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Abstract

This paper investigates synthetic data generation methods and their evaluation measures. There have been
increasing demands for releasing various types of data to the public for different purposes. At the same time,
there are also unavoidable concerns about leaking critical or sensitive information. Many synthetic data gener-
ation methods have been proposed over the years in order to address these concerns and implemented in some
countries, including Korea. The current study aims to introduce and compare three representative synthetic data
generation approaches: Sequential regression, nonparametric Bayesian multiple imputations, and deep generative
models. Several evaluation metrics that measure the utility and disclosure risk of synthetic data are also reviewed.
We provide empirical comparisons of the three synthetic data generation approaches with respect to various eval-
uation measures. The findings of this work will help practitioners to have a better understanding of the advantages
and disadvantages of those synthetic data methods.
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Table 1: Summary of generative techniques and evaluation measures

T2 T
#AH FAEA
ARz 7 H] 2.4 o] 2] qt

Q1225 7]4F: CTGAN, TVAE

o 81 A% e /-84 Propensity score, /2] Sk, o-J L, B-H A&
T o o a1 5
E4 484 A= 77 FH
LE YEE A2 AP & e, $4 & Jd=, 544 da

7}A] 1@ o] k2t o]of, Rubin (1993)3} Little (1993)-2 J R B 5 2plof|A] ot Al (multiple imputation) &
S5 AA JEo] obd YEARE 7o 2 1914 02 A4 H A A= (synthetic data) S AJAJ 5] T4l
Hj ot B S 222 A skl o, s -2 vl=, &5, vt 5 B2 =719 SARA 71 Tl A A
Bl =] 31} (Drechsler} Reiter, 2009). | §h=k AH NSO S5 9y S717|8-& SH o= A=
A d A-go gt Aofet theket Aot Ha = 2 Qlet (Kim=} Park, 2019; Park -5, 2020).

AT = WS RIS st Y 2] FH = D2 Ao F-E @A} B (partially synthetic
data)?} 4] glo]H& AAsH= e @A = (fully synthetic data) 2 T2 4= Qlth. 2 F7-9] A=
gt A= A 2ol 2 QIS EHH o= o|Fol =, F& AR gt 27 AdFEE I IS
A A1 Little (1993) =23t A3/ of] th 8l th-= Reiter (2003, 2005)7} th 34 o™, 2b2d A= o thgtk 7]
A== Rubin (1993)2 2742 Raghunathan 5 (2003)0] 1t} R, 2ol = Q1A 71918 A5 A4
5 (deep generative model)-S B O 2 A AXRE AASH=E HHE A1E T =0 (Xu 5, 2019), o]=
9 AR A= ) AL 2 olset & oo,

AAARE AR L8 sp7| 9o AATE a3 Ao AARR ] Hrioltt. Adxtze] J4 ¢
HiEE AiQleluy 71 AR A $go] gl ¢hAgt diolHE Fste] &84S SN AL FHo=
gttt shA|gh A= E S8 BAY QEARE 85 240 IA OE 4 25|y d7A E AR
A7y AEE A2 WA & 5 AUk olof, A== AEARS] "5SS BAALS SA0HHA R
FE9 S Eol= Aol Fa7HH, o= A {8 (utility) 7} =& 9194 (disclosure risk) S & F7t
S 4= k. ARt = 9] H7EA] Fo gt 2= Karr 5 (2006), Drechsler?} Reiter (2009), Snoke 5 (2018)
SOl EAoH & FA Sl it AT = AHE R AR {FE s E R EAIAREE THOR
o]FojHt}.

2 =RoAE HT AT R A= A 71 HES AVHst 159t ket Aol A AA = %L
| J7t ABEE o]-§5to] o]&& Hlwstarat ghvk. 22, o] & ol @A7A] AdE A@AE 7|HED
37t A 5= gt olAfE = A0 do =2 AP AR Ao EWrE a1t §iet Table 12 &
= AHEE AdAtE FATHET PR EES Qo] B, AR 82 ZH2F 24w 3%l AT
shlek. 18ar, AAAE Aol AREE FAH A AlESte A=AFG A 2 AL Blo] B (SURVEY EST data)
= 2.1 Attt 2 dFolds b2 AL Adider W o AAzt= e Aol disiA
o3, Table 19] Q= APREY] 847 & IAY SEES SHOE H Wt 3.4 oA &7)5H=
Sed =l 37 o9 G884 2] E(global utility measure)2} E73 -8-8A] 2] E(specific utility measure), O]
F A2 E5T 4 ook g -84 A2 Akm AA o] EExH I BEAS drh BsHA §-A]st=A]
gt SxQl vtd, £ 584 A FE = B 24| tlojel 9] H8d AL 7Hgsta, s Aol A=At

o

2ot A=t dubd fARE AYE YEWEAE 7R e R 8788 eEdith 3.L1AT 3.1.27 o) A

3 Park?} Kim (2016014 AR E)AR 2 ¥, o] 4
2013) 25 HYE QLS.

Aol A= Aol (Park 5, 2013) B AR (Lee,

Mo
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Table 2: SURVEY EST data description

78 R M5
e SEX EEREEICTE)
T SUMNAT_CD ohE o Ok W
WORKER_T = 2224
k- EMP-T FERE FAAS
BIS_MNTH gAY 4

4275 propensity score measure, RE7H] 2] ZEL hEAS) tho] §-84 AT dlAolch. B -8
4 A EO| EAQ o2 3137004 AAFHE A1F 7 Z A E(confidence interval overlap)o] .01,
ol HlolEl 7t AR BIF RAo] AL SEIE A9E /1ot §-842 WA 328 HE A 1 E 919
I (identity disclosure risk)2} &4 &= 9]¢ & (attribute disclosure risk) 52 =& 94 S &2 A7)ttt
T3 330 A= T Alaa 5 (2022)o4 AAH M2 AR =& AT -84 H7HABE &
7f2tet. o]o] 4%el| A= AN @A R HHEC) oo A H MTAGAZAL @ H ol H &S Tt Bt
2| BEL o] §sto] HlaotH, 5o A= 2 =22 a9ty o= agjo] & AE5S 7]tk

2. A32tE 4 718

A= Y 7SS 71est] 9 AHE 2758 WA 2% Ad tiidel He Y42ARE D,
@A RE Dy, G2ARY] WSS x; ( HA o] i A B=52), A= P52y 2 E7|
dE2Atm et A= O] gL M= A2 ny, n2 B8, ol AN n, = n, 02 J¥T 1124,
Az Wao) e p2 B3

o] FollMe WA A A2 HR2ARE 2.1 M AT 5L, 222 AR (2.274), W4 Ho] A ¢t
(237, 1 AFF24) 5 A 7 AR A e AU T 2 =l dE2AR D9 BE
Hao] gEgte Adste & Adxta Aol Zaxolrt

rE

2.1. SURVEY EST G|O|E{All A&

2 g7t Aol AHEH A s = FAIH A B 5h= rro] A2 H| o] 524 H] 2 (microdata integrated service;
MDIS)E 5ol the = ERR2 2019 HFARAA| 2 A} vlo]eloloh. = ZAFHAY AFGA & T EEATAR
F ZE 5600 sfigohe 24 9 FHA NAAIA n, = 694, 741705 2 A 9] YT = A o5H3iTh
=4 9] 1 OJ5 5] MDISO|| A AlE 5= 20017 €] M4 - Table 20 AP H p = 5742 W5 A8 E= 7+
Sto] SURVEY EST glo 641 Adstqlon, 9o e 4rlg zHzte] Alass WSS 48619 Table
20 Sl W4 5 FUME e dEAR e HdAE B FFY HeE ZAIEYD g
20199 1295 7|0 = gHitsto] A5 oot

