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MCAR probability of missing is
independent of both observed

and unobserved data

MAR probability of missing is
independent of only the
unoboserved data

NMAR probability of missingness
depends on the unobserved
data
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e “It is well known that naive methods may
result in biased inferences under an NMAR
mechanism.”

* “The use of shared (random) parameter
models has been one approach to accounting
for non-random missingness. “

(Albert et al)
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 a model for the longitudinal response
measurements is linked with a model for the
missing-data mechanism through a set of

random effects that are shared between the
two process. (Albert et al)

* They are special case of “Selection
model”(Little)
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e 1988 -Wu and Caroll

— “Informative missing data”

e 1995+ =Follmann and Wu
— Shared Parameter ModelZ# 12 &

e 2004"*-Guo and Carlin

— “Joint Model”(Survival analysis + longitudinal
analysis)

— SAS(NLMIXED) EWINBUGS(MCMC)IZ X5 ZEE
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Y; = (Y, Yo, ..., Yiy) : vector of longitudinal outcomes for the ith subject
(i=1,2,...,1)
observed on J occations t1,%ts,...,ts

R, = t(Rﬂ, Rio,...,Rij) : vector of missing-data status
(R;; = 0 : unobserved, R;; = 1 : observed)

b; = "(bj1,bi2, ..., bir) . L-vector of random effects

(shared between outcomes and missing-data mechanism)

The joint distribution of Y;, R;, b; can be written as

We make assumption that, conditional on the random effects, the response do not depend on the
missing-data status.

9(Yi | b, R;) = g(Y; | bi)
XA FE K [Emonotone missing® & xf &

9
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Y.? : observed data, Y;”* : missing data

(Y7, R) :]mff (Y7, Y, R,)

/m/ | b;)g(Y;™ | b;)m(R; | b;)h(b;)dbdY;™

:/b(”bz) m(R; | b)h {fm (Y™ | b;)dY;"™ bdb

= [ ¥ [ bom(B: | bbb

10




Kipimsetonier s SMi L Z LTOAS sasa by Lo 2[]]5

MDETILED LR

e Selection Model(SM)
f(}f”m R’L) — g(lffzov lfzm)m(R’L ‘ }fiov }/zm)

e Pattern Mixtre Model(PMM)
f(Yi, R;) = g(Y,?,Y;" | Ri))m(R;)




*iﬁt;ﬁ.’rwﬂt 39 BMiFEIHE. ELGSAS | sasatv Al

&

DT “‘)Lt@tlﬁ
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- LERABARALI=T —2IIKF

* SPM
- LEB#NRALE-T 2K EFLAN

SRAT =R T HRESTETE
(RESITERIEI®E)
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SPM®D/\TA—FHETE F %

o DIADNAEILTULYASYS~0 (PROC NLMIXED)
e PROC GLIMMIX
¢« PROC MCMC
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PROC MCMCE&(E

e “The MCMC procedure is a general purpose
Markov chain Monte Carlo (MCMC) simulation
procedure that is designed to fit Bayesian
models. ”

(SAS Reference)
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PROC MCMCIZ J:ésplvl@aé

proc mecmc data=XXXX nmc=XXXXX seed=XXX
outpost=RESULT;

parms </\TA*—3DEEF >;

prior </\NTA—ZDEF|7 1 >;

random <ZEEMRNDEE >;

like = <TE = RIERATER 73 DX AL EREHE >
slike = < RGAIEFE D xF 20 L EBH 2 >

model general(llike + slike);

run;
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PROC MCMCI—EAZEZED

PROS/CONS
* PROS
- BRSA—BIEM D HERETES
- EENRONHEERDTUSMNRETES
— RSA—BOFEEREDRENFE

* CONS
- ETHRMNEL
— (HR)BE [FHEL
— ERIREABR CERENET HICIFEELLIN(?)
« BERABRTORAXIEEDEKL L Kawasaki et al S B
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* PROS
- BANS

DIA~ 4O )PROS/CONS

y

N
.2

RMZLN

- A—TAVTNE
— EATHFREAEL

* CONS

- RVADI—FAFHLD TEHEAFEL

- REDNEHR.

