20194 Fr|st=drEls| =27 M263 H|25 (2019, 11)

AApo) 712 dolgel Ao A A4 daes
ZIvt A A s Ao

T

[e)
HAlE

e-mail:{yyjo0430, jmy, yulhwangbo}@ncc.re.kr

Performance Evaluation of an Imputation Method
based on Generative Adversarial Networks for
Electric Medical Record

Yong-Yeon Jo, Min-Yeong Jeong, Yul Hwangbo
Healthcare Al Team, National Cancer Center

.8_ o

Az 5715 (EMR)Z 22 T WE&FY HolHe o i em IFA7kA 7t
A3 &7t sty ASgho] Wol 344 °] Ak Al ol & °] ol¥tt. 53] EMRY A

B Aol A HAste A5 FAA ol JoFolojx] £4 s UF1 oF Rdo A5
& A7l FE aRle® AREy] i, 252 dAE T'}F%ﬂﬁ 0]'1:1r H B4 2 &85
AAE AN dnE]FrINte] ASA A duFERtE Hed Vs 283 ¢u ol A&
o] S A3 ). B =F-o] A= Generative Adversarial NetworkES 7] W A=z gz g El
Generative Adversarial Imputation Nets= % -83}lo] EMROIA Q] A5 A 8]z}t dTh

rSL'
Y
2

1. MB Wwokel BN G tHEokel A 71E HAled o A5 S H
& dHeolHE 7Ivte® Al stEo s d¥sta old= A¥s Hlth
zZpst= wglolste] Al Ao mA A A A A wepa] B =R Ae AS5A giA A5 Adstr] A
o FAHE= ks 259 o7 HolESo] FEub g) GAN®| WAl AZg oA darg]E<Ql  Generative
o, AAe] F 715 (Blectric medical record, EMR) U] %% Adversarial Imputation Nets (GAIN) [5]& A}-8-3}aL g
ol o]7 "ldolE F stz A AYe] dolg sotsla o &3to] EMROIA S Bt} §&407 35 e
F5 d=sted Zod AR AWy, gy 15y T & AyEd. A¥dd, GAINOl ¥ ew =
o] 7]® AR NEE Wuk FES Ao o gy Random matrix®] Z7]g WAL Faf ALY oS ofgh
A AAF AR o2 7714 th4e] Fonst ARE ¥} AUROC (Area Under the Receiver Operating Characteristic
st glo] dlolge] WAlE A 7 7F o] =1 9} Area Under the Precision Recall Curve (AUPRC)E 77t
o]#3t ol Ho|E BT 1 EMRS A|7He] 529 ulg) 0.7%<} 0.9% A 7 th
FAPoR V| EHAE £ HA ] 54 Ao A,
AH) QA FA e AR So7 vy thEke I 2. Generative Adversarial Imputation Nets (GAIN)
9] ARl AZgho]l AT 4 o] Aol 27] wiitel GAINS Adld G dugFd GANS A= A5
FEXo] o]yt A Aol St [1] WHlolg 4o & S w7teteE g8y Rdoltd GAINS =7 Imputed matrix
S5 g2 dugFELS dolHy s V2= £ AA 3= Generator®} Generator’} A E #e Gul
7FA43t7] wjiol] EMRAIA S A3k £AE dF-H 0w A Z B2 E=A FES U= Discriminator W EH IR o] F0] 4
Axojord EAZgL & 5 Uth [2] Atk A& deol"olA "oyt %3 Data matrix, 43
Wuolglel A AZFgE tFe AT WHoeRs A Aol A& FFghe]l E°10E Random matrix 9t A5
Naive Bayesian Classifier, K-Nearest Neighbor®} 7+o] &1 Y 9AE EA S Mask matrix F Al 719 matrixE
= UFddA AEAE Eﬂi]@}*‘i 23 A55 T AbA, Generator7} 8o H AZA7 2% Imputed matrix 7}
Ha gk, 9 A, oo Hgow dAstes 5 g A4 ™, Discriminatori= Mask matrixS 7|¥+3F Hint Hint
g F FAA EPHoE AZXE A= WHo] 29 matrix$} eEAo A Generator’} THE Imputed matrixE ¢
gk 3] A B8 719 353 W o2 Generative 2 9kol Estimated mask matrixE YHE©] 1 zolo tis] <&
Adversarial Net (GAN) [4]%} 22 &aig]so] o]nx] A 2 Zt-& Backpropagationd}o] E A& EFA|T| & o]

-879 -



=
ol A gleh,
Original data
1 | X [Xi3 [ x%e | X
X | x22 | X | %24 | X5
X31 | X |x33 | X [x35
Data matrix Random matrix Mask matrix
X11| 0 [x13]|x14| O 0 (2,10 |0 [z |11 10} 11110
0l I 0 ey lc ]| |zalll0|za |00 00| (R0l || ol |t —
x31| 0 |x33| O |x35|| O [232] 0 [234]| O 11011101

Back
Generator |- '3{1{,{7{15;51}@

Hint Generator

Imputed Matrix, Hint Matrix
X11 | X1z | X13 | X14 | Xus 1]05]1 1 0
X21 | X22 | X23 | X24 | X25 0 1 0 1 /05
X31 | X32 | X33 | X34 | X35 1101 (05f1

propagate

Discriminator [--------- i f

P11 | P12 [ P13 | P14 | P15

Loss

P21 | P2z | P23 | Pas | P2s [ (Cross Entropy) -

P31 | P32 | P33 | P34 | P3s

Estimated mask matrix

<9 1> GAINS 7|& 3%

3. 4
31 A3z

2142 Intel Core i7 2.6 GHz, 16GB2] MacBook Prool ]
TP At A%l ©lo|E]:= The PhysioNet
Computing in Cardiology Challenge 2012 (PhysioNet 2012)D
S ARESEA T Sl HlolE = ICU WAl A 12,000 o 3
7ol tiafA A4 F A 48X Wl A E HI=ER T
AEol k. 4 da=EE AY 42709 WHEE A 9
o W9 FHRE A9 1D, vel, A4, 7, w5A,
ICUtypeo] AWHFZ EA81H, 37712 time series 57}

=43,

4

Z n°|.

np'

A

3.2 A3y
EMR Hlo]E 9] ©e 7] GAIN
< Random matrix©]l ‘?i"—.‘“—ﬁ‘—cr%ﬁ?% 7HA st kst A o
4 &g} (UniformDist_init).
TEEE gEgE Ho #
HEEo] FEEde]

Az A

_ﬁ
_&
o
E
7U
vl
5
o
Q
8
=i
8
=~
=2
N

1) https://physionet.org/content/challenge-2012/1.0.0/
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