B M Banuaaiuu. OrpaHHuYeHHasl BHEUIHsS MPOBEpKa, HEOOJbIINE BHIOOPKU U PUCK
nepeoOyUeHNs CHIKAIOT IEPEHOCUMOCTh MOJICIICH.

3akioueHue. PagiioMuka SBISETCS MEPCIIEKTUBHBIM HEWHBA3HUBHBIM JIOMOIHEHHEM K OHOICHH, MOP(OIOTHIECKOMY
HCCJICIOBAaHUI0 M CTAHIAPTHOW BH3yalM3alUU NPHU MPEAONEPAHOHHOM MPOMUIUPOBAHMK paka dHAOMETpHst. s
BHEJIPCHHS B MPAKTUKY HEOOXOIUMBI MPOCICKTHBHBIC MHOTOIICHTPOBBIC HMCCIICOBAHUS, TAPMOHHU3AINS TPOTOKOJIOB,
MPO3pPavyHOE OMUCAHUE MOJICIICH U OIICHKA UX KIMHUYCCKOTO BIIUSHHUS.

KiroueBble CJIOBa: pak 3HIOMETPHS; PaJHMOMHKA, MArHUTHO-PE30HAHCHAS TOMOTpadus; MpoGUINPOBAHHE OIYXOJIH;
MOJICKYJISIPHBIC MapKEPhI; CTPaTU(UKAIIHS PUCKA.

SHJIOMETPUI OBBIPBIHBIH I'MCTOJIOTUSJIBIK TUITIH AHBIKTAY JIAFBI ICIK
I[MTPOPUJIIHIH, PAIMOMUKACDHI
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Kipicme. DumomMerpuii 0OBIPHI - THCTONOTHSIIBIK THITI, KATSPIUTIK Jopeskeci, MOJCKYIAIBIK Killli THIT JKOHE Tapaiybl
O0omkaM MEH eMJey TaKTHKachlHa dcep CTETiH reTeporeHil aypy. Pammommka omeparusira IeifiH icik (eHOTHIIH
WHBA3UBTI €MeC CaHABIK CHIIATTayFa MYMKIHIIK Oeperi.

MakcaTbl. DHoMeTpHil 0OBIpbIHIAFEl icik mpoduinin Garanmayna MPT xone II9T/KT Herizinzeri pajuoMHKaHbIH
MYMKIHJIKTEp1 Typajbl AEPEKTEP/i, SCipece rUCTOIOTUSUIBIK THIITI, iICIK IOPEKECIH, MOJIEKYJIANIBIK €PEKIIEIIKTEep 11 )KoHEe
TOyEKeJIMEH OailyIaHbICThl KOPCETKITEP i )KUHAKTAY.

Marepuaanap men amicrep. PubMed, Web of Science »one SCOpUS aepexKOpIapbIHIAFbl KapHsIaHbIMIApFa
KYpBUIbIMJaJFaH HappaTUBTIK 1oy skyprizinai. Herisri i3ney 2018 sxburebl KaHTapAan 2025 >KbUIFbl aKIaHFa JIeHiHT
Ke3€HJli KaMThLIbl JKOHE KOJDKa30aHbl NaiblHAAy Ke3iHIe aHBIKTaJFaH KeHiHr peNeBaHTThl JKapHsIaHbIMAApMEH
TONBIKTBIPEIIEL. CHHTE3Te 37 jKapusulaHbIM EHTI31/1i: SHIOMETpHI 00bIpBI Oap MalMeHTTeper] TYIIHYCKa PaaHoOMUKa
3epTTeyliepl HEeri3Ti MoNeinep peTiHe, al MIoNyNiap, KOH(GEPEHIMUIBIK MaTepuall, KIHHUKaFa NEHiHTI 3epTTey jKoHe
aHaITBIK 0€31 MEH KaThIp MOWHBI OOBIPEI OOUBIHIIIA KEKEIIETeH KYMBICTAp KOHTEKCTIK JKOHE 9IICTEMEIiK CalIBICTHIPY YIIiH
naianaseel. MeTa-Tanjgay KYpri3iireH jkKoK.