ALY

o RALBREDETIL
s ZEWMRDIETE

> BRESTHAHLL

18



KRt IBIE 3 B HAE L HE . 2 LTSAS sasa-v B 2["5




Kazimmat iRl 39T, ZUTGSAS sasatvfla

% FH L?" T—43
« THH 7@705t/ Rt BE E BR

— f_EnHﬁIEE HAM-DAO7 ({EF THE)
— 1&F100451

— monotone missing D &

— http://missingdata.lshtm.ac.uk/d& Y A =

m
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bl VIEWTABLE: Datalib.Chapter15_example =N R
FATIENT HAMA PGl ‘ WISIT - VISIT | VISIT TREATMENT ‘ PATIENT POCLED basval HaMD 17 | changs
NUMEER. TOTAL IMPROVEMENT 3 DATE NUMEER. NAME SEX INVESTIGATOR. TOTAL Il

1 1503 2 2 7 4 DRUG F 006 32 2 —nE
2 1503 19 2 14 5 DRUG F 00g 32 20 -12
3 1503 2 3 28 f DRUG F 00g 32 19 -1%
l 1502 17 4 42 7 DRUG F 00§ 32 17 -15
5 1507 13 3 7 & PLAGEED F 006 14 1 -3
£ 1507 13 2 15 5 PLAGEEQ F 006 14 1 0
7 1507 1 3 29 f PLACEED F 00§ 1 g -5
8 1507 8 2 42 7 PLAGEED F 00§ 14 5 -9
9 1509 18 3 7 4 DRUG F 00g 21 20 -1
10 1509 17 3 14 § DRUG F 00§ 21 13 -3
1 1509 12 3 29 § DRUG F 006 21 16 -5
12 1509 g 3 a4 7 DRUG F 006 21 13 -3
13 1511 15 3 3 4 PLACEED F 00§ 21 16 -5
14 1511 17 3 12 § PLAGEED F 00§ 21 18 -3
15 1511 12 3 28 f PLAGEED F 00g 21 18 -3
16 1511 g 2 4 7 PLACEED F 00§ 21 12 -9
17 1513 25 B 7 4 DRUG M 006 19 24 5
13 1514 95 5 7 & PLAGEED F 006 21 23 2
19 1516 15 3 7 4 PLACEED M 00§ 23 15 -3
20 1516 15 4 15 § PLAGEED M 00§ 23 2 -2
2 1516 13 4 28 f PLAGEED M 00g 23 20 -3
22 1516 8 4 a4 7 PLACEED M 00§ 23 15 -5
23 1517 26 B g 4 DRUG F 006 19 24 5
2 1521 4 3 g 4 DRUG M 006 13 4 -9
25 1521 3 4 16 5 DRUG M 00§ 13 3 -3
26 1521 2 4 a0 f DRUG M 00g 13 3 -10
27 1521 4 3 a4 7 DRUG M 00g 13 3 -10
28 1526 7 3 £ 4 PLACEED F 00§ 20 15 -5
29 1526 £ 3 13 § PLAGEEQ F 006 20 1 -10
30 1526 g 5 27 6 PLAGEED F 006 20 12 -3
21 1526 m 4 42 7 PLAGEED F 006 20 17 -3
32 1802 1 3 7 4 PLAGEED F 003 10 17 7
a3 1809 12 B 1k R Pl ACGFRO F nna n 17 Pl i

4 k
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Mean Change with Standard Error Bars From Baseline at Each Visit by Therapy
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Mean Change from Baseline

2 3 4 5 ] T 8
Visit
TREATMENT NAME  —— DRUG — PLACEBO 22
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Visitwise Mean Change From Baseline for Completers and Dropouts at Each Visit by Therapy
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&&& PLACEBO Completer 44—+ PLACEBO Visit 4 Drop 555 PLACEBO Visit 5 Drop  $—%—% PLACEBO Visit6 Drop oy
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Y; = By + 81 * DRUG + B3 * VWEEK + 3 + DRUG % VWEEK + by + by * VWEEK + €;;

021 022

(bo,b1) ~ N(0,%), ¥ = (011 012)

€ij ™~ N(Oa 3)

« KANBIREDETIL
2; = a1 * DRUG + arne * bg + asip * by
Pr(R;; =1] Ry, .. G Ri-1y = 0) =1— exp(—exp(ap; + 2:))

