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A Study on the Development of Anatomical Position Classification
Model of Gastroscopy Data on Deep Learning

Seong Min KangT, Young Jae Kim“,

ABSTRACT

AR
Yoon Jae Kim

AR

Kwang Gi Kim

Gastric cancer is one of the main causes of cancer and death in Korea. Gastroscopy (EGD) is known
as an effective gastric cancer screening technique. However, the quality of medical services is deterio—
rating as the doctor’'s workload increases due to non—detection of lesions caused by blind spots and de—
pendence on treatment. Therefore, we conduct research on the development of a deep learning—based
gastroscopy data anatomical position classification model for medical staff support. In this study, data
were collected from about 604 patients who underwent gastroscopy through Gachon University Gil
Hospital. Labeling of the data was classified based on anatomical location. This study is based on 6
categories consisting of a gastric cardia, gastric upper body, gastric middle body, gastric lower body,
gastric angle, and gastric antrum and 4 categories that integrated the upper, middle and lower parts
of the gastric body. We developed gastroscopy anatomical classification models using InceptionV3, and
Inception-ResNetV2. In the case of 6 category classification, the InceptionV3 model was the highest
Fl-score with 62.07% Fl-score. For 4 category classification, the Inception-ResNetV2 model was the

highest Fl-score of 91.58%.

Key words: Artificial Intelligence, Gastroscopy, Convolutional Neural Network
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InceptionV3, InceptionResNetV2 E@o] &85 %)
o, 945 67 et PR BRI velH
Alel 749 InceptionV3 @ o] 62.07%2] Fl-score
o AxE =&t N FEH #1E VIE FES
dlolEAle] 74, Inception-ResNetV2 R o]
9158% % Bt} 3 AxdE ==
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2| 403988 ST ¥ HolEHE 20094 %
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AYtie] Y E T4 0] Table 18 53 et
28 doly F, AR 47 o 2% HL

Table 1. Sex and age details of the collected gastric can—
cer patient data set,

Number of
patients (%)
Sex
Male 423(70.0)
Female 181(30.0)
Age
Teenager (13~18 years old) 0(0.0)
Youth (19~29 years old) 3(0.4)
M iddle-age (30~49 years old) 41(6.8)
Prime-age (50~64 years old) 210(34.8)
Old-age (Over 65 years old) 350(58.0)
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Fig. 1. Endoscopic anatomy classification images of 6 categorical(A~F) and 4 categorical(a~j). (a) Gastric cardia,
(b) Gastric upper body, (c) Gastric middle body, (d) Gastric lower body, (e) Gastric angle, (f) Gastric antrum,
(g) Gastric cardia, (h) Gastric body, (i) Gastric angle, and (j) Gastric antrum,

o2 9Jx o] mE g T oA 2,360
o A Al Q)= At vlolEle #lol &7 A2 3
& olH A7} s R H o ' YA stE 79L& )Rk 5t
of AYPF A dolH ML EF(Gastric cardia), 9
A F 25 (Gastric upper body), ¢ AF FH-(Gastric
middle body), ¥ A& 3}F(Gastric lower body), ¢
Z} 5 (Gastric angle), A A F(Gastric antrum)<] 671
THOE HF3E dolE A A8 9 AR FF,
T, RS T 1 FHo=E o]FX Holg Al
BE #4509 Fig. 1 B3 Jehdth dojg Al A
= &9 dl°]E](Training data set) 1,347 Al ¥ ©l
o] E](Test data) 16678 &<l T ©] B (Validation data)
16674 o2 FAHEY A, dolH Al B= £d HolH
8107 A3 dloly 997 &<l dlo]E 9Fo = 4
= Ak

2.2 Hlolg Tx2|

Sholl ARRE o)A = 224 x 224 H A ] 7|2
24 =HA dolg 3te] EF¥o] EA3te] oy
o2 7 AL dolgol B3] Imgaug o] B2 g
& 83ty dol¥ F7(Augmentation)S %138}
o Fig. 2& &3l UYetdtt oy F74 7Ho =
olm|A] &, st vk, 360" W F2+9] 3], BlurA
g, A jkd ojmA] ) 9ol FHE AL AHA
A7 71H Fol BT A9 E 285Ut vlolE
AMAL] E5F 9 AF G ol el s 2612 Hj
&5 A8, volg Al B E& 2n), 9] A&
of 1ufje] vi&-& A &3ATt vlolE Al A A%
1,347 A 1731802 SN eH, diolg Al B
o] A 810% oA 1,119 o2 SAFNeH, 74

Fig. 2. (a) Original images and (b) Augmented images.
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Table 2, Number of training data in A, B dataset before
and after data augmentation,

Before After
augmentation(%) | augmentation(%)

Dataset A

Cardia 70(5.2) 210(12.1)
Upper body 122(9.1) 366(21.1)
Middle body 205(15.2) 205(11.9)
Lower body 379(28.1) 379(21.9)
Angle 219(16.3) 219(12.7)
Antrum 352(26.1) 352(20.3)
Total 1,347(100.0) 1,731(100.0)
Dataset B

Cardia 70(8.6) 210(18.8)
Body 169(20.9) 338(30.2)
Angle 219(27.0) 219(19.6)
Antrum 352(43.5) 352(31.5)
Total 810(100.0) 1,119(100.0)

A% HolE] Ao B Table 28 3 vehar).

2.3 Fine tuning

B o Lo A= InceptionV3, Inception-ResNetV?2
2dS &83a Fine tuning 3334t Incep-

e Ekei o %fi 7o) 284 EEOIE} Inceptlon*
ResNetV2 24 o] o}7] 8] X = Inception, ResNet A
g FHE A A% A= AAEHAT En-
semble?] &80 2 4 ~E F0|1 Residual block,
Bottleneck, Bt 4 H 59 &8 53 g%
& 29 S AASHE ZdoltH11-12]. InCeDtiOH
2 ResNet Al g ol A Zﬂ/‘]% IAUE
of wje} A= S EAES ¢
InceptionV3, Inception-ResNetV3 =% =
AT 35S BF 2E 58 R 2 AT
285 .

A& 2R EL Imagenet?] H) ]Hi AR BhE
o] JAYPE AT webA AL EEe] »
ShFol A o] HAA ¥ 2 H]EH ?ﬂﬂ'%

b ol WSS ©&5y] folsitt | o) El A

™3 Convolutional Layer 23 Avg Pooling Layer

() Max Pooling Layer @ Fully Connected Layer ©  Residual

[ Concat = Dropout Layer

(3 Softmax Layer

Fig. 3. Model architecture of (a) InceptionvV3 and (b) Inception—ResNetV2,
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BagE AMEstY TS ™, Ubuntu 18.04.6
LTS, Intel(R) Xeon(R) CPU E5-1650 v4 @ 3.60
GHz, Titan xp GPUE A& 74 AFE 13
3ttt

S5 9 u| B 9] 79, Tensorflow E@-& Sklearn
24 e 2 FolFF Randomsearchs ©]-83| 3f
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Abe] Z(Batch size) 32, 8t 35 (Epoch) 300, Opti-
mizer Adam< XAt %7] ¥<5E(Learning
rate)2 00012 A ASFHA L €4 39 HAZE 9
3l &4 g ZA7F §18 Al Factor(=05)2] 8
& das At O maA HaE sRstes

FEshe PAE AR

2.5 It X|&

St &9 HIIAEEE A E(Accuracy),
F1-score, 4™ = (Precision), Al & & (Recall)®] A&
HAth H7F AEEL 2 (D~ADE B3 A=EA
o} 2o F8EE 24252 TP(True positive),
TN(True negative), FP(False positive), FN(False
negative) 2 &% JE& 53] &9 7}535Ith TP=
AA True @l & £7F 229 o= AA7} True
Q1 A9, TN AA False kol didt B57 g9
77} False?l 7%, FP= 2| False ol o
ndo) & A747t True?l 45, FN& 4
A True Ztoll 3 BF 29 o= A3} False?l
ATE o Eoh

2
m
(i)

TP+ 1IN

Accuracy = < T TN @
1P
Precision = TP+ TP (2)
P

Table 3. Learning results of dataset A, B.

JIEt 2ILHAIZ CIOIH HREA AR 2F 2 Hpg o3 5

_ 2*Precision+ Recall
L Seore = Precision + Recall )

7 2d As9 =243 2 #2312 9l &4t
A = (Class activation map, CAM), AUROC(Area
under receiver operating characteristic)7} &% %]
t}. 843 A%Z+= Fully connected layer ©]&
Feature %< E4]3} gt} Feature a2 299 4
9 FE Al olHA A 7 B FFE A= 9
AR E oJv]gttt, ROC(Receiver operating char—
acteristic) #12& 9 A #k(Threshold) W7ol W&
TPR(True positive rate)®t FPR(False positive
rate)®] W3S I FEHE =243} S} T =0}
Al XA deTE Bdo] AudA T
H Aoz #Aditt AUROCS 4% ROC #HHS]
Stk Hlol & 230 PEHE HHH, R &/
55 Wrkste AFEEA AEHT

3.4 1

2173 %(Convolution neural net-
work) S 7IRFC 2 SIUAA o|w| R 9 3 FEH 9
2 F2& 93l InceptionV3, Inception-ResNetV2
g8k i 7 7|Fo] Aol A, B HlolH
AL o] &, 7} RS g A zto]E Hlu

InceptionV3 2@9] gt A A dlolH Al 7
< A% 64.45%, Fl-score 62.07%, AE= 62.81%,
AP & 64.45%, B HolE Ao A9 A= 88.89%,
Fl-score 88.76%, AU X 90.64%, A& & 88.R9%E
==t} Inception-ResNetV2 =@ o] st Ax}
dolE A A9l A% HEE 65.06%, Fl-score 60.68
%, A X 64.80%, A& -E 65.06%, dlo|E A B 4
9 AT 91.92%, Fl-score 91.58%, AH %= 91.92%,
AL 9268%E EEHNLH, o= Table 35 5
3 xHEFHA

Accuracy (95% CI) | F1 Score (95% CI) ‘ Precision (95% CI)

Recall (95% CI)

Dataset A
InceptionV3 0.6445 (0.60-0.65) 0.6207 (0.59-0.63) 0.6281 (0.61-0.68) 0.6445 (0.60-0.65)
Inception-ResNetV?2 0.6506 (0.61-0.66) 0.6068 (0.58-0.65) 0.6489 (0.64-0.68) 0.6506 (0.61-0.66)
Dataset B
InceptionV3 0.88389 (0.88-0.90) 0.8876 (0.89-0.90) 0.9064 (0.90-0.91) 0.8889 (0.89-0.90)
Inception-ResNetV?2 0.9192 (0.88-0.92) 0.9158 (0.88-0.91) 0.9268 (0.89-0.92) 0.9192 (0.88-0.92)
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A 4" AL Fig. 58 T3 & F Ut
4. nE 3 AR

B AT AWAA A A 1A HdE Qe T
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gol8 Al A2 7% InceptionV3 E& o] 62.07%
9] Fl-score® ¥ o™, dlole Al BY -9 Incep-

(d)

Fig. 4. CAM images of Test set images. (a) CAM image of gastric cardia, (b) CAM image of gastric body, (c) CAM
image of gastric angle, and (d) CAM image of gastric antrum,
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FPR(1-Specificity)

()
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(d)

Fig. 5. The AUROC of classification model using test set (a) InceptionvV3 model for 6category, (b) InceptionV3 model
for 4category, (c) Inception—ResNetV2 model for 6category, and (d) Inception—ResNetV2 model for 4category
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