2 Ao A& SURVEY EST t|o] B Al, MDISO| A A|5-5k= A A Hlo| 8 Kk H9] 7471 2
ARk, AREA QI AFG A AP AU AL s 542 Il & 7FA AL )17] wioll AAA QD A A=A A gtsiet.
A7), SURVEY EST H| o] E] A2 HRALA A ZAL A A XA E o]39, thd e, A4 W7t 25 a3t
w]o] Qlth. T3F SURVEY ESTO| ‘& FARASG & 82 FAR 7 “52](WORKER_T > EMP_T)©]
HFEA] BEE E oo 5}, o] = o | E(edit rule)2 ©]-§-5to] AAE =5 Y-SRt FAH Y AFAA
ZAFES] BAS B
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Table 3: %7}3] 7| 23S 0|23t SURVEY EST A@2] Y] 7}4] ¥

X X> X3 X4 Xs
| SUMMAT_CD SEX WORKER T EMP_T BIS_MNTH
SWR Reg CART CART CART
SEX WORKER_T EMP_T SUMMAT_CD BIS_MNTH
2 SWR CART CART CART CART
3 SEX WORKER_T EMP_T SUMMAT_CD BIS_MNTH
SWR CART-S CART-S Reg CART-S
. SEX WORKER_T EMP_T SUMMAT_CD BIS_MNTH
SWR CART-S CART-S CART-S CART-S

AU A T SR, T WA F2 AL E TR I, SWR'E QDS T

22, £315|72H2 0123 AR MY

£=2}3] 7 & 9 (sequential regression modeling)-& ©|-85}o] A|AAtmE A= HH-2 R 17] 2] synthpop
(Nowok 5, 2016)°]] :rLOJQ‘ﬂ AUtk =22l QA A= dEdAz o] FEHF X, X, 0] A9t
TEE AR ARG S o]-§sto] Tk, AgRE oA Ad A= EA (sampling) GA| A I ARG =
o g3te] 7402 B

HA Aot o] F4of s ettt A2 w5 o pl Wi 2GR RS

Frnx) = A Aol x) - fo (x| X3, x0)

of o] Hajlgh 7, Zh7He] AR BE fi(xilxi, ..., x; )5 B2 0 2 FH3ct o] Raflo] o] L= W4
o] %A 9] E}E} FEmo| FH3ko] R B R, o] %A AP o] 847 afFolof Gt A WA W40
BE fi()E 9EAR D0 R WA ¥ FELS (v, 2,112 point mass BEZ FFC) =, A WA
4 X10] 490l E WFgolE
A@=PXi=0=—> 1(x=x1) @.1)
0 =1

oltt. 7141, 1) AN oItk W47t APl Aol AYUEFSEY 58 o8¢ B A&

TPsslA g, B =R AgoAE A WAE ¥EY WG Foart
ZARBE fixlxi,. ., x0)E FHE e WS X0 E5 (‘ﬂ%ﬁé, o4+, W3 5)of wet Mg
59123 & Yol oloF ATt oIS 571 9151 /WA A ARA X7 QA4S B8 A2 A A5l

RYX; = fo+X, BiXi+eS QEAR D, 2 o]-&af Agste] (Xlx,. .. axj—l)'-q BEZ2 Ho] B+ X B
AR Z@%‘—’F Utk &&, AA| dlolel oA &elstr] of el eapeke] A4 =i 71, 19| A4
71 o] o] - lon g AFAS 7HYSH A 5| R H ot OJAFA A LR (classification and regression
trees; CART) (Breiman 5, 2017) 59 H| R3] AR P o] ¢ 25 Aot} (Reiter, 2005). 2 =59 A2t =
8 A= JAHEAUR o b5 B AE I ARGTE o] &5t o, 4138 A A Atm Aol A=
AP AR P& 2okt ohergh o] 2 4= qlot.

=02 Ao ARER JAPA A R e 22 AE] 3] RS o] 87t 2K o] A of ool At
th QA AR S o] 88 o X7 Y W d v 27 JAEAZAURE £ P YL e 2 gAEAY
F= Attt JAEAUE Agel= RY rpart H7]1 A& o851, A4F Haof disiA= dEZDE,
A3 Ao oM+ AY A& S = Aoty TS HA6h7] 9o A7H AE28uTol ¢l e
T 3717} 5] (synthpop 37| 2] 9] default &-4)0] | =5 A5t o 7| A JEZH Do o M Xy, ..., X
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Qtt. o] =R AdoAE dYHE Xy, .. X o RURE GPEELE 2E X0 7 gto] &2 o
Y 2AAH FARYE o]gsto Aoty on, 7 ¥ x 57
SHE P(X; = xlxy, ..., xjm1) = me(xn, ., x50 E R O] W], m(xy, .. xio)E x9] Fholl i o2 AlSE
7t 2R 2 E g4=0] et

9] ARG AT B RAREE 24& £A3FH 0= v Uy AEARRE ALt ol
213 A Ao A AHERE Mo AR ARE T oA ] theQl o HAS 535 doj7et A
HA H0] XS point mass EEF FANODZ p /i AR yip,.. oy yu= DEFR X1, ..., X1
o A T=E-Y5Z(sampling with replacement) 3ttt A @2L= o] = A =7k y, 2 HEH A HA A7k
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2.3. H|24= H|0| 2|2t 2 F 0| &8t A A= 4

H| 22 o] 2] QF -2 o] 1t AR EAYY 712 vl= o A=Y 1] leF TAE 52 siel =71
SAZIEONA FF A= AL Tt (Hu@t Savitsky, 2018; Kim -5, 2021). 2 -0 A= H| R 4= Ho] 2| ¢ B3
% 949 e WFY WAl TPl Y AR PES 2okt S47 202 L7 Murray
2} Reiter (2016)2] HCMM-LD (hierarchically coupled mixture model with local dependence) X &-2 0]-8-5}¢]
@22 A,

HCMM-LD E 2 th53 o] A4 Jez 2z o] JeHiE gt

711 HEF HE X w= = X, ,X,-pwr)r‘;:—o] 28} the} B I (mixture multinomial distributions) & T2 &=
Ao = 1A,
712 A& M Xias = Kipyarts-- - X0l H5E HFE Y42 AMESte 29 39 23

o
o
S

(mixture regression model)& 2= 721 © 2 7}
714 3. =3 o) 2xet 2 39 BP0 AHEE= 74 24 S(mixture components)o] T 2]E| I3
(Dirichlet process; DPY& Th2 v, = 4 chqlzho] O£4E st 04 94 DPE mEchy

