I

Ho & bvF 2= HolHE
AL ol AE 7 HH

AA%, 1A
AT a2 FA S35

e-mail : sentilemon02@gmail.com, kyungbaekkim@jnu.ac.kr

Binary Survival Classification Method Using
Multimodal Data in Lung Cancer Patients
Chulwoong Choi, Kyungbaek Kim

Department of Artificial Intelligence Convergence,
Chonnam National University

of
At o] o F o5 9 A5E g Vo R vadAFs e TNMYE Y] E/FAAE ol AHE
gt TF A, 37], AolHEZE Yees TNMH Y] EFAAE AM&std lﬂ‘” e HAEHIE
AT F Adrk BLoAE R FA9] HAFHIE VFoR AEES Ttk AT HEFH T
o Tt HAFAEY AEES AgstA FAEe7E o ok wEkA 3 JpRRIE R AEES
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1. A & wj o} ARE8HA] ks weo] AEVIHE oXEH s
Hore FAPLerh wl¢ wE gow /e EE H W &kal, 5 A= Ao s 7& ??}dr
AbE 191THDL ASEAe] AEES At o F44g
A AEs AAsted AHgE e $8% 4R 5 styrh 2. #dH 47
AEES T3l e A5y Fol ZAE7] it 2.1 Deep Neural Network
ANELS A3l A FASE Aol FQ3H2]. A WY Deep Neural Network(DNN)= 29 13 Zo] =3
M= w=ddggsle] TNMHEY] EFAAE S8 234 (%), 13F(25), €FMEHE 2 34T =
e HAFWIE Vo2 A 29 AEES dds) 4s 9d P‘L ARkl AR wdz ST (HA)
3 Y3l AR HFHr|vte R ke FHdFate] A o] 27) o]<l ¢ DNNojgta FEtt, JHis oy
EES =37 odu kA Hgsixe EAS 1 7bE = ](Welght)s”]' g sk (Actlvatlon Function), 2=}
HE AES o =0 Pesit) 4 7 3-(BackPropagation) &< Z&3te AdAg =dS
Aeirae] 7bd dubded mde FA%4 2dd Cox g5 et DNN2 thgsiA €82 ¢ dom, 2 =79
H#H 3 2do] vt FZoe EA1% 2 Cox H A= DNNE& AbE-sto] #tskxte] dddolgE o)X A
A8 2y AFNEG7IHE E8&3 DeepSurv EE & BRI
DeepSurvNet @3} 722 tpekdt dA37F APx 1 9t
[41[5][6]. JAFAAEL7IHS &&lHA AELA Zde
dsol FHAAT JH oy wet Ao AEE
o5 o447t w& Holth
o] mEoAE #HAY e Aol H (Clinical), PET
B, CTR4E AH&ste] 7]H(d)E = 32t AEES
ol EfFste HEEAY vF R HoHE AMEEE o
A AE EF PHE A
2% BHEAF = Deep Neural Network®} Image (23 1) Deep Neural Network
Feature Extractiono] tha] dolr i 3FdAM = AL}
o] g RrdeltE AREE o Rl diel 4 2.2 Image Feature Extraction
gttt 4o e AES S3 UsEEdoHE AHEdS # 9+3kx}e] PET(Positron Emission Tomography) <3/
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3} CT(Computed Tomography)&d &S Al&3l7] Qs e

