Confounding of Time Trend with Dropout Process
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Abstract

In longitudinal studies, outcomes are repeatedly measured over time for each subject. It is
common to have missing values or dropouts for longitudinal data. In this study time trend in
longitudinal data with dropouts is of concern. The confounding of time trend with dropout
process is investigated through simulation studies. Some simulation results are reported for
binary responses as well as continuous responses with patterns of dropouts varying. It has
been found that time trend is not confounded with random dropout process for binary
responses when it is estimated using GEE.
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0.7 0.699 0.137 [0.672, 0.726] | -0.011| 0.088 [-0.028, 0.006]
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0.7 86 84 0.7 100 98
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[ 311 (B2)
Independent AR(D
95% 95%
03 -0.004 0.084 [-0.020, 0.012] | -0.016 0.089 [-0.034, 0.001
05 0.019 0.084 [0.002, 0.035] |-0011 0.098 [-0.030, 0.008]
07 -0015| 0.1 [-0.037, 0.008] |-0015| 0.100 [-0.035, 0.005]
03 0.077 0.088 [0.060, 0.094] 0.089 0.095 [0.071, 0.108]
05 0.192 0.120 [0.169, 0.216] 0.204 0.090 [0.187, 0.222]
07 0421 | 0.145 [0392, 0449] | 0412 | 0.159 [0.381, 0.443]
[ 3-12] (52)
Independent AR(2)
95% 95%
03 0.076 0.010 [0.056, 0.095] | -0.003 0.102 [-0.023, 0.016]
05 0.152 0.114 [0.130, 0.174] 0.010 0.102 [-0.010, 0.030]
07 0220 | 0.123 [0.196, 0244] | 0018 | 0.141 [-0.010, 0.046]
03 0.173 0.091 [0.156, 0.197] 0.132 0.101 [0.113, 0.152]
05 0.363 0.129 [0.338, 0.388] 0.286 0.120 [0.262, 0.309]
07 0704 | 0208 [0663, 0.744] | 0615 | 0.161 [0584, 0.647]
4.

GEE

(Fitzmaurice et al. 1995).




BZ O )
, GEE

[1 , , , , (1998). :

. < > 11 2 , 205-219.

[2] Diggle, PJ., Liang, K., and Zeger, SL. (1994). Analysis d Longitudinal Data. Oxford
Science Publications.

[3] Diggle, PJ. and Kenward, M.G. (1994). Informative dropout in longitudinal data analysis
(with Discussion). Applied Statistics, 43, 49-93.

[4] Fitzmaurice, GM., Laird, N.M., and Rotnitsky, A.G. (1993). Regression Models for Discrete
Longitudinal Responses (with Discussion). Statistical Science 8, 284-309.

[5] Fitzmaurice, GM., Molenberghs, G. and Lipsitz, S.R. (1995). Regression Models for
Longitudinal Binary Responses with Informative Drop-outs. Journal d the Royal
Statistical Society, Series B, 57, 691-704.

[6] Laird, NM. and Ware, JH. (1982). Random-effects models for longitudinal data.
Biometrics, 38, 963-974.

[7] Liang, K.-Y. and Zeger, SL. (1986). Longitudinal data analysis using generalized linear
models. Biometrika 73, 13-22.

[8] Paik, M.C. (1997). The generalized estimating equation approach when data are not missing
completely at random. Journal d the American Statistical Association, 92,
1320- 1329.

[9] Robins, JM., Rotnitzky, A., and Zhao, L.P. (1995). Analysis of semiparametric regression
models for repeated outcomes in the presence of missing data. Journal o the
American Statistical Association, 90, 106- 121.

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

[11] Verbeke, G. and Molenberghs, G. (2000). Linear M ixed M odels for Longitudinal D ata.
Springer.



