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Multiple Imputation
(MI)
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> Multiple Imputatlon(MI)
- Rubin(1978,1987) IC&>TIREINT=A%
- RAIAH=XLHBMARTHNIE, MARIZEDLMID
BEMT (BT ET RS
- EHEDMTETOCET, RAEDHETIZRLT
TEEHMEERE
- MUZEB TR ETILEHTETILALER—ADETILER
Lo, MIOFERIZLEER—IADIERL
ﬁﬁﬂl. (Mallinckrodt, 2013)

WEETIL: RAEEBET E-ODHAETIL ]
BRITETIV. ZEMSTNT=-ET 22 HNWTETTS5=-ODHETETIL

- MIDE B4R ;% (Dmitrienko et al, 2005) :
HE=DXRAZ5T
PMM (MNAR) D #2484 T+3E F AT RE
JE B ER 735 GBI 2 #1 5E
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> Multiple Imputation (MI) @SAS@%?‘TE"‘E
- BEER XIFIEEEER RAANF—RTE
- 31 Proc MIIZE 1T+ 5#5E %% (Yang Yuan, 2011)

Pattern of missingness Type of imputed variable Available methods

Monotone Continuous Monotone regression
Monotone predicted mean matching
Monotone propensity score

Monotone Classification (ordinal) Monotone logistic regression
Monotone Classification (nominal) ~ Monotone discriminant function
Arbitrary Continuous MCMC tull-data imputation

MCMC monotone-data imputation

Table 1: Imputation methods in PROC MI.
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>MIIZE T B E o J-mmﬂ%m%
- | &GBIE v; &%ﬁxm}:m BRlINnt-F—42Y1, ...
ZRAWTHTET ILEIEE
Y, = Bo + 01 X1 + ... + BpXgk
- ndwx%% —SDHETES = (5'0,31, s Br)
- HAEITHIGIV,; V,IF(XX) !
- INTA— 9@%1%:% EIJ’\'Jh\anaﬁbvml/
By = (/8*09 Bx1, Bx2, -- 7/6*16)

N o2 =62 (n; —k— 1) /g, Q““‘inj—k—l

J77EHX . T+
n. (iY b\ﬁﬁ,ﬁlléh’cmév-—%&
AR EE O = 0+ 0w VI, 2,V = Vi, VI

Z: RE(k+1) DIMILDIERZ ATV
- RANEZ TEDX THEST
/6*0 -+ /6*1X1 —+ /8*2X25 RS /B*ka' + <10 xj

9




B, BUAS-EA mxszl..;zﬂ::u.,raﬁ-ﬁ sasar-as 2014

> B EAREIROMIIZESSAS 705 5L ()
OMIDEFT e
proc mi data=XXXX 30| ~SEIAMESR
seed=—F &S
nimpute=fi5ERI (FHTEMNT=T—F v DERE L)
OUt=BBRFETEDEH AT —FtYIE;
by EFRIBFL 2L,
monotone method=reg(E A EIIFNDI5FE);
var v0 val1 val2 val3 vald (fE#T st R T30 ;
run;
QZEtTR ZEHATICE > TEON=EHOT—42 VD
TNENICHLUTRITET ILZE R

(Molenberghs et al 2007)

f5l)Mixed 7’00 //Jv—l J:éANCOVA:ET)l/
IR R DE=RENE+N—XTM{E
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> E

£ 2

a

I‘DMIIZ <J:%>SAS 7 I:I7 2 L (f51)

QT ET L THELON-BEHOENHERLY
MIANALYZEZ L TR ROHE

proc mianalyze data=XXX alpha=0.05;
modeleffects estimate G RHEFEED L L) ;

stderr stderr ({RZ#EFREDZ 20 ;
ods output ParameterEstimates=# & & &

run,
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Imputation

2014

it i 0 o l b al i ‘ " ‘ . ‘ 9 ‘ " ‘ . ‘ . ‘ o

| 1 1001 . 056933%2 ZAGSIOOOER) | OMAMAAMG  -AMASSOOL A SoH10% f - f f 1001 21 (5GO3062  2AGBBOGORD  OA4SIDBTOE  -63121SBE 1 ISHAMIOSS

1 f 1000 1508472053 Q40474200 1RITIMZY -DBADITION 042312071 — :
— | R Ty ey BT R e RIS ey 2 f f 1007 ISORTIZEE  OAODMND  (ROATIMZE  -2ER0ITIN 042312071
— | e e ot s LA 3 f f 1003 19406763447 -OZBUIORZT -BODIORTORE  1ZIBMMITS 147308
— { : | 1 f i 1004 D1 0BS46I054  -GTEIMAET BAODETROR 08410 1178001307
_5 ‘ 10 Zaeamn 5 f i 1005 23631772018 [ -ABaT 00 BAORIOT  ~inI ot o)
_ 0 | ‘ ‘006 LBNGRRD  anbMTATE A dSNRET -ATZAGMM 172 § 1 1 1006 J05IGGI  SLAMTOIE T SO <bIRMGHNE  G1BTZ
_ 1] L0807RR  BGAGEIZI6  ABZTAIONE 7 -GEOIATE  -POSROTTERD  -BEOMERONG  -1B.27490320
_ 8 ) 8 361 24405(_-30060M0B8 111081016 ~16.0708500
_ 8 PrOC Ml -IG060E  -TORNEEE 495061703 3 PrOC MI 360268 1361960920 17021332 1485661723

10 *ﬁ = -"I'T -1 034573754 47400676 -3.696205809 10 *ﬁ = /ﬁ 606573 -10BSTITS -BATAONETE  -360620500

1 JCH I SO -BEM0N6ES 1 7[:1 OO0 BOBIOEMZ BOIGAIEI -BAGAOHIGS

12 — TENMSNE  SEHE0NMZ -IBOBTION 12 —_ 0360 THNSAGEE  BESHGAONZ  -1B0BEHLE:
12 - . 1

i SAS7 '37‘|Z v I‘ TU0GEE BHGEEE 193830 1 SAS7 _9 “J I‘ O0H O BAISOMTE 1635806

14 -1 517200831 [_zma&a_uﬁ.uﬂm.] 14 . DAStRBOMT -1 B2t .

15 f 5 NN BNNER -SSR 15 | f 1005 02470872 -B2e00asd -555a%0ed0 | o1odemne 2 S0AR00

1 i 006 196TEET I5EWEE -0MIME 711010847 100443032 15 f f 1016 196TI61ET2  -ISIEVIEE 101066 THOI6HT  -100M9BR

17 1 107 0673541 30651 500675 -1 386241 b -150785773 -1 14684306 11 1 1 1007 20673254136 32651508625 1386241091 4507357118 -111634306

Imputation e
| Number | et Proc mianalyze $t & RIT GI—IZ‘JF(EiFaEIE)

trt

—\\

— Rty L TE Rk

0.05

-4.2360

2 -2:4?33 187 —0.7108
= - 2 2316 0837’e 187 253 omaz ooy 42210 05223
%E¥O)*E;E1E' Eg-d—%) 2 24758 0zs 18 =271 00073 00 42754 05761

=1 0707

Proc mianalyze i &% 7T
Farameter | Estimate ‘ Std Error ‘I_OI_Mean UCLMean Maximuim Parameter:ThetaO Pro It
1 estimate -2511148 0861074 -4.39844 -0£2386 6314 -2 5330966 -2.301070 0 -261 00092
12
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>MI (B EIE) +ANCOVA BRI S T —2 D R T4

BHETIL R RAICHBITEHEED
RPN AP=Z L RHETEE(SE) BRNE | BHRZEOSE
/RAIFEE S ISR

MI
MNAR/Low -11.26(0.68) -8.75(0.67) -2.51 0.96 0.009

- ZER/TERDOEBHTETIL: ANCOVA
proc mixed data=/*##5E & T —42 vk,
by Imputation_;
class trt;
model val4=x0 trt;
Ismeans trt/pdiff=control("2") cl alpha=0.05;
ods output diffs=/*#EZEDT—2t VL
ods output Ismeans=/*&E D EED T—2 v/

run, 13

1ml
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Pattern Mixture Model
(PMM)

14
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>P|\(/!|;g|$g$ 1005, @electlon model
*Little , , O M
Ratitch et al. (2013) Pr (Y Y ,R\X)
Sy YO YM X)Pr(YP. YM\ X
Pr(Y°, YM R\ X) ’ N\ r(RAY, ’)r( - \X)
gAT—42, ZAlT—23,

_ 0 yM RAHAER DR ST
=Pr(R\X) Pr(Y”. YT\R,X) DSBS ENRAS
:@%(R\X)Pr (YO\R.X)|Pr (YM\ YO

R '#EET—I fﬁz,ﬁu —/semﬁzr_

YM SaENn G- (RAD 7 cho)

R : ZRIFERIZE Typel: &I F—2D 5 fal=5t 42
- BRI R AT BE R

X EAENn TSR ES Type2: BEIF— 2D S fl= 43

F&EIE Al BE7E R T
AT —2h SHEE AT RE HAT—AOLHEERTEE
Type 2 Type 1
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> HREHERBAD=XLDEEFRE

Missing data in clinical trials page 37, Molenberghs et al. (2007)& VY

SEM

PMM

: MCAR c

!

. MCAR c

)

MAR
]

c MNFD c general MNAR
T I

AWV

c NFMV | ¢ general MNAR

S £ ¢
interior

Figure 3.1 Relationship between nested families within the selection model (SEM)
and pattern-mixture model (PMM) families. (MCAR, missing completely at random;
MAR, missing at random; MNAR, missing not at random; MNFD, missing non-future
dependence; ACMV, available case missing values; NFMV, non-future missing values;
interior, restrictions based on a combination of the information available for other
patterns. The C symbol here indicates ‘is a special case of', The § symbol indicates
correspondence between a class of SEM models and a class of PMM models.)
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e
e

> |49 5 4 (COCMV.NCMV.ACMV) Z4R 5 L 1-PMM

Thijs et al. (2002)I& LEEDFIFIFHZH—BIZRI

TPMMZIEE thF R ETELR
F U, e yry|r =) = fe (Y1, U] fr (Yesr, Yeros - UYL -, Uy
R/ \—> r=1,T KRBT 2D

b2 IFSES 1¢(CCMV NCMVACMV)
ft (y5|y1 oy Ys— 1>_Zw5j j ys|y11-* ) S—t—|—]_ T

;0) FHWs (s *ﬁxﬂ%fﬁlm Jt@l\/)-‘ DT D
ERTEICKY, #FEHECCMY, NCMVACMVE%‘%IE

UJ: SDDHNEFHETRET O HMBEHMIZKA
fe(uiysur) = fi (Y1, -, ue) H (Z wr—s; fi (Yr—s|y1, ..., yTsl))

s=(

j=T—s=s




=55 B -HiadF lt.J:Z)_

> 8 %5 2 1.1 (CCMV: Comj

Case Missing Value)

WP T =Wr_1T =Wr_oT7 = ... = Wiy = 1
MOZFDM ws =07 71T DES
\fi:((yslylr ***:ys—lj — fT(yS‘yla S 1) s=1 —|—1 ]J

B ETEAISh=Completer ({5, /38— 1)D

BEIRMNO RBIDIBEERZTFETIT 20D, TE/NFI—V
DT—2%F| AL, Z<D#HERE HCompleterd/\

B—2DIFEZEiFEE=LTWAIEEIZEA. £71=, Non-
monotoneD EZIZHFIANES.

) £LRIO EIEEE/E'IX

INF—1 BFFmR1 O Bem

20
/\’5‘—/2 lﬁ O KFm20
l 2 O
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\ft(yswl *--}ys—l) — fS(yS‘yl:' *“}ys—l):

>fullff’]%1¢|=2(NCMV Neighboring Case Missing Value)
p

Wrr = Wr-117-1 = Wr—217-2 = . =w¢+1,t+1=1

s=t+1,....7

KA R TAESN-—FEWLNI—DIFHRL b KBID

FEEHTI DD T:&ili TEEDHIT

INF—2 30D

FFR3ZmLi-WVaE, —BRANF—NEbNZ—

20T —3MD5 \ﬁh\b*ﬁx
) &R0 EEEEIEIIX
NFI—21 BFR10 R

20 BFFE3
INZ—22 BFR1OBR20 BFFAES
FFm2 O BFF=3

/(9_-\/3 H%;#\’ O A [

>
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> |#9 2 #£:3 (ACMV: Available Case Missing Value)

o, = AT
Zal f) (yl ----- ys—l)
|=s

;
K - Za)sj fj(ys \ Yieens ys_l), S =
j=s
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> HllFI 5 1¢3(ACMV AvallabIeCaseMlssmg Value)

