Contents

Preface

Acknowledgments

2.1
2.2
2.3
2.4
2.5
2.6

2.7

2.8
2.9

Introductory Material
Introduction

Motivating Studies

Introduction . . . . ... ... o L oL
The Analgesic Trial . . .. ... . ... ... ...
The Toenail Data . . . . . . o . o000 oo oL
The Fluvoxamine Trial . . . . . .. ... ... . ... ..
The Epilepsy Data . . . . . .. .00 0000000
The Project on Preterm and Small for Gestational
Age Infants (POPS) Study . . .. ... ... ... ...,
National Toxicology Program Data . .. ... .. ... ..
2.7.1 EthyleneGlycol ... ... .. ... ... ...,
2.7.2  Di(2-cthylhexyl)Phthalate . . . .. .. ... .. ..
2.7.3  Diethylene Glycol Dimethyl Ether . . . ... ...
The Sports Injuries Trial . . . .00 o000 oL
Age Related Macular Degeneration Trial . . . . .. .. ..

vii

4

—
e B 00 G =1 ~1

—

18



xii

3

11

Contents

Generalized Linear Models

3.1 Introduction . ... ..... ... ... .. ...
32 TheExponential Family . . ... ..............
3.3  The Generalized Linear Model (GLM} ... ... ... ..
34 Examples . .. ... ... ... ... .
3.4.1  The Linear Regression Model for Continuous
Data . .. .. ... .. ... . ...
3.4.2 Logistic and Probit Regression for Binary
Data . . ... ... ...
3.4.3  Poisson Regression for Counts . . ... ......
3.6  Maximum Likelihood Estimation and Inference . ... . .
3.6 Logistic Regression for the Toenail Data . . . .. .. ...
3.7 Poisson Regression for the Epilepsy Data . . .. ... ..

Linear Mixed Models for Gaussian Longitudinal Data
41 Introduction . ... ... ... ... .. . ... . ... ...

4.2  Marginal Multivariate Model . . . . . ... ... ...
4.3 The Linear Mixed Model . ... ... ... ........
4.4 Estimation and Inference for the Marginal Model . . . . .
4.5 Inference for the Random Effects . . ... ... ......
Model Families
5.1 Imtroduction . ... ... ... ..., .. .. ... . ...,
5.2 TheGaussian Case . ... ... .. ...,
5.3 Model Families in General . . ... .............
531 Marginal Models . . ... ..............
5.3.2 Conditional Models . .. . .............
5.3.3  Subject-specific Models . . ... ... ... ....
54  Inferential Paradigms . ... ... .. ...........
Marginal Models
The Strength of Marginal Models
6.1 Introduction .. .. .. .. ... . ... ...
6.2  Marginal Models in Contingency Tables . . . ... .. ..
6.2.1  Multivariate Logistic Models . . .. ... ... ..
6.2.2  Goodman’s Local Association Models . . ... ..
6.2.3 Dale’s Marginal Models . . . ... .........
6.2.4 A General Classof Models . . ...........
6.3  British Occupational Status Study . . ... ... .....
6.4 The Caithness Data . . .. ... ... ...........
6.5  Analysis of the Fluvoxamine Trial .. ... ... ... ..
6.6 Extensions ... ... .. .. ... .. ... .. .. ...,
6.6.1 Covariates . . ... ... ... ... ... ... ...

27
27
27
28
29

29

29
29
30
31
32

35
35
36
36
39
41

45
45
46
47
48
49
50
52



6.7
6.8

Contents

6.6.2  Three-way Contingency Tables . . ... ... ...
Relation to Latent Continuous Densities . . . . . ... ..
Conclusions and Perspective . . . . .. .. ... ......

Likelihood-based Marginal Models

7.1
7.2

7.3

7.5

7.6

Notation . . . . ... ... ... . .. ...
The Bahadur Model . . . . ... ... ..., ......
7.2.1 A General Bahadur Model Formulation . . . . ..
7.2.2  The Bahadur Model for Clustered Data . . . . ..
7.2.3 Analysisofthe NTP Data . ... ..........
7.2.4  Analysis of the Fluvoxamine Trial . ... ... ..
A General Framework for Fully Specified Marginal
Models . . .. .. .. ...
7.3.1  Univariate Link Functions . . . ... ... ... ..
7.3.2  Higher-order Link Functions . .. ... .. ....
Maximum Likelihood Estimation . .. ... ... ... ..
AnInfluenza Study . . .. .. ... ... ... .. ...
7.5.1  The Cross-over Study . .. ... ..........
7.5.2  The Longitudinal Study . . ... ... .. .....
The Multivariate Probit Model . . . . ... ... .....
7.6.1 ProbitModels ... .... ... ... ... ..
7.6.2  Tetrachoric and Polychoric Correlation . . . . ..
7.6.3  The Univariate Probit Model . . . ... ... ...
7.6.4  The Bivariate Probit Model . . . . .. ... .. ..

7.6.5  Ordered Categorical Outcomes . . . .. ... ...
7.6.6  The Multivariate Probit Model . . . .. . ... ..

7.7 TheDale Model . ... ... ... ... .. ......
7.7.1 Two Binary Responses . . . . .. . ... ... ...
7.7.2  The Bivariate Dale Model . . .. . ... ... ...
7.7.3  Some Properties of the Bivariate Dale Model .
7.7.4  The Multivariate Plackett Distribution . . . . . ..
7.7.5  The Multivariate Dale Model . . . ... ... ...
7.7.6  Maximum Likelilhood Estimation . . . . ... ...
777 TheBIRNH Study . . ... ... ..........
7.8  Hybrid Marginal-conditional Specification . . . . ... ..
7.8.1 A Mixed Marginal-conditional Model . . . . . ..
7.8.2  Categorical Qutcomes . . . . ... ... ... ...

7.9 A Cross-over Trial: An Example in Primary Dysmen-
OIThoea . . v v i e e
7.9.1  Analyzing Cross-over Data . . . .. ... ... ..
7.9.2  Analysis of the Primary Dysmenorrhoea Data . . .
7.10 Multivariate Analysis of the POPS Data . . . . ... ...
7.11  Longitudinal Analysis of the Fluvoxamine Study . . . ..

7.12  Appendix: Maximum Likelihood Estimation . .. .. ...

X

72
79
80

83
84
86
86
88
90
92



xiv

Contents

7.12.1 Score Equations and Maximization . ... ... ..

7.12.2 Newton-Raphson Algorithm with Cumulative
Counts . . . . . . .. i

7.12.3 Determining the Joint Probabilities . . ... ...

7.13 Appendix: The Multivariate Plackett Distribution
7.14 Appendix: Maximum Likelihood Estimation for the

DaleModel . ... ... . . . . . .. ... ... ...

8 Generalized Estimating Equations

8.1
8.2
8.3
8.4
8.5

8.6
8.7

8.8
8.9

Introduction . . . . .. .. ... ... o ..
Standard GEE Theory . ... ... .. ... . ... ....
Alternative GEE Methods . . . .. ... ... ... ....
Prentice’s GEE Method . . . ... ... ... .......
Second-order Generalized Estimating Equations
(GEE2) . . .. . . e
GEE with Odds Ratios and Alternating Logistic Re-
Eression . . . . . ... e e e e e e e
GEE2 Based on a Hybrid Marginal-conditional Model

A Method Based on Linearization . ... .........
Analysisof the NTP Data . . ... ... ... .......