Hormxkenep. KapacTelppurran 3epTTeyieple paJioOMHKaIbIK MOJIENbAEP THUCTOJNOTHSUIBIK THIITI, iCIK JTOpeKeciH,
MHOMETpHUITre TepeH HWHBA3USHBI, JTUM(OBACKYIAPIBIK HHBA3HSAHBL, MOJEKYJIANBIK Killli THOTEP/i XKoHE O0IDKaMIBIK
TOyeKeJl TONTApbhlH &XKbIpaTy MYMKIHAINH kepcerti. XKekeneren seprreynepne ROC-KUCBIFBI acThIHAAFBI aylaH
mamamed 0,80-0,92 apanbFeiHga xabapiaHisl. PagumoMukanblk Oenrirepli KIMHUKAIBIK JKOHE MOJIEKYJIANBIK
JIEPEKTEPMEH HEMece TepPeH OKBITYMEH OipiKTipy MOJeNb KOPCETKIIITEePiH kUi KaKcapTThl. JlereHMeH KYMBICTap IbIH
KOTIILIIr peTPOCTIEKTUBTI, Oip OPTAIBIKTHI ’KOHE HETI31HEeH 1IIKi BAIMAANSIFa CYHEH]II.

Taakpuiay. Pagumomukanblk Oenrijep iCIKTIH KJIMHUKAIBIK MaHBI3I TETEPOTCHIUITIH KOepceTyi MYMKiH, Oipak
BU3yaIM3alMs XaTTaMaJIapbIHbIH, CETMEHTAUHBIH, OSNTiep/i aly ToCiIepiHiH, HOTHXKEeJEep aHbIKTaMaJIapbIHBIH KHE
BaJIMIAIMSHBIH OPKEJIKUIITT HOTHXKENEPl TIKeIeH calbICTRIPYAbl KHBIHIATa bl ChIPTKBI BaTHIAIMSHBIH MICKTCYIIIIT,
LIaFbIH ipiKTEMeep aHe MOJIENb/IiH KaliTa YHpeHy KayIli KJIMHUKaJIBIK KOJJIaHy bl TeXEH 1.

KopoiThinasl. Pagnomuka sHIOMETpui OOBIPBIH  Omepauys aniblHIarbl NpoQwiIbaey Ke3iHxe OWONCHSHEI,
MOPQOJIOTHSIIBIK 3€PTTEY/Ii )KOHE CTAHAAPTTHl BU3YaJIM3aIMSIHBI TOJIBIKTBHIPATHIH MEPCIIEKTUBAIIBI HHBA3UBTI €MEC TACII
Oonbin TaObuTazpl. KYHAENIKTI NMpakTHKara €Hri3y YIIIH MPOCIEKTHBTI KONOPTAIBIKTH BaJIMIALMS, XaTTamajap.ibl
yitnectipy, MO/ieNbAEP/Il AllIbIK CUIATTAY )KOHE KIMHUKAIBIK 9cep/i Oaranay Kaer.

Tyiinai ce3aep: sHIOMETpHI OOBIPHI; PAINOMIKA; MATHUTTIK-PE30HAHCTHIK TOMOTpadust; icCik MpoduITi; MOJIEKYIaIbIK
MapKepJiep; TOyeKeN i CTpaTH(HUKAIHSIIAY.
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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 I 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),
(i) 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 this structured 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. Search terms combined
“endometrial cancer” OR “endometrial
carcinoma” with “radiomics” OR “radiomic
features”, imaging terms (“MRI”, “magnetic
resonance 1imaging”’, “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



A OHKOJ10I'ns XXeHE PAOUNOIOInA

KSPH

OHKOJIoIrma n pPAONOINIOINA
ONCOLOGY AND RADIOLOGY

#1/2026

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
studies in ovarian or cervical malignancies were
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 count of duplicates and exclusions
at each 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 or survival, 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.



A OHKOJ10I'ns XXeHE PAOUNOIOInA

KSPH

OHKOJIoIrma n pPAONOINIOINA
ONCOLOGY AND RADIOLOGY

#1/2026

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 patients to
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. Renton et al. [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 learning in a multicenter 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 Ren etal. [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

LVSI

LVSI, and effectively
differentiated
endometrioid vs non-
endometrioid tumors;
adding radiomics
significantly improved
clinical-only models.

