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Real-time use of artificial intelligence in the
evaluation of cancer in Barrett's oesophagus

Alanna Ebigbo ' Robert Mendel,* Andreas Probst," Johannes Manzeneder,’
Friederike Prinz," Luis A de Souza Jr.,* Joao Papa,” Christoph Palm,*’
Helmut Messmann'




Real-time automated diagnosis of precancerous lesions and
early esophageal squamous cell carcinoma using a deep
learning model (with videos) () =

LinJie Guo, MD, ' Xiao Xiao, Pth,2 ChunCheng Wu, MD,’ Xianhui Zeng, MD,’ Yuhang Zhang, MD,IV
Jiang Du, NP,’ Shuai Bai, NP,' Jia Xie, NP,,,1 Zhiwei Zhang, MS,” Yuhong Li, BS,” Xuedan Wang, BS,”
Onpan Cheung, MD,  Malay Sharma, MD,  Jingjia Liu, BS,” Bing Hu, MD'
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precancerous lesions and ESCCs. (Gastrointest Endosc
2020;91:41-51.)



Original Endoscopy Image Frames Under NBI
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Demonstration of CAD for lesion with
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Table 1. Baseline characteristics according to data set.

Characteristics Development data set Test data set
No. of images 98,564 23,699
No. of endoscopists 33 13
No. of patients 5236 847
H. pylori status, No. (%)
positive 742 (14) 70 (8)
negative 3649 (70) 493 (58)

eradicated 845 (16) 284 (34

positive negative eradicated




Lesser curvature

Study Highlights

WHAT IS KNOWN

U per bod

\/ Endoscopy is frequently performed for evaluation of H. pylori-
associated diseases.

/ Evaluation of H. pylori at the time of endoscopy requires
gastric biopsies as endoscopic impression alone is
inaccurate.

WHAT IS NEW HERE

\/ The Computer-Aided Decision Support System was
developed to evaluate for H. pylori infection based on
endoscopic images.

TRANSLATIONAL IMPACT

\/ CNN may potentially replace gastric biopsies in patients
undergoing evaluation for H. pylori-associated diseases.
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Wau Lianlian et al. Deep neural network for endoscopic early gastric cancer detection... Endoscopy 2019; 51: 522-531
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( deep convolution neural network (DCNN)
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class activation maps (CAMs). The color
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® Conclusions: We provided a nc | > accurate evaluation method for bowel
preparation and developed an objective and stable systemdENDOANGELdthat could be
O applied reliably and steadily in clinical settings.

/° (Gastrointest Endosc 2020;91:428-35.)
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Real-time scoring ratio with
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Efficacy of Real-Time Computer-Aided Detection of Colorectal ®
Neoplasia in a Randomized Trial

Alessandro Repici,’ Matteo Badalamenti,’ Roberta Maselli,’ Loredana Correale,’

Franco Radaelli,” Emanuele Rondonotti,” Elisa Ferrara,’ Marco Spadaccini,’ Asma Alkandari,®
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Silvia Carrara,’ Milena Di Leo,' Vincenzo Craviotto,’ Laura Lamonaca,’ Roberto Lorenzetti,”
Alida Andrealli,” Giulio Antonelli,* Michael Wallace,” Prateek Sharma,® Thomas Rosch,” and
Cesare Hassan”

"Department of Gastroenterology, Humanitas Research Hospital, Milano, Italy; ?Gastroenterology Department, Valduce
Hospital, Como, Italy; Thanyan Alghanim Center for Gastroenterology and Hepatology, Alamiri Hospital, Kuwait, Kuwait;
“Digestive Endoscopy, Nuovo Regina Margherita Hospital, Rome, Italy; °Mayo Clinic, Jacksonville, Florida; °Kansas City
Veterans Affairs Hospital, Kansas City, Missouri; and “Department of Interdisciplinary Endoscopy, University Hospital Hamburg-
Eppendorf, Hamburg, Germany

Gastroenterology 2020;159:512-520
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likely to improve th

colonoscopy without affecting its
efficiency.

WHAT YOU NEED TO KNOW

BACKGROUND AND CONTEXT

Deep leaming systems allow for real-time computer-aided
detection (CADe) of polyps with high-accuracy, but these
systems have not been tested in randomized trials.

NEW FINDINGS

In randomized ftrial, inclusion of CADe in colonoscopy
significantly increased adenoma detection rates and
adenomas detected per colonoscopy, without increasing
withdrawal time. Higher proportions of adenomas
smaller than 5 mm and 6-9 mm were detected with
CADe, regardless of morphology or location.

LIMITATIONS

This study was performed in an expert setting; studies are
needed for inexperienced endoscopists.

IMPACT

Including CADe in colonoscopy examinations increases
detection of adenomas without affecting safety.
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Performance of a Deep Learning Model vs Human Reviewers
in Grading Endoscopic Disease Severity of Patients With Ulcerative Colitis

Ryan W. Stidham, MD, MS; Wenshuo Liu, PhD; Shrinivas Bishu, MD; Michael D. Rice, MD; Peter D. R. Higgins, MD, PhD; Ji Zhu, PhD, MSc;
Brahmajee K. Nallamothu, MD, MPH; Akbar K. Waljee, MD, MSc

JAMA Network Open. 2019;2(5):e193963.
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@ Mayo 3

Key Points

Question What is the agreement of
automatically determined endoscopic
severity of ulcerative colitis using deep
learning models compared with expert
human reviewers?

Findings In this diagnostic study
including colonoscopy data from 3082
adults, performance of a deep learning
model for distinguishing moderate to
severe disease from remission
compared with multiple expert
reviewers was excellent, with an area
under the receiver operating curve of

0.97 using still images and full-

motion video.

Meaning Deep learning offers a
practical and scalable method to provide
objective and reproducible assessments
of endoscopic disease severity for
patients with ulcerative colitis.




Automatic, computer-aided determination of
endoscopic and histological inflammation in patients
with mild to moderate ulcerative colitis based on

red density

Peter Bossuyt @ " Hiroshi Nakase,? Séverine Vermeire,' Gert de Hertogh,”
Tom Eelbode,” Marc Ferrante, ' Tadashi Hasegawa,® Hilde Willekens, '
Yousuke Ikemoto,’ Takao Makino,” Raf Bisschops'

Bossuyt P, et al. Gut 2020;69:1778-1786. doi:10.1136/gutjnl-2019-320056



Figure 2 Visual representation of the different modifications in a sample endoscopic image: (A) standard white light high definition endoscopic
image; (B) original colour map of the red density image; (C) colour map of the red density image after adapted range setting; (D) image with vascular
pattern detection; (E) colour map of the red density after vascular pattern extraction.




What is already known on this subject?

» Assessment of disease activity is subjective and
leads to interobserver variability.

» Endoscopic scores are useful as treatment
target if they are objective and predictive for
further disease course.

> Regulatory authorities request a combined How might it impact on clinical practice in the
endpoint of endoscopic and histological foreseeable future?
ission for the claim of mucosal heali - : :
FETESIOR TOTTHE ot O IHEOST AR » This algorithm might be used for computer
analysis of digital endoscopic images from
patients with UC and evaluate healing or
What are the new findings? . . . " gl
» Red density (RD) is an operator-independent disease pTOQI’ES%IOﬂ In a.n Ob]ECtIVE Way
computer-based tool to determine disease B Larger, prospectwe studies are ongoing fo

activity in patients with UC. . . i
b RD asecnce diaace aetilty based o confirm its accuracy and predictive value.

evaluation of the redness map and vascular
pattern recognition.
» RD scores correlated with endoscopic and
histological features of UC activity.

%



Development and Validation of a Deep Neural Network for
Accurate Evaluation of Endoscopic Images From Patients With
Ulcerative Colitis

Kento Takenaka,' Kazuo Ohtsuka,' Toshimitsu Fuijii," Mariko Negi,” Kohei Suzuki,’
Hiromichi Shimizu,’ Shiori Oshima,® Shintaro Akiyama,’ Maiko Motobayashi,’
Masakazu Nagahori,' Eiko Saito,’ Katsuyoshi Matsuoka,' and Mamoru Watanabe'

Gastroenterology 2020;158:2150-2157
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Deep neural network (DNUC)
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Output  Endoscopic remission : yes/no
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/

for determining endoscopic remission

-
90.1% accuracy

in comparison with experts

v

S
92.9% accuracy

for predicting histologic remission
without need of mucosal biopsy
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WHAT YOU NEED TO KNOW

BACKGROUND AND CONTEXT

Endoscopic assessment of ulcerative colitis (UC) is
hindered by intra- and interobserver variability, and
histologic evaluation requires biopsy collection, which is
invasive.

NEW FINDINGS

The authors developed a deep neural network for
evaluation of endoscopic images from patients with UC
(DNUC). It identified patients in endoscopic and
histologic remission without the need for biopsy analysis.

LIMITATIONS
This system requires testing in a larger population.

IMPACT

The DUNC might identify patients with UC in remission
without the need for biopsy collection and analysis,
saving time and costs.







