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Chapter 1
Repeated Measures and Longitudinal Data

Repeated measures are obtained when a response
IS measured repeatedly on a set of units

Units:
. Subjects, patients, participants, ...

. Animals, plants, ...

. Clusters: families, towns, branches of a company,...

Special casd:ongitudinal data

CLATSE, Montevideo, Uruguay, October 2008



1.1 Rat Data

Research question (Dentistry, K.U.Leuven):

How does craniofacial growth depend jon
testosteron production ?

Randomized experiment in which 50 male Wistar rats arsnizsaito:
. Control (15 rats)
. Low dose of Decapeptyl (18 rats)
. High dose of Decapeptyl (17 rats)

“am CLATSE, Montevideo, Uruguay, October 2008



Treatment starts at the age of 45 days; measurements takgri@\wdays, from
day 50 on.

The responses are distances (pixels) between well damedpx-ray pictures
of the skull of each rat:

CLATSE, Montevideo, Uruguay, October 2008 4



Measurements with respect to the roof, base and heightstiuthe
Here, we consider only one response, re ecting the hdights&lll.

Individual pro les:
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Chapter 2
A Model for Longitudinal Data

In practice: often unbalanced data:
. unequal number of measurements per subject

. measurements not taken at xed time points
Therefore, multivariate regression techniques are ofteppiicable

Often, subject-speci ¢ longitudinal pro les can be wptbapnated by linear
regression functions

This leads to a 2-stage model formulation:
. Stage 1: Linear regression model for each subject separately

. Stage 2: Explain variability in the subject-speci ¢ regressiociems using
known covariates

“am CLATSE, Montevideo, Uruguay, October 2008



2.1 Example: The Rat Data

Transformation of the time scale to linearize the pro les:
Agg ! tj =In[1+(Agg 45F10)]

Note thatt = O corresponds to the start of the treatment
Stage 1 model: Yij = q4t 2itij + "ij : j =1;::::n

In the second stage, the subject-speci c intercepts ame &@eis are related to
the treatment of the rats

Stage 2 model:

1i o+ by;

s = 1Li+ oHi+ 3G + by;

VWK AR 00

“wm CLATSE, Montevideo, Uruguay, October 2008 7



L:, H;, andC; are indicator variables:

L;

B : 1 if low dose ~ 21 if high dose _ : 1 if control
- - -

O otherwise O otherwise 0 otherwise

Parameter interpretation:

o. average response at the start of the treatment (indepehderatment)

1, 2, and 3. average time e ect for each treatment group

' CLATSE, Montevideo, Uruguay, October 2008 8



2.2 The Linear Mixed-E ects Model

2.2.1 General idea

A 2-stage approach can be performed explicitly in theinalys

However, this Is just another example of the use of sumatitycst
. Y; is summarized Wy,

. summary statistics; analysed in second stage

The associated drawbacks can be avoided by combining $teegegointo one
model

' CLATSE, Montevideo, Uruguay, October 2008 9



2.2.2 Example: The Rat Data

Stage 1 model: Yij =

Stage 2 model: i

TR ARV 00

2 —

Combined: Yi = (

%
%

it gt +

ot bu;

i) =10

ibi + oHi + 3G + by;

o+ bui) + (

ot by +(
ot by +(
ot by +(

ki + oHj +

1+ )t + "

o+ Iyt +
3+ i)ty +

3Ci + i)ty +

j; If low dose

i If high dose

i, If control.
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Chapter 3

The General Linear Mixed Model

Yi:

Xi

bi

+ Zib + "
N (O; D);

N(; )

Independent

Terminology:

. Fixed e ects:

. Random e ectsb;

. Variance components:

elements i and

CLATSE, Montevideo, Uruguay, October 2008
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3.1 Hierarchical Versus Marginal Model

The general linear mixed model is hierarchical and caritdre ag
Yijbi  N(Xi +Zibi; i)
b, N (O; D)
Marginally, we have that is distributed as:
Yi  N(X; ;ZDz2%+ )

The hierarchical model implies the marginal on@obutice versa

‘s CLATSE, Montevideo, Uruguay, October 2008
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Chapter 4
Estimation and Inference in the Marginal Model

Two frequently used estimation methods:

. Maximum likelihood

. Restricted maximum likelihood

Inference for xed e ects:

. Wald testsi- andF -tests
. LR tests (not with REML)

CLATSE, Montevideo, Uruguay, October 2008
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Inference for variance parameters:

. Wald tests
. LR tests (even with REML)

. Caution: Boundary problems!

Inference for the random e ects:

. Empirical Bayes inference based on posterior débgi%; = v;)

. Empirical Bayes (EB) estimate': Posterior mean

CLATSE, Montevideo, Uruguay, October 2008
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4.1 Fitting Linear Mixed Models in SAS

A model for theratdata: Yj = ( o+ by)+( 1Li+ oHi+ 3Ci+ bty +"

SAS program: proc mixed data=rat method=rem!;
class id group;
model y = t group*t / solution;
random intercept t / type=un subject=id ;
run;

Fitted averages:

Fitted average profiles

84

-
-
-
-
-

80 [

78 |

Control

Response [pixels]

— — Low

72 - == High

68
45 55 65 75 85 95 105 1S

Age (days)
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Part Il

Generalized Estimating Equations
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Chapter 5
The Toenalil Data

T oenailD ermatophytéOnychomycosis: Common toenail infection, di cult to
treat, a ecting more than 2% of population.

Classical treatments with antifungal compounds need tiomoasdered until the
whole nail has grown out healthy.

New compounds have been developed which reduce trea®neantos

Randomized, double-blind, parallel group, multicenthr fer the comparison of
two such new compounds andB) for oral treatment.

‘e CLATSE, Montevideo, Uruguay, October 2008 )



Research guestion:

Severity relative to treatment of TDO

-

2 189patients randomized, 36 centers
48 weeks of total follow up (12 months)
12 weeks of treatment (3 months)

measurements at months 0, 1, 2, 3, 6, 9, 12.

“am CLATSE, Montevideo, Uruguay, October 2008
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Frequencies at each visit (both treatments):

Toenall data

o0

Treatment A
- == Treatment B

30 |

BN

% severe infections

\————~~
-~
-

o 1 2 3 @) 9 12
Time (months)
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Chapter 6
Generalized Estimating Equations

Univariate GLM, score function of the form (s&@)ar

N @,

S()=" —vXyi )=0; withv; = VarY)):

i=1 @

()= " PV Ny )=0

.D;isann; p matrix with(i;j )th element%@ J

@

. Vi = VanY ;) involves a set of nuisance parameters

. yi and ; aren;-vectors with elemernyg and

lesn CLATSE, Montevideo, Uruguay, October 2008
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6.1 Large Sample Properties: Purely Model Based (Naive)

AsN !1 0_
N(" ) N(O;Ih

where

lo = ileDiC[Vi( )] 'Di

(Unrealistic) Conditions:
IS known

. the parametric form f&f ;( ) is known

Solution: working correlation matrix

CLATSE, Montevideo, Uruguay, October 2008

21



6.2 Large Sample Properties: Empirically Corrected
(Robust)

Suppos&/ i(:) is only a plausible guess: a so-caltg@ling correlation matrix

The asymptotic normality results change to

"N ) N 1Ml Y

" pRvi( )1 D

o
[

* DAVI( )] Svar(Y )Ivi( )] Dy

=
[

CLATSE, Montevideo, Uruguay, October 2008 .



6.3 The Sandwich Estimator

This is the so-callesthndwich estimator :
. | o is the bread

.| 1is the lling (ham or cheese)
Correct guess) likelihood variance
The estimator$ are consistent even if the working correlation matrixoiseot
An estimate is found by replacing the unknown variance Ya({yi ;) by
Y MO0 M8

A bad choice of working correlation matsix a ect the e ciency of

‘s CLATSE, Montevideo, Uruguay, October 2008 -



6.4 The Working Correlation Matrix

Vi( 5 )= ATO)RI()AT()

& = P
Cor(Yjj ; Yik) Estimate
Independence 0 |
Exchangeable N = Ni i N m i 6k €j Eik
AR(1) A= APN ni—llpj n 16 6 +1
Unstructured ik A = & "N, e e

Dispersion parameter

N 1%' 1{(“ ]
- Nizln—ijzlq?.

CLATSE, Montevideo, Uruguay, October 2008
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6.5 Fitting GEE

The standard procedure, implemented in the SAS procetNVEOGE
1. Compute initial estimates foy using a univariate GLM (i.e., assuming
iIndependence).
2. . Compute Pearson residugls
. Compute estimates forand .
. ComputeRi( ) andVi( 5 )= A{T()Ri( AT ).

3. Update estimate for:

12 3

2 3
“n= O M pd;ipg N Dy,
1= 1=
4. Iterate 2.{3. until convergence.

Estimates of precision by meank,dfandl 141 .

‘e CLATSE, Montevideo, Uruguay, October 2008 :



6.6 Application to the Toenail Data

6.6.1 The model

Consider the model:

1

0
Y;  Bernoulf j); logh-— b § = o+ T+

1 ij
Yjj : severe Infection (yes/no) at occagidar patient
tj : measurement time for occagion

Ti: treatment group

oty + 3Titj

CLATSE, Montevideo, Uruguay, October 2008
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6.6.2 Standard GEE
SAS Code:

proc genmod data=test descending;
class idnum timeclss;
model onyresp = treatn time treatn*time
/ dist=binomial;
repeated subject=idnum / withinsubject=timeclss

type=exch covb corrw modelse;
run;

SAS statements:
. The REPEATED statements de nes the GEE character of thé mode
. type=". working correlation speci cation (UN, AR(1), BXD,...)
. modelse": model-based s.e.'s on top of default empoaradicted s.e.'s

. corrw': printout of working correlation matrix

. withinsubject=". speci cation of the ordering withinjestb

“am CLATSE, Montevideo, Uruguay, October 2008
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Selected output:

. Regression paramters:

Analysis Of Initial Parameter Estimates

Standard Wald 95% Chi-
Parameter DF Estimate Error Confidence Limits  Square

Intercept 1 -0.5571 0.1090 -0.7708 -0.3433 26.10

treatn 1 0.0240 0.1565 -0.2827 0.3307 0.02
time 1 -0.1769 0.0246 -0.2251 -0.1288 51.91
treatn*time 1  -0.0783 0.0394 -0.1556 -0.0010 3.95
Scale 0 1.0000 0.0000 1.0000 1.0000

Analysis Of GEE Parameter Estimates
Empirical Standard Error Estimates

Standard 95% Confidence
Parameter  Estimate Error Limits Z Pr > |Z]

Intercept -0.5840 0.1734 -0.9238 -0.2441 -3.37 0.0008
treatn 0.0120 0.2613 -0.5001 0.5241 0.05 0.9633
time -0.1770 0.0311 -0.2380 -0.1161 -5.69 <.0001
treatn*time -0.0886 0.0571 -0.2006 0.0233 -1.55 0.1208

a CLATSE, Montevideo, Uruguay, October 2008



Analysis Of GEE Parameter Estimates
Model-Based Standard Error Estimates

Standard 95% Confidence
Parameter  Estimate Error Limits Z Pr > |Z]

Intercept -0.5840 0.1344 -0.8475 -0.3204 -4.34 <.0001
treatn 0.0120 0.1866 -0.3537 0.3777 0.06 0.9486

time -0.1770 0.0209 -0.2180 -0.1361 -8.47 <.0001
treatn*time -0.0886 0.0362 -0.1596 -0.0177 -2.45 0.0143

The working correlation:

Exchangeable Working Correlation

Correlation 0.420259237

a CLATSE, Montevideo, Uruguay, October 2008
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Part Il

Generalized Linear Mixed Models for Non-Gaussian
Longitudinal Data
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Chapter 7
Generalized Linear Mixed Models (GLMM)

Given a vectds; of random e ects for clusterit is assumed that all responses
Y are independent, with density

fQyiig: ) =exp I i (i)l + clyi: )
j isnow modeled ag = x;° + z; b
As before, it is assumed that N (0; D)

The conditional density ¥ givenb;:
. Qi .
filvibis ) = T (lbis o)

CLATSE, Montevideo, Uruguay, October 2008 .



The likelihood function equals:
N :
LC D) = _ filyi) D)

N oz D . -
= jzlfij(Yiiji; , ) f(bi)D) db;

i=1
Unlike in the normal case, approximations to the integredcuired:

. Approximation of integrantaplace approximation
. Approximation of datePQL and MQL

. Approximation of integraladaptive) Gaussian quadrature

Predictions of random e ects can be based on the poststiidrution
f(bijYi = yi)

CLATSE, Montevideo, Uruguay, October 2008 N



7.1 (Adaptive) Gaussian Quadrature

Gaussian Quadrature Adaptive Quadrature

f(zJo(z]
f(z)o(z]

33
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7.2 Example: Toenail Data

Yj is binary severity indicator for subjeat visit] .

Model:

0 1
Yii b Bernoulfj j ); Iog%1 . __§ = oth+ (Ti+ ofj + 3Tt
i

Notation:
. Tj: treatment indicator for subjact

.t : time point at whichhth measurement is taken ftn subject

Adaptive as well as non-adaptive Gaussian quadratuaeiciosQ.

‘s CLATSE, Montevideo, Uruguay, October 2008
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Results:

Gaussian quadrature

Q=3 Q=5 Q=10 Q=20 Q=50
-1.52 (0.31) -2.49(0.39) -0.99 (0.32) -1.54 (0.69) -1.6548)
-0.39 (0.38) 0.19 (0.36) 0.47 (0.36) -0.43 (0.80) -0.09 (0.5
-0.32 (0.03) -0.38 (0.04) -0.38 (0.05) -0.40 (0.05) -0.400®)
-0.09 (0.05) -0.12 (0.07) -0.15(0.07) -0.14 (0.07) -0.16QD
2.26 (0.12) 3.09 (0.21) 4.53 (0.39) 3.86 (0.33) 4.04 (0.39)

1344.1 1259.6 1254.4 1249.6 1247.7

Adaptive Gaussian quadrature

Q=3 Q=5 Q=10 Q=20 Q=50
-2.05 (0.59) -1.47 (0.40) -1.65(0.45) -1.63(0.43) -1.6349
-0.16 (0.64) -0.09 (0.54) -0.12 (0.59) -0.11 (0.59) -0.1159)
-0.42 (0.05) -0.40 (0.04) -0.41 (0.05) -0.40 (0.05) -0.400®)
-0.17 (0.07)  -0.16 (0.07) -0.16 (0.07) -0.16 (0.07) -0.16QD)
451 (0.62) 3.70 (0.34)  4.07 (0.43)  4.01(0.38)  4.02 (0.38)

1259.1 1257.1 1248.2 1247.8 1247.8

“am CLATSE, Montevideo, Uruguay, October 2008
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Conclusions:

. (Log-)likelihoods are not comparable

. Dierent Q can lead to considerable di erences in estimates andrdtanda
errors

. For example, using non-adaptive quadratureQuatl3, we found no
di erence in time e ect between both treatment groups
(t = 0:09=0.05 p=0:0833.

. Using adaptive quadrature, wh= 50, we nd a signi cant interaction
between the time e ect and the treatment( 0:16=0:07 p = 0:0255.

. Assuming tha® = 50 is su cient, the " nal' results are well approximated
with smalleQ under adaptive quadrature, but not under non-adaptive
guadrature.

‘s CLATSE, Montevideo, Uruguay, October 2008 :



Comparison of tting algorithms:
. Adaptive Gaussian Quadrat@es 50

. MQL and PQL

Summary of results:

Parameter QUAD PQL MQL
Intercept group A 1.63 (0.44) 0.72 (0.24) 0.56 (0.17)
Intercept group B 1.75 (0.45) 0.72 (0.24) 0.53 (0.17)
Slope group A 0.40 (0.05) 0.29 (0.03) 0.17 (0.02)
Slope group B 0.57 (0.06) 0.40 (0.04) 0.26 (0.03)
Var. random intercepts €) 15.99 (3.02) 4.71 (0.60) 2.49 (0.29)

Severe di erences between QUAD (gold standard ?) and MQL/PQ

MQL/PQL may vyield (very) biased results, especially &y loiata.

