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INTRODUCTION
AL (pancreatic cancer, PC)2 7 Xg&<Ql &
o2 54 A AZ&(5-year overall survival rate)>
L 71004 9%E 47] AgHe] B¢ 3%l Ex}sirH1]
QA g A Y A= CT 270, A7134 34
(magnetic resonance imaging), igl—ﬂrLH/\VE,‘(endo-
scopic ultrasound, EUS) & t+&3t 75 o] AME-E| 11
=4, olFolAE ZZTHAZEUS)S HH ‘,’J’—a—(pan—
creatic ductal adenocarcinoma) ¥ & AZAEZ &
Z(pancreatic acinar cell carcinoma)d} Z2 2J&H]
A Ao A LA sh= ot SLE o= ARFUEY] &
%¥(pancreatic neuroendocrine tumors, PNETSs), |
Z FEA W(pancreatic cystic lesions)¥} 22 W&
H] Azo| A IAYs= ot A B Ao v
8-5tH2]. kA9, 7143 F3E(chronic pancreatitis,

Pancreatic cancer is a highly fatal malignancy with a 5-year survival rate of < 10%. Endoscopic
ultrasound (EUS) is a useful noninvasive tool for differential diagnosis of pancreatic malig-
nancy and treatment decision-making. However, the performance of EUS is suboptimal, and its
accuracy for differentiating pancreatic malignancy has increased interest in the application of
artificial intelligence (AI). Recent studies have reported that EUS-based AI models can facilitate
early and more accurate diagnosis than other preexisting methods. This article provides a re-
view of the literature on EUS-based Al studies of pancreatic malignancies.
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CP)o| &4t ¢ EUSE Eol=7} Yol 7d Zldo]
B3], ES AR & =7} Fof Ado] FHHY
g o] oRA7R = 2o AIAE FESH AR &2 B3
%(endoscopic ultrasound guided fine needle aspi-
ration)S ©]-8%t A x5tz Ztho] At Hke] gold
standardo]t}.

Q13 A5 (artificial intelligence, AD)2 ¥ 2
& Shgotal Bisty| 9o g 2E HFEH Al
Ho] ALEE 7|&2 53], WAl HY(machine learn-
ing, ML) W] Hlo|g & o|-&3f thdgt i ot
W= A19] g Feith(Fig. 1) [4]. o]H3 ML= A& &
% (supervised learning), H|A &= &< (unsupervised
learning), 73} 8t (reinforced learning)®] Al 714
30| gl=d, olF Ax g5 9, 53] A Ho]‘

oA A= &0l Hal k. §3], EUSOIA = Al
T (neural networks, NN)o|&t1 = E8+&= QAF 4173“3'
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Machine learning (ML)

Subset of Al using data to train statistical algorithms

Artificial neural network (ANN)
Deep learning
Subset of machine learning using multilayered neural networks

Fig. 1. A comparison of artificial intelligence, machine learning,
and deep learning in gerontology.

(artificial neural networks, ANN)Z} A E HlE HAl
(support vector machine, SVM)0|&t= & 7H4] 49
A g5 Wio] A= ATH5] | #'d(deep learn-
ing, DL} ANNOA f-&#igt 215 7Ig o=, Q17 F1 9
oA @7 ol ANNO| o] B3 52 AMgE
ok ¥ dg 2o0]= DL ¥ EY F ol 4 &
X173 (convolutional neural network, CNN)Z d|o]
Ejof|A] 2| A1& &3] Sh<5o| o] Fo|HAI, HolE 9 &
A& FEot EAS9 HHS oetet= dagEolt
YA support vector machine (SVM)2 oju] 918 &
SY0 8 THE "¢ B2 49 Hlolg7t FFEHE A

ML f322 £35S 9o o 22 Holg 4 glol= o
W2 A A AZ A 5 4= glHel.

A @ J ot QA F A 5(AD) Ego] o7 Hulto] A4
F743] dd=E3%oH, Xu 5712 EUS F4& o839
AZLEoA AF F7tol| it AFE AlYsto] HHoEY

I~

o} AAZ 201595 € 2023974 PubMed Ao A
AZAE, AZAS A4 8ol2 ZAGIEY TxE A+
71 71shEedo R $7HeS ¢ & AthFig. 2).
VoM E B 1FS 53 A LSS Adol o
EUS 718k Al 7o tigt 50l disiA =<Jstast gt
o}

ol i

MAIN SUBJECTS

Al 20| M2 Al X ZSOHHAZ HIEY T

Table 19 @A7HA] Al EUSE ol&et ALY A
ool #g JIF A ATFES FEStH8-18]. £
9] AFE0][8-10,13-15,17,18] FA| EUS OJH|AE At
835193, 2709 Ao AE=(11,12] H]EL EUS o]u]A]
£ oz stglon, 139 AFo4E[16] FA EUS
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Fig. 2. Number of publications using artificial intelligence and
pancreas cancer as key terms from 2015-2023 in PubMed search-
ing.

