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L = B«

o] BuAME Bqlo] FAAE E /3 (Statistics New Zealand)o] =738t
5% 7% 71y ZpEdA 72 FHo|HA YWEHo=m Mol
imputation & FAH AF ATl 20054142 FgdEAe]z|y gl
AAZE Fo ATl Ao HAYESL A=FHHA HZF WEELS
AV AP AsPUt

A1Ze F&7 AHMe2AM FERAMEUE fd rlgHoz Zojop
712 &olst Mz EnAg 2 FEEAHYYE T2 MAFHez dHIHYUL,

2% 7IFAle] F2 2ol YHPEL o|&F5UANA Z2aY o] § 3}
A 2083,

A3A-L Al Al ZEANA FE2 2ol tfEAHQ WHS HdE AEHEA
imputation B A® 2 jmputation class A& 1T AgS 27H9]
AHE FHLR FAAEFAFUC

Ek 2o 2Qlo] Statistics New Zealandol4] 7123+ SAS program®)
source® &7 FE3doy Y AE S50 A% 7l5L Fsl¥ed

sh uhareiuch

o} g2 oz FIT EAHA BAHOZF imputation H]7]|HL ANl
wj o] BuAM7} E2Feolyr} 7|9 E Fod st ZIdE 7HA JFuch

shA%og o BN U F UEF Lol Fojste] wE FuE
ol7A el AHAARH, AN, AFHA, FAFA, Al
o] Ae)E o) A =AU
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250} ZALF o ﬁw}ﬁ&—% 7NYA e e wako] o 7)ol A
@At AR §RAR) 2AMAIL $9AE 2AI 6 AE g
Rale] 2ALE HAE FUOR @ AL EYPshed, AT AMz9 g
BARALASRRAL 2 384 AR /Ashe ZAbYol E@YUE o)
3 gle RAbANE o TSw FEs B4R Aoz dygsolA,

old] FAlH F§F FTFHE A F 7IAR vrolnd, =AY FEH
(Full nonresponse/Unit nonresponse) % ZA}g}tE F-& g (Partial non
response/ltem nonresponse)2 2 WE F A Ed o]l il JEES
reks) AoJs] R F 3t o]Eo Wi A WHES ARz g

1.1 ZA'E9 £-29(Unit nonresponse/Full nonresponse)

ZVFEAIA Uelde ZAlGY F8E TR AA A 8§
(Household nonresponse)d} 7} %9 F§w(Household member
nonresponse) 2.2 A UE 4 don ArdA] FAblA] JENGE ZAbc
2 oL 2AGS] AAZ B S & Jehdcoh

1.2 3% T2 (Item nonresponse/Partial nonresponse)

oX it pE Ju ofo

HFsle A Boe 238 F8HE2E ANe st Aol ut
HAE 5+ Uk

Seg §2e oow widA S FelsEd £F A7x ojol @} g
oF 92 egg ooy @AM eFesEd ETHAE ooy afo
Z s ojo® RAWss HoiE HAsisy] Asted delz £ )

_5_



£¢ d9g=z AYde A 248 27t A 3 FFel g #|éo)
(bias) ARE AT HFol U7 WFolth i) F3q FEL gy @
e Aol FEge] 12 REHESE AT oy HFo) Ye=z
g},

ol g FF FLHE 2HE F At Aol FHHA imputationT Aol
A olfE £ AESF ALASHIL ABAHY SAA nEojor Fo, &
Fege dEaAdM AF A(missing)Z FAFH P aflo) o FE
diste] Y48 E A FREA oY FFo] T oldeAE FRE W
ol glojA wkko]l AN FEE ZE=E FAsle FLHE o
el e HEF TIEEdEa e Yy vkl pEY F
Aeof Fhet,

1.3 FEHAFAL 58 H(Wave nonresponse)

g AL E N5 zAlsle FOUTALS 2 Bzt Afes
SRt 2uR AAGS FAHAA 2l 2ARE @ SAY 2AL
Aol z=AMES] AAZE ARE AFEHA @k sdziz oE &4
FEdez AHesA €n & F=9 AAole AR ZxdM
AlAE Hdo] 78 ® Aeg Bol FE RIHPoR MHYH:e A=
At

1.4 o] &% 4 Q1= ¢ 3= (Unusable response)

24 A2E AYst vE BE e $9E Ugol UTE A
Bshl  swsleld 2%E HEEL AU™e e YRE
g5l S48 $TEY Wee ode Tygez UFdl

=
imputation?| ¥ 22 A2 &= o] Loz

et
o
P 5
N
3o
o

2. FeREy gy

ZAEA 7kl FEEIEC oW 5x& sAn



Yette g FEEAEY AFsdel wAdsojor @9 1 FEEFY
gejel S48 ol#istn U zol wel HAEg  imputationy
imputation classZ el o] §A4& wdstjolt A= & ARE A4
F Aok 2 dEAQ Pert g F kA7 Aok

2.1 29 H-$(Uniform nonresponse)

ol AU MCAR(Missing Complete At Random) 22 MCR(Missing
Complete Random)Z X7|5&d ol F8wo]l 43 ojugh A4}
£& EAF AEFEAE Al FSdHeol FALE wAs:E ALE
22 F&dolet g

ddHor 79 col2ig e FFyo] BAseAE BEHEHI|dE

Bol&2= . FEEIFS A7 B —12 3z gezz HA
At 2 Aol vz Y3, ojW E£F BAo] F3@ gl bty
o]Fo] A Y v FLEIEFEL o] -r%’% Lz 7hAste A
imputation®# S A& 3= AL A7 L Aoz Azbs|ojz,

2.2 4549 8= Non uniform nonresponse)

ol 4% MAR(Missing At Random) -2 MR(Missing Random)Z&
H7)ged o= $8uo] ow E4d @2x pdcl ojA ol
F&Moz Uehs $89 AdE 248 $gole @k da §5ol
3ol BolE FEo $EAYE Fv %7 @712 2 dfEFHQ €7t 2

RAol},

A% EW iAol +URRe ALD UM chgol AEYLE AR
stk ol Fglolehe AEWEZol YW WRuE chgel
AEYEE $HY At F¥s Qe SuA Yel= BRAm 2
AEYE 39 J19E B9 A el

olg]gt Hefeo] Fowte imputationH gy glol] olzlgh WM B EWE
%2 imputation classF & WA EEF ook o},



3 F3EA PHE

ZA7E ¢4RE Fo 2ARAEAM JEhd FEFE oln@d Yoz
Ass PAEC] AeAE AAHRESF 514

3.1 23 399 A= o] &(Use only responses)

o] ¥g e ofF Nod WHoRM ouF FZge digt AsES BAT
AT FP}A  Fn AzAYE FAstE Aok A9 BE
FARMEFAME o]F ZAZ A(missing) A7} 7153t =AA =R
A2 otF 21&8A olFo] AAR ol FLH Z7] A= metA
FAo] g #7)(bias)7} LAE Aol AT

2ggol Al Al vlste $AE AEZ o} Hul@ AE 2PN
WSS WA gAY ZAAA 712E T 2R Brhssn
sogae 7ol £UE Aol g A$r ohuw A ol
ohich.

3.2 7} A =3 ¥ (Re-weighting)

o] ¥ T old FFdeol ddlgd ARE ABAHEA ¥ T U
7b&d shveltt. FAH A9 a%e Haz sst sk SEATTE
agsly  stFAE A E2AHIE  WoltHre-weighting). o
FARHETANA o]lE F#84T + UEE AA=Eo] Ao

FE8A7 229 A7 nvEleq olF  dFo] fUdW olF T3
Woz 993 (unit nonresponse)d Hedhsd  AF Mol
Hhgolct. &Rt 8222 dd(item nonresponse) A gldl7)ols dE2HZ
VA7t AxzAs oo 2 @e JHFEAT B EPAo)
FUEHE YYoleE FER P HESHE Wo] ohYch

o

rr

3.3 ¥5%A Al ¥ (Nonresponse substitution)

_8—.



ol EEXALY U FIHoM F2 Ag3te WHezA gx HAd
B 37E #AF7 st @9 FgHol BAHYEFA ol
A2 A st =ASEE 3R (unit substitution)o® A g FE R
A71& FAA7I= Belh

o] WL 4AHF dolEE FAsE AP YA FE F oo weg
AAG YL Azsior o T g dAAE ZAMGA] dAgddd
ZALY o2 3l g 2AE ddabdAe oz S = Yz, 24 F
P 7} o] Fo] v Mxe] F7t ZAlZ|be] Waste] zbgle wjRaof
sl A7 24" diE)l g4e AAgse Ao M
#Z 38874 inclusion probabilities)e] 2#&a HE s}F x| A4taA o)
538 2 = Atk

3.4 7592 Z°](Follow—up)

FE2 U5 F8HE MNAANNAT FLo2 AHEEe el 2AEF
ZALa o] e FEL THSUE uW FL ANl FEE F
F2 ou" 240l ‘rE FFET BHAIN] #3dq FTEA} dFe
At FEREFES A= Yol

AR5Y HEHA FWAN Assod o gel FUA ARE
gFustsd sb3 Fe wdolAw ugn ARz SUE ndcw
shgAe Ee ohd £ stk 2@y imputationd AF el
2eRASe B4 ATSHE WHoR: UY TIwAM dE

NE2 Bert Aon Aztsolig

Ay ApEslelaE AlRFzsl B3 dgw ddz Wssn YD
MARRS FEL AdE 2A@70) BF e stEA FUE SR
Ageleke FARARA ARPAG SFEs7] skl SHAE gy
ZAEe deEldE sAse A AFS F/E ZAA | soldch of
e A9 she e ANF@RT Az B WiFd 2 Ao
7H54de Aol BES oo} Rk,



3.5 Imputation’ A3 &

ol “%"ﬂ“’ﬂ Cﬂfﬂ' ?‘}EE ¥HA PYPe TS I;S] Jaéz‘:"i,
ik( value) 8o § ‘%3]' 5B $ge = <
a33ie “o“ﬂ"]q %l—Q' Az WPe FLTHAY "as"ﬂ'% ¥5E
o] §3= Wi (deductive/deterministic method) £ $HARFo Sg=
WEe o]f3te TEHQ wWi(stochastic method)oZ @& FHZde
ol At

ol BE ZARAAC st RE FZol go] EAstd FHH ARE
FRHA HE2 $AR 257 598 ARE FA Ve 2 FWo)
Atk SN F4F 379 AEel mepy Fxsle] @D Fol Aol
WE 7HAe A¥el e 4 Aok =@ FzA £3Y ol I3}
#8229 A WAE A2 4= 9oy imputationFel Az
ATi™ e dlok S M2e A ¥ nlor wrt.

3.6 3% AFA4A (Nonresponse prevention)

ole  Fgdol wAs ojmel =l AAdseARE Ted

BAAFE FYshe olth zAbe]l slHsked @ RoRl ZALEAA
WAA melstelol & ¥ b Fa@ AR AN G 2.

DudEd Y

A A2 o)

@ AR ool gojl 3
AREAPYe DY AR
ARG AN A

ANY Fe PRgAel 48 Hos

ZARE A4 A F4HeE £3 Mo AEUE 433 A
AAd 24%1w e &
AeE AEE olge HAs
ol &< %01E°ﬂ D2t SRAE $8E I Ao

fd

>

N

2,

g
Lok
=4
)

_9.
2
e
2



EAZQ =ALEALA olde WA gystodor T FA4F R JHAE e
B g3 go.

e ZE UAAES AHH

o A9 FY EL FAIxAS] @RI}

® Focus group research

°

L ENE RS

oloel = AL, BEAA 2 A4 wiolA Pstelol @ Agse
A714E AFetr)z @k

4. Imputation2 ¢ g Fy|Ag

oy WP e AL} THFT Aol b= FEHol TA e
2e d4H oz Ag & Qo FEEAY WHAAY R ARA AN
EHE AR Eo] Adved A7IME A ArAe] dAlCA F¥lsteok
g A ES ANt g

o zAslel A 3 YA zPelA  mefstelol & Abge
zAbgsle] 2Abgels FRE & Yt Folm=F dAstelor Bt
g wgoz s UARIEL AYF F A& 2A} e
Aclth  dlE  BW SRD, RAQ@, BFE), wHsEW@,
2gRE6) Sz st Y@ =) BedmES 4Zd B 5 ook

o JUAR IERAA wRe| $$Y IEE Poste] 4 Fo

28% ARE TEY 4+ A= FAE oA dF 9
ZAEOA Ad(sex) WHEE £ svhd o gl dhshel
F2H(D), @2H2) 2 TSRO 2E AAstel YA LN olF
A2l =% AAwch

olo
ot

o N o

e ALEe] AEYY g8 Fol YAAER BAAIZHS F
F=E Fo} Yol &5 W (Non Response flag: NR¥ET)E
g o] R dE YW A¥(sex) NRYT sex_nr
nr_sex & AAstd FgEe] HAH 2AIEHY sex®FE
sex_nriio]  FEHalie] HAE Fodok(dl:  sex_nr="y).
Imputation® 2] A|28L o] WHE o] &5t AAMEA WHHFa

Jir



W F 3 3R E PR

e Imputation¥ 2] A|2¥E F8 & t2o] oW wpHoz
imputationg& F3}AEA FEEH719%  imputationFd  flagZ}t
gasit & W A4 WFo oI imputation® flagiise
sex_imp2 AT F gt ol& imputation®d 4% L uhge]
g3 AP Fol 4 37195 FA ol

o ZAuR{|d oiF oAFFT E AsHI & FA UAGH
imputation  class@ B2}  FZ A}t & =] 4
715 A donor)E FET F U= IDE 4 B soF At a2}
ol A1 Algolm oy AFF FLF IF=, NREsF ¢

e

imputation flagt ¥H5o] A8 A g A28 na37|E A1 o

o ¥ AN FIFVY flag¥FEE AW o EAMAE AT
AA7te FEE AEIL AAC] Qdojol & Aol FEEL=
Aated Bird 25 wjiel A AR AL AT AA%}
deoz olgd BUY F Ut FSHUR flag¥TEd HF
A58 Sdol AFHA Beo o FIHUY flagrEo] AE
ZARRE FF UFHez HEE o3 R {AFFERA
BAL 9T AFARR o]fo] E Aol

5. Imputation ¥ 5

Imputation® B/ odoMy 2ol= AFPsE EFLEoE AT
Z2aFd 2 gEx FolA FHSGE £olE olf3te WHAHQJ WA
AdiHel fEez o]fEHE £olE vude dJEAHQ 3714 e s
olo}r] & & Slt}.

o AQAHA W o FHEAHU P(deductive/deterministic/logical
method versus stochastic method): AAle F2 $Y 29 oA
SHE ¥52 F4Ho2 F SHT B9 g2 AN £L FEd:
doln Fas F $EH F5& $HY I9AEsY 2HIES
FTHLE FAHQY WYL H4sld F 29 2o g 0T
e $olt.



e ¢ uwhy o =4 ¥Y(Hot Deck method versus Cold Deck
method): ©] WY& imputation¥PL HEF of F=2 ojug
ARE ol&dt=ve] Z|EE FI ool e Wolt. Aze
AAS ZAARE ol g3 T3 F e HEAT Yol n
Fae BA FAzlE 2 HA FA ARE olgsld dAg
22 329 ke FE3E el

e o @ oA W o %5 g oAl PN (Single imputed value
method versus multiple imputed value): A2} AxiHoz F=z
SAIZAMNA HEsle Wylez 7 98 59 g 23 sy
A& o] vhx] EF FFe] AR B4l A Ro|xF e
Woln Fae §F §HE 3 g=o o7 e @S AHEsy
A g2A a2 AEFE #;ES AL HHoem F=2
imputation@d 7ol 22o]= ol

FARY HE SolE Abstd RRAHA oen e wEH
golgo] stk 71A WHES Be FAHY MY WFHD o shLef
2@ slx Fed WPHSS og P Fd TAHoz dme s
rhEg, WEe 922 WY &2 Rskm A UlE Agstuz sk
AustE #Fgols Sl W72 @

Logical/deductive imputation

Mean imputation*

Ratio imputation*

Regression imputation

Model imputation

Probability imputation#*

Previous value/Historical imputation#*
Unit-trend imputation

Group-trend imputation#*

Cold deck imputation

Hot deck imputation#*

Nearest neighbour imputation
Nearest neighbour trend imputation
Imputation with residuals imputation

® © © © © @ © © © © 0 O 0 O



® Moving average method*

RE s O2 AoA A PHEE AET FE.
6. Imputation® editing 37|

oltl® 2} imputation®& A& FE3 o 37l AFAA B =0
Ao gk AZEHAAY. “ZR FHE FEo g A8 9% FA3)
E %o FAdE o] duieln F FFF FEo| A8E FE A0
imputation®]|t}”. 2t ofF T F A7t Fe] JtE #HHA X st

a2y imputationol A $HE WEE 7122 st R FHY YE L F
% ¢¥ Hidn ‘_T—zéil &e FAEL S9dn FAHAE UL FE
AT o] odtg o2 Bolok =7t ol imputation®E Holef 3}
7l =30 A& F A duEid S8E FE9 e FAsD AFA
A8E %_%6}7] mj 2ol oleid AYAAZE imputatione] BWFE EFF
il o]2 9493 ubH(deductive/deterministic method)22 2 F37| = &
o}

golo] oW W) Rl AEslel FIAA AL Yo LYAEE A
2ete Qa2 ad_z}olom_ g Apdold. wEol WAL oA &
ole] E@g a7 Aste] theT o] oITi® T imputationd A e)s}e]
A48 nA B,

e g (Editing): eHH AEE vt Axz T9E Y&
2 39 2R =HAMn FHHE FHIAEYE F2E P
ZL e AX(HE)EE AP L o] @,

mlo

n:to
o}’., E'N

® Imputation: °lt]® SAo|M AR £ F SHI G2 s}
of 2839l ¥W(stochastic method) & L35l e AFxd= 2
Ag ool gt

3tARE o] & WY A3 ﬂﬁ}@'l gAY AJAelE & £+ gn #
2ol utg} imputation®} editingS F59 g YN £L59 A1 LE)E
=



A 2 A

' 0s s
F2 Imputation®™H i



L3y 290 w3

o] FollA A stnA s WP FdAFeM 2HI}E 9
imputation@¥d AFH DA F2 o|fHE BT F4 @ F2 F&
Hstn o] oJgA FAFa=ute HAFAHR SHoA W sEdd
olgi Aal Fol A Lst=rt st o] Sy SHAM 2NEla} gl

Imputationol 4] AHHE §olEL obd o] olFolAA Y& olfE
HEAol e A9 FAHE WaSel ool U P AFRRAME
% e olgsz £79n Atk

g madeldEs @A wAWE AR 2 Jle BBl F=
ArzAlet AQAzAlIN F2 AHESE GEH WEoRA ol Fol
$olg WEED 29 shnd @

2. 7}FFA o] FE Aol= v A7)

chgoll AtE Al FFHY ImputationWHELS FEAES 54 (Statistics
New Zealand)olA] 7}7ZA F3HA22 F2 AIEEHI e YHEd
ZPFERAIEE FEEAYzIYHe]l Had SAE o UPELS AESY
o] B4 net HdsHA o] Y S AL E AV UE Rz
Aztslo] T M7kA] WWEL A7) Fux @t A7l E YYPSed g
ol WiFL 5A9 AF %oz FAFIL AT o8&y FSHAM
A7) 8kaz}t ot

da wIAW= JFAA FIMFEARAS EESE A IAd F§&FH
e zIMez o] YYEL AlES=E AFstn Aok o] WHE PHE
AL&3t7] sl AA JgE A¥sid SAS  macro program
(IMPMethodWizardVersion2.sas developed by Soon Song)®} 2]
o] @YWL }ed AEtT FZHo|E program source® 7 AT
#A A= FAZAY imputation 7L EPe FnE o FUow gt

2l

i
=2

T4 dE BEL o] program source2 HWEF] #AMEl9 O] 58
program2 2 7|5 & 98 F AEF FE¢ 7Ie & BAsH 3 FAA



imputation7]¥ BZol 719 &ged dte 7ldE IEM oOF YPse
270 dnz g

2.1 Probability method

ol WL T|A e FZBol dizty FelnE EEEE o]§F Wyje2
Zocto] she|nE R %Z}ﬂg WA (MCR/MCAR) #Hlthe 7H ofeflall A
Frelneld AlaAFrt ARste 22 Axe Tt FIEAE FEIHoE
BEsE WEoEs AH5ASF(d: ASWF) BoEe BASAF(d:
AEug)el F2 Abgshe Yoz A .

Lhe) Bl bren, M 9T
2.1.1 Wy 4 ) e o%

o

] L o)slEly] sl REES] o] WA Paz Jd. dF
g EolBx o] AW “Fal(l)e TJAWMFX5A FHelmE)zt o
Zo] 7t Ftenel¥z EEE olFn Aot skzk AEe] ‘1’ sk 1
Fedo] A Foddd AA AE ‘1 sheEd shHlze] A
Zeodo] WAg HFEL 10%(0.10) 7Helne ‘B Fola 2y
15%(0.15) S22 f2= F4H94e 24 A=E 7 sty
AxR 7Y zr F AL Aol

o

Hr g oiw
M it 2 of ool
Lo x ol

gkef A 1 F FIHAE FSIREEE 0N FARAR @
slUE A9l o] &E L JteHuey FHIAE W &It
Frelnelars  Fedate] w4 Xel srelmele gewr  @gEls
imputation'}% 2 probability method2} %t}

3 2H1)
X WEF FANES T4 e e | FHEE U9
‘A 10 10 0.10 0.10 0.00<=R<0.10
‘B! 15 25 0.15 0.25 0.10<=R<0.25
e 20 45 0.20 0.45 0.25<=R<0.45
i 30 75 0.30 D.75 0.45<=R<0.75
E 25 100 0.25 1.00 0.75<=R<1.00




& €9 4¥ ‘1I'd & FgEAU FANAR FEd dEUST o)
0.0422}4 o] FggA9 X WF] $@9E seuund ‘A'R ¥9% F
A& Aol

2.1.2 Imputation class

7helnele] BEEE oJ9A AEFIH-v st Ao #EFHEA e
Feoiural Heprt 9d  FAYMCAR/MAR)E  7HAZcd AA A}
ZgoAd MY BEEIEE AT £ dXAT ddHe=z ol HIETE
Agolmz olgt HAF BAALE FHde REEE AIEET. olE
imputation classghe fol2 #Holdla] Al @&l THH FAo] A=
aFow Bisld EXIEE FIES sl Aol

Class®iss 2 BAMS X8 2 449 #2 4 Ac HZU+4E
classi+2 AH3la class¥Fe x3ozn FAHE steneE= 7z}
BIcE A&slojol dled o] classFELS F2 BYHSF XE
534 (homogeneity) Al £F & F Ae EFEF o|ojof vtz sic}

o71M AHgHE BAMSe REIEE AR $RAES ol gad
F2 Pt Asd dA ZAGAel vt TeHAT FAS) s
Ue @e wgg ANse A9olE HARAAN FL fAR oe
2Alo) ATE ol § Bho] REES Tl o] 4% 4E Auh

& EW, AFAM2E Ao APor ¥ol F=¥E Fogu|go] 3%
2e Aor 7|dHERE FW A FEARYH AEdriztE £A47F AL
Roz Al "ok weofe ojd #/Y I st F-§ate] vl &o]
FAE e a8 AE(e:50%0]1) 7 LAETtE A MMze] FEXEE
o] &3to] Elgd Aoz Mz ojzic

2.1.3 ‘%IMPProb’ Program ©]-8%4

©]& Probability method® €&3] +8s7] 918t 2AAdg SAS macro
programeo|c}. Imputation class® ®EXEE T3t WHE el dolg



FolA $uAw wisd PEXEE TiY TEuAY HES add
programe.2 THE ZAlIA AW REEE 88 FE Y A%
Aoy olgel o8 71gol7] vk

Z} macro9] format®} parameter®] A& cofg3 #@o

Format: %IMPProb(indata=,key=,impvar=,impclass=),

Essential parameters for IMPProb

indata=dataset (2&B 42 22 flag?! response="N'J} Z& & GHOIEHY):
key=unique key(ZAMESPE 018 2 A= D)
impvar=an imputing variable(imputationdt DX} &t= *AIBIZ);

impclass=imputation classes(imputation class #+E) :

2.2 Hot Deck method

Jp

of WY AdASHs P BEASHSd HRHoR Kol FHURB
TAxAE] 782 AYrigez F=2 AMSstE imputation$ddl )
WEE olgde FAVEvit AlgEuA s | uwE o e
gujz AMgHI ded, orjd 2A4® WYEe % A5HL Hot
Deck7/l'd& #48 Wyoe Agstnz ot

2.2.1 ¥ 49

¥ (imputing  variable)X®] $GAEE {3l RolFii(creation a
donor_ pool) 1 —‘?J’ZH: 7AdA Fegale g 39z 2559
ZHreceiver) @BARAA FAHE  FHAdonon)E FPFH
"1 S @A 3“%" o L dd Y FeHEAA e

©@atE F4&5E el mebAd Random Hot Deck =& Sequential Hot
Deck og FE3Ed A7)d AJlE ¥He Random Hot Deck?l
/i d o2 Hot Deck B & A4 slnz g}




222 $9A FAA FE4

Seatel FedAE BAWMS(imputing variable)d & HA9d £ U=
W (imputation class variable)?] 7Zhelnz|¥ 2 ztzt aFstste] @At
a8 z SRt A 45 ZEE Z(uniform distribution)oll Al A4 9
&9 & ZOKK<KDE 47 ¥3sn, Fe€A aF =7 oz
FSEANA FFTHEREANA A" FAY FE US G dgFsle
olE& ZtZ ¥73 B FEF L A2 Jdd dg FEEATe
#HFsts AMTE SHAY AAFEH wdE"E £A=2 sy @gsis
Hy o)y,

dE E9, ‘g4’ W4E imputationdt Lzt gk o] Ao Al A,
‘Azd’o] ‘FHJH'E AP F Ud= det MRS, F2H1)ole dFHo)
15-1941 2§9 $2A7F 100%8 F$&27 3gelatd S92 100%F9)
ate] FEEEANAM BHE FF ¢S €9 9 sortingd 3, 3HE
a5 eXA AhE 4§ @S 9 1 sortings st g Heolgd
2ol Seatet F3EAe] 2ol &F gtol el AP=AGn AL

S 2§ &g 2%
ID Imputation Lid- i3 ID Imputation Lid=] 4
class 2 ak class 2l i3
4 ek (x) 4 | Ay )
All 1 15=19 1 0.002 | ASL 1 15=19 : 0.541
A3l 1 15-19 3 0.012 | Al19 1 15-19 : 0.620
A22 1 15-19 2 0.035 | A33 1 15-19 : 0.655




A54 1 15-19 5 0.120
Ad4 1 15-19 2 0.223

SUAE ASRH 39S TeRANA Adz At wad wwsie
ot

=, €A A1l ¥4 ‘1’2 FEEA CASUAA ¥dsta, $EA
‘A31'9] FAAE ‘32 F3HA Al ¥Fstn vlxRez @A
‘A22'9) S E 2’2 F&EA ‘A3 A @3t

79 Imputation class¥TEL SRS} FLHA7} 2F olf 53
REE(@H &t £L imputedd ghol o5t FR A 5 A,

2.2.3 Imputation class

Imputation class¥E TWAESF Xo sty 723 Mmool Qe W
olojof &n EF FHHnYHyrt FE olfFHu r) dE5HSE
A g5tz sl o)l & Fle|lneESE WMEste ALREHE Zlo] vz sl

o714 Aelg Hot Deck¥y& S HAE without replacement® AL45}7)
o] & imputation class®l £33 LHASFE A Fouas wo
Aokt ©t& macro programe ZAFHES GAEo] o= 2 imputation
class®F ZAAA| Aldd $2AF R F3EAre] A7 S AEV}

Asysjolof k.
2.2.4 ‘%HDeck’ Program ©]-&%

°] Hot Deck methode €23 F33l7] 9ste] Z4g SAS macro
programo]t}. o] macro°l A}EE imputationth4dt B4 W (imputing
variable) QA&HMF(d: F=Y F& o]) olojop Fl=d I olFE
SEAE FolA ol A (outlier)E A AAGmA = Tl H
R FEUAE At B0l EEEJ,SF§@3] Hasel 217] wjiolc}



gkef, el nebiTE BUUSFZ Algslnzl dH 2 WFE dSUFE
WEkste]  Hestelol stm =@ Jlelmele] olgA AAE A
Foujzlez  ol& HYPez  HFAH F=EF 37 HA3H
ol 7} ¥ 5= (parameter) alpha @& 433 A (cl:alpha=999)FH o] =
AAGo] flo] BE FHEAE imputation class(donor pool)ol] dob 2UA
3t 23S WPFE = ot

o] AAE 2AanE AFLE FA3n wheke] 28T A2 ghel
alpha® ¥t B2 o]4x A7t imputation classell4] AA= 1, &
e o3l Jdiydez HE A9 oldx SHA7l  imputation
classell 4] AA =,

Z} macro®] format®} parameter2] o] gur¥le g3} 7o}

Format: %Hdeck(indata= key=,impvar=,impclass=,alpha=):

Essential parameters for Hdeck:
indata=dataset (2a¥£2] R2¢ flag?! response="N'JI Z&& HIOIE):
key=unique key(ZEAMCHHE 2018 & A= D).
impvar=an imputing variable(imputationdt D Xt &t= 2t alw %),

L=
e
A
=

—

impclass=imputation classes(imputation class B4 E) .

alpha=014& Xl Ml H=Z(default=2)

2.3 Hierarchical Hot Deck method

Hate] AsEE o] WHLS Hot Deck method?t Nearest Neighbor
method?] 7HEdS F&sle $89 ¥WHo=Z Hot Deck methodolA] &
Z}Hel a2 2](a donor pool/an imputation class/3 Fcell)oll F-5 2 Ak5=oll H] 5o
SeAF7 HL2 o g d9L8 v)EY(without replacement)S 2
TP A sreln e} Jhelne] o] 5 (collapsing) @3 o] BAsHA ==t
F2 Jtelnele FHE & class¥FE Aldo] A3 FEstd sl
A 2L classBiT2 AAG O F o]59 A& HH3 wdslo AFHoR
FEEAEE & F AEF 1%dd" €F 2 Hot Deck imputation 3ot}




U] Census Bureauo] M= o] W€ F2 Hot Deckol@ §o]2 AMg3taL
1tH(Donald B.Rubin(1987), Multiple Imputation for—Nen—Response_in
Surveys, Wiley Series, p157). oj® A3 BaAdE o] ¥Y& Flexible
Matching Imputation method2til%E Ftc},

Hot Deck method2 %} & donorA®-& ¥]E{(without replacement)
WS Aggche imputation classol S@AFIE FEgAFRT Aok
sHe Aol e VAR class¥FY FER EAL Aldd F&39
AEHoF dte=d o] WL & classEFol &de FHEATFA A Fo]
gleez A{AA7 dcn Q4= FAF classBFe] AFE AMLEE F
de AYAHL . wiFe] 7 B BFEY £40] RAIG $HAE
Hqag £ qdoE N@oe® Nearest Neighbour Methodd #de =9
s & 4 ok SAY class¥FY FL2AX w2l imputation
class¥A4el W] £AE Fosof st o] Ut

2.3.1 ¥4 49

Imputation?}5& EE classFES 25l MY HD cell2HH
AlZtste fF8gAle dAle] 2§ o rRE v E(without replacement)
524992 A9y SHA2RE BFAMSF(mputing variable)d] e 2

eke] BlF Hckcelld F8HAFIE $RAFRT B A9E A%
FoaAE $8AZYH s ¥F ¥z BaA 2 Aot o EAE
A7) fsted  Hdel wWiA®E & class®FE AA}n UvA
classdFE2 349 te HDY cellZ¥E FIAE $HAY @§E
@3 2E AddARE oA A olw) FLgAelAl FW J)d
+2AE Adstn 714 g Jgee $E9AET FAY M2 imputation
class® 2§28 FAZ

olg|gt HiatE A% WESHA =W imputation class®] 2§ 3he] BAIQlol
Ad) FTHAFt dAl FLEAF 2o g8 @ ol: didqiE BE
FERAE SBAZTH TYEFY g €3 LA 9 ol agE=
Ax FE5gx9 F71 AA F8AY FrRYg 2 HfoE o WS



Hgst= dxe A7 A

o] Wye] Fi|H< o]E =9 imputation class¥ 57} sex(270¢] 7}he)12])

+ education(5701¢ 7}eli12]) * marriage(47§2] ZHel g2 FAEAGA
imputation class® HA® FHdcellr: FHWE 407, o] 40709 ztzr
cellolA] F§g2A7F SHAZEE gg &9 2 2L Al#go, ghof
A8 FSEA7 @E 8F A ZFE o dACdAME A classFY
marriage?! class®5E AAstd FAH Y=L sex(2)+*education(5)9]
imputation class 107§9] cellelA FggA= 2tz ¢S &9 2= A&
3tAl "ot olEl @ class®a A wbE AL ZE TSI} ge g
g o 742 o)

Level?] A 2]: Imputation class®¥FE2] Aoz AAHH Fd o]
sl z} Sl Hog A imputation classg] °] &2 levelel2t A2
gheh, o2 S o] oolA] 370e] WaE FAE imputation classE
sex*education*marriage24]  levell&  sex¥Futo) %,  level2e
sex+*education® 2] ZAgH F, level3= sexreducation*marriage2]

Mo AgE FEL level2 X

ol9 ] Hierarchical Hot Decko] Z#43t=uUE AHQH leveld] 71E&
=]l £ FAHQ o EF EoJiE TSI I (BEFAR).

® level3olA] sex(1l)*education(tZ)*marriage(v]E)Q 3+ cellolA]
2719 F5EdE 279 SEUSIERE FIASHE F €™
FE(S)9 gg @F e 279 FEE 9= 9335 FHAe
e &g 2rE 7l Ao

® Level3olA sex(1)*education(tF)*marriage(7] &) & cellol A
2719 78§ 99t 8709 &H DHERFE FANAR 279 dHE
Adste] 2 $gd F5(2)9 #e 8T wEth Level3dlA o
cello digt 7 $2@7 e dart Frdch

® Level29]l4 sex(1)*education(thE)Q! M= @ celldlMe ¢F&
g 4719 SEYHE AT 679 SEEH FEH OHE
Zlttgle ager FAIH9] Ax: 279 FEygusE



seedzye % /3¢ J%An Ao 474 209 #8%
B 6749 gRuAzyE FAAZ 29 vAE dusd ¢
$9E F5(2) #e ¥F BETh Levelzold 2749 Jof F
sueg % 93 AYdWAt FmAG o2 BE P39
SLEEM DR

Levell Level2 Level3d g2t 4 g &
Sex Education Marriage
1 & uE 4
1 uE 71E 2

2.3.2 Imputation class

Imputation class®¥ 5 B|A WS (imputing variable)Xet A#BAA7} 5L
Ftelne] W\FEL ARREol dtm el MF w¥& ¥HFeE 44
class(el:levelDZ  Al&stzm g@e] 7ZHF 3 ®iFsE Y
class(dl:level5)2 AAst A classBF AA7F Bad A9 714 dA
ddo]l 71 43 WEE AAUAGe] HA FozA R ZAF AT
W4E HEF7HA imputation class celldAdol] 7]d S=F g o]
class¥ 2] level&A9 ZAAL FAZHA HWHS AlRs7|E £0]514]
dornz JHWFY classBFol FFF AAo] A= subject matter
AE7tet Aot XS AAs7E Astazx o

Imputation class®¥ & Y% AFoME F3H stelnele] Hxd e}
FME g8 Rd3td Ze £A class¥F WoAAME imputation class
cell?] E3(collapsing)@aE AEo R FHYIIEE & FE At} o
S imputation class{! sex * agel(Z} 4] Q38 I8)dA dABFE 24
AAGRGA Ao digt EE 7|dARE AAsA He= b
class5E AAs7] FR2A M2 ageSGH ARaF) ez
WMEE 439 level3? imputation class& sex*ageS*agel 2
BAPUA agel? classMFE AAsAE @2 class¥$ = imputation
class@del 71dE & & Aok olgF FY class¥Fo w@Po=
imputation class cell %% (collapsing)2 AEFO0Z o]Ro] AEE
imputation class& 44 & +£x it}



2.3.3 o] AA class(Outlier class)

Hot Deck methodolAe $@AE @93 P& HYD imputation class
celldlA §&2 @F2e]l F3h=]7] ojHo] o] FA AAAYE v =H
AAISEUY. o] WM E T imputation class cellolA o)A &
AARGHE T GAT HD9 imputation class cello]o]A] o] FAE
FAAo=2 AASZ|NE SHATIE TEA ¥ 75l Boh ol2F
TAIZ oA AAE SHA AAFTAAM FAY A& classHFEE AFA
imputation class tAlel outlier classE #Asle 2 A" FHoo
cellZEE oA E AAESF g}

o]z AAE 2oz dE outlier class AL F2 BAsnz =
B4 Q1= cross tableo] AMEEHE F2 BEWUSE AS o] niga sicin
Azt o] imputation® AR AEI Foll cross tableo] o4
FAY ol dg ez Y HeAE AMAd dEnz e o xdA
B E Zojth

2.3.4 ‘%HHDeck’ program ©]&%%

Hierarchical Hot Deck method& 23] 335t7] 9sted A SAS
macro programe] t}. o] macro®i Alg-4 imputationt 4}
A S (imputing variable)= W Z4=(continuous variable, ¢l: £¥¢ =&
L}o]) ojojof JY¥ F £  programe] AAEUY. ==
Fhelneyse  #He EBd 42  imputation B4 ¥(imputing
variable)2 A}&3txa stH FE dENUsE s A &
=

as

5
=]

B 32

A

=

—
il

M

Zhelmel o] disle ol4x AAE FHAJI Y Fou|sinz o]
AA Azxte] zAE& WAE7] Hdte oisf¥F(parameter)®] alpha #&&
4335 3A (c:alpha=999)FH o]dx AA Hak flol ZE SHAE
donor pool°ll ge}l A & & Uch



2} format®} macro parameter? °]&¥hge o33 P}

Format: %HHDeck(indata=,key=,impvar=,noclass=,varlist=,OutlierClass=,alpha=);

Essential parameters for HHdeck:
indata=dataset (a2 22¢ flag?! response="N'J} Z&& CGIOIEHY):
key=unique key(XAISHSI B &018 £ Q= D)
impvar=an imputing variable(imputationst D X} &t A=),
noclass=number(class BI&+82| 24 %)
varlist=class variables (classP!+=&: H+-EE S8 dataB®EiR, 25 =X =B
outlierclass=class variables(2& A= Ol&X XMA O8)
alpha=0l& XI HIH 4 Z(default=2)

(=]
=

Ho

2.4 o1& oA

+CI8 %inc $22 YIS0 01T 20 LA Z2IOUE SAMBI00F L)
%inc 'c'W2005censusimputationWprogramsWIMPMethodWizardVersion2.sas':
BRARAR AR AR AR AR AR R AR AR AR AR AR AR A AR AR AR
** need to sel response flag before processing :
BARRRR AR AR AR AR AN AR AR AR AR EAARN
s===IMPPobs === s e e m e s :
** setling response or nonresponse.
data master: set master:
PersonlD=GI_sido| | Gl_sigun| |GI_dong| | GI_josag| |GEO_ne| |GA_no| | GA_wonno:
response="Y";
it NR_IN_sex="N' then response="N": .
run:
%IMPProb(indata=master,
key=PersonlD,
impvar=IN_sex,

impclass=Gl_sido Gl_sigun):

L R E e




=» An imputing variable for Hdeck and HHdeck should be numeric:

## All imputation class variables should be same data format like numeric or alphanumeric:

L e e s

e o = i 3
data master. set master.
response="Y"
if NR_IN_sex="N' then response="N":
var=1 -INfsng
run: e
%Hdeck(indata=master,
key=PersonlD.
impvar=var, [+ var@ alpha numeric® IN_sex22E B && numerictl$ «/
impclass=Gl_sido Gl_sigun Gl_dong.
alpha=999);

s s L e [ e e T :
data master: set master:
response='Y";
if NR_IN_age1='N" then response='N":
%HHdeck(indata=master,
key=PersonlID.
impvar=IN_agel. /*IN_agel2 numeric Bl +/
noclass=6. q
varlist=Gl_ 5|do Gl SIg@ 1 d:p}_) @ @ INC ed
outlierclass=IN_ sex
alpha=2):
run;

25 A FE &4 2 program source

Jel Ae)sle U2 program source:s
°ﬂ 4 JdE S2e 3 FESHA o

Ug)—-




ARE 7158 Avlek zzaNow HASPLRA s vEPUS

3. AR A A F2 2ol WY &

o] FollAE AJATE F2 T el Ego] HIYLWA e
ZfolA #8A FRAANSEA A A ANAJA._ A} F2 ol WS
N3] oA FAoR AJEnz o

7)o AR WP EL FFZAMA AMEE W3} Zo] Statistics New
Zealandol= A #3849 SAS programe /MEH AL Un AIFARAL AR
Agr|2eo) A ALLE Lotus Notes 2192 imputation H-& T3t Al
£81 glorg goz AT imputation®Hel tiFd SAS programe =
e fo F7)nz} gt

3.1 Historical method

2]

] e F2 o2 A4 FAAAE BB o zAEE 9,871,
Qs 5 AA2A HAGA 2AEsE F37 AAlC HEdE Yo
FTAAAAY SRR FARSE o8t @A ZAIA A A" FF
< imputation 3t= FEO 2 A&t ol

ol ¥ 7HA Wez FRIHEd st FAANAHY $HE ARE o} F
HE Qlo] adiz FA AR F gHE ¥859 gpoez ALEdEE
(Historical method without FMF) Zlo|lx o2& g whie 349} A ZA}
Al HAtolo] 5] AAGHEES HEE F SHY F=9 e FA3

h oy

= 8¢ AHE3FE(Historical method with FMF) 210k,

Aee] Wg =Ray) Astel Bes} 2ol 7158 AelshnA @k,



(=8 EAMAE, t-p=8 EAAE
x, =i NHS AIROI SEerat
=i AP AR AIRE 54
x,.,,_,,_zMa:au t-pAE S8
w,,., =iAFIHICl (- pAlEOI ALRSH B4

¢ = imputation class(cell)

qu'.r * Wia
b
zxr.i.t-P * Wit-p

FMEF (Forward Movement Factor) =

OIJIM p=1,234.5.....

3.1.1 Historical method without Fl\_/[F

°le ¥ ZAMAAHY 78 TEL AAzAY =T ¥E9 g ad=z

, FSEs & ZAANEB MBS gl x

.r—g

3.1.2 Historical method with FMF

o] "L historical method without FMF ¥ tls 74 Al A 53Rz Ao
A YPeHoz ALEE dWHoz A Q. F $EF #HaA =AA A9

< imputationdt= HxEA] 94 FMFE P33 o] FMFE %98 =
A A1 9] 5] grolltk §3td @& F3te] imputationg @ F Utk F,

SSEE S ZAANME2ASH &%, =x * FMF,

cit-p c

3714 FMFAIR e T8 &89 ge 5 AP0 25 §28 #& 4}
HAIER AMgses Zeol # ZAgol mME A ZARA
imputation® k& AT Fx Utk wepy @ AR Aol AE FE 2o v
d8 AFAdAlE AAARE femz Alided Alsts Aol FAdrtn
Adztdct



Imputation class(cel)= A5 544 ¢ FYstn FAsHE A
AS9 ngoz YHIEE @) dF W FTUF WAL HF FL FUW
FALAF RS AJAZ FAY EE FLE imputation classE TS #
Ao} A ZAAA Apolo] A BE AALFH FAY ¥t
2 vido] HEE class® FoE Past At

Ao mEME T ZAANES EF S8 AdAe sttt FMFARL
BN A A7lE AdA7 9& F doh F R2ARA A URE §F
akel ztolzh @ol Y oA AldAlE FMFE A33 aA(EL &A) 3=
4 2 7194E 37] ol oE A A AGAHE 2 FHA o2 &
AN AelE o) Bojdolm ol A|HelEs AHPo2 Azt FF3 Hof
o goiai= ARjlAletd oy AldAlE 2 4AHE F(imputation class)ell

el F7EA0) sl 2 WsHE slisy) WEolT.

ol F£F9 FMFY gto] o]dAU7? ZAFFHER aol7t AAATR w2
de EAAY A7 AllAl ZAHAnnual Enterprise Survey)E o2 49
o2 s FAAE AFE AHA FMFY &9 @AS 0.667<=FMF<=1.5
2 AgEa itk ol FMF AlabAdzts) 150130 A o8 1.52 e
&3 0.6670]3t0]RA o]8 0.6678 nAsIY AlE3ATD WRHoer A
g qtEoltt. wetd FMF @Ale] AAL ZAPER dF & sto AMgstes
Ze] vt Ao ABztE ojzic),

FMF A4 2 789 3t 34 oA

olH imputation class(cell) ‘c’ 370¢] A1dAl2 FAHUG HoJs 2
Al AT CC AFdAIZE A4 =AM AR 7§ &sida ZHAsln A =
ARAI 9 Zg 7t o] JhsEit,

b &) A zZAN A d =AY
PodA(x1) | FF (W) | #8AGew) | Bold(x,) | 5wy | F8Gew)
AA 100 5 500 200 5 1000
BB 100 5 500 200 5 1000
G 200 5 1000 , 5
(% ' A 300 G

) 5 . 1§e0



FMFE FMF = (M

J=29} 2ol AR I £ A& Aok WehA A}
500+ 500

il CCe) @ ZAES T 2@ wulde] HE 400-200422
imputation®@ & FAXNE + A& Aot

3.2 Regression method

o] WY& w2 E ratio method 2t1%E -t} Imputationdt iz}l s BAE
F9} 7% ABBA7F Q= BZEWE(auxiliary variable)7} A A$ol o]
B o]8% 4 gt} Imputationd] BA YE WEE Tedoz zaly
3 REEF FYRAYY S9E &2 olf s5d HYAE T FE
< A% ZPVSONA o] f st oS ABBAES ol gy T
SHE WSl st T SRe @2 FHst imputation® F AL Zol
=3

FRAYE EAGAME AR ATAERE THey] R olE Rz
B2 @gatel AlJAlRAlY 29w $22 ratio methodE ol 83t T8
gg2e 34 e EE5Ed ol& AL AQA A} T A4 ARIAZ
Abell 22 o] gHth

T2 FAHANMNE ZNZ2FARANAN RAEE FAAST F
{39 71540l = BEAY o2y AFE et U8 A
=

2 @ojo] o
o

2 47 5o

tgel JlEE 9ol WelE fstel e 2ol Fo| Huz @k

x;, =iAt2 M2 FH&IQX &5l B
y, =iAl XS SXE4L g
w, =i At X0l S=
¢ = imputation class(cell)

Zxr.l = \V'—

r.(Re gression Factor) = &———

Zyc.i * ‘Vi



ST 59 g2 imputationdte
SEE NG 2k, =y, ¢

i o 2o

*1 BEWEFY go] (0 T2 F
Aol YrFH o= Hojgich

%%%} AR Al e AlE Aol A A9

&2 40 4n
r|r_\i

AXAZL oA

°Jd imputation class(cell) ‘' 4719 E2AGAZ FEHAAG B s
3 3 EE AKAF DD ARQAIZE @ AL Al FA] #ojde F §H 33
3 BxHst 393d o] §7hs dtin 7t Ed,
‘Ll
Akl Al oj A (x;) ST(w) F 3 A (x=w) By

AA 100 5 500 50

BB 100 5 500 48

CcC 200 S 1000 105

DD ; 5 - 98

E‘ q0C 9 {oel
A4 Regression factor, F,=(]00*5+100*5+200*5)=2000:1.97 2 At

50*5+48*5+105*5 1015

g Aot} meta ALGA DD’ # ZAIA A9 7 w3 wojde] gre
193=1.97+98 Z imputation® < FAHE F UL FHo|}

3.3 Mean method

o] WL FAR EE AIJQAES § 2§22 F4A 38+ (imputation class)
T 58 BE AdAS '31]5“*1“ HAE 25N SRASEZEH A4t
H 9eHAd L2 /EHAUE 48 FEgAelA g3t wdolt)

AFALAATE B ZAAMN A A BEL2 FEHo Al £ 3%
2 A AAZRE F3Ee] B4 FA A Azt EAEHA
& e sourced RBEAMI}L o]f7M5EA P AL F2 AMREE
WPoz geiA Ao




Mean methodi= AFIAl ZAb) F35Ae) WH7hed s goz Ads s
Ad7Mes deiA Ad 2 olfrted st BELAE Ha 47
e @del QA mels.

04

=i AFRITISl EHSIDN St HA0l S
w, =i Al RO 54

¢ = imputation class(cell)

>

(ot

T ghe B2 e imputationsh: W g 2oh
=
=

SES MM Bk, =k

ANA} o)A

BH3oz Mol 715HIYE dA2 g3 @

o]® imputation class(cell) ‘c’ o 4712 FEAIAAZ FAAHATT A2
8l O ARRIAIF AR A CC 7 @ A - A S ZE AIGAER A9
Eded ¥ €9 sz 7MA s,

, A 2A1 eI
Al A Fof A(x;) Fa(w) ol o (x;) T (w;) FAA(x w,)
AA 100 5 200 A~ 5 1000
BB 100 5 200 A~ 5 1000
cc : ‘ " 5
DD : 4 200 = B 1000
BT W L
Imputation class ‘c’ ol g 7}FH &, =(1009%;10:221000].= 200 ‘o] B &

Bow Al «CCe) & ZAMA|AS Tujde 20022 imputation® FHS
T F A& Ao




Hug _
%9-]1 Mean impu[atione- 7]-%-5(]% i;ﬁﬁ}{f" ‘%‘ﬂ (weighting up)i’} %%ﬂ'
A3g 7tALY. 99 dAdN $HF AA, BB, DDAIIAIE M=E A€

AR 5 =(2E5 ) oo ¢ cl48a 73R B4 +AAE 5T

A3 HAEd o FA 2AWEL AHgshe de FIor 482 @
o}

3 MSE HFEe ALY FRHE A gled 9ok g8 Jje] ¥FE
ZAsHe AR ZALA o] 2 F3gE FAd Asior st %l
£ RE 24 distq 2HY FAS 747 Adstdel st Axd 3
o] w27 oo o WYL AgEAU%T ZH WGl HF mean
imputation®}d & A}&3l= Zo|ch

3.4 Moving average method

o] WL A wRAJYS FAAY AAFAzAL A AL Ze W
ol At Pzt AFg utoll 989 historical methodst # o] fAME BEA

g Aot AFARE AARY WSl or)4 us 2sNSGRA B

o GER AAY o FHFWNCZ 2AHE HANALHEE 0§k 3
AY Ze 387) $RARE D GEolFARS Tt @AY EAA
Aol 7 $9E R FAsel o gats Woln

DNYOISHR 3 =[*_:+_"g_+L)
d 3

4. Imputation®3y A Ao 13A}L3}

® imputation'dy& Ao st AFHA dde] 71ge
3t wd el m2h 428 Ad=dtolol s oW WEe Uea
@] $EG 24e f

o

A& FASE g dYHoR stojof @t F g
3AE ot&2 3o olFcl XA o= Hxo JF& YA
= ALl ZESY YRAA AIES stejo} gt

M i = o 2
X o ¥
e

> oA



4.1

4.2

4.3

4.4

4.5

4.6

4.7

oW imputationd& AH4¥ A AE AR LolskAE o
o ZARS) 43 BANEY YA we o2 PUEE AU &

sty ArgshE Aol v sich.

AL A AN E 7h35-Eol A 2708 Hot Deck % Hierarchical
Hot Deck8 g A48 4 g7 s o %o] A|7)slsd o9
AAE Qlo] ARJMFEAAE olE W A4E 4 Ut @A =
A}EFo] EAo] met ALY 2B WBosiclol & Fale} 7)o
A},

AL A ZAHY I, #7] 5ol F2 ALEE Yoz JgEZHS
i@historical method& F3 & + U1, A0z 3t Hxo of
sl o] § 7Hed BRIt GuaAzt st Hlyegression(ratio)
method® W3t} gt AWM EAo e} F 712 P &
|3t ALR® A At aglzm o] F 7kA] Wge] & BIlE
3 ﬂ@':ean method® HF=2 A9 3o g},

Imputation®%] 7L Ao A= W0l subject matterdEI}ET} T
2O 8YEDRE ¥HRo] YA DA NN EQdteof g}, o]
E Uy Fde ddx £ FAE Al A 5 Q7] wiEeld
3] Al2"kAL BEFAHE Fuste FFF imputationPE A Hs}
= QoA w43 A zAgPiled SHE ndd FHIFTUY
& AAsoF Foh

F&d @¥ol g A= wPAAo] ot 1] soF ct Unit
non response 2} item non response®|l ™%t imputation®yo] cj=
Al Adeslojor & ALE WAE7] wFol}.

Imputation ¥ A A 7} meisiof & Al 7p&dl shdes WYl
BdEle] P olEl g = du AYE Y Al Eo] fo] &
of %ot EA% W& =<3t imputation system toold A3}
Al7]a2 Ak o] 25 AlE black box#H FE& WOoW imputation’sH
LHells 7|98 8 + 7] W&ol

FeEdez 3 AAe o o W} FoHEHC] AR &



A 229 (MCAR: Missing Complete At Random)2 243t cha ©f
W e st s A7 )12 ALR A oAd A F&

ol ofw WA £490] FA(MAR: Missing At RandomE ¥

Qe ol BAWSE AVATIE o) AT} & o)
o.

5. Imputation class A% i1e{Ate

Imputation class® %ollA AFF vie} Zo] o & foj2 AL 3
t}. o] =49 imputation cell, imputation pool, donor poolS o2 4}3tol
we} we| ojulztels} ok F&E WA e F&EEF ¢S uf 2 9
uE A g wA olsistdor ¥ ez Ao o™
imputation class ®E o9 A AAsT g @Wylo] imputation class
HEEe] £AE AAsted F2 2R E 7 A7) dnz 4.
5.1 Imputation class®¥F 2Z& ukEo] subject matter AE7I9} § 9
gt BT (imputing variable)®} ##o] = BEE WHFE FIX
AL o] BRAZAIGEE £ O sourced FANRST FollA BAFIE
5 gt

5.2 Imputation class®¥+E52

PN
o]

gta] P4 = g stelaee] $EAF
2 FERATE nestaiol goh ek Hot Deckdel AbEH 2
223 @ (donor selection)e] ¥ & (without replacement) 2.2 ©]%
o] 24d ¥kko] & stz §@AFI FEEASF B Aok
go. a3x ¥od stelmelset Ftelnel %(collapsing)d S
AtAel ggslejof gy

5.3 Hierarchical Hot Deck ¥ & A48 2 9= ZQ imputation class
HFE 29 level2 AlFsn @ F23czn AZE = imputation
class WFE AT level2 £AME wdslodol F. F L
imputation class BFE I 717 classB Aol 7|dEZ &7 &0l
o},

5.4 Imputation class¥ S AAsEd A2 5 s ojd Adss A2
BAup e Aofsle] oA rh BAWS(imputing variable)?b ¥HE



o] FTFA Yt REZUTE st AL 5 AlFold. 289
2E W dARTE classATE AHGE A7} 3 BAld $-33)

Ed o]& A™se T8 /FL ojd WFE F2 BAEAMN 7

HaeMs ol g5t BAEE HYHEIE classtis dge) @}
A 7)1%olt},

5,5 a7l FAA= FAHNAM AASd @71A MY L tree analysis?
22l SAS macro procedure?] CHAID analysis®& %39 Faw
F #MALE Y A3 g5 2 HFELE UYEUE Fsld o
2] el class®FE FAT obF B simulatione § FHel| 7}
2 A graictn AzZbEE Mo F§E imputation class®¥TE AH
F ZAgPo] oy BA JE S2e T AEHE 7HA 7} ok 4
ztg o},

(o)}
ol
0
2

ZFAHLongitudinal Survey)ol] 2:o]& Wy A7)

i
3]

AlolA] 2ol Whye disiME FAIAHA 49 A ¥ Uy
Atz gk, A E delM 24 $HI} FLE R A
42 2AdAFAL|A] HEEs o2 o] @ o] FE o
ZA L SatoA F71nat g gl AvlE WY E
fo]l= FRAIWUS EAAH ZAAsFEEA SoFIE(Survey of Family
Income and Employment) 71 3A] ZE =AW fo]E d HAZ A&
g e g Hold a®E JlTEA FE 243 A7A Wy
(Probability, Hot Peck, Hierarchical Hot Deck)®]t}.

o % @ I
LHp

P22

L Hu fo mn op
M %o o

Mean imputation method

Modal response imputation method

Hot deck imputation method

Flexible matching imputation method
Carry-over imputation method

Carry-over with random R imputation method
Carry-over with population R imputation method
Regression imputation method

Predictive mean imputation method

Little & Su imputation method



® Use of retrospective and proxy data

xE: 9o WS folE Statistics New Zealando] 2539 Bxte] F&8
9l Marry-Anne Heys#7} 29 AZAHSoFIE)Q) imputation7] ¥ 702l #gh
AFR MM F3TF fojEoly TBH dEe SAE BE(3]L F=
7] wrgyct.

&4

- 40 -






1. Imputation HE AHRAFE 9§ Outputs

1.1 Probability method output

1. Producing random number boundaries: ¥ ¥ %°] #& 9 output
2. Finding imputed value: 7}¢! ID®¥ imputed #k
3. Imputation summary: Imputationd ZI}o] t)dt QokrF ).

IMPProb outputs

1. Producing random number boundaries

(D)
(8) Random
‘(A_) _Responding ) number
Gl_sido  Gl_sigun (le_fe/x) . units Distribution boundary
34 010 f v ¢ 14993 049978 0<Fandom=<0.4998
34 010 1& 2 klsoos 9 0.50022 0.4998<Random<1
: Ezzs======
29999
2. Finding imputed value
)
(8) Random (D)
(A) Random number imputed
Obs Gl_sido Gl_sigun D number boundary value
1 34 010 9912  0.84414  0.4998<Random<1 2

3. Imputation summary: imputing variable=IN_sex impclass=Gl_sido Gl_sigun

(D) (€)
(A) (B) (C) Imputed  NotFound
Obs Gl_sido Gl_sigun Total Response Nonresponse value imputed
1 34 010 30000 29999 1 1 0
30000 29999 1 1 0




1.2 Hot Deck method output

1. Summary of response and non-response: ©]%+3|
£eE2

At £ dg. 2HAF7 FLEAF R B2A
HFa AFxEY.

SR,
Foips

=

Feas 2

F o
L g

HeAg Aess

A <) &

BjFE 3RS

AR,

2. Does system find all donors? : Imputationd ZA3e}, HFARE
o F Ade AEY.
HOeck outputs
1.Summary of response and non-response
()
(A) Responses (E) (F)
Total (8) (exclduding (D) Resp_Rate (Resp_Rate>40%
Gl_sido Gl_sigun Gl_dong sample Outliers outliers) NonResponses (%) & Rs>=10 units)
34 010 11 24269 12096 12172 1 100 Yes
34 010 12 5731 2834 2897 100 Yes
30000 14930 15069 1
2.Does system find all donors?
(D)
(A) 8) ) Find
Gl_sido Gl_sigun Gl _dong Donors NonResponse No of donors donors?
34 010 11 12172 1 1 Yes, found all donors
34 010 12 2897 Yes, found all donors
15069 1 1




1.3 Hierarchical Hot:Deck method output

1. Summary of response and non-response: Hot Deck?] 1¥ 2]2=E2}
5@ A7|ME oA AA classE HMER AZYFH VAR
Sz Fogatge] 3717 AA imputationZ @ 2R o] A4 o]
AeAE Agd £ Ae AHEY.

2. Donors information: Z} AITHEE FE@A7F #H& donord &
8o EY. 7HF 0] donord TAHL F2 level(el: level
6)oll Al B donorE A A <.

HHDeck outputs
1.Summary of response and non-response
(C)
(A) Responses (E) (F)
Total (8) (exclduding (D) Resp_Rate  (Resp_Rate>40%
IN_sex sample  Outliers outliers) NonResponses (%) & Rs>=10 units)
1 14993 5306 8958 729 92.5 Yes
2 15007 5545 8689 773 918 Yes
30000 10851 17647 1502
2.Donor information
(A) (B) ©)
Find from Class list Donors
1502
Level 01 Gl_sido
Level_02 Gl_sido GI_sigun
Level_03 Gl_sido Gl_sigun GI_dong
Level_04 Gl_sido Gl_sigun GI_dong Gl_josag 113
Level_05 Gl_sido GI_sigun GI_dong GI_josag IN_mar 336
Level _06 GI_sido GI_sigun GI_dong GI_josag IN_mar IN_edu 1053




LR e e

* The ImpMethodWizard.sas developed by Soon Song and revised it with Version2
based on original program. Recommend to use the revised program:

e

=%HHDeck(indata= key=.impvar=,noclass=,varlist=,0utlierClass=,alpha=):

Al o e i s e e S e

*Essential parameters for HHdeck:

* Indata=original dataset for imputing process:
* key= unique key for sample unit identification:
* impvar=an imputing variable;

* noclass=number of class for class variables:

* varlist=class variables :
. oullierclass=class variables you want to delete:
* alpha=deleting point for outliers:

*Essential parameters for IMPProb:

* indata=dataset for imputing process:

* key=unique key for sample unit identification:
* impvar=an imputing variable:

» impclass=probability calculaition class:

~Essential parameters for Hdeck:

* indata=dataset for imputing process:
key=unique key for sample unit identification:
impvar=an imputing variable:

impclass=class variable list:

alpha=deleting point for outliers:

* ¥ % ¥

. Program Source: ImpMethodWizardVerson?2.sas

note: variables should be same data type like integer or alphanumeric:
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proc summary nway missing data=_resp:
class &Class:
var var.,
output out=_total mean=mean std=std:

proc sort data=_resp:by &Class:
run;
data _resp _outlier:merge _resp _total: by &Class:
if std>0 then d=abs(var-mean)/std:
big=2.0:
If &alpha>0 then big=_&alpha:
if d>big then
do:output _outlier:
delele:
end:
output _resp.
drop d big mean _freq_ std _type_:

proc summary data=_resp nway missing.:
class &class:
output out=_respsum(rename=(_freq_=Resp)):

run.
proc summary data=_nonresp nway missing:

class &class.

output out=_nonrespsum(rename=(_freq_=NonResp)):
run:

proc summary data=_outlier nway missing.:



class &class;
output out=_outliersum(rename=(_{req_=outliers)):
run, B : SR s SR
data _sum: merge _respsum _nonrespsum _outliersum:by &class:
prop=round(100+resp/sum(resp,nonresp),.1):
donor='No "
if resp>=10 and prop>40 then donor='Yes':
total=sum(nonresp.resp,outliers):
run;
proc print data=_sum noobs split="+";
title1 '1.Summary of response and non-response';
var &class total outliers Resp NonResp prop donor:
sum total oulliers resp nonresp:
label total="(A)*Total*sample’ outliers="'(8)*Outliers'
resp="(C)*Responses*(exclduding*outliers)' nonresp="'(D)*NonResponses’
prop='(E)*Resp_Rate*(%)’
donor="(F)*(Resp_Rate>40% *& Rs>=10 units)":

run;
%MEND Outlier;

*—— Two working datasets
1. resp=response group
2. NONresp=non-response group:

data _nonresp _resp. set &indata:
response=upcase(response):
if response="Y" then outpul _resp:
else output _nonresp.

un:
%MEND Resp_NonResp:

%MACRO Datasets(delete=);
proc datasets lib=work nolist:
delete &delete:
run;



%MEND Datasets:
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* SECTION A ;
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* Macro moudle for hierarchical hot deck method :
* Alias name=record matching or flexible matching method :

%MACRO MATCH(no=.last=):
%MACRO impclass(number):
%do x=0 %to &number %by 1.
class&x
%end:
%MEND impclass:
data _nonresp: set _nonresp:
random=ranuni(&no):
data _resp: set _resp:
random=ranuni(&no):
run:
proc sort data=_nonresp:by %impclass(&no) random:
proc sort data=_resp:by %impclass(&no) random:
run:

*Finding most matching records 3

i o s s e - S A i e i i *

data _match: merge _nonresp(in=a) _resp(in=b): by %impclass(&no):
ifa&b:
keep %impclass(&no):

run;

proc sort data=_match nodupkey:by %impclass(&no):

e e e e e g s 3

» to find donors:



*

data _nonhit; merge _match(in=a) _nonresp(in=b):
_. .. by %impclass(&no):
if first.&last then key=0:
key+1:
it a&b:
keep _ID key %impclass(&no):

data _resphit: merge _match(in=a) _resp(in=b): by %impclass(&no)
if first.&last then key=0;
key+1;
donor=_|D;
impvalue=var:
ifa&b:
keep %impclass(&no) key donor impvalue:
run;
Data _impvalue: »—-- clear just errors for processing:
data _impvalue: merge _nonhit{in=a) _resphit(in=b): by %impclass(&no) key:
if &no<10 then FindFrom="Level_0'| |left(&no):
else FindFrom="Leve!_'| |left(&no):
if a&b:
keep _ID donor impvalue findfrom:

proc sort data=_impvalue(keep=_ID) out=_t:by _ID:

proc sort data=_nonresp:by _ID:

data _nonresp:merge _nonresp(in=a) _t(in=b):by _ID:
if 2 & b then delete:

run:

proc sort data=_impvalue(keep=donor) out=_t(rename=(donor=_|D)):by donor:
proc sort data=_resp:by _ID:
data _resp:merge _resp(in=a) _t(in=b):by _ID:
if a & b then delete:
run:
%MEND MATCH.

%MACRO Set_Variables(indata=.impvar= varlist=, noclass=):



data _master: set &indata:
array _a(*) class1-class&noclass:
--array v(*)y-&varlist: -~ - . e e i
do i=1 to &noclass:
_a(i)=_v(i);
end:
class0='0";
var=&impvar:
original=var;
keep _ID class0 class1-class&noclass var response:
run:
*»———— matching between class alias variables and actual variables:
data _a: set _master(obs=1):
array _a(*) class1-class&noclass:
array _v(*) &varlist:
do i=1 to &noclass:
_ali)=_v(i):
end.
keep class1-class&noclass &varlist:
proc transpose data=_a out=_b:

data _class(keep=class no) _var(keep=var nol rename=(no1=no)): set _b:
if _n_<=&noclass then
do:no+1.
i=1*compress(translate(_name_." ','class')):
if i<10 then class='Level_0'| |left(i):
else class='Level_'| |left(i):
output _class:
end:else
do: nol+1:
var=_name_:
output _var,
end:
data _var; set _var:
length classlist $150.:
retain classlist ' .
classlist=trim(classlist)| ' | [ trim(var):
keep no classlist:
data _class: merge _class end=last _var.by no. *—- class dataset to use in
Final_Summary step:
Level=class:
keep level classlist:
run;
%MEND Set_Variables:



*

* Main routine for iteration mathing process:

%MACRO Finding_Match(NoClass=);

%MACRO CheckNonR:
data _null_:
call symput('NoNonR',0):
data _null_:set _nonresp end=last:
if last then call symput('NoNonR',_n_);
run;
%MEND CheckNonR:
data _outdata: *—- clean output data:
%do 1=&NoClass %to 0 %by -1
%CheckNonR:
%If &NoNonR>0 %then
%do: %MATCH(no=&l,last=class&i);
data _outdata:set _outdata _impvalue:
%end:
%end:

*—— summary of matching by level;

proc summary data=_outdata(firstobs=2) missing:
class findfrom:
output out=_find(rename=(_freq_=Donors)):

data _find: merge _find _class(rename=(level=findirom)):by findfrom:
run:

proc print data=_find noobs split="+":
title '2.0onors information':
var FindFrom classlist Donors:
label findfrom="'(A)*Find from'
classlist="(B)+*Class list'
donors='(C)*Donors":
run;
%MEND Finding_Match:

%MACRO HHDeck(indata= key=.impvar=,noclass=,varlist=, OutlierClass=,alpha=):
data _master; set &indata:

_|D=&key:

var=&impvar:
run;

%resp_nonresp(indata=_master):
%outlier(Class=&oultlierclass,alpha=&alpha):



data _master: set _resp _nonresp:

-%Set-Variables(indata=-master,impvar=&impvar.varlist=&varlist:-noclass=&noclass) -
%Resp_NonResp(indata=_master)
data _savenonresp: set _nonresp:

o n— S—

%Finding_Match(Noclass=&noclass):

*»—— finished finding donors—-—-===-===--- :
* The following steps are matching original dataset:

proc sort data=_outdata:.by _ID: »-- outdata is donors:

proc sort data=_savenonresp:by _ID:

data _savenonresp: merge _savenonresp(in=a) _outdata(in=b): by _ID:
Donor_For_&impvar=donor.:

&key=_ID:
if a:
keep &key impvalue FindFrom donor_for_&impvar;
run.
*proc print data=_savenonresp:
* title1 " NO of classes: &noclass *:
* title2 " class variables: &varlist”:
run;

proc sort data=&indata: by &key:
data &indata: merge &indata(in=a) _savenonresp(in=b): by &key:
if a & b then &impvar=impvalue:
drop impvalue:
run:
%datasets(delete=_a _b _t _nonresp _resp _class _var _master _nonhit _resphit
_savenonresp _match _impvalue _find _total _outdata _outlier
_outliersum _respsum _nonrespsum _sum);
run:
title * *;
run.
%MEND HHDeck:

% e o s -
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* Macro moudle for Probability method
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%MACRO IMPProb(indata=,key=,impvar=,impclass=):

%if "&impclass® ~="" %then %do:
*—— setting the last class variable:
data _null_:
retain one_var 'Y":
length a $200 b $30:
a="&impclass”:
a=trim(a):b=""
len=length(a);
doi=lento 1 by -1;
if substr(a,i,1)>="" then b=compress(b]| | substr(a,i,1)):
if substr(a,i,1)=""then
do:one_var='N";
goto next:
end:
end:
it one_var="Y' then goto next:
return:
next:b=reverse(b):
call symput('lastclass’,b):
run:
%end: %else %do:
data _null_:
impclass='AllSampleUnits':
call sympult('impclass'.impclass):
call symput('lastclass',impclass):
run;
data &indata:set &indata:
AllSampleUnits=1: »* defining an artificial variable:
fun:
%end:
run;

data _temp: set &indata;
var=&impvar: ** imputing variable:
_ID=8&key: =« idenfication key:
response=upcaselresponse):

run;

»—— assign random number;
proc sort data=_temp:by &impclass &lastclass:

data _temp: set _temp: by &impclass &lastclass :
retain seed 0:



run:

if first.&lastclass then seed=seed+1;

random=ranuni(Seed); srandom seed is key point for randomising data:
drop seed:

»*—— response & nonresponse:
%resp_nonresp(indata=_temp):

»»—— distribution:
proc summary data=_resp nway missing.:

run.

class &impclass var ;
output out=_prop(rename=(_freq_=count)):

proc summary data=_prop nway missing.

run:

class &impclass:
var count:
output out=_tot sum=total

data _prop:merge _prop _tot:by & mpclass:

run:

p=count/total:

data _dist: set _prop: by & mpclass &lastclass var:

run;

retain cump O

if first.&lastclass then cump=0:

low=cump:

cump=sum(cump,p):

high=cump:

bound=compress(round(low,.00005) | |'<Random=<'| |round(high,.00005)):

=~ for information:
proc print data=_dist noobs split="+":xby & mpclass:

title '1.Producing random number boundaries':

var &impclass var count p bound:

sum count:

label var="(A)*&impvar" bound='(D)*Random*number+*boundary’
p="(C)+Distribution’ count="'(B)*Responding*units’;

—-- take imputed values:

dala _non: set _nonresp:

low=random:
keep _ID response &impclass low.

proc sort data=_non:by &impclass:
data _impdata: set _dist(keep=8&impclass var low high bound) _non:



proc sort data=_impdata:by &mpclass low _ID:
data _impvalue: set _impdata:
retain tvar tiow thigh tbound:
if response "in('N') then tvar=var:
if high>. then
do: thigh=high;
tlow=low:
tbound=bound:
end:
if response='N" & (low<thigh) then
doivar=tvar:
random=low:
bound=tbound:
output;
end:
keep &impclass _ID var random bound:
fun:

proc sort data=_impvalue:by _ID:

proc print data=_impvalue split="+";
title '2.Finding imputed value':
var &impclass _ID random bound var:
label _ID="(A)*ID' random='(B)*Random*number’
var='(D)*imputed=value' bound='(C)*Random+*numberxboundary’:

produce final data and flag:
proc sort data=&indataiby &key:

proc sort data=_impvaluve(rename=(_ID=8key)):by &key:
data &indata _temp: merge &indata(in=a)
_impvalue(in=b keep=&key var rename=(var=impvar)). by &key:
if b then
do:&mpvar=impvar:
Imp_&impvar="Y".
end:
output:
drop impvar:
run:

#»»»#—— gtatistics for process:
data _temp: set _temp:
if response='N' then nonresp=1:
else resp=1:
if imp_&impvar="'Y' then imputed=1:
run:



proc summary data=_temp nway missing:
class & mpclass:
var resp nonresp imputed:
output out=_temp sum=:
run:
data _temp; set _temp:
dif=sum(nonresp,-imputed):
run;
proc print data=_temp split="«";
title "3.Imputation summary: impvariable=&impvar  impclass=&impclass":
var &impclass _freq_ resp nonresp imputed dif;
where nonresp>..
sum _freq_ resp nonresp imputed dif:
label _freq_='(A)*Total' resp="(B)*Response’ nonresp='(C)*Nonresponse’
imputed="'(D)*Imputed=*value' dif='(E)*NotFound~imputed';
run;

%if "&impclass"="AllSampleUnits® %then %do.
data &indata: set &indata:
drop allsampleunits:
run:
%end:

%datasets(delete=_resp _nonresp _temp _dist _prop _non _impdata _impvalue _tot):
title ' *:
un;

%MEND IMPProb:
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%if "&impclass" ~="* %then %do:
+—— setting the last class variable.
data _null_;

retain one_var 'Y':
length a $200 b $30:
a="&impclass”;
a=trim(a):b="";
len=length(a):



doi=lento 1 by -1:
if substr(a,i,1)>="" then b=compress(b| |substr(a.i,1)):
if substr(a,i,1)="" then
do:one_var='N":
goto next:
end:
end.
if one_var="Y"' then goto next:
return:
next:b=reverse(b):
call symput('lastclass’,b):
run;
%end: %else %do;
data _null_:
impclass="AllSampleUnits":
call symput(‘impclass'.impclass):
call symput('lastclass'.impclass).
run:
data &indata:set &indata:
AllSampleUnits=1: =» defining an artificial variable:
run:
%end:
run:

=Setting _ID and imputing vairable:
data _temp: set &indata:
_ID=8&key:
var=&impvar:
response=upcase(response):
run;
proc sort data=_temp:by &impclass:
run;

data _temp: set _temp: by & mpclass &lastclass:
retain seed 0:
if first.&lastclass then seed=seed+1.
random=ranuni(seed):
drop seed:

run:

%resp_nonresp(indata=_temp):
%outlier(class=&impclass,alpha=&alpha):

*»»—— sum data from outlier routine;



data _pool:merge _resp(in=a) _sum(in=b):by &impclass:
if a & b & nonresp>0 then output:
keep &impclass var _ID resp nonresp random:
run:
proc sort data=_pool:by &impclass random:

data _donor: set _pool: by &impclass:
retain key 0 sampsize obsleft:
if first.&lastclass then
do: key=0:
sampsize=Nonresp:
obsleft=resp:
end:
if ranuni(1000) <sampsize/obsleft then
do: key=key+1:

donor=_10D:
output:
sampsize=sampsize-1:

end:
obsleft=obsleft—1:
keep &impclass var donor key.
run;

proc sort data=_nonresp:by &impclass random:
data _non: set _nonresp:by &impclass:

retain key:

if first.&lastclass then key=0:

key=key+1:

keep _ID &impclass key.

data _non: merge _non(in=a) _donor(in=b):by & mpclass key:
if a & b:
run;



* creation final data:

proc sort data=_nonresp(drop=var):by _ID:
proc sort data=_non; by _ID:

run:

data _nonresp: merge _nonresp(in=a) _non(in=b); by _ID;
&impvar=var:
if b then donor__ID_&impvar=donor;
drop donor key:

run;

proc summary data=_non nway missing:

class &impclass:

output out=_impsum(rename=(_freq_=non)):
run;

dala _temp: merge _nonrespsum _impsum _sum:by &impclass:
if nonresp=non then FindDonors="Yes, found all donors s

else FindDonors="No, not found all donors';
run;
proc print data=_temp noobs split="+":
title '2.Does system find all donors ?';
var &impclass resp nonresp non FindDonors:
Sum resp nonresp non;
label resp='(A)*Donors' nonresp='(B)*NonResponse' non='(C)*No of donors'
finddonors="'(D)*Find*donors?":
run;
data &indala: set _nonresp _resp _outlier:
drop _ID var random:
run.
%datasets(delete=_lemp _resp _nonresp _respsum _nonrespsum _impsum _sum _pool
_donor _non _total _outlier _outliersum);
title " "
run;
%MEND HDeck:



3. Potential imputation method for a longitudinal survey]|

Written by Mary_Anne Heys, Statistics New Zealand
1. Objective

This document attempts to identify and describe longitudinal imputation methodology that
is currently being used and/or researched by other statistical agencies. It is intended to
promote discussion and may be amended/enhanced as issues are investigated. The
information in this document is a result of a literature search on the topic, all references
are listed at the end of the document.

2. Introduction

For cross-sectional surveys, unit non-response is generally compensated for by weighting,
and item non-response is often dealt with by imputation methods such as hot-deck, mean,
etc. The time dimension associated with longitudinal surveys makes it more difficult to
develop imputation strategies. The problem is that units can respond to some but not all
waves of data collection. From a longitudinal perspective, wave non-response can be
thought of as a set of item non-responses in the longitudinal record (suggesting imputation
in suitable). However, from a cross-sectional perspective it can be thought of as unit non-
response (suggesting re-weighting is suitable).

Imputation uses deterministic and probabilistic methods to supply missing data for
individual items for interviewed persons, and all data for non-interviewed persons in
interviewed households. In general, imputed data for the second type of non-response
would be used for cross-sectional data only. No single set of procedures is optimum for
all kinds of analyses, but most users of the data would prefer to have some (identifiable
and documented) adjustments for non-response (Jabine et al, 1990).

In SIPP, non-response is broken down into three types, household/family (unit) non-
response, person (within unit) non-response, and item non-response (Jabine et al, 1990).
LSID outputs will include household, family, and individual data so we can categorise non-
response in a similar way. In addition, household/family non-response and person non-
response can be considered item non-response in the longitudinal record of the person.

Looking at non-response from another angle, there are three types of wave non-response:
attrition, re-entry, and late entry. Attrition occurs when an individual leaves the survey at
any wave, other than the first, and never responds again in any subsequent waves. Re-
entry is when an individual is a non-respondent for a period of one of more waves, but
responds to one or more waves preceding the period of non-response and to one or more
waves following the non-response. Late entry occurs when an individual is a non-
respondent to the first one or more waves, then responds on the following wave and all
subsequent waves until the end of the panel (note that it had been decided that individuals
who are non-respondents for the first wave of LSID will be not be considered OSMs in



future waves: see (Wave 1 person non-response), this decision may be re-considered).
Certain imputation methods will be more appropriate for different types of non-response.
The appendix contains brief summaries of the overseas longitudinal surveys mentioned in
this document.

3. Issues not covered in this paper

Although weighting and imputation are closely linked areas, this document does not cover
weighting techniques.  For ideas on longitudinal survey weighting see Steve's LSID
weighting document: .  Another way of dealing with non-response which can help improve
quality of imputed data is using admin data. Admin data has the potential to provide
another possible source of skeletal data for missing waves (Kalton et al, 1993), and also
to deal with item non-response. Tax data from the IRD is currently being investigated as
a possible source of admin data. |If it does become available it could assist in the
imputation of income data in LSID. This issue is being investigated by other members of
the LSID team.

4. Imputation methods

In addition to the following methods, proxy data about non-respondents may be provided
by other members of their family, and non-respondents may be asked retrospective data in

their next responding wave. These types of data could be used to improve imputations.
See section 5 for more details.

4.1 Mean imputation method
Under this method, the mean of the values provided by respondents is assigned to the
non-respondents. If the mean is calculated using all respondents it is called overall mean

imputation. This method will underestimate variance and may result in invalid confidence
intervals.

Under class mean imputation, individuals are grouped into classes and the mean
calculated using all respondents in the class is assigned to all non-respondents in the
same class. This method is deterministic. The distortion of the distribution of the values
is smaller using this method instead of overall mean imputation. Class mean imputation
is actually an analysis of variance model (Eurostat (author not specified), 1995).

4.2 Modal Response Imputation (for categorical variables)

This is a possible procedure for imputing categorical variables. This method assigns a
modal response category among respondents who gave the same response on a previous
wave. A relationship between the response in wave 1 and the response in wave 2 for
respondents in both waves can be identified (i.e. the proportion in category x in wave 1
who are in category y in wave 2, etc.).

The imputed value can be that which the greatest proportion of respondents in the same
category in wave 1 are inwave 2 (deterministic). This understates change for a fairly



stable variable. The alternative is to assign wave 2 response with known probability
based on distribution of responses of those who gave the same response on wave 1
(stochastic). This procedure can also be modified by grouping these people based on
other auxiliary information (Kalton, 1986).

4.3 Hot deck method

This method can uses cross-sectional data to divide the individuals into classes. The
variables used to define the classes (imputation matrices) vary depending on the variable
being imputed, and can include age, race, sex, income, occupation, and education. For
each missing value, the value reported for a person with similar characteristics is
substituted (Jabine, 1990, Mack and Waite, (date unknown)). This method results in
more realistic variability in the imputations which is an improvement on the mean
imputation method.

The donor can be chosen at random (random hot-deck imputation) or sequentially
(sequential hot-deck imputation) from the respondents in the same class. Under the latter
method, all records within a class are ordered sequentially a ccording to some variable.
Then the donor for a non-respondent is the value of the previous respondent out of that
class in the sequential list (Eurostat (author not specified), 1995). This method is a
stochastic version of the class mean imputation method, i.e. the residual added to the
class mean is the donor's deviation from the class mean (Eurostat 1995). Classes can be
formed using cross sectional or longitudinal data. That is, respondents and non-
respondents are grouped into classes based on their response to; a) other variable(s) in
the current wave, or b) the response given in the previous wave to the variable being
imputed.

Random hot-deck imputation is currently used in SIPP, and ECHP to impute selected items
for interviewed people using cross-sectional data. ECHP uses the same donor for
variables that are linked, but not necessarily for all variables. This helps to preserve
known relationships between variables (Eurostat 1996). Eurostat states that this method
has a smaller effect on changes in distributions and on the under-estimation of variance
than deterministic methods (Eurostat, 1996). Random hot deck is superior to sequential
hot deck if the dataset is not too large: the performance is comparable but sequential
method often uses the same donor, causing possibly some loss of precision (Eurostat
1995).

Hot-deck can be also used to impute the change, i.e. the difference between the donor's
current and previous (or subsequent) values. The change can then be added directly to a
non-missing value from the previous (or subsequent) wave, or another wave's non-missing
value can be proportionally altered (Heeringa et al, 1986). The larger the classes, the
less accurate the imputation, but obviously the classes can't be too small (Kalton, 1986).
For SIPP, each class must contain 30 or more respondents.

The cold deck method is a variation of hot-deck imputation where imputations are based
on sources other than the current wave, i.e. longitudinal data (SSW (Sarndal et al, 1992)).

Users of SIPP data have commented that the cross-sectional imputations exaggerate



income changes and their magnitude (Jabine et al 1990), this will not necessarily be the
case for the longitudinal hot-deck method but there are implementation issues to consider
when using longitudinal data for co-habitants, e.g. record linking. Record link refers to the
linking of records (datasets) for the same unit (household or individual) across waves.
Verma (1996) details a record linking method for ECHP. Data for all OSMs will be linked
across waves regardless.

4.4 Flexible matching method

The flexible matching method uses multivariate forward stepwise linear regression to find a
set of 'matching variables’. The matching variables are ranked in order of importance and
each non-respondent is then matched to a respondent using as many of these variables
as possible. If a match is not made then the least important variable is dropped and the
match is tried again, and so on until a match is achieved (Tremblay, 1994). The missing
values are then replaced by the matched respondents values. Note that this method is

equivalent to collapsing imputation cells in a case where there are no potential donors in
an imputation cell.

Advantages are that this method may be good for people with unusually variable records.
Disadvantages are that this method needs to be monitored, there may not be suitable
matches for all non-respondents, and it is operationally more complex (Williams et al 1996).

This method is essentially a modified sequential hot-deck method that matches incomplete
cases to complete cases on a hierarchical bases, i.e. the donor chosen is the nearest
neighbour (Tremblay, 1994). It is perhaps more suitable for item non-response than unit
non-response because a reasonable number of matching variables must be available.
Data from the previous wave could be used to find a suitable donor for unit non-response.

4.5 Carry-over method (a.k.a. Longitudinal direct substitution)

The carry-over method is the situation where a wave non-respondent’s responses on a
missing wave were assigned the values of that non-respondent's responses to the same
items on the most recent earlier wave for which data was available. The is effective for
variables which are stable over time and retains the relationships between responses that
occur on the wave used for imputation; provided that these relationships do not change
over time, this is an attractive feature (Kalton et al, 1985). The carry-over with random R
(4.4.1) and the carry over with population R (4.4.2) methods are variations.

4.5.1 Carry-over with random R method

This method is used to edit cross-sectional imputed data in SIPP and involves imputing
data from previous and subsequent waves. It is only applied to imputed interviews that
are bounded on each side by a self or proxy interview (Mack and Waite). It is applied as
follows:

A value r is randomly assigned to each non-respondent’s household for each missing wave
(r =0, 1, 2, 3, or 4). The first r reference months within the missing wave receive their
imputed amounts from the last reference month of the preceding wave and the remaining
4-r reference months receive their imputed amounts from the first reference months of the
subsequent wave (because SIPP has a four month wave length) (Tremblay, 1994).



Figure 1. Diagrammatic representation of random carry-over method where r = 1
wave 1 wave 2

(response) (non-response, this wave is imputed)

month 4 month 1 month 2 month 3

If this method were to be applied to LSID, it would involve selecting a [0-1] random number
(from a symmetrical distribution) and using the value from the previous wave to impute for
the current wave if the random number is less than 0.5, or using the value from the
following wave otherwise.

Advantages of this method are that it is simple to implement and the data is conducive to
multiple analytic purposes. In studies was shown to be good at reducing total error.
Disadvantages are that it forces stability in responses for non-respondents which can lead
to underestimates of between wave change (Williams et al, 1996). In general, carry-over
imputation procedures appear to fail to track net changes in means or proportions when
these vary over time, i.e. as expected, these methods appears to underestimate change.
These methods should be used carefully on variables where extreme outliers can occur
(Jabine et al, 1990).

4.5.2 Carry-over with population R method

Like the random carry-over method, the population carry-over method involves imputing
data from previous and subsequent waves. However, the interviewed wave chosen to
impute for the non-response is determined by a probability mass function defined by the
probabilities associated with patterns found in the interviewed population. That is, the
distribution of across wave changes (differences greater than zero) in the amounts
between waves is derived using actual values from the population. Based on the
distribution, the previous or subsequent non-missing wave data is copied into the missing
wave (Tremblay, 1994).

The advantages of this method are that imputed data reflects patterns of within wave
changes and total error is reduced. The disadvantage is that this method is more
complex. Studies where the first month of wave 2 is used to supply data to a missing
wave 1, and similarly for the last wave showed that the quality of the resulting imputed
data is lower than for the middle waves (Williams et al, 1996). In general, carry-over
imputation procedures appear to fail to track net changes in means or proportions when
these vary over time, i.e. as expected, these methods appears to underestimate change.
These methods should be used carefully on variables where extreme outliers can occur
(Jabine et al, 1990).

4.6 Regression imputation

This method uses auxiliary variables to impute for item non-response. A model is built for
the missing variable based on knowledge of the relationship between the wave 1 and
wave 2 values of the variable and/or other related variables. The predicted value is
imputed using:

Yi= f(xu, X2i,...., Xp:) + €



where f(x) is a function of the p explanatory variables and ei is an estimated residual
(Kalton, 1986).

When the ei are set to zero, the imputation scheme assigns the predicted means and is
deterministic. If they are estimated residuals the scheme is stochastic. Deterministic
imputations tend to distort the shape of the distribution of y and attenuate its variance, so
stochastic imputation schemes are preferred (Kalton et al, 1985).

The explanatory variables and the error value (optional) may be assigned in a variety of
ways (Kalton 1986). For imputing for item non-response the explanatory variables can be
responses to other items in the current wave. This method is used for two income tax
paid variables in SLID. Eurostat lists the following procedure for choosing the explanatory
variables:
First candidates are the variables of interest that are likely to be used in analysis.
Chose variables which maximise the explained variance of the target variable.
Minimise the use of explanatory variables with high percentages of missing values, e.g.
discard any variables with > 70% missing values, use those with < 20% missing values,
and be pragmatic between these limits (Eurostat 1995).

Alternatively, responses to items in previous waves could be used for unit non-response.
Often f(x) is a linear function. One way to choose the parameters is to use least squares
estimates based on those who responded in both waves. Sometimes it may be

appropriate to force the regression through the origin, resulting in a model of proportional
change (Kalton, 1986).

When responses to an item are highly correlated over time, using previous wave data will
provide good results (e.g. hourly pay may be correlated between wave 1 and 2) However,
knowing this for respondents doesn't guarantee that non-respondents hourly pay will also
have high correlation... we would have to assume that the responses were missing at
random (Kalton, 1986). A special case of regression imputation is substituting the value
from a non-missing wave (e.g. the previous one) on to the missing wave. This may be
appropriate for stable variables, in other cases it may understate the change.

4.6.1 Predictive mean matching

This is a variant of stochastic regression imputation (see 4.6) and of hot deck imputation.
A regression model is developed using all respondents. This model is then applied to all
respondents and non-respondents to calculate predicted values. Each non-respondent is
then matched to a respondents with closest predicted values. Alternatively a group of
respondents with close predicted values can be assembled and one of the group chosen
to be the donor at random. Like hot-deck, this method has the advantage that the

imputed values are always feasible because they are actual respondents' values (Eurostat,
1995).

Eurostat (1995) state that predictive mean matching is superior to stochastic regression
because it does not rely completely of the correctness of the model. Also, the residual

term is always correctly specified under this method and the assumption of
homoscedasticity (equal variance) is avoided.



4.7 Little & Su method

The Little & Su method uses a multiplicative model based on row (person) and column

(period) effects, i.e. imputation = person effect *period effect * residual. This makes

adjustment for how the person differs from the population average, and how the wave

differs from the average of the other waves. As such it is a combination of cross-sectional

and longitudinal imputation. The residual is donated from a responding individual with

similar row effect.

Let aij be the imputed value for variable a, for the i-th non-respondent, in the j-th wave.

ay=(ro __‘L) whichissimplifiedto ay =r2%  whee r =—Lz:ﬁ and ¢ = —2
(n-o) r mr 43 Ch ia

k=l

where ri = the row effect for non-respondent i
¢j = the column effect for wave j
x = the row effect of the interviewed person k
akj = the donor amount of the interviewed person k
mR = the number of interviewed waves
m = the total number of reference waves

3 = the mean amount for wave j for all interviewed people (Williams et al, 1996)

The advantages of this method are that it incorporates information about trend and
individual levels, and different missing data patterns don't require separate modelling. It
is also easy to implement (according to Little & Su) and analysis showed that it maintains
between-wave correlations exhibited by actual data (Williams et al, 1996). Disadvantages
are that this method may not be suitable for unit non-response, and possibly the relative
size of total error (Kalton, 1986).

Duncan (1992) recommends applying this method for derived variables in which some of
the component variables need to be imputed. Tremblay (1994) shows an application of
this method to an analysis of longitudinal imputation of SIPP food stamp benefits.

5. Use of retrospective and proxy data

Retrospective data is obtained when a respondent is asked questions about the previous
wave (time period) if they were a non-respondent in the previous wave. Collecting
retrospective data can reduce the effects of non-response but there are quality issues to
be aware of. A SIPP experiment is referred to where analyses showed that fewer
transactions were recorded from the missing wave (retrospective) form than from
benchmark data (Kalton et al, 1993). Proxy data is obtained when other members of a
family are asked to provide data about a non-respondent in the same family. See:
(Proxy data required for imputation of missing family/hh income data) for details regarding
the collection of proxy data for LSID. Again, the quality of proxy data will not be a good
as that obtained from the individuals themselves. It is likely that less detailed information
than the full questionnaire (i.e. skeleton data) will be collected in both of these cases.



Both of these types of data have the potential to improve the quality of imputed data. In
some cases this data may be of a better quality than any we can impute using other
methods so it should be used directly. The non-respondent could also essentially be
considered a respondent with item non-response to variables not collected in the skeleton
data, but whose available data for the remaining (skeleton) variables is of a poorer quality
than the 'true’ item non-respondents.

6. Comparing the various methods

The following criteria for assessment of the quality of imputation methods is suggested by
Eurostat (Eurostat 1995).
Plausibility of the distribution (mean, variance, outliers). Does the imputation bring the
distribution closer to the expected (‘true’) distribution? Preferably this distribution
should be based on knowledge derived from other sources.
Plausibility of relationships (covariances) between variables. These relationships
should not be distorted by imputation.

Consistency (edit checks). Imputed variables should be consistent with other
variables.

Eurostat also detail the process they followed to chose appropriate imputation methods for

round 1 of the ECHP in 1994.
The first decision is deterministic or stochastic methods. Deterministic methods
distort the distribution and underestimate the variance more that stochastic methods do.
However, they provide maximum likelihood estimates. The kind of analyses that will
be performed should be considered. Usually the distributions of variables are of
major concern so stochastic imputation was chosen in this case.
The options were then narrowed down to random hot deck within classes and
predictive mean matching. Advantages of these methods are that the assigned
values are always feasible because they come from respondents, and we get a good
estimate of the population distribution. Underestimation of the variance is minimised
(because they do not attribute any one value or average to a whole group of non-
respondents). Disadvantages are that these methods are not maximum likelihood
estimates and no programmes are available within standard statistical software
packages.
Predictive mean matching has three theoretical advantages over random hot deck
within classes: A) random hot deck categorises continuous auxiliary variables which
generally causes some loss of information; B) random hot deck is limited by the fact
that there has to be a reasonable number of respondents in each class, this is not a
problem for predictive mean matching; C) predictive mean matching allows a larger
number of auxiliary variables and more flexibility in the mathematical specification of
the model (e.g. numerous transformations can be included). However, high quality
modelling is required to realise these advantages.

ECHP used the following methods in round 1:
Random hot deck within classes for imputing discrete variables.
Predictive mean matching for continuous variables where the expected additional
amount of work for high quality modelling is justified by the expected quality



improvement
Random hot deck within classes for all other continuous variables. It is considered a
'safe and sound' alternative.
In round 2, historical data (i.e. round 1 data) was used to improve the models for income
variables (Eurostat 1996).

The following papers include an evaluation of various method based on SIPP data. The
results may be useful for us to consider when choosing LSID method(s).

In Tremblay (1994), an e valuation of the Little & Su method, hot d eck m ethod, flexible
matching method, carry-over with random R method, and carry-over with population R
method against real response data.
Various measure of evaluation are constructed (mean, std dev, correlations, hypothesis
tests etc.) for comparing i) the imputed cross-sectional data, and ii) the imputed
longitudinal data (cross wave changes only, i.e. the change between two consecutive
waves) under the various methods, with the actual data. (All cross wave changes are
from real to imputed data or vice versa.)
Results were not particularly conclusive. None of the four methods 'significantly’
shines above the rest, the most accurate method differs across the waves and across
the various methods. One possible reason for this is that only approx. 8% of all
households had data imputed (this proportion was based on observed non-response
rates).

Williams et al (1996) also do an evaluation which compares the random carry-over method,
population carry-over method, Little & Su method, and flexible matching method against
real response data.
The methods of evaluation include between wave correlation coefficients, averages
and standard deviations of wave means, the average absolute deviation.
Relative to total error, the carry-over procedures seemed to be favourable. Little & Su
and flexible matching performed better in maintaining cross-wave relationships and
imputation for relatively large changes between waves. However, the computational
burden and relative size of their total error was unfavourable.
As with Tremblay's (1994) research, a uniformly 'best' imputation procedure was not
identified.

Kalton et al (1985) examines how well the basic carry-over method (4.4) performs as an
imputation scheme using actual values from 1984 SIPP data, some of which are deleted to
provide quasi-non-respondents. It is noted that this method of evaluation is problematic
because of the probable variation in measurement errors between waves.
The methods of evaluation are i) the mean deviation between actual values and
imputed values which is a measure of bias; and ii) the mean square deviation and the
root mean square deviation which measure the closeness of the imputed values.
Concludes that the carry-over method should not be applied uncritically with numerical
variables because outliers and measurement errors occur and unrealistic longitudinal
records may occur.
Imputation may be better that weighting solutions for estimates based on small
subclasses, when the loss in effecting sample size matters and when any bias caused



by imputation is less important relative to the sampling error.

Heeringa et al (1986) uses SIPP wage and salary records to compare cross-sectional hot
deck imputation with the basic carry-over method.

The cross-sectional hot-deck method appears to perform only slightly better than
chance for categorical wage and salary variables. For continuous variables, this type
of imputation does not appear to appreciably alter the distributions of the items, but it
does have an impact on both cross-sectional and longitudinal multi-variate distributions.
The carry-over method understates change but this may be preferable to the gross
overstatement of change from the cross-sectional hot-deck method.

Jabine et al (1990) comment that the direct substitution method has been investigated and,
as expected, it appears to underestimate change . However, the cross-sectional hot-deck
method tends to over-estimate change. Which is preferable?

7. General points

Routine application of a set of rules for imputation could lead to a dataset that is not
improved, possible inferior. ... Good quality results always require considerable
amounts of good judgement during the imputation process (Eurostat, 1995).

The statistical need to impute increases with the loss of information caused by the item
non-response percentage. When item non-response is low is statistically superfluous
to impute. When it is high it can be difficult to avoid multiple use of donor respondents
if this type of method is used (Eurostat, 1995).

Note that cross-wave imputation methods depend on a strong inter-wave correlation in
the variables of interest (Williams et al, 1996).

Imputation methods are generally limited by the availability of the data item in the
previous wave. A technique for cases where the data item is missing in both waves
needs to be developed. (adds complexity, reduces quality) (Kalton 1986).

Users of SIPP data have commented that the imputation process does not preserve
the known relationships between benefits and the determinants of benefits (Jabine et al
1990). One solution to this is to use the same donor to impute for variables whose
relationship is important. This is called record matching and preserves relationships
(Eurostat, 1995).

Duncan (1992) stresses that it is important to use methods which preserve the
distribution of the variables.

For SIPP, CAPI permits consistency data checks during the interview to reduce the
level of post-collection edits and imputation (Huggins et al, 1994).

Eurostat (1995) recommends the SURFOX software package. This software can
implement the following techniques: imputation by hand, deductive imputation, random

hot deck overall and within classes, predictive mean matching, record matching, and
cold deck.

8. Appendix

Brief summaries of overseas longitudinal surveys




SIPP (Survey of Income Program Participation) is run by the US Bureau of the Census.
This is a panel survey that collects data from the same units in eight different waves. The
units of analysis are individual people for some analyses, and households, families, or
other groupings for other analyses. Note that SIPP has a four month wave length, and
currently only imputes for missing waves which are bounded on both sides by an
interviewed waves, not for two + missing waves, or for the first or last wave of the panel
(Williams et al, 1996).

SLID (Survey of Labour and Income Dynamics) is run by Statistics Canada. SLID is a
longitudinal panel survey, each panel participates for six years. SLID collects annual data,
two collections are carried out per year to collect labour and income data, both have the
same reference period (Lavigne et al, 1998). SLID uses the 'nearest neighbour' method
to identify donors for some income variables, and linear regression for tax payable.

ECHP (the European Community Household Panel) is run by Eurostat. ECHP is a
longitudinal survey conducted in member states of the European Union by Eurostat. It
involves annual interviewing of a panel of households and individuals in each country on a
wide range of topics related to living conditions. According to Eurostat (1996 - Doc. PAN
74/96), random hot deck within classes and predictive mean matching were used to
impute for missing data using cross sectional data. Longitudinal imputation is used only
for income from wave 2 onwards. Income is modelled using income from the previous
wave as one of the explanatory variables.

9. References
Survey Methods 2 have copies of most of the following documents.

'BCHP User Documentation’ Institute for social and economic research, University of
Essex

Duncan G (1992) 'ECHP: Quality control measures, weighting and imputation in the EC
panel project’ Eurostat development group, Doc. PAN 6/92

Eurostat (author not specified) (1996) 'The European Community Household Panel:
Survey methodology and implementation’, Volume 1, Luxembourg Office for Official
Publications of the European Communities

Eurostat (Author not specified) (1996) 'Wave 2 evaluation, longitudinal imputation’, ECHP
Working group, London 17 - 18 October 1996, Doc. PAN 74/96, Eurostat

Eurostat (Author not specified) (1995) 'Cross-sectional imputation rules, and application to
the micro-data files', ECHP Working group, Paris 18-19 September 1995, Eurostat

Eurostat (Author not specified) (1994) 'Agenda Item 6e: Evaluation and Imputation', ECHP
Working group "Household Panel”, September 1994, Doc. PAN 22, Eurostat

Heeringa S. and Lepowski J. (1986) 'Longitudinal Imputation for the SIPP', Proceedings of
AS.A. section of survey research methods, 1986



Huggins, V. and Fischer, D. (1994) The Redesign of the SIPP', U.S. Bureau of the Census,
A.S.A. 1994 Proceedings of the section of survey research methods

Jabine, T, King, K and Petroni, R (1990) 'SIPP Quality Profile’ U.S. Department of
Commerce, Bureau of the Census

Kalton, G. (1986) 'Handling Wave Non-response in Panel Surveys', Journal of Official
Statistics, Vol 2, No 3, pp 303 - 314

Kalton, G. and Citro, C. (1993) 'Panel surveys: adding the fourth dimension' Survey
Methodology, December 1993, Vol 19, No 2, pp 205 - 215

Kalton, G., Lepowski, J. and Lin, T. (1985) 'Compensating for Wave Non-response in the
1979 ISDP Research Panel" Proceedings of A.S.A. section of survey research methods,
1985, pp 372-377

Lavigne, M. and Michaud, S. (1998) 'General Aspects of the Survey of Labour and Income

Dynamics' Income and labour dynamics working paper series, Statistics Canada product
number 75F0002M

Mack, S and Waite, P 'Non-response Research Plans for the Survey of Income and
Program Participation’ No. 206, U.S. Department of Commerce, Bureau of the Census

Pennell S. (1993) 'Cross-Sectional Imputation and Longitudinal Editing Procedures in the

Survey of Income Program Participation’ The University of Michigan, Survey Research
Centre, Institute for Social Research

iarndal, Swensson, and Wretman (1992) 'Model Assisted Survey Sampling’, Springer
series in Statistics, Springer-Verlag New York Inc.

'SIPP Quality Profile’ 3rd edition 1998, U.S. Department of Commerce, Bureau of the
Census

Tremblay, A. (1994) 'Longitudinal Imputation of SIPP Food Stamp Benefits’, U.S.

Department of Commerce, Bureau of the Census, Proceedings of A.S.A. section of survey
research methods

Verma, V. (1996) 'Basic Longitudinal Edits' ECHP doc. PAN 62/96, Eurostat

Williams, T & Bailey, L (1996) "Compensating for Missing Wave Data in the SIPP" A.S.A.
1996 Proceedings of the Section on Survey Research Methods.



kel
r IO

[ BERNE A AFsic M- 22
s, 2FES ol AlZde=m

gEAvAl 21E 2120] S AIEE 2YCE oW Helg eisto|ct,
sizAlsE 24 AIHE S2AMSIEd AHE JIE22 slo] =AL YAE ofc| 7%
3 2491727 £ o E WHEBE EHEU WEZ? =Alci9ls A= & 2to0jof, o

ux DEcte] 5 255 SOAUIE BHSIE UWol s238iC),

= gl B S2o0f AR EMstE Moo= g
HAIEIQ| : Sof, SoHLToll SESE JHY AR (AIYH He| ;)

e
tu H o 19919 SJAIS A SA=AL

(=} = . WX OOCO0OZH == AtE|

Dzln, 2Xco 2B HEE ol FE 5 QUE JIE SYULSxISHY A-{ti
& 0 M2o ZEE HEFoAM AUXI S22 LEUCHS PAsi=d st Arg
2 oigs| HETICl, L3 DIECHE FOSIEME 2|2 FrE2 25 o B#8S

=
g 71X 8 UATIZl SxAd o= E2snXt st B2 E (Sampling Frame) T4

oix HFol FO UVEUSES HESID, of7lol ol Wsto{T! X|HM, =A}

[

it file 78, TLtXE RBAM S 3 A2 [UYE E AEE HEstof

Ol MEATEESAN MAUS AINY = US XME HBY F A,

~a

U BEE222xi2| 2 F AL 24

1) ZALE 712 et X7 ofE [SXHo= BEXAE staxt stEx|E Yas| o

otstof 2EQ7 ZisEE etrisict,



2)

3)

- mAtstn A st FE UK (oY, S04y, - - - - )
- mALSIEE XA (MR, AILEY, - -0 )

- SUME oM, K| =AY UR J5Y

ZALFE | (B, AKsol =AL, - - - )
s

o TR SR

SHE MM ol HE ¥ URAINE DBy
MR a9z 2
- XY Yz By
S oMy =AISE 24 !
- WCIE AL w0l UCHY 2, IS |AI HEDME HDE stof of

A BAIUDE NoOjoO} BL .

z/},f’::"

HIIMo R YBA-2E Sstof SIARSIOTox] SE RPAIRE ROHHD
SHHE UIAHD S SAIY0] Y2 FAIZ AP XL YOS sto] HEA
olxol RE QPAIYD FAALS THYO} Bt

B}

DALGE s of{F A & 2iel7t?

|
02
[
4

 HEE AME VTS ¥ UUIN?

|
s
1]
Al

»

rr

&, 7B oj=uc=z ¢ AUeuz?

b
=
M
2
14
40
>
rr
2
(24
B
o
=
W
mn

RilE)s Dejstx] %D M= WS opst
Z24E ReE= 73'?7} 9.,.',:!' EAIBEE 7 2ol HXYS A2 2 AF 2 R o] A
i

=L

]

*t8t= cross table O X|Lbx|7| ot M2 2t celloll EEHE X7



2)

3)

4)

olojst WRol=s SHE M2 207t M3 gUEd=E BERsin |FHE Fa2s Y
7t Usdl, ol URAE I SYUE US| x|Xstof MBS BASIE

0

w2 feletsE UE BEHEUXZE LM Fo{of sich,

XAl B0l EjSS BAE S=X| YEMOP HCl, MBE XAl BYsinE W
JHE, JHelA ZOlE EASDA slE WL UsSd, ol Do Vx| o=
82 MUS R EAIS O{BA ¥ Ofx|7 USXE WEHot By,
A E SRS EALAL HXE € UGS O|BX| REIDZ HEH EAl
of {22 WRES Alxl AIF{0}S Bo|F EZAII} JissiA Eic)

s
B3 5 2An,

1o
[

2xstoi =gstnx sl WS E THS| ool EER=2E
FEH YUY Sol=s HE 2WAUI U222 = EA7IE MR}

=
7t 2Mstals WEo| fAex| Zats| npetsjol ch,
YHZRE HFE{E ZAletE7 FAIZ=AL 22421 U2 0j0] HHE 20N

2] 24 table® 21 TS E utetst= 2ol 7t wvratxsict, 43 S 2=

EE B0 BE27= FH. 72 S SLUsHop o},

— 8% —



2)

3)

1)

5)

6)

7)

S2E, B2 S =AJ Biss RES oj2| el BEER2E AN ECH
iU MMM A28t ZAIS ol Elgs 2ol JIS3t=5 siof Btch,
Jioff AAIME FAl =AILS FREE U=HU pE FHsl=d 22 =30l

g Zolct,

S UDNE o= YER Y, TEY HWI= E2720 Scist d88 S,
HMICHQ SN e WA oful x|qete] SME dE deddtol weat

BEER22 &YYol 2 YBE BC, -

A
JiA
o5
d]
2
3
rir
Rl
to
Jn
0x
11_-
lo
H
£

X
tn

o] utat o|EXe BEEREF27t HYECH

Sgxl2| 20| I Y| 20| 2 F Fioll ®ich,

Y= (precision)® & 2/HZ (confidence interval)E BEER2E Y

et

sfEdl S22 AUE stsdl, o S IS EZAKASFE Desto] AP

A2t 2 E sto{ ZYstoiof zict,

BETZE O|BY JNUEE UE E23X0 Yuixoz o
2o ity & fHE HE= 3cies A
EBR2E 3N BR2%E Q-’-"—*iﬂ“._‘ R

A ECh &XE ZAlo ZHE BN EE2xE wWare wtoletn BN
&}

rir

dl 223 ZAloll QUofM BIER %7 YRLICIE v 2 2do|ct,

HEENXAES SN2 BRF2E /9N BY eIt st= x| =

A sl ABY MMEE FRY SAIX Mo (ofdN EALHS)

filo

| matH



8)

9)

B WSE SIS ol W o/EBo =HE AN RAE MdYstetn st

n Act,

58|, Al BEEZ=AloAME olBXM2 2 ul@x2(30, 58) RER2E =X3]|
HEZALZ] QU (UIS, A2, ALHEU)E HYSF UE YER 22 »x=A

727 LA El=d oldE W EixE oistHEict, At 22 &EMolM ol
Rl (33,5%)012 8 HEAZIS ol BEE2HI YUEE o/Ssiciel=s BER

2F HAY S= o,

At BEE2ME & TRolls Sa™olM Z2H('91.12)8 [(BAE BE2d

N S8 # HDmstaln AstD Mok, 3 Yo AMOEB Y HMBIEH
BEES P & UES wo| ojulyt WEC

10) EERS WML WS YYUS FIAXII Uc,

11)

Bl YyE M PN

|

AM Bdol XS RRE AMSIE HWolD, CIE 2 YYES HEE DIAITIZ

[

URDUE 12 (68%), 28, - + - 2 VAAZIVUAM HYL BEFLE UIY T

AU E Simulation 0l UEsd o= YYE WWsi=Ll sl RS 272 HED

Jo

Mol utat @H™st= 280l Fct,

2L, e A7 22Xzt M2F2UDY B2 Ao citx elxo] fF St

S B9 dAol et B QX2 YUE BHsE UWol Foh, AISHH BEE

— 85 —



12)

13)

14)

ot

2)

o WS UBIHMOZ 8% ME T 7-10% EE Fo| F2LE 23t oy

sxjof 71% 2 REE AHAY 5 Act,

=g SMIE $ooz Hyat=lol e EEREI WY F Uc, FhE oz
2 XAl B 7Y MNHS SHIE YoM 2 SHx|2 BAZ T30

~EER2 2ol ApEsHol Ech,

Z2Mx|E SXZA REolM ot o|Esiof st=dl, D F= A QictY JFApE
EAlOIAM "= SR BUS AIS32L, ASKEE EAtatY A= A2 B

a2 Palol 2F 2aUE Hilof HER2E o, dNE 22T 58S

-

HAZAL BEZALE 22 ZAl2| B 82 242 EE2n2E B EC

AAFAIZAE HRE 5 UE BRE HHER 7S 758 XYY =AQRASFE

maisto] M oA FOE BUE0f EZAISIS WS sIx] WU £ oy

O] 2= CIS =AY

Jlgxel FROIEY 2o0lF ¥t

E5E BR0IES Do MEx|4oj2t M2Asin HS2E A

=dl, olE ofF J|E2xel als olsfsi2D stx| 9t oto|st M2t wi2o|ct,

I
40
:

AV

138 21

1.4

el WP BA2| 2/0|F o|lsHst of7)

— 86 —



4)

5)

6)

7)

aE o mol MAEE, (BE S BE BUE AYD BREAS S2H0| §=
ma et HalE Zoistol AENE, HE, HPY, FUSY, FUUY FY

%], ™7|(bias) BE=2 272 W22 ! S ol#sin

HX EEE FEslc Yu =2 FEY, T2 Y2AFETY, NEFEY,
HetFEy, wGuAFEY, ClITHFEY E FE2 7218092 2ol Ye S

g BEEOIE W HRUXE Ssto] 7I=xel 20|12 Fx|st0f £ LISl Ax
=2

Tes W= ME Mol B £E Holch,

o|% E 2o it WHESE Z1E ZIE7 HE FE olaistn SAAX| FX[E

LWos 2ioo, MNHE BEE AN dols 27 LSS NUs| 2 He

.
e

wxp & P

- T - - =

st01 H7loll MU TS AISH F USSH IJujollA WUE
=

HE 2o cHel 7|2 0|E0| oi=H= olai7 A2 T 2AFT MEHE 2oz
1ol WHEE oidstol I £8 Ys| o= Zdo| viatxsiol, Vx BEE2R
HE =T st 2 UWoll cHe|sio] 2R BEHP2 O|EXNE BHE UWUE S=

St X2 E 20F= U=E F2 YHolal gL eI,

SUHE S EYXE st "8

r

=
—

£}

ZAMU(EE0 boAlxl o =tHS) T BEol

CHal 213

2
u
I
0
o
b
32

D "REEEAYERSE)E 2ieHe BSAE =E
Hrlo2 Jlgslo U220, "EA=ABR(UEZW)"S BEROEE U=UM E

FEOIE A olct, of7l0l "ABEAMEB(AMMU)" "EAIYIE(HHS )" & F2t

BH9t mApY YD 1

= —

(1]

Al7{ BEOIEE SRY = U222 7Y vi=R U=z

2t ek,



8)

9)

10)

11)

2yRMIOBE 74 2=} = 240] "Sampling lectures(US. Bureau of the
Census)” 2A ZIENHR O|BRS & ¥ W2 U S=spuct TJIEp = M
Mozs "Sampling techniques(cochran)”, "Elimentary Sampling Theory
(yamane)”, “Survey Sampling(Lesli;e Kish)” S0| 20|, ZF| MEHE EF34 7|
20|80 /X UE HEHY 2AIJMEHE BE dlE Ao s S

22l HoLE = UE U=2= Y Ect,

FE 2o tistof Fo d=UM HPo Watnxt 51AH, JLHoll M RURE BXS

HEEZEA 2EDAM WP FE BE2Q HRE FTsto{ @7 diatoy, w3t

UNoll M 'R2EEl 24T 2DAMolls 2] 7|22 22422 F5=0 222z ol

o|S3IE BEHSP K/X|7} Zlsstelatn =ct,

HX GFE U= UM .E20|ED ARE HSsIain 51 WHE

—

o (language)dtLl HEE= TS [x|3l0) §S= HE B2 =S8 5 5

olezlet W0l Sci, ERMIIE sl=dl J=Me SR2A WREE 2=

2
HE2 218x8e 2HCE BMSID BEFE YUSE XAFXNHE ga2s

W
£-d

r

(test)3tait 212X HHFE AofsiLt WS s8] xp7|2e=m Aspsporat

EFE VUM YUY = US = 4ch,

ZiZol HREE ol2uUN, HFEHWoIM S0l =% 252 SAS H

[
S =

SXIstol $= WOl F& Wolah WA= Wi Vs S packageO|Ct,

— 88 —



o, 2SS 25X

3)

4)

5)

BEEES EE24HIE 3 £ A =AE ¥ F USH YT Listing 7txl 22

sfof 2 PHEUKE EHMoISI=2 2 Aol 2P cHE X Basfop zict,

BEEES RUSUM SRE Fo17] AUMAME U BRol K YW S Y I
xel Alg R E MU B X177 AT QS MYAWH (program)oll LI} U=

XE ciH== FHsHop EHcl,

Zie=el AtEo|2, olE S A= Data UFCE? UTER S 2I2EF
THAE At E mietstol 2oAM2t 45 olwsio] XY TYo| xcHE =lofrtn

UEXE metst= olof, JIB EDMI YUE B XY U =

>
e

t 21 =X}

B2 UFE ulsio| dataZdFE 0IF0oE2=S YUE 0|80 XE THAY

o

HYEsMr=s sjorstct,

Al F2 SHXN2 AYE ZAESo HMAME Z cross EE Tt 2
X2 A atEt YAlHZ Yo FHUEAUEIE HESIE U= ofF 23
Cto M2Eict, o]2ist UL I Ago| 25 Hu|slD v, 3 o3 =

LY xS Aol A = U gl

Eed 358 GAS=ol et pEstACtY, =AIR2AEI} =AIXEM SE

HEslol 2t 2Soll tE S{0|E eS| VOIOF S0{, £ D IS0 UBY
Sofl of @ FAISlof UE=IE olalx 2| mA Fo{opt sich mxief Aol

2|30 cioisicln MW= 2 X182 HHSHE o Z|XUS o7 BA| =X

stoi Zets" 34U =lo| ofafw UUct,



6)

7)

8)

AlA XIZo S48 2F DIYMcd, 2 B2HNE cf BRCD Rot=

Diodo] ol HEE X2 &4 mAS E2HAM o S AE Sict

x4
Atz 22 5224 2EE 218 7124010

[Ud]

sxeo=z Mot ¥ MRS
- WHIY 2R AE AY

- WHIH((Al=R)YE X7 UF

Slofl M2 AIMEE YUMIAAMN, R FUSUoll x7|7 Halsi
QAE 7B BE0| WYUSUXES VY MLXNED HOASNHU IS BDME

{ oH = al = = 74
Hd303t0f checksll LIt LiSo HuE sl 2SS QUS olct,



AL.

1)

2)

3)

2| EFALE

L ABEA OS2 BEAOY YLES

E2MSFo =80l =lalat Yt

olg stu2o0f

B M2H 2E S w8 F2 wwolc, ol

- T WA HEHO| US A

~

UIE WAsAH =12 WfEolct,

EH=Al2 {E=AIZ =AlR SMolE olF S4B xio|7t U200, 24 S=
= do|slez B4 o YWHoZR USN £ ol HS () =448 M

=S o2 FAIHAM loi= =Fo| =alat Wz

L
a






	제1장 무응답 처리 개요
	1. 무응답 종류
	2. 무응답발생 형태
	3. 무응답처리 방법들
	4. Imputation을 위한 준비사항
	5. Imputation 방법 분류
	6. Imputation과 editing

	제2장 주요 imputation방법 소개
	1. 방법 소개배경
	2. 가구조사에 주로 쓰이는 방법 소개
	3. 사업체조사에 주로 쓰이는 방법 소개
	4. Imputation 방법 결정에 고려사항
	5. Imputation class 결정에 고려사항
	6. 종단면 조사에 쓰이는 방법 소개

	부록



