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ARAR A AFE FIUCIHS ERHA THE P T 5 YE Fu
%2 AN QouR 1 FAH shFEN) avky gaEn. SA6 ULl
o g volE FHE AT & db F0A 4L T 5 AL Ao2E Y
Aok EE @e oldl P AAGHRE SEE BATIEN DR dolg
T, UOMIE 3R AFAS J1E9 FUAOE ool F UL AOE AN
% AT A9 4 A AVAR B4 B2 UEE 2Aqo2 ARl 9

M1E Hio|e| MEHE S (Data Privacy) 2HH

1. OjO|E 2]H=2l(Data Anonymization)

tole] oHshe AR (identifien) S AMA|E}AL =48 K quasi-identifie) S W3 =
22 Fo] MIAARE FHAY TAskE FAE I fojolth AHAE 5
A AJNT 11 S FA e ARE Dete FoE FRITEMITIL 2 gEFH
dojtt, FAEAE 1 AAZAE AEATE oA |RE thE AE e Agsid IS
EAT & Jde $AES Judith U RE 799 AKE ARE d1 e A
S 2 RFAT EY sgo|ut vidolE EAolA F2 AM-HT

k-217878S ti2Q] Zefo|A] Rdloln, s} Sols FAHEAE VFoRE
s 71919 HEZEY} TE k—199 It FHER SR = 23S s
& 5o ofdff 18" <29 1-1>2 HlojHo| $HUE(zip code)?} AH HEI} A&
 HATY vpA A2 E vpaADstal A%S d#ti(age band)E BFE S k
ol FAEAE ZolAA He S Btk ol ¥ AE FAEARES U}
A= G N9l Als B 4 gleS 9w|dith

D) o714 Pl masking e *EA 52 QAR % Rt @ AN AANE Jepioh v 24w
SAANBAAE 5127~ Y masking) & HIREEE AP AZ WG e AAS AN §olz
AHGSIL QT B Sl FANBAA Wag Adddn R AL waEsea Y
£ A%l ek



SAHGHOIHME DBE 2ES MAtR &Y Y™ A+ 3

No| ZIP |Age|Salary| Disease No| ZIP | Age (Salary| Disease
1 |47677| 2 3K AIDS I [4767*|< 40| 3K AIDS
2 |147672| 22 | 4K Ebola 2 [4767%|< 40| 4K Ebola
3 147678 27 | 5K Cancer 3 14767 < 40| S5k Cancer
4 147905| 53 | 6K AIDS 4 (4790% | = 50| 6K AIDS
5 |47909]| 52 | 11K Ebola 5 |4790% | > 50| 11K Ebola
6 |47906| 57 | 8K |Heart Disease 6 (4790% | = 50| BK |Heart Discase

ZEKX: Park et al.(2018)
<3dg 11> FEXE(REF) A3t o H((LES)

olFd k- FEA AdE FAdsitt dE 5o FAEA} B2 k9
Aol EF 22 HAS 7ML S A, T Uil e & Bk Qo] B
T e SAS 7 sleng AW FRe A2 WA 4RV wE2E & 3l
ot ol2 ®WAs7] A% Aol etk ole EAEAL 22 ke /el A
ok /]9 Tt £45 7HAAL 3ol M=z 3He) FAAo] EASHA es on
gt

T Bxo vg2A 228 JS W, [-gdneRs A6

1
9 5 Uk o2 B Astel ALD 2P FAEA
o}

ZetolHA|7} Zs)
2 kY £ B 9 AA dHelgdA s £4 BESES] Zol7} tolslo|mE
o= AS A= BX 9] 2ol= EMD(Eather Mover’s Distance)E ©]-83)A 4
dtt. 30 AREIE 9ste] o]2)dk KLT 7|5S whEelA| s Agox g3t
AR EMo] WA= RS A 4 gloh

flef o] ket Y st Tiso] NTHJAR, A= =EAqF Ao
2ozt A3 FHoke Aog AR JtkOhm, 2010). webd th2 w2 o]
zeto|HAl Bg WhHo] H4s] a5l Qi
2. X158 B 8 3 (Differential Privacy)

e HHE 3 1o

£ tlolEHlo] 29 33 A K (aggregate information)S A4HgHo]
7b dloJefHo] 20 EJFE O] S5-S F7]1= WA Zajo]HA|

N B4 ¥ 3
2 5o] ol Y= iy} dolEMol2 D olE EFEAT
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o
tlo
Lo
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O
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D, = ZFE) QA @a D3 0,7} o] 99 AolHol 9 A%, D% D=
BE ANS Bt ol vmaky Y d=s A volE 3T & Ak

oH PueFo] AFINRE B0l ATk A 1 FwZY AN FHE
B3 54 A=/t 9EAEA) ZHS] UEA GEA ¢ £ e Aran. 9



4  GFHEINM 2020-13

PriA(D) €8] <exple) X Pr[A(D,E 5]

oS 51 & duEE 49 oAU RE 339 F3hH doje] 7iE
A9 orlAe mE Y

AL e ASHRR s L,

=
=
:?L_',
>
%
ot
BN
N
tlo o
=
I
ol
ol
&

3. XS X & (Synthetic Data)

AEAE AR dolEmols B HHE BolE SUAEd
Alo|th, -2 W (condensation method, Aggarwal et al., 2004)*— BAA FE 7]
MELGOE AAAEE BPste AFAQ etk 1 FE: B 7|ss°| A
1o PrivBayes(Zhang et al., 2014)= WO Xt UEYIE o]&3 A5AHR
tole 370 WHolth. CTGAN(Xu et al., 2019) 2R Hthz AR 7)%

S HA AdAE Y HoE ANFE 7IFoE Holy 84 S
Hold A& Aes Holar ok SFARF CTGANS Zeto|HA] B thgh
shA] a1, YEAE S ¥ HolHE At A T4 FaL AUth

7 Qo= HE QE QAT (Variational Autoencoder)E ©|-&3+ 7|&S HIFES T
Felo] AUy 2730S &85 A5 EAISE PATE-GAN(Jordon et al., 2019)
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Tl v A at 718 A2017)00 718221 Ado] AAE AHEe] ) of7|He A5
ol Adxtz A HAE oldsty] Hsted EF AdAE A Hste] WA
Aelsiar, HES2 23S o] 83k AdRFE S HEFs] At

H12 2+H SN 2FS 0|8t Heixtz 48

AdAss dFhAl 7IHe ZEste] AT dSiAl= HolASt FAItelA
ARG eH, FH9 AFASEEZREH o2 AES A A4 webx
A= BEdAE o dolE MEd FY AE BAS st o AnEs 4
o A% B8 AnA ABARS AL B2EA e AR T A=
FHustol OEtiAlslaL dFE FE3to] o] Folnh AdARANA = 7R
Age] F2E O <1¥ 2153 Lo BAY F Utk 99lo] Al dS & 9
FES X2 ®dsta, AR HolHMlxrt FU1E AlFste AHE 7HA

HGEe YE F390] Atk SAVRE V(Y,,)9 A8 F84S HERRE
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SAHHOIHME DBE EET MR &9 Y- A+ 7

AAAE A4 FA(fully) ARAR AT BEpartially) AEAE YHoZ 1}
5 5 Atk WA 97 AGAE APe <Y 2158 2L AnTEA BSE A

g JoE AFSELE $453, F48 RELVE BH9 94 ARE A
Q% e, AT BRTOIN A% ARE FEet AL BT 91 AWAR A
de o5 22 T AR ZYE F ok

() AZg dA: v, AAE ASHo= 15314, (X, Y,

*}—?Cﬁlév‘i‘ﬂ%i?ﬂ Y. ARS8

A7 (X,

S SRR 9 HEL mH WEEe] nol) Holy AES 445
o, AR ARARE <29 2259 Lo] KA & Atk BSH AR ¥, T U4
=

sto] F23 mle Y, HelH AESE AAEE AH-RIT

erc

syn

Y

obs

. J. Reiter and J. Drechsler, Lecture notes in a professional development continuing education course
"Synthetic data sets for statistical disclosure limitation", JSM 2017.
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0x
0x
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O

gt A4 2AR2E R AdAREE AT o BFFHosE BXE s
Hol A-stA| 22 A7 Bk TEE E(mixture distribution)E &3] B2 A
= B9 FAE o= HAE SEY F& oy ojyg A9 e AgHZ ot

g
G AN W AFASEES FPa) slae] AHE WHe 2
(joint modeling) % ZZAF-EF(fully conditional specification) .2 &g
o AR Y FA] olgd F AT W] Jhssith flelA AR oA
TS LT A9E T, wE 2y RIS Agde) sAHoz
PN

ok
)
Pﬂ i
2 ol

FH FES A WHS £33 U5t Al(Sequential Regression Multiple
Imputation, SRMI)Z}3 3} (Raghunathan et al., 2001), ZAF-E o] Z3Ith. Multiple
Imputation by Chained Equations(MICE) Al T3 TS AA ﬂ'UHV:m Buuren et
al., 2011),

SRMI 218 |

o LAy 2

=P(V|IX. Y, 0)P(Y,| X, ¥,,.0, V) - P(Y,|X, ¥,,.0, ¥}, ¥y, - ¥, )

_ﬂo —‘Z—j E}%% H]‘%]’ = ]— SRMI 01—‘7;'4 tlé’ﬂ} 7E1.q_
(1) POIX, Y,,,) 25H T2 ¢ 44

2-1) P(Y,|X, Y,,.0 ) 2%E B2 v, A4

obs?

F

2-2) P(Y,|X, Y, .60, V,) 25 B2 Vv, A4

obs?

(23) PIY|X, Y,,.00, V), v} 258 B2 v, A4

(Z'k) P(Y|X Y[,Sae ’ le*’ sz*a ’ Y;ll)il?‘a —;:;L—‘E Y: /%]}\é

ne
o
2
X
N
X
©
o
i)

o
mlo

ﬂd
r;‘ﬂ
iu}

3) Y3tE 27 09 BES

SRMI= 3+ Wol 3 WA FES AAI5HY]
=) 3

2 F R3E 7PgskE o) shsdi
Ao R RR APAA Batel e AnnA RE JPARE 2HS A
AT ABE DA BEY WF FNM w290Po] ¥ AR dms EE A% W
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<HE 2-1> Z% 11%(combining rule) H

A Qo tHet =Xk 4 FEE
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77777 %ﬁxﬂﬁxl-ﬁ ?]m = i q; /m ]} =b, /m+ b, — Em
I ] - T, =b,/m+v,




SAHOIEME DBE 2&ct WAtz 4 Yy A7 1

() FYEE 00,1 22 (n-1) 709 B 45 080 sk

a, =0, a;, ay, -+, a, 4, a,=1

ofs
-/

o &
i
=)
'
x
]
o
o
& ob
:(?{:"4
o
2
W
lo
BN
)
s
M

o

Lo £ g

-©

2 4HA Utk Reiter(2005b)= CARTE
= = 11]%3}951‘4. ol SRMI 45 weprbdA
FHoE FAs7] HAT BYolt)y. sl = FE CARTE
£ sk Akl e, ]g} Hdste] A WS 549 FAHCH
DBS] AAAE A AgelA tEt

M 2L o

>
>,
celod ek

N
otogaotnw

o
-
2



12

AT E A 2020-13

Fl
rc

Y= (yp - y,) ~ Ny(p, )

oy
=]
re
o,
e

Cljl\')
kel
re
M
2

7':(7.177.27 .“77.77,*1) -~ U(O'l)

@ 2L 37|TF 48

O #= A7|TFo 20|

BISOX|EE wA7} Q= [

e

Ta) = T(2) == T(n—1)

a’n*l :T(n,]), an =1

a= (ao, Gy, oy ***5 G,

K 1)

u:(u17u27 7u/\/) -~ U(07 )
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(L(l) = (O7 (1,(11>, ,(151111, 1)
(1) (1)
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191 sdeMicrod]] €F E3o] FdE] 7= 3l Zb A (record)= AF2le] &3}
€ Hxxe] Ao tig 99 FAHGS =SAFSE AN, o224 7 QA =
ARS Yehd 4 Aok A dAo] did =T A =E29F Hus &
= 7357t BT
So 7]_7;]]HE_HX]ZA]— rlo]AZHolH Y =EgE B A9 A
bl g 9] 2013). & 12709 WSS AlFstua & W AlFgss W A
o mE =TS *U%EOP Xﬂﬂﬂ*ﬂe AAstaz she A5 7P the
33> O AFRE BHoFr W 01%—% 42y AE(V1), /3HE(V2), AB(V3),
AEHE(VA), FAPEAIVS), Eﬂo#T(V@ VIRV, HAVS), THFAFV),
FHFI(V10), FAFHNVID, %‘%”i%ﬁéﬂl(\flz)ﬂfﬁ Z \FE TFT e 1, =
3 < e 002 FAEATE A5 S HEye AFste A= 7Pgstal, y
W2 77 Wy T AT AR 2 AYZLE 27 =128
Al Qo tiste] Ul F43 AAFE U2e
Aok w2 G riske SHollA] AR AAAE 80 2AT =D FE%
UEd= SAA o] Adet Fold BFS o] &3l FF5t High(%) o2 e
olty. F n=19,7447) HIE FolA 5/ WSS AT W {FL 1
Aol EFstF o, 77 MFE BT AT We 17,1389 dIZ=r L3 Ao
]_ ]

2 Yehdth gyt o] wlolARHolHe XA

) 2
ARl tate] =290 e F 12709 BE WFE AFHINE 042%0] 2
Stk AFARY AP FAH BHS ol§F wE0F ZSYHIRT <E 33>
Ul EE 029} 2o k-34 1FS A9 8T 5 Aok
<# 3-3> R0 ZAHT == 58 oA
7| mok OofF ==Y Eot
Vi V2 V3 V4 V5 \V7 V8 V9 V10 V11 V12| U1 u2 risk

S1 |1 1 1 1 1
S2 | 1 1 1 1 1
S3 | 1 1 1 1 1
S4 |1 1 1 1 1
S5 | 1 1 1 1 1

0 0 O 1938 1740 0.07
0O o0 1 4854 2826 0.14
0 1 0| 5746 3178 0.17
0o 1 1 9001 3626 0.25
1 0 0| 4369 2748 0.13

o o o o o
o O o o o

0
0
0
0
0

s27f1 1 1 1 1 1 1 1 1 1 1 0| 15837 2246 0.39
s128(1 1 1 1 1 1 1 1 1 1 A1 1| 17138 1647 0.42
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KT 2, 2020). 7
WAl AR a2 Tk =2 S 9y

Ag el & AHgEA 2E F
o] MAAE) =29 ZHL 9T Fa ofelrolx BEHI Ytk
55 B2 Fo 44T 91 A8 49 olWd JuoAE =20UL
s Aol duvt gikn BRT FE Yok TFelE BrHn 995 FU
gl AT U8 494 AT FE glone =282 AFHozgs
49% BoE duh @A DR YAARY FSE LEAWL W
1

g < 349 2 W52 AP dolHE Agshs 489S Az 2R
< "= AALEATEAKUS Current Population
Survey, 2000.3) F&l8Ade F2 FHoH, A5 4 FEX A M, R A=

g ez ¥
3o =E2AY 24 welshAl FuR o] ddA JFa 3
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<H 3-4> Drechsler? Reiter(2010)0] LtEt O/= CPS At=2| H== Of K|

B 2t =R

Sex

x

Male, Female

Age (years) A 0-90

Marital status M 7 categories, coded 1-7

Race R White, Black, American Indian, Asian
Highest attained education level E 16 categories, coded 31-46

Number of people in household H 1-16

Number of people in household under age 18 Y 0, 1-11

Household property taxes ($) P 0, 1-99997

Social security payments ($) S 0, 1-50000

Household income ($) I -21011-768742

4 tol tiste] =293 v 2ol Aot ol M2 B u3 BE
ARE vepiy D, & m AAE AES F¥Ih o] FES At A4
= i (2014) 4 Reiter®} Mitra2009)5 2T 4 931, ¥4 F3E=2 & 4
S 9% 23 Hu et al(2014) 58 53t 9T & ok

Pr(J=jlt,D. , M)

e
oA ABAR) =291 58 PUCE o} ¥l & (e matching rate) B 2013
H]-&(false matching rate)= ©|-&& = Utk WUA FoF F£F ¢of sty APAR
S Al G19) WA BB ANSD 1 FEol 4 2 AAE B ol
FQE FE AL AL o3 A e & A 2 AGE o2 . oo
@ol 1078 AUAANA B S A BH £ 9 FAsto] vz Aol B
2 oujs, 1ngk 2 grold XA 1o Fusk ARARAA o2l A Edeke
2 ouignh ol ¢S] AA FAN 17 A2 OB 1, YOH 09 %S 74
£ W% 1T wesA B o — 1019 19] e ohiE 09 &g AE W
K, W ¢ (1-1) = 1ol 19] 3, ohjw 08] & 7P s £ =03
2k K7 1011 45 AdAgAA AEs) Wed 4ee AS YeElaL, Fob
< Zgtoy 25 w3 Aotk viAIHo® ¢ =12 JAFE skl )
2k ol fJFRlo]l AFAE AN FAF wjH ol 433 HIE NFE YRgith o
AR EEe YK /=, 2ud HEE Y F/s 2 e § o
Drechsler?} Reiter(2010)= n = 51,016 7§¢] #H|Z=Z FAE CPS A5 AT

e

;J
22
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AT oA =&l =rkar AEk 1,0897] JHAIS0N thHete] Uol(a), E1%

BM), AFER) MY e *3*40}04 ZHﬁﬂX}EE wEa, vy HlEd Quj ]
&5 AFetATh WA BIEL 57%S1 ¥, Qi HIE- 88%3ATE Y AlA 7}
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2 =E29E AT 5 deS AT

A o4 AXS AA AREEHA Fal AFAHCoE oA

® B} 2tk Loong et al.(2013)S tho3} 2o =%

n m

MXM =333 G,

i=1k=1
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=1 i i=1
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k=1 i=1
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AW ey 57

&= 3
2 =T 55 At

AREAS 27 A ARole AAARC]E 7|EAHCE A5 Gl
AEE A=tk @] A5 go] driy viAAEAE S8 FE AL AR
o] Fx7} drh HEEHAEAE Y FE ATk Yot FEY SHAA BR
A4S S4Y & o 7P v AREA S5 A 7 Ao, &3
AHEEE AT 22 HT Al 22K mean square error), Y37t 2 X (mean absolute
error), ¥ -S(mean variation) 5= AHEE 4 Utk o|Hg FEE AMESl A9
Frol dvh vHARI=A] SA87] g A2 v <iF 3-5>¢9F #Zo] FYH T U

FEL etk x¥e= 9482 X |
Aed ARl Wt ol d AREL SEE =
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Ha4z

Hexls 48 Wl Akl

o] ZAolXe Al AFARE st &t Ae Tl At E AHEth
S AR A HY e APAEY &4 2 =2AF 34, ¥t
S A HE A} S}
sleleMe QA e AMGAY] W7 AR 23E A5 A9 R =

APE Aolgt efolA A E49
AT =3 APAEE EEt B4 ARE HFE F
sta ok FAAQ] AR F7F 2ol APAEE st AlFstal e
=79] SIPP Synthetic Beta(SSB), Synthetic Longitudinal Business Database(SynLBD), 3=
©] SYnthetic Data Estimation for the UK Longitudinal. Studies(SYLLS)S WA A c}
S0, =9] [AB Establishment Panel& Ary .t}

o2 I AHE AuEd fYvde APARE =Yt 271 DAlolH,
SAEE TACE AR WHE B AT AW T EN A A A,
2017). ©o]% A&FR A ANJAEAHE(HE, A, A&7t= AE 5) APAs Al
W FEARIEEES e, 2020), S8R SRIFAY Aot Y RHEKCB)E
ol &g AFE FUABR(AY, &5, 4° 5) AFAE A B3 Aol o]Foixl
v ok o] F A8BRY NSRS /U4EBR FEDB, /U488 E 158
DBE AAAEE At At} E=3 3 SAF SAHCIHAE dF DBE Ad
A ® FHste ZEAEVL IPH Utk o] FoHe 7Y I AlEEA 1
AF7F IR E e A F B A NAANEZR AAAE A A Aot

o]

=
=
g

ﬂ
‘?