25
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Posterior Summaries
Standard Percentiles
Parameter N Mean Deviation 25% 50% 75%
O 50000  14.8047 4.9042 11.1694  14.3941  17.8885
Random Effect 01y 50000  -3.3124 2.7596 50382 -3.0600  -1.3039
Oy 50000 9.3590 2.0179 7.9265 9.1521 10.5766
S 50000 3.0465 0.1268 2.9572 3.0454 3.1315
b0 50000  5.4631 0.6625 5.0123 5.4342 5.9034
Longitudinal bBASE 50000 -0.2876 0.0373 -0.3146 -0.2857 -0.2608
Mesurement bDRUG 50000  0.8032 0.6799 0.3465 0.8197 1.2680
bDRUGSWK 50000 -1.7798 0.4776 21065  -1.7819  -1.4611
bSWK 50000 -1.9797 0.3780 22253  -1.9787  -1.7399
1 50000 -2.4393 0.2586 -2.6100 -2.4301 -2.2617
12 50000 -1.8641 0.2048 -2.0006 -1.8597 -1.7217
13 50000 -1.6606 0.1895 -1.7856 -1.6584 -1.5291
o 14 50000 -1.1350 0.1621 12423 -1.1317  -1.0260
“&Zi';g;]?sar;a 5 50000  -0.9298 0.1530 1.0299 09275 -0.8259
(C-loglog link) 16 50000 1.0021 0.1447 0.9058 0.9982 1.0929
17 50000 1.7835 0.2353 1.6215 1.7683 1.9320
aDRUG 50000 -0.0764 0.1782 -0.2007  -0.0767  0.0440
alnt 50000  0.0382 0.0467 0.0111 0.0390 0.0666
aSlp 50000  0.0899 0.0495 0.0577 0.0868 0.1189
Endpoint trt_diff(") 50000  -4.1804 1.1615 49664 41923 -3.4079
(*) trt_diff = bDRUG+bDRUGSWK*2.8 26
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— MISS=keyword specifies how missing values are handled (see the
section Handling of Missing Data for more details). The default is

MISSING=COMPLETECASE.

— ALLCASE | AC gives you the option to model the missing values in an
all-case analysis. You can use any techniques that you see fit, for
example, fully Bayesian or multiple imputation.

— COMPLETECASE | CC assumes a complete case analysis, so all
observations with missing variable values are discarded prior to the
simulation.

(MISS=ACEIEEIT NIEBEFH THTLTNS)

27
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*see Rizopoulos D et al
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cLoglog Logit Weibull
Mean Sd Mean Sd Mean Sd

Trt_diff -4.1804 1.1615 -3.9554 1.0662 -3.9934 1.1013

30
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* PROC MCMCIZ&KYSPMZEZEZE L=,

* missing-data mechanismzZ 8L T, I kR
Lf 7:/I~0)?’EEﬂEO)fnﬁﬁﬁ%’l‘éi’éﬁﬁ?&?‘é?ﬁ;’f’éﬁ?

» DIARVBIXEFRZA., ENI=ITTIEXRETI
A+ EhiER5,

o AEATTEARAWRESIESRDRE
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- SEXIE, BBIRIEM, XEER, MUl —, A0
HhET—R T EHEEBHTFEERBAD=X L
123t BRRE T )BT FiEDAEER2, SAS1—H
C%nﬂﬂi$2014

- =EXIE, wiEEH, BEHsh RADHLHT—HI

Xt AEIEBITFEERBAN=ZXLIZH T SR
EH B)RAAD=ZX LIZxT BREE KT, SASL

—H —# SR 52014,

« TRIEBRRADHSIT—RHT HEEERRE
"#ﬁt‘_ﬁﬂﬁd)ﬁiﬁ SASA—H — w3 52014

¢
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* Roderick Little “Selection and pattern-mixture Models”, Ch18,
Longitudinal Data Analysis: A Handbook of Modern Statistical
Methods, Chapman & Hall/CRC Press

e AlbertP.S. & Follmann, D.A. “Shared Random Effects Models”,
Ch19, Longitudinal Data Analysis: A Handbook of Modern
Statistical Methods, Chapman & Hall/CRC Press

* Wu M.C. & Carroll R.J, "Estimation and Comparison of

Changes in the presence of Informative Right Censoring:
Modeling the Censoring Process," Biometrics, 1988; 44,175-
188
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e Dean Follmann and Margaret Wu, “An Approximate
Generalized Linear Model with Random Effects for
Informative Missing Data”, Biometrics, 1995: Vol. 51,
No. 1, 151-168

* Xu Guo and Bradley P. CARLIN, “Separate and Joint
Modeling of Longitudinal and Event Time Data Using
Standard Computer Packages”, The American
Statistician, 2004: vol. 58, 16-24

* Y.Kawasaki and E.Miyaoka, “A Bayesian inference of
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Applied Statistics, 2012, 39:10, 2131-2152 N
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* Fang Chen,” The RANDOM Statement and
More: Moving On with PROC MCMC”, SAS
GLOBAL FORUM, 2011: Paper 334

* Fang Chen, "Missing No More: Using the
MCMC Procedure to Model Missing Data”, SAS
GLOBAL FORUM, 2013: Paper 436

* Rizopoulos D and G Verbeke, “Shared
Prameter Models under Random-effect
Misspecification”, IAP STATISTICS NETWORK
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