7H et
ol& 4102 BHsHA thgat Lok
Pr(Xy=dl| si{¥j . Ws))) =Wsjar i=1.ne j=1. . pyz def{l,. L}, siefl,....S); (24
f iz | Xz, rin (Bry . Br) (20, Zp)) ~ N (B Xz, 5,,) . ri€{l.. ., R). (2.5)

ol wl, [;=j WA B3 A7t /M 4= Sl 59 T Aol ¢y = W - W) = AE T Bt s
ot rim 25 UBWl= A HSE, DP RS 25 A7) 58 840|th WA j3g vi4o] AR xrt
W% Al Ee] RolA 24 58 G5k 1 el Adehs AAE (i ¢ s, = sitol AT 2A 0] W
A% =X (joint categorical distribution)®] 4= {¢ ), ..., ¢, }& AR} npI7IA] & H| 57t oA 3 4]
o A4 W4E0] ARERE AUT 4 Ut AASe] Bold 23 re BAST 1 2ol Ak
MAE (i - i = ri¥to] 2| AA S B}t T8 E X2 4 5t=t o] &=t
ol wj, 7§A| iz} of 2] FHl £ 4~ = 7Hed= AElotal, ‘AR o] FH o] By Ajtof o] §EH =
=2 517] )50 4] Murray 2} Reiter (2016)+= Ishwaran®} James (2001)2] stick-breaking constructiong ©]-&5}o]
oh&-2] DP AHIRES 714 s ek
s—1
Pr(s; = sl ki =k 1, D) = A = s [ [ (1= Ay) where Jy ~Beta(1,0) for s=1,...,8 =1 and Js = 1;
s'=1
r—1
Pr(ri=r| ki =k (M, 1g) = M = Tir | | (1 = 7ir) where 7y ~ Beta(1,0) for r=1,...,R-1 and g = 1;
=1
k-1
Pr(ki=k|m=m =7 | | (1 -7) where 7 ~Beta(1,0¥) for k=1,...,K-1 and 7x =1.
K=l

ol wfl, H/F¢] Foll A= e T A ke 5,8 ] 2SO JeiE AT 4+ s
gtk ol ufel, HOMMALD 2.2 W73 ¥iso] Aq REs} 129 a0l 817] ng 71o] 25 S
S AT 4 ks BHS 7HA10, 29 mis-specificationo] g 9215 H48h T 4 Y FAS
7231 Qict

AEAE HolE Ds = {yi,.... ¥l BEL, 919 P& 2= D, = (xy,..., %, )0l AFL T, oh-F 9]
AFE of| 2B 3 (posterior predictive distribution) 2 5B A 2-& ZF2 HH5HA AASH= -4 AxIch

Fil Do) = ff(yil 0) (@] D,)do. (2.6)
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o] o}, = 9]¢ HCMM-LDRE QoA 271 R= 45 ou|stH, f(01D,)= YA = E o]-gste] 47t
O AT IS SJulatet. 4 2604 @A R HlolEl <] AT fZEE AN] Hio] Wag A0S EA
5401 QAT AA| A4t A= nt2 3 T AN & 7= 2 (Markov chain Monte Carlo; MCMC) 2 ©2] 243t
W02 Qo EshEA, o] MR TETh 20i7] 0% (IO)E o185k D, = (y,...., .} & AT
ol|gt HHAl o7 AAFHE D9 A (2.6)9] Fxo|A A EH Fho] TUT BRE 7T A2 o211 o]&
(ergodic theorem)o]] ]3] = Fc}.
A7 AFEE H B Hjo]Z|F B2 MCMC o g B4g F45k7] ol thE Y& HHe
o} A4EARo] @2 A S-S 7HA DL ok SRR ARGAF o] 2 A A Sof Sh= tuning parameter”}
9] 7] Wizl ARgAbe] Adglo] dEE EAR=E BT 4 Ak A 7HA L ok Bjh BE
SRR 71ES AAE] 7]&5tol, AR oA BRAR BES Y 12 ARoNFEA 2 734
AAE SERP o R AYs) £} ol thE 7|AIES 719 @A A HH o vls) A= P4
SuAe BAEts 3RS AT e,

2.3.1. H] 25> H]o] ]9} 7 E-S o] §-5F SURVEY EST Hjo] €] 9] A&

N

e o &1

jgr&ﬂ I

(249} (2.5)9] /1 &2 o] §-3ko] SURVEY EST dlo]e]9] v o] ot B 23S Amsha &}
.5 $4= SEXQ} SUMMAT CD+= X; oz = (X1, x2)7F E|H, 24249 & 59 74 o]3H =<l SEXS]
I, = 2, SUMMAT_CD®] 7 =902 AAHr} Ur‘j17~1 TEL A5Y HE HH x; 92 = (X3, Xu, Xis)
B B el E% FenE E O o Q4 Magre) WAL T

AAFEA, 1812 A% 2 4] o sjael gRA HFRA

T+

N

U o o

2l

o &
=}
oA gt zo] vl Ho] ] SjoF of= 2§ O] F-ZX 1 tuning parameters
7t A9 glon, FdstA AAslof st FE2 7k 239 li“’]‘)ﬂ 2NAG7E M & Qe Hdigie s, 2
Ao M= (R, S,K) = (30,50,40) 0.2 Akt Z42te] 2djgte] S-275] 2A AR =] ] 7=
MCMCof| A B E =1, 51, kig& 20F5to] RIS 4 Qi 2 Aol A= B4 2 = (20.0, 25.6, 20.0)74 9
THE0] (1,5, k)9 Y| W42 Z2F T4 = o], oln] AW (R, S, K)7t F4-5] A= A& FRIsk3
\:]- Z83] 4~ o] = Markov chaino]| A AFZEE 2 QAz2 S AASH] €35 1,500 2] burn-in iterations
L HHESI T, ZF QAR E Aol EH ol Ae 2 B 95, burn-in & 1 500 iterationsol|A] gF 7| E 5
] A =E Aot

o o

J
=

>

i)

F—%
ko
oflt
Mo
>
oo
o
N
N
A|m
oZi

=

2.4. 25 A1EYS 0|8 A= Y
shol = 2 & é‘.%*@*é nYS g8 HHOJX}E A4 71 1EH°H/‘1ELE43JE} e

KX =xZ=2)=f(Z=12) fxzX=x|Z=12).