[:o

H1E O|= SsSB2

v Census Bureau®] SIPP Synthetic Beta(SSB):= Survey of Income and Program
Participation(SIPP) ZAFAFE.9} Social Security Administration(SSA) 2 Internal Revenue

2) Benedetto et al.(2018), The Creation and Use of the SIPP Synthetic Beta v7.0 A& 2 &
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Service(IRS) FHAEE 53 -

SSB= AA7MA E/HE AR FolA 7PE BELsHA HEE ARE AR
o AFAEY Fo gy SAATLE Wi AR AR dEA Aok SSBE dA
7.0 HA2018)7HA E7H = o] lom,
o] WMAEHAT. 7.0 HAANAM= E
2t59] W7 201497142 S 5]
A A AF7E AlEsE AT

SSBE A AjdA}E(fully synthetic data)E A|33lal Ao, AAAEE 1417
WHFE o]Folx ith

Variable Name Label Codebook
Indicator for receipt of AFDC or TANF SIPP Synthetic Beta v7

il : benefits
[1 afdeamt ¥Y_M Amount of AFDC received SIPP Synthetic Beta v7
[J birthdate Date of Birth SIPP Synthetic Beta v/
1 brthmn_sipp Maonth of Birth - SIPP SIPP Synthetic Beta v7
[0 brthyr_sipy Year of Birth - SIPP SIPP Synthetic Beta v/
current_enrol|_coll Currently Enrolled in College SIPP Synthetic Beta v7
O current_enroll_hs Currently Enrolled in HS (or leas) SIPP Synthetic Beta v7
(] date_enter_sipp Wave Entered SIPP SIPP Synthetic Beta v7
O db_pension Defined Benefit Pension Plan SIPP Synthetic Beta v7
[1 de_pension Defined Contribution Penslon Plan SIPP Synthetic Beta v7

AtE: https://www2.ncrn.cornell.edu/ced2ar-web/all

<13 41> SSB B YE
1. T SXE MM

SSBE A3yl fslixe Ad o] He 4 #gsdd st AMFAdSEX
(posterior prediction distribution)E Al4HSHCE. o]wf =x}4 3] F(sequential regression) W
2s ARgETE olg £AbH IARFYS &837] feixe 1) 4 t"é(OLS
logistic, Bayesian bootstrap), 2) HTE 719 Q13| (parent-child relationship), 3) %
=9 Alofrte), 4) 2ol AR W79 471A] ALk Ao it

F1g Qs A B-Ese SSB 7.0 AN WA At A9} 2
< B¢ dHeolHE A Addrs Aotk ZIEdds 40 dstiAl dely Al

3]
2
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o

# AT 25

(multiply imputed dataset)= A§/dsta, Z+ tha tix] dlolg Al diste] 471 AdA}
55 AAst & 167 APAEES ATk 7.0 MANME ASAE E¥ete
snapshot= A A8kl o]dl Tt 47) AAAEE A #| 33t

2. XjixtE W7}

=
o
>
b
'S
2

SSBY] #&4 SHo= ZA| Y 3] H(logistic regression)= ©]-83}

AAEE B % WARE 0, ABATE 12 e EEUSE AL G207
©] mean squared error(MSE)Z ZAl2bete] &gata vt AWt 243 242 09

A1 Ale oz ARARS F840] A1 TR B A9 0, HE BL AL
o 19 #& 71<ch OWUP SSBel| tidt 54 AnE ¥xE AAEa A= Yok

SSBY] =93 4L FF Yt Al(Euclidean distance)S ©|-&3lt). 2 H]
o AYE HAE 3= °J7<}4Lﬂ- AEAF 2] 71 ZAKcloset)d A HAAE AE 2
=t} 2813 root mean squared error(RMSE), sample standard deviation(STDDEV)<- 7|
AHE & HFZ 0 & RMSE/STDDEVE Al4Fstd SA% T S48 g2 00014 1 Aol
o goz w29Wol /1 2 A9l 0, AAF AL A 19 %e AT, ol
AFE A9 RYE =293l A A AR APE AL 1T & Stk

Select Quantiles
p10 p25 p50 p75 poo p95 p99
S - S - S 17,000.00 S111,000.00 $300,000.00 $499,000.00 S 1,134,000.00
Wealth
Category n RMSE
<0 18000 $  35,600.00
0 240000 $  15,320.00
<p50 131000 $  75,560.00
<p75 203000 S 113,300.00
<p90 118000 $ 173,400.00
<p95 38000 S 353,600.00
<p99 28500 S 463,100.00
>=p99 6500 $ 5,586,000.00
Overall
RMSE Std. Dev. Ratio
$521,000.00 S 548,400.00 0.95

AtE: Benedetto et al.(2018), The Creation and Use of the SIPP Synthetic Beta v7.0

<12 42> SSB: & XA LEQE =X AD} 0
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HM2ZE o|= SynlBD

vl Census Bureau®] Synthetic Longitudinal Business Database(SynLBD)&= V=2
A} A|(business establishments)S A2 dl= Al 2o et AR E A|F3Hc)
AARE 1976 AFE 200097kx12] F 24007+ 7] AFGAS] B3k A zpgolH,
AZH 7[HHs & gut Mlo] AEXRT =93] Attal & 4~ Stk SynLBD
£ o]8e YABM A FE(industry code) T A|LIE+ Wl thete] XA
A o]t

<H 4-1> SynLBD B

Name Notation Description Action
ID - Uniqgue Random Number for Establishment created
County T Geographic Location not released
SIC Ty Industry Code unmodied
NAICS Ty Industry Code unmodied
Firstyear Y1 First Year Establishment is Observed synthesized
Lastyear Yo Last Year Establishment is Observed synthesized
Year - Year dating of annual variables created
Multiunit yét) Multiunit Status(annual) synthesized
Employment yfp Number Employees on March 12(annual) synthesized

Payroll yét) Total Payroll(annual) synthesized
Firm ID yg’) Unique firm identier(annual) synthesized

XtE: Kinney et al.(2014), Improving the Synthetic Longitudinal Business Database

F: t= 9EE onojgt

1. i XxtE AMd3)

o)

SynLBD A4 Aldl= 2zt WiFs9e 54 2 WS 1Y AW 55 1Stk
of|E £0°1, Firstyear®} Lastyear= 717} $1Z3 Q207 Aoy WHEZ AR F

1
T 0|9} 22 EAdo] HkdE|ofof st} 18]3 employmenti= Firstyear ©]% 3} Lastyear

3) Kinney et al.(2014), Improving the Synthetic Longitudinal Business Database Zj72] 2 <1&
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o]Foll& ghEo] EAISHA Folof gt

SynLBD<E & W(longitudina) A9 545 15ty HyES Hlz oAdE A
Aty W= AJAdo) o]838f= 23S Dirichlet-multinomial Z} CART(Classification And
Regression Trees)®]T}.

[IA]] Firstyear(y,) : Dirichlet-multinomial X (y, |2y, ) A

o
°
ofo
QL
£

ot
o
S
o
o
ol
£
-~

[22HA]] Lastyear(y,) : Dirichlet-multinomial .3 (ol yy, 25 ) A4

[3EHA]] Multiunit status(y"”) : Dirichlet-multinomial =8-S o] &3¢
f(y:(st) |y27 RESE xz) Ag Ac_}

(4240 Employment(y(”*) and Payroll(y(t)‘s) : CART 23L& o]&3}o] AA
Employment2} Payroll 1.0 W7o A= normal liner regression =3, 2.0 H 7ol x|
© CART E3& ARgsto] A4t

2. }jeixtg "I

§44 ZHo|AE SynLBD7} 989} AARE ] B¥y} Al fARRIAE =
i, P FHAAE T AvEch
[E SAAL ] [=LAtE| §EE]
; \ .+ =0
ER = ._,.E"a/ o lr\ ‘ SyLED
— A . {1
% e i/:{ % - | l J -.vll JI'. .
B SSar e z j - B ;
= /. 5 Fo [[ \Il..f:./ | IRAE
_E Ll o CR - | ¥ \ "
j 5:{.. g if ] J |I Ill
i (.(.. a l | |
S s i denoloa®bs snaaned LS benanenned
2 fﬂ-.;\!{:.\f J{' kl ||. [
iz : : : . = T T T T
1950 e85 10an faes 260 1960 1285 1980 1005 2000
Year Year

AtE: Kinney et al.(2011), Towards Unrestricted Public Use Business Microdata: The Synthetic
Longitudinal Business Database

I H|W

I

<12 4-3> SynLBD: |AZQt MHXIEO| & JAMKL 5 =LUXt2| VEE

4) Kinney et al.(2011), Towards Unrestricted Public Use Business Microdata: The Synthetic Longitudinal

Business Database Z]3¢] 2 <&
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<O¥ 43>o4 AR} AAAEY F FAA F X AR FEHE Btk
1976 ~ 20009 717+e] Ht BUAES 1.3%o]th Eg 1976d ~ 2000 717+
ARQA ARES GAE 11.14%, AFEAE 11.13%°]H, 715 o Y2 E(average
employment weighted entry rate)2 YUALE 3.16%, AAAE 2.85%°|t}. o|ie] A=
AA g o AR FAREHS e

S FH(longitudinal) At 5.2 E5A4S 3ol dynamicsol] Wit EX %= A &9l
g 4 ok LBDOA 523 EA % <UAe] FEH(net job creation rate))S A
HEH, AAts et AdAAEY A= 2327 fFABH Ueidtds As ¢ F Aok

LBD+ County Business Patterns(CBP) Z=Z136)0] 93] X|Hx} A FARE
A&kl ok webA SynLBDE= 2®(identification) =% H T} A (attribute) =

¢

SRS o FasH g dart ok

o|4Hs Wl Firstyear®] =Z93-S ZF 4bgol thsiA] ofefel o] AAksiH,
Lastyear™ &Y 3}tk Firstyear?} Lastyear> EE AFFolA =& o] mf$ v Ao
2 Yepdt.

P(LBD Firstyear =vyy | synLBD Firstyear = yy)

<® 4-2> SynLBD: P(LBD Firstyear=yy | synLBD Firstyear=yy) A1} 42

Firstyear P(LBD Firstyear = yy|synLBD Firstyear = yy)
N RPN A= ESENIA4 g ok
1975 1975 1.52 25.41 88.89
1976 1976 0.12 5.12 75.00
1977 1977 0.43 5.09 71.43
1978 1978 0.46 3.65 16.22
1979 1979 0.27 3.90 50.00
1980 1980 0.39 3.46 25.00
1981 1981 0.26 3.91 50.00
1982 1985 0.36 3.69 50.00
1983 1983 0.39 4.10 50.00
1984 1984 0.69 3.79 19.30
1985 1985 0.15 3.75 23.73

At&E: Kinney et al.(2011), Towards Unrestricted Public Use Business Microdata: The Synthetic
Longitudinal Business Database

5) ©¥9AE] FEE(net job creation rate)> PAIE] FEENA A AEES W F/HES oH|git]
6) County Business Patterns(CBP) ZZ 132 ulj\d AAS 2|g] @ Ak FFo| A4 US., Puerto RICO and
Island A% AFFAS] AMHAl 7, 118, 5 T FAE wWid ATk

LK)



43 W4 Employment, Payroll> A=A E Axg o} AAREY Foj&

’$&-#A (Pearson correlation)E S8 3Hch 2t WG5E AAE S AFA 59 FHHA T
=te AL A5 =930l Ave AL 9udt 34 23 dEAsT 7Y
St Al (uniformly) 2H> 2102 Uephdth o7|A AExqbdE ARIA 7 A2 45
© S AUHAE UsiEE Fo7t 483 Aotk
AFE: Kinney et al.(2011)

<08 4-4> SynLBD: |XZet IHHXIZO| Payroll Ha MO HEHEHA
H3"E = IAB Establishment Panel?)

59 Institute of Employment Research(IAB)] IAB Establishment Panel> wij'd 69
309 7522 German Social Security Data(GSSD)°ll =50 = <2A7F e <F
16,0007 AFFAE o2 3}ar t) IAB Establishment Panelole AWAEY, AF,

AAHE S wizkst X7 F3E o] 910] IAB FEstablishment Panel®] F-& )&=}
5= JAB Establishment Panel Scientific Use File(synthetic dataset)S A|-&3}al ATh

1. XXtz Mo

IAB Establishment Panel Scientific Use File= ¥]=r¢] SIPPS} SynLBD AHHE %l
sty st ok AdAE A £x8F U ulA|(SRMI) S o]&-3it)
AT HF7E A5 MGl o= linear regression model, ©]3 WS 7ol =

L —

logistic model, 'HF-3 W42 7--oll= Dirichlet/multinomal modelS A8t}

A@AE A Aol ojwd ¥

i

S AdLA]7} F23%HH|, IAB Establishment Panel

7) Drechsler, 1.(2009), Synthetic Datasets for the German IAB Establishment Panel A} 2 <14
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Scientific Use Filedl| A+ A} * AFE9} e FQ W) F wEd,
AREZRE e Adw F UHE W5EE At AddsEs 579 tF A
tlolg A(MID)S Adstal, 7+ thz A Hole Aol thate] 5719 AAAEE A
st & 257H(5x5) A@AE A AlFgth

=
=
N
18
2

2. jeixtE W7}

IAB Establishment Panel Scientific Use File®] 84 H7lo+ 2719 IJARIS
AREETE A ARIAl TR, QA T2 AR T8 AWWHT, AR AR L8 AR
(et )E F5HTE e ZZH] 23 (probit regression)= -85t PAL= <} A
Az A FAZFH zscoresE Hludth dxES} AR H FAHFES FAkSH
H, A FAZFY AFF7Y FE(confidence interval overlap) = 90% ©|Fo.2 YERATH
agjar AAES AAAES zscores® FAFSHH, AR 95% AF TR QAR
9] 95% AlZ]F7HS H]&E YERH confidence interval length ratio= 95% ©]/do]t}.

<H 4-3> |IAB Establishment Panel Scientific Use File: ®AIZ22t XSXZE H| w1

- Cl z- z- Cl
original = synth.

over- score score length

data data -

lap org. syn ratio

Intercept -0.809 @ -0.752 0.87 -7.23 -6.85 0.99

5-10 employees 0.443 0.437 0.97 8.52 7.99 1.06
10-20 employees 0.658 0.636 0.90 11.03 10.88 0.98
20-50 employees 0.797 0.785 0.95 13.02 12.36 1.04
100-200 employees 0.892 0.908 0.96 9.23 9.48 0.99
200-500 employees 1.131 1.125 0.99 9.99 9.87 1.01
>500 employees 1.668 1.641 0.97 8.22 8.33 0.97

growth in employment exp. 0.010 0.006 0.98 0.18 0.12 0.99
decrease in emp. expected 0.087 0.100 0.96 1.11 1.27 1.00
share of female workers 1.449 1.366 0.73 17.63 18.71 0.89
sh. of emp. with uni. degree | 0.319 0.368 0.91 218 2.59 0.97
sh. of low qualified workers 1.123 1.148 0.93 12.17 11.87 1.05
sh. of temporary employees | -0.327 @ -0.138 0.75 -1.74 -0.71 1.05
share of agency workers -0.746 = -0.856 0.88 -3.09 -4.24 0.84
empl. in the last 6 mths 0.394 0.369 0.87 8.33 7.82 1.00
dismissal in the last 6 mths 0.294 0.279 0.92 6.38 6.03 1.00
foreign ownership -0.113  -0.117 0.99 -1.33 -1.38 0.99
good/very good profitability 0.029 0.033 0.98 0.72 0.82 0.99
salary above coll. wage agr. | 0.020 0.031 0.95 0.35 0.54 0.99
collective wage agreement 0.016 0.007 0.95 0.31 0.13 0.97
Xt&: Drechsler, J.(2009), Synthetic Datasets for the German IAB Establishment Panel
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= 39709 AHae) S ditEe AR & "k A jle, 7
e FEWHSFE S ordered probit regressions ©]-8-3H) <18 4-5>9] URlE 9}
AAE 9] boxploto] 455 thzhAle] 7H7ke] Atm e} APAE S A FA ] w5

o

ot 2 Yeldt) confidence interval overlap, confidence interval length ratio=
o =3 = o
< FAE Btk

Point estimates Cl averlap Cl length ratio
X 9. —— - 5
o =
) % g =
5 o | ) —
c o o o | | 1
> O ]
i o o l £
a o & ! @ E
g = o | =]
L= ﬁ P~ —1 -]
I o '_—_| = -]
oo ? 2 | o
@« o | o o o
9 T T T T 1 =1

-08 -04 00 04
beta.org

AtE: Drechsler, J.(2009), Synthetic Datasets for the German IAB Establishment Panel

<12l 4-5> |AB Establishment Panel Scientific Use File: RIX}22} X{FXIZE H| w2

IAB Establishment Panel Scientific Use File®] =382 Drechsler®} Reiter(2008)

WHE 283t true match risks AlRbete] SAZITE o] & Ihds] AHebd o

o=

2. D= (DY, - D" e mAZt IAE ARARIH, M AAABZRE
FME Aroltt ¢t MAE jG =1, - s)/N AAS 7R pHE FEva
S, P(J =j | t.D.M)& AU sk (/L ARHE to] tlshs dA
A= % Jol ke MAL Lo JelA A E3h o)

delstA dok oW, ¢ =
el 1, 284 &2 Aol 022 Gt true match riske A0l FOoE

B, 71 o= 190 A4S K =1, 23R ¥ B K = 0T

==

[} X
A
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H4E A=t SYLLS

UK Economic and Social Research Council®] UK Longitudinal Studies= The England
and Wales Longitudinal Study(ONS LS), Scottish Longitudinal Study(SLS), Northern
Ireland Longitudinal Study(NILS)E £33 A 82 A7xAe} 24, AMY, A%, ¢ 5
g 59 YPARE st ok

ONS LS, SLS, NILS= Atg9] &8 7[x= =47 7/ AR =298 T3 =o}
A 2He] oJste] 100d F-o] ¥ ©]8o°] 7F53lt) Synthetic Data Estimation for
the UK Longitudinal Studies(SYLLS)E ONS LS, SLS, NILSY] A5 &8-S 93] A%
Ak

SYLLSE ARE-A}S] 27 o]& HHd wel 7 & A # A} 5 (bespoke synthetic
data) 5 AF3ti Aok 23 AE SHEE XH@X}EE &3] s R H712]*1
‘synthpop™S 7dHate] &-83ta Qltk SYLLSE 7B 23 AAAES A3t o
ornz AAAEY] WA YAET AdAsY Bt ] “J -8 E.th= synthpop
S olgste] AAAEE oY AU YAFEAT FHOE AoRd,

1. sXtE MMde)

SYLLS= AdAE Aol 2187 Utz thA|(SRMI, sequential regression and
multiple imputation) *'HS o]83tty, Z+ WHEE| gk I ARFPSZ classification
and regression trees(CART)E 7] PO & ARE-staL Qi)

synthpopll = syn() -5 o|-8-3le] AAAEE A3} method argumentE ©]

g3l 2EE AAHT 4 oW, CART Z¥L2 HZEo|t AdAFEE A59 9%
oA LEZ W4 07 AAE=H, visitsequence argumentS ©]-83l] A HE = H

Fol £AE A AY Mg FolA d¥e AT =% k. drop.notused argument
£ o]&3td AR v WTE AAARY TFLA ARE AAHT 5 U=
AdsA] F= HFE AAAEAA AL 9l drop.notused = TRUEE o83t}

o|A]: syn(data = ods, visit.sequence = c(1, 2, 6, 4, 3), drop.not.used = TRUE)

8) Nowok et al.(2016), synthpop: Bespoke Creation of Synthetic Data in R A&z 2 <1&
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2. Meixtz EI19

synthpopel Al AA@AL2 2] F-84 B7HE compare(), ghmsynds) B o &k
compare() v YAES} AEAF 9 lﬁ::‘]—i_%’ H| W3S, glmsynds() &< logistic
regression 28-S AT QAR R 27 283 ARE vwdic)

.obsarued D synthetic
marital
L]
B
20+ 40
| ] I]
04 [/
& oy,
Heoy, Ty, ey o, "o
r/ S, &l € ,5 sy,
& Mg, 2y, %(, o L q‘fcﬂ oy
"‘1 s
E e %ﬁ’ %-‘f_.p
o *r.s-‘?

