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FH]E x—ray A= ol&3st] ¢F HS (external validation) &

A2 AT B
A 1A dolg £A °d A4

2 =FoA AgE gRdA HolHES A5¥HA] Hib
HAy FFASUHEYE onldTy FEE I AY A9 Y3
(Institutional Review Board, IRB) A4 <<1¥ 5 10-2020—-173%}

B—2010-645-401°4 &8 ZHoln, HFAJH o5IJite o]&S

22 ogm7|#e MELEEA Helmiy o 20109 1E5-E
2020 1€7H4 et (maxillary sinusitis) & X@s o 7b%
Zo] F8H= x-ray? UREEYHA water’'s viewst I ol
Y9t CTE &3l W dF1]5 % (chronic sinusitis, CRS) I && vk

2507 9] &} HiolHE s ¥ H<F (external validation) =

-

Al FFASUE YA 2003 d 8€HE 20199 4€7tx] FLst
R 10579 gtel thidt doleg & AN 1§ FHlE x—
rays A 25 o] CTE ZFIst A= 4AAE dolH=E
ArEetg o, 34 FHlES (acute sinusitis) % x-ray®} CT &9
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| Internal dataset

250 patients from SNU Boramae Medical Center who
underwent Water’'s view were collected

= Examination interval between PNS X-ray and CT
scans within 14 days

‘ External dataset

105 patients from SNUBH who underwent Water’s
view were collected

= Examination interval between PNS X-ray and CT
scans within 14 days

55 patients were excluded

= Acute sinusitis

= Underwentacute aggravation
during the examination interval
between PNS X-ray and CT scans

195 cases were included

= 162 cases with either unilateral or bilateral sinusitis
in maxillary sinuses

= 33 cases with no inflammation in both maxillary
sinuses

55 patients were excluded

* Underwentacute aggravation
during the examination interval
between PNS X-ray and CT scans

v

i

92 cases were included

= 78 cases with either unilateral or bilateral sinusitis in
maxillary sinuses

= 14 cases with no inflammation in both maxillary
sinuses

390 of image patches were created
= 212 images with sinusitis

= 177 images with clear sinuses

i

184 of image patches were created
= 118 images with sinusitis

= 66 images with clear sinuses

1 image patch was excluded due to
the prominent dental brace

389 of image patches were selected for data
partition

= Training set (80%)
= Testset (20%)

132 of image patches were selected by
randomization for external test set

Y

79 of image patches were used for internal test set
= 43 images with sinusitis

® 36 images with clear sinuses

l

132 of image patches were used for external test set
= 66 images with sinusitis

= 66 images with clear sinuses

310 of images patches were used for training set
= 169 images with sinusitis

® 141 images with clear sinuses
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(a) Clear Sinus (b) Bilateral Sinusitis

(c) Right: Sinusitis, Left: Clear {d) Right: Clear, Left:
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A 2 A dlolg A I

dolel  HAg FAFLE omdF s T AotwE
(maxillary) 8] alF-st4d H Y= 7|02 H#HAHNYIA (region of interest,
ROD S ZAA ¥~ (Bounding box)® 3A|8}a, labellmg annotation
E& ARgstel ZF ROIS #Hiel gt F45 xml FdzE AFsi
o] MATLAB (ver. 2019a (The Math Works, Inc., 2019 Computer
Software) AXE¢o]E o] &3] ROIE ZEto] (cropping) ©]w|A|
A (image patch) & A&t I A3, UF dHolE AEE F
389712 olm|Ax] X7} AAAEYL T F, FHlFHo] £TE o]n|A]

17770 9o g% HASE  dolH

rlo

H= ANFE 2127, A
A E ol A
Atk UF dolH MES< 9F HIFE dHolE AES ZFyA

& 77t 1:1.2, 1:1.82 et

= F 187709 olm| A X FoA 1187+ HHlEA, 6671
J2go]