oju]]e} H|T] 2 EUS °JW|A| & FAl°| ARgstict. A+
o] AFEH Al modelE@2 AHRH AZE #WE HA &
THSVM) [8,917F 24, 15 AZFF(ANN) A-+[10-1417}
58, YA 40| Hd F AFF(CNN)= o83 A+
FTH15-18]. o]& Aol AMEE Al Bdlujr}t E33/do]
o2d], SVM2Z A|A”e] J8E HlolHE F 7 oY
Ho] tisf] APz F2E F 7 oY HEE BF
Skal = 7} ool Hol tis] Agske ¥4F9 A= ML
Wrgolt. SVME NNX o A335] 7hdsta dvtst 7}
SoHAITE MLE HoiA = B2 §9 Holg7t Qs
ANN2 AJ£do] QIZF FX 9] 417 3=2E RYsIH=
AL9] g P2 A Hlojg= B2 AZFd oy Foloj&
S5t ZF AAol= £ 7HA7F fojEo] A|AH o]
kot A] 2T 4 HH5,6]. CNN2 28 T
7t Ak A4 AS5E RS E A i
o 78 gt Al Al AR O 2 dEA ATH5,6].

Z+Zro] A+ Al model B2 AmXH g 223}
AZLS 7= SVM Al A Y 2dg o] 83t 3¢,
Zhang 5912 0.989] area under the receiver-oper-
ating characteristic curve (AUC)E 243921, &
g% (accuracy), T = (sensitivity), 50| % (specificity)
7} 242k 98%, 94.3%, 99.5%2 ¥ AHS drHstYct
(Table 2). Zhu S[81%= SVM Al XY =g o]&s}o] 7l
A, Bol=7t 242 96.25%, 93.38%= W ;] FAF =
213+ JAAtS Esk= o SVM Al X Zdllo] a3
4 4 JSS FHSFAHTable 2). &, F A ZFofA
534 AqtolH, FA] EUS G4 o|-8styrt. 5 Al
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Table 1. Study Characteristics of Al in Diagnosis of Pancreatic Malignancies Using EUS

Reference Sample size Al model Task AUC-ROC
Zhu et al. [8] 388 patients SVM Extract EUS image parameters in differentiating PC from CP N/A
Zhang et al. [9] 216 patients SVM Recognize PC from normal tissue using EUS images 0.98
Das et al. [10] 56 patients ANN Divided in regions from patients with NP, CP, and PC 0.93
Saftoiu et al. [11] 258 patients ANN Prospective multicenter-blinded analysis of real-time EUS 0.94

elastography to differentiate PC from CP
Saftoiu et al. [12] 68 patients ANN Real time EUS elastography to differentiate malignancy (PNETs) 0.93
from benign pattern
Ozkan et al. [13] 332 patients ANN EUS images from patients with PC and non-cancer patient 0.88
Norton et al. [14] 35 patients ANN EUS image from each procedure compared to EUS diagnosis in N/A
differentiating PC from FP
Kuwahara et al. [15] 50 patients CNN EUS images to differentiate benign from malignant [IPMN 0.98
Marya et al. [16] 583 patients CNN Differentiate NP, CP, AIP, and PDAC 0.98
Guetal. [17] 491 patients CNN Assessment of PDAC diagnosis from EUS images 0.94
Tonozuka et al. [18] 139 patients CNN EUS images in differentiation of PC from CP and NP 0.92

Al, artificial intelligence; AIP, autoimmune pancreatitis; ANN, artificial neural network; CNN, convolutional neural network; EUS,
endoscopic ultrasound; IPMN, intraductal papillary mucinous neoplasm; NP, normal pancreas; PC, pancreatic cancer; PDAC, pancreatic
ductal adenocarcinoma; PNET, pancreatic neuroendocrine tumor; SVM, support vector machine.

Table 2. Diagnostic Performance of Al in Diagnosis of Pancreatic Malignancies Using EUS

Reference Sn Sp PPV NPV Accuracy
Zhu et al. [8] 0.96 0.93 0.92 0.97 N/A
Zhang et al. [9] 0.94 0.99 0.99 0.98 0.98
Das et al. [10] 0.93 0.92 0.87 0.96 0.93
Saftoiu et al. [11] 0.88 0.83 0.96 0.57 N/A
Saftoiu et al. [12] 0.91 0.88 0.89 0.91 0.90
Ozkan et al. [13] 0.83 0.93 N/A N/A 0.88
Norton et al. [14] 1.00 0.50 0.75 1.00 N/A
Kuwahara et al. [15] 0.96 0.93 0.92 0.96 0.98
Marya et al. [16] 0.95 0.91 0.87 0.97 0.98
Guetal. [17] N/A N/A N/A N/A 0.94
Tonozuka et al. [18] 0.94 0.84 0.87 0.91 0.92

Al, artificial intelligence; EUS, endoscopic ultrasound; Sn, sensitivity; Sp, specificity; PPV, positive predictive value; NPV, negative

predictive value.