Study Modality Endpoint Key Findings Study Design/ | Key Limitations
Validation
Lietal., 2023 T2W MRI, DM, 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

Wang et al., 2023
(Acad Radiol)

Multiparamet
ric MRI

DMI

Best radiomics model
reached AUC ~0.88 for
DMI; outperforming
radiologist assessment
(~0.72). Nomogram
integrating texture
features increased
predictive stability.

Retrospective

Lack of external
validation; inter-
observer variability;
MRI protocol
heterogeneity

Bi etal., 2022
(Front Oncol)

Multiparamet
ric MRI

Stage IA EC vs
benign lesions

Radiomics classifier
achieved AUC 0.90+
for distinguishing early
EC from benign
lesions; multi-center
validation confirmed
robustness.

Retrospective;
multicenter
validation

Retrospective
design; potential
selection bias;
variability across
centers

29




A

-

OHKOJ10I'ns XXeHE PAOUNOIOInA

i OHKOJlorua u pAguonorusa #1/2026
KSPH ONCOLOGY AND RADIOLOGY
Study Modality Endpoint Key Findings Study Design/ | Key Limitations
Validation
Zheng et al., MRI + Histologic Combined model Retrospective | Small sample size;
2021 (Front clinical grade (radiomics + CA125 + lack of external
Oncol) MRI features) achieved validation; risk of
AUC ~0.84 for high- overfitting
grade EC; significantly
higher than clinical
model alone (~0.72).
Yue etal., 2023 | Multiparamet | Tumor grade Tumor-grade prediction | Retrospective No external

(Front Oncol) ric MRI achieved AUC ~0.87; validation; single-
wavelet-based features center cohort; model
were most informative. generalizability
Calibration curve and uncertain
decision curve analysis
showed strong clinical
utility.

Renetal., 2025 | Intratumoral | Tumor grade Integrated model Retrospective Small cohort; lack of

(Oncol Lett) and reached AUC ~0.90 for external validation;

peritumoral predicting high-grade potential overfitting
MRI EC; peritumoral ring

features improved

sensitivity for

aggressive tumors.

Yang J. etal., Deep- Risk class CNN-based model Retrospective | Deep learning

2023 (Front learning MRI | (EEC) achieved AUC >0.90 interpretability

Oncol) for distinguishing low- limitations; no
vs high-risk external validation;
endometrioid data heterogeneity
carcinoma; automated
feature extraction
outperformed hand-
crafted radiomics.

Yang J. etal., Intratumoral | DMI in early Best model achieved 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%
compared to
intratumoral features
alone.

Shen et al., 2025
(Front Oncol)

Multiparamet
ric MRI +
deep learning

USC vs
endometrioid
EC

Multicenter dataset;
model achieved AUC
~0.92 for USC
identification; DWI-
based features were
most discriminative.

Multicenter
cohort

External validation
limited; deep
learning
interpretability;
dataset imbalance

Fang et al., 2024
(Abdom Radiol)

Multiparamet
ric MRI

CClJ cervical
adenocarcinom
avs
endometrioid
EC

AUC ~0.88 for
differentiating cervix—
corpus junction
adenocarcinoma from
endometrioid
carcinoma; model
improved diagnostic
confidence for difficult
anatomical regions.

Retrospective

Limited sample size;
anatomical
variability; lack of
external validation
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Study Modality Endpoint Key Findings Study Design/ Key Limitations
Validation
Takeyamaetal.,, | MRI Ovarian clear | Texture-based Retrospective Not EC-specific;
2024 (JpnJ cell vs signatures achieved limited cohort size;
Radiol) endometrioid | AUC ~0.85 for generalizability
carcinoma histotype classification; concerns
demonstrated that
radiomics can detect
subtle phenotypic
differences similar to
EC pathology.
Na et al., 2024 Multimodal | Platinum Fusion model achieved | Retrospective | Non-EC population;
(Front Oncol) MRI + sensitivity in 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 reported in the cited publications and were not recalculated. Studies in
ovarian or cervical malignancies are included only for methodological comparison and should not be interpreted as

direct evidence for endometrial cancer.

