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[Abstract] In recent years, the rapid advancement of artificial intelligence (AI) technologies has
taken center stage across various industries, particularly in the field of medicine where deep learning has
been extensively applied to medical image processing and oncological clinical analysis. Studies over the past
decade indicate that the integration of Al with medicine significantly boosts physicians” work efficiency and
alleviates their workload. It also provides higher sensitivity and accuracy in disease diagnosis and staging,
which plays a critical role in guiding surgical interventions and improving patients’ survival rates. In
radiomics, Al algorithms are capable of extracting and analyzing vector features from standard medical
imaging modalities, which are instrumental in predicting lymph node metastasis and early recurrence of gastric
cancer. Similarly, in digital pathology, Al can digitize and process standard hematoxylin—eosin stained tissue
sections scanned by computers, employing convolutional neural networks to handle image features for
pathologic diagnosis of gastric cancer and prediction of therapeutic efficacy pre —treatment. Moreover, the
synergy between endoscopic technology and Al has shown promising prospects recently, with Al’s ability to
capture pathological characteristics and determine lesion locations from endoscopic video streams and still
images. In summary, Al technology aids oncologists in making more accurate diagnoses, reducing human
error, and assessing whether patients will benefit from certain treatments, thereby reducing treatment burdens.
The emergence of Al represents a boon for both clinicians and patients, enhancing the quality of healthcare
delivery and paving the way for more precise and personalized treatment approaches.
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ZRERBE-MEBREETEE 2D MNBRHEAR
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f# (computed tomography, CT) | 1E HL F & 4§ 1+ 5 4L
Wr )2 i & (positron emission tomography —computed
tomography, PET —CT) Al # 3£ 4k 5 2 (magnetic
resonance imaging, MRI) #F4T R £, CT /& H HI 5 %
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Cancer, AJCC)¥8 H | JE T U 5 1Y JXURS: 55 74 4 57 719
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R i = L U S € T e e S P S s
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£ 10 7 1R RS X4 v DRI AR XU S R R Y
254 8 1 i (Log—rank P=0.0014) .
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(AUC=0.732) . #EBBAS] (AUC=0.721) Al 1l K2
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0.797) , B WAL F 5 BLI I PR N 433 | g /N il
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ST T A PR 583 R H Lasso Logistic [7]
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UEBA B (9 AUC S 0.878, 5 55 B BOURR B o o
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Huang "33t 7 — T CNN 912 Wi 5 7l
GastroMIL , 7T DL EL 32 DO B2 4% o vE R 12 07 B 98
PZ A BRI A rb s 0 B8 i 0 g i A DR A R
(the cancer genome atlas, TCGA ) %% 95 #F 17 Il %k | 14
P ARG AT 860 45 2R 7R 1212 WA B A
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186 5K IR 75 2 W 1 s 2R R I 25 T — > U-Net
P25 T U RS0 A ] 2 R i 20 24
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0.910) A1 AT 5E P RS B B2 | 43 [nl SR A0 F1 6 50 531 A
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Ik I 4= 28 (lymphatic invasion, LI) & #Y /& i 94
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W TR AN F2 % (microsatellite instability, MSI)
R R, AR — e R
TR W iR BB X T AR TR T Y RO 2 BT
I, Kather 58 22 T — Fp 3L F 5% 22 X 2% (residual
network, Resnet) 18 i H & b B3k, % & %] LIE
455 HE G 4 210) v BHGOk 3 10 8 g 18
JHJEE B MST, WF 5835 S b AT 5 iR M 22 [ 45 Al
B PEBE P B, 45 R W i GA E A i A I v i
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M6 T 5 98 19 5 — Fh 43 5 WA . EB 9 5 (Epstein—
Barr virus, EBV) (+) ,Muti 24 & T — 402K
ar, WA L) P A EBV RS | X & B K
Xof R TP L T 00 0 AR AR AR W AT RO AR B IE
MW SE 2528 WoR 7 A BB gk vh A% B 1 AL 4F 1 43
RAERE, M TR EBV IRZ K AUC TEHE 4 0.672
(95%CI 0.403~0.989) % 0.859 (95%CI 0.823~0.919) ,
T30 RS T oy B R b HEAT SR Ay ALV A B T
HE— 2L PP Al B TS, Chen 55 P48 3 1 ) — A 3
T Resnet18 MG 22 2B AT DUAR 448 9 4 11 14
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T 3 b A RE WY (G RE HE R G Ak R R A P
SE ), VIR 56 UE 5 A 4 v AR RS B
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SR N B R A 2R RN B — RlOR AL R D
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33 XA EHBESEXR
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Horiuchi 55 3% FH 2 T 2% 4 iR K A B 4 R 1Y
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117 76 18 1 55 F- AR J5 T, Zhai 55 90058 o 44 8 — A4~ 5
T CNN 19 4052 4 i B2 B 2% A1 8] G 2 5% 4 25 1Y
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U B SRR AR AT 2 TR AL
i 2 5 At AR AE P R 2 I A &
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Ay AR RBUE AHOG AT A AT 3 2o 0 7 66 B ok i i
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8 13 oF 600 2 35 52 1CT ¥R YT 9 - 3 1 1CT
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REAT Y O FE B S P, 5 R R BLZ AR R AR N R 56
UEBA B (AUC=0.96~0.98 ) i1 &} 3 46 UE BA 51 (AUC =
0.89~0.94 ) th ¥R 15 1 45 &y 1Y 12 W i ff 2 | FLIA) J5t
ARRHIE S DFS WA OS 1] I 25 A 2¢ (P<0.0001) .
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LN PN R N R & o i Sl [T N R ol
PEATZ B AL B S MCE B, PR N Y S 0 45
SR U0T USRI VA i R R T R B IR A TR
PR ETIRIET RASHME, 0V R
2T T i R S St 2 (R A S B i ), g oh IR
JEE 5 o BB 1 REAR AR B b Ok T I R4 R
ANFR SR i LA A R R 2 N T —
PRER, T ZAE R B R AT 1, At FATTH
fr Bl R B D | 3 8 IR XE £ AN A B R R AT BE
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