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Digestive Endoscopy
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Example of artificial neural network
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Classification
Classification | |+ Localization Object detection Instance segmentation

DOG DOG CAT, DOG CAT1, DOGI,DOG2, CAT2
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Deep Learning

Machine Learning

Input Feature extraction Classification

Deep Learning

Feature extraction * Classification Cutput
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1* layer: combination of edges form motifs Mathematical

Different layers _
of convolutional— 2" layer: motifs assemble into parts — &

network
3 layer: parts form objects
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Layers are not designed by human engineers, they are learned from large datasets
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Machine learning life cycle

b 1. Define Question/
-~ i X ) Tl |
y FrobbemsPropect
-
6. Optimise 2. Gather and
and/or Deploy Analyse Data
h.
5. Test the 3. Develop an
Algorithm Algorithm, Model

4, Tran the
Algarithm



Pretraining

Purpose; ta learm the model
dicriminative basic features

Dataset of labelled
(non-lendascapic images

Training

Purpose: (rejdevelopment
of the madel

Dratazet 1

Sufficient Insufficient
performance performance

Validation
Purpose: fine-tuning of the maodel

Preferably in a different dataset

Testing

Purpose: to evaluate performance
of the madel

Preferably in a different dataset

Visual steps in the development of

an Al model:
Pretraining

Training
Validation
Testing
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Integration of Al tasks in Endoscopy

Al task Expected clinical benefit
Al to improve —_— Reduce miss rate
navigation
Reduce miss rate
CADe — Targeted biopsy

Histology prediction

of precancerous
CADx =% | conditions/lesions
l and depth of invasion
Lesion -3 | Complete resection

demarcation

'

Anatomical >
landmarks

Adequate reporting




Gastrointestinal
endoscopy

Gastroscopy Colonoscopy

igmoi
Oesophagus, stomach & sigmoidoscopy

& duodenum Colon & rectum
Diagnostic & Diagnostic &
treatment treatment
- Diagnosis - Diagnosis .
- Mucosal resection - Mucosal resection
- Ablation therapy - Ablation therapy
- Biopsy - Biopsy
- Anatomy classification - Polyp detection
- Disease classification - Polyp segmentation
- Artefact detection - Dysplasia classification
- Dysplasia & neoplasia - Inflammation scoring
recognition - 3D reconstruction

- 3D reconstruction

b.
Colonoscopy
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Barrett’s esophagus and esophageal cancer
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ORIGINAL ARTICLE: Clinical Endoscopy

Diagnostic outcomes of esophageal cancer by artificial ()
intelligence using convolutional neural networks e i

Conclusions: This system can facilitate early detection in practice,
leading to a better prognosis in the near future.
(Gastrointest Endosc 2019;89:25-32.)




Endoscopy news

Computer-aided diagnosis using deep learning in the
evaluation of early oesophageal adenocarcinoma

Alanna Ebigbo,” ' Robert Mendel, Andreas Probst," Johannes Manzeneder,'
Luis Antonio de Souza Jr,>* Jodo P Papa,** Christoph Palm,** Helmut Messmann'

OPEN ACCESS

Diagnosis of EAC by CAD-DL reached
sensitivity 97% specificity 88-100% for white
light (WL) images and narrow band images

Ebigbo A, Mendel R, Probst A, et al. Gut 2019;68:1143-1145.



ORIGINAL ARTICLE: Clinical Endoscopy

Artificial intelligence for detecting and delineating the b
extent of superficial esophageal squamous cell carcinoma S
and precancerous lesions under narrow-band imaging

The proposed Al system could accurately detect superficial ESCC and
precancerous lesions and delineate the extent of lesions under NBI. (Gastrointest
Endosc 2023;97:664-72.)