8.10 The Heatshock Study . ... ... ... ... .. ...
8.11 The Sports Injuries Trial . . . . . . . ... ... ... ...

8.11.1 Longitudinal Analysis . .. .............
8.11.2 A Bivariate Longitudinal Analysis . ... ... ..

9 Pseudo-Likelihood

9.1
9.2

9.3

9.4

9.5
9.6

Introduction . . . . . ... ... ... .. ... ... ...
Pseudo-Likelihood: Definition and Asymptotic Prop-
erties . . . . . . L e e e e e e e e
921 Definition . . ... ... ... ... ...
9.2.2  Consistency and Asymptotic Normality . ... ..
Pseudo-Likelihood Inference . . ... ... .........
931 Wald Statistic . . .. ... ... .. ... ...
9.3.2  Pseudo-Score Statistics . . .. ... ... ... ..
9.3.3  Pseudo-Likelihood Ratio Statistics . . .. ... ..
Marginal Pseudo-Likelihood . . . ... ... .. ... ...
9.4.1  Definition of Marginal Pseudo-Likelihood . .. ..
9.4.2 A Generalized Linear Model Representation . . . .
Comparison with Generalized Estimating Equations ..
Analysisof NTP Data . ... ................

10 Fitting Marginal Models with SAS
10.1 Introduction . . . ... ... ... . ... . ... ......

151
151
153
161
162

164

165
168
169
170
174
181
181
186

189
189



Contents XV

10.3 GEEL1 with Correlations . . . ... ... .......... 204
10.3.1 The SASProgram . . ... ............. 205
10.3.2 TheSASOutput . .................. 206
10.4 Alternating Logistic Regressions . .. ... ... ..... 212
10.5 A Method Based on Linearization .. ........... 215
10.5.1 The SAS Program for the GLIMMIX Macro . .. 215
10.5.2 The SAS Output from the GLIMMIX Macro . .. 216
10.5.3 The Program for the SAS Procedure GLIM-
MIX .. e 218
10.5.4 Output from the GLIMMIX Procedure ... ... 218
10.6 Programs forthe NTP Data . . .. ... .. .. ... ... 219
10.7 Alternative Software Tools . . . . . ... .......... 221
IIT Conditional Models 223
11 Conditional Models 225
11.1 Imtroduction . . . . .. ... . ... ... 225
11.2 Conditional Models . . . . . . ... ... .. .. ...... 226
11.2.1 A Pure Multivariate Setting . . . . ... ... ... 227
11.2.2 A Single Repeated Qutcome . . . ... .. .. .. 229
11.2.3 Repeated Multivariate Outcomes . ... ... ... 230
11.3 Marginal versus Conditional Models . . . ... ... ... 233
114 Analysisof the NTP Data . . ... . ... ......... 234
11.5 Transition Models . . ... .. ... ... .. ... ... 236
11.5.1 Analysis of the Toenail Data . . . ... ... ... 238
11.5.2 Fitting Transition Models in SAS . . . ... .. .. 240
12 Pseudo-Likehood 243
12.1 Imtroduction . . . . .. .. .. ... ... ... 243
12.2 Pseudo-Likelihood for a Single Repeated Binary Out-
COME .+ v v v v v e v ot e e e e et e e e e e e e e 244
12.3 Pseudo-Likelihood for a Multivariate Repeated Bi-
nary Qutcome . . . .. . . ... 245
12.4 Analysisofthe NTP Data . . ... ... .......... 246
12.4.1 Parameter Estimation . .. ... ... ... .... 247
12.4.2 Inference and Model Selection . .. ... ... .. 249
IV Subject-specific Models 255
13 From Subject-specific to Random-effects Models 257
13.1 Introduction . . . . . « o v i i i e 257
13.2 General Model Formulation . .. ... ... ... ..... 257