8/WA 7 -3k 91379 (One-Hot Encodig)S AF&3he] 23

Gl 54 s FE3= Image Feature Extraction©] M9l Feature® ZH-?*J skoith. PET 43 CT97de] %
dasith, Aoz PETH CTYE42 x4 14 7+ gt} Al Aol Aol 2 el 2] thE 9] 2d ]
v Sdfol 223 HelH)E A4 E. PETYERS A getolag AT kA EE #Abe] gAAtel
b2 1289 Al A2 12894 CTYE4S 7H2 5129 A 25 FdsHA wF7] Y8 stRHA A2Ede 128
‘ﬂi 5129 A2 FAEt Ak olHA] dlo]E oA 5 ZolE 5002 AA3te 50x128x128 Alo] =9l 3d o] w] A
& FEee MyoRE dvtHor CNNEZS @o] A & A48
&3, ©f Yol7t ImageNet W3|olA 53 44& A oJMAEEF R A dddelHE DNNEHS
% VGGNet?t RESNETS 7H¢ @o| AR&3th 2 =% Ab&atal, PET97 ¥ CT974 RESNET3D 18Layer &
o A+= RESNETRE Y Fo|A %= 3D o|nAE JHF oz Al 48 AlE3}e] FeatureE F&3t1 F%% FeatureZ
&3t 54 FZFo| 7F53 RESNET3DER S AL831o Concatenate Layers &3] Wgs & DNNEZS AME-3t
329l PET 43 CTRNA 5E4E& FE33th o AM/AE GES FYste G E(Ensemble) REH o]
},
3. % EE dHolg 7] o|AAEEF Y 2de e &495%(Activation Function) =
doraiate] olabdlolE 9 PETAA 2 CTHAS 3 Softmax& AH&3te] nd (A& AA) ol Al E I
AHgEtE GEREdelE N o AAERF R ¥ AERE 2 gE FHET
29 o] A€ok A AETVIS ndel YA
2 nd ghel #ate] AbY/AE ojRE FHAT 5d 4. 4% A5 2 37}
< 493 A mde oAy ddvelH e PETS T 2= o]y 7|8k o] JAER{F 4o g5 F7}
A HE CTEdS AH&ste] 54| <t A&EdEF] AMgS & E 98 AR 18578 & AF oy E AMEstT A
< 47 93 = 9l 185739 HolHE EEof2wxk3F(Hold out
cross validation)'dH <& AF&ste] 8111 H&=2 F&sta
7t7} S5/7F/H2E vlelE 2 14847, 1867, 1879 9
\ Clinical Data | PET Data | CT Data | |o]El & AUt}
| | | U EEF wAe]l 45e B7E7] 1 Accuracy
INPUT: Clinical(23 Cols) INPUT: 3D PET Image INPUT: 3D CT Image 9} F1-ScoreE A}&3Fo] 713k}l Accuracye 45 4
| WeuUT Layer(23,32) || [[NPUT Laver(50,128,128,1) ||| [ INPUT Layer(50,128,128,1) ] Ak dSgke] ¥vE&S vluslte] AHYrEE F4go
E [ B 11 RESNET3:)18Layer i RESNET3:J18Layer ] Fl1-Score= A % (precision)®} A& & (recal)e] 7t& 3
é I OUTPUTL*ayer(Q 2 |||[ outPuT taver(e4, 32) ||| [ 0UTPUT Layer(64, 32) | TS 3l & 5430 Accuracy®t Fl-Score EF 0
& OUTPUT:'ZFeature OUTPUT:Z:ZFeature OUTPUT:;ZFeature ~19 & zZtom 19 s E 2 45S UEhdth
I d — ! | ¢ dlo) € (Clinica) ¥ A+83h= 299 thF = o] F
| HiddenLa:er(az'w) ! (Clinical, PET, CT)& &7 Al&3t= A5 2714 Aol
| HiddenL:\/er(w,B) 1 of tial FALA 18578 JRE ]’%3}04 a5y 54
3 A AEES BREY, o A¥s ¥ 2 ¥ 37 2ok
| OUTPUT Layer(, 2) |
(Z 2 dAMdolE{2t ALSSIEE M Accuracy2t F1-Score s
(¥ 2) s E=dolE 7|y o[ AEEF 2d /e RBEZZE tolE Accuracy F1-Score
54 Clinical 097 0.95
(Z 1) dlo|e{Al Mg 4 Clinical 0.94 0.91
AR B o ] 3d Clinical 089 083
N o), BAY 4B A=W/, THI, N9 2d Clinical 0.79 074
Clinical(23) I\jt‘;;l,ﬂ%fg@l%ﬂf FEL T N 19 Clinical 052 035
b ¥29] o] Ei(Chnlcal)t’} AHE S wiel ®39 thE
creo, 128,128, 7) | 7501 2 ST Sl WSSl 44 e HE AgalE W BT AEsizte] gopds R
— 5ol dFgEE AE Q‘lf’a‘ T Utk ol #H A
B4 diF-iEe] AL AR Ert 19s VFEer ¥
Ede] fdegreow AbgE ARE F 13 2o #Hek g A5o)9ly] YEo T AT}
#pol ol = 232 AR AMgste 2E2 F
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(% 3 cHEZEH0|EE AMEsIE M Accuracy2t F1-Score A

RHE7IZE tlolH Accuracy F1-Score

54 Clinical+PET+CT 097 0.9

49

Clinical +PET+CT 094 0.91

3d

Clinical +PET+CT 0.89 0.83

2d Clinical +PET+CT 0.77 0.73

14 Clinical+PET+CT 0.65 0.65
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