0171 4= a7} d¥ W TS a2k HRSIL, W] voll thalA] diagv)E 7} €47} vaz o]2oi o7t
o]} st} B Qo] A AN T BE = N, ding(1,)E ASETh EF ZAR R fy
A5 o) A 91F A7 ¥ (deep neural network; DNN) fp (2) : R? —» RP-Z A8}, o shey
W& ARSSE=Urel Tt fxz ot fy (2) AFol Q] TAZE et B2 oo tigt A 82 =& A&t
HARSE o8 4% AR 290 1 7 % /PR o] 2 4 gl Ao 2] ks (adversarial
learning) WY £} S G4 719 WrE 2ol T700]eh A HIA] Hle] A A4 29 2o FRAdiserim-

T o2 N
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inator) L2 A ofsh=t, ol= FoiX HolH 7t A2 A=A AR E Aw A E Boh= ol &/71E
Z=sitt LBz B3L YEZ R A o] AASH AR E ot AUGIHA EHFsH=Hgko 2, A
4 mge gugact Ajg vsah dolehe Adstel FRA meo] T Baeh Fote POz,
A A ) BYL Aol sHrohs 2 4-H chmini-max) SH WAS AFETTE 2 Qo]
= A A stE HHE Zo A HlolE FH 9 dlolg] Aol E3}E CTGAN (conditional tabular generative
adversarial network) (Xu 5, 2019) &' 11 8|=-& 113Gt}

S g 7l FTeES T TR AR thato] Bl x| S gglo] Al B wekew sl
= A= ofufetth. Fol 3 Xof tisi A 21 ¢ gt ofiel Zol A& 4 Qltk:

long(X:x)zlogfquZ(X=x,Z:z)dz=1ogffX‘Z(X=x|Z=z)p(Z=z)dz.

SRR AR B fxz 0] FE7E oS E5st] EHE-'—"ﬂ fo] A& Atsh= A2 A9 E7Fsol 7Pt
o2 @5k $Io MCMC 5.2 o] o] MHE W 5.2 285 9lo] 418 AshA ZASHE Ao] 24
o] thopgt Higto] AQtElgloLt @A7HA 7P Be] AGSh He WE B4 (variational model)S
9lsle] 21 5 o] 5}gFel ELBO (evidence lower bound)S X tslsl= Aot} B o] A= ELBOS
Y| slste] WA RS SH55H= g EZ ¢l HIHE91 VAE (variational auto-encoders) (Kingma®} Welling,
2013)2 Ho]2 2} A4 BA4o] -2 TVAE (tabular VAE) (Xu =, 2019) & 71822 71 gt}

a

e
H

ey

24.1. H]o]E] F1]2]

dubA o 2 Qo] Rx tiido] He Holg Aae 953 Anet HEY Amrt XSt 917 wwel,
AR g0l 4% A4 2R AT aigre] A EE BHPAE FUL 4 Slek. Tebd, BBA
St Al dlole] BA 217} Boolnl, B ATOIAE Xu 5 (Q019)04] AHGe HehS 2-gsiech
HEY 28-S 2He AR o] 79 21-3F Q1 F Y (one-hot encoding)S F3f o] E5 e 2 HEsITh =,
1119 S A W X 2 O 198 2P 12 Ml Al o 5, X =
oled 9-gt Q17 WElE [ WA 4T 1011 UejAlt BE 09 1219 WE7} Bk 14 e 2
W20 A S W0 T RES £ RIS mEtha e, A8 o] WE E8 AT 2
(variational Gaussian mixture model; VGM)-S A G54 3 9] 429} ZF 4 utct A B3 o] gyt BALS
Bl AR Fold WEgho] Fol RS uf YA AT VGM B -Z of-gsto] &gl ofd 3
SSREA s 2 BT LR W LS 5 YAT GO Y0 E 0|8 BATE WA
B} o714, BEA7} Soke 2] AHE WY 2L /B o] w3 A WEY 42 Aud

A -st 15 HlE = HgsjEt.

24.2. CTGAN

CTGAN 218 Z o4 12 A= AAH59 DNN fy(n& ¢ 244 B2 7tk Byskeict. 5
ofele] 441 Fol A AbE o] LEE ekl 4 ik

Z~N(0d3diag(1d))7 Xl (ZZZ):fa(Z).

CTGAN 22|52 a2 Arj 4 5Hs B2 S04 WGAN (Arjovsky 5. 2017)0]] 7|55 B 28 A48
SITh WGAN Wyl 0] 24 g4k thg ) 2ok

ngnm’a]lxIEprx [d(X; )] = By no,1,) [ (fo (2):m)] subjectto [ld (x; m)]|, < 1.
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A71A, Px& T&S 7\]'3/] —E—E% =oAL, dixs e B &l BF=9]%1 DNN 22}, |ld(x; pll. = T2

2} gk d(x; ) 9] Lipschitz A5 E5ttt =, WGANS ‘_%Z]—EQ]— AAA2E 7P & B716)= Lipschitz
T 190 AR 1 oo 2] SIS oHe 85 A4 1 o st Aol A1 CTOAN
THAA], WGAN Q] ot & 9] 5+4+-2- Q]3] gradient penalty S 37}5F WGAN-GP (Gulrajani 5, 2017) fHE22
Apgghey of ol B @ Wre Aao] 44 BUS Fol7] o) 212 GAN REL 2150 17
5, B = E3](mode collapse) 52 #A4 & G114 © 2 sZ25H7] 913) PacGAN (Lin 5, 2018)2] ofo]t] o]
g,

olv HJIO O

EQJsto] {EAFR 21 & 94 4l 51l ELBOE i stoH= VAE W&
}<55keh TVAE: dlo| g o] B E th-S i} o] A4 olate}:

P
Z ~ N (04, diag(1y)) fxiz X =x|Z =12;0) = l_[f_/ (xj;u_, (z; 0)).
J=1

2} Qs 1y, j = L poll T x,7h A5 ROIRR (s O WOl py(:6), BAto] 020l AT LEE
A5k, o] 215 o] ehel Batol uy(z: )% W2 o] LS TP

24 2 ol HOlHE W BYS gun(Z = 2X = xipet 51, 19 A4 BY OB EEHL
ELBOY the} o] £@% 4 9lck:

fxz(X=x|Z=1z0)
log fx X =x;6 zflo( : Z=1z|X =x;n)dz = ELBO(,7).
g fx ) g o Z =21 X=x1) axiz ( | n) 6.m)

G4 posn), 02 - B — RIS S, TVAEE W2 23 gan(Z = 2X = xp& Bl utxin),
TR BFo] diag(o’(xim)Q] CHAT AT REZ ALGIITE TVABE 91€] ELBOY& Hefsfoh 140,
£ 349

2.5. M7= 4 7|8o| EZ 1t 2t0[H

It

rO

[eNe)
AF7HA) 2N SA A, B4 o] Ak P, el 1F AT o 88 AR A2 A4 Z1H el
=47} geae 2] Hlgih A W BE 540 SR o 2od Hol2 dee] Aol Ad
o golte}. =, Fehw (cross-sectional) H ] €] o] AL 7H5 314 gk, T o] el (panel data) Tz FThAFR
(longitudinal data)29] BHhe: o} ZolQli A7 o] 917 eiek. AA DA R oA] £348] 7} Hms
Wlo] 219 WS o] 83 ARHH-S ob 4 A7 A ghaleh. that A AATL ol 43 A AR ABL
2o Be. 127} ¥]9lt} (Yoon 5, 2019).