Digestive Endoscopy 2020; 32: 585-591 doi: 10.1111/den.13517

Original Article

Clinical usefulness of a deep learning-based system as the

first screening on small-bowel capsule endoscopy reading

Tomonori Aoki,’ Atsuo Yamada, (© Kazuharu Aoyama leoakl Saito,*® Gota Fujisawa,’
Nariaki Odawara Ryo Kondo,’ Ak|yosh| Tsuboi,’ Rei Ishibashi,’ Ayako Nakada

Ryota Niikura,’ Mltsuhlro Fu1|sh|ro Shiro Oka, *@ Soichiro Ishlhara Tomok| Matsuda,*
Masato Nakahorl Shinji Tanaka,> Kazuhiko Koike' and Tomohiro Tada237

Background and Aim: To examine whether our convolutional
neural network (CNN) system based on deep learning can
reduce the reading time of endoscopists without oversight of
abnormalities in the capsule-endoscopy reading process.

Conclusions: Our CNN-based system for capsule endoscopy
videos reduced the reading time of endoscopists without
decreasing the detection rate of mucosal breaks. However, the
reading level of endoscopists should be considered when using
the system.




Ulcer severity grading in video capsule images of patients with
Crohn’s disease: an ordinal neural network solution

Yiftach Barash, MD, MSc,l %3 Liran Azaria, MSc,” Shelly Soffer, MD,’ Reuma Margalit Yehuda, MD, &
Oranit Shlomi, MD, 24 Shomron Ben-Horin, MD,”* Rami Eliakim, MD,>* Eyal Klang, MD,"-*->
Uri Kopylov, MD?>*

Ramat Gan, Tel Hashomer, Israel

The aim of our study was to develop a deep learning
algorithm for auto- mated grading of CD ulcers on CE.

Conclusions: CNN achieved high accuracy in detecting
severe CD ulcerations. CNN-assisted CE readings in pa-
tients with CD can potentially facilitate and improve
diagnosis and monitoring in these patients.

(Gastrointest En- dosc 2021;93:187-92.)
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- Celiac disease diagnosis from videocapsule endoscopy images with
residual learning and deep feature extraction

Xinle Wang?, Haiyang Qian? Edward ]. Ciaccio®, Suzanne K. Lewis”, Govind Bhagat™¢,
Peter H. Green®, Shenghao Xu¢, Liang Huang? Rongke Gao®* Yu Liu®*

Computer Methods and Programs in Biomedicine 187 (2020) 105236

Conclusions: A novel deep learning recalibration
module, with global response and local salient
factors is proposed, and it has a high potential for
utilizing deep learning networks to diagnose celiac
disease using VCE images.







« Identification of liver disease
 Determine fibrosis stage

* |dentify Liver Lesions

« Differentiate benign vs
malignant lesions

Pancreatology

* Identification of intraductal
papillary mucinous neoplasms
« Identification and staging of
pancreatic cancer

« Diagnosis of pancreatic ductal
adenocarcinoma

* Quantify degree of
intrapancreatic fat

Machine Learning in Gl
Radiology



Machine Learning in Gl
Pathology

Gl Malignancy

* Diagosis of Celiac Disease « Survival prediction in colorectal

» Classify Colorectal Polyps cancer

* Diagnosis of Barrett's . * [dentification of microsatellite

Esophagus = instability

» Identification of Esophageal

Adenocarcinoma

» Differentiation between HCC
and Cholangiocarcinoma

HQD.QIQ'QQ.Y_ * Predict prognosis and survival in
HCC

* Diagnosis of NAFLD and NASH
« Identification of NAFLD

» Identification of specific
histologic features such as
macrosteatosis

* Determine degree of fibrosis

* Predict treatment response in
NASH




Machine Learning in GI
Hectronic Health Record Data

Celiac Disease

Colorectal Cancer
/ Esophageal Varices

Non-alcoholic Fatty Liver

Disease
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Qutcome Prediction

Acetaminophen Overdose
Esophageal Cancer
Hepatocellular Carcinoma
Inflammatory Bowel Disease
Liver Transplant Survival
Lower Gl Bleeding

Pancreatitis

Peptic Ulcer Bleeding

Primary Sclerosing Cholangitis

.




* Post-hospital dicharge vital sign
monitoring

* Remote monitoring of labs, such
as hemoglobin after endoscopy

» Monitor voice patterns for signs
of hepatic encephalopathy

The Gl Practice of the
Future

&
e

Virtual Gl Clini

* Virtual clinic visits

* Home based diagnostic testing
(ascites measurements, virtual
capsule endoscopy)

» Virtual Reality therapies for
functional disorders
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