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#Fz 1 FIML &EERKER Mplus &R

TITLE: CFA Model With Missing Data;
DATA:FILE IS data with Missing.dat; !
VARIABLE: NAME are gender age yl-y17; !
USEVARIABLES=yl-y17;!
MISSING=ALL (9); !
AUXILIARY = (m) gender age; !

“(c)”

» (m)

H

FIML

ANALYSIS:ESTIMATOR = ML; ! MLM;
INFORMATION = Observed; !Mplus Expected  Observed
, MCAR, MAR,
Observed (Enders, 2010)
MODEL: FI by yl-y5;!
F2 by y6-y12;
F3 by y13-y17;
OUTPUT: STANDARDIZED; !
!
s MI (Demirtas,
, Mplus Freels, & Yucel, 2008)
FIML R “VARIABLE” , Demirtas  (2008)
“MISSING=ALL (9)” 25%
9 MI m
1 ,m
22 ZERINE m 20
Rubin (1987) R (Graham, Olchowski, & Gilreath,
2007) ,m 200~1000
FIML , MI
MI (imputation phase),
(analysis phase) (pooling phase) , MI
, m (m > Mplus MI 3
1) ) )
m , Mplus 2
> FIML MI s
> MI

Matching, PMM)

Monte Carlo, MCMC)
MAR,

(Predictive Mean
(Propensity Score, PS)
(Markov Chain
MI
ML

23 MMAZERLRERA®RE

(e.g., Graham, 2009; Schafer & Graham, 2002),

3 Mplus7  (

), MI
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®2 ZEMMNELEERKEN Mplus EA

TITLE: This is an example of MI for first step;
DATA: FILE IS data with Missing.dat;
VARIABLE: NAME are gender age yl-yl7;

USEVARIABLES=yl1-y17,

MISSING=ALL (9);

AUXILIARY = (m) gender age;
DATA IMPUTATION:

IMPUTE =yl-yl7; !

NDATASETS = 500; ! m=500,

SAVE = dataimp*.dat; ! 50
ANALYSIS: TYPE = basic;

bseed = 79566; ! (data augmentation)

chains =1; !

TITLE: This is an example of MI for second step
DATA: FILE IS dataimplist.dat; !
TYPE = imputation; !
VARIABLE: NAME are gender age yl-yl7;
USEVARIABLES=yl-y17;
ANALYSIS: ESTIMATOR = ML;
INFORMATION = observed; !
MODEL:  Fl1 by yl-y5;
F2 by y6-y12;
F3 by y13-y17;
OUTPUT: STANDARDIZED; !

MI

(Enders, 2010) ,

3

MI

,  FIML

( , Mplus) MI,

( NORM; Schafer, 1997)
MI Mplus R 2
( ), FIML

FIML MI

TR R IR

MAR
MCAR ,

( MCAR )

(3-form design)
(multi-form design) (two-method
measurement)
3.1 =XERERRIT
311 =XERFRRI
(Graham, Hofer, & MacKinnon, 1996;
Graham, Taylor, Olchowski, & Cumsille, 2006)
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T1 T2 T3 Tl T2 T3
1 1 1 1 1 2 3
2 2 2 2 2 3 1
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, 8
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9 ) , 1000
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s
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125 2
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(Satorra & Sari, 1985)
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5 SEM

Mplus

Mplus
MONTECARLO

PATMISS
PATPROBS
MODEL POPULATION
ANALYSIS

10, (Muthén & Muthén, 1998-2012)
10 2
, 3 ,
0.7, 0.3
( ) 250
(250x6=1500), 4
375 (375x4=1500)
0.3 ,
0.957(1000
957 0),
0.955,

Paxton et al.(2001)
(2012)

5 RBE5IFEHN

MAR  MCAR
(Graham, 2009, 2012; Schafer & Graham,
2002) ,
(e.g. SPSS, SAS, Mplus),
(Jeli¢i¢, Phelps, & Lerner, 2009 ;
Peugh & Enders, 2004)

PsyCh Journal ),
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TITLE: This is an example of power analysis using Monte Carlo simulation

MONTECARLO:! Monte Carlo
names are y1-y6; !
nobservations = 375; !
nreps = 1000; !
seed = 56798; !
patmiss = ! s 1
y1(0) y2(0) y3(0) y4(1) y5(1) y6(0)|
y1(0) y2(0) y3(1) y4(0) y5(1) y6(0)|
y1(0) y2(1) y3(0) y4(0) y5(1) y6(0)|
y1(0) y2(0) y3(1) y4(1) y5(0) y6(0)|
y1(0) y2(1) y3(0) y4(1) y5(0) y6(0)|
y1(0) y2(1) y3(1) y4(0) y5(0) y6(0);
patprobs =!
.166666].166666|.166666|.166666|.166666|.166666;
MODEL POPULATION: !
fl by y1*.7 y2*.7 y3*.7;
f2 by y4*.7 y5*.7 y6*.7;
fl@l 2@1;
f1 with £2*.3;
y1*.51 y2*.51 y3*.51;
y4*.51 y5*.51 y6*.51;
ANALYSIS:
coverage =.0000001; !
MODEL: !
fl by y1*.7 y2*.7 y3*.7;
f2 by y4*.7 y5*.7 y6*.7;
fl@l 2@1;
f1 with £2*.3;
y1*.51 y2*.51 y3*.51;

y4*.51 y5*.51 y6*.51;
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Planned Missing Data Design: Through Intended Missing Data Make
Research More Effective

WANG Mengcheng; YE Haosheng
(Center for Psychology and Brain Science; Department of Psychology of Education College,

Guangzhou University, Guangzhou 510006, China)

Abstract: Missing data is a very common phenomenon in social science research. Among most existing
statistical analysis about missing data, Full-information maximum likelihood estimation and multiple
imputation are recommended as most common approach at present for handling missing data. Planned
missing data designs use special research design which create completely random missing data, and then
employ modern missing data estimation techniques to get unbiased parameters and maximize statistical
power in the process. Planned missing data designs can be used in cross-section survey to increase
questionnaire items or reduce respondent burden. In longitudinal survey to shorten measure occasion,
moreover, enrich validities. There are two types of planned missing data designs: 3-form design and
two-method measurement design.

Key words: missing data; planned missing data designs; full-information maximum likelihood estimation;

multiple imputation; 3-form design; two methods measurement design