EASNE OI8U AUAR AL R 3714 synthpopE ol ol A o182 £ slont, & Aol
$ 50 271 212 Aol Bag AR b3 Feke 2 BAo] Yot SATANEGE A
¥%:0] %A 2 71491 B o] Aeo] whe} 1 4 50] Fetal wgo] gk ol o] s u]ma wlo] A5t
g LA} Qo) 2 AR sk sHs Fo] glo] ke @2 A o] FHsSHARL, A4tAIZEe] £ 2
£ 0] Sl o] e R o] sRoll A h o AR E A B ohet e AlRAE ANE
Fhsstel, @ dol8E Aot BB RGol B threl], ARAE AT FHAS BT
;g—;ﬂ o] 01\;}-

AT AAHE o 8T ABAR AL SloI4 A 5 7Tk Sls) ojul s S 4] gle. ol
dlo] 9] AL @5 ol 531 72 E CTGANT} TVAEL: Python 2fo]Hefe] SDVE o] §5te] 4174 A48 4
qlom, 913 47wl ol Wag Azbo] 27 ghe FHe] AAT, A7 AAT] HEH FAL 9

i i)

Hﬂﬂ'ﬁ

=

e
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AX 27} B4Aol], AAAEI A SHERYO] S Ato] Waksha] gre Tl glo] S F]ute]
@Az AFo] of ek Eak P A@AE A4 WEel e ob2] A7E v} glovk CTGANe]
el A% Y BEES HEUTHE ol P ¢ Sl /HsE Aoz Az,

B AT Al 7H g RS B o440 I AEE 202 AEs el Feo] golgal
SURVEY ESTO] Azt 7 & A A 5te] H 7ottt

3. A|3IALE 0| It R H

AEE A=) {847 =& AR EE S5 Asl o272 B7F A F3E0] A=Y=, 1 F 2 71
fE2He AFES AEStA g} 3.1.1% ) 3.1.24-2 Y 884 2 FE2I propensity score} E 7]
AR EE,3.1.3%2 54 884 A 1A AF 3| ARG ZA stoll A o] A= 77 F3 A 5E A7)eet 3.27%
Ae dEAR] 2 AFEA AY vE AFES £ =& =l diol Agsty ZF & Y@ ko gt
2175 /g vpAat o 2, 3372 X Alaa T (2022)7F AIFe M2 FH Y F-84T &
A 552 AR

31. 784 %
3.1.1. Propensity score measure

Rosenbaum} Rubin (1983)©] A A3} propensity score= QA2 A2 S35 FA 5= 7|H oz /HEE oL,
Woo 5 (009)2 o1& AARe] $44 Hh AR AHESATL, AR HEA AR F Shbz A
£ 5]o] 2] 11 9tk Propensity scorel= ZHeF X7} Fo] AL uff, A7) 1S (treatment group) 2.2 vj2 2 &
Pr(treatment = 1|[X)2 HO|Hth B =FoA= Y259 AARE FoA AAAERZ X == F7t
2] 150 2 w25 Aol

Propensity score F-3H= TH4-e b3t 2tk WA, ARAE D, AR D, Wea 7, A A=
oA BGH TS ofl= 1, 2R ANA FAH R BHEA o= 05 Folot= TS T, 5 AT 191
WS AR Ty, 8 717 AR el Mg olo] S BREUolA 7t BEA o] APA4R 2 e
= ZE Pr(Tsy, = 11X)& FAUCH Tof JEAZ o} AR5 o] F27t A5 FUste] 2T 4= glohd
Hote 2t2 o] 7+ WA TEX] 9] propensity score p= AR H-E ¢ = ng/(n, + n,) S o2 712 H,
Hhe 2 S 2 5= A pie 0 B 19] g5 7HAA] Frh Woo -5 (2009)2 924+ = D, 9 A d 2t=
D, Z¥Z}2] propensity score®l Pr(Ts,, = 1|D,)2} Pr(Tsy, = 11D,)2] BE7T H|ST4-F AR ] -84 0]
b AR B Aol 228 ARRYT A GRS 2eRde Bttt OAE
}329] A2 Scikit-learn?| tree @fo]H & 2]& AF8619).2 ™, hyperparameter= min_samples_split = 20,
min_samples_leaf = 5, max_depth = 3022 s} c}.

I

Propensity score mean squared error

Snoke 5 (2018)9]| 4= th21} ZHo| propensity score 7|5FO] -G-84 7} 2 E Q] propensity mean squared
error (PMSE)E AH&-5t0] A@A29] 4848 ZHoke 2L AN
ns+iy

D b=y (3.D)
$ o =l

AEARL QAR £F7 FEFS, Z QAR G840 £255 pMSEE 09] 7P glo] Hrk.

St ARAAFR Y Lt S5 B 5 8. 4of vt pMSE ghell that ¥he 7o) gebd 4 glon

pMSE =
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1 pMSE-ratio®} stan-
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B3 (null distribution) S &85t 584 7} %]

(2018)°f A= pMSE®] 7]+

o|=27

Snoke 5 (2018)9]| A A|A]5t= pMSE2)
T 72 ych HA, FIR5]
HEES T

Snoke ‘5
dardized pMSEE A A| Stk

PMSE A& £
A@AEst ARARE F ARtk T %,
T ].: I:ﬂ-I:H [e) _:_L7'ﬂ o]%;_q 1:11-1:1—11} XH 7‘](resampllng) H}H =i
sity score2 15}7] oA 2 AE FPRYS AFRSH AL pMSEE 7oA
A o R w2 o
(1-¢)Pc N
pMSE ~ P X1
WH5-0] Fj4-0] ] 7}o] Al BRE S| A§ L p—10] e}

oj j, p'= EAAFE 3| K30 T
utebA], pMSE+= the it 22 Wt & = 7}k
2 2
1 —
E(MSE) = L= C (1), sa(pMsE) = =9 ¢ mr oD,
ng +n, ng+n,
Y79 B2 43 (pairwise) 7} A ulf A (permutation) B & 7}
2 ol 2] Ao AR E F TS A oto] o= 412
5 ok WA o], Al g WAl shubo] A AR R E AHE-GLE]
2 ggsto] AR BELE Fol= Wioth
SHotH pMSE-ratio®} standardized pMSEES 4]

HoanZF sy ©]12HL

MRS B AAAR AR L2 A
ﬂﬂ%%e(mmWAﬂﬂﬂﬂwq%
T HHEA o & pMSEES A 4tsto] 77
W80 T2 Ao AL pMSES
© Buol YEu BEWAE 717}
#elshol,
pMSE-ratio = pMSE
Ml

MSE — (i,
standardized pMSE = P Hnut
Sdnull
PMSE-ratio = 10| 7}7}-&-4~2, standardized pMSE:= 00 7171242 @25 Q] §-840] =88

Ilback—Leibler (KL) ¥ 2] & (Kullback¥} Leibler.
849€ Bofect o Am S REE FU
ol g L Fai

