2014, Vol. 22, No. 12, 1985-1994
Advances in Psychological Science DOI: 10.3724/SP.J.1042.2014.01985

* & % 7 & (Research Method) °

BIEMRPREAEIELIEAERENBIRSHR

(¢ . , 510631)
¢ , 530004)

WIFHFR P L ia A RS, SR BB T RN TR AT IR R L R R 4 R K
M. B, BB R AR B PRk, ERGEIEAF R T £ R R BB T AT A B TRE A P e s R
3T ke F Rk L. ok, SRR CEE Y 92 B IEH R LRIEIT M, KIA 59 5 (64.13%)3R 4%
FREARFES K, L FI39 BRE TR F ik B AMRE. KRR RANRIT IR S X BB L 77 ik ey A
ok, #—F PR R B R AR e LB

BIRATR, BRRBAE; kAL SR BBk

B841
1 318
(deletion)
’ (single imputation), R
’ (Enders,
’ 2011a, 2013; Graham, 2009) R
’ Rubin (1976) ,
’ (maximum likelihood estimation,
MLE) (multiple imputation, MI)
> >%~10% > (Schafer & Graham, 2002)
( , 20006),
60% > (Barzi & (selection model) (pattern-mixture
Woodward, 2004) ; © model), (Enders, 2011a, 2011b;
Muthén, Asparouhov, Hunter, & Leuchter, 2011)
: 2014-01-01
" e s )
(BHA130053) ’
(09sxk1q001)
(GZIT2013-ZB0465) ’
¢ ’(J1030729)”

, E-mail: zhangmq1117@qq.com

1985



1986 22
2 ERKRHLEH R FI T : Y
MCAR (
2.1 GREHE 2013)
(2) MAR MNAR MAR
’ t
(Schafer & Graham, 2002) Rubin ; ¢ )
(1976) (missing , i ’
o Diggle (1989) Kolmogorov-Smirnov
completely at random, MCAR) (missing 1 Al T )
at random, MAR) (missing not at 2 ; T )
dom, MNAR )
random, ) MAR , Listing  Schlittgen
N r ’ (1998) 1( t+1,...,T
Y=(yi,e.s ¥x) ) ot
Yeon=y)s 1= Loy Noj= Loy Kot =1, T , MAR; Listing  Schlittgen
’ (2003) Wileoxon
B Yobs Ymis R:(rijt)
5 Vijt Vijt = 0, 1 R
R > Vi Yo logistic ,
Vs PRI Yoo, 0,6) = PRI ¥y3,6,0) (0, MAR  MNAR ( , 2007; Jelicic,
g Y, R ), Phelps, & Lerner, 2009; ,2013)
MAR Yijt Yobs Ymis 5
P " T =2
P(R|Y,,,.&)=P(R|&), MCAR MCAR 3 BEMRPBREEBELIESE
: MNAR 31 egarsmssx
MCAR,
> s (list-wise deletion)
( ) t MCAR (pair-wise deletion),
(y(t—l)) ,
s Vi Y@-1) > ,
MAR ) MCAR (10%
> Vi Vi 5 )’ ( N
MNAR , 2005; Clarke & Hardy, 2007).
2.2 EREKHLEIFI S E MCAR , ;
MCAR (
Ynis , , 2005; Enders, 2013)
(1) MCAR Dixon (1983) « » ,
t Y LOCF (last observation carried forward)
MCAR s LOCF Yij(t-1) Yijt
Little (1988) ,
S P
MCAR, ,
SPSS 12.0 ( , 2010), (Barzi,

Woodward, Marfisi, Tognoni, & Marchioli, 2006;



12 : 1987

Enders, 2013) EM s
3.2 ETRENBREBLERSZE LISREL ,
3.2.1  RAMSAMIT
MLE , ,
Yois , MAR
R (exp- FIML MI
ectation maximization, EM) (2) FIML
(full information maximum likelihood, FIML) (raw maximum likelihood) (Duncan, Duncan,
& Li, 1998) (direct likelihood ana-
(1) EM EM (Dempster, Laird, & lysis) (Kadengye, Cools, Ceulemans, & Van den
Rubin, 1977) Yois 0 Noortgate, 2012) MLE , FIML
, 0 ,
Yonis Yonis 0 , EM Y=(Y\, Y2, Y3, Yy)
g(ﬂ) n
o #, 10 ’ HuB =gt
Hi+D (E )
™M " InL, = @2)" L in | wzw)
E ) 0 , 2
Vi : M = WY W ) ()
F(YilYons 09) Yo, Yois : 2
6® SWP (sweep operator) n D i
(Schafer, 1997) Y, Y, Y p=4 i, W, 4x4
Y, F(Y1|Y,, 6%) F(Y,|Y,, 6©) J . Wi 4x4
Yo . 0(016%) J
/] FIML
Q6] 60™)) = [In(6| Yors, Ynis) F (Y | Yons, 0" ) ¥ois (1) ’ (Duncan ot al,, 1998) FIML
M ) 016"
6(k+1}’ s )
k+1 k k , Graham
00" 16™)) = max {0016} 2) (2003) FIML
EM (extra dependent variable
s {60y , model) (saturated correlates model),
0 (Little
& Rubin, 1987) , EM Raykov (2005) FIML
EM , FIML
, EM (Duncan et al., 1998; Jelici¢, Phelps, &
Lerner, 2010; Wothke, 2000; Newman, 2003)
(auxiliary variables) (Enders, 2001), 3.2.2 ZEHHH
MI

Newman (2003) > M



1988

22

(M>1) , M
0 F(O]Yop5)
bootstrap M
oh,..., 0%, F(Y, | Y,0™)

Y8 k=1, M AL A
(predictive mean matching) (propen-
sity score) EM
(markov chain monte carlo) (Yuan, 2010) M

s 3~5 (Rubin,
1987; Schafer & Olsen, 1998) , M
v (
) > Y , M
(Graham, Olchowski, & Gilreath, 2007)
M 20(Little, Card, Preacher, & McConnell,
2009)
, M
M
MI
Newman (2003)
EM
FIML MI
, MI FIML EM
; MI
FIML Jelici¢  (2010)
FIML MI
, MI FIML
MI
10% (Barzi et
al., 2006; , , 2008; , ,
2005) , MI ,
(Schlomer, Bauman, & Card, 2010), EM
FIML, MI )
3.3 ETIREARARLIETTE
MNAR ,
MAR MNAR

s

(Enders, 2011a, 2011b; Muthén et al., 2011)
3.3.1 iEFER
Heckman (1976) s

Wu Carroll (1988)

MNAR R Yeom
YC()I’H Ycom R
, 4
FX s R16,6) = F(Yp, |O)F(R|Y,,,,6) (4

Yeom :
(latent growth curve model)
R Yo FR | Yoo ©),
Logistic  Probit R
, Yeom ,
Kenward (1994) Y
t >
Yois MNAR (Enders, 2011a) Wu
Carroll (1988)
R )
(shared parameter model),
MNAR (Enders, 2011a)

Diggle

F( YLDWI|9) R YCOIM
s R=0 Ymis»

s

(Schafer & Graham, 2002; Enders, 2013) Enders
(2011a)
, FIML MI

MNAR s

(multilevel growth model)

332 BERBEEEE
(Little, 1994, 1995; Hedeker &
Gibbons, 1997) R Y.



12 1989
R Ym 1993) R
) 5 s Hedeker  Gibbons (1997)
F(Yeou>R10,8) = F(R|$)F (Y, | R,0) (5) R
MNAR (
) 9
’ ' (complete-case missing
=3 variable) (Little, 1993)
(available-case missing variable) (Molenberghs,
' Michiels, Kenward, & Diggle, 1998)
Roy (neighboring case missing variable)
(2003) Roy Daniels (2008) (Thijs, Molenberghs, Michiels, Verbeke, & Curran,
(latent pattern mixture models), 2002) Thijs (2002) Enders (2011b)
, 0, (i 34 BRREEEAIERER RGN
) 7, 3.4.1 SEFIEENEE
i b
0= Z”‘é‘ Duncan  (1998)
i (2005) s
Enders (2011a) FIML MI (1
MNAR
, 3 (@)
’ 3 3)
2 3 R |
F(Yeom|R2, ) (Little,
F1 REFW|LAEFFHFRN
1 2 3
MCAR =10%
EM V MCAR, MAR
FIML MCAR, MAR
MI V MCAR, MAR
\/
4
, ,MLE MI
( 2)  MAR,
,MLE MI
(D) MCAR, (Enders, 2011a),
(10% ) s MLE MI EM MI



1990 22
MNAR, EM EM ,
, , SPSS 12.0~16.0 EM
MNAR ,
(Enders, 2011a, 2011b, 2013), SPSS 17.0
s (Muthén et al., 2011; Enders, s MI s
2013), Schafer Graham MCMC MI SAS R
(2002) « EM ,
” MI ( SAS  Proc ML R M,
, MNAR MAR , MICE),
2) MPLUS HLM LISREL
, ( ) MPLUS 5.0 , LISREL 8.7
s (Molen- FIML MI
berghs & Kenward, 2007; Molenberghs, Verbeke, & MPLUS 6.0 MCMC MI
Kenward, 2009; Enders, 2011b) LISREL 8.7
342 HHZ|M PRELIS EM MCMC
, ML, EM ,
MCAR MAR S SEM HLM 6.0
SPSS SAS R MPLUS HLM LISREL MI
2 MNAR , MPLUS SAS
(1) SPSS SAS R SPSS12.0 PROC MI, PROC MIANALYZE
F2 RARBIEARIBAENREIU
SPSS SAS R MPLUS LISREL HLM
J v J / / /
EM 12.0 PROC MI NORM,CAT x \ x
FIML x PROC CALIS \ \ N x
MI 17.0 PROC MI MI, MICE J J v
x PROC MI, PROC x v * x
y MIANALYZE y J « y
4 ERALCEFEBEMRPEEKEEL 5, 16 92
BAENAIRK
) , 92 59
’ 198022013.4 (64.13%) (1.40%~87.30%)
( 3), 20% 55.94%
’ 2) , 59
7 .7 (11.90%)
92 10 71, !



12 : 1991

R3 SIRMERKHARPRERNS MR

(%) ,
(0, 10%] 13 22.03
(10%, 20%] 13 22.03 ,
(20%, 30%] 11 18.64 ) )
(30%, 40%] 3 5.08
(40%, 50%] 10 16.95 s
(50%, 90%] 8 13.56 ,
1 1.69
59 100.0 (1)
, , MAR MLE MI
2007 2008 2013 1 ,2009 2011 , ,
2
3) , 59
» 39 , MNAR
Jelic¢i¢  (2009) 2000~2006 3
100 R 12.28% ,
FIML, 1.75% MI , (Muthén et al., 2011; s ,
, , 2013),
(2
; MLE MCMC
, MCMC
(M . ,
, Daniels  Hogan (2008)
MAR, MNAR
2) Li (2006) MNAR
(2012)
s (2002) « (fully bayesian)
s s (partially bayesian)
, MLE MI
3) SPSS
, , MLE MI 3) ,
‘| A ,
o5 RE APA

1999



1992

22

>

(Wilkinson, 1999) Burton
Altman (2004)

; logistic

S 3k

AR, (2006). BB Jrikie i X RS, £
WA FZFZIRN L #E S FFFHR), 45(6), 43-47.

ZE, LRI, KA, xIE: SR, (2013). Hod AR pEHL G %
B VR A ROV A ORGSR Wt SN . 77 /5 A2
i, 30(2), 221-225.

ALz, K. (2005). EEE Y B AR A, bR

HOEBEAE AL

FHEE, ZIRHA. (2005). £ FEIH AL Markov Chain Monte
Carlo FBY7E A B SR A 19 401 %)) T A2 2 ) 040 o g 2 1
PRI K7 IR(E /), 36(3), 422— 425.

JEHT AL, (2010). 8 AL BT YR I LLBL. A S AR,
(24), 152-155.

NG, 4Bk, W, (2013). OC T HHE B JHL IR 50
TR, 202 H9 562 55 A 1R, 43(12), 166-173.

NERR. (2007). B BHL B RAATH (Wit 224718 30).
RPN

Wbkil, HIR. (2012). DU ST B HE 28R ) 2 Al 1 Bt
SR B Ak B T5 5 AR B AR ——— DAV 7 7 0 K 2 A 1Y
MBI JLPGINTEA FE IR FFFIR), 36(5), 461-465.

Sy g, ZPH (2008). XHALILL ) B A Bt AN b 2 A
JURT7 8. MR L K 9R, 22(2), 48-51.

KA. (2002). LB G EAE. JEaT: BEE R

Barzi, F., & Woodward, M. (2004). Imputations of missing
values in practice: Results from imputations of serum
cholesterol in 28 cohort studies. American Journal of
Epidemiology, 160(1), 34-45.

Barzi, F., Woodward, M., Marfisi, R. M., Tognoni, G., &
Marchioli, R. (2006). Analysis of the benefits of a
Mediterranean diet in the GISSI-Prevenzione study: A
case study in imputation of missing values from repeated
measurements. European Journal of Epidemiology, 21(1),
15-24.

Burton, A., & Altman, D. G. (2004). Missing covariate data
within cancer prognostic studies: A review of current

reporting and proposed guidelines. British Journal of

Cancer, 91(1), 4-8.

Clarke, P., & Hardy, R. (2007). Methods for handling
missing data. In A. Pickles, B. Maughan, & M. Wadsworth
(Eds.), Epidemiological methods in life course research
(Vol. 1, pp. 157-197). New York: Oxford University Press.

Daniels, M. J., & Hogan, J. W. (2008). Missing data in
longitudinal studies: Strategies for bayesian modeling and
sensitivity analysis. Boca Raton, Florida: CRC Press.

Dempster, A. P., Laird, N. M., & Rubin, D. B. (1977).
Maximum likelihood from incomplete data via the EM
algorithm. Journal of the Royal Statistical Society. Series
B (Methodological), 39(1), 1-38.

Diggle, P. J. (1989). Testing for random dropouts in repeated
measurement data. Biometrics, 45(4), 1255-1258.

Diggle, P. J., & Kenward, M. (1994). Informative dropout in
longitudinal data analysis. Journal of the Royal Statistical
Society-Series C: Applied Statistics, 43(1), 49-93.

Dixon, W. J. (Ed.) (1983). BMDP statistical software.
Berkeley, California: University of California Press.

Duncan, T. E., Duncan, S. C., & Li, F. (1998). A comparison
of model-and multiple imputation—based approaches to
longitudinal analyses with partial missingness. Structural
Equation Modeling: A Multidisciplinary Journal, 5(1),
1-21.

Enders, C. K. (2001). A primer on maximum likelihood
algorithms available for use with missing data. Structural
Equation Modeling, 8(1), 128—141.

Enders, C. K. (2011a). Analyzing longitudinal data with
missing values. Rehabilitation  Psychology, 56(4),
267-288.

Enders, C. K. (2011b). Missing not at random models for
latent growth curve analyses. Psychological Methods,
16(1), 1-16.

Enders, C. K. (2013). Dealing with missing data in
developmental research. Child Development Perspectives,
7(1),27-31.

Graham, J. W. (2003). Adding missing-data-relevant
variables to FIML-based structural equation models.
Structural Equation Modeling, 10(1), 80—100.

Graham, J. W. (2009). Missing data analysis: Making it work
in the real world. Annual Review of Psychology, 60(1),
549-576.

Graham, J. W., Olchowski, A. E., & Gilreath, T. D. (2007).
How many imputations are really needed? Some practical
clarifications of multiple imputation theory. Prevention
Science, 8(3),206-213.

Heckman, J. J. (1976). The common structure of statistical
models of truncation, sample selection and limited
dependent variables and a simple estimator for such

models. Annals of Economic and Social Measurement,



1993

5(4), 475-492.

Hedeker, D., & Gibbons, R.D. (1997). Application of
random-effects pattern-mixture models for missing data in
longitudinal studies. Psychological Methods, 2(1), 64—78.

Jeli¢i¢, H., Phelps, E., & Lerner, R. M. (2009). Use of
missing data methods in longitudinal studies: The
persistence of bad practices in developmental psychology.
Developmental Psychology, 45(4), 1195-1199.

Jeli¢i¢, H., Phelps, E., & Lerner, R. M. (2010). Why missing
data matter in the longitudinal study of adolescent
development: Using the 4-h study to understand the uses
of different missing data methods. Journal of Youth and
Adolescence, 39(7), 816-835.

Kadengye, D. T., Cools, W., Ceulemans, E., & Van den
Noortgate, W. (2012). Simple imputation methods versus
direct likelihood analysis for missing item scores in
multilevel educational data. Behavior Research Methods,
44(2), 516-531.

Lerner & L. Steinberg (Eds.), (2009). Handbook of
adolescent psychology (Vol. 1, pp. 15-54). Hoboken, New
Jersey: John Wiley & Sons.

Li, J. H. (2006). Analysis of longitudinal data with missing
values (Unpublished doctorial dissertation). University of
California.

Listing, J., & Schlittgen, R. (1998). Tests if dropouts are
missed at random. Biometrical Journal, 40(8), 929-935.
Listing, J., & Schlittgen, R. (2003). A nonparametric test for

random dropouts. Biometrical Journal, 45(1), 113-127.

Little, R. J. A. (1988). A test of missing completely at
random for multivariate data with missing values. Journal
of the American Statistical Association, 83, 1198-1202.

Little, R. J. A.
multivariate incomplete data. Journal of the American
Statistical Association, 88, 125-134.

Little, R. J. A. (1994). A class of pattern mixture models for
normal incomplete data. Biometrika, 81(3), 471-483.

Little, R. J. A. (1995). Modeling the drop-out mechanism in

(1993). Pattern-mixture models for

repeated-measures studies. Journal of the American
Statistical Association, 90(431), 1112—-1121.

Little, R. J. A., & Rubin, D. B. (1987). Statistical analysis
with missing data. Hoboken, New Jersey: John Wiley &
Sons.

Little, T. D., Card, N. A., Preacher, K. J., & McConnell, E.
(2009). Modeling longitudinal data from research on
adolescence. In R. M.

Molenberghs, G., & Kenward, M. G. (2007). Missing data in
clinical studies. Hoboken, New Jersey: John Wiley & Sons.
Molenberghs, G., Michiels, B., Kenward, M. G., & Diggle, P.
J. (1998). Monotone missing data and pattern mixture

models. Statistica Neerlandica, 52(2), 153-161.

Molenberghs, G., Verbeke, G., & Kenward, M. G. (2009).
Sensitivity analysis for incomplete data. In G. Fitzmaurice,
M. Davidian, G. Verbeke, & G. Molenberghs (Eds.),
Longitudinal data analysis (pp. 501-551). Boca Raton,
Florida: CRC Press.

Muthén, B., Asparouhov, T., Hunter, A., & Leuchter, A.
(2011). Growth modeling with non-ignorable dropout:
Alternative analyses of the STAR*D antidepressant trial.
Psychological Methods, 16(1), 17-33.

Newman, D. A. (2003). Longitudinal modeling with randomly
and systematically missing data: A simulation of ad hoc,
maximum likelihood, and multiple imputation techniques.
Organizational Research Methods, 6(3), 328-362.

Schafer, J. L. (1997). Analysis of incomplete multivariate
data. London: Chapman & Hall.

Schafer, J. L., & Graham, J. W. (2002). Missing data: Our
view of the state of the art. Psychological Methods, 7(2),
147-177.

Schafer, J. L., & Olsen, M. K. (1998). Multiple imputation
for multivariate missing-data problems: A data analyst's
perspective. Multivariate Behavioral Research, 33(4),
545-571.

Schlomer, G. L., Bauman, S., & Card, N. A. (2010). Best
practices for missing data management in counseling
psychology. Journal of Counseling Psychology, 57(1), 1-10.

Raykov, T. (2005). Analysis of longitudinal studies with
missing data using covariance structure modeling with
full-information maximum likelihood. Structural Equation
Modeling: A Multidisciplinary Journal, 12(3), 493-505.

Roy, J. (2003). Modeling longitudinal data with nonignorable
dropouts using a latent dropout class model. Biometrics,
59(4), 829-836.

Roy, J., & Daniels, M. J. (2008). A general class of pattern
mixture models for nonignorable dropout with many
possible dropout times. Biometrics, 64(2), 538-545.

Rubin, D. B. (1976). Inference and missing data. Biometrika,
63(3), 581-592.

Rubin, D. B. (1987). Multiple imputation for nonresponse in
surveys. Hoboken, New Jersey: John Willey & Sons.

Thijs, H., Molenberghs, G., Michiels, B., Verbeke, G., &
Curran, D. (2002). Strategies to fit pattern-mixture models.
Biostatistics, 3(2), 245-265.

Wilkinson, L. (1999). Statistical methods in psychology
journals:  Guidelines and American
Psychologist, 54(8), 594-604.

Wothke, W. (2000). Longitudinal and multi-group modeling
with missing data. In T. D. Little, K. U. Schnabel, & J.
Baumert (Eds.). Modeling longitudinal and multilevel data:

explanations.

Practical issues, applied approaches, and specific

examples (pp. 197-216). Mahwah, New Jersey: Lawrence



1994 22

Erlbaum Associates. Biometrics, 44(1), 175-188.

Wu, M. C., & Carroll, R. J. (1988). Estimation and Yuan, Y. C. (2010). Multiple imputation for missing data:
comparison of changes in the presence of informative Concepts and new development (Version 9.0). Rockville,
right censoring by modelling the censoring process. MD: SAS Institute Inc.

Techniques for Missing Data in Longitudinal Studies and Its Application
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Abstract: Missing data are not uncommon in longitudinal studies. Different techniques for handling missing
data affect accuracy of the results and validity of statistical inference. Firstly, we will elaborate on
missingness mechanism and how to judge them. Then we make a summary of missing data techniques that
mainly used in longitudinal study, and how to choose an appropriate missing data technique as well as
software for analysis. Secondly, based on a literature review of psychology research in China, among 92
studies, we found that 59 contain a certain degree of missing data. Among these, 39 studies reported using
deletion method. The validity of missing data techniques needs further study, and the reporting of missing
data in published research also needs to be better established.
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