13.3 Three Ways to Handle Subject-specific Parameters . . . . 258



xvi Contents

13.3.1 Treated as Fixed Unknown Parameters . .. . ..
13.3.2  Conditional Inference . . . . .. ... ... ....
13.3.3 Random-effects Approach . ... .. ... ... ..
13.4 Random-effects Models: Special Cases . . . . . ... ...
13.4.1 The Linear Mixed Model . . .. .. ... ... ..
13.4.2 The Beta-binomial Model . . . ... ... ... ..
13.4.3 The Probit-normal Model . . . . .. ... ... ..
13.4.4 The Generalized Linear Mixed Model . . . . . ..
13.4.5 The Hierarchical Generalized Linear Model
14 The Generalized Linear Mixed Model (GLMM)
14.1 Introduction . . . . . ... ... . ... ...
14.2 Model Formulation and Approaches to Estimation . . . .
14.2.1  Model Formulation . . .. .. ... .. ... ....
14.2.2 Bayesian Approach to Model Fitting . . . . .. ..
14.2.3  Maximum Likelihood Estimation . . ... ... ..
14.2.4 Empirical Bayes Estimation . . ... ... ... ..
14.3 Estimation: Approximation of the Integrand . . . . . . . .
14.4 Estimation: Approximation of the Data . . . . . ... ..
14.4.1 Penalized Quasi-Likelihood (PQL) . . .. ... ..
14.4.2 Marginal Quasi-Likelihood (MQL) . ... ... ..
14.4.3 Discussion and Extensions . . . . . ... ... ...
14.5 Estimation: Approximation of the Integral . . . . . .. ..
14.5.1 Gaussian Quadrature . . . .. ... ...,
14.5.2  Adaptive Gaussian Quadrature . . . . .. ... ..
14.6  Inference in Generalized Linear Mixed Models . . . . . . .
14.7 Analyzing the NTP Data. . . . .. ... ... ... ....
14.8  Analyzing the Toenaill Data . . . . . .. ... .. ... ..
15 Fitting Generalized Linear Mixed Models with SAS
15.1 Imtroduction . . . . .. .. .. ... .. L .
15.2  The GLIMMIX Procedure for Quasi-Likelihood . . . . ..
1521 The SAS Program . ... ... ... ........
1522 The SASQutput . . ... ... ... .. ......
15.3  The GLIMMIX Macro for Quasi-Likelihood . . ... ...

15.3.1 The SAS Program . . ... ... ..., ......

15.3.2  Selected SAS Output

154 The NLMIXED Procedure for Numerical Quadrature

15.5

15.4.1 The SAS Program
150.4.2  The SAS Output

16 Marginal versus Random-effects Models

16.1

Introduction



17

18

19

20

Contents

16.2 Example: The Toenail Data . . .. . ... ... ... ...
16.3 Parameter Interpretation . . ... ... ... ..., ...
16.4 Toenail Data: Marginal versus Mixed Models . . .. ...
16.5 Analysisofthe NTPData .. ... .............
Case Studies and Extensions
The Analgesic Trial
17.1 Introduction . . . ... ... ... ... .. .. .. ... ..
17.2  Marginal Analyses of the Analgesic Trial . . . . ... ...
17.3 Random-effects Analyses of the Analgesic Trial . ... ..
17.4  Comparing Marginal and Random-effects Analyses
17.5 Prograwms for the Analgesic Trial . . . . .. .. ... ...
17.5.1 Marginal Models with SAS . . . ... .......
17.5.2 Random-effects Models with SAS . . ... ... ..
1753 MIXOR . ... . ... .. e
1754 MLwiN . . ... o o
Ordinal Data
18.1 Regression Models for Ordinal Data . . . . .. ... ...
18.1.1 The Fluvoxamine Trial . . . ... ... ... ...
18.2  Marginal Models for Repeated Ordinal Data . . . . . . .
18.3 Random-effects Models for Repeated Ordinal Data
18.4 Ordinal Analysis of the Analgesic Trial . . . . .. .. ...
18.5 Programns for the Analgesic Trial . . . . .. ... ... ..
The Epilepsy Data
19.1 Inmtroduection . . . .. . ... ... . .
192 A Marginal GEE Analysis . . . ... ... ... L.
19.3 A Generalized Lincar Mixed Model . . . .. . ... . ...
19.4  Marginalizing the Mixed Model . . . . . .00 00000 L.
Non-linear Models
20.1 Introduction . . . . .. ... ... ... ...
20.2 Univariate Non-linear Models . . . . .. ... ... ... .
20.3 The Indomethacin Study: Non-hierarchical Analysis
20.4 Non-linear Models for Longitudinal Data . . . . . .. ..
20.5 Non-linear Mixed Models . . . . .. .. ... ... ..
20.6 The Orange Tree Data . . . . . . .. ... ... ... ...
20.7 Pharmacokinetic and Pharmacodynamic Models . . . . .