“am CLATSE, Montevideo, Uruguay, October 2008
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7.3 Procedure GLIMMIX for PQL and MQL

Re-consider logistic model with random intercepts failtdata

SAS code (PQL):

proc glimmix data=test method=RSPL ;

class idnum;

model onyresp (event='1l") = treatn time treatn*time
/ dist=binary solution;

random intercept / subject=idnum;

run;

MQL obtained with option ‘'method=RMPL'

CLATSE, Montevideo, Uruguay, October 2008
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7.4 Procedure NLMIXED for Gaussian Quadrature

Re-consider logistic model with random intercepts failtdata

SAS program (non-adaptivg= 3):

proc nimixed data=test noad gpoints=3;

parms beta0=-1.6 betal=0 beta2=-0.4 beta3=-0.5 sigma=3.9 ;
teta = beta0 + b + betal*treatn + beta2*time + beta3*timetr;
expteta = exp(teta);

p = expteta/(1+expteta);

model onyresp ~ binary(p);

random b ~ normal(0,sigma**2) subject=idnum;

run;

Adaptive Gaussian quadrature obtained by omitting opbiad’

Good starting values needed!

lesn CLATSE, Montevideo, Uruguay, October 2008 :



Part IV

Marginal Versus Random-e ects Models
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Chapter 8
Marginal Versus Random-e ects Models

Compare GLMM for the toenalil data with GEE (unstructur&hg/aorrelation):

GLMM GEE

Parameter Estimate (s.e.) Estimate (s.e.)
Intercept group A 1.6308 (0.4356) 0.7219 (0.1656)
Intercept group B 1.7454 (0.4478) 0.6493 (0.1671)
Slope group A 0.4043 (0.0460) 0.1409 (0.0277)
Slope group B 0.5657 (0.0601) 0.2548 (0.0380)

‘e CLATSE, Montevideo, Uruguay, October 2008 h



The strong di erences can be explained as follows:
. Consider the following GLMM:

1

Yjjo  Bernoulf j); Iog%1 & = o+bh+ o
]

. The conditional mea®s(Yjj jb), as functions df; , are given by

Average evolutions, conditional on random effects

E(Y;jh)
_exp(oth+ afj)
1 + eXp( 0 + b + ltlj ) 5 061

;II: 0.4 1

Time

‘s CLATSE, Montevideo, Uruguay, October 2008
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. The marginal average evolution is now obtained from agevagr the
random e ects:
exp(o+ b+ atj)

E(Y”) = E[E(Yujb)] = E§1+6Xp(0+ b + 1tij)

exp( o+ atj)
1+exp(ot+ 1tj)

Average evolutions, conditional on random effects

1.0

0.8 1

0.6 1

P(Y=11 b)

0.4+

0.21

00 7:;" /,,;,::/ = — :

Time
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Hence, the parameter vectoin the GEE model needs to be interpreted
completely di erent from the parameter vecton the GLMM:

. GEE: marginal interpretation

. GLMM: conditional interpretation, conditionally upa Ewandom e ects

In general, the model for the marginal average is not oimlgpsaametric form
as the conditional average in the GLMM.

For logistic mixed models, with normally distributed manaledom intercepts, it
can be shown that the marginal model can be well approxoyagain a
logistic model, but with parameters approximately sagisfy

. RE
. M

P . .
= ¢2+1> 1 2 = variance random intercepts

16" 3715)

O
[

‘e CLATSE, Montevideo, Uruguay, October 2008 :



or the toenall application,was estimated as 4.0164, such that the ratio equals
c2 2 + 1=2:5649

The ratio's between the GLMM and GEE estimates are:

GLMM GEE
Parameter Estimate (s.e.) Estimate (s.e.) Ratio
Intercept group A 1.6308 (0.4356) 0.7219 (0.1656) 2.2590
Intercept group B 1.7454 (0.4478) 0.6493 (0.1671) 2.6881
Slope group A 0.4043 (0.0460) 0.1409 (0.0277) 2.8694
Slope group B 0.5657 (0.0601) 0.2548 (0.0380) 2.2202

Note that this problem does not occur in linear mixed models:
. Conditional mearE (Yijb)) = X; + Zib,

. Speci cally:E(Yjjb = 0) = X;

. Marginal meanE(Y;) = X,
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8.1 Example: Toenail Data Revisited

Overview of all analyses on toenall data:

Parameter QUAD PQL MQL GEE

Intercept group A 1.63 (0.44) 0.72 (0.24) 0.56 (0.17) 0.72 (0.17)
Intercept group B 1.75 (0.45) 0.72 (0.24) 0.53 (0.17) 0.65 (0.17)
Slope group A 0.40 (0.05) 0.29 (0.03) 0.17 (0.02) 0.14 (0.03)
Slope group B 0.57 (0.06) 0.40 (0.04) 0.26 (0.03) 0.25 (0.04)

Var. random intercepts €) 15.99 (3.02) 4.71 (0.60)  2.49 (0.29)

Conclusion:
JGER < JMQU < JPQL < JQUAD
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Part V

Incomplete Data
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Chapter 9
Setting The Scene

. Orthodontic growth data
. Notation

. Taxonomies
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9.1 Growth Data

Taken from Pottho and Roy, Biometrika (1964)

Research guestion:

Is dental growth related to gender ?