1Y dadgs EEs Ss AA dHolE JiselM 80%=

sampling= ©¢]&3}o] 31t} Random stratified sampling W<
g5 HelHE vE u FESE AERES otE, 719 Holy AES
FY 2 v o] G HolH AMESQ AS HolH HMEJNAER FUsHA
FAANAET. I 239 % 212 olv|x A A FH} HHd

249 g fg doly MES F/4& dEpdth
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el

2.1 F4]% x-ray Hl°o|g9 T4

Numbers of Image Patches

Data/Class Clear Sinus Sinusitis Total
Training Set
(80%) 141 169 310
Test Set
(20%) 36 43 79
Total 177 212 389
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Labellmg &

<object>
@ LA <name>sinusitis </name>
<4 Danca <pose>Unspecified </pose>
@ Dt st <truncated>0</truncated>
e <difficult>0</difficult>
=" <bndbox>

<xmin>135</xmin>
<ymin>384</ymin>
<xmax>382 </xmax>

<ymax>662</ymax>
</bndbox>
</object>

22 7] (cropping)

dlolg mhel ¢glze ot <object> MATLAB
<name>clear sinus</name>
p <pose>Unspecified </pose>
A2} A <truncated>0</truncated>
_] @ Al xml 3 <difficult0</difficult>
Thede] A4 B —

<xmin>557 </xmin>
<ymin>401</ymin>

& <xmax>808</xmax>
<ymax>677 </ymax>
R S i : S </bndbox>

a9 2.3 olmA A Y A

12
a (n T —
# .-"{1. e El l:j-]li 11-lr

-



Al 3 A ACGAN EE& o]&3 dojg A

GAN 2014 Goodfellowel 9= e AER=
(generative model) 2 7|§to & 3t 7|Howg HZ o8 Fofoi]
dolel S 7oz de ARREHO gith. GANS dHolHE
AT 87 (generator) 9k BAE FA dHoly e HA A2
dolelE #AEsl= #WEH7] (discriminator) 2 TFAHO] it} o] F
HWENAE A2 Y (adversaria) 3t A =29 AeS A= 743
Uzttte Aol o] male Fg sdolth A7 (G)xe dggstust
s YE dlolE x o ®X (distribution) & ol dlolg ¥
(data distribution) & FHuist Fgs] HAlste] YHE MES AA

dolelgh 7] oA wEs Ae FHoR v i w3y
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delolEdch. A7 (GHg 8y (D)9 oy #AE two-

players minimax game® 7Jd& w=m 2 2.19 £t}

minmaxV(D,6) = Ex.p,, | 108 D) [+ Ezopeo llog1=DGE)] 2.1

Fuwg BE - qu qoreig g4 doleel da 2o 85 wx

(probability distribution) 2 9wuget. ) = wxn77 @

juit)
i
o

=°]* (random vector noise) Z & g o=z o} X do|g e}
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Holg et 73d & s = 7 olvXE A

A17171 <18l D(G(2)) S 19] = 3

i)y
_0|L
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e
N
rlr
o,
rc

o
E)

dolels} AA delelE 73] 9 & Ae T8 T A7
D(G(2) = ¢ o) gx= s&aTH10].

£ ATl GAN 7|uke] dlolE FAE a3 Y8l
GAN?S WHygyd =»d  ZF el Auxiliary Classifier GAN
(ACGAN) [19]& €33 th. Conditional GAN (CGAN)S €59
F7} AHX (class label =2 modality?] dlolg H5)& A7)
28716 gFstel A olw X FA (of: ) S A A7V
de =¥ WE mdo|th[20]. ACGANS CGAN €al 9 HAFet

48717 dolee] FHAE AE5F & Auke A Aol vk

e

(14 2.4).

