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INTRODUCTION
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Gastric cancer (GC) is one of the most common malignant tumors worldwide, with a 5-year
survival rate of < 40%. The diagnosis and treatment decisions of GC rely on human experts’
judgments on medical images; therefore, the accuracy can be hindered by image condition, ob-
jective criterion, limited experience, and interobserver discrepancy. In recent years, several ap-
plications of artificial intelligence (AI) have emerged in the GC field based on improvement of
computational power and deep learning algorithms. AI can support various clinical practices in
endoscopic examination, pathologic confirmation, radiologic staging, and prognosis prediction.
This review has systematically summarized the current status of AI applications after a compre-
hensive literature search. Although the current approaches are challenged by data scarcity and
poor interpretability, future directions of this field are likely to overcome the risk and enhance
their accuracy and applicability in clinical practice.
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MAIN SUBJECTS

Al-assisted endoscopy of gastric cancer

WA G4 AT A-5(Al-assisted endoscopy
of gastric cancer) @A 7 oA Q1= Y=
#ofolt}. Table 1 @A WA FGolA A+ AF
Aol sl g =5t

[54,55]. X138743 1] A% 54 AE&0] 30% m|THlE]
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WA AleAtol et 4.6%0014 25.8%% 7HIZ7E 2
ol Adol A2 AlgAolA o A5 HAYRITH10,56-
58]. Miyaki 5111 242 <Ql machine-learning 7]
%9l scale-invariant feature transfer (SIFT)Q} B %3
2l support vector machine (SVM)= o]-&35}o] &fj-
JAZ WA A (magnifying endoscopy with flexible
spectral imaging color enhancement, ME-FICE) ¥
A0 2 85.9%9] FE, 84.8%2] T2} 87.0%2] o]
L5 gRIF o] AtE A AdolA AR &
g HoAFA|NE QI7to] 2 Aen k3 A3l b
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Table 1. The Application of Al in Endoscopy of Gastric Cancer

Reference Aim Data Method Result

Miyaki et al. Identify GC 46 patients; ME- SIFT features; SVM  Acc: 85.9%, Sen: 84.8%, Spe: 87.0%
(2013) [11] FICE

Miyaki et al. Identity GC 95 patients; ME- SIFT features; SVM  SVM outputs: 0.846 (cancer), 0.381 (redness),
(2015) [12] BLI 0.219 (surrounding)

Zhang et al. Classify gastric 1,331 images; WLI ~ GPDNet Acc: 88.9%
(2017) [13] precancerous

diseases

Hirasawa et al. Identify and 2,716 lesions; WLI ~ SSD Sen: 92.2%, PPV: 30.6%
(2018) [14] segment GC

Liu et al. Identity GC 1,120 images; ME-  InceptionV3 Acc: 85.9%, Sen: 84.8%, Spe: 87.0%
(2018) [15] NBI

Cho et al. Classify gastric 1,469 patients; WLI  Inception- Acc: 76.4%
(2019) [16] neoplasm ResNet-v2

Lee et al. Classify gastric 787 images; WLI ResNet-50 Acc: 96.5% (normal vs. cancer), 92.6%
(2019) [17] neoplasm (normal vs. ulcer), 77.1% (cancer vs. ulcer)

Luo et al. Identify and 84,424 patients; 6 DeepLabV3+ Acc: 92.8%, Sen: 94.2%, Spe: 92.3%, PPV:
(2019) [18] segment GC centers; WLI 81.4%, NPV: 97.8%

Hsu et al. Identify GC 473 images; ME- SSSNet Acc: 91.7%, Sen: 90.0%, Spe: 93.3%, PPV:
(2019) [19] NBI 93.1%

Yoon et al. Identify and 11,539 images; WLI  Lesion-based VGG AUC: 0.981
(2019) [20] segment GC

Nguyen et al. Identify pathological 7,894 images; WLI ~ Ensemble of deep- Acc: 70.7%
(2020) [21] site learning models

Ikenoyama et al.  Identify and 16,524 images; WLI  SSD Sen: 58.4%, Spe: 87.3%, PPV: 26.0%, NPV:
(2021) [22] segment GC 96.5%

