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is the result mainly of non-responses due to individuals who leave
the study and are therefore lost to follow-up. The current paper
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alisatty 1981 @gmail.com dropout. Statistical methods that ignore the mechanism for dropouts
are susceptible to biased inference. This article focuses on dropouts
missing at random (MAR). The study demonstrates application and
the performance of likelihood-based and inverse probability weighting
(IPW) in handling dropout in longitudinal continuous responses. The
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Introduction

Longitudinal clinical trials studies are frequently
designed to collect data on every patient within a sample
at each measurement occasion. In such studies, dropout
often arises, in the sense that an individual’s outcome
can be missing at one follow-up time before the end of
the follow-up period for whatever reason, resulting in a
monotone missingness pattern. This paper however only
pays attention to the monotone missing data pattern that
results from attrition. In this pattern, when patient drops
out from the study prematurely, no more measurements
are obtained on that patient. The implication of dropout
is best understood by considering the process (i.e., the
mechanisms) leading to the incompleteness. Based
on classifications given by Rubin (1976, 1987), these
mechanisms can be classified into three categories:
missing completely at random (MCAR), missing at
random (MAR), and missing not at random (MNAR).

Methods and Materials

There are two common methods that can be used for
dealing with longitudinal clinical trials data when there
are dropouts missing at random (MAR). One is the so-
called inverse probability weighted (IPW) estimating
equations. In this method, the complete measurements
are weighted using the inverse of their probabilities
of being observed in order to adjust for dropout. [PW
comes from Robins et al, (1995). The authors stated
that IPW deals with incomplete longitudinal data
arising from an MAR mechanism. In the context of
survey analysis, [IPW was first discussed in Horvitz and
Thompson (1952). The method has been recognized
as an attractive approach because it does not require
complete specification of the joint distribution of
the longitudinal responses but rather is based only
on specification of the first two moments (Grace and
Wengqing, 2009). More details of this technique can be
found in Fitzmaurice et al, (1995), Yi and Cook (2002a,
2002b), Carpenter et al, (2006), and Seaman and White
(2011). However, Robins et al, (1995), Robins and
Rotnitzky (1995) and Scharfstein et al, (1999) have
proposed improved IPW estimates that are theoretically
more efficient. However, such estimates require the
dropout mechanism to be MAR.

An alternative technique that is wvalid under
the MAR assumption is likelihood-based analysis.
In contrast to IPW, this method uses the observed
measurement without weight. The strength of the
likelihood-based analysis relies on the accurate
formulation of the likelihood of the data as it is. In
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doing so, under valid MAR mechanism, suitable
adjustments can be made to parameters at times when
data are prone to incompleteness due to the within-
patient correlation. For incomplete longitudinal clinical
trials data, a mixed model only needs a dropouts are
MAR (Mallinckrodt et al, , 2003a, 2003b; Verbeke
and Molenberghs, 2000). These mixed effects models
permit the inclusion of patients with dropouts at some
time points, including both dropout (which is a special
case of monotone missingness pattern) and intermittent
missingness patterns (Verbeke and Molenberghs, 2000).
For continuous measurement data, this amounts to the
general linear mixed model (Verbeke and Molenberghs,
2000).

The current study focuses on the comparison of
LMM and IPW to handling incomplete longitudinal
clinical trials data due to dropout. The application
will be confined to the continuous measurements. Our
goal will be to compare the performance of these two
methods, under three different dropout rates. In both
methods the dropout mechanism is assumed to be
MAR. In order to compare the performances of the two
methods, the data set we use is originally complete (no
dropouts), and the dropout will be created by generating
missing measurements at random. The comparison will
be based on a heart rate trial data, which gives heart
rate observations for patients exposed to three different
treatments as reported in Milliken and Johnson
(2009). The performance of these two approaches
will be assessed on two criteria, namely bias and
efficiency. In Section 1, we present the notation and
concepts of possible mechanisms that can lead to the
dropout process. In Section 2, the two approaches
mentioned above (Inverse Probability Weighting
(IPW) & Likelihood-based LMM) are then considered
in more detail as the principle approaches to be used
in the analysis. Section 3, contains the design of the
application study and offers a description of the dataset
used in the analysis in detail (description of the data,
model formulation, generating dropouts and the MAR
mechanism, analysis of IPW, and assessment criteria) .
The results of the study based on the generated dropout
data in our application , and discussion of the results
considered as conclusion of the study.