ACGAN 55 Sl AFE"E AA7I8E 28718 o718 A
(architecture) & 1% 25 o FAASZ ey Q. ACGAN
g5l AHEE stol#FetvE  (hyper—parameter) & T
2cr, HA g 3 (optimizer function)® Adam, 358 (learning

rate)+= 0.00029] Beta 0.5, ¥x] =7] (batch size)&= 64, 181

)%
rlo

30000 ©Z (epoch) o & AA3sto] eHF3lsitt. ACGANS g+

NVIDIA GeForce GTX 1050 Ti GPU #AdA F359]

off K

SEAITFE oF BAIZF AR AQHYH. ACGANOA AAE A

A2

ojm|A] Hz|e} AE olmA= ¥ 2.6 oA = F A4
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(a)
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(b)

1% 2.6 ACGAN
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A 42 "oy 57 7|4

Hl$-2 1:1.2 (“sinusitis” ©]w]~]
Wz JHg 169, “clear sinus” ©)vw|A] $iX RS 141) 0]t}
AZbe mddel & HE ofyARt Holy F4 VIMY adnE
A S48z A dHely F& VIME AEskrl A
ACGANeA A€ &4 dolHE &5 ZF#A (minority class) ©ll

AIAA S dHS HFAU

4.1 A% dold 37 7
gE GY BAS 8 £3 AgHE AP JuHe A

2 7]slst4 W (geometric transformation) %

H
dArel A% W3l (intensity transformation) s°] Uth. 219 2.79

.|_4

Zo] & AFoME FHlE x—ray o|v|X X7} HFe Qe 9
EAS Hdist ®EEsHr] & 7istEd mE {35 FHA7I
(horizontal flipping) ¥} 3] A} vk A&}t 19 H$ —10 oA

}_I:E
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off

10 99 oA F=9E 34 (random rotation)
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Horizontal Flip

Rotation (range -10~10 degree)

a¥ 27 AFH dvelH 4 7¥e A8 A3 AE & "3

W 34)

4.2 GAN 7|8t @4 dloly 574 79

GANS ol gste] A dlole T4 F33r Hs8 71&9]
g Holg AEE o]&ste] 5 ACGAN 47|19 7hsA|
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>

Hel deld HUE ot AY W window_ AUC_maxe©l
dHeolE frh vf vHE with A2 JUolE H= window_ AUC_max
7} old  window_ AUC_max % Bt S7hesbAY 2ow 1 e
AUC max®l QHCIE HEA v 14 S7ksi (K = K + 1)
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pmentation

Model Training.

Model Evahsbion

Perforance
Exaltation Metrics
(Accuracy,
Setsiviy.
Specificty, Fl-score,
PPV, NPV, AUC)

Stoce the AUC score n amay
format
LULC_orm)

Update e e of

Optinal miigle
e (K ) ndits
comespouding traived
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opiml)

mlples
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window_AUC_ue=
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O4 2.8 Egtold AESE o|&% GAN 7IRtS dHeoly F4 7

22



1%
oy

77

A 548 5 2d

= AFelMe FHlEd Ads fJ& ARdESs (pre-

trained) ¥ CheXNet X9 [22]& o]&3ste] Ho] &% (transfer

o

learning) 3t t}. CheXNet2 DenseNet X @[23]

sgom, wd 52 g8 AR FH x-rayd B AT

714Eo 72

ol
ol
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oy
&
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=2
=
o
L)
=
o
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i
flo
o
L
offl
1o,

olulx] A= o] HIMY (bilinear interpolation)2 ©]-&3}¢]
56 X56 A A712 ZAHFJL. o] s FHAoM AAT AF
(fully—connected layer) 2] v}A 9} #lo]o]= sinusitis®} clear sinus
T e RFE 29 Vst e sl

299 stolH st = &5E (learning rate) 0.0001,
#l %] =7] (batch size)+= 8, & (epochs)< 25, &4 34 (loss
function) & binary cross entropy, 123 #Z3} 84 (optimizer
function) & AdamOo.Z dAstgiow, & so]B v HES fine—
tuning F}FoA 7HE =& dss B AAYHUAT. CheXNet B2

829 NVIDIA Tesla K80 GPUZ} #z® & ZFggr Z 3

[

i

(Google Cloud Platform) A® oA 4385 3t}
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29 Aess AFst7l 98 &5 F™ (confusion matrix) =
o] &3ty AZE  (accuracy), WHE  (sensitivity), Fol&E
(specificity), F1—score, %% o= %k (positive predictive value,
PPV) W &4 o= Zt(negative predictive value, NPV)<
ALY (29 2.9). 524 2.2 ~ 2.7 & 2+ A5 Axe ot
TS yepdg, ok, A ofgfe] WA (area under the curve,
AUC) 3} &=A17] A= EA (receiver operating characteristic, ROC)
TAE AAERL Rl Hrle 2¥E UF #ZF dolH A ES

g% S HolE AEES F8 olFolson EE e default
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Hlustiltt, AR /o4 AHTSSZl 9@l bonferroni
correctione ¥3% McNemar s testZ7} AFEEAT P-value”t
0.0584 #ow SAHCR Fogs a3t &7 42 R for
Windows 4.0.3 (R Foundation for Statistical Computing, Vienna,
Austria) ¥} IBM SPSS Statistics ver. 26.0 (IBM Corporation,

Armonk, NY, v]=) & AF&3Fo] =315t}
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Actual Value
Actual Value Actual Value
Positive Negative
Test Qutcome TP FP
Test Positive (True Positive) (False Positive)
Outcome | Test Qutcome FN TN
Negative (False Negative) | (True Negative)

True Positive (TP): Sinusitis& Sinusitisgh A&

True Negative (TN): Clear Sinus¥ Clear Sinus#}x g
False Positive (FP): SinusitisE Clear Sinus#t1 A3}
False Negative (FN): Clear Sinus®& Sinusitis#h 2d§,

Accuracy =

Sensitivity =

Specificity =

Fl—score =

PPV =

NPV =

¥ 29 EF 34

TP +TN
TP+ FP+FN+TN

TP
TP +FN

TN
TN +FP

2 X (Precision X Recall)

(Precision -+ Recall)

TP
TP+ FP

TN
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A3 AT A

2 d7elMs iR HS dHoly AES F S dolH

AEE Fd W 749 BE A8 2dqM BF 2dEd Y5e
2H3 U 7 AEe ol gk
© 71E 8% dolHEW #HAA CheXNet mde] Y5g

7} (OD)
@ GAN 7]¥te] ZFdA #3dE 3 HolHEZ  sh5AlA
CheXNet 299 A5& H7} (GCB)

® GAN 7lwe] Za~ 9% 454 dole 3¢ 4%

o

85 Al A CheXNet 29 A-5& 37 (GCB+CDA)

®
o

AN 7Rkl FdA w8 9 doly s AE5k

%
111)

A7l CheXNet 229 455 37l (GCB+OMGDA)

@
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2
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e Mo wEs SE@ otk BE A o A%
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s
rlr

AT dHolH AEGFHEA = 43, B4 = 36) 9 AF

AZE dolg AEGRZEY =66, A = 66)2 FH71E ).
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ﬂl GAN 71819 Hlolg 7 7|19 A3 W&

Egold AESE F3 GAN 7[§ke] dHolH T4 719
Aol wWE Kopima) & AEHCZ GAE A}, 7MY =2 A

optimal®l 174 W ol3An. &told A= FHUigho]

i)

ol AZ AFE 29 (= 10,112)8%HF SZAFHS W=

omigttt, % 3.1, 2% 3.1¥ 3.28 F3] GAN 7[Rt dloly FT74

3
ALt AL HPL ARG Aol FFEE AR

Z7HshEA 5718709 8% HOlE Kopima = 17914 AT A50]

rL

Az RS2 e 4+ vt (Accuracy = 0.949, Sensitivity =

0.977, Specificity = 0.917, F1—score = 0.953, PPV = 0.93, NPV

= 0.71, AUC = 0.964). °o] * A%+ 0.89 FHAAN A& AT
IR ¢ o)A FAEZA ekttt
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¥ 3.1 U EHAE HEE o]g39 8 dolE /MY =71 WE CheXNet 99 A% #H7)