The distance from the center of the pituitary to the maxilaure was recorded
at ages 8, 10, 12, and 14, for 11 girls and 16 boys
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Individual pro les:
. Much variability between girls / boys

. Considerable variability within girls / boys

. Fixed number of measurements per subject

. Measurements taken at xed time points

Orthodontic Growth Data
Profiles and Means

34 7

30

26

Distance

22

18 1

14

Age in Years
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9.2

Incomplete Longitudinal Data

|
10
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9.3 Scienti ¢ Question

In terms of entire longitudinal pro le

In terms of last planned measurement

In terms of last observed measurement
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9.4 Notation

Measurement Yj

8
. L 21 f Y;; Is observed,
Missingness indicator Rj = ;
2 0

otherwise
GroupYj into avector Y= (Y Yin)P=(YY M
8
2 Y°  containsy; for whichR; = 1;
fym

containsyj for whichR; = O:

D;: time of dropoutD; = 1+ "{i; R;
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9.5 Framework

f(Yi;Dij 5 )

Selection Models: f (Y;j )f (DijY ;Y™ )

MCAR ! MAR ! MNAR

CC? direct likelihood ! joint model !?

LOCF ? expectation-maximization (EM). sensitivity analys
imputation ? multiple imputation (Ml).

(weighted) GEE !
Pattern-Mixture Models: f (Y ijD;i; )f (Dij )
Shared-Parameter Models: f (Y jbi; )f (Dijbi; )
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Chapter 10
Proper Analysis of Incomplete Data

. Direct likelihood inference

. Multiple Imputation
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10.1 Data and Modeling Strategies

10

o | Unobservc'e.d..---"""

“"LOCF 'data’
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10.2 Direct Likelihood Maximization

MAR: f (Y] ) HBH¥-—

9

Mechanism is MAR

and distinct :

=) Likelihood inference is valid
Interest in
Use observed information matri§<
Outcome type Modeling strategy Software
Gaussian Linear mixed model SAS procedure MIXED
Non-Gaussian | Generalized linear mixed mo8&S procedure NLMIXED
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10.2.1 Original, Complete Orthodontic Growth Data

Mean Covar # par

18

14

13
6

1 unstructured unstructured
2 6 slopes unstructured
3 = slopes unstructured
7 6 slopes CS

Distance

Distance

Unstructured Means, Unstructured Covarianc

28

26

24

22

20

28

26

24

22

20

Growth Data, Model 1

[ ]
. ”
— Girls e
- - Boys . [
7
7
- @
o
5 8 10 12 14 18

Age in Years

Growth Data, Model 3
Parallel Lines, Unstructured Covariance

L J
— Girls _-
. -
Boys _ [ 4
-
-
-~ - .
®
& 8 10 12 14 16

Age in Years

Distance

Distance

28

26

24

22

20

28

26

24

22

20

Growth Data, Model 2
Two Lines, Unstructured Covariance

®
. '
— Girls P
- - Boys _®
e
'
-8
'
./ -
8 10 12 14 18

Age in Years

Growth Data, Model 7
Two Lines, Compound Symmetry

L J
. ~
— Girls P
- — Boys _®
-~
-~
P
-~ /.
‘ 7
8 10 12 14 18

Age in Years
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10.2.2 Trimmed Growth Data: Direct Likelihood

Mean Covar # par

7 6 slopes CS 6

28 |
27 ]

26 |

Distance

22 |

21 ]

20

28 |
27 ]

26 |

Distance

22 |

21 ]

20

25 |
24

23 |

Growth Data, Model 1
Missing At Random

— Girls P
- — Boys

Unstructured Means, Unstructured Covariance

25 |
24 |

23 |

Age In Years

Growth Data, Model 3
Missing At Random
Parallel Lines, Unstructured Covariance

— Girls PR
= — Boys

Age in Years

Distance

Distance

28 ]
27 |
26 |
25
24
23 |
22 |

21

20

28 |
27 |
26 |
25 |
24 |
23 |
22 |

21

20

Growth Data, Model 2
Missing At Random
Two Lines, Unstructured Covariance

— Girls -
- — Boys )

8 1a 12 14 16
Age In Years
Growth Data, Model 7

Missing At Random
Two Lines, Compound Symmetry

8 1 12 14 16

Age in Years
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10.2.3 Comparison of Analyses

Principle Method Boys at Age 8 Boys at Age 10
Original Direct likelihood, ML 22.88 (0.56) 23.81 (0.49)
Direct likelihood, REML MANOVA 22.88 (0.58) 23.81 (0.51)
ANOVA per time point 22.88 (0.61) 23.81 (0.53)
Direct Lik. Direct likelihood, ML 22.88 (0.56) 23.17 (0.68)
Direct likelihood, REML 22.88 (0.58) 23.17 (0.71)
MANOVA 24.00 (0.48) 24.14 (0.66)
ANOVA per time point 22.88 (0.61) 24.14 (0.74)
CC Direct likelihood, ML 24.00 (0.45) 24.14 (0.62)
Direct likelihood, REML MANOVA 24.00 (0.48) 24.14 (0.66)
ANOVA per time point 24.00 (0.51) 24.14 (0.74)
LOCF Direct likelihood, ML 22.88 (0.56) 22.97 (0.65)
Direct likelihood, REML MANOVA 22.88 (0.58) 22.97 (0.68)
ANOVA per time point 22.88 (0.61) 22.97 (0.72)
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10.2.4 Behind the Scenes

R completers$ N R \incompleters"
L NEEL T PR
12 2 22
Conditional density
Yi2lyin  N( ot Vi1 221)

. 1 N
1 freq. & lik. | ¢4 = N -1 Yi1
: 1R
5 frequentist | 9, = R ot Yi2
Ny _1:g N d 3
5 likelihood dp = N iet Yiz + S Yot "a(Yiz Y1)
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10.2.5 Growth Data: Further Comparison of Analyses

Principle Method Boys at Age 8 Boys at Age 10
Original Direct likelihood, ML 22.88 (0.56) 23.81 (0.49)
Direct Lik. Direct likelihood, ML 22.88 (0.56) 23.17 (0.68)

CcC Direct likelihood, ML  24.00 (0.45) 24.14 (0.62)
LOCF Direct likelihood, ML 22.88 (0.56) 22.97 (0.65)
Data Mean Covariance  Boys at Age 8 Boys at Age 10
Complete Unstructured Unstructured 22.88 23.81
Unstructured CS 22.88 23.81
Unstructured Independence 22.88 23.81
Incomplete Unstructured Unstructured 22.88 23.17
Unstructured CS 22.88 23.52
Unstructured Independence 22.88 24.14
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10.3 Multiple Imputation: General idea

An alternative to direct likelihood and WGEE

Three steps:

1. The missing values are lledMntimes=) M complete data sets
2. TheM complete data sets are analyzed by using standard precedure

3. The results from thd analyses are combined into a single inference
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10.3.1 Use of Ml in practice

Many analyses of the same incomplete set of data
A combination of missing outcomes and missing covariates

As an alternative to WGEE: MI can be combined with cladsieal G

MI in SAS:
Imputation Task: PROC M
#
Analysis Task: |PROC \MYFAVORITE"
#

Inference Task: |PROC MIANALYZE
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Chapter 11
MNAR

Full selection models: model outcomes and missingness fwgether

Such models are highly sensitive to the assumed modetionmul

Sensitivity analysis tools needed
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11.1 Criticism !  Sensitivity Analysis

\..., estimating the "unestimable' can be accomplishgdwpmhaking modelling

assumptions,.... The consequences of moa&speci cation will (...) be
more severe in the non-random case."  (Laird 1994)
Several plausible models or ranges of inferences

Change distributional assumptions  (kenward 1998)
Local and global in uence methods
Semi-parametric framework (Scharfsteiret al 1999)

Pattern-mixture models
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11.2 Concluding Remarks

MCAR/simple| CC biased
LOCF Ine cient
not simpler than MAR methods
MAR direct likelihood easy to conduct
weighted GEE Gaussian & non-Gaussian
MNAR variety of methods strong, untestable assumptions
most useful in sensitivity analys

V)
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