Hu et al. Identify GC 295 patients; 3 VGGI19 Acc: 77.0%, Sen: 79.2%, Spe: 74.5%
(2021) [23] centers; ME-BLI

Kubota et al. Estimate tumor 344 patients; WLI Back propagation Acc: 77.2% (T1), 49.1% (T2), 51% (T3),
(2012) [24] invasion depth endoscopy 55.3% (T4)

Zhu et al. Estimate tumor 993 patients; WLI ResNet AUC: 0.94, Acc: 89.16%, Sen: 76.47%, Spe:
(2019) [25] invasion depth endoscopy 95.56%, PPV: 89.66%, NPV: 88.97% (T1a/

T1b vs. deeper than T1b)

Yoon et al. Estimate tumor 11,539 images; WLI  Lesion-based VGG~ AUC: 0.851 (Tla vs. T1b)
(2019) [20] invasion depth endoscopy

Nagao et al. Estimate tumor 1,084 patients; SSD Acc: 94.5% (WLI), 94.3% (NBI), 95.5%
(2020) [26] invasion depth WLI, NBI, Indigo (Indigo)

endoscopy

An et al. Delineate resection 1,244 images and UNet++ IoU: 67.6% (image), 70.4% (video); Sen:
(2020) [27] margin for EGC ESD videos 81.7% (image), 89.5% (video)

Ling et al. Delineate resection 1,670 images and UNet++ Acc: 82.7% (differentiated),
(2021) [28] margin for EGC ESD videos 88.1% (undifferentiated)

Al artificial intelligence; GC, gastric cancer; ME-FICE, magnifying endoscopy with flexible spectral imaging color enhancement; SIFT,
scale-invariant feature transform; SVM, support vector machine; Acc, accuracy; Sen, sensitivity; Spe, specificity; ME-BLI, magnifying
endoscopy with blue laser imaging; WLI, white light imaging; GPDNet, Gastric Precancerous Disease Network; SSD, single-shot multi-
box detector; PPV, positive predictive value; ME-NBI, magnifying endoscopy with narrow-band imaging; NPV, negative predictive
value; SSSNet, small-scale-aware Siamese network; AUC, area under the receiver-operating characteristic curve; Indigo, indigo-carmine
dye contast imaging; EGC, early gastric cancer; ESD, endoscopic submucosal dissection; loU, Intersection over Union.
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Al-assisted pathology of gastric cancer

Qloto] Yalkol A XAAAE E5) dojA AA &
glo]= PAKwhole slide imaging, WSD<] ¥ &7} oA}
of o3t §7H4 =of o5 o] FXTH59]. sHAITE {1t
] Thkdt 3719} o] WSI= BT oAl A A
A AE5ES Q54 Aot AeA 52 Aso 2 Y
Stal Al&e By HARE Alfshet =22 €
W& Aoz A= o]of thgt gt A7} o] Fol A
THTable 2). A% 222 UWHF o ® o490 Ut £ 2]
T %gsta glon WSl %‘*J% A7 A4 XiﬂloPﬂ
A Y& 27] o] d¥HFo R o]F o7 T
Z1 A2 ZF S BN ‘:}% ZF 39 oA 9 °ﬂ

= 7IMTe 2 HA &To|EE AS5HA Eo. B2
WSI—J 7 di#A Q] o g ofgA sl o]E
At agFow FET 4 =7kl €8 AUHh Li 5
[29]2 GastricNet o]zh= 2EZ AP ow o= A%
7Fs/dol &2 10719 #+92 A5l ol disf H
£ Fo45to] 100%°] Fote FEEE HoljF7| e Fh
HER2+= 22 7P 581 Qe A oI&9] vholnt
Aoyt WSIE &3l TEsh= Hl= B2 AlIZto] 2253
HAZSA M2 710l o U¥tA Q] hematoxylin

Table 2. The Application of Al in Pathology of Gastric Cancer

and eosin (H&E) @22+ HER2E 9I5| dEot
[60,61]. o]&3 HE& =535t7] #lo Sharma 133,341
< graph-based model, 9-layer convolutional neu-
ral network (CNN)E AR&-5t9] H&E 444 HER2
£ FE5I1A SFETE MSIE 99e] W 88 245}
= © 3o vl F23k Q1A F shto|t}. Kather 5351
3} Valieris §[36]°] ResNet-18, CNN + RNNE& E3]
H&E WSIZ MSI JHE 55k d &85t ofst
9% Chen 5[37]2 ResNet-182 o]&3lo] 9t W
o nNIgHd olgE ERoter |y A mof glof AF
%59 7Fs/d<& A F.