Number of Training sets
(original images Accuracy Sensitivity Specificity Fl-score PPV NPV  AUC

+synthetic images)

(x2) N=648 0.772 0.698 0.861 0.769 0.857 0.705  0.882
(x3) N=989 0.810 0.767 0.861 0.815 0.868 0.756  0.888
(x4) N=1,324 0.810 0.767 0.861 0.815 0.868 0.756  0.902
(x5) N= 1,662 0.848 0.814 0.889 0.854 0.897 0.800  0.891
(x6) N= 2,000 0.848 0.814 0.889 0.854 0.897 0.800  0.891
(x7)N=2,338 0.848 0.767 0.944 0.846 0.943 0.777  0.926
(x8) N=2,676 0.848 0.814 0.889 0.854 0.897 0.800 0.943
(x9)N=3,014 0.848 0.837 0.861 0.857 0.878 0.816  0.943
(x10) N =3,352 0.886 0.837 0.944 0.889 0.947 0.829  0.935
28



(x11) N=3,690 0.861 0.861 0.861 0.871 0.881 0.838  0.926
(x12) N=4,028 0.861 0.814 0.917 0.864 0921 0.805 0.935
(x13) N=4,366 0.873 0.884 0.861 0.884 0.884 0.861  0.949
(x14) N=4,704 0.873 0.907 0.833 0.886 0.867 0.882  0.952
(x15) N=5,042 0.873 0.861 0.889 0.881 0.902 0.842 0.940
(x16) N=5,380 0.899 0.930 0.861 0.909 0.889 0912 0.944
(x17) N=15,718 0.949 0.977 0.917 0.955 0.933 0971 0.964
(x18) N=6,056 0.911 0.954 0.861 0.921 0.891 0939  0.952
(x19) N= 6,394 0.873 0.861 0.889 0.881 0902 0.842  0.948
(x20) N=16,732 0.886 0.884 0.889 0.894 0905 0.865 0.943
(x21) N=17,070 0.873 0.814 0.944 0.875 0.946 0.810 0.943
(x22) N= 17,408 0.873 0.837 0.917 0.878 0923 0.825 0.943
(x23) N=17,746 0.899 0.884 0.917 0.905 0.927 0.868  0.956
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(x24) N= 8,084 0.899 0.884 0.917 0.905 0.927 0.868 0.956
(x25) N= 8,422 0.861 0.861 0.861 0.871 0.881  0.838  0.933
(x26) N= 8,760 0.911 0.907 0.917 0.918 0.929 0.892 0.946
(x27) N=9,098 0.911 0.954 0.861 0.921 0.891 0939  0.952
(x28) N=9,436 0.911 0.907 0.917 0.918 0.929 0.892 0.951
(x29) N=19,774 0.873 0.930 0.806 0.889 0.851 0906 0.944
(x30) N=10,112 0.873 0.930 0.806 0.889 0.851 0906 0.944
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1.0

Results of Maxillary Sinus Diagnosis
Examination Interval: 2 weeks

i

012345676 910111213141516 17 18 19 20 21 22 23 24 25 26 27 28 20 30
Multiple of synthetic samples

19 3.1 % 3.1° U3k 2% (scatter plot)
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Sensivity

ROC curve of x2 (n=676) ROC curve of 3 (n=1,014) ROC curve of xd (n=1,362) ROC surve of x5 {r=1,600) ROC curve of 8 (=2.2029)
AUC = 0882 AUC = 0888 AUC =0802 AuE =088 AUC =059t
0z 04 08 08 " 0z 04 08 Ll " 02 04 06 LL) " o e o o o o
1-Specificity 1- Specificity 1_ Speciicty 1- Specificity 1.- Specificity
ROC curve of x7 (n=2,366) ROC curve of x8 (=2,704) ROC curve of x8 (n=3,042) ROC curve of x10 (n=3,380) ROC curve of x11 (n=3,718)
AUC = 0.926 AUC =00643 AUC =0.043 AUC =0635 AUC = 0926
02 04 (13 o8 10 02 04 [ o8 10 02 04 o8 [T 10 02 04 L1 02 04 08
1.- Specificity 1- Specificity 1.- Specificity 1- Specificity 1- Specificity
ROC curve of x12 (n=4,056) - ROC curve of x13 (n=4,384) , ROC curve of x14 (n=4,732) . ROC curve of x15 (n=5,070) ROC curve of x16 (n=6.408)
o o8 as
AUC =0935 AUC =0.949 AUC =0952 AUC = 0840
05 o8 as
% 04 % " '§ a4
02 02 02
02 0s s 08 i) e 02 o o5 N [ e o2 s 06 s T o 02 04 s o8 a
- Specificity 1- Specificity 1. Specificity 1. Specificity - Specificity
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ROC curve of x17 (n=0.964)

ROC curve of x19 (n=6.422] ROC curve of x20 (n=6.760)

. Y ROC curve of x18 (n=6.084)
o8 o8 on o an
AUC = 0.964 AUC = 0952 AUC = 0.048 AUC =0843 . AUC = 0843)
o8 o8 as| o8 g
N o2 [T os o o 0 0z e T e Ty o 0z o4 os as o %o [ as [0 a8 T e az o4 e on
1.- Specificity 1- Spacificity 1- Specificity 1- Spacificity 1- Specificity
ROC curve of x22 (n=7,436) . ROC curve of x23 (n=7,774) » ROC curve of x24 (n=8,112) . ROC curve of x28 (n=8,480) » ROC curvs of x26 (n=8.788)
. o8 as os os
AUC = Daas AUC = 0856 . AUC = 0855 AUC = 0833 AUC = 0948
os o8 o e
04 04 '§ e 04 as
02 oz oz 0 o2
09 Fe ™ W o o b 5 o o8 on T i 0z o s o i %o PR o m os o ) 0z as s s o
1. Specificity 1 Specificity 1- Speciicity 1. Specificity 1- Spacificity
ROC curve of x27 (n=9,126) ROC curve of 26 (n=0.484) . ROC curve of x29 (=9,802) . ROC curve of x30 (n=10.140)
o8 on o8
AUC = 0851 AuC = 0944 AUC = 0044
oe Lo o
= E‘ E
g o os os
02 oz oz
M o
g S o 0 m e onle s o - e “ By = = = = T % o o o e To
1. Specificity 1- Specificity 1- Specificity 1- Specificity

a9 3.2 7z

3 CheXNet 22 ROC 34l
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AUC

AUC_window_max
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AotFEA S Y3 A2 ¥ CheXNet &2 4 7}A] 9

EN
2y

(OD, GCB, GCB+CDA, GCB+OMGDA) o} =@ &S
g 9 o AFE FISY (F 3.2). Uy AF

R
3, B AFeld Akd GAN Zluwe] @4 dlole 27 suel

[¢]

abi

in)

HA wlgZ 5% 2P (GCB+OMGDA) A M4 =& H5S
HAY (accuracy: 0.949, sensitivity: 0.977, specificity: 0.917,
Fl-score: 0.955, PPV: 0.933, NPV: 0.971, AUC: 0.964).
GCB+CDA E¥2 OD 297 GCB R Ht} &2 A5S BdAw
(accuracy: 0.823, sensitivity: 0.744, specificity: 0.917, F1—score:
0.821, PPV: 0.914, NPV: 0.750, AUC: 0.861), GCB+OMGDA
BaRgE Wokth of AFIME GCB+OMGDA R4 tE
2 Aee HAY  (accuracy: 0.917,

sensitivity: 0.924, specificity: 0.909, Fl-—score: 0.917, PPV:
0.910, NPV: 0.923, AUC: 0.955). 1% 3.4 471 Bdlo] Yy gl