(1) Dropout Mechanism

Suppose that py individuals are to be observed at 5
occasions. For the ; th individual (i=12,..N)we can
form a (nx1) vector ¥,=(¥,,....Y; ), where y is the ;
th outcome for individual ;, which can be continuous
or discrete depending on the study problem. Each
individual has a (7nxp) covariate matrix Y The
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covariates may be both time stationary and time varying.
In longitudinal studies, individuals can be unobserved
at all 7 occasions on account of some stochastic missing
data mechanism. Now, suppose R, is a (nx1) random
vector for the i th individual, whose / th component
RU, equals 1 when ¥ is fully observed, and equals 0, if
not. The full data information for the 7 th individual are
given jointly by Y, and R, with a joint distribution that
can be expressed as

fy,r =n | X, 0,7)= 1., |yiaXia)/)fy(yi | X,,0), (1)
where g and y are vectors that parameterize the
joint distribution. The “missing data mechanism”,
f,(r |y, X,,y) is parameterized by ¥ . In general,
the mechanism of missing data can depend on the
full vector of responses, Y, (including possibly
unobserved component of 4;) and the matrix of
covariates X ;. We denote the observed and unobserved
components of ¥; by ¥,” and Y”, respectively. Rubin
(1976, 1987), specified three distinct missing data
mechanisms. First, data that is MCAR, meaning
that the missingness process does not depend on
Y,ie, P(R Y, Y",X,,y)=P(R | X,,7)

. Second, the missing data is said to be MAR if,
the missingness process depends on the observed
responses and probably on measured covariates,
but not on the wunobserved responses, i.e.,
PR YY", X,,y)=P(R, |Y’,X,,y).. The third
missing data mechanism allows the missingness process
to depend on the unobserved responses, and here such
a process is called missing not at random (MNAR).
However, an MNAR process is also allowed to depend
on the observed outcomes, or in probability terms,
P(R,|Y". X", X,.y)= P(R | XY, X,.y) In terms
of likelihood based inference, Rubin (1987) showed
that an MCAR is a special case of MAR, and these
two mechanisms are referred to as being “ignorable”.
In contrast, an MNAR mechanism is referred to as a
“non-ignorable” mechanism. More specifically, the
likelihood inference is based on

L@,y | X, yn) e« f(y],n | X,,0,y)= @
SO 10:y) = [ | X, 0,7)dy)
Therefore,

SR80 = [f7 271 X:,0)

o m m (3)
Sy XLy
Under dropout MAR process, the likelihood
contributions factor is:
SO = [f "1 X0 @

Sy Xonay! = O 1 X0 f (| v, XL p).

The likelihood in (4) factorizes into two components
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of the same functional form as the general factorization
of the full data (Y;,R;) given in (1). Further, if the
parameters & and 7 are disjoint which is to say the
parameter space of the full vector vector (6',y")" is the
product of the individual parameter spaces, the so-called
separability condition, then inference can be based on
the marginal observed data density only. Hence, when
the separability condition is satisfied via a likelihood
framework, ignorability is equivalent to MAR and
MCAR. However, an MNAR mechanism is defined
as a “non-ignorable” mechanism in the context of the
likelihood framework. See, Little and Rubin (2002)
for details on the derivation of the contribution to the
likelihood attributable to the missingness mechanisms.
Recall that our focus in this study is on missing data
due to patient dropout, that is; all components of y will
be missing, and all components of p will be 0 stalrting
from the dropout time. The dropoutl time for the ; th
individual can be defined by introducing a quantitative
variable

D =1+ ER”, 5)

=1
and hence the model for dropout process can be
rewritten as
by, = S|y Xisy) = Pr(D; =d; |y, X;,7). (6)
where g is arealization of the the variable J) . In Equation
(5), it is assumed that all subjects are observed on the
first occasion so that ) takes values between 2 and , 4 |
. The maximum value (l n + 1) corresponds to a complete
measurement sequence. Using Equation (6), a dropout
missing completely at random (MCAR) model reduces
to P(D,=d. |Y,X,,y)=P(D,=d, | X,,y), while
the dropout missing at random (MAR) model is given
by: P(D,=d,|Y,X,y)=P(D,=d,|Y’,X,,7),

where dependence on y is only through ye.