Ca  The remole contngd
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Real-time use of artificial intelligence for diagnosing early )]
gastric cancer by magnifying image-enhanced endoscopy: e
a multicenter diagnostic study (with videos) B® T

Xingi He, MD, L23 janlian W, MD, L2595 Zehua Dong, MD 129 Dexin Gong, MD, "7 Xmoda Jiang, MD MD, 57
Heng Zhang, MD,” Yaowei Ai, MD,”’ Qlaoyun Tong, MD,° Peihua Lv, MD,” Bin Lu, MD," Qi Wu, MD,”

Jingping Yuan, MD,"'" Ming Xu, MD,l **% Honggang Yu, MDl 2,3

Wuhan, Yichang, Jingmen, Xiaogan, Beijing, China

This multicenter diagnostic study showed that ENDOANGEL-ME can be well applied in the
clinical setting.

Gastrointest Endosc 2022;95:671-8



Noncancerous in
the present view
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ORIGINAL ARTICLE: Clinical Endoscopy

Artificial intelligence in the diagnosis of gastric precancerous b

conditions by image-enhanced endoscopy: a multicenter,
diagnostic study (with video) (—

Conclusions: CADe achieved high diagnostic accuracy in gastric precancerous conditions,
which was similar to that of experts and superior to that of nonexperts. Thus, CADe provides
possibilities for a wide application in assisting in the diagnosis of gastric precancerous
conditions. (Gastrointest Endosc 2021;94:540-8.)

Chronic gastritis AT T s T T T




Real-time artificial intelligence for detecting focal lesions and L)
diagnosing neoplasms of the stomach by white-light endoscopy -
(with videos) (@ (g
Conclusions: Our results show that ENDOANGEL-LD has great potential for assisting

endoscopists in screening gastric lesions and suspicious neoplasms in clinical work. (Clinical
trial registration number: ChiCTR2100045963.) (Gastrointest Endosc 2022;95:269-80.)




Application of convolutional neural network in the diagnosis of o)

the invasion depth of gastric cancer based on conventional =
endoscopy

Yan Zhu, MD,"* Qiu-Cheng Wang, MCS,”* Mei-Dong Xu, MD, PhD," Zhen Zhang, MD,' Jing Cheng, MD,’
Yun-$hi Zhong, MD, PhD,' Yi-Qun Zhang, MD, PhD),' Wei-Feng Chen, MD, PhD,' Li-Qing Yao, MD, PhD,’
Ping-Hong Zhou, MD, FASGE,' Quan-Lin Li, MD'

Shanghai, China; Irvine, California, USA

We constructed a CNN-CAD system to determine the invasion depth of gastric cancer with
high accuracy and specificity. This system distinguished early gastric cancer from deeper
submucosal invasion and minimized overestimation of invasion depth, which could reduce
unnecessary gastrectomy. (Gastrointest Endosc 2019;89:806-15.)

0.2+
* Experienced endoscopists
v Junior endoscopists
0.04 . . : .
0.0 02 0.4 0.6 08 1.0

1-Specificity
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Artificial Intelligence-Assisted Detection (CADe)
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Real-World Validation of a Computer-Aided Diagnosis
System for Prediction of Polyp Histology in Colonoscopy:
A Prospective Multicenter Study

James Weiquan Li, MO, Clement Chum Ho Wu, MO, Jonathan Wei Jie Lee, MDA, Raymond Liang, MDY,

Gwyneth Shook Ting Soon, MDY, Lai Mun Wang, MD®, ¥uan Han Koh, MPHY, Calin Jianyi Koh, MDA,

‘Wi Da Chew, MDY, Kenneth Weicong Lin, MD#, Mann Yie Thian, MDY, Ronnie Matthew, MDY,

Guiowe Kirm, MD*3 Christopher Jen Lock Khor, MOF?, Kwong Ming Fock, MO, Tiing Leong Ang, MO and

Jimmy Bok Yan So, MO, on behalf of the Artificial Intellsgence in Gastrointestinal Endoscopy Singapone (AIGES) Stedy Group

MTROCUCTION: Computer-aided diagnosis (CADx) of polvp histalogy could support endoscopists in clinical decision-
making. However, this has not been validated in a real-world setting.

Real-World Validation of Computer-Aided Diagnosis (CADx) of
Polyp Histology in Colonoscopy

84 + 21 endoscopists examined 661 polyps in 320
patients
+ {ptical diagnosis of polyp histology was followad

% - P

e
%i ' [ immediately by automated CADx-generaled
E = I I . output for the same polyp under the same clinical
conditions
21 I « Experlenced endoscoplsts have higher overall
x| accuracy than CADx in predicting potyvp histology
iy lavel Pabiani-level Congordance in endoscopist and CADx
= R— ——— ::wumv_l predictions increases diagnostic accuracy at the
podyp and patient lavels

Li et al. Am J Gastroenterol, [2023). [dei:10, 14309/ajg,0000000000002282] AJG bt



Neoplastic: 98 %

Non—neoplastic: 2 %

*Doctor s diagnosis has priority. Please use this output as a reference.

Supplementary  Figure
1.An example of the
output of EndoBRAIN.
EndoBRAIN provides a
pathologic prediction as to
whether the endocyto-
scopic image is likely to be
a neoplasm or non-
neoplasm. The percentage
represents the likelihood
calculated by the algo-
rithm, and is not neces-
sarily correlated with
accuracy.
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Figure 3. Application of a Computer-Aided Characterization (CADx) system (CAD-EYE, Fujitilm, Japan).




Adenoma (3mm, 0-lla, ascending colon)




ORIGINAL ARTICLE: Clinical Endoscopy

Computer-aided diagnosis of early-stage colorectal cancer ™
using nonmagnified endoscopic white-light images S

(with videos) g

Daiki Nemoto, MD, PhD,"* Zhe Guo, PhD,” " * Shinichi Katsuki, MD, PhD,* Takahito Takezawa, MD, PhD,’
Ryo Maemoto, MD, PhD,(1 Keisuke Kawasaki, MD, PhD, Ken Inoue, MD, PhD,”

Takashi Akutagawa, MD, PhD,” Hirohito Tanaka, MD, PhD,"'" Koichiro Sato, MD, PhD."' )

Teppei Omori, MD, PhD,"'” Kunihiro Takanashi, MD, PhD,” Yoshikazu Hayashi, MD, PhD,’

Yuki Nakajima, MD.' Yasuyuki Miyakura, MD, PhD,(’ Takayuki Matsumoto, MD, PhD,’

Naohisa Yoshida, MD, PhD,” Motohiro Esaki, MD, PhD,” Toshio Uraoka, MD, PhD,""

Hiroyuki Kato, MD, PhD,"" Yuji Inoue, MD, PhD,"* Boyuan Peng, MS,” Ruiyao Zhang, MS,”

Takashi Hisabe, MD, PhD,'’ Tomoki Matsuda, MD, PhD,"* Hironori Yamamoto, MD, PhD,’

Noriko Tanaka, PhD, MHS,'” Alan Kawarai Lefor, MD, MPH, PhD, DrEng, FACS,'® Xin Zhu, PhD,’
Kazutomo Togashi, MD, PhD'

Mon-magnified White Light Images of
Colorectal Cancers

MNo submucosal invasion

‘ or superficial invasion
‘ Deep submucosal invasion

1-10 digital images for
each case

Diagnostic Performance: Experts = CADx > Trainees
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Potential Al Applications During

Endoscopy of IBD

Mucosal disease
Diagnosis activity assessment in
Colon and Small Bowel

Prediction of response

to therapy, disease . .
recurrence, Dysplasia detection
complications, (colitis associated,

hospitalizations sporadic, benign)
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Inflammatory bowel disease
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Artificial intelligence for endoscopy

in inflammatory bowel disease

Deep neural network (DNUC)
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Output
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[UCEIS[xx])
Geboes

(UCEIS[xxx])
Endoscopic remission: yes/no
Histologic remission: yes/no

Intest Res 2022;20(2):165-170
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OXFORD

Review Article

Artificial Intelligence in Inflammatory Bowel Disease
Endoscopy: Implications for Clinical Trials

Harris A. Ahmad,* James E. East,® Remo Panaccione,*> Simon Travis,® ' James B. Canavan,?

Keith Usiskin,* Michael F. Byrne®®
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Original Investigation | Gastroenterology and Hepatology

Performance of a Deep Learning Model vs Human Reviewers

in Grading Endoscopic Disease Severity of Patients With Ulcerative Colitis

Fyan W. Stidham, MD, M3; Wenshuo Liu, PhD; Shrinivas Bishu, MD; Michael D, Rice, MD; Peter 0. R. Higgins, MO, PHD; Ji Zhu, PhD, M5c;

Brahmajee K. Mallamathu, MD, MPH; Akbar K. Waljee, MD, M5c
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Al classification of endoscopic activity in UC Ozawa et al

Novel computer-assisted diagnosis system for endoscopic )
disease activity in patients with ulcerative colitis R

Tsuyoshi Ozawa, MD, PhD, " Soichiro Ishihara, MD, PhD,""* Mitsuhiro Fujishiro, MD, PhD,’
Hiroaki Saito, MD.° Youichi Kumagai, MD, PhD,  Satoki Shichijo, MD, PhD.® Kazuharu Aoyama, PhD,’

Conclusions: The performance of the CNN-based CAD system was robust
when used to identify endoscopic inflammation severity in patients with

UC, highlighting its promising role in supporting less-experienced
endoscopists and reducing interobserver variability
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NEW METHODS: Clinical Endoscopy

Fully automated endoscopic disease activity assessment in g

ulcerative colitis . ===

Heming Yao, BS,' Kayvan Najarian, PhD," %% Jonathan Gryak, PhD, "> Shrinivas Bishu, MD,
Michael D. Rice, MD,” Akbar K. Waljee, MD, MSc,”*” H. Jeffrey Wilkins, MD,"’
Ryan W. Stidham, MD, MS "

Ann Arbor, Michigan; Plvmouth Meeting, Pennsylvania, USA
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Conclusions: These early results support the
potential for artificial intelligence to provide
endoscopic disease grading in UC that approximates
the scoring of experienced reviewers



CAD system to predict persistent histologic inflammation Maeda et al

Fully automated diagnostic system with artificial intelligence N
using endocytoscopy to identify the presence of histologic )
inflammation associated with ulcerative colitis (with video) (g

Endocyinscope

Marrow band maging

Conclusions:  Our  CAD
system potentially allows

fully automated
identification of persistent
histologic inflammation

associated with UC
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INNOVATIONS

Development of an artificial intelligence tool for detecting
colorectal lesions in inflammatory bowel disease

CCCCCCC
u

Conclusions: This model is the first step toward
developing  other  artificia intelligence—based

endoscopic tools to enhance dysplasia detection for
patients with IBD. (iGIE 2023;2:91-101.)
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ORIGINAL ARTICLE: Clinical Endoscopy

Automatic detection of erosions and ulcerations in wireless R) |

Check for

capsule endoscopy images based on a deep convolutional =)

neural network
Tl ¥

Ll

>

Saziidlivily
(=]
"]

=
B

.03
0.0

&L

350
1= Epacificity

LR | L

[ Le)

ppimemiary Figmre L. The seoeter opereeir e Cu L
s covidalulbonial reaival ieraark for deled g efeonn ekoaTions. ALY

We developed and validated a new system
based on CNN to automatically detect
erosions and ulcerations in WCE images.
This may be a crucial step in the
development of daily-use diagnostic
software for WCE images to help reduce
oversights and the burden on physicians.

(Gastrointest Endosc 2019;89:357-63.)







ORIGINAL ARTICLE: Clinical Endoscopy

Automatic detection and classification of protruding lesions in )
wireless capsule endoscopy images based on a deep L
convolutional neural network (cve)
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Polyps Nodules Epithelial tumors Submucosal tumors Venous structures
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~
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We developed and tested a new computer-
aided system based on a CNN to automatically
detect various protruding lesions in WCE
images. Patient-level analyses with larger
cohorts and efforts to achieve better diagnostic

performance are necessary in further studies.
= ool ety i o oyl esmmpradigdo (Gastrointest Endosc 2020;92:144-51.)
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IEEE TRANSACTIONS OM IMAGE PROCESSING. VOL. X, NO. X, JANUARY 2018

Hookworm Detection in Wireless Capsule
Endoscopy Images with Deep Learning

Jun-Yan He, Xiao Wu*, Member, IEEE, Yu-Gang Jiang, Member, IEEE, Qiang Peng, and Ramesh Jain, Life
Fellow, I[EEE

Automatic Hookworm Detection LAl
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Role of Al in Endoscoplc Ultrasound
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Review

Diagnostic Value of Artificial Intelligence-Assisted
Endoscopic Ultrasound for Pancreatic Cancer: A Systematic
Review and Meta-Analysis

Based on these promising preliminary results and further testing
on a larger dataset, artificial intelligence-assisted endoscopic
ultrasound could become an important tool for the computer-
aided diagnosis of pancreatic cancer.

Study TF FP FN TN Sensitivity (95% Cl} Specificity (85% Cl}) Sensitivity (85% Cl}  Specificity (95% Cl)
Dass 2008 1 3 1 3 £.95 [0.75, 1.00] 052 [0.78, 0.98) —= —=
Kuwahara 2018 2 2 1 24 0.95 [0.77, 1.00] .53 (0.7, 0.99) = —=
Marya 2020 253 39 23 254 .90 [0.86, 0.03) 08T [0.82, 0.90] L L
Marton 2001 2 Fr o 7 1.00 |84, 1.00] 050023, 0.77) e —
Oizkan 2015 ™ 5 15 77 0.83 [0.74, 0.90) 054 [D.86, 0.98) = -
Safloiu 2015 106 &8 3 52 0.97 [0.82, 0.99] 080 [0.79, 0.96) 4 —&
Tonozuka 2021 65 11 & B5a (.93 [0.84, 0.095) 0.84 [0.73, 0.82] —& —&
Ligiristenlu 201 42 1 1 20 .93 [0.88, 1.00] 0.85 [0.76, 1.00] - — .
Zharg 2010 85 1 4 158 .93 [0.84, 0.86] Q.55 [0.97, 1.00] = =
Zhu 2013 160 11 13 204 £.92 [0.67, 0.06] 0.85 [0.91, 0.97] , L L]

L L L L 1 L L i L k
002040608 1 002 04 06 08

Dumitrescu, E.A et al.. Diagnostics 2022, 12, 309.
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Role of Al in Endoscopic Ultrasound
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Gastric Cancer (2022) 25:382-391
https://doi.org/10.1007/510120-021-01261-x

ORIGINAL ARTICLE q

Check for
updates

Artificial intelligence-based diagnosis of upper gastrointestinal
subepithelial lesions on endoscopic ultrasonography images

The Al system, classifying SELs,
showed higher diagnostic
performance than that of the
experts and may assist in
improving the diagnosis of SELs in
clinical practice.




Al in gastrointestinal endoscopy

Endoscopy Al analysis
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Artificial Intelligence-Assisted Quality Control
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Endoscopy

@ ORIGINAL ARTICLE
Randomised controlled trial of WISENSE, a real-time
OPEN ACCESS . . L .
quality improving system for monitoring blind spots
during esophagogastroduodenoscopy

Lianlian Wu,"*? Jun Zhang, "> Wei Zhou,"%*? Ping An,"** Lei Shen,"** Jun Liu,"?
Xiaoda Jiang, "’ Xu Huang, ** Ganggang Mu, " Xinyue Wan @ "4’

Xiaoguang Lv, "*? Juan Gao, " Ning Cui,"** Shan Hu, Yiyun Chen,” Xiao Hu,"
Jiangjie Li," Di Chen,"** Dexin Gong, "** Xingi He,"*’ Qianshan Din%],‘-l3

Xiaoyun Zhu, " Sugin Li,"** Xiao Wei, 1{2’2)([3 i, " Xuemei Wang, "~ Jie Zhou, "**

Manniian 7hann 143 Hana Gana Y

Conclusions: WISENSE
significantly reduced blind
spot rate of EGD procedure

and could be used to improve
the quality of everyday
endoscopy.