Al-assisted radiology of gastric cancer

9] G4 9std HrlolA AFA T I 2
EIstA A=l Jh(Table 3). 1% F&st ¥7]
AL 9] A7 2 A5 FAske S Fast o
Aoltt, CTE 99 & A ¥7] A /P4 gd= &
L5&= vhHo| A4t T staging®|A] CTY A=+ 77.8%
oA 93.5%% YAoHA] &rH62,63]. T3 T4a AU
CTE B8 498t QAo At FE= 76.6%=
AHA QUcH64]. Wang 513812 T1, T2¢ T3, T4 9

Reference Aim Data Method Result
Lietal. (2018) [29] Identify GC 700 slices; GastricNet Acc: 97.9% (patch), 100% (slice)
pathological image

Lietal. (2018) [30] Identify and 700 slices; GT-Net F1 score: 90.9%
segment GC  pathological image

Sun et al. (2019) [31] Identify and 500 images; Multi-scale embedding Acc: 81.6 (pixel), mloU: 82.65%
segment GC  pathological image  networks

Wang et al. (2019) [32]  Identify GC 608 slices; RMDL Acc: 86.5%

pathological image

Sharma et al. (2016) [33] Subtype of 11 slices; H&E WSI

HER2

Sharma et al. (2017) [34] Subtype of 11 slices; H&E WSI
HER2

Kather et al. (2019) [35] Subtype of 1,616 patients; H&E

MSI WSI; multicenter
Valieris et al. (2020) [36] Subtype of 1,616 patients; H&E
MSI WSI
Immune 808 patients; H&E
subtype WSI

Chen et al. (2021) [37]

Graph-based model

Acc: 58.47%

9-layer CNN Acc: 69.90%

ResNet-18 Acc: 84% (TCGA-CRC-DX), 77% (TCGA-
CRC-KR), 84% (DACHS), 69% (KCCH)

CNN + RNN Acc: 81%

ResNet-18 Acc: 80.39% (validation), 76.47% (test)

Al, artificial intelligence; GC, gastric cancer; Acc, accuracy; mloU, mean Intersection over Union; RMDL, recalibrated multi-instance
deep learning; HER2, human epidermal growth factor receptor 2; H&E WSI, hematoxylin and eosin-stained whole slide imaging; CNN,
convolutional neural network; MSI, microsatellite instability; RNN, recurrent convolutional neural network.
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Table 3. The Application of Al in Radiology of Gastric Cancer

Reference

Aim

Data

Method

Result

Wang et al. (2020) [38]

Sun et al. (2020) [39]

Estimate tumor
invasion depth
Estimate tumor

244 patients; CT

572 patients; CT

Radiomics

Deep-learning

AUC: 0.899 (train), 0.825 (test) (T2 vs.
T3/4)
AUC: 0.87 (test1), 0.90 (test2) (T4)

invasion depth radiomics

Dong et al. (2020) [40]  Predict lymph-node 730 patients; CT, Deep-learning  C-index: 0.797 (external), 0.822
metastasis multicenter radiomics (international)

Lietal. (2020) [41] Predict lymph-node 204 patients; Deep-learning ~ AUC: 0.82
metastasis Dual-energy CT radiomics

Jin et al. (2021) [42] Predict lymph-node 1,699 patients; CT ResNet-18 Median AUC: 0.876
metastasis

Dong et al. (2019) [43]  Identify occult 554 patients; four Radiomics AUC: 0.928-0.920
peritoneal metastasis centers; CT

Huang et al. (2020) [44] Identify occult 544 patients; CT CNN AUC: 0.900, Sen: 81.0%, Spe: 87.5%
peritoneal metastasis

Jiang et al. (2021) [45]  Identify occult 1,978 patients; three ~ PMetNet AUC: 0.920-0.946, Sen: 75.4-87.5%,
peritoneal metastasis centers; CT Spe: 92.9-98.2%

Lai et al. (2019) [46] Radiogenomics; 58 patients; CT Radiomics AUC: 0.89, Acc: 88.9%, Spe: 88.9%,
subtype of CIN Sen: 88.9%

Al, artificial intelligence; CT, computerized tomography; AUC, area under the receiver-operating characteristic curve; C-index,
concordance index; CNN, convolutional neural network; Sen, sensitivity; Spe, specificity; CIN, chromosomal instability; Acc, accuracy.

S FE3517] 99 arterial-phase-based radiomics
model& 0|85} training set®} test setol|A] Z}z+
AUC 0.899, 0.8255 X949 t}. Sun 5[39] T4a ¢
ol CT-based deep-learning radiomicsE ©|-&35}
o] training setlA] AUC 0.90, & 9] test seto| A Zt
7} 0.87, 0.902 ZA AL} N staging2 & Ho|7}
A= NO, 1-2709] =4 o] N1, 3-6719 "d=4d A
o] N2, 7-15719] =4 ZHo| N3a 181 15748 =3
stz A4 Ho| N3bE EFETH65]. CT+ & AN
staging®] F2 AMGEE HHOIAY CTolA B/
3} 9JAFS N staging®] FEE EZF 50-70%= 1tHA]
=4 &H66]. Dong 514012 deep-learning radio-
nomic nomogram+= &83 & A CT G4 4+
A%, 34 A5 data setoll A 2+ AUC 0.797, 0.8229]
AR HEEE B3t 7)o Hef Li 5411
dual energy CT 7]4t9] deep learning radionomics
£ ZEoA 0.829] AUCE 24} &3 Jin 5I42]
2 ResNet-182 834 1,69989] &A9] data set
2 AL 0.8769 median AUCE R oJF9c}t Bul &
ol(peritoneal metastasis, PM)= Yol 7P¢ &3t
stage IV & 3 stuo|tH67]. B9t Ho| A= &
A AA|(RO resection) 7Fs/do] Rol =&0] FHEHZ]
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Atk CTE & A 59 Ho| o7& gdst= 7H
3 HAEH HAOIAT A o ® FE Bub
°](occult PM)E HiA|5H7] o|¥t. Dong 51431 471
9] 7]1&of|A 33t 55478 9] & EuF Ho] &A1o] CT
oA radionomicsE &-&sto] FE Hu}t Hol|& oS5}
+ 9 0.928-0.9209] AUCE 243 tt. Huang 54412
CNN model°] 544 9] CTE &3t AUC 0.900, ¥
#r 81.0%, E°0l% 87.5%5 H ot} Jiang 5[45]
< PMetNet2 &-83iA 370 7]1¥ 1,9787 2] CToflA
AUC 0.920-0.946, 1= 75.4-87.5%, E°]%& 92.9-
98.2%E EAFtt. Chromosomal instability (CIN)+=
AA AR 72 73 T Aut 7S A5t e A
oz &#A UH68]. CINS SRIsk= 1AFQ Wi
AEAR 22 AAR EFAR G438 EAS a8
ot o= PAA FAS g E A9y B4 &
= TESH= HIAFAR] G4 9ok Wol A7
t}. Lai 54612 584 2] CTO|A] radionomicsE 0835
o] AUC 0.89% CINg &t} o] Q13A50] H|
AEA PHE 59 Y =4 73S FESk= U =
0] 2 ¢ = 7HsAd= AAH

30, ol ol
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Al-assisted prognosis prediction of gastric cancer

QA-FA 59 TAL FAR| 7o ¥vhg HIIe}t AT A=
o 1 g9 gdista UtH(Table 4). FLAEE= &
A4 AAleS & F o /Y 7Id +£8E 9%
o 4 &= A& sHAYE 3 QIS 22 FUA =
o disf] A=z o2 33 B 4 UoH69]. Tan 51471
2 V-net-based model &3t delta radionomics
£ &85t FAAE ¥ B7kske H AT A oA
AUC 0.728, 9% ZH3Fo°lA AUC 0.828& HojF3rh
W7 A9 %5 Ak ° F8%% AAo|ARE 2
2 3719 AT gt AL 717E BolE 5 Utk
Cox 3|HARAL o]y A& 7|7hS BAsk:= d 143
oz AgE HEolt} Hyung 514912 #4t9] vo|, A
A, 99 Zo|, A Ho|9 A, 44 Hol o
2 AHA ¥ 59 EAS five-layer neural network
o 2&3)4 Cox IARAZ Hol'd+ 83.5% L9
589 AZLL d&Jt. Zhang S[5012 CTo] ResNet-
based modelZ A&, 214 ¢ A H¥HH
288 9J=3]A concordance index (C-index) 0.78
< 243} Jiang 5[51]12 deep-learning 7|59
DeLISE AtaiA & A CTE &83) #5tEl C-
index 0.792-0.802F HoFott. JAFA S &&3
A% &2 P YoM E A=A Meier

15212 "z 3ter 9 29| nfo|4=E ofFo]l&
GoogLeNetol| A-85}9] immune-related CNN score
7} A% A& 3ol B 4 I3 AP Wang &
[5312 1,164 9] & WSIZ U-net, ResNeto] F-&,
N stageTS SalA Y18H] 2.04, C-index 0.6945 &
3t

Challenges and future direction
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i)
o)
o
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X0,
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o
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olr
1o
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T
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=
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Fote EUA 24448 W2 S vge] fiitol 2
At A AeA 5 B HSE U= 9 &
W LI ES AR AFE ¥tk O B2 S
71 &oqoF gttt @A7HA 9] A= WAIA, CT, ¥ 2
= 47wz BAsHL ik fiZe] o2 992 of
=8 A #A45ke 58E tF ¥4 FdE(multi-
modality algorithms)Z 7H'4d Q71 ot E3F o
2o A= A9 A, 7] 2%, A%
ZF gd FETE R o Rt FEES §714
oji EgHor AAY tF A Y E(multi-task
algorithm)> ThgRE Hopo] R E FAlof Sh5sta &

= =
57

Table 4. The Application of Al in Prognosis Prediction of Gastric Cancer

Method Result

Reference Aim Data
Tan et al. (2020) [47] Predict 116 patients
chemotherapy
response

Predict molecular
drug response

Joo et al. (2019) [48]
dataset

GDSC, CCLE, TCGA

Delta radiomics Acc: 0.728-0.828

DeepIC50

Hyung et al. (2017) [49] Prognosis 1,549 patients; Five-layer neural ~ AUC: 0.844-0.852 (five-year
prediction clinicopathologic factors network survival)

Zhang et al. (2020) [5S0]  Prognosis 640 patients; CT ResNet C-index: 0.78 (OS)
prediction

Jiang et al. (2021) [51] Prognosis 1,615 patients; CT S-net C-index: 0.792 (DFS), 0.802 (OS)
prediction

Meier et al. (2020) [52]  Prognosis 248 patients; [HC-stained ~ GoogLeNet Hazard ratio: 1.273 (Cox), 1.234
prediction TMAs (Uno), 1.149 (Logrank)

Wang et al. (2021) [S3]  Prognosis 1,164 patients; lymphnode  U-net, ResNet Hazard ratio: 2.04 (univariable),
prediction pathological images C-index: 0.694

Al, artificial intelligence; Acc, accuracy; GDSC, genomics of drug sensitivity in cancer; CCLE, cancer cell line encyclopedia; TCGA,
the cancer genome atlas; AUC, area under the receiver-operating characteristic curve; CT, computerized tomography; C-index,
concordance index; OS, overall survival; DFS, disease-free survival; IHC, immunohistochemistry; TMA, tissue microarray.
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