10.0
46l
r5
207 ]
5.0
109 25 I I
o4" | oo o

4 ’%“;%‘T% 33%‘@%_;"0_&_:&;%_ RN MR .sqj:ich s % d % % 4 b A G0 % 2w % & & B

\"nlnn

XtE: Nowok et al.(2017), Providing bespoke synthetic data for the UK Longitudinal Studies and
other sensitive data with the synthpop package for R

<18 4-6> SYLLS: ¥XI=22t MeAtZ 2% H

SYLLS= #A}59]
2998 248 4
DY Aadag ATIche ol shie) o4 o)tk

AFAA =g 7} sle) Al S4L AP oo <@ 4409 2o

9) Nowok et al.(2017), Providing bespoke synthetic data for the UK Longitudinal Studies and other sensitive
data with the synthpop package for R |2 % <&
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<HE 4-4> MAAE 49 ofQ At £ Hn

H.47|-
Ab2d Azo| £ MEQ| 74 M 2y 7| E
MEaA =X
CHSOHH| 47§ ME -
ah He S8 ¥ 2 ME" .I.”g'*' .
0= ssB of e ay, (00Ste BSSaN - oimoopre  2xac s
Xt ot @A 1) = 1671 ME ootstrap S)  eixtzotol a2 0|83 HZEEO) -
ver.7.0(2018) . MSE
. gy o L MY olmpE o
o & 47 HE e =e
CHAZEO| AFH| 21137
N EEYN PN (Dirichlet-multinomial Firstyearo|
(BL Xt&E) , CART 5) - =ZO| FAHY
0] SynLBD - oot I ERTNE e ]
Mg mE s2 B olnhaA ol 2 & o8
HQlstn MA HIQEAFSH BHY
CHSCHH| 570 ME -
%
=2 1AB k=17

(£ Td AtR)

4 = 2t HEY
574 THAE A4,

(Dirichlet-multinomial

LS EQA
= Mgpzt z= 5 =ET ST
= 2574 ME + logistic 5) aETaEs e
0|8 FXof me
Moz 1004 & =Xtz I HEY A= 44
o =i o= = } = B3Ol QAM == <
A= SYLLS 0|8 7ts3t At (CART §) L

RO 7| X| 7
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o] AoM= sAHIZ w]=r9] SIPP Synthetic Beta(SSB), Synthetic Longitudinal
Business Database(SynLBD), 5% 2] IAB Establishment Panel, %=1 SYnthetic Data
Estimation for the UK Longitudinal Studies(SYLLS)E ThFIth FAlZ o 2= ZF AH
AN AEAES] ATHI AAAEY F8A4 B =EHAFS A9A 54, Brket
1 UEAE AT EST

AR Aol e A5 2137 e A(SRMD) W4o] AREHIL 3o
o, AP W] o e JARYFCE MY I BF, 2A2EH B, He

ACHEE W, CART 5ol $853 vk 44T ABARE VAN WS
79 BAE & HEFE Aol FAHEL YR 54 2 WS A%z 5L o
shated ol )

AAA ] ¥Hdd et Sk w5re] SSBE 7.0 MAlelA A=< v
He A Adsta Jom, vl=re] SynLBolA= x5S 9%/ EZcE dotd ¥
<=, employmenti= Firstyear ©]Z ¥} Lastyear o]%-ol= FtE©] EA8HA] golol dtf=
Y W7t A E Ak 20S APARAE wrdstar k. olHgk YxtE 54 4
o] Az & AFARY 84 HUlE = ofof gtk m]=9] SynLB
Me T84 B7HE 98 el =Y dAEe A BE Blus I T
(longitudinal) A5 0] 5735 31248t dynamicsol] tH3F 2% oA & At
g sfeateld e ARAES] &S s WHeE S Uk
=9 SSB= fZ&|tyet A2 (Buclidean distance)® A& vl % (distance-matching)=, ¥
=79 SynLBE Ho|<& A& T (Pearson correlation)S, 5] IAB Panel> w3 93
(true match risk)S &8st Yok AHFAEY =P g HHoE SHEH
oy, 7|EZHO 2= A4 H(re-identification) &I A ZA(attribute) =EH S

T Hofor & Aot

l-'O

QL

=
=)

_

Bl

©

Hs5E o878 JHAMEEE Ytz 10

NSRS AAAER AFste] AR F2 DB L
HEolE A 2F(CreDB)] AMBIZ o] 84k 4

& D &

W% AR AY 5 BHo2 Ik AANEYR ER DBE LWAIEHR Do
=2 k

=

Olﬂ XE, _qO

o}
2, QAR 9 AJANEARZ o] FofA laL, ol g Ad
oA 53t S AEHste] w8 DBE ATdth

10) §4%, WLkel020), CART 7PHS ]88 I8 4R ARA= 44 718 A%el 2 918
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<H 4-5> JjQIUBFE Xzl A2 = MY He 2 2Y
243 SE Mg
K1 Az JOIN_KEY A=2 Es7| QS H|AlY =X =l %X}
o N e ] BTH_YR 1071 7+E| g
ANFEgE GENDER 270 FHE| 22
HdHIE SCTR_CD 87 ZtH 12
J|HeEtts COM_KEY 7tE, OiE, CiN7t Lst 287|2 57
CHEAEDE 1 LN_CD_1 37 FHE| 2z
o= sM4=ZaE 2 LN_CD 2 1970 ZHH| 22|
BE T sAEEg LN_FROM 1-283(2)
=R X 7| 2 LN_DUR Ch 2832 ¥if CiE QK2 7+
=7|7 7 H X3 ofo| E
ErlﬁxjclHi:LLH LN_AMT Zla ;L%EH%OM g;lq;; M
s Besf N DLQ_TYPE 17 F}E| 2
ARAtRIAE DLQ_CD_1 87l FHE| 2
M | FHESEARIE DLQ_CD_2 274 7t g
e ClH|AIZHAY DLQ_FROM 1~283(2)
AKX K| £ 7|2 DLQ_DUR Ch 2832 9 CiE RAIZ 2HF
X712 Lf B HNS DLQ_AMT ol & X2I7tK| g2 sty HEal
FIEIf AR AL CD_OPN_CD_1 274 ZHE| 22|
st JlEQEaAc CD_OPN_CD 2 270 ZiH g
e e EE CD_OPN_FROM 1~283(2)
= F= i, CD_OPN_DUR Th 2832 oiXf CiE RAIE 7+
A& FdF, 8Li2((2020), CART 7|82 0|8% JHAAMEEE MHAE 4 7Y

1. Xtz 48

%, R EH?] A] synthpop—
A}5-8HE- 5 ¥ (PPD)ol| A]

.

=
3 gl =
EESERS

golol 4% 18 o) A5

o 1% rlo M N Jo

%%er of wt 2=
AZE 1
2 AdxsE A

lea e oldel A4E W
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rE
i

A4 Mol g A7) vl$ A

2o gEsle] the WS Aol
e .

e W) 57 e WeE WA A

o
o

2. Xjeixtg "I}t

AR 184 HIl= synthpopd] compare() S 83ty TS B3
Hla 23, ¥z AAg e AAAE7E FARE XS Btk R A8 o
Hel EA4 AA dolge W4 BEXHU= 54 AlFOAY Uy JdAITES
AL ZF S ZtE N EANE AAAE WSS Hlaste] JEELS S
Aol AHE Foltt. <9 482 FIE/AVIZPE A & B AAA} HIES Hla
gt Adolth. A7 HIEL thh HAAG HYIe oy FARSE ES Bl

RO TIFE . gLy

[

a . A

8tLt2|(2020), CART 7|&E 0|&8% AMNEYE Mtz My 7Y

Rl
HU
no o
0x
A
qz =

<ag 47> JHQIMEYE MAXtR: AR MeAtze| Py Tl F2 HD

FIEZI 27|ZhE, e FHEN H7|ZHE, ARK S HI S

1912 16121612 16121712 1

@
~
o
™~

71217121712 1852 1812 1832 1812 1812 1612 1612 1612 1712 1712 1712 1712 18i2 1812 18]2 18j2
7 1iC 99 3 7 10 99 3 v g 10 99 3 7 10 a9 3

m—PSN _MERGED ==PSN_SYN

A= fdFE, 8LH2((2020), CART 7|8& 0[8%t JHAMBYE WAz 4y 7Y

MERGED ==——=SYN

<38 4-8> NAMUEZE Moixtz: AXRet MRtz K5 4= 8L AN} H|E
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g
1.(

4o AA dE + 2 F 59, v RS %C—’E HEE s & 32 %
A HA7) =77 Ho) ﬂl%7 AEE 83t 2019 AALA
BE dZ3it. olu ZA|~Y 3] F(logistic regression), 2JAFE U -(decision tree),
A3 b Y(linear discriminant analysis), A]3ZE® B ™ 4l1D(support vector machine)<]
471 HAlEd gaeEs 283t
5 o83 QAT AF oS AHE AYEH, A5
o} AAAE7E w9 FARE FFOE WS-8 DBE &&3h]d FErt gl AL

—_

* 2X|AE 2|4 (logistic regression)

[EXZ] [MHHX=E]
10 == No Skill e S—— 10 = No Skill ———
— Logistic /‘/.‘ ot > — Logistic /"’—~ 4
08 /,, r
j\ 2 08 y
. 4 - 8
3 rd 3 /‘j
o 06 T 06 d
8 - z /
< 04 < 04 i
3 | e ] o
" / £
02{ f 4 02
]
’ o g
0049 ¥ Logistic: ROC AUC=0.854 00{ & __0-5(:1&. ROC MJ‘ .826
+- + ~— T T g -r . T
00 02 04 06 08 10 00 02 0-! C)G OB 10
False Positive Rate False Positive Rate
=] .
* O[AHAFLIR (decision tree)
o _..
[IRLE] AL 2]
109 ~wv NoSkill " 10 ~ No Skill
= Decision Tree o = Decision Tree
08 o8
v v
T 06 06
2 2
b %
& &
v 04 o D4
2 g
S (S
02 02
001 ¢ Dec 1sz.w Tree ROC .-\J..ﬂ‘ "-:- 009 ¢ D-ﬂcuxr "*e-‘- RCC n.h =0.68 5
v T ! .
0o 02 04 06 D& N 0o 02 D-l 06 05 10
False Positive Rate False Positive Rate

11) M EZEWE X (support vector machine)> 7|AI8tE oke] U=, HEll], AFE #A4& g A
Ty RYE FE ER9 IJARAS As) AHEtE Foldl dHolE Y s wEoe R
& HolH7 o= W] £3 AJA] ddste HIFEEF ozl APEF 2dS vheth
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* M T2 M(linear discriminant analysis)
[RAE]
101 === No Skill | ———————— 10
~ DA ;/ﬂw
08 J 08
4""
b4 o
Y 06 / v 06
£ 04 f. £ 04 1
"]}
= : =
02 J’ 02
{ .
00 f" LDA: ROC AUC=0.858 00
0o 02 04 06 08 10
False Positive Rate
* NI EHE M4 (support vector machine)
2%t E)
101 ==~ NosSkill e et g 10
— WM p
/S
08 4 o8
g d :
' 06 f <06
2 M] 2
F: 04 ; ‘}: 04
H } H
IS 5]
02{ ¢ 02
!
f
oo{ ¥ SVM: ROC AUC=0.858 00
00 02 04 06 08 10

False Positive Rate

23 WHAE M4 WY AT 39
(&t =)
== No Skill e —— -
« LDA o~ :
7/ F
f
|
/
{
!
[ |
/
4
f |
{.-
¥ LDA: ROC AUC=0.824
00 02 04 06 08 10
False Positive Rate
[ RLE]
=== No Skill p——t Sy
— VM = 3
s,.a*
‘-F;‘
/
'}
!.:f
{
/
!‘i
f
o SVM: ROC AUC=0.83%
00 02 04 06 08 10

False Positive Rate

4 71

BHL}2|(2020), CART 7|2 0|83t HQIAMSHE HSXtR M
JHOINEEE RfisiRtE: YIXIZet MSAtRO| tAleld Yna|EY o540} Hw
58 DB Wol| Yxt59} J&siA I
B ol Yxt59} A3siA L8t dlo]
2, i, dA 2 =8 A-RE 1)

DB 7ol AgstA dAst= MAY Hl
A AA|3= S-S UAE Y 0.049%

sh= AE7E 3
E{7} E
(row) FH=Z XH——rL/H%
= 3olst) WS
2 A4 FFse

mEU

ol =x

AT ]E

FASAA BT Sre) Fo Fu
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5 47 dlelele] W ¥
B 7 & AN AAA HIeS Blaska gloh

FAEHRY ool e PRI FA] Tl H TR ZKCB)E © &
= FUAREY, &5, &9 F)ol st AR AWHor YgF ol
75 KCB Holg =Eo A AFsta et &3] FAFNNE SAE e
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H53

SHUIOIEME DBO MRXIE AlY dd

o] olME FAHe] 23] AAE FAUCIEAE DBY AR Y A B

89 AQlel A%E AR A@AR A4 B4 BEE AW 2 o Avke
89 AR AZH AY A% BuAE Agsdon, B Bude] a7
Aol Fad AR A4 BP0 AR oz Felsgr.

o] ZEAES] BHL ol§A7t BAF SAUCIHANG H7 WEste] A o)

§3F DBE £A1517] ol4o] A48 & Ut AREAE ARE Ak Aot U

P 5UH A7t vtk £HE W wEHoR AAARE A

& N2gog FE3kE Rol AlE

HHAY, PARY v FAG AARNE ARE
;

£ S 1ANZ F Jong o ol felk

ABAE A J )
0 g vlolazuolr o] BAe 98kt olgAe) Moy mueke ARAF 37
24 942 A% A Amolth o] FAME AAAA HRHoE B§ S5
7142 olg3tel $A% 47 DB AWARE AT AE A4S =osta, o
& AoAE BUF AP AYHT Qe AZS &S 2se] BF BA 4P
2 =% ¢ Y= Bt

AEER(OI5 SBRE FAH AR, AP 552 So) god 99 A8
2 ATAIAZAL BAFEAL 59 4% 24 ARE AASt] A2 BAYA
TEE AASA YUtk SBRS £ /b5E ZE WY ARS Bl 75
= o

=
Row, A V19 ¢, AdET, SAA R vEd AR s At vE
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<H 51> A 7|YSEF(2018) - SLHEAL 7|F(T 9,491,06071)
no g o=y 2s 42y =d Xtz 20| Null A5 /Y A (NAZE
1 JEdE BASE_YEAR =Xt 4 - 1
2 | AR 2REz ESTM_NTE_NUM =Xt 10 5,491,245 3,999,806
3 |CHEX dE RPRS_SEXDSTN =Xt 1 - 3
4 |FHQICHM A E S PERS_EXC_IDNTFC_NUM =Xt 10 1,434,091 6,204,218
5 |HHEA SdEx RPRS_BRYY =Xt 4 293,567 217
6 |HEsSIZE LGLD_CD =X} 10 19,133 18,781
7 |¥EFYIE AD_CLS_CD =Xt 7 176,002 3,521
8 |AlE32E CP_CD =Xt 2 9,601 18
9 |AlZFRE CDW_CD 2=t 5 11,673 251
10 |[AMEE E2YIE BZNT_ROD_NM_CD =Xt 12 28,360 153,575
11 |SEYX RGST_DATE =Xt 8 284,666 19,047
12 |7HE LR OPBIZ_DATE =Xt 8 12,110 27,774
13 |H LK} CLSB_DATE =Xt 8 8,553,176 366
14 | H oL CLSB_YN =Xt 1 - 2
15 |X2e DATA_DIV_CD =Xt 1 - 4
16 | XEFE ORG_DIV_CD =At 1 - 3
17 |27 BR_ACT_CD =Xt 1 - 3
18 |Oj&F2 MACH_DIV_CD =Xt 1~2 - 6
19 |ZEYERE ORG_FORM_CD =X} 1 - 5
20 |[BRAIYHN na#Hz BR_BZNT_NTE_NUM_TMPR 2xt 10~11 937,874 8,553,177
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s o= s 42y =) Xtz 2o Null A= @ §Y A= (NAZY)
T BRAIYEN 3Bz FNL_BR_BZNT_NTE_NUM 2t 10 9,491,050 1
533718 RHEIE PBLINSTT_TYPE_CD =Xt 1 9,437,403 9
H G2 AL AMASEF NFCR_INDST_MCLS_CD =Xt 2 9,491,050 1
BRAFEX|_Of =< BR_AMTC =Xt 12 2,224,549 43,845
BRAFEHM|_SALA_SA| BR_EMP_MF_T =Xt 12 . 1,649
BRAA_&EZ2A_&HA BR_EMP_T 2K} 12 . 1,386
BRAI M _&EZ=2X_H BR_EMP_M =Xt 12 997,213 1,081
BRAFE M _&EZ2X_Of BR_EMP_F =Xt 12 997,097 805
BRAMA_UANLEZZA_ A BR_IMSI_T =Xt 12 - 811
BRAIA_AAHLEZLZX = BR_IMSI_M Xt 12 998,302 637
BRAIIA|_AAHLEZ2ZX O  BR_IMSI_F Xt 12 998,033 464
BRAMA|_AMH2F_CH BR_SANUP 2 Xt 1 - 22
BRAIAM _MEZFIZE_MERF  BR_SNB_CD =Xt 1~5 192,972 1,480
BRZ|&X T2 BR_ETPR_DIV_CD =Xt 1 394,721 2
BR7| &N n7Hz= BR_ETPR_NTE_NUM =Xt 10~11 913,508 7,240,932
BRZ|X_EE0 & BR_ETPR_ATV_YN =Xt 1 394,721 4
7192 COM_SCL_NFCR_COR_CD =Xt 2 8,782,431 6
SA7|Y FEIE SMLPZ_DIV_CD =Xt 1~2 394,721 7
BR7Z|ZH_370E BE D= BR_ETPR_3YRS_AVG_SLS XXt 12 2,174,419 72,327
BR7Z|&H|_OH=4 BR_ETPR_SLE_AMTC XXt 12 3,220,425 38,091
BR7Z| YA _S AR _EA BR_ETPR_WOKE_TOTL Xt 12 1,601,373 2,050
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no g o=y s 42y =4 Xtz 20| Null A= @ §Y A= (NAZY)
42 |BR7|YN_dEZ22X_A BR_ETPR_CE_LARR_SUM =Xt 12 1,601,373 1,719
43 |BR7|Y¥AN_MEZEX_H BR_ETPR_CE_LARR_M =Xt 12 2,250,124 1,335
44 |BR7|YM_&EZEX O BR_ETPR_CE_LARR_F =Xt 12 2,250,124 1,075
45 |BR7|A_LAINLEZE2X A BR_ETPR_TEMR_DALY_LARR_SUM | =X} 12 1,601,373 1,045
46 |BR7| YA LAHULEZZXt ¥ BR_ETPR_TEMR _DALY_LARR_ M =Kt 12 2,250,124 797
47 |BR7Z|A_YAHLEZEX}L O BR_ETPR_TEMR_DALY LARR F At 12 2,250,124 664
48 |BR7Z|A|_4HHEF_CH BR_ETPR_INDST_LCLS =Xt 1 1,601,373 23

49 |BR7|YA|_AHEF CH_OHEA BR_ETPR_INDST LCLS_SLS =Xt 12 3,557,888 35,828
50 |BRZ|YH_AMYEF = BR_ETPR_INDST_MCL =At 2 1,723,905 77

51 |BR7|YHM| AMARE T D= BR_ETPR_INDST_MCL_SLS =Xt 12 3,795,097 33,898
52 |BRZ|YH_LAEF_£& BR_ETPR_INDST_SCL =Xt 3 1,739,204 231

53 |BR7|YH_MYEF A Oj=H BR_ETPR_INDST_SCL_SLS =Xt 12 4,033,244 32,815
54 |7|HECH COM_GROP_NM =Xt 4~12 9,450,890 35

55 |7Z|YHL F3EAHRE COM_GROP_FNC_YN =Xt 1 9,450,890 3
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o M4E TS AL WY 47} BE WSS Adede] Bom oFad AN

TAE gslsh= rﬂ E%O] 2 4= 9l7] wjEo]tKDrechsler & Reiter, 2011). 53] HF
o] AF7t vUF BoW REE HESP] ogi, A3e HE Vs e HEY
Ao Agolle *1011 dHglo] 840 Fohe A% Aot AAE B Ut

oy AP £ 75@} Adxs B8 eAe o3 2ok 1A AlEI=
(CP_CD), Al T3ZE=(CDW _CD), 71QA-ArGE7 ﬂ] BR_ETPR INDST LCLS)ol| w2}
skl 15S AAFsta 4 1 % 2 AAAEE YT wes A= E=(CP_CD),
AT TFIZE(CDW_CD), 71GA-AFG - tH(BR_ETPR INDST LCLS)Y #¥v= A=
o} T ARET. o g AGEE AJEFE A st 7 ek 1
FHE 7|YA-AYEF-F(BR_ETPR INDST MCL), -4(BR_ETPR INDST SCL), AF]
A-AFAEF-TI(BR SANUP), -AE-FHBR SNB CD)ZS AJAlsE & SE2UXHRGST DATE),
7R H L 2HOPBIZ _DATE), B4 %(CLSB_YN), HHUAHCLSB DATE), m&d, FAIA}
TE AR AT olH3 e WE AAE AL HAY] FY AR 2 W
T AR AFRRE A E AERY Oe 2

HA Adas A4 2@ st =Yakat RA7IAAA Agste HIEZFE 2
Foll M= CART(RINZ]A| rpart) 2 CTREERINZ]A| party)ehe= F 7HA] B4 AHEE

T A3, F U 25 f8stke A7 237} thRaab et al, 2017). 3 WA CART
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HAF(CLSB_YN)7} ©A] zjd=]ojol HYYAHCLSB_DATE)S] #olv WAE 273
& 4 Q7] wFolth o olyg #AHo digk Z=E B Frh

# RULES AND VALUES
rules <- list(CLSB DATE=="is.na(CLSB_YN)")
rvalues <- list(CLSB_DATE=NA)

SBR| Z-Foll= #19 oE Aejstd dutzeg A8 F Sle vE 1S 37|
ozl ‘:} ol AFOIAM QERY Q7] FE Fo] #Z =
F2det7] fzol itk Wb SBR AEAE AW A
dLAr A oo BE =12 A85HA St

A wyhET me AT vloly AES] Jfgroln, o] ZRAEqAME 14
A% & OE wES minbuckete AAWAE BE HF ==K BF
H2 A5 AFE YeiH, 308 HASrh WHeF minbuckets A 28}
HE k2o Agd 5 e AR TF7F vFAERE AdAETE dAtE e
2 7hs/do] ol =E9Yo] okt RiE AR #8488 "HolAA #
PR e wf7i S seed= SJAF W A4 7](pseudo-random number generator)E 1L
= tol AN, $LT AT B AEHES st=s H A"
T UE FYACE RHATIA synthpops AHESt] AAAEE S w=
o] F(class)S vE AalFolof Frh= Fol vk syn() Frb AAyHE W
F ol b W4 f-8o] factor, binary, constant 5O.Z AFFHEZE F9|3}X
gOo W o7t B = vk oHel] AAIG AAAE AL Aol e A&
3L numericC. 2, BT Z‘é‘% character® A3t ZP3P o, A+ Z=E 6070

opgel WA EAFEE WY WSYelE B ASF o RS

|
1

"_Hllm

0]
(=D o =}

O

oL
ol
-

-l> 29

=

rpAgte 2 Fadh AR RIZIAZE AlEShs numtocat 71w ol ©] 7w H
T 77t B2 A5E WHFE S (facton) 02 WSS o], RAEFOE AR
£ AT F I=ES I o ZEAEAqXN= A7, AR, WEd, SR =
gt 22 AFY Wl o] 7leS Y. vt 74 2l sidEhe WS A
A7 AR = Q7] Wil AEY HHolA dxEe} tE Ayt BEHY=
STk o] 715& Ak el FEE T 2

# DATA TYPE

cats <- c("RPRS SEXDSTN","CP CD","CDW CD","CLSB YN","BR_SANUP","BR_ETPR_INDST_LCLS")
conts <- c(colnames(sbr)[!colnames(sbr) %in% cats])
for (col in colnames(sbr)) {
if (col %in% cats) {
sbr[[col]] <- as.character(sbr[[col]])
} else {
sbr[[col]] <- as.numeric(sbr[[col]])

}

# numtocat VARIABLES
1s.numtocat <- c("RPRS_BRYY","BR_ETPR_SLE_AMTC","BR_ETPR_WOKE_TOTL")
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ool WG AAAE Y AR AR AHEAL SH91F EFd AFE
T FE(CP_CD), AlZ-TZE(CDW_CD), 7|4 A-2F4%F-tH(BR_ETPR INDST LCLS)
WHEEY A 7 39 aFolA 1I7HA] @Eks 7RI wElbA dgrolmg A
(method) 2270l A A A=A (visit.sequnce)2] 1 37]<]

() AGg iR Wl 71GA-AMYE{-5(BR_ETPR_INDST MCL)°] A WA
2 AAEE WE7 91, 2L glong BEAxs uhaS Algste] QAR E
E A%t vp A 5 e viE 2 FARE 5 AA Y o= NULLEo] 22
AFA Y] S B FAR FE 71GAY] wiEd B FARR FRUY WA A,
Ef g FAAL o] HIES HUg FASIESR AASHATE oY Wis v
sto] AFAEE A= Fe =

MEE ol AR 84 g

# METHODS
method.cart<-rep(c("","cart™), times=c(3,ncol(temp)-3))
method.ctree<-rep(c("","ctree"), times=c(3,ncol(temp)-3))

# SYNTHESIS CART & CTREE
tryCatch (
{

temp.syn <- syn(temp, m=1, seed=1234, method=method.ctree, ctree.minbucket=3,
visit.sequence=seqs, numtocat=1s.numtocat, rules=rules,
rvalues=rvalues)
fname <- paste('./output/sbr/syn/sbr ',k," ",1," ",i,".csv",sep="")
write.csv(temp.syn$syn,fname, row.names=F)

eFror = function(e) {
tryCatch (
{

message("CTREE FAILED. Trying CART....")
temp.syn <- syn(temp, m=1, seed=1234, method=method.cart, cart.minbucket=3,
visit.sequence=seqs, numtocat=1s.numtocat, rules=rules,
rvalues=rvalues)
fname <- paste('./output/sbr/syn/sbr *,k," ",1," ",i,".csv",sep="")
write.csv(temp.syn$syn,fname,row.names=F)
message("CART SUCCEEDED.\n")
El
error = function(e) {
message("CART ALSO FAILED.\n")
fname <- paste('./output/sbr/resid/sbr_',k,"_",1," ",i,".csv",sep="")
write.csv(temp,fname,row.names=F)

})
finally = {
message("")

)

linally = {

message("")
)

AR PAFHA B SBR Ame] A4S Aelshd thew ponz
T AT JEARE BHT o £ Dot vk WA SBRE EAAETL of
Url B5e) 91 ARE BAH /MO AAF ArolEZ 84 /YA wE A
QA Azt 2tol7k e & vk I R B BE G@ANA A[dAE U1 A}
S5 #EstEA HYYSAE B2s V)/QE ¥g ¥4 WA 5 4% dert @
At 0202 SBR ABARY Uv /GA-AIGA Ao € ANGA-AGA 7t
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AAE A @AM AR 54 V1E] AlTHA donz AHHOE AAA
7171 otk Al WA AYEF, AR 24 T £ dRe 93 A5 A G
Al delZ AFE Folmz AA ARIA 447 tE 4 givh vl HAE SBR
AFZAM NULL & EAHA] AW, THEAAY, 0o1AY &2 53 @74
LA etk o] st dxlE FL AAAERS THT AWyt HA ARs
HFA e 7 Aok MATLR ARARE olgsiMe 5 A ARIA,

¢

EE BA) dEle] AR 1 AAste e Brhseth 54 19AY AgAl)
HE ARG BN ABARE olgdle] 2T F YL FA3) vheict

7| =% £ (BASE_YEAR)

WG] o, CHE Mo IHXRE dHS 2 JXAtE 7|FHEE Xz 2ofotot.
AHH 1 QHS (ESTM_NTE_NUM)

A &Y £ HeE QEAELE HES X2 MYMILRFHBE M2 XMEH §, MAXt
25 Y0 B oME QEX: HE[T T 2 TIERE 7 E.(cbmd())orm Sofptot.

EXHJH(RPRS_SEXDSTN)
Hrd B2 YK E ddotrt
Cf =X} =49 = (RPRS_BRYY)

M2 numtocat 7|52 AFESIO] XTXERE HdoiCt

P

A E3E(CP_CD)

HEY vx2 YAXEE YHSIX| el 5t9l 18 2/00 AMBECH HHAEE KRS
SYst 9| A|=AE(CP_CD)E 7tTICH

Al ttAE(CDW_CD)

HF:Y vE YAXEE Yd5IX| %o, 5tel 18 /00 AMBECH AR AR
S2Ust A|Z A ZE(CDW_CD) 2t A|=3E(CP_CD)Of| CHgt =HE £ZE JtZICH

SEYUXHRGST_DATE)

YYYYMMDD EE{f7} Ot HIO|H &= NAZR Hatstn, =zl Xt=9| XA RGST_DATEREH
U(day) =& AESIO RGST_DAYSEH= Oi&d HE ME MMSI1D, numtocat 7|52 AHE
5t0] HHRIRE Mt
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7H ¥ L XH(OPBIZ_DATE)

YYYYMMDD HEH7} Ol H|O|E= NAZ
5t0] OPBIZ_DAYSZt= P&y HAEE MEZ
Sttt SE LRt HHLAHE 2Tt Goh

tS

no+
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ox &

1, RGST DATESZEE Y(day) 5 M=
A%, numtocat 7|52 ALESI0 MTXRE
I %—*%EEFI, H AN KO|7} LE7| = ShCE

>
>

| 4 Y X}(CLSB_DATE)

YYYYMMDD HEf7} Ot HIO|H&= NAZE HeHSt, RGST DATEOE—'?’—H U(day) TE ME
S5ty CLSB_DAYSZtes A&d H+E ME 4H5tL, numtocat 7|5 t&3t0 MXtzE
MAMSHCE I Yot AYHe des 25 2=E KR 7|EdE LH01IA1 LASER T sl H

Xogd, A 7|7t EZO| HtExl= A&7\ R(going concern) WE2 2 730 S5

AXHRGST DATE)E 7|&EC R St 7|2t 2 MGt

0] £ (CLSB_YN)
HES B2 YHREE MMBICH

AU H|-0§ & (BR_AMTC)

71 At AFKA 2t 1N BAE X U4, AP DfEH2 t
OZ J7|YA-IfEAUBR_ETPR_SLE_AMTC)2 2 LH+0f HIE8S APESH &
St MXEE HdTict

MAH|-F AA}L-Z A (BR_EMP_MF_T)
7|HIQl BARE =0F ZAHLE K2 BAAL =5 WHSI=E 7| YHM|-BAK-EAH|(BR_ETPR_WOKE_TOTL)
2 LIF0 Hg2 g3 F, g&5d Ha2 4350 MAXzEE ddstt

AN A8 2 2X-E5H (BR_EMP_T)
ALK BARL =HCE B2 =8 MdT = Q=& MYHM-BSAX-BAH(BR_EMP_MF_T)E LtF+
of HIgZ 4Fgot §, ASY B2 YD HHXERE JYict

Lo —

A A48 2 2X}L-HH(BR_EMP_M)
A ALLH §8ZEX s=ECOH B2
A(BR_EMP_T)Z LI+0f HE2Z AHY

A H-LA X Y2 2 X-EH(BR_IMSI_M)

AR SARE BAOIN 48 22X 5 W UDX7L QA L L8 2RI ASEHCL ALY
YAl U UZ TR BALCH Y2 SO MR} MHEHK FES AAH-YA L L] 22X

-HABRUMSI_TZ L0 HE2 MEe 7, d5d Hez 48350 WHXARE 8o

>

FRAM|-A4 Q)2 F-CH(BR_SANUP)
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AP M| LA 2 F7-M 2 F(BR_SNB_CD)
HFEH Bl0|L} synthpopO| {83t factor level = 6070 ECH ooz HEY B4z MY
St MeX2E MAstch 2018E At2 &= 9K, 10kt MAEFTIE 40 Yooz Xtz o AO|7}

2~5Xi2|2 YESIX| B, OEtE|O|E et BHEL,

7| & M|-0i =M (BR_ETPR_SLE_AMTC)

o B2 HES 0 numtocat 7|52 AFESIY TR E AT

e
1 e

N

1 e

X|-Z AFX}-5 3| (BR_ETPR_WOKE_TOTL)
AL

o M2 M-S0 numtocat 7|52 AMESHY IHAIRE MO

7| M| -A42 2 2X-8AH|(BR_ETPR_CE_LARR_SUM)

7|X BAR BAHELCH B2 Xh::?r MMEX| RS 7|YH-SAX-SH(BR_ETPR_WOKE_TOTL)
2 Lo HE2 AEst F, d&Y Bz MYstD MYHHAIRE Moot

7| e H|-A 282 2Xt-2BR_ETPR_CE_LARR_M)