= = Ku

|

312 Ex7lo] Agl =
T g RuTY 72| Ad] o] AEHE ZES
1951)2} Wasser-Stein 7 2] (Villani, 2008)S 0]-&5}o] & o
FYIE AL o YOIBE, T AFUR AR LRL AAAE U
77O LAk gHE R (02} g(x) Aol 2] KL M2 =
fx)
Dmm—]‘ﬂm%77m
Z+<=(cumulative distribution function) F 3} F, 235}

1/r
') dt,

2 A olx] 11, r-Wasserstein 7| 2= £} go] AR T
1

mm@=u‘
0

F-ol A= 2-Wasserstein A 2] S o]

o]
gateet

2Ao0dn. 2
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Table 4: Notations for §3.2.1

Notation A
p AEQD A= B2 S
fi AEAFF O] i AR TSR] ol tof| A} gho] 22 ASA] M
Xi HEAZ O] i AR TE2] 0] Nz ¥ 3k
pi HEA g A X; 0 -2 3 2E+= S 9 vlE&
d; I-pi
Y A2tz ol i AR BE2) ot A2E A U ¥ 2
d 27 A X;7F &3t T ol Yl PSR 9 Hl&

N

Snoke 5 (2018)°] 4 gt EA §-87 F7tet 25} AR tiofl £ A4S A8 & 42 2
7} 7h] AV S B WAk Aolth 7P ol T ofshaly] 418 B 484 W7} A HRE MRS AR
Hehg Fo) QL AFES BlLoh W0l Atk 1 F BRAR ARAET o84l T 2 57| Ae
AZ L7 24 AT E AASH=s vy o] who] ARRE T (Karr 5, 2006; Drechsler®} Reiter, 2009; Snoke 5,
2018).

Karr 5 (2006)°] @29 j A7 Agiao] t-3ste AT AAS g0 et 95% A1=3t 53
HES b} 2o A elaln,

min (M(,’_,', MX,_]') — max (lo,ja l_&"j) min (M(,,j, MX,_]') — max (lo,jy l&j)
+

Uoj = o, ugj =l

10; =05 for j=0,1,2,...,p, (3.3)

A F L7 218 A E [0 th-&3} ZHo| A ottt

1 P
- > 10,
Jj=0

ATV (o jotto )2} (o )i 242 DEAZZHE FAG AL B0l Thak 95% A=) 7247} A A2 =27 H
278 A B0l Tt 95% 41)73HE E3kh 10 gk A @Elol el o] 842 u]elshzt] 109] HTghe |
olch. 5t YAtz ot A@AE A 22 T5E AR TS Aolo] FHEE Hho] ¢ 1] 0% 25 ke
2070 e, o] A= 77HEe] B gl Wol A4 10 3 At

3.2 MBARO| & Q3T WL A
32.1. 419 = 9l

ElEmam 5 0201 22 81§ AR AR B2712) BARS BEAE 81 AGY
Folth. AF7HA A9 % JAEE SHsHE AL LEARA R 1A stolut A= A, LA

AL g o) AP AUAR R BEARO| WIS Bol i
AN 2-& AL v &= A o] 7Hsslth 5L A H 2 (quasi-identifier) 2} W17 4=(sensitive variable) =2 Ud
2= Qld|, AAAR ] BHEx] o] AL seldl nj= EAHAr) AFLHETH 2AE At v 7 A 417 Zopd
- Sl A1) 7] o] B2 AHattacken)7} o] &7 Yk AT EARAE Aole el 2] WAES
A sh=d], TheF AT GA HH ol AL o] mjofi7h AR HEA Rt @R F4
WA} oA ELotel Aglo] 2ol f1glo] ul$- wobA ATk Lo o] ulzelA] oFeh o
EA2HEH 22 AS o& 7HsAd o] A

ol
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EI Emam -5 (2020)14 23t A1 k=& k& Table 40 AH2d 7S AREsto] oha3} Zo
Axract A4 Ad A7 AR E = A et AARS L E A olshet, A2tz el i fA g5
t-gote AR W= 7F Yo 13He, 1282 Fow 07 2 "ok thgo g AT L = 1 Q)
TSR0l sl iAol digt Mz AEE HSH HAeAE BEst Hed ole dE2At=e gt
A@E g Aol FARE A2 meiint. vzt T PR olety e o] 548 WEste B¢8 2L

dixIX;=Y) > \pi(l=p), i=12,....n,
Q14 0]3Hel k-means o] o) L& RIS & F. ThE 0] 5418 W= Fopiel,
d;x|X;-Y| < 148xMAD, i=12,...,n.

o174 MAD= 12t miztolch. GAbgo] i A 2ol s 91 H541 gtk ks
o] 5% o] A1) W) 12 23 1A oW 08 2 XTSRS Fh npAEro g A9 1 d SPE s

oH=k ol A ol Hh:

AX] L =20 o1 5] =1
=70 =T O = = = pal IR =
R} (Stan 5, 2015). 9Hd A@RR ] 2 PEA = QglH o WEojPong duAR | 7 BEA%}
ARH o2 AV UA YL 5 Aot &4 = AW EE T ZATTE Markus 5 2020004 454
= =]
= gl

F A} ERB A (attacker’s classification problem)2 sfjAl5}t1l, 1of W= thefat | FES
A 9 A ASHE T B =20 A= Markus 5 (2020)0f| A4 A St 2| EE-2] 7| %7} &= correct attribution
probability (CAP)of| |54 =g stct.

CAPS BA77} URA RO U WS AR T 9w, el B4 ool gro] ete] YA 4
o] A AALE LY (Elliot, 2015). 3227} 7FA AL Q1= W52 K(key variables), & 112} 61= W& T(target
variable) 2 7}7+ A 9|5t} o] uf), T AR 7} YEA}F 9] key variables K, 2} @A B S S6f] YE2}R 2] target
variable T, ] ol Zg1& 74} sh gl b wat FAA] B8 RA| 2 A T} (Markus 5, 2020). CAP
2 Ko} T AR §33 |4l A9 A4te] 7Hedt A 8= g =& JA 5Ue 7S 7IRFe 2 CAPY|
cfote] et

CAP Zt2 dExt7 o] ZF =% o tfsf AlAtECH A A= 9] key variablesT} target variable2 ZH2} K,
97,2 A oloh, QAo i WA T2 o] UTCAP g CAP,, = -3} 2ol @A 22 ol §oho] 3t
% sl
Yo I(Tsw = To)) N (K = Ko))

Yo I (Ko = Ko) .

i’=1
%, CAP,, = 9RA2 ] i WA HEA 0] key value K,, 9 BT KZ M A@RR BEAE Fo T
o 4] QA2 0] i WA T3 target value 7,2} -2 P57 ] u-golc}. 7} CAP,, G K,, 9 5AT K
2 7 AR RO TEHE0] Bito] 242 21on, ol ARA R H5) ABARA KHGEREE
T 3E 5517] o248 CAP,, S AL 2he 7HAS Eat o] o, @A el Pitrol i vA