- AZe gk ROC ABE YeRdL]

SAA F4 #S A7 GCB+OMGDA 222 Uy A

)

o

e

El
f

o] F HAZFelA 0D, GCB, GCB+CDA EdEy AF=E ¥
 FAMCE FoTE & 4 ANH WF #Se 45 OD
|

i

b
el
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jur

ofN ™ Kl
o

19S Wi P=.002, GCB E@z wusds Wi P=.001,
i GCB+CDA =g HlwoA+= P=.045°] sy, 8F

jary

S oA

rlr

7} ®Bdof fiste] P=.001, P=.006, P=.002% gkt
¥ GCB+CDA R4 OD 223 GCB Ede| Hl3| TAACE
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BEe P=1.0000] uvgth &F AFAAME 24 Btk
P=.1129 P=1.0002= Yetutt (2% 3.5). 44
ANRE F3 B Ao ALE3I ACGANS %3 AAE onA+=

N

dolg 4 71l A4z AMgd o dae A58 o Aslth

36 B
. ,-ﬂ & 1_'_” :



¥ 3.2 CheXNet 229 JF 2 ¥ HAZF Ay

Method Accuracy Sensitivity ~ Specificity = F1-score PPV NPV AUC
Internal test dataset
(n=79)
OD (original data) 0.734 0.628 0.861 0.720 0.844 0.660 0.757
GCB 0.747 0.721 0.778 0.756 0.795 0.700 0.828
GCB + CDA 0.823 0.744 0.917 0.821 0914 0.750 0.861
GCB + OMGDA 0.949 0.977 0.917 0.955 0933 0971 0964
External test dataset
(n=132)
OD (original data) 0.689 0.591 0.788 0.656 0.736 0.658 0.715
GCB 0.788 0.727 0.849 0.774 0.828 0.757  0.855
GCB + CDA 0.780 0.712 0.849 0.764 0.825 0.747 0.833
GCB + OMGDA 0.917 0.924 0.909 0.917 0910 0923 0.955
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0.8

0.6

Sensitivity

0.4

0.2

==

=T

—— Original Data (AUG = 0.757)

— Original Data + GCB (AUG = 0.828)

— Original Data + GCB + CDA (AUG = 0.861)
—— Original Data + GCB + OMGDA (AUC = 0.964)

0.8

0.6

Sensitivity

0.4

0.2

0.2 0.4 086 0.8

1 — Specificity

(a) Internal Validation

—— Original Data (AUG = 0.715)

— Original Data + GCB (AUG = 0.855)

— Original Data + GCB + CDA (AUG = 0.833)
—— Original Data + GCB + OMGDA (AUC = 0.955)

0.2 0.4 0.6 0.8

1 — Specificity

(b) External Validation

1% 3.4 CheXNet 2do] yF 9 o AZ Axte] st ROC =F
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0- 4(5.1%)
Actual Data cB CB+CDA CB +Opt. Syn.DA
Prediction Correct Incarrect

(b) ) . -

150- = L =
'g — .‘ *w -
@
k!
F
g 100~
B 91 (68.9%)
c 104 (78.8%) 103 (78%)
‘@ 121 (91.7%)
Q
w
g 50-
o
]
€ 41(31.1%)
2 ' 28 (21.2%) 29 (22%)

o 11 (8.3%)
Actual Data cB CB+CDA CB+ Opt. Syn.DA
Prediction Correct Incorrect
0 o =
a9 3.5 A4 FAH AT A%

39



Al 4 & 31

z+

12t

Ho:]'?'ﬂoﬂj\i 1 O

x—ray #93% CT &9 Alele] 3+40]

= Ui "oy AE=RZ ARSIt 3

ulAy  Hu|E

=T EadstAY T4l
THE AedE x—ray 9L AAEGTh wEbd 23 4 Y
x—ray®t CTE EF #Is I AL ot 1959 At
dolEHZ o Y-S FAsr|ol= dolert ol B5e ol qdct
o]& F53}7] A8, GANS o] &3to] dHolEE st A
dolEl & o]g3te] ulolE T4 FHsTE Eoh, &Etold =S
HEE HEAA GANS 7wtez 3 &4 dolg 7 A, 7H%
et A HAstd 2l HH wjEs AFHOE gtotE

GAN 7]4}9]
o A7|7F A=

dole 54 7l

A= Fhaae

ol AY7IIN AR B dolee thep
geigh WA B F37t BASREA FA
T2

[27]= AH&3te] olu]A|

H-AMd (Multi—scale structural

fAe AYHow

40

L o]lulAo

© HAA S = e dirEdd
dol A7

1817) 98 o

similarity,

i
rlr
r {
o
e

MS—-SSIM) [19],



g9l 178) o]F 9] oJu]XZe thd MS-SSIM H49 WHIE

il

ACGANS 2 A" dolEolM  100%e dHolHE F&A9=
Agetitt. 1 23, ACGAN 7[REe] A4 olv]x&5¢8 MS—SSIM
A oF 05 T2 A @& BH3la, o= 92 HolE Y MS-
SSIM A9k & A7t QAT (23 4.1). ol ¥ AFoA 5
ACGAN XRdoxe 2d B37t dA4sA oskss &3

A AT

41



Sinusitis

Clear sinus

SSIM: 0.553
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Abstract

A Study on the Generation of
Synthetic Data using Generative
Adversarial Network for
Optimization of diagnostic
performance on paranasal sinusitis
radiography

Hye—Min Moon
Interdisciplinary Program in Bioengineering
The Graduate School

Seoul National University

Recently, rapid development of deep learning has led to a
state—of—the—art performance in a wide range of computer vision
tasks, mainly through large—scale datasets. However, acquiring a
large amount of dataset is restricted and challenging in medical
domain.

This study aimed to investigate the feasibility of synthetic
data augmentation using generative adversarial networks (GAN) by
suggesting an automatic method to determine the ideal amount of
data augmentation in order to develop deep learning—based model
optimized for best performance in a limited datasets.

This retrospective study evaluated the Water s view
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radiographs of 250 patients diagnosed with chronic sinusitis, who
underwent radiographic examination, between January 2010 and
January 2020. Image patches of 177 healthy sinuses and 212
maxillary sinusitis were created and randomly split into a training
set (80%) and a test set (20%) to develop a deep learning model.
During synthetic data augmentation process, Auxiliary Classifier
GAN (ACGAN) was applied to generate synthetic images from the
original training set. A method to determine the optimal amount of
GAN-—generated synthetic data to train the model with the highest
performance was proposed herein. Transfer learning techniques
were applied using a pre—trained CheXNet model for classification.
The model was trained using conventional data augmentation and
the proposed synthetic data augmentation.

The performance of the models was evaluated based on the
statistical analyses of the accuracy, sensitivity, specificity, positive
and negative predictive values, area under the curve (AUC), and
receiver operating characteristic, in both internal and external
datasets. The experimental results verified that the proposed
approach achieved a higher performance than conventional data
augmentation, with an accuracy of 0.949, sensitivity of 0.917,
specificity of 0.955, and an AUC of 0.964 using internal test set,
and 0.917, 0.924, 0.909, and 0.955, respectively, using external
test set. These values showed significant differences compared
with the model trained using conventional data augmentation.

The findings of this study suggest that the proposed deep
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learning approach could be used to assist radiologists and improve
diagnosis with the use of deep learning technique even in a

presence of lack of training data.

Keywords : Data Augmentation, Computer—aided diagnosis system,

Generative Adversarial Network, Artificial Intelligence

Student Number : 2018—20423
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