7198 482X TALLC 2 o MAKEIL WHEX| R=F 7Y
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71GH BAA BAOM T[GH H4E 22X SAE MW =7t 7|€H YA X L8 ZEX BA
b ElCH 71€A Al B 28 ZEXA ZHELC B2 o ANEVF HMEX] REE YN
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£ HE2 AFEHSI D WAHREE oot
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RXTRTHRNIII W SEFT R W Kok
Qlv N+t w®woOon~wo 2 T J2JFI L0 = 28 a3 d




no

il
0x

o
NFCR_INDST_|

23 |H|2[AYX} Ab CLS CD N RTINS =
= 719 ﬂH*°“°E Lt+0f HIEE A5t
24 |BRAMUM|_OHEY BR_AMTC d5d WS AN S TYAHS
= 7198 _SAMX_SHZE Lo HEE ZfHst,
25 | BRAFUH|_SARRt_S4| BR_EMP_MF_T d5d HKIE AN S TARS
= ArHHI_S AR *ﬁli Lt+0f HEZ Zf§stn
o Al 238 = = ’
26 | BRAFYH|_ BR_EMP_T 2L WHKIE A S TYARS
= AMUH_MEZEX_ AR L0 HEE I{EHst
oH Al 23 =7l_o o -8
27 | BRAMAHI_ BR_EMP_M AEY o KR MM S xjAE
Hexte Hd = M4E
AP %
28 | BRAFRIM|_¢ BR_EMP_F (BR_LEMP_T - BR_EMP_M)
BRAFAH_2! Wexte M = ME
29 A BR_IMSI_T (BR_EMP_MF_T - BR_EMP_T)
N AMUH_LAMRLEZEX AR L0
[og} ol glol =3 —
30 |BRAMYM UAUUL BR_IMSI_M da5d o HIEE WD, WHAIE MM & KAS
Wexte M = M=
AFH| AL
31 | BRAMHH|_A BR_IMSI_F X (BRIMSLT - BR_IMSLM)
32 |BRAMA BR_SANUP HE" o mE
33 RAFAH BR_SNB_CD HE" o mH
Z+O0 ?_I x El:ll_|- I E{ 2l 5 X 33-'- In| 2 olzt
34 |BR7|YH T BR_ETPR_DIV_CD X :o:: 1o x SEITSI0] WSl 12 €=
=
35 |BR7Z|YH 1 BR_ETPR_NTE_NUM X HHEXE MY F HES Y IgHE 20
IH°WE e 2 J|YH-0fEH = FSAXL
36 |BR7Z|YH| =08 BR_ETPR_ATV_YN = 3 siLioto|2te ol 2 FA2 1(&S), 2(HI1E
SR 013h"_ HYs 22 3(H YY) £
37 |71EmR COM_SCL_NFCR_COR_CD XSISHX| 2
38 A7\ pEIC SMLPZ_DIV_CD Wkl N ‘BJS
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no s 3=y gs ARy =48 WA THRHOo{E A A
39 |[BR7IYH_ 370 Ha Oi=H BR_ETPR_3YRS_AVG SLS X THSIX| %S
40 |BR7Z|YN|_Oj=H BR_ETPR_SLE_AMTC 95"y o AMH
41 |BR7|YH_SAX_ZH BR_ETPR_WOKE_TOTL 5"y o AMH
& = 7|HH_SARE EAHZ Y HE2 x§sistn
42 |BR7|YH_M2Z22Xt A BR_ETPR_CE_LARR_SUM e5d o Ilioixi:i *c': gt -.-Jj!H M,J"'oi |82 MEsta,
718H_ME82EX_TAHR L0 HEE xfHst
43 |BR7|YH_MEZ2EX_H BR_ETPR_CE_LARR M d&d o 1,
etz M = xjiE
etz ME = ME
7|64 A2IEX
44 |BR7|UH_Y8 t_oi BR_ETPR_CE_LARR _F X BR_ETPR CE_LARR SUM - LARR M)
o Hexte ME = ME
7|9H| 2UrjaAL 2z X} S
45 |BR7|YUH|_YAMALYEZ =Xt &A BR_ETPR_TEMR DALY_LARR SUM X (BR_ETPR_WOKE_TOTL - _LARR_SUM)
- 718H_UA XL B2 2R _SFAHE LHR0 HER
of olAlalelea L} 28 — —
46 |BR7|YH|_YAAUUEZEX}_H BR ETPR TEMR_DALY_LARR M Aasd o S, HXIZ MM S XYAS
Wexte Hd = ME
7|4 drjale2azx
47 |BR7Z|YH|_AAAULE t_0{ BR_ETPR_TEMR_DALY_LARR_F X (BR_ETPR TEMR DALY LARR_SUM - LARR M)
48 |BR7|QH|_AtAEE i BR_ETPR_INDST_LCLS HErd o Mo
49 |BRZ|YH_MYUEF O _O1=E4 BR_ETPRINDST_LCLS SLS X MelSHA| s
50 |BR7Z|H_MARR_ B BR_ETPR_INDST_MCL HEH o MH
51 |BR7Z|YH_AYAEF & 0fEW  BR ETPR_INDST _MCL_SLS X MESHK| %S
52 |BR7|YH| AAE2E A BR_ETPR_INDST_SCL HEHE o MH
53 |BR7|H_LtREF A DHEX  BR_ETPR_INDST_SCL_SLS X MHSIX| %S
54 |7|HECE COM_GROP_NM X IS §US
55 |7Z|YEC FB8AE COM_GROP_FNC_YN X MHHEK| AS
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3. {sixtz EHIt

XH%Z}‘E‘O/] i%‘ﬂ?j]‘ﬂ]' 76]_]17’/_\‘/‘&]‘% -%—7( 6‘}0:] XH&]Z}‘EE J:17]_6_]_q_ ™ % 1 %.ﬂ‘d
£ SBR DBOlA AFAle] 47T HuFo] tat] QxmolN §UF Y=
@yt ABARAA oA SAdsA A"

H 8-S AE3le] =459 SBR A3
Agoll M= o2 Hlgo] vty AAAER BAs= W 71 BobM
A3k AL SLHA AREE FEo] WS st A= Adoltt o|2gh
Age AAsIL AT = JdoH, o]t A5 mE Rola FU3k A7} of
d wj7hx] bRl A2 AASIA AT £S5 ok R A7 AZEsE 7)1E b
olf AEQI SD20115 ©]&3ly FAdsA AAHE Fd3 ASE AAstE d= ¢

23} 2o

# fjo]El M & A&

> ods <- SD2011[1:500,c("sex","age","edu", "smoke")]
> s1 <- syn(ods)

# &Yl A HE A2 A A (s28syn AFE)

> s2 <- sdc(sl, ods, rm.replicated.uniques=TRUE)
no. of replicated uniques: 61

# &Yl A HH = SOI(TRUE)

> s3 <- replicated.uniques(sl, ods)
# &Yl HHEH *}E index F=

> rem <- wh1ch(53$rep11cat10ns)

¥ 5 AHE A A

> dup <- sl$syn[rem,]

of

9 AQAEY FREALS SPHE PHL P Bk oW ZEAEdA
& ug ol v, AT v B2 FYSG o AU wun
W ohest 2

7}. @2 Y] 2 (Comparison of univariate distributions)

R3}|7] 4] synthpop®] compare() == syn() F<oll st} BAH= synds S
MAE A3 x5 Adxtge] Wi Wy BYE A|ZFoF v|ulsh=
7e& ATstal ok ok SBRIY 22 tf&-F X} o] AF o9 LFoE o
AdAEE sk Rz Aol Berg 2zt &9 IFvid BAE= synds
AAE 257 AZD 4 Uk W2l compare() Tt LI AHE HolF= g
& W2 FdEst AR &3 FAZE SIThH compare() FE AMESEA E

= 73T ‘F ATk RIA7IA7E Algsh= 712 Holy AlERQ] SD2011S ©]
tod compare() 7155 AH-Sh= o= Ut Zoh

—)
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income

# W A 2 AHLE Yy

R> ods <- SD2011[,c("sex","age","edu",
"smoke","income")]

R> s1 <- syn(ods)

# compare()

R> compare(sl, ods, vars = "income")
o }92.1("”2_5“9@*’%.5”@5%-’I’:»pé%_vé’ﬂ:;ﬂcbfl’%g"@._;’*‘o@_n‘"’a.vg;%ﬂ%s‘
Value
o M [SIR=] 2= ;]_ CHITTE 5 = O 5 1
?l%i SBR T Eg Eﬂ'roﬂ EHO Cq T aare=E Hliﬂ?& 2§¢}L_ E+11J+ %Et}
RPRS_SEXDSTN CLSB_YN BR_SANUP
Be+06
58406 = S Syanetc 5 Jonee| o000 - 5 te
4e+06 | Be+06
500000 —
30406
e 000000 —
2e+06
2si08 500000
1e+06 —|
. I n |LI IIrI 0

57 W st BEXE vud 2= g3 2o YA FNA
Zy WS=o] B} vt o] AshHA 3% w2yl Z2Eg 2 Hisoh

CLSB_DAYS BR_EMP_M BR_ETPR_INDST_MCL

2 W
= ‘ z 7 z
LIS r 3 5
f f 1
i W\ &
| Y _
hJ~ |
Nid ( L i,
gl A ANV Pl I NuU O O — ey v vy | 2
0 1 2 3 4 5 6 -4 -3 2 -1 0 0 1 2 3 4
Log of CLSB_DAYS Log ofBR_EMP_M Log of BR_ETPR_INDST_MCL

1}, o] =¥ H] 1 (Comparison of bivariate distributions)
R} 7] A] synthpop2] multi.compare() <= YA}
o] W5 EYXE A4HoFE Husle 7ee
HEE

vardl, ZEHE eItz ke WMS4E byol| AAsHH Hk

2

P
T
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Hee W7 42 Wes Addske Aol wigrAsith RAZIAZE Algshe 71
ER S 0]-83}] multicompare() 715S AMEsHE dve oS3 2k

# W ge 4 objo]E A3

vars <- c("sex", "age", "edu", "smoke")
ods <- na.omit(SD2011[1:1000, vars])

sl <- syn(ods)

# BEE =
mu1t1 compare(sl, ods, var

multi.compare(sl, ods, var
multi.compare(sl, ods, var

"smoke", b
nage", by
"age", by

= c("sex","edu"))
c("sex"), y.hist = "density", binwidth = 5)
c("sex", "edu"), cont.type = "boxplot")

nn<

RY/NO EDUC TIONALIGRA! SECONDARY SONDARY OF MALE FEMALE RY/NO EDUC TIONALIGRAK SECONDARY CONDARY OF

1.00-
0.50-
0.25-

E 0.00-

E II II II II
0.00-

i
E5 sn

ERUIUEE]

ot
=
El

3 SBR U WMFR-A&E Wl o T U A giFEe] ol
B Hlae] iste] SBR AlAAtEE AS FARELS VS 202 vEehdt

)

ol

@

¢

8

i

y
[ E
§ 8
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log 0f BR_ETPR_WOKE_TOTL

<18 51> CP_CD¥ BR_ETPR_WOKE_TOTL(BR7|¥HM-ZAtAL-Z7) 2=
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o} 95% AlZ]F7F vl

Snoke et al.(2018)> AFAFY AHREHS SHs= WHOE x5 Ad
& el pE A 48 54 w9 ASE vwsdt A% 2 o
A F7re] FE(Interval Overlap, 10)= AlAFSIaL 1 Eg—&% AR Z2rE AL
Aot} o] &+ AT FHo] low 9 #S VY, FEo|] AA TS
£ gho] Zolxlt). HH R 7]1A| synthpope] compare() v FAMSE AREH =
@4 % 2902 ATk WA AVHLE AI3D 29 A4 29 45 2
£ glmsynds() 5 Tl 2L, ol AAESH A compare() T ATE AL

slA =} 7]E dlolH HIEOJ SD2011% o] &3} o]#3 V)5S A= o=
<3 2.

# WEPE Yy 2 ARG 4

> ods <- SD2911[,c("sex","age" "edu", "smoke")]

> s1 <- syn(ods)

> f1 <- glm.synds(smoke ~ sex + age + edu, data=sl1l, family="binomial")

# summary
> fl

Call:
glm.synds(formula = smoke ~ sex + age + edu, family = "binomial", data = s1)

Combined coefficient estimates:

(Intercept) sexFEMALE
0.152265849 0.388853557
age eduVOCATIONAL/GRAMMAR
0.007046393 0.148170344
eduSECONDARY eduPOST-SECONDARY OR HIGHER
0.647429637 0.827761430

# compare(): z-value
> compare(fl, ods)

Call used to fit models to the data:
glm.synds(formula = smoke ~ sex + age + edu, family = "binomial", data = sl1)

Differences between results based on synthetic and observed data:
Std. coef diff p value CI overlap

(Intercept) 1.9413183 0.052 0.5047566
sexFEMALE -0.8111420 0.417 0.7930722
age -1.4775469 0.140 0.6230678
eduVOCATIONAL/GRAMMAR -0.2028081 0.839 0.9482623
eduSECONDARY -0.9865696 0.324 0.7483195
eduPOST-SECONDARY OR HIGHER -0.5983188 0.550 0.8473648

Measures for one synthesis and 6 coefficients

Mean confidence interval overlap: 0.7441405

Mean absolute std. coef diff: 1.002951

Lack-of-fit: 9.240844; p-value 0.16 for test that synthesis model is compatible
with a chi-squared test with 6 degrees of freedom
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# compare(): regression coefficients
> compare(fl, ods, print.coef = TRUE, plot = "coef")

Call used to fit models to the data:
glm.synds(formula = smoke ~ sex + age + edu, family = "binomial", data = s1)

Estimates for the observed data set:
Beta se(Beta) z

(Intercept) 0.242725695 0.144911210 1.6749960
sexFEMALE 0.584698020 0.066878325 8.7427133
age 0.006803412 0.001946671 3.4948951
eduVOCATIONAL/GRAMMAR -0.065900591 0.098898951 -0.6663427
eduSECONDARY 0.381817511 0.102912518 3.7101173
eduPOST-SECONDARY OR HIGHER ©.662876527 0.119733693 5.5362572

Combined estimates for the synthetised data set(s):
xpct(Beta) xpct(se.Beta) xpct(z)

(Intercept) 0.334123190 0.144911210 2.305710
sexFEMALE 0.408806958 0.066878325 6.112697
age 0.007354362 0.001946671 3.777917
eduVOCATIONAL/GRAMMAR -0.186014756 ©.098898951 -1.880857
eduSECONDARY 0.378897022 ©.102912518 3.681739
eduPOST-SECONDARY OR HIGHER ©.391433086 ©.119733693 3.269197

Differences between results based on synthetic and observed data:
Std. coef diff p value CI overlap
(Intercept) 0.63071377 ©.528 0.8391007
sexFEMALE -2.63001595 ©0.009 0.3290652
age 0.28302165 0.777 ©.9277993
eduVOCATIONAL/GRAMMAR -1.21451405 0.225 0.6901693
eduSECONDARY -0.02837836 ©.977 0.9927605
eduPOST-SECONDARY OR HIGHER -2.26705978 ©.023 0.4216578

Measures for one synthesis and 6 coefficients

Mean confidence interval overlap: 0.7000921

Mean absolute std. coef diff: 1.175617

Lack-of-fit: 18.00781; p-value 0.006 for test that synthesis model is compatible
with a chi-squared test with 6 degrees of freedom

—s— ——
SexFEMALE - " sexFEMALE - "

t

Model

eduVOCATIOMALIGRAMMAR - _g& & synthetic

Coefficient
Coefficient

=& observed

eduSECONDARY - eduSECONDARY - g

2duPOST-SECONDARY OR HIGHER - £duPOST-SECONDARY OR HIGHER - i

i i
4 8 00 05
Zvalue Value

Z values for fit to smoke Coefficients for fit to smoke

Model
eduVOCATIONALIGRAMMAR ~ g, =& synthetic

=& observed

R 7]1A] sysnthpopo] A|Fdt= == SBR AdAIF st 277 F
#d A= &= 5= glojA RITFIA] dotwhiskerS AHE-3Fe] FALSH S5 s}

o AT 1 AT e p
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Coefficient Estimate

<18 5-2> SBR XAHXA=0| CHB dot-whisker plot 41}

o] B AT FHol FovISH ol FoxEE HAF 7 T4 A3t

A0 AAS Aot vrha 1Y) otk £& ABAR o§ o] U4z
2 tAels] 9ol ofi, HolHAES wEse A4ag B8 odel AR
BAgolghE oln AR fEe] YuEde 498 4+ Jhn Bk,



SO OIEME DBE E8T WHAZ MY @Y AT 61
H2F™ ZAXL-Z|HH A DB(SBRC)S| MEHXIE H/d

SAX-7| M HAH DB(SBRC) 7L

TAARZ19A A7) DB(OISE SBROE SAAEE] 712 K, Aol Tt A K,
Age] A B 7 ARE T itk SARE 718 AREE ZiRIA A E
%, 9%, 4, FAA B 79 2= 59 vEo] 7
A FRAAE VIELE AEd dEIFAE,

A A Y JHEE 71gAEUE €
2 3T 1A AL 5 Sl nh 3 ARSI EHATR) R W
o] ®

9

AEUS 7} —%xﬂﬁ}b A4E 48,362,03401H, »A}x}—rit 25,727,852 0] €tk A
A A EASE JHAE 25,727,852 9] AN EARRE FolA] 7,728,738 0] 20181 2
7N erdel LT"l NES AT Qlom, A5S FozE oF 60%e] 30,381,48771
o] "tk JHRJAAAEAHSIE IAY 2018l 1749 2 x] 72WS Tl s A}
A= F 18,836,74474 0.2 FAE O Ak AJUAAEHE L Qe FAAE 1749
ZHA 7129e 7R E Ao AT

HAtE A ZHQICH A A EiH = =74

271 O|4 : 30,381,487 A

AS : 48,362,034 A
= 149,218,231 A

17} 7|2 : 18,836,744 A
2le : 856,197 A

TS < 53> A= Q3R AAA 18E Was st
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<HE 5-3> SALA-Z| M ¢4 DB (2018)
no o= ot=2g o= I28 %4 Atz ZO| Null 4= unique (NAE%)
1 |79 BASE_YEAR 2t 4 . 1
2 |78 11RHe BR_GI_KEY =Xt 10 1,857,275 1,859,295
3 |JHQICHNAE S SRTY_DSMT_NUM 2Xt 1 857,275 2,572,785
4 | HF(T LIO]) FULL_APS Xt 2 244,644 108
5 |d4 SD_CD =Xt 1 185,053 3
6 |AFXFEFIIE) HM_AD_CLS_CD =X} 7 2,221,566 3,740
7 |E2EXFYTYAL) WR_AD_CLS_CD =X} 7 217,195 3,509
8 |X=EA GB =Xt 1~5 - 58
9 |ARIEEAOE WRK_JOIN_YN 22Xt 1 - 2
10 |HYZRAE YEND_WRK_YN =Xt 1 30,692,193 2
1M1 | AE A} ACQ_DATE 22X} 8 22,745,644 14,646
12 |ZS2LX LOSS_DATE =Xt 8 22,745,644 369
13 |El2R s FNL_WRK_MM_CNT =Xt 1~2 - 12
14 |HAZR L= WRK_DD_CNT_TOT =Kt 1~3 - 365
15 | =EFE BR_JOJIK =Xt 1 98,798 3
16 | 7| A _AHE2F(CH) BR_GI_LCLS_CD =X} 1 98,798 23
17 |7IGH_AMYEREBE) BR_GI_MCLS_CD =Xt 2 183,727 77
18 | 7|1 M_BAAt BR_GI_EMP_T =Xt 1~6 98,798 1,719
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2. Mextgs g

R#7]A] synthpopS ©]-&3 SBRCY AMAAZE AA3t7] Aste] A1FS &
Fohe WA o3 2o WA /A A EH S (SRTY_DSMT NUM)7H §l= SAL
A= R A A H 5 (SRTY DSMT NUM)7} EAj8hs the 7123 A4 vk 2
A7 fleBg, Z47] bgE ARlez JPgata sid Ax o e ZFAE 7HA
= OFo® 73 JRQIthA| 2 EH 5 (SRTY DSMT NUM)7F EA4)3h= gl=2=29)

AS-olE NI A A HHS(SRTY DSMT NUM)E 0] #AZu T (n)E F3ch 2%
A7 12 BFY 2E(idssing) 2018 7]F oF 1,8007F WoZ wlobHT) idssing
1

ol thate] ZFAYPAHTFSIZ=1(WR AD CLS CD 1) ¥ 2(WR AD CLS CD 2)&
5 A QA2 EHME(SRTY_DSMT NUM)7} EAl3hs $AE &
270 ool SRAE THAE WA FAAE a2 2018 VI oF 3,0008 o=,
S FE3A HA 200 Hd 1437 2FAS 7R AoE YEht
} 27 ooz ERE IE(dsmult)S F TFA F(n)Y TFEEA
(order) ®ITE ARESte] &9 2FS AATTh SBRCOIAM FARAS] ARE Huigh
HES AAARE A8 et olef o] st AFe FASAT R
Mg A A= 719AYZAS(WR_AD CLS CD 1, WR AD CLS CD 2), 2]
F(BR GI LCLS CD, BR GI MCLS CD), Z2&F(BR JOJIK) ¥ FAA} HH WS
£(GB, HM AD CLS CD 1, HM AD CLS CD 2, FULL APS, SD CD, ACQ DATE,
LOSS TYPE, LOSS DATE)o|t}. HZ =X < (minbucket)S H3t FE23| grd +
Jes 25 o] o7t 7P WS FA °(BR_GLEMP T)E whAI2te] w28t qict.
AR G 24& B8 rules B rvaluess T3 2o] 248 o
Z)(GB7} 4, 7 =& 47)81 7%, AFAA2HACQ DATE), £ EEY(LOSS TYPE), =5
ZHLOSS_DAYS) ¥ AH7} AFste] NAZ AASIGT 3k A|=3Z=7) §le
ol ATTFRER ALE & 7] Wil o) NAZ AH3es HAAstdor
A2t ZHACQ DATE)7F NULL]! 7%, SEUAE NA A2et=s sty #d
= v 2

ol S oo

-

A

# RULES AND VALUES
rules <- list(LOSS DAYS="GB=='4' | GB=='47' | BG=='7"' | is.na(ACQ DAYS)",
HM_AD CLS CD 2="is.na(HM AD CLS CD 1)",
WR AD CLS CD 2="is.na(WR AD CLS CD 1)")
rvalues <- 1list(LOSS_DAYS=NA, HM_AD CLS CD_2=NA, WR_AD CLS CD_2=NA)

ofl

A SBRC A &AE A G olA numtocat 7152 H-E AR HE8t0L

e e Zo

E
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e
2
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# DATA TYPE
cats <- c("sD CD","HM AD CLS CD 1","GB","BR JOJIK","BR GI LCLS_CD","WR_AD_CLS CD 1")
conts <- c(colnames(ids.sing)[!colnames(ids.sing) %in% cats])
for (col in colnames(ids.sing)) {
if (col %in% cats) {
ids.sing[[col]] <- as.character(ids.sing[[col]])
} else {
ids.sing[[col]] <- as.numeric(ids.sing[[col]])

}

# numtocat VARIABLES
1s.numtocat <- c("FULL_APS","ACQ DAYS","LOSS_DAYS","BR_GI_EMP_T")

SBRCY AFAAEE Adste A At = 2o Xﬂ‘aﬂ_ s 18E
o, FARL 7B AHE SMAo AR, AHE FAAY] AHE AHHsE
AHEEY 2RA A WSS AT whek FAAE 2% %i—% u#sA &

A2E e Bk, Ao A1=@)e] B F15AA oA TR

T ORMOEE FAAS ofF 8l HA &F Adntel #F ARI} BEHA XA
ofdEt F 49005 o] AR vt A A efon, FAPER A V]
[ B2 o] Fell AR FHE HEA HSnR 719A = A FA
A AHE DAY o]E Bl fgte] VAR T 2RAF(n),

2 7z} ZAAPE Z25-A(RB ID)E 723l 7194 16 HE(BR Gl KEY)S

*4

r\j

=
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o 0 g
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o

A ZAZHACQ DATE)E o] d 2529 F8UAKLOSS_DATE)ZHE 7]
1&0}9&2“% A7 190 Azl ghste] 2018 71E 7P wWE A&
AIZEEH 7IZN(Y)= AHE9StY ACQ DAYSEHE HITE A= AT £5Y
ZHLOSS DATE)E 3l 71g4#ol 78 AFUAHACQ DATEZRH ZF& 7|3t
(day)o-ZH, LOSS DAYSEH= MZF HIFE 5D o] & o83t AdAEE 44
shth Eg FEAAE FENA)O| ofd BE ofE & F gl Ard AE 2
FEa e A5 888812317, ‘99991231°, ‘99999999’F FEA|HAEH|, o] YERY
£ LOSS TYPEo|ZtE A|Z¢ WS vhso] Az oz ARl Ych

AR 71EA=E W FA 7 K I (idssing)} 5-A =7k 27] o731l
T (ids.mult) ZFZboll A A@AAE AAo] o] FojXth WA idssinge A H T
FZ1(WR_AD CLS CD )3} TFAPAHFTHIA=2(WR AD CLS CD 2)o 9lste] 2
AE &9 TEolA WA CTREE WA o2 AAAEE Adsta, oei7h dagshd
CART o2 Hgste oAl Qs B4s A=dth w9 CART W2A7HA] 4
gt 73 olgidt RSN g FolA TFAPAHTIIAE=(WR AD CLS CD 1)

o
e
m[o

1[4

14) &5 AdAE A Z¥S NS v SAIEEG wE AFIAE 7§ /=S dAe

rules/rvaluesE A3l A& FH3T

+
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AR A B ‘v’ﬂiE
A 2EA Fn) 15 U 2FeA

k9 gl ABAEE A

4

oX
Ol
1!‘

27H OV“Q] E—'rj*?‘]% 7 IE(dsmult)ell A AEAE B8 W

7150] TE-A| )t FF-aA(order)Q] TH
o taix Al AFAEE B8 5 it
(order)d FARAL 7} Zolof &1r] wjEo|th
C mEt 09w 2t 94 224 S7) 1ja

S

1

oft it

7}

IF(dssing), F WAZ o] TFN AFARI AHEA & dRE 1F, oA
so g 2 ole ZRAE JHE IE(dsmult) 22 I ZEE A Y

stk

# 1ids.sing METHODS
method.cart<-rep(c("","cart"), times=c(2,ncol(temp)-2))
method.ctree<-rep(c("","ctree"), times=c(2,ncol(temp)-2))

# SYNTHESIS CART & CTREE
tryCatch (
{

temp.syn <- syn(temp, m=1, seed=1234, method=method.ctree, ctree.minbucket=3,
visit.sequence=seqs, numtocat=1s.numtocat, rules=rules,
rvalues=rvalues)

eFror = function(e) {
tryCatch (
{

message("CTREE FAILED. Trying CART....")
temp.syn <- syn(temp, m=1, seed=1234, method=method.cart, cart.minbucket=3,
visit.sequence=seqs, numtocat=1s.numtocat, rules=rules,
rvalues=rvalues)
message("CART SUCCEEDED.\n")

error = functlon(e) {
message("CART ALSO FAILED.\n")
# CARTS} CTREE -7 AJglo] Hust mloJEHE mfZ Holw
fname <- paste('./output/sbrc/resid/sbrc_WR_',i," WR2_",1,".csv",sep="")
write.csv(temp,fname,row.names=F)
})
finally = {
message("")

)

})
finally = {
message("")
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## CARTS} CTREE -7 #¢lo] ¥ d]o]El(resid) &2 7]

fnames <- list.files("./output/sbrc/resid", pattern="*.csv",full.names=T)
1df <- lapply(fnames, fread)

resid <- do.call(rbind, 1df)

# DATA TYPE
cats <- c("SD CD","HM AD CLS CD 1","GB","BR JOJIK","BR GI_LCLS_CD","WR_AD_CLS_CD_1")
conts <- c(colnames(resid)[!colnames(resid) %in% cats])
for (col in colnames(resid)) {
if (col %in% cats) {
resid[[col]] <- as.character(resid[[col]])
} else {
resid[[col]] <- as.numeric(resid[[col]])

}

# numtocat VARIABLES
ls.numtocat <- c("FULL_APS","ACQ_DAYS","LOSS_DAYS","BR_GI_EMP_T")

# RULES AND VALUES

rules <- 1ist(LOSS DAYS="GB=='4' | GB=='47' | BG=='7"' | is.na(ACQ DAYS)",
HM AD CLS CD 2="is.na(HM AD CLS CD 1)",
WR AD CLS CD 2="is.na(WR AD CLS CD 1)")

rvalues <- list(LOSS_DAYS=NA, HM AD_CLS CD_2=NA, WR_AD CLS_CD_2=NA)

# VISIT.SEQUENCE
segs <- c(1l:ncol(resid))

# CART S} CTREEZ TFA] A&
JS <- unique(resid$WR_AD_CLS_CD_1)
for (i in 3JS) {
if (is.na(i)) {
temp <- subset(resid, is.na(WR_AD_CLS_CD_1))
} else {
temp <- subset(resid, WR_AD_CLS_CD 1==i)

# subgroup temp A ¢7E=

# 1ds.multi METHODS
method.cart<-rep(c("","cart"), times=c(2,ncol(temp)-2))
method.ctree<-rep(c("","ctree"), times=c(2,ncol(temp)-2))

# SYNTHESIS CART & CTREE
tryCatch (
{

temp.syn <- syn(temp, m=1, seed=1234, method=method.ctree, ctree.minbucket=3,
visit.sequence=seqs, numtocat=1ls.numtocat, rules=rules,
rvalues=rvalues)
error = function(e) {
tryCatch (
{

message("CTREE FAILED. Trying CART....")
temp.syn <- syn(temp, m=1, seed=1234, method=method.cart, cart.minbucket=3,
visit.sequence=seqs, numtocat=ls.numtocat, rules=rules,
rvalues=rvalues)
message("CART SUCCEEDED.\n")
El
error = function(e) {
message("CART ALSO FAILED.\n")

})
finally = {
message("")

)

1,

finally = {
message("")
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16) R package ‘party’ (https://cran.r-project.org/web/packages/party/vignettes/party.pdf)


https://cran.r-project.org/web/packages/party/vignettes/party.pdf
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Compatible

Table Generative Adversarial Networks

I
- ,C ass 0
. “PClass 1\
|
Parameters to control|

MMMMMMMMMMMMMMMMMMMMMMM

S

O =
TTt‘ﬂ' e}

=

FEHE viEA &
W= DCGANKKLE 6-2>)S &8

1=
eu

Al

WI

Fake Table

g9 oled MBS
g % 3

.

AR

5SS Hole AF MY zdel
© 24 DCGANS &-&
BAAZE AAF 2249

'}% Z s o, 2aF 4% 02 A

Eia= 8 Pas]
HolHE 12+

| A= YFZEE 5x5 PEZ HIE

slth AR AAE 2319 dlolHE |

A0 2 vhE we 00] MY FEs HEal g 134 JEE A 283
\“‘\U“ Ccﬂ
' By Olug
et | | Rl T "agy "
Real
100 —>
{ | 4 d Synthetic
"2 2027256 4*4*128 87864 1671671 16'16°1  BYBYG4  4ear12g 2020256 OO
Il Generator I Discriminator JI
L
=) Back Propagation
<18 62> AlExiel MAX 2X
TEAE AuAsl 2o A4% TEE AN OE 98¢ ok Aude 99
dlolgle] ZLE e AN FEA= 4E dlolg e FY X (Class)S Hs] o 4
£ 59 FHzEHE A, Yo|, @ oF WG S W, AEAE v £48 BF
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Aol dlolE o] IS ZHIh v, FEARs SEsEHE A, Yol WgE T
ot B o5 gttt FEARE oJn|A F-Z2/9(Semantic integrity)o] E& @
AEE AWIESR Feth 2L SAS @0 2xe v, TR A

S QYRS o, B xjehd FF 2~

N
It

=

[

!

=

=
ox

=y

i

HE9 A= #ho

TGANGIAE QuHalel ZTha A% &4 F5mar ofeh S wA| 47
g 27HE9 £4 B4 ASFORN ABYSS Bole I, ABYSS A
GRS Ak PR £8 §5E AanFosd dolde gvn $A5S Fol
1, AR £4 F5E Azl Be AW A% 2 A5 9@ A2 22 5
et

TGANE ofelsh e Quralel &84S Agal Aust 444E FAA
o A 9RY AW dZSES PREED =EEI, AAE AR SF
AR HHEE WEAD wHSE HPelN 7 2 AWATI YHEG. ot

Lyy® ARA AZ-AT) AY S el £4 Pk

L,.,, =min max, V(G,D) = EllogD(x)]

orig

v~ pna) T Elog(1=D(GE))]. _ (.

TE S 5 L, o Li, © TEAS 3RS sedte W 289t 78

-
e Wgo s TRAS FAICL 5, TRAE 4R gac=
= T &

A
o,

= Sd= €2 Z FEIM s ¥d
< AP YRS 5w olgh v EAFE AT ort A
dlole tial AdAES G2)E 8oz Yevhe H3 359 tidol Adaeke

Ak o=t

L., = Elll(@) = Clremove @), _, )

LG

class

= EllI(G(2)) — Clremove (G(2)))l]

z ~ p(2)
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LS, AEANA [01] WA 2B goz SHo] o]
g Aol AEEY BAFS oM FoHt
WA e A%l MEEY FABL ol§ of
B vz Qo) Agshe oz A9l e JRt S
Yeka ¥ Yok aHER A4 dolEs ABARE AuAe] YUL W o] 9
g nolnk, ABAEI AA dolEe] Hgtin BF >
gtk A% AET AW A HFHE AHSERN FANN £, EE fg)9)
A MES] Rol2 AT o5 AUL2 nom)E FolE
GO FEATh o), YAH(,,,00,0S FoIN 01741;9 o3tz Wel7ha sigol
Aol FES Aojditt ol2e Bl ABYEL 28T & Uk 4 FePRs

=
Aol ) HolHE At Aot dARES W, I vie] Aeed QAR
[e)

Y
Lo
N

In
o
=
o
r
M
e

= ||SD|;fL T~ Paata(T) _SDUG(Z)]Z NP(Z)HQ

LY =max(0,L,,, —o

mean mean )

+max <O7 ‘Lsd o USd)

71EAo 2= IRkl AA A4 Sk A fAbsih AERbel A3t
W 7R S, SR I A 99 2 T S 2 3
g‘ ;:; —14 ('l(ws% ]O—SH

B oEd ghe AN AT BAFL AVIT. olei

TEAES StEdith ol% A

SAEE EE HolEE ol&s ARtelol AR vlEy] A=, FA HolHE ol
8 5 Qlok WA 718 SAZFA S eans Sowr Sreans [oa) BEE A2 AE AR
£ o83l 254 Hulo|Esl= o5 W (Moving average) 2102 ALgo o]
AulolEY] F& w W 2T & gon, dF AFAME 092 HdFsta 3t
A AFHoR L, Li,,, LS, 5 BEF ol&dl ARAS 5ot
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Input: real records: {331,332, } ~p(l’)

Ouput: a generative model G

1 G <« a generative neural network
2 D « a discriminator neural network

3 C <« a classifier neural network
/* Initializing to zero vectors */

4 fmean O fmean 0; fﬁzean < 0; fSZd < 0

5 while until convergence of loss values do

6 Create a mini-batch of real records
Ko = {15 -5, }
7 Create a mini-batch of latent vector inputs for G
Zoini = {215 - 20}
8 Perform the SGD update of the discriminator D with Lomg
9 Perform the SGD update of the classifier C with Ldass

/* Moving average update of the mean and standard deviation of features */

10 Fonean = WX froon + (1=w) X E[f,]

1 fr=wx X+ 01— w)xSD[f]

rEX

mini

nn ni

12 Sinean = WX Fgan T (A=) X Elf o] _

13 [ Su=wxX o+ Q—w) < SD[fe,] _

14 Perform the SGD update of the generator G with
oru/ + LOOO + L(](m

15 end

16 return G

<12 6-3> Table GAN &b

4. TGAN ‘ds H|m H7}| HtH



=, A%, v R $E
LACity, Adult, Health, Airline®|t}. LACity, Adult, Airline Ho|H& J9, =&AI7h E7
S, & 3 B4E 9% $AHES 7N ok W, Healthe B4 9%, =
T-E(Classification) S $13+F £4S 7HAa Utk 3A Ho|HEL T &4 3o %

DMedianyo] Dt 23} AR £ F78) TR A 49 5 A=S AT
AollM ARzl AT ZefolwA] ool F 7hx] Wl gk B7hrt
Stk AW Aol tld W HE ARFez T shA Wl EA9t A
olgste Aoty SR YEARS} oY Jes T ATY
7o 1 %Avg—% 2 AL T S DA

mdeo] Aol QAR SFE 7ASE E’_*a‘«] 7‘4’\7} H] ”3”] E“ Aot
=, T 7R Wjog sk mdo] M2 53 715 3HR|(Model compatibility) Ak
t} B57 ZYolE F-12, 37 FYol= MRE(Mean relative error)S H7} ARE
AR 717 S5 BE Y frAMdol 8% BlolA =& ATt 4% Ao
ol 7] W&ol, Z1AIsks el gk HH stoly speny AL o4A ¥on, o
&k stoly yEHHE o835t i Hla AP oY W F3y3ch

ZefolHAl B tidk As B7HE Aside 9& dzsste] AgE At
QB gaze 2 A 2= 7+ Ade 7P 7R 98 dI3=E shy AFs)k]
ARG o5 501, 1, 2, 39 9& 3'4]:":7} AstaL A, B, C Ad dA2=S AEY
thal ZHgei Al ASt 1, 2, 3 Alolo] ARlE SRS W, 29k At 030® 71
FHobd Aol AEARESte] Azl 03°]th OH% AFoMe 7 £45 [0, 1] R9=E
Atst & fFEUt AE o83tk B, C&F AE&AES] A HA] o] 3 W4
o8 S4dth agx O] Al Hd FFAURE o] &al Zefo|WAr] e FF&
ST olgfdt WS RS olfe 1Y R v AdA AW 54
otk A A" 7INke] Ad e dEAES AR 111 HSHA &
=tk w2 A d2=et 7P AR A7 dEZEE Fob AdE SA%

_

d

_4

.

o

Hmo 2

El
m

5. TGAN 45 47l ¢

F 7HA A" TGAN Rdllg AR shde AaE Zeto]H A (Low-privacy)
20, =0, 6,=0)°]22 & e 1FF Zepo]HA|(High-privacy) 22
(80an = 0.2, 0, = 0.2)0]0}, F 2& BF e 2Aste 8§54 5 o
olg} HinEe R A Wsl B ¥R W (Perturbation) U, THE A
4 EdS AHERT ARXCl M= k- 2R 29, AsHRES 9}

VIIE’(III 9/]-
AH
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s-disclosure 2% S9] <3l uhHS x183t) o]y 3t WHELS —i‘—’:}ﬁgx}?} WA
1 U7k AXRE vHEA

(Microaggregation)S 2-83l1 T17H Kol thsj = NS} (Post randomlzatlon) 28
Aok ol R WE Pl GANE e SHols HeHEE 18T F, Lokl
HAl B, A s SN 7 $& 78S Hole Zs v gide=E AA
stk HlaE 98t A v AdREdEs $4 WEY DCGANO| 9l