20.7.1 Hierarchical Analysis of the Indomethacin
Study . . ..o e
20.7.2 Pharmacokinetic Modeling and the
Theophylline Data . . . . ... ... ........

xvii

297
298
301
304

307

309
309
310
314
317
318
318
320
321
323

325
326
328
329
331
332
334

337
337
337
340
342



xviii Contents

20.7.3 Pharmacodynamic Data . . ... ... ....... 367
20.8 The SongbirdData . . ... ... .............. 368
20.8.1 Imtroduction . ... ... ... ... ..., 368
20.8.2 A Non-linear Mixed-effects Model . . . ... ... 370
20.8.3 Analysisof STatRA . .. ... .. .. ....... 371
20.8.4 Model Strategies for HVC . . ... ... ... ... 372
20.8.5 Analysisof STatHVC . ... ... ......... 374
20.9 Discrete Qutcomes . . . . . . . . o v e e e e 376
20.9.1 Analysisofthe NTPData . ... ... ....... 377
20.10 Hypothesis Testing and Non-linear Models . . . . . .. .. 379
20.11 Flexible Functions . .. .. ... .. ............ 379
20.11.1 Random Smoothing Splines . ... ... ... ... 381
20.11.2 Analysis of the Analgesic Trial . . ... ... ... 383
20.12 Using SAS for Non-linear Mixed-effects Models . . . . . . 384
20.12.1 SAS Program for the Orange Tree Data
Analysis . . . ... . .. ... 384
20.12.2 SAS Programs for the Indomethacin Analyses . . . 385
20.12.3 SAS Programs for the Theophylline Analyses . . . 386
20.12.4 SAS Program for the Songbird Data . . . . .. .. 387
20.12.5 SAS Program for the NTP Data . .. ....... 388
20.12.6 SAS Program for the Random Smoothing
SplineModel . ... ................. 388
21 Pseudo-Likelihood for a Hierarchical Model 393
21.1 Introduction . . .. ... ... ... ... ... ... ... 393
21.2 Pseudo-Likelihood Estimation . . .. ... ... ... ... 394
21.3 Two Binary Endpoints . . . ... ... ... ........ 397
21.4 A Meta-analysis of Trials in Schizophrenic Subjects . . . . 401
21.5 Concluding Remarks . . ... .. ... ........... 403
22 Random-effects Models with Serial Correlation 405
22.1 Introduction . . ... ... ... .. ... ... . 405
22.2 A Multilevel Probit Model with Autocorrelation . .. .. 406
22.3 Parameter Estimation for the Multilevel Probit
Model . ... .. .. . . .. 408
22.4 A Generalized Linear Mixed Model with Autocorre-
lation . . . ... 410
22.5 A Meta-analysis of Trials in Schizophrenic Subjects . . . . 412
22.6 SAS Code for Random-effects Models with Autocor-
relation . . ... L L 415
22.7 Concluding Remarks . . ... ... ............. 417
23 Non-Gaussian Random Effects 419

23.1 Introduction



Contents Xix

23.2 The Heterogeneity Model . . . .. ... .. ... ..... 421
23.3 Estimation and Inference . . ... ... ... ....... 423
23.4 Empirical Bayes Estimation and Classification . . . . .. 427
23.5 The Verbal Aggression Data . . .. ... ... ....... 428
23.6 Concluding Remarks . . . .. ... .. ... ........ 435
24 Joint Continuous and Discrete Responses 437
24.1 Introduction . ... ... ... ... 437
24.2 A Continuous and a Binary Endpoint . . . ... ... .. 439
24.2.1 A Probit-normal Formulation . . . ... ... ... 439
24.2.2 A Plackett-Dale Formulation . . . ... ... ... 441

24.2.3 A Generalized Linear Mixed Model
Formulation . .. ... ... .. ........... 442
24.3 Hierarchical Joint Models . . . .. .. .. ... ... ... 445
24.3.1 Two-stage Analysis . . . .. ... ... ... .... 445
24.3.2  Fully Hierarchical Modeling . . . . ... ... ... 446
24.4 Age Related Macular Degeneration Tvial . . . . . .. . .. 448
24.4.1 Bivariate Marginal Analyses ... ... ... ... 448
24.4.2 Bivariate Random-effects Analyses . . ... .. .. 452
24.4.3 Hierarchical Analyses . ... ... ... ...... 453
24.5 Joint Modelsin SAS . . ... ... ... ... ... 455
24.6 Concluding Remarks . . . .. . ... ... ... ..., .. 464
25 High-dimensional Joint Models 467
25.1 Introduction . . . ... .. ... ... L. 467
25.2 Joint Mixed Model . . . .. .. ... oL oo 469
25.3 Model Fitting and Inference . . . . . ... ... .. ... 471
25.3.1 Pairwise Fitting . . . ... ... ... ... ..., 471
25.3.2 Inferencefor ¥ . ... ... ... ... . ...... 472
25.3.3 Combining Information: Inference for ¥* . . . .. 473
25.4 A Study in Psycho-Cognitive Functioning . . . . . . . .. 473
V1 Missing Data 479
26 Missing Data Concepts 481
26.1 Introduction . . . . .. . . . . .o 481
26.2 A Formal Taxonomy . . .. . ... ... .. .. ..... 482
26.2.1 Missing Data Frameworks . . . ... ... ... .. 484
26.2.2 Missing Data Mechanisms . .. . .. ... ... .. 485
26.2.3 Ignorability . ... ........... ... ... 487
27 Simple Methods, Direct Likelihood, and WGEE 489
27.1 Introduction . . . . v v v v v i 489

27.2 Longitudinal Analysisor Not? . . . ... .......... 490



xx Contents

27.3 Simple Methods . . ... ...........
27.4 Bias in LOCF, CC, and Ignorable Likelihood
27.5 Weighted Generalized Estimating Equations .
27.6 The Depression Trial . . . ... ... ... ..
2761 TheData ................
27.6.2 Marginal Models . . . ... .... ..
27.6.3 Random-effects Models . .. ... ..
27.7 Age Related Macular Degeneration Trial . . .
27.8 The Analgesic Trial . .. ... ... .....

28 Multiple Imputation and the EM Algorithm
281 Introduction . . ... ... .. ....... ..

28.2 Multiple Imputation . ... ... ... ...,
28.2.1 Theoretical Justification . . . ... ..
28.2.2 Pooling Information . . ... ... ..
28.2.3 Hypothesis Testing . . .. .. ... ..
2824 Efficiency ................
28.2.5 Imputation Mechanisms . . ... ...

28.3 The Expectation-Maximization Algorithm . .
28.3.1 The Algorithm . . .. ... ......
28.3.2 Missing Information . .. ... ....
28.3.3 Rate of Convergence . .. .......
28.3.4 EM Acceleration . ... ........
28.3.5 Calculation of Precision Estimates . .
28.3.6 A Simple Illustration . ... ... ...