ZH(ANN) Fd7oA= 48 F 384 AUCT} 0.875-
0.942 ¥Erou Z+7F 83-100%, 50-94%, 75-97%,
57-100% ¥ 19 W7, Eol%, ¢4 ASE(positive
predictive value, PPV) @ 24 |&Zk(negative pre-
dictive value, NPV)& R 135}9c}. 37 AFoA= Al
A A”lO] Z55t7] 95l AA] o|u| A& AMERAL, HHE 3
7N AFolAE B4 f18l YL o|n| A& ARSI
g AH16]014 = BAE AFERE BR3 Z3 60A4 1
ok §29] ¢ 9gE7} 85.7% (40-60AN), 87.5%= 7
23 A of| vl 60A| o]/ 29| PC AEONA AL HIFE
(93.3%)7} o =9Th CNNZ ARG Al 71HA] A+ 5 &
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he PCE QAISHE Ale] AT 7M1 ATHIL, T )

+= ¥4 intraductal papillary mucinous neoplasms

(IPMN)#} 2Hd IPMN9Q] #EZ A7FEUh PC 14
= 71’ & AFolM = 22 92-95%, 84-91%, 87%,
91-97% W99 WZAE, Eo]%: PPV @ NPVE B H
o} Al AR Aol WFE, §olkE, PPV, NPV7F Z+
Z+ 96%, 93%, 92%, 96%= B E|Jch Al 7} A =
5 EUSY AA oJu|A & AMEF oY sht= H|T 2 o]
A= 2P 37 A F 270 Aol E A 7
5093 139902 22 B 37|85 k1 gojHE AME

s},
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HEY THAM Al2] 95

ZSTAAE o] &3 A AT HHAA JATA S
9] g8l Higt tiF-£9] A+=o0] AFXHPO v Al
FACPE Eske Hl 38 51 9t ol A4 E
oM 27} 88-100% L 50-94% 91 2] HlA e} Eo]
T2 CPE 4% & Joty Hstgon, ¢4 &3t
(PPV) 9 34 ASHINPV) 22 75-97%, 57-100%
A2 W 7359tHS,10,16,18]. FZAAPCO)T} v+ F
FA(CP)S FE3H7] Y3t SVMS ARE-3 g Ao A =
77 96%9] WAL, 93%9] Eolk, 94%9] BYEE H
IFHEL. olF ATFE FolA AL Hlwste] 7] Al
298 71X 3 F2 ME 37|2 A9 Norton S[14]
9] A5 AQstd YHEe} Eolk 2+ 88-96%S}
83-94%% %A Ugtt. g9, PC, CP E FAF 7 sAk
9] oJu|X]& CNN Zd-& E7sto] At oA =
217} QI E 94%, E0]% 84%2F AUC 0.929] &2 Ay}
2 PCE AE519icta W H3FAHTable 2).

HZUHRSFAEAZSA(IPMN) ZITHOIM Al2] 85

Kuwahara 5[15]2 @704 CNNE& ARgsto] H|o]
B 37& o3t 45 508,160719] o]H]A](3,970
7ol ZA| ojm A= dH o At 23709 B A
2770) AHgoto] ¥4 IPMNZ o+ IPMNS +E 3t}
o] Aol A AHEE HdLE ot IPMN< Aldsot= H
0.989] &2 AUC & 94%9] &=, 95.7%9] T,
92.6%9] 5ol & HI1strt Su|2F A2 Sendai
guidelines¥} Fukuoka guidelines®] W E=8} Eo|%
7} 242y T 100%, E°l% 7.6%3 1T E 84.8%, &
Ol% 45% At H o= n|Fo] Hof AT RE-Z 0] 85
Aol 2483t A% dAEE AP & Atk 78S

HoEeH19].

HE LBLRY|

O

Y(PNET) ZIEHIM AI2] 5

A% AR FHOENEDS A7) vz Az
A sk 7155 e $%0] A9 oM 599 &
¥ go| o %ol w04 PNETS| 4%, 44 2AS
£9) A zole A9/} ek BUSE WS AL e Aol
o, B892 1 o7 Al 248 (hypoechoic) SFOE
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TEE7] g&o] PNET, A< 181 57 34 AF4E
Adsk= Ao] ojH Y 253 XYAE o83 29 EUS
(CE-EUS)7} E&0] "t} Siftoiu S12]& ANN =g
< o] g3t HFAPCO)T FF A HEH] SUHPNET)
< 7E5t90H, 0939 £2 AUC 3T 90%2] Hste,
91.4%9] WIFE, 87.9%9 Eolx& X5t tH(Table
2).