KAFFRLBIZERAEIN TS ETHO/NI—2DFEHHM D
RADIBEEHREHETI 2D, LIFEDHIT, /1\3—230DF
RIDEZHTELIZLMGE, RAD/NF—2 DN —FEL
INI—22Complete/ NFZ— 1 DT —RD 5 hN S 4 5T

H%Il\\4 O
FFmd X
FFmd X

) &REIO EIEEE,EU X

\F3—21 BFFR1 O BR20 BES3

INA—22 BR1OBFE20 BFRS3
FFm2 O KBS
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> H1E M (NFMV) 2R E LT-PMM

Kenward et al. (2003)[ZMNAR%Z{% E L1-PMMZ 1R =

ACMVD§EER ENFMV+CCMV X IZNFMV+NCMVDFE R BG4 A Z &1,
MARMD XA A D= XAh\bODTuﬁE’En it

f,.oyr,r=t) = [f(y,....yrlr=1t) f(r=t)
— ft (yl,,w)f(rzt)
= [ft (Y1 ooy Ue) fr (Yt |Yr, s Ut) fo (ytq-ﬁ?--wylel;***:yt-i—l)]

D

(3N

¥

T

4 Y
fo (s s | e (e |yns s we)| T (e (uslvns oo ysn))
s=f+2

B (tFFRET) RTE (t+1B% 5) 3 (t+2BF R L)
o xun (P *un
BRI E .




B, B -EA. xszl..a:a:: AL sAsa—v-us 2["4

> Hill #9514 (NFMV: Non—Future Missing Value)

[s > 142 [ZRLT J
fWslyr, s Ysmr.m = 1) = F(Ys|yn, oo Ysm1,7 2 s — 1)
- BENSIRESAIIN TGN T—2IZKREFL

REIZEA SN TOVEWLT—2IZIHIKRFFLEL
- RBIAD=X Ls(Selection Model® Missing Non-Future

Dependent:MNFD)I 2% it I7E (t+1) DREF DT —%
[f(r_t|UI ""‘yT) f(T:t|y11--*: t+1

- BRIZT—ADHNTNFEETELL, 9HHETEED

FHMFEHRDHADIEEINTULVELY

=>HIFISEHE (CCMVONCMY) D EBINAHE
NFMV+CCMV,NFMV+NCMV

[f (ys \ Yire Yool ;, _ - = MNARZ {X 7€




ER.BA-EAS ARSI LORIE ssrue P11
»PMM=40 (S Mlssquata orquk)

%macro %patternmixture(analyset=XXX, *7—2tybt&*/
Iconstraint=XXX, /*##5EET JLIZfEAH, CCMV or NCMV*/
Itype=XXX, /*BF ml§3&ELTNFMV or ALL*/
seedgen=XXX, numberimputations=X, /*>—F# L5/
YVAR=%STR(XXX), /* B B2 #*/

MODEL=%STR(XXXX), 5= ET JL*/
modvars=%STR(xxx),

classvars=%STR(XXX), id=, *##5EET LD B ZE >/
MODEL2=%STR(XX), BT ET L, B2 ET LR —TH{TELY
classvars2=%STR(XX), I*82 T ET LD E R ZE */
othervars=%STR(XXX), /*Lsmean&E B |2 B E {50/
TITLE=%STR(),

FOOTNOTE=%STR( )):
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>»PMM~ 2805l
- NFMV+CCM

#ﬁx%-‘r“w

| conmete ez ATNE, B ANE, A—RITUEDBAET L
\ patternmixtire. ﬁq:#ﬁ:ET L
analyseteD/, R—ZSA B, BB/ =L, B, B, BB/ SV SRR

lconstraint=CoMY, SZHVEE ABELEEDREER B/ 9—/&,DJ§&H#,IJ—:'{O)
Itype=MNFMY, = HVER
seedgen=8837954, | 44 22 4 - NEMV+CCMV

Ua . 7 — 5771 : MNARA D R AT ALow

WMODEL=%5TR hase treatment visit base*treatment base®visit treatment®visit base*treatment®visit)
modvars=h STRIsubjid treatment base)

classvars=%STR(treatment visit) id=,

MODEL2=%5TR base deroup treatment visit deroup*treatment treatmentvisit dgroup*treatmentvisit)
classvars?=%STRIdgroup treatment visit),

othervars=%5TRbase)

TITLE=%STRICCMY Pattern Mixture Model Analysis),

FOOTNOTE=%STRL)
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»>PMM~ -0 (T—4: MNAR, KBIFEZE Low) MDSAS output
- NFMV+CCMV

COMY Pattern Mixture Model Analysis
Lsing COMY identifiability constraint
By visit LSMEANS using Model with Effects for Dropout Pattern

-

Visit Treatment N LSMEAN SE LSmean SE Lower Upper P-value
(Week) Change Difference CL CL

Wisit 1 Drug R -197 044

Flaceho 80 -2 46 044 049 063 -074 172 4328
Visit 2 Drug 89 -3.01 032

Flaceho a7 -4138 033 -042 073 -186 1M o821
Visit 3 Drug 84 -872 068

Flaceho 83 -6.38 047 -2.13 057 -404 -022 D288
Yisit 4 Crug 83 -11.28 074

Flaceho 80 -883 072 -243 102 -443 -043 0171
Owverall Drug 83 -6.75 0.48

Flaceho G0 -3 42 049 -112 069 -248 023 1048

MEMY observations used subject to identifiable constraint
Modelbase dgroup treatment visit dgroup*treatment treatment®visit dgroup*treatment®visit 27
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Shared Parameter Model
(SPM)

28



R
o
.‘5‘3&-, "‘ﬁ_‘;':':ﬂ" AP ISP
A g ’
e A
\ Bl S ~1f
7 ASJ —-Bs
’/ o P

Shared rmeter Model

WERE b, = (by,....b,) b, ~N(0,Z)

- AIEBREICHTHETIL, &UHR/%L$£':J>€‘T_§_5
ETILOMAICEETLHERER (ZEEVR) =
BAB.

s FENRDEHMAET, AEBELHZBEIETR
JTEERBINHETETLEMRET S.

~

f(Yi, R, bi) = f(Yi71bi) f(Yi™[0:) £ (Ribs) £ (b3)

ik

E 5




Shared Paameter Model
f(}/iaRza bz) - ( zo|bz)f(y;m|bz) ( zlbz)f(bz)

. BABAICEITAEES, TYMALTIEEL 7Yk
HWALIZELEET HELADBENTFEDEEX S
T5E&EZ%. (Little, 1995)

s HBDEENENAUEBIEETILERZBREETIL
CEFENBEEZZADLGE, RAAD=ZXLHBMNARD
BEIZxINT B.

« SM(Selection Model)&EMELY
f(YL) Rz) — f(YTLOJ }{Lm)f(R’LD/zoa }/zm)




E. B Al APIEE BT :Jz:rm%rt v
LEDE

f(}/;:()?Ri) f(noalfzmarubZ)dbzd}/;m

3

FOG2 Y bi) f (rilbs) f(bs)dbidY;™

FYE0103) (Y3 i) f (ri[bs) f (bi)dbidY;™

m

FY3%1bi) f(ri]bi) f (bi) ([ym f(Yzmlbz-)dK:m) db;

|

= /bf(lﬁolbi)f(rilbi)f(bi)dbi

SAS MNLMIXED AL vz RANSIETEERETHS.
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Shared Parameter ModeIODLL olbs

« ERESITELTOHOSPM
— RHEAMNARDIZEIZH VT, Selection Model, B

SPM

SM

PMM

Pattern Mixture Model& it 3SR ES T DA ETH B,

* TOMALDBIERENKES BRETIEINEIMNT

A LDENEET SEE R BEY FERCFEOETTE
BLDESLHES AOBENLHENBRL T DL

DNAHIRRT, ERAET EEZ NS, (Little,

1995)

FY3°10:) f (Y57 [0;) f (R;]bs) f (bs)
— f(Y;'O, Y;,m)f(Rz‘Y;oa }/;,m)
fY°, Y R;) f(R;)
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</~ 0:%shared parameter

* DIA working group/2B~< IV 0FSEIZL THERL

Yshared_parameter (

INPUTDS = temp_siml, AV TINT—4
SUBJVAR = id, WERE
TRTVAR = Drug, FFH

TIME = time, iS3

MODL =

. . BIEBIRICHS HETIL
%STR(val = x0 Drug time Drugxtime), (:]?%;f%ggs‘;%ﬂ

L INK=%STR (CLOGLOG) BEAREICT AETIL
RANDOM_SLOPE =%STR (LINEAR) EEMRDREIR
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AIEBREDETIVIZESHT:  BIEBEDETIVIZE
TENWRE, REBETET OI-Z=R%x, BiEd
JLIZEFELLY RBETILEED

RANDOM_SLOPE =%STR (NONE)
EENRFITRLMEFEL

RANDOM_SLOPE =%STR (LINEAR)
ZEMRE, U, RURRICHIEIMELET
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<

:%ared_parameter

e BIEBIEIZHTIIETIL

RANDOM_SLOPE =%STR (NONE)

EEMRFITURALMEFLL

Yi; = Bo + Bilime;; + BaGroup; + BT ime;; x Group; + b;o + €;;

RANDOM_SLOPE =%STR (L INEAR)

ZEMRIL, Y17, RURRISHIHHRLED

Yi; = Bo + Bil'ime;; + BaGroup; + B3Time;; x Group; + byo + bjyTime;; 4 e;5
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o BFIBIRISHTHETIV

e Complementary log-log linkE&T JL

RANDOM_SLOPE =%STR (NONE)

E=MRIIVALMEFEL

Pr(D; = j|D; > j) = 1 — exp(—exp(ao; + 71bio))

RANDOM_SLOPE =%STR (LINEAR)

ZEMRIL, 1/, RUBRIZHITHHRLED

Pr(D; =j|D; > j) =1 — exp(— exp(an + v1bio + ¥2bi1))

« A DYRETILYFEHTRE
W e——————— =
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UNF=g2 4745 (1)

Intercept |inkage

\'1
/11
)
\
L1
\l
il
|
iy
Rt

No Linkage (do not vary by treatment)
Parameter ML est std error p—value ML est std error p-value
b0 14. 205 1.693 < 001 14. 185 1. 685 < 001
bDrug 1. 532 0.887 .086 1.519 0.888 089
bDrugtime -1.050 0.251 < 001 -1.043 0.251 < 001
btime -2.150 0.178 < 001 -2.133 0.179 < 001
bx0 -0.726 0.078 < 001 -0. 725 0.078 < 001
aDrug -0.015 0.447 972 -0.010 0.452 982
alnt 0.112 0.073 120 V4
aDint
endpoint trt diff -2. 667 0.761 < 001 -2. 652 0.762 < 001
endpoint trt diff (Mixed Model) -2. 663 0,761 < 0

—

€7 I/)l1

ETI)L2

Mixed Model

RANDOM_SLOPE =%STR (NONE)
EE=MRIEITVALMEFTEL
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UNF=g2 4745 (2)

No Linkage
ML est std error p-value

Intercept and Linear slope lin
kage

(do not vary by treatment)

ML est std error p-value

b0

bDrug
bDrugtime
btime

bx0

aDrug
alnt
aslp
aDint
aDsIp

endpoint trt diff
endpoint trt diff (Mixed Model)

13. 764 1.489 < 001
1.491 0.695 .033
-1.022 0.281 < 001
-2.135 0.200 < 001
-0. 705 0.070 < 001

-0.015 0.447 973

-2. 596 0.939 . 006
-2. 596 0.939 . 006

12. 147 1.488 < 001
0.943 0.688 .172
-0. 875 0.291 . 003
-2. 167 0.207 <001
-0. 616 0.070 < 001

-2. 080 3.004 490
-14.117 7.039 . 046 ;}/

22. 368 10.085 . 028

-2. 559 0.976 .009

—

t7I/)l1

Mixed Model

RANDOM_SLOPE =%STR (LINEAR)

ZEMRIL, Y17, RUBRRIZHITHRLED
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E—&l -
o ZAIMMNARDIEGESIZHITH, BRE

PMM f(Yq,, Ri) — f(Y:iOa Yzm‘Rz)f(Rz)

-H-/\*ﬁ'o)

FiEZELT, PMM, BRUSPMZEERY E(F71=

SPM f(Yu R’i) bi) — f(Y;O|bz)f(Y;m|bz)f(Rz|b1)f(b’b)

o | F(Yi Ri) = F(Y:°, ™) F(R,|Y:°, Yi™)
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