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Deep Learning in Upper Gastrointestinal Disorders: Status and Future Perspectives

Chang Seok Bang

Department of Internal Medicine, Hallym University College of Medicine, Chuncheon, Korea

Artificial intelligence using deep learning has been applied to gastrointestinal disorders for the detection, classification, and delin-
eation of various lesion images. With the accumulation of enormous medical records, the evolution of computation power with
graphic processing units, and the widespread use of open-source libraries in large-scale machine learning processes, medical ar-
tificial intelligence is overcoming its traditional limitations. This paper explains the basic concepts of deep learning model estab-
lishment and summarizes previous studies on upper gastrointestinal disorders. The limitations and perspectives on future devel-
opment are also discussed. (Korean J Gastroenterol 2020;75:120-131)
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AL QAT Zefol it ie wlolE et 145 HitE
graphical processing unit 3! Tensorflow, Pytorch, Keras
Y LEAL Fo|HY S| Eo] TheoiAHA thA] S
& vh= wAlE Y (machine learning) 7§ 0|t} o]+ HAE
E(perceptron, artificial neuron with linear classifier) 7]
HFOl 7hehdt =g AL A|AHO|A ZHEsle] Q]2 ZH(feature

data)o] 7FHEAE 7= 159 kE(node, WP
AX 283 (abeling data)S E=&8F= HW4lo|thFig. 1). &

ARt FRLE AL B AN A2 LAzl o
Sto] EEgtS A8s] FE0LA} ol B4 Wholt) o7
GA 9] =7FE(hidden layers)S H|E3t:= HEld(deep
learning) 7]H<] 94T} 3HA A3}E &31E]Z(deep neural
network, DNN)¢| & o] 7} = SlthFig. 2). 3754
o T Wil Bk Aeighnt B4 o] FPE &
S Apolel BAC ool E0el Y Yol HHHe 3
T ¥HS 3, DNNS theo] B0t 71X 8 7Hx =
(45 22400 TSI YA Sl S 201
(approximation)sto] Lottt o] FEAl0] mgo] Ag 3t
HE A (variable selection)sh= 4401 BAlHolald

DNN& g7re] oj"d EAS M= (feature selection)st=

ofN o~ 4
ol b

Perceptron

®
o
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wHAolrt. wheba IARAAY HEjE Aoy Ak
(risk ratio), 2ZH|(OR) 522 Awo| 715019t A X4
¢l HElo] A= v PEE A £ Btttk
<, DNN 2412 AA2Ql mde] dgdS 423t 58 37
719 %5 sholtt

ol dilelE FoAAE oHAES T5otal B (clas-
sification)sh=t]| 7} o] AMEEI Sl A2 convolu-
tional neural network (CNN, ConvNet)o|t}. o] oJu]R| &
E4 filter (kernel)E ot 82 AARE Algste] EAS

Z3}31 pooling ¥H(o32] convolution layero]| 4] ot layer
4 ol Aol 22 24850, oIS S et pixele] ol
£ 2x2 Afo| 2R Fol= Aol filters ©|-83F convolution
AT T Al 3 = 7P 2 FS T2 AL max
3ol 24 el et
Convolution A4} pooling A4S Edfo] 225 activa-
tion mapo|ef= ofm] ] €] U= 447} CNN &
do] ko2 A8-¥o] softmax regression 59| ¥ ¢
A2 Foto] ool ERe] othe e DNNTIE] Aol
+ convolution®} max pooling YO =2 L= o]u]x]

pooling)& (dimension)S =4

= [e]
E4e

T olefoll= Hedt B4 7l2er AMEEIL SlthFig
3). HiAE leAls il Ee] dubAel gl

gfetel a/pela, Mo W QFAE B Aol 371
2 mefete] ASIIT W3] Fte] ABAH ol 4
AR Y A Pl dhete] ekt vk

ofo
:

= i aa )

H =2
Activation ~ Output - -
/@/ function o] &3] HA| dlofE 9] o] B2 Ae Lt
@ Weight ol AARE glo]E| o] AJAto] w2 31 tFStEHA] Tt
Input  (Node) < dlolEl 2 7iide] vl Qi AR A8k FollA
Fig. 1. Schematic view of perceptron. E35] WAl oJulA]o] CNNo| tiF& #-g-o] E9l=d °]
Deep Neural Network

> 1 (Gastric cancer)

> 0 (No gastric cancer)

Multiple hidden layers

Fig. 2. Schematic view of a deep neural network.
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0] Q]9 &= Region-based CNN©¢|Y} You Only Look Once
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(lesion segmentation, delineation)d]|F+ WAl o2 Qo]
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Artificial Neural Network
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@ Net input  function
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Fig. 4. Mechanistic scheme of an artificial neural network.
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Fig. 3. Schematic view of a convolutional neural network.
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et AurA o 2 90% o]Are] A (accuracy)L} area
under the curve §H& Ho|A|qk HHQl AS A7t 5
oF ©5lo] qUthTable 1).
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Table 2. Summary of Clinical Studies Using Machine Learning in the Diagnosis of Esophageal Cancers

Design of Type of
Study Aim of study study Number of subjects artificial Modality Outcomes
intelligence
Guo et al. Diagnosis of precancerous  Retrospective Training: 6,473 CNN (SegNet) Narrow-band AUC: 0.989
(2020)*? lesions and early narrow-band imaging imaging
esophageal squamous images, validation
cell carcinomas with four datasets
including images and
video clips
Tokai et al. Detection and classification Retrospective Training: 1,751 images, CNN White light Accuracy: 80.9%
(2020)15 for invasion depth of testing: 291 images (GooglLeNet) endoscopy
esophageal squamous
cell carcinoma
Cai et al. Detection of esophageal Retrospective Training and testing: CNN White light Average accuracy
(2019)13 squamous cell carcinoma 2,428 images, endoscopy of endoscopists
validation: 187 were increased
images with CNN from
81.7% to 91.1%
Nakagawa et  Classification for invasion Retrospective Training: 8,660 non-ME CNN Non-ME and ME Accuracy: 91%
al. (2019)14 depth of esophageal and 5,678 ME images of (mucosa, SM1 vs.
squamous cell carcinoma images, validation: white-light SM2, SM3)
405 non-ME images endoscopy
and 509 ME images
Ghatwary et al. Detection of esophageal Retrospective 100 images from 39 CNNs High-definition F-measure: 0.94
(2019)* adenocarcinoma patients white light
endoscopy
Horie et al. Classification and detection Retrospective Training: 8,428, CNN White-light Accuracy: 98%
(2019)17 of esophageal cancers testing: 1,118 images endoscopy
including squamous cell images and

carcinoma and
adenocarcinoma

narrow-band
imaging images

CNN, convolutional neural network; AUC, area under the curve; ME, magnifying endoscopy; SM, submucosa.
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Table 3. Summary of Clinical Studies Using Machine Learning in the Diagnosis of Helicobacter pylori (H. pylori) Infection in Endoscopic Images

Design of Type of
Study Aim of study study Number of subjects artificial Modality Outcomes
intelligence
Zheng et al. Diagnosis of H. Retrospective Training: 11,729 CNN White-light endoscopy  AUC: 0.93. Accuracy: 84.5%
(2019)18 pylori infection pilot images, testing: in a single image
3,755 images diagnosis
Shichijo et al.  Diagnosis of H. Retrospective Training set: 98,564 CNN White-light endoscopy  Accuracy: 80% (465/582)
(2019)* pylori infection images, testing: of negative diagnoses,
23,699 images 84% (147/174)
eradicated, and 48%
(44/91) positive were
accurate. The time
needed to diagnose
23,699 images was 261
seconds
Nakashima et Diagnosis of H. Prospective 222 patients CNN White-light endoscopy  AUC: 0.96 (blue laser
al. (2018)20 pylori infection pilot (training: 162, and image-enhanced imaging), 0.95 (linked
testing: 60) endoscopy, such as color imaging)
blue laser imaging
and linked color
imaging
Itoh et al. Diagnosis of H. Prospective  Training: 149 images CNN White-light endoscopy  AUC: 0.956
(2018)* pylori infection (596 images
through data
augmentation),
testing: 30 images
Shichijo et al.  Diagnosis of H. Retrospective Training: 32,208 CNN White-light endoscopy  Accuracy: 83.1%
(2017)22 pylori Infection images, testing:
11,481 images
Huang et al. Diagnosis of H. Prospective  Training: 30 Refined White-light endoscopy  Accuracy over 80 % in
(2004)23 pylori infection patients, testing: feature predicting the presence of
74 patients selection with gastric atrophy, intestinal
neural metaplasia and the
network severity of H.

pylori-related gastric
inflammation

CNN, convolutional neural network; AUC, area under the curve.
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Table 4. Summary of Clinical Studies Using Machine Learning in the Gastric Neoplasms

Type of
Study Aim of study Design of study Number of subjects artificial Modality Outcomes
intelligence
Cho et al. Diagnosis of gastric Retrospective  Training and testing: CNN White-light AUCs of classifying gastric
(2019)24 neoplasms model 5,017 images, endoscopy cancer: 0.877, gastric
establishment validation: 200 neoplasm: 0.927
and prospective  images
validation
Yoon et al. Classification of Retrospective 11,539 endoscopic CNN White-light AUC of early gastric
(2019)25 endoscopic images images (896 T1la-, endoscopy cancer detection: 0.981,
as early gastric 809 T1b-, and depth prediction: 0.851
cancer (T1a or T1b) or 9834 non-early
non-cancer gastric cancer)
Zhu et al. Diagnosis of depth of Retrospective  Training: 790 CNN White-light Accuracy: 89.2%, AUC:
(2019)26 invasion in gastric images, testing: endoscopy 0.94
cancer (mucosa/SM1/ 203 images
deeper than SM1)
Hirasawa et al. Detection of gastric Retrospective  Training: 13,584 CNN White-light Accurate detection rate
(2018)28 cancers images, testing: endoscopy, with a diameter of 6 mm
2,296 images chromoendoscopy,  or more: 98.6%
narrow-band
imaging
Kanesaka et Diagnosis and Retrospective  Training: 126 SVM Magnifying Accuracy: 96.3%
al. (2018)29 delineation of early images, testing: 81 narrow-band
gastric cancer using images imaging
magnifying
narrow-band imaging
images
Kubota et al. Diagnosis of depth of Retrospective 902 images ANN White-light Accuracy: 77.2%, 49.1%,
(2012)% invasion in gastric endoscopy 51.0%, and 55.3% for
cancer T1-4 staging,
respectively
Lee et al. Classification of Retrospective 200 normal, 367 CNN White-light Accuracy: normal vs.
(2020)30 normal, benign ulcer, cancer, and 220 endoscopy ulcer/normal vs. cancer:

and gastric cancer

ulcer cases

above 90%; ulcer vs.
cancer: 77.1%

CNN, convolutional neural network; AUC, area under the curve; SM, submucosa; SVM, support vector machine; ANN, artificial neural network.
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Table 5. Summary of Clinical Studies Using Machine Learning in the Upper Gastrointestinal Hemorrhage

Design of Type of artificial
Study Aim of study g Number of subjects yp . Outcomes
study intelligence
Shung et al. Develop a model to calculate the Prospective  Training and internal Gradient AUC: 0.91 (internal
(2020)33 risk of hospital-based validation set: 1,958 Boosting validation)
intervention or death in patients patients, external Algorithm AUC: 0.90 (external
with upper gastrointestinal validation: 399 validation)
hemorrhage patients
Rotondano et al.  Develop a model to predict any Prospective  Training and testing: ANN Accuracy: 96.8%, AUC: 0.95
(2011)* death occurring within 30 days 2,380 patients
of the index bleeding episode
Das et al. Develop a model to predict Prospective  Training: 194 patients, ANN Accuracy: 77% (predict
(2008)35 stigmata of recent hemorrhage testing: 193 patients, stigmata of recent
and need for endoscopic therapy external validation: 200 hemorrhage), 61% (need
patients for endoscopic therapy) in
external validation
Grossi et al. Develop a model to predict the risk  Prospective Training and testing: 807 ANN Accuracy: 89%
(2008)* of death in patients with patients

nonvariceal upper
gastrointestinal bleeding

AUC, area under the curve; ANN, artificial neural network.
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