CAP,; =
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B2 key value K, 50 KS 7H = B25207h £1544] 94 5 Ik Elliot 015)el 4= a5 g2
002 A HskALE RAIG T CAP, 9 Bi# 2 54 =% JPw0) A B2 gt
CAP 7 i th&7h o] EAR ol 4= 78 4 9lk:

20 1 (Tor = Toyd) N (Koir = Ko)

CAP,; = m
Zi’l):l 1 (Ka,i’ = Ku,i)

oA 7HA] AR FANA -3 CAP gL59] 3 ut E(CAP,)ET A= ol A 498 CAP gLo] 3+t E(CAP,)
= Hlasto] ZF @A mF] tiet £4 eE A=l diste] gad o= QA "k 28 CAP A& A
Aol A 3t shute] FA R C]7] 2ol YEAtm el Aol7t 2 AR A7 7878 SHAA T4 &2
AR D 5 At SHAEE, vwoF FAd%t §-84& 7= AdAE S0l A E(CAP) ] vl E Fof 11
oM 54 g AR 7P W2 AR Hie w4 Sl
4gollM = CAPE Z-85to] ZF Azl tiet £4 & A =S AAIYTh CAP A2 W57
=of thsiA Rt g o= 7ol A= W o] 7 459 WSl tisto] AT k-meansE A AI5Ho] ¢
Hess HFY W A9t 7 £4 1 E A =S SR B9 79K 94 A 2 a7t o ¢
Al W VM IRt AR & 5 9le SUMMAT CD(WE 5 )2 TR 245t & ¥ A7 E K2

2

[e]
AG
=

[e;

MG 0|37 75 CAP & AA| Q5SS T2 A et 5 MAET R0 R K2 skt
A5 Hls) B 0 2 151 wlo] A4 S1FE Bk B2 ghol oA B W2 4 9k

3.3. - UL, pAHE, S2A B

Alaa 5 (2022)2 QA2 E Hr1517] L5t Al 714 A B2 A] -7 H E(precision), B-A A -&(recall), 18] 11

=234] ] 4>(authenticity score)S A A] §tct.

L o-AUE= QA2 =7 A2 25 drhv SAH AP st=7tel thet Bt A B=2A, A& 50] - P

5ol e ARARE A40] B8 PEASS Leke

2. p-AAELS BRI HEAR] Y-S S86] Whgst=rtoll digt B7F A Z=A, A& S0 g-AF
Fo| Y2 AR E = YEAR ] GRS RHEH o2 QAT AL 2 o|5fiF 4= Qlrt.

LB Ast ARAast Aokt gRaRd £AetA o A2 BEAEE sl Uikl gt
57} A mol}. ol AR R} ARARE HHPetel BEAEL 1|2 A8ak T 1S Hksl]
B EREEE

o714, a- 4 UL} pAREE AAAR ] H84E ZHohe AR, B4 A

Aot AR ol % 9]

[¢]

w

M)
ol

HiZo] 94

ot
fle

A

3.3.1. a-F U9} B-A &

AR Glole] Dyo] S BE) HEE A o §HFS SFEL TP 71 AL BEYTe-suppor)yE S
o3 Ao, o UE P

P, :=Pr(x;€8)), forae[0,1]

& Aolslol, AARRO] PEA(x)7t PEAR B2 a-supporto] ZFHD S5 oluFith. ol a-
supporti= 8% RIo] H|¥gkmode) A ONA FAE] o], AAA R} QAR BarolA thehd
5L AR AR oldle 4 it
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Rg :=Pr(x, € S), for g e [0,1]
59l

AV B-A &
2} 0] BEA(x,)7F A@AE B 3L 0] B-support (S7)°]

, Y=
Ault Z3et=x]of gk Ao & o] 5
191 F S5+ o Y #ell Wet - e F43 g-2Hd
oJHTH £l T BE 45EA-E Aottt A E o]-&5t, P
1
|P, —alda, ARy := fo |Rs - B| dp.
TE AP o] SHEA H U=
&S Z¥7VIP, = 1 - 24P, IRy
= T A8 ARERIT
(2022)

s A HL ofujs}
Ay,

=2 A ojE|o]
Ago Bxrl YdEARE
ojol A oF 4 glo
o}, 45241 Aol o] &
o F 4| ™ X}(mean absolute deviation)S
1
M’:f \
0
2 004 1/2 Ato] o] ZE-& 7F2] W 0]l 717k 4
D‘l?_]—]j— _,,] 1—1 o=, _Q_o] St QH/H S HOH Eo]—a X4U1Eg]. E.o]—ﬁ ZH
245 48
474 )8 43ks] 2ok 21 ol o] Fek. mebd, Al 5
, 2001) 71Hgof] Zheksto] @2t o @2t =E 1A ] T4 (hyper-
S} YR AR} 79

Al

BARA A7 A4S
A (likelihood ratio test)<

2 27 ol 4 Slek. o 4k
Ag e
1-24Rs 2 A 0I5k 03 1AFO] g 7HAIH 1ol 7477k
shAlet, e ARl A @A R o 2
o] A]*= One-class SVM (Schélkopf S
sphere) G| 2] A LEE 7}A| =5 embeddingsto] FAF oA o- A=} B- A FE&
332, 554 A4
=44 A A e [0 11 AdARS] & Z2P)E d2ARe} Aol #hE2 £X
A g5 Buv) eeE gee BE BEclA AN, =
Pi=A-P,+(1-A): 6o (3.4
olH, oi7]A P YEARS} O AR ¥EAUeR F4H EXE ]S, 6,2 2R
739l B3 (empirical distribution)o]] 7}-9-A]¢F -2(Gaussian noise) N(0, €2)2 Bt X E ojn|gtct. =, A
A ge] BIE(P)E 0] MRe BEo ARARe] R o] S BT AZke1T 1 ASE Azt A7kl
702 olse 4 leh
SERIRE, AA] HlolE oA 4] 3.4)9] AS FAstE A2 E7Fsoll 77100, Alaa 5 (2022)1 4= A<
14re] A a, 5 ol &1t
= 1d; <dyir),
A7) 4 d, = A AEAE BEA 52} 71 Ak QAR E] BEA ()71 A, o x5 2
RSN 71 7S BEAre] A el 2 JM*qﬁﬂﬂJmWﬂdﬂﬁ 237}
=4 dRAze) T2 YRAE PEARLE O A ZAFAS Hehls AL, og Fae
e Sl 544 A FE A 4 W82 Alaa (2022)°f 4
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Figure 1: Bar plots for variables SUMMAT-CD and SEX variables.
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Figure 2: Boxplots for variables WORKER_T, EMP_T, and BIS_.MNTH on log scale.
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Figure 3: Pairwise correlation comparison between the original and synthetic data sets. Points near the reference
line indicates higher similarity to the original data.
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Table 5: Evaluation results of synthetic data sets based on utility and disclosure risk measures

Data Do | Synthpop, | Synthpop, | Synthpops | Synthpop, | Bayes | CTGAN | TVAE
Measure :