Radiomics for molecular subtypes, MSI,
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
Lomer et al. [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 et al. [24] and Meng et al. [25] developed
radiomics-based models for predicting p53-
aberrant tumors and high tumor mutation
burden, respectively, demonstrating that
radiomics can serve as a non-invasive surrogate
for molecular profiling. Zhou et al. [26] and
Brancato et al. [27] further showed that
combining radiomics with peritumoral features

31

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 as a non-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 Combined radiomic- Retrospective | No external
(QIMS) clinical model achieved validation; moderate
reported AUC sample size; risk of
approximately 0.85 for overfitting
MSI prediction; wavelet
texture features were
among the strongest
predictors.
Broomand MRI MSI status Pooled results showed | Systematic High heterogeneity;
Lomer et al., (systematic radiomics models can review and variable study
2025 (Abdom review) reach AUC 0.80-0.90 meta-analysis | quality; publication
Radiol) for MSI, though bias
methodological
variability limits
generalizability.
Ning etal., 2024 | MRI + p53abn EC Multitask model Retrospective | Lack of external
(Br J Radiol) clinical achieved AUC ~0.86; validation; limited
integrating MRI sample size;
radiomics with CA125 potential overfitting
improved discrimination
of p53abn tumors.
Meng et al., 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
Zhou et al., 2025 | Multiparamet | Molecular Model achieved AUCs | Retrospective | Heterogeneous MRI
(Eur J Radiol) ric MRI subtypes >0.80 for separating protocols; lack of
(TCGA p53abn, MSI, and external validation;
surrogates) NSMP phenotypes; potential bias
peritumoral features
improved subtype
classification.
Jacob et al., 2021 | MRI + gene | Radiomic High RPI associated Retrospective | Small cohort; no
(J Clin Med) expression Prognostic with poor survival and external validation;
Index & specific gene-expression limited robustness
genetic clusters linked to
alterations aggressive biology.
Hoivik et al., MRI Prognostic Radiomic clusters Retrospective | Integration
2021 (Commun | radiomics + | profiling corresponded to complexity; limited
Biol) genomics genomic subgroups; external validation;
demonstrated feasibility cohort size
of integrating imaging constraints
with multi-omic data.
Cellietal., 2022 | MRI + Risk classes Combined model Retrospective | High methodological
(Cancers) histologic— achieved AUC ~0.90; complexity; limited
molecular molecular surrogates interpretability;
data (MMR-d, p53abn, external validation

POLEmut) significantly
increased accuracy.

required
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Study Modality Molecular/Ge Key Findings Study Design / Limitations
nomic Validation
Endpoint
Brancato et al., Radiomics + | Integrated Combined feature set Retrospective | High methodological
2024 (Sci Rep) | pathomics tumor improved prediction of complexity; limited
characterization | molecular subtypes interpretability;
compared to radiomics validation needed
or pathomics alone.
Fasmer et al., [18F]FDG Aggressive PET-derived radiomic | Retrospective | PET protocol
2025 (Eur J Nucl | PET disease, poor signature predicted poor variability; lack of
Med Mol outcome survival with AUC external validation;
Imaging) ~0.88; metabolic limited cohort size
heterogeneity linked to
aggressive molecular
classes.

Reported model performance was extracted from the source publications. Heterogeneity in cohorts, class prevalence,
feature selection, and validation 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 learning
approaches, including convolutional neural
networks, have been used to automatically learn
features from image patches or to combine deep
features with radiomics. Yang J. et al. 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. Yang J. et al. 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, aligning with
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. Li et al. 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
carcinoma using multiparametric MR1 and deep
learning. Radiomics also performs well in
predicting histologic grade and preoperative
risk class, as demonstrated 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 external
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 provides a
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 frameworks such 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 Dbetter 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 selection of patients
for additional molecular testing. However,
reported model performance alone does not
establish  clinical utility. Decision-curve
analysis, prospective  workflow  studies,
comparison with expert radiologists 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 external
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 external
validation, transparent model reporting, and
demonstration of added clinical value beyond
molecular

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

JdTHYecKkoe 0100peHUHe M coryiacue Ha y4dactue. O030p OCHOBaH HCKIIOYUTEIILHO Ha paHee
OIMyOJIMKOBAaHHBIX arperdpoOBaHHBIX JAaHHBIX M HE BKIIIOYal HAOOp YyYaCTHUKOB WM 00paboOTKy
UACHTUPUIUPYEMBIX TAaHHBIX MAI[HEHTOB.

Be3onacHocth. He nmpuMeHnMO K MPOBEIECHUIO HACTOSIIETO 0030pa; HOBbIE JUArHOCTHUECKUE UITU
HC‘IC6HBIC BMEIIATCIIbCTBA HE BBIIIOJIHAINCH.

JocTynHocTh JaHHBIX. Bee ncnonp30BaHHbIe TaHHBIE COIEPIKATCS B IUTUPYEMBIX MyOIHKAIUAX U
CBOJHBIX Ta6m/1uax. Pa60qa;1 Marpuna M3BJICYCHUA [JAHHBIX MOXKET 6BITB npeaocCTaBJICHA
KOPPECHOHIUPYIOLIUM aBTOPOM 110 0OOCHOBAaHHOMY 3aIIpOCYy.

KoHdaukT uHTEpEecoB. ABTOPHI 3asBISIOT 00 OTCYTCTBHHM KOH(MDIUKTAa MHTEPECOB, TPEOYIOIIETO
PaCKpBITHSL.

dunancupoBanmue. VcciaenoBanre He MOIy4ano BHEIIHETO (PUHAHCUPOBAHUSI.

BrkJiiag aBTopoB.

MyxuT AHap: METOJOJIOrus; IPOBEACHUE JIUTEPATypHOrO IIOHUCKA; KYpUPOBAHUE JIAHHBIX;
dbopManbpHBIA aHANM3; BU3yaJlIM3allMsl; MOATOTOBKA MEPBOHAYAILHOTO BapHaHTa PYKOIHUCH.
AwmankynoB JKaHmoc: KOHILENTyaldu3alus; METOJOJIOTHS; BalWJAIMs, HAyYHOE PYKOBOJCTBO;
KPUTHYECKHI TEepecMOTp U peldakTupoBaHue pykomnucu. Oba aBTOpa MPOYUTAIA U OJ00PHIIN
OKOHYATEJIbHYIO BEPCUIO PYKOITMCH U HECYT OTBETCTBEHHOCTH 32 I[€JIOCTHOCTh PAOOTHI.

Hexmapauusiap

ITUKAJIBIK MAKYJI/IAY 5K9HE KaTbIcyFa KeuiciM. KongaHbelimaiibl: oy Tek OYphIH )KapusIaHFaH
KUBIHTBIK JI€PEKTEpre HETI3/IeN/1l *KOHEe KaTbICYLIbUIap/bl TapTyAbl HEMECEe COWKECTEeHIIpUIETIH
NAIMEHTTIK AepeKTepal OHACY Al KaMThIMaIbl.

Kayincizaik. Ocel monynpl Kypri3yre KOJJIaHBUIMANABI;, jKaHa JUArHOCTUKAIBIK HEMECE eMJIIK
apanacy *Ypri3uireH oK.

JepexTepain KosuketiMaimiri. CuHresne naiijanaHbuiraH OaplibIK JIEPEKTEp CUITEME KacallFaH
KapUsUlaHBIMIAp MEH >KUBIHTBIK KecTenepnae OepuireH. Jlepekrepai ally MaTpULAchl HETI3/eNTreH
cypay OolibIHIIIa XaT-xabapFa kayanTbl aBTOP/JaH aJIbIHYbl MYMKIH.

Mynaenep KakThIFbIChI. ABTOpJIAp AIIbI KOPCETY Il Tajlall €TeTiH MYJIelep KaKThIFbICBIHBIH KOK
E€KEeHIH MAIIMIEH/II.

Kap:kbl1anabipy. 3epTTey ChIPTKbI KapKbUIaHIBIPY aJIFaH KOK.

ABTOpJIapAbIH YJIeci.

Myxutr AmnHap: ojicHama; onebuerTepAl 13Aey; Jepekrepii Oackapy; dopmanasl Tangay;
BU3yaJIM3aIus; KOJDKa30aHbIH  OacTamkel HYCKAChIH — JaiibiHmay. AwmaHkyioB  JKanmoc:
TYKBIppIMIaManay; o/licHaMa; BaJMAalusl; FBUIBIMH JKETEeKIIIIK; KOJKa30aHbl CHIHM KaiTa Kapay
KoHe pemakuusuiay. Exi aBTop na KoypKa30aHBIH TYMHKLIIKTI HYCKAChIH OKBIMN, MaKYJIAaabl JKOHE
’KYMBICTBIH TYTaCTBIFbIHA jKayarl Oepei.
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