Al EX ZSTHHAIZ FZY TIEe] strlet MY

UA AHE viel Zo] HT E | 5 AFEY A
o 9lof AT A1 EUS 2] At H&e7} o Erhe
50| BaEQr dEy oE Ad HAESL uprlA|
2 AL A9 EUS Y A & 71A4] a3 AIFEEC] A
o A4, Al g EEol digh 223 ol 9, tlold
A, A8 € AR 5o 2F3HE 7to|=ERlo] gitk=
AoltH20]. Zt7] o8 BAES ol8sto AZE Al A
¥ EUS 2do] AL B4 J9(area of interest)] o]H]
A& Q= b Z7] b2 HA o0& AR A= 3, A
A Aol +FE Y TrFe] ko] Fert e
%< & Aok =&, F557] 916 4F TlolE) g
& Z2EZS U & YA o= ARt k5Eo] 5
== @o] Eve 9HE 7HAL AoH20]. t=e2E A
SAEY AUAA wiRS3E & WA (black box)
AE & & Jo. BN Al= &9 HolHE =&
Sk o AMEE ZEAA D Ao igk HH glo]
27 4 9 &9 HolHE A3 E § &S o= Al
daE|Eoltt. mEhA WEA = Al EaEE HolA &
3 W59 7H5X|7F of €A FoAE A=A gt FES
siAstal A 4= gl7] wiiol SAplA 2t A
2 $ A= L7FE PA o= Ao E7FssicH21). o
24 o271 9] 7|eR = AlE €83 EUS 222
et Ak A 7o QlojA xR sto ® &-gEofof gt
o} mpAeto & gzl ¥R JH O] A2 @ A3 #
H 2 293 deutrt QleH22l.

o3t A= ELstal 43)] HoloA Al 7]&9)
3 FEo] 7IskEH R FUt6l o ZZTA

= o]-&3t A A Y SEHIANE o AFE
o] IRt It Al A Bo|u} ARl Ik 2
T R A2 gl oA QI7EE HiAIsh | Bk
= B2A0] dE83 of= oz WHs) Yok gt
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oFA7HA] = AA| QoA Al 71eS L5t A2 271
HAZ AT &8 H97F Wk o] & SN HE &
ofel uF7IA| 2 o7 AAF AiEs Ao EAlske &
qH o5 ¥4 &5 (multi-modality algorithms)
I HZAY A, A7 @ AF &S f71Fola E
dFoR AZ thF FY LS (multi-task algo-
rithm)9] 7ol FQsich23]. 3 7|8 9 HF9| et
7Rl AR B o] w2 oy H At Y AlolH B
o 18 AR} 53 2 Al 7[€9] bARH A 9 S
Azt 718 4 840 g 9FES A9, dA9et 7]
A= o] H3AS qEEE A2 FHdfof gt

CONCLUSION

EUSE ol-&3t 39 3-8 &ofollA Al9] €82 =
7] gAlolH, Yol Het daE|ES gt A
ol w2 w-2o] "gsir}, Al XY EUS ZEL2 of2] 7
g 2g 27 dAYIE EFtY B2 AYER J
Qe 271 A Higt 7hFs S Bl Al 29
P2 AW RE ANN 2 CNNHTH et Al AFIQ] SVM
AA"Z 53] 199 iRl wE A EEA 78
off Ho||gt o] & 7fAdsta L/FEEol E-85t7] HsiAl
= © B2 2 AFAER0 A7 285t} AvtEge
2 QI7te] oMo H|sf Al 7]&-2 FPFS AEstal o
£ #dske= ° o] $stlon, At #5231 9 o
ol £4 F, Al EHA’ £A, Wiz 22 JHe}
A" 294 davt 59 AL £Y7 do = o
W A 7le AEE Sof SEoF & AEolth
23k A= Etotal Al 7]&2 tivti HolE Al
EZ BAsta AEsts ALHLE ¢ 9=, A4
9] 27| At w|FE WA= ] 583 IS &
Ao, YAH AARAS] ‘BEA TS sto] Zd 4

= . O|F HlslAE o A g
E(multi-modality algorithms)@} t}F & &g
(multi-task algorithm)¥ Z2 Mz 7]&9 /Nt
tEo] g2 AFH AT AEE 53 AFe] East
ok g Eo] 9449%} 71eA= 83Ql AE Held7|
Al A2 Gty ELE A& FEdof g

=

o T gk
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