Value 2e-6 4.3e-7 9.8e-7 1.2e-6 9.1e-7 6.2e-6 3.1e-3 2.1e-3

(LR) (9.9¢-7)| (1.1e-7) (7e-7) (3.4e-7) | (2.9e-7) |(1.3e-6)| (3.7e-5) | (3.9¢-5)
Ratio 1.08 0.513 1.194 1.442 1.169 7.39 |3726.999 | 2628,764

(LR) (0.676) | (0.135) (0.806) (0.236) (0.397) | (2.194) | (150.54) | (266.18)
Standardized 0.115 -0.719 0.257 0.737 0.245 8.966 |6164.843 |4034.097
PMSE (LR) (0.958) 0.2) (1.161) (0.465) (0.599) | (3.497) [(526.293)|(363.172)
Value 0.007 0.002 0.004 0.005 0.004 0.018 0.03 0.024

(CART) (9.9¢-4)| (5.6e-4) | (9.4e-5) (le-4) (1.4e-4) | (7e-5) | (1.2e-4) | (1.5e-4)

Ratio 0.998 0.537 0.935 1.065 0.924 3.622 4.996 4914

(CART) (0.14) | (0.118) (0.015) (0.035) (0.038) | (0.062) (0.6) (0.099)

Standardized 0.032 -2.819 -0.427 0.365 -0.457 13.902 | 22.198 | 25.061

(CART) (0.868) | (0.625) (0.119) (0.176) (0.253) | (1.817) 4.1 (4.151)

KLD 0.5e-3 | 9.3e-5 0.1e-3 0.1e-3 0.1e-3 0.005 0.097 0.076

Ae) ]t (5.3e-5)| (3.7e-6) | (1.9e-5) | (1.le-5) | (1.9e-5) |[(0.1e-3)| (0.8e-3) | (0.8e-3)
WD 1.474 0.970 0.915 0.984 1.051 3.537 5.270 18.001

(0.293) | (0.282) (0.172) (0.150) (0.201) | (0.045) | (0.072) | (0.152)

N7 21 A E 0.720 0.785 0.303 0.556 0.364 0.387 -2.178 | -12.098
(0.097) | (0.098) (0.085) (0.074) (0.100) | (0.075) | (0.065) | (0.100)

YLz oEE 0.051 0.056 0.055 0.055 0.055 0.049 0.046 0.050

Lz odn (2e-4) (3e-4) (3e-4) (6e-4) (6e-4) (3e-4) (3e-4) (8e-5)

LA L oE 0.446 0.446 0.442 0.437 0.442 0.442 0.419 0.439

(2e-4) | (1.6e-4) | (2.9e-4) (3e-4) (3.1e-4) | (1.7e-4)| (1.4e-4) | (2e-4)

oA 0.988 0.988 0.978 0.987 0.978 0.986 0.953 0.974

°= (0.3e-3)| (0.001) (0.001) (0.4e-3) (0.001) |(0.4e-3)| (0.001) | (0.001)

. 0.987 0.987 0.983 0.986 0.983 0.986 0.978 0.947

Alaa 5 (2022) B-Ade

(0.4e-3)| (0.001) (0.001) (0.001) (0.4e-3) |(0.4e-3)| (0.3e-3) | (0.002)

= A 0.354 0.352 0.353 0.352 0.354 0.367 0.393 0.372

e (0.4e-3)| (0.001) (0.001) (0.001) (0.001) | (0.001) | (0.001) | (0.001)

4. AR 7|¥S Blul 24

o] o] A= SURVEY EST o] €] 5 o|-&, 27 ol A A7) H <=2}5] 7] 22§ (Synthpop), H] L4 H] 0] 2] ¢H(Bayes),
Q1FA17H(CTGANT} TVAE) AR 7|HER AT Qv olH &S vl 24t 213239
739 2.2 - A et AAHE U 7HA] RS ©]-§-5to] Synthpop,, Synthpop,, Synthpop,, Synthpop, A&
25 QASHATE HA BrgRo] dEArm et AR Mo L5 (n, = ny) ZH2e] HhE 559
A7 E A5t

37 A A7 E HIF X RE 0]-85to] H|wol7] 9FA] Figures 1-30 4= ZF @Rtz of] st A A 2=
B4g AAsta YAzl vl wakdeh 2 H WA AAE AAARE 5H7|E= At fAREIL
o o] 7|4 ZF W o shute] Aol el Ale] Avet Byttt Figure 12 W39 W49 SUMMAT_CD
o} SEXo]| gt AR = EE tetlth. CTGANS A 9]eh R = W So] YR 27 9} H|S=3t v &1 A&
Hele oF 2 it} T Hof|A] FHolg 2= ¢l 01} TVAES| A= SUMMAT.CD®] 7, 8, 9¢] Zto], CTGANLS
99] Zro] A= #] ¢kgtt}. Figure 20] 4= ¢14:@ 120l WORKER_T, EMP_T, BIS_.MNTH ©] Az 13-&
UeR 1 gk ZF M= 02 TS o B gj At XS 7px] 7o RE W= 0.55 gt F logs
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Figure 30]| A 2 AraHA|S4(pairwise correlation coefficient) AJAH-2 Khamis (2008)E #ralsto] WS 4

o) 5ol Wheh ChE AFIA WS AL Q49 WS o] oA Mo] ] AFAl S Pearson’s
coeflicient of correlation), H-E& 7} &5 W Ao didfj A= A o] AAFTHA 4=(point-biserial correlation co-

efficient), %A1} 14 1 4ol sl 2] 0]ke] 49141 Al (Spearman rank corrclation coef-
ficient), 131 PEJT LA Ha Ao oA=& £9]o] AAFT A4 (rank-biserial correlation coefficient)
£ Aotk QRAZOA T7 A TS0 7 ARA RN TR ATARE 72 458
el tha) vl g Aol k. Synthpop, 3} B B4 Hlo|x]ek WHo] 7| M} 71 7RO, 1 theom
Synthpop,, Synthpops, Synthpop,, 1231 CTGAN, TVAE <=0 2 7|&4 1} 7}71-2 S B St

Table 5= 7} A@HL ol g5 WA 55 AAARANA Aol7l WA L] BTt EEHAR
H] ZHE BHAFI itk 7|4, Do QEARE TR YE So F 7H9] HolgAo=w v 7,
HEAR} AR 4TS $APS w9 Frt AA=, o] AFH o= o]Fo|H S 7ol Uit 71&
Ho =z AA =t o] T3t ST RHEE o] W FFHAE Fokinh
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Figure 4: Null distribution of pMSE based on logistic regression with observed pMSE (red line). They are drawn
using the first synthetic datasets.
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Figure 5: Null distribution of pMSE based on CART with observed pMSE (red line). They are drawn using the
first synthetic datasets.
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Figure 6: Null distribution of pMSE based on logistic regression without observed pMSE. They are drawn using
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Figure 8: a-precision (P,) and B-recall (Rg) curves for all synthetic data methods. They are drawn using the first
synthetic datasets.
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