6. TGAN A5 7} Zal - £ &E 2%

A EREY ZHAA TGANS 53 AFTS HIGh ol <ad 64>
LAC1ty4 base salary, Adult®] work class, Airline®] destination airport ID &A1) +%
BEEYE Yehd Aotk ARX, sdcMicro= WZARE &A3], A ultA] &7
wf ol eRl Al etk (a~d), (e~h)ollXe ASFE ZEko]WA] TGANO] The W

o £ A A5 ztets A4S BAFET (i~)olAE DCGANZ TGAN 5% &2
E #e W9E AvHez AP AL BoFTh gE SA deAx Blsd %
S Helth o] AFAE EiA A5 Zelo]HA] TGANo| 7H 438 45<S 7}
a1 a4F ZElelHA] TGANO] 11 thgo2 £ A5S 7/HKHge A& & 5 3
T} DCGANZ Elo]& HloJHE 93 v wdo] ofy7] wEe] 3Ms HrEo

2]
Yog HoiF, 7 Wlol 1Y o B 4T g RelEt

P’EI-EET"‘E:Qp §
) pqr_cenra;;e E
. Perf?ﬂti_']"
Ppr‘rpn(alge ;

(a) 0ur~. lou prnmv LA(IQ, fhl Oun |llz_|l pl‘l\.l&.} L.J\(_uy (c) D(_GA'\ LA(I[)— |dl (_ondulxauun LACity
i i M TR YT ' =
1 ! RN st ! T A g o !
] |- 1 | 1 | &
i £ ; E..| .
E: E: ‘ & ‘ g I
wi | . {
(e) (Jurn luw pnmq .a‘\n_lult () Ours,high-privacy, Adult (g) DCGAN, Adult (h) Condensation, Adult

e

Percentage

s,
-\l_x
Per age

==

‘1

Percentage

(1) Ours, low-privacy,Airline (j) Ours,high-privacy, Airline (k) DCGAN, Airline (1) Condensation, Airline

<38 6-4> A=A MAAze 5F £d0Me FHAEZE
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7. TGAN 45 E7} A1l - Model Compatibility

AAAE R 53t Zdo] A to|B R et Rl vt Hs= A (8o
7FseA]) gRlgity. <ad 6-5>9F <19 6-6>2 27t EF, 39 2ol g A
HwE Y= 2dolth X552 d dHolH F-1(+ MRE) A58 Y52 Ad
Azol e FIVRE) 952 etk d7ie] hess % Ael A ©
do] H|=EHA SFEHATE AolBER Ad Aol ¢ds Ueidth £F 439
A5 107 =79 3sloly ulv]elES zb= Decision Tree, Random Forest, AdaBoost,
Multi-layer Perception®] Y] 7}A] F7F9] & 40719 A& A8k A AP 74
107 794 3stoly Igbu|ElE 2= Linear Regression, Lasso Regression, Passive
Aggressive Regression, Hurber Regression 5 & 4071¢] Zd-& 83t} DCGANZ}

S P ol £A ghobd HASA Wik

(g) The best of ARX Adult
ol - e

e X | sree

(k) The best of ARX,Health (1) The best of sdeMicro Health
ol e ] -

(m) Ours,low-privacy.Airline (n) Ours high-privacy, Airline (0) The best of ARX Airline  (p) The best of sdeMicro, Airline

<18 6-5> &7 model compatibility

<39 6-5> (a~d)°IA ARX, sdMicro’} 7P & AeS Holal AFE Zefo|H
Al TGANS Hu2 &= A5 HQlth (e~h), (mp)olA FA] ARX, sdMicro®] 7} %
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T3 AeE, TGAN Edo] THth 25 i 435S HAF (i) Health Hlo]E ol
el A= TGAN Edo] 718 £& 458 etk <ad 6-6>94+ sdeMicroZ} 7}
T F2 %S 7HAA TGAN, ARXV} FltEt) 71&9] W E] £2 AsS ROl
= olfre WIZARE ®FA LAY AY &4 glo] WFgt= ou|olt). 1A
7ol ARAEE olod F e APAel U

1 . ; : -

‘ |

(a) OUFNJOW-pl‘l\’al&.‘}'.Lf\ciT}’ ih) Oun hn.h ])l’lVJL} Li\Clt}' (c) The best of ARX.LACity (d) The best of sdeMicro.LACity

% | e [t

l".

(e) Ours low-privacy, Adult () Ours. high-privacy, Adult (g) The best of ARX.Adult (h) The best of sdeMicro, Adult

(i) Ours Jow-privacy,Airline (j) Ours,high-privacy,Airline (k) The best of ARX,Airline (1) The best of sdeMicro,Airline

<12 6-6> 2|7 model compatibility

8. TGAN d5 W7l Zi} - T2lo|HA| ES

<a% 67> dEARs AR dI= 3 A HEd EFE
o

A ZetolwAl BE S yEhd Aotk LOM A9 Hl e de Aot

NAARRE 188 Zola, ofg U] AY d& WARY 183 Aotk 1 X7}

S5 ZElo|HA] B ALV =i & 4 Atk ARXE 9 AR gsiAe

obrdl W3lE FA ¥7] wiiel W1z RN uHgs o, A7} 0o] Y2tk A5
[e)

F TGAN©| ARX, sdcMicro® Tt B & AT E 2= AS
A, AR} dBAE 719 111 t-go] HA = A TGANO| Zjo]HA] H
Fol SlolN $4% AFL HelFE A2 % & AUt T DeE Tojolux
TGAN®] A4 Zeto|HA] TGANETH & AZE Zte AL Fd, Ad 45y =
Soluizs 5ol g Aot P AE AT 3
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<H 61> A3l Glo|Ele Y= HlojE Atojo] A2

table-Gan table-GAN The best of The best of

(low-privacy) | (high-privacy) ARX sdcMicro pees

QIDs + Sensitive attributes
LACity 0.96 £0.22 1.48+0.3 0.68 £0.52 0.07+0.17 | 0.83£0.31
Adult 0.75+0.19 1.84+0.23 0.59+£0.17 : 0.54%+0.12 0.88+0.24
Health 2.53+0.43 2.75+0.41 0.61+£0.25 1.23£0.34 2.85+0.42
Airline 1.214+0.21 1.23 £0.27 1.46 £0.32 0.98+0.41 0.86 +0.15

Only Sensitive attributes

LACity 0.68+0.18 1.24+0.17 0£0 0.05+0.13 0.54+0.18
Adult 0.45+0.14 1.25+0.17 0£0 0.2+0.1 0.82+0.24
Health 2.4+0.38 2.56 £0.39 0£0 0.224+0.2 2.68+£0.41
Airline 0.96+0.19 1.08 £ 0.26 0£0 0.69£0.36 0.76 £0.16

zZefolA] HE ol 2dl a4 FPHOR mFolol Pk TGANe| A7+
A ARE 7NELR F /A BFE OESE e EAEA gt XY &
Atolol o] e H(Tradeof) & F& 5 3hte] ofeltolt AZFHWA F& AFE
o] A sl A3 Fof 3l

H2E =HE oY Y9YsS 28t Moixiz 478

TGANS 237] 712 4142 $8 ZWoq ¥ 711 2A8S 7Xa ook
WeHow oy f847 =
golAl REE BE AFHE V&S o} F o A7t Dasich AR A4

g} oln| 9

3 b
A RES B2E 397t Bomw, ol gedel
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RIAE 2 AT

] 3
HlolE HolH= ZP3E =
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o] FAFES "W 7N AdAs A4 TlsdAM o 4lzdet
o] It} Conditional Tabular GAN(Xu et al., 2019)S ©|2]3 A HES &
o] A A7 7Ivke] AEAE B4 7]Eolth
AX HA)d dolE A A% (Conditional Tabular GAN, ©]&} CTGAN)S 7]L3}
2 Yolof e FA7F e EASAR A dHolE et Ay 2
HTY dHolHZ FA44 HolE dHolHE Ald
d 2dolth CTGANS Hol& HoJE A&ANMY 7]=2 A &
S AR A3 E A gL tg EE(multi-modal) E3E
=% A58 Mode-specific normalization) 1 *}2] ®H-S &-83}a1,
A kol 343 FEAl(Imbalanced class problem)E 3Z23}7] £]3)
2] A% (Conditional GAN)S &3ttt &3 AFWS 74T wx, H
JolEI7}F & skaE & Qe FERE ARSSth

o T
o,

{0
B
N 1-}4(

l‘{o }z‘f i

=
o)
o,
& Lo
of\
it
i
)
N,
kl
8
rr

—r
¥,
rr
il
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off
20
A
o
Oft
E4)
1-1:1

BN R ot o o o myd

QL
N

= o
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v
A

2 X
A
rO

e A N
4z ofl
i

©

nj

1. REH H33} (Mode-specific Normalization)

—’,:i]fﬂ tole o] AYPsleA 42 v BE FAE 43

£ ARgE A EE Fzt o) RddXe HHAS
HA-FH| A5F3H(Min-max normalization)S AF&-git}. S}X
#3417 oleh A9AY £/ ohd OhE BT 34
A 2HYAET} ARPAA R oz Fdo] FHEX] ¢h= FA(Gradient vanishing
problem)7} AT 4 A} E3E A AAgTo] HolH e tF REE At
A Fate #A7F 28 a5 vk e Farste oled oS afdstr] 8,
AXeE oA dukARl Fee £x&5 £ 7FAIY FHE Ueia 54 4=
£ RES HAAHoE YEWES X

=2, rE rlr

dx gt Wit 7FAIQE &3 B d(Variational



S/CIo|ElE DBE E&%t MaXt

[ [

Hu

A A HF
oo o

e
re
-
©
©

gaussian mixture)S AHES|A AFSLE FdYsl=], FAF < WS ool 2

) <29 68>9) 71 9% ThF o] $AY Holy)
A BES] FHj FAA o) 4 Ful /Mt £ BES 29 AR &
Mol FRRLE Be TR FEA(u)7H 58 WAR colel A9 BRI Wik

Z:U’k Cij> e ¢k)

allk

(CiJ}E— A 43 49 ‘]HJRH g FE, Mk,nk,(pk% 7 kA 7HeAIQE 2O T}

2) 58 3k ¢ o ez TEeAIE REAAY BEu Nein, ) = TETH
N}CN( ”§77k7 (bk) _

aga, Pk)= e o8l ¢ 7 o' THpAIQE EAEOA
SN i, 0,) '
allp

dskeAl dean <28 68004 pyp,py VNS FEE o183 shtel Sl

TEE AP p py py = [0.1, 03, 0.1]012FaL &4, 1 7H-AIE £27F el
<2 20%(0.1/0.5)°] 2L, 212 60%(0.3/0.5), 32 20%(0.1/0.5)°] T}

3 9ol Aol AR ZeAet REe] W HEUAS ol B o T
o ;2 ATrsketal o A st A HA=A] A3t #E(One-hot vector) (3, ;& 3

A g ol 919 GACNA 3 A BEF AREATRE a4 E o
gof o] wANT,

Cij ™ M3

J _

al] - 4¢3 ) ﬂz] [07 071]

Model the distribution of a For each value, compute the Sample a mode and

continuous column with VGM. probability of each mode. normalize the value.

N 5
N e
' \ %
[
4
H "

moom

Cii — 13

-

i A Liiy
3, = (0.0, 1]

<72l 6-8> ZEE M3l 0fA|
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oA A dZE(r)= FAY B i
TAE Feeld 2= AaretE olgdl WeE F£AY HolH(qy 5)% W
dlolg o] st WE(d )2 73° FEirt Aok o2 Hoz X d H ol
ZF glzed tieiA GAR Re RS ZHAA "o

joF WEE g 4s WEd,
PN
T

Ti - alj@ﬁl‘j@ @a]\c]@ﬁlv(d@dl]@dl,j@ EBdN,/J

(@ = Z3H(concatenation) 7]3)

2. TR HO™ M/ dU(Conditional GAN)

I

2% A0H A9 Aue] 9 duAel s ALl dehd dofob
o QukHol A AREe Az AgA A Y= AR Generaton) St 1A
(Discriminator)7} EA3tc}, A= T THHSG 7HAIQE BXOA FE53 J3 o)
HE 9% ol Hole AES AU F1, e dHes we dolg 4
2
1 =+

g

o] Y& AEIA A AEUA RS =35 A ‘Jﬂ el M= olEF 7]

T

A9 A 4w Tz A4 Qo) 54 20 FrbEch webs 44A
t B4 270 B HolHE AdelE 9L Sua B 2, Fold 2Ag
BEste AEARE AL & ok dE 5@ 2oz wgAolRE A4S Fu
AAAZY B AR J)9h BEAS ARSES s BAolh E TE o 24
T8 olulA AUARE VE Ao PETE AR DAL A 2
Wo) A9 ofw e WEE 4LYS W oW Fo] AHLA A8A} 2AY

%it‘r STAT EAR AU AYYE BobAOIeNE 22 FAGA o ol

225 AdH B8

Fe HEY 28X 54 FY2t 4%

data problem)E dA3}7] Al ARG = Aok olEd FAF e BT, WA
A AT 1 8|23 e & FsiA] £, o] F HolE Ad A] o E
vt @A dok ol FA= A AdEo] b FHls ol AF
2 7] wFel dAsA Bk 25 Ady AWM s B9 g5 7
oAM= A HFY &A%k tajx] =2He AL 2H0F ZET & oA
olgfgt Al X o & tgshe SHo| Ut} AT FHart AHHEE HF
g gol Uit 218 Yol Y| wiolth 2R AHuA AgUoz A fo]
HE Adst7] A 59 3714 A4S sidsfof gt



2) oA dHT =l S AT} HolHE sl & ATR

3) 27 A Agge] ogA AA 2AF EXE skgstA & AP

9 EAE st i S AdAFe] AR BE(L, (row|D. = k) )=

A dHolee] ZHR BEX(P(row| Dy = k) )9t ZolAL TS 218 F3 24 o
olF BEE AL 4 T
Plrow) = E Pg(row|Di* = k)P(Q* =k)
k€D,

CTGANO|M = 271 WE|(Conditional vector), AJAAFe] F7FHQ1 &A%k AMZH

¥ ¥ 7 2K(Training-by-sampling method)S F3|A 27| A& 323}

7}. Z71 ¥ E(Conditional Vector)

CTGANS 38 £4%8 2102 AMg3t) o F 5o HolEo «“did ) <3
Frolgte F /MY WFY dolE o] d& Af, 5 Aoy A AY s
FHoZ FA "} o 5o 20 AW doly g9 dAolgta st A=
ol g A" AES THEolof s, e A9 doly 49 waEha shE A
AAe & e 2 AES AdsEE Fddt B doly de g 2AS
=7 98l st WE(One-hot vector) HENY vk ¥WE(m,)E o] &3t HFH
d T e Ext degsta 1 g9 o FY2 F st STt AgsiA =
Ao 2 Yepdth &, ofefo] 27 o] wiaF] WE e d4v)t HdeEd g Mg
Y o 12 FEHD YA e 002 FAHCH

0 otherwise

27 WHe via HEHE

=l , & B my (NE BT
Hlole Qo] 4= FAFCE

m.
T €o] A A A

3 IS o, 5 7o 30
= {1, 2,33 Al 7He) SEaTE T A Lol {1, 23 7 e SRt EAlshs A
2 AZSRAL Wk 28R DA 10] HAFAT, m, = [0,0,0], m, = [1,0]0.2
FHYT 24 WEHE 0,0,0,1,0] 0.8 FHAT)

. AR &4 3F=(Generator Loss Function)
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=
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=

[e=}

[¢]

o 23 Id+E F
#h2=rp e oBmZ my = [0,0,0], my,=[1,0], 270 ¥E

A SUWL7E A9 E AT
<Y 6-9>14 5
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ZYzy gol & AE F AR BEXo AP (Score)S AlAtel, AExiel AL
2 Juolesit AEAE Al WolAA st B AAAE AYE e
A7 S o st
Select from | Select a category 65 B ) 5
D, and D, |_F from D, = '@ \@@/ @\@ z ~ MO, 1)
| LD—J 1T.l
Say D, is selected Say category 1 is selecled ! 4 2 {
Pick a row from Ty, With D2 =1 l ,/ Generator G(.) /
*
‘ aT.J‘B‘|J HQJ 'Bf.j d1,j dﬂl |a1J|E1J a:.] ﬁ2|:|a1l: a‘gll
/  Critic ¢() Vi
Score

<% 6-9> CTGAN, MEE =& T2kl O Al(Lei Xu et al., 2019)

g} A A FZ(Neural Network Structure)
Z2 o ok AA8A,
BHBAY 1B EHES
Sttt <® 6-10>2 AAAe] AW 25 Yehlla Stk WA thg sheAeh
XA e A W 271 WEHE 2] A WA 2Y(hidden) ¥ E(h)E
ot A AZA AZFFC), M A3 Z=BN)H, ReLUT<R 12 E3A17 o
 heot A n & HED ¥ WHoE h, S THETL HETHoE vhEoX
& £ A 92 A g43 s AZsl, o F3ol
x: g W= tanh F5E A

|

fdn H
£
e

&}z

gumbel-softmax U5
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hy = z &cond
hy = hy®ReL U<BN (F Cleonal + Iz\ﬁ256<ho))>

hy = Ny 69H‘?LU<BN(FO\cond|+Iz\ +256H256(h1>>)

ai = tanh (FClupqi s 121 1 5121 (ho)) l=i=<A\,
B = gumbelo 2 (FCT(ond\ + |zl +512—>m (hZ)) l<i< ]V:
31’ = gumbel, , (Fqcondl + 21 + 512[D|

<12 6-10> CTGAN MM} AZAY TM(Lei Xu et al., 2019)

Azt A4 4L PacGANS.Z FAHETE 3 Jie) (2 #WE + o]t
ipuioZ Bol7ke o] ohe 10749 Wel WAM WABOR Hojpid
PacGANS 53 A9 Rt 55« v‘vj—xﬂ(mode collapse)E A& 4 3t} 1071
o] 3o] FHA A AZ A%, leaky ReLU 5 F H E33la npx|gto g o4
A2 ASS A8 et Fs wiEIth erzj J*% WAst7] sl T3l drop 5
Stk

.

I

of

l-ﬂ

hy=1D ... Dr,®cond, ® ... B cond,,
hy = drop(leaky o o(FCiy|, 4 10/conal -236(0)))
hy = drop(leaky o5(FCsg .a56(11)))

A+ ) = FCyq 1 (hy)

<18 6-11> CTGAN A&} AL Fd(Lei Xu et al., 2019)

2dS ke &4 F4EZE WGAN-GP &4 &5 F830m, Adam 3
7](learning rate = 2x 10" )& AT FAIZHQ B A== ot FAID] QU

17) CTGAN .= https:/github.con/DAI-Lab/CTGAN


https://github.com/DAI-Lab/CTGAN
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3. CTGAN ‘ds Hlu E7} 4

O

CTGAN o]xe] Hlo]& HolHE Adste B2 ol spdeojsieh. o] =A|¢
WEIE 83+ WH(CLBN(C Chow et al. 1968), PrivBN(Jun Zhang et al. 2017)),
A A AAAES &89t WH(MedGAN(Edward Choi et al. 2017), VeeGAN(Akash
Srivastava et al. 2017) 2 TableGAN (Park et al. 2018)) 5°] AUt} FFH H7} &
A18) S o3l 7|& WPHI CTGANS] AE dlolg] A T&HE vlw FEA3th
T3, CTGAN Oﬂ A A o] W (Mode-specific normalization, Conditional GAN,
AR FER)ES i AASHHEA Z; Wilo] drpvt &3 QUSIEA At

2 Q& Il CTGANS Hlwal7] 9aia 7709 <lgho s uwEoja oF
tole et 8 HQ] A EAEE HlolBE o]&3th Edo AIAAHTS HlojHEE

g2 woz =4HE 9% dolee A% AdAxEe] W75 E(likelihood)St,
A o 1E1i FA% Bl Ao HAE oy RAZIEES Aakdith A4
o[l A3 HolHRE SFFAIZ ZIASE Bl HAE HoHE ¥ 12, fl A
5 I3

B{7h Azl A AW v 2ok JE HelEE ThARE £ 29, Hlo]
A HEAZAN AGH volHolt: 7he-Alh &3 A 2RE, Ring, Grid, GridR

=
s

—_

EIR= 9tk HolEE 2D 7FAeH Rdol <a¥ 6-12>9F e FHE
E gri de A7 FEE, ringe 18] FHE te Z=7F FAHAJT gridr
grido| Al 7} BEo] A2 XSS & dHolEolth Ho]|At UESLA QlFT
O]E*l: Z 4% dlo]H alarm, chlid, asia, insurance!?) 47]& AR&-dth <28 6-13>

< whe] HlolHE AT wlol x|t vIELZ 9] FEo|t.

grid ring gridr
I T .o % g 0,
I : e 4
TR R -9 o . »
T E E E e T a
O - 8 WO 4

0 2 ] 20 -1s -l -05 00 05 10 15 20 = -2 o

<38 6-12> 7t2AIQt 22 215 HOo[H

18) %% H7} 7|2 FZ: https:/github.com/DAI-Lab/SDGym.
19) "l©]E] Z&A: http://www.bnlearn.com/bnrepository/
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alarm child

insurance

a
i)

<13 6-13> HO|X|2t HEQA Ho|H =

A1A] dlo]E{= UCI machine learning repository®l| 4] adult, census, covertype, intrusion,
newsS 7P 9al Kaggleol| A credit HoJHE 7FAgth A} 34 o]u|x] H|olH
(MNIST)E 0, 12 o] Zl(binary)&}sll Al HO|EHE THESIL, MNISTE 12FAZ FoA]
o]}t HolHE TEUTE F 870 ol o], news HIOJE= 3] F(regression)
Aol A= Y] 770 FF(classification) Aol A-S-E T}

olgl <3 6-2>= A dlo]Eo ot Xqié YUEPAT #rain/test= T} H X
dlo]g 7elth #C, #B, M 42 A58 4, Fel2v) 20 EAse BFE 4,
Za 27} 37 o) EAFHE HFF Jo 7H5F°]‘jr. C, R& HFH(classification), &7

(regression) Ao AHE-EH & HolH Y-S Y= Aot

9,1m

<H 6-2> AFRE|= COJE HE(Lei Xu et al., 2019)

Simulated Data Real Data
name #train/test #C #B  #M | name #train/test #C #B #M  task
grid 10k/10k 2 0 0 adult 23k/10k 6 2 7 C
gridr 10k/10k 2 0 0 census 200k/100k 7 3 31 C
ring 10k/10k 2 0 0 covertype 481k/100k 10 44 1 C
asia 10k/10k 0 8 0 credit 264k/20k 29 1 0 Cc
alarm 10k/10k 0 13 24 | intrusion  394k/100k 26 5 10 C
child 10k/10k 0 8 12 | mnist12 60k/10k 0 144 1 C
insurance  10k/10k 0 8 19 mnist28 60k/10k 0 784 1 C
news 31k/8k 45 14 0 R
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B7F WS o33 2tk Q1F tlolE Y Afole HolHE v dE 2d(9)0]
ZA517] wjEo] AV E(likelihood) S AAE F Utk 27kA] HAVMEE
Ly Loy s A L, = S5 HolE EdS)olr AdAse] TA7Fs ot
A7V 2555 %Jl'é tolel R(S)dxE B8E 7HsAdo
o] M@ aomi 2 A%S #e Ad 2dolga & 4 Utk kAR o] A

[e)

S
bsthe AV A &, bsEot B a%d AESUE AQ

Hir

lo
=
o
v
il

sHA =E AE l°l Elo] ubHQl JMe=rt Hujstete FA-] itk A
F7H491 e = A L, 5 AHESTE Bl & FExe fX% Al AFEAEES
o] &3l Ul ‘j%ﬂr 22 2] BdS oAl AS5HE gt Ald 2SS A
et AR B3 2de] A9 AR B B3} AlgE fAS A, P
Fahs FAg wolxQt MIEYAAME AAH 2=z = A A &
Wk dAMe] 20F REE FAY L, T HZE AE] A 2Y(9)l o
s EE ouisith Ald RY(9)E T Shgely] 98 AldAisdE fle AR
BREFSAIRE B2 £ A, 2 FR)7F Besite do] JARE A F o)
Aok L, wAE 5L F i dFEET} shE FREE EA(mode collapse)
g AT Ao AHG 59 EAF 2 L, = ¢ @S Y L,
€ o W2 s A Bk wEbA F 7] Ve E EFolA 5% ghs Ko
= AE dolg A Wgo] $4g ot

ini 5 i A E i | | Trainin Synthetic Data - Synthetic
Trainin s Synthetic Data [ Synthetic ! ! [+ // / >
’: Dﬂ‘tﬂg i ’J| Generator ; ’ mea L Data Generator Data

& L Train prediction
b - V' modsis
| Likslingod o o 1

Moo L pemsEET SR
Leam oracle i

| I TR
parameters from | I Decision Tree] !
| Simulated Data | / synthetic data T !

i Oracle§ | | i Tedgt: |- | i
| S ! g Linear SVM > Fi
1 Pass the oracle - H Blalz : | R2
v p ; ! i me |
i i 1 1 1
____________
Test Likslinood o st F[e -parameterized | .l |
Data v AR el 3 |l, Oracle & | Y

Test prediction models

| Parameterized 1

<1g 6-14> 215 HIO[EQt MK CIO|He =& E7t &¥(Lei Xu et al., 2019)

AA dlolge] HrF W HAVFEEE A 4 §lojA Ay EES o]
g3t AdAEE 7ATE 2dS golE 9] o= HFE ALt
) 3 FAL A 2 s A, B A A$ole accuracy, fl HE

Axkstet. Z4zke] dlolgo tisl] HAS H4E Zte uE sto|d dv|EE 7f
HAlgd 2d oy ME AMIY 2l oY e A4 HEs ALt A
zZte] Mg AL ol <& 6-3>2 ZF A tlo]go] AME-3F mdly) AfdxFE-
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7F obd AAl 4 HolHE ol&We W, HAE Aot

<H 6-3> 2} MH HOo|EHY 7|AstEs e BHAE Ma(Lei Xu et al., 2019)

dataset name accuracy f1 macro_f1 | micro_f2 r2
Adaboost (estimator=50) @ 86.07% 68.03%
Decision Tree (depth=20) @ 79.84% 65.77%
Logistic Regression 79.53% 66.06%
MLP(50) 85.06% 67.57%
Adaboost (estimator=50) @ 95.22% 50.75%
census Decision Tree (depth=30) | 90.57% 44.97%

adult

MLP(100) 94.30%  52.43%

. Decision Tree (depth=30) | 85.25% 73.62% 82.25%
CoV e

P | MLP(100) 70.06% 56.78%  70.06%

Adaboost (estimator=50) = 99.93% 76.00%
credit Decision Tree (depth=30) : 99.89% 66.67%

MLP(100) 99.92% 73.31%
intrusion Decision Tree (depth=30) | 99.91% 85.82% 99.91%
MLP(100) 99.93% 86.65% 99.93%
Decision Tree (depth=30) : 84.10% 83.88% 84.10%
mnist12 | Logistic Regression 87.29% 87.11% 87.29%
MLP(100) 94.40% 94.34% 94.40%
Decision Tree (depth=30) | 86.08% 85.89% 86.08%
mnist28 | Logistic Regression 91.42% 91.29% 91.42%
MLP(100) 97.28% 97.26% 97.28%
Linear Regression 0.1390
news MLP(100) 0.1492

4. CTGAN s ™7}

A5 H7HE Ya) vix|Alel= 50002 =g
o dlo]E 9] g mjx|Ate| 2 utE AMEH S

3000 F FAsEAE Sfrte] o] Fnf
(Training-by-sampling) S 7133

E3E ¢ 302 HJFE AR

by ot tlo
o
o

29 Qo) glE S
G olth mae] #9128 A

1 = 5} 2F
st e HiolHE ¢HE A= e o8 EF e, @ A 2 A



SAHOIEME DBE &&c MoiAtz dd LE A 99
<H 6-4> 2 2 d5(Lei Xu et al., 2019)
Gaussian Mix grid gridr ring
method Ly, Ly Ly, Ly Ly, Ly
Identity -3.06 -3.06 -3.06 -3.07 -1.70 -1.70
CLBN(1) -3.68 -8.62 -3.76 -11.60 -1.75 -1.70
PrivBN(3) -4.33 -21.67 -3.98 -13.88 -1.82 -1.71
MedGAN(6) -10.04 -62.93 -9.45 -72.00 -2.32 -45.16
VEEGAN(5) -9.81 -4.79 -12.51 -4.94 -7.85 -2.92
TableGAN(4) -8.70 -4.99 -9.64 -4.70 -6.38 -2.66
CTGAN(2) -5.63 -3.69 -8.11 -4.31 -3.43 -2.19
Bayesian Net asia alarm child insurance
method Ly, Ly Ly, Lyt syn Ly Ly, Ly
Identity -2.23 -2.24 -10.3 -10.3 -12.0 -12.0 -12.8 -12.9
CLBN(2) -2.44 -2.27 -12.4 -11.2 -12.6 -12.3 -15.2 -13.9
PrivBN(1) -2.28 -2.24 -11.9 -10.9 -12.3 -12.2 -14.7 -13.6
MedGAN(4) -2.81 -2.59 -10.9 -14.2 -14.2 -15.4 -16.4 -16.4
VEEGAN(6) -8.11 -4.63 -17.7 -14.9 -17.6 -17.8 -18.2 -18.1
TableGAN(4) -3.64 -2.77 -12.7 -11.5 -15.0 -13.3 -16.0 -143
CTGAN(3) -2.56 -2.31 -14.2 -12.6 -13.4 -12.7 -16.5 -14.8
Real adult census = credit cover. intru. mnist12 | mnist28 | news
method F1 F1 F1 Macro-F1 | Macro-F1 Acc Acc R?
Identity 0.669 © 0494  0.720 0.652 0.862 0.886 0.916 0.14
CLBN(2) 0.334 . 0310 = 0.409 0.319 0.384 0.741 0.176 -6.28
PrivBN(3) 0414 . 0.121  0.185 0.270 0.384 0.117 0.081 -4.49
MedGAN(5) | 0.375  0.000 | 0.000 0.093 0.299 0.091 0.104 -8.80
VEEGAN() | 0.235 @ 0.094 = 0.000 0.082 0.261 0.194 0.136 | -6.5¢6
TableGAN(4) | 0492  0.358 | 0.182 0.000 0.000 0.100 0.000 -3.09
CTGAN(1) | 0.601 | 0.391 = 0.672 0.324 0.528 0.394 0.371 -0.43
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7HeAIRE E dlolHelA CLBN PrivBNe 7, H7h 4 42 A& & F
Atk ol F Edo] A&y WHIE oy WEE x| ] ol B
FAolty. MedGAN, VEEGAN, TableGANS thER =7} stz £53

ﬂ
rr
2
x4
2
&

collapse)E F5}IA] Hth CTGANS HAHR] H4 EEXE S W, mode-specific
normalizations E3l o= 2T £X3 dolgE zZ AR Hlo] X ¢t Y EYA
tlolejoll Al CLBNZ} PrivBNo] HW|o]x|¢t HIE =0l 7|vks & wdlo]r] ujid] =

- HE
o AHA5S Wil Jth CTGANS MedGAN, TableGANHT} 25 UL AeS HAF
I ok AA dolgelA CTGANS] Aso] FHETh tFEe AA dolg ol
CTGANS 93k Ad5s Hosa Qi

5. Mode-specific normalization, Conditional GAN, MZAXLF=
ds Hlu g7}

CTGAN®| 4] Mode-specific normalization, Conditional GAN, A7ZAW1+2 37[4] EY
o] FR3H AT <3 64>+ ol5S AAT H ALHE H5et ¥ CTGAN
Age] BluE Faf 3714 EYY 35 HojFr

Mode-specific normalization VGMS ©]&3] Z=9] 74-E fF =5
R NFE F5AE FAA ¥ 188 EE NFE ARAE W, 859
sl2he Bk S7H(GMMS), 107H[GMMI10)e] 1" RES ARSAS w), ZH7 4.1%,
8.6% A= A5°] BolH T & Mode-specific normalizations ©]-8-3}A] &l HUgS
1, 432 -12 H3S= Min-Max normalizationS AFE31S W], 25.7% A=Y A%
stets HAAth fEdeE RE JgE FA3 dAZse Aol a7t Aes B
o F Tt

)
o
fru
o
o
o)

k)
HolEHE B8 FE3UA FHdth FduolHE XL FE3A &3 A
:lél hyA

|
HE AS3H 714 AUz inputoi Yol FHS JPg H7F <iE 6-5>9

A “wio S0l Pt o213k ABE CTGANO] thafdh z3te] Fdd|olEd] =&
Hol F o AR SiGHE A Walste AEelth “wo CPE R7|E F5L
“wio SOlA ZAF WE7EA] AMEEEA] 2 Z-golth folA AR AAY x4
FoulEls Qg MYd MFE 43S vtk F, Aol & HWFE &49%
S BAHoE AAA e Alolth oleldt 2US BWASHA od A4
A7F GobA 71t LS wHEAl HH ARAE AAE T AEY HFE S4%
S AT & A "k o]ld AS AdAe REgTE 2 WY 4% 44
FASkAL Rzt 2 FET H53H= mode-collapse A7 HASH] ok 2b2h
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o] 7A9-olA 17.8%, 36.5%2] A% stets Btk 53] & dolHe Y2l AE
F7F Zpol7k Ad 27 F ol AW Aol =H, HEHSE credit HOJEIS] fl
A47E 00 ysith, =215 Adld A (Conditional GAN)©] &3 Ho]Eo] dn}
U B3ZQIA] HojE

AAY FZ CTGANOIAE WGANGP loss$t PacGAN(Pac = 10)S AHE3ch duk
29l GAN £AFT AREAS We 65% B 4450l BolAl WGANGP <43
T ARAS e 3 Aol 25 STHTh duk GAN E4349t PacGANS
23S wj& GAN £A8TRS ARRS jHoe Asol 25 23t -52% A
T HATh WGANGP &7} HolH A oi o A8, PacGANS
WGANGP &4 3R th ARl GAN &880 a3} Q&S HofFEr

or

<HE 6-5> Mode-specific normalization, Conditional GAN, AMZAYAX0| 2 o
M3} (Lei Xu et al., 2019)

Mode-specific

N Generater Network Architechture
Normalization
Model ) GAN +
T e GMM5 | GMM10 | MinMax i w/o S. i w/o C. | GAN | WGANGP PacGAN

41% ¢ -86% | -25.7% : -17.8% : -36.5% | -6.5% | +1.75% -5.2%
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AdAzE= 19939 A= 413 7]&S o]&3sle] AAI=SE Aot
(Rubin, 1993). °]% FAY BR¥S FE3= W, =289 HJREHAS SA3=
+ 9T EE2016) B AR A

AAQ017)A AFARE AlstEom, ol 7Htez oA AFXEE AW
T=3 A7 5 oz AT EAA EA o] AlE el A DB thdte] =}
B2 A AN ARES JAdsks AL AR, B RuMoes AdExE Ayt #
sk o] 22X W83 3 AlElE Aisk A A UES =93 Yol &
5 AQAAE LS Y3 A2 FAEoE dAFEHI IJE GANS o83 A3FAE
HOL

4e aspshenh

il

AFAE A DA Ho A7 ST QokslH 72k EAV|BS 2AozE E
A% 28E o8 AUAR AH AT IFARA, FAd Held EE olg
@ AdAE A4 e

I ek

A3 dlolele] JuRE FEL olgH o By
obfl AA A5 AL AEZ 1 FFo] A= FthJordon et al., 2019). webA]
ARAZ A4S SAstel Bk & 1EAA FASe] ) AS Wk ol
AAAEY] =298 =Ao)| B3 0|24 WAL ¢ Fesitly & S gk
o]
1=

l

dAEE] S 94
g IR 918k
S
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2y, AE(2016). wlelaZHolE FRE S 5AF =AY WHE 1E, $85A
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Abstract

Study on Synthetic Data Generation Methods
with Applications to Statistics Korea RDC Data

Min-Jeong Park, Jungim Han, Noseong Park

Data serves as the fuel driving this era of the fourth industrial revolution. Data
is also needed in order for a machine learning model to be learned. High quality
data can enrich our lives by the advantageous application of high-quality analysis
and a well-trained sophisticated Al model. Data sharing is needed in this sense,
but often data is not actively shared due to privacy issues. As nations around
the world reinforce their applicable Acts and regulations regarding privacy, there
is a concern over further reductions in data sharing.

For the protection of privacy, data anonymity has traditionally been employed
to keep the disclosure risks of personal information under control; furthermore,
noise addition has been suggested to satisfy differential privacy. However, if such
a technique is applied to actual data, it will be accompanied with problems
including a decline in data utility. This is the reason that the generation of
synthetic data is being studied as an alternative to control disclosure risks and
secure the utility of data. The synthetic data suggested to overcome the
limitations of the traditional anonymity methods refer to data generated from a
distribution similar to that of the original data. Such synthetic data can be
created through a statistical model, but recently eyes are also on a method that
uses state-of-the-art deep learning technology.

This report explains statistical methods to generate synthetic data; methods
that measures disclosure risks and the degree of information loss with synthetic
data; case analysis of synthetic data created at domestic and overseas statistical
organizations; and results of synthetic data created on a trial basis at the actual
database of the Research (Statistics) Data Center at Statistics Korea. It further
introduces research trends regarding synthetic data using deep-learning
technologies.

Keywords : Privacy, anonymization, synthetic data, multiple imputation, GAN
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