28.4 Which Method to Use? . . ... .......

28.5 Age Related Macular Degeneration Study . .

28.6 Concluding Remarks . ... ... ... ....

29 Selection Models
29.1 Introduction . . . ... ... ..........
29.2 An MNAR Dale Model ... ... ......

29.2.1 Likelihood Function . ... ......
29.2.2 Maximization Using the EM Algorithm
29.2.3 Analysis of the Fluvoxamine Data . .
29.3 A Model for Non-monotone Missingness . . .
29.3.1 Analysis of the Fluvoxamine Data . .
29.4 Concluding Remarks . .. ... ........

30 Pattern-mixture Models
30.1 Introduction . .. ................
30.2 DPattern-mixture Modeling Approach
30.3 Identifying Restriction Strategies

30.3.1 How to Use Restrictions?

.......

511
511
511
512
513
514
514
515
516
517
518
519
520
520
521
526
527
529

531
531
532
533
535
537
543
546

552

555

855

556
557
560



Contents

30.4 A Unifying Framework for Selection and Pattern-

30.5

30.6

mixture Models . . .. ... ... . ... ..........
Selection Models versus Pattern-mixture Models . . . . .
30.5.1 Selection Models . .. ... .............
30.5.2 Patterp-mixture Models . . .. ... ... ... ..
30.5.3 Identifying Restrictions . ... ... ........
30.5.4 Precision Estimation with Pattern-mixture
Models . .......... .. ... .. ... ...
Analysis of the Fluvoxamine Data . . . .. ........
30.6.1 Selection Modeling . ... ..............
30.6.2 Pattern-mixture Modeling . . . . ... .......
30.6.3 Comparison . ... ... .. ... ...

30.7 Concluding Remarks . . .. ... ... ... ........

31 Sensitivity Analysis

31.1
31.2
313

314

31.5

31.6
31.7

Introduction . . . ... ... ... o Lo
Sensitivity Analysis for Selection Models . . . . . ... ..
A Local Influence Approach for Ordinal Data with
Dropout . ... ... .. .. . . e e
31.3.1 General Principles . ... ... ... ... .....
31.3.2 Analysis of the Fluvoxamine Data . . . . ... ..
A Local Influence Approach for Incomplete Binary
Data ... ... . ... e e
31.41 General Principles . . .. ... ... ........
31.4.2 Analysis of the Fluvoxamine Data . ... ... ..
Interval of Ignorance . . . ... .. ... ..........
31.5.1 General Principle . . . .. ... ... ... .....
31.5.2 Sensitivity Parameter Approach . ... ... ...
31.5.3 Models for Monotone Patterns and a Bernoulli
Experiment . ... ... .. ... ... .......
31.5.4 Analysis of the Fluvoxamine Data . .. ... ...
Sensitivity Analysis and Pattern-mixture Models . . . . .
Concluding Remarks . . . ... .. .. ... ... .....

32 Incomplete Data and SAS

32.1
32.2
32.3
32.4
32.5
32.6

Introduction . . . . . . . . .. .. e
Complete Case Analysis . ... ...............
Last Observation Carried Forward . .. .. ... ... ..
Direct Likelthood . . ... .. . .. ... ... . ......
Weighted Estimating Equations (WGEE) . ... ... ..
Multiple Imputation . . . .. . ... ... .. L.
32.6.1 The MI Procedure for the Imputation Task .
32.6.2 The Analysis Task . . ... ... .. ... .....
32.6.3 ThelnferenceTask . . ... ... ..........

xxi

561
563
564
565
566

566
567
568
569
572
572

575
573
576

578
578
581

585
585
586
590
591
593

594
599
604
605



xxii Contents

32.6.4 The MI Procedure to Create Monotone

Missingness . . . ... .. ... ... ... 633
32.7 The EM Algorithm . .. ... ... ............. 633
32.8 MNAR Models and Sensitivity Analysis Tools . . . . . .. 635
References 637

Index 671