—
|
—
=
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Wu L, Zhang J, Zhou W, et al. Gut 2019;68:2161-2169.




A novel artificial intelligence system for the assessment of )

bowel preparation (with video) [
Jie Zhou, MD," L". Lianlian Wu, MD, "~ ’ Xinyvue Wan, MD, """ Lei Shen, MD, =7 Jun Liu, MS, "
Jun Zhang, MD, """ Xiaoda Jiang, MD,"™ Zhenggiang Wang, MD,""~" Shijie Yu, MD," " Jian Kang, MD," "~
Ming Li, MD,""" Shan Hu, PhD," Xiao Hu, MS, "' Dexin Gong, MD, """ Di Chen, MD, """ Liwen Yao, MM, """
Yijie Zhu, MD," " Honggang Yu, MD" "

-

Supplementary Figure 1. Typical Boston Bowel Preparation Scale (BBPS) images with bubbles recognized by ENDOANGEL. ENDOANGEL can be rela-
tively accumte in recognixing BEPS images with bubbles. A, BEP5-1 with many bubbles. B, BEPS-2, with an average amount of bubbles. €, BEPS-3. with

very few bubbles,

Conclusions: We provided a novel and more accurate evaluation
method for bowel preparation and developed an objective and

stable system ENDOANGEL that could be applied reliably and
steadily in clinical settings. (Gastrointest Endosc 2020;91:428-35.)
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¥ Thieme

Artificial intelligence-based polyp size measurement
in gastrointestinal endoscopy using the auxiliary waterjet
as a reference

Conclusion In this work, we present a novel Al-based method for measuring

colorectal polyp size with significantly higher accuracy than other common
sizing methods

Artificial Intelligence-based polyp slze measurement
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Endoscopy 2023; 55: 871-876



Full-workflow colonoscopy systems
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Table 1. Cur

he future is almost here

(adapted from

Taghiakbari
Place of Approval Computer
— s B and Year System Used
EndoBRAIN Cybernet System 2018 CAD

nee Corp./Olympus Corp. Japan *

: Cybernet System
EndoBRAIN-EYE e T Japan 2020 CADe

) Cybernet System
EndoBrain-PLUS Corp./Olympus Corp. Japan 2020 CADx

: Cybernet System
EndoBrain-UC Corp./Olympus Corp. Japan 2020 CADx

L . Europe 2019 .
Slsnin Medtronic Corp. United States 2021 RN
ENDO-AID Olympus Corp. Europe 2020 CADe
N Europe 2020 CADe/
CADEYE Fujifilm Corp. Japan 2020 CAD
DISCOVERY Pentax Corp. Europe 2020 CADe
E 2021

WISE VISION NEC Corp. J‘;;;fm{;l CADe
CADDIE Odin Vision Europe 2021 CADe
ME-APDS Magentiq Eve Europe 2021 CADe
EndoAngel Wuhan EndoAngel Medical China 2020 CADe

Technology Company

CADx—computer-assisted diagnosis. CADe—computer-assisted detection.



Table 2. Commercially available Al tools that assist Gl endoscopy
in the United States, Europe, and Japan

Approved in
the United

Not approved in the United States
(by the US FDA)

Approved in Europe (Approved in Japan
Al for Gl Genius® DISCOVERY
colonoscofpy  (Medtronic) (Pentax) (Olympus)
Endoscreener- | ENDO-AID EndoBRAIN-EYE
Wision Al (Olympus) (Olympus)
Skout - CAD-EYE (Fujifilm) JEndoBRAIN-Flus
lterative scopes | Magentig Eye (Olympus)
(Magentiq Eye) CAD-EYE (Fujifilm)
WISE VISION (NEC) |WISE VISION (NEC)
CADDIE (Odin EIRL Colon Polyp
Vision) (Lpixel)
Gl Genius CADx
(Medtronic)
Al for CADU (Odin Vision) || CAD-EYE (Fuijifilm)
gastroscopy WISE VISION (NEC)
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Now several CADe systems are available
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