(2) Methods for Handling Dropouts

(2.1) Inverse Probability Weighting (IPW)

This method is a standard method used for handling
MAR dropout in longitudinal clinical trials (Robins
et al, 1995), however it requires specification of a
dropout model in terms of observed measurements
and/or covariates. Generally, IPW is used in marginal
models for discrete measurements than for continuous
measurements. In this study, IPW is adopted for dealing
with continuous measurements in order to correct the
bias that is caused by MAR dropout. The key idea
behind IPW is that if individual i has a probability of
being observed at occasion  of A, then, this individual
should be given weight, @;;, so as to minimize the bias
caused by dropouts in the analysis. The weight @;
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for the ; th individual at time J is assigned as inverse
of the cumulative product of fitted probabilities,
Wu(d ):( /‘Lil(d)XA’iz (&)XWX/‘L;']'(OA{))_I, where o
is a (¢%1) vector of unknown parameters. In order
to discuss the idea of what weights are, we follow
illustration provided by Carpenter et al, (2006).
Suppose that we have the following data, then the
average response is 3.
Group A B C
Response 222 | 333 | 444
However if we have missing values as shown
in the table below, then the average response is
19/6, which is biased.
Group A B C
Response 277 1333 | 7244
In order to correct this bias, we calculate the
probabilities of being observed in each group
corresponding to 1/3 in group A, 1 in group B and
2/3 in group C. We thereafter calculate a weighted
average, where each observation is weighted by 1/
[Probability of observed response]. In this case the
weighted average is given by

2x%+(3+3+3)x1+(4+4)x%

é+1+1+1+§+é
2 2

=3 ()

which now corrects the bias. The conclusion to be drawn
from this simple illustration is that IPW has eliminated
the bias, by reconstructing the full population by up-
weighting the data from individuals who have small
chance of being observed. Generally, it may give
biased, but consistent, parameter estimates (Carpenter
et al, 2006). To discuss the above mentioned idea of
IPW in longitudinal data setting, we now describe
the IPW approach, thereby illustrating how [PW can
be incorporated into the conventional generalized
estimating equation (GEE) by Liang and Zeger (1986),
as based on the article by Robins et al, (1995). The
primary idea behind GEE methodology is to generalize
the usual univariate likelihood equations by introducin, Yg
the covariance matrix of the vector of response,
The GEE methodology is used to model the marginal
expectation of responses as a function of a set of of
covariates. We briefly introduce the classical form of
GEE (Liang and Zeger, 1986). Let X, =(x,,...,x,,)’
denote an(n x p ) covariates matrix, where its ; th row is
given X,,, = (x5 > Xipy )' based on 4, predictor variables
or covariates, Y, denote the response variable and hence
=(Vifoeees ym) the (1X7) observed response vector,
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and U, =EW»,)s i=1,..,N and s=1_._ p Now,

assume the margmal regressmn model is glven as
g(/"[[) - 1[ (8)

where g is the. (px1) regression parameters of interest

and &) is a link function, a function of the mean

response. Assume the (7 xn) covariance matrix for y

is: ()= ¢A1/2R(,0)1£/2 where A is a diagonal matrix
of variance functions, () is the workmg correlation

matrix of y as a function of () the correlation parameter,
and ¢ is the dispersion parameter. The collection of
parameters in the covariance matrix are assumed to
contained in the parameter vector ¢. Then the GEE
estimators for regression parameters are the solutions
of

D@y (1~ ) =0,

_ M

where df is the derivative matrix of the mean
vector Y with respect to B. The GEE methodology is
very popular especially for analysis of marginal models
for discrete responses than for continuous responses.
However, in this study, we restrict our attention to
the continuous response. Consequently, the following
assumptions can be made for the marginal models with
the continuous response, Y

(2.1.1) The mean of Y, is related to the covariates

by an identity 11nk function: =n,=x,f
The link function &() generally relates the
expected values, ,, of the response vector, y.
to the covariate matrix X; It takes the generaf
form o ( w)=n=Xp where 7, denotes
the lincar predictor vector whose ