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K CNN 5 AT HEZE A G Transformer AL S, R ERI T L AK IR ARL ) BT SBSBEGWHRER, LA
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Abstract EC is a highly lethal malignancy worldwide, particularly in China. Its low early diagnosis rates and poor prognosis pres-
ent significant challenges to clinical management. In recent years, ML technology,based on multi-modal data,has shown great po-
tential in early EC diagnosis and treatment. Traditional ML. methods integrate radiomic features from EC imaging and clinical tex-
tual data,thereby effectively improving the sensitivity of early lesion diagnosis and providing scientific support for the stratified
management of high-risk patients. CNNs with their efficient parameter-sharing mechanisms and excellent local feature extraction
capabilities. further enhance the accuracy of early EC diagnosis and screening. Moreover, combining CNNs with Transformer

models based on self-attention mechanisms significantly strengthens global feature modeling, which demonstrating broad applica-
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tion potential in lesion segmentation, early diagnosis, treatment outcome prediction, and survival analysis of EC. However, the

high heterogeneity of EC lesions and the class imbalance of imaging data continue to pose significant challenges to the clinical ap-

plication of ML technologies. To advance intelligent diagnostic and therapeutic technologies for EC, this paper focuses on three

critical areas:early screening and diagnosis, treatment outcome prediction and survival analysis.and image segmentation. It sys-

tematically reviews the current research status and challenges of traditional ML ,CNNs,and emerging Transformer technologies

in EC diagnosis and treatment,aiming to provide valuable insights and references for future research on intelligent EC diagnosis

and treatment.
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66. 31, Jin FEFUTHR TR bR B X B U B W I 4% (SCDS-
Net) , 25 & JE RSN 1E WAL AT L W, 76 RHLAR. EC i 4
LRI AR R AR . XS R I ONN AR 78 48 i 2
43 0 0 HE R PR RAR YT ROR A BRI
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ZAT: 55 WL A% 2F > 15 RL 38 H 48 143 1 L 4 0143 2R R T
— I B ERESITRCE MR M. Lou DR T —Fp 3
F2EFM%N U-Net #8, T &% 28 8 e fmsa#.
BT B A R 4% AR B A N K P 4 R A e ki
I AT 4R, B AP LL ResneXt50 1 InceptionV3 1E N B T M 4%
Af sk SR e fE . Zhou 2NV — 3L T LR Bk (EAD (9 fl 4L
JiE TR ESET WL 24T 55 W 45 280 i vE 3 i —
YR B T 45 O s 48 7R AR L B A TR EA B EE T IR SE
S5 R AR TR LR T A F .

CNN 7E B A QT R R sl (H & R | T SCH AR
Ae 1A PR, 76 A AF T o, Lin 280 (WA CT 1%, 1 C-
index MEM T ZHAE T, LA CNN BT BEHARLH
PE— R T} T PEfE, Wang U2 R I 2RI Transformer, jill
s E R A CT S5, % 53 % Dice 27+ &
81. 2% CPAREZS 75.1%0) . Wu S0V H] FH & #2845 (GNN)
A CT #1425 LW 38+, C-index 35 0. 83 (PARZS 0. 72);
Chen 25550 ] F X L 2 > X 55 52 1% 15 35 03 20 85040, il 40 25 ofe
WRETE 12% ., RELHA CNN B E M TR PR, (3
TR 2% B BRSO T SRS DG T

CNN RETE EC WG K297 R 3L 1 35 1 1
B A KRR RS AR T Y SR B S O o LA A A e 4
S fE BN BRI OC & . JUHAEAL B B A IS SRR 1Y
% 2 G AN 56 e Jmy 350 458 A1F M LA il 2 A A8 SRR AE R ATE 11
4 T T 2R AR R T X AR AR Y 4 R 7R Ak o AT RS A AR
BEAE , CNN VB — Fl B4 7 A5 Y, H e SR o A2 Bl = 385 B 1k A
A A L T K A A B AT G S 6 L T BB 3 I R
PSR T SR M AR A L XS R PR R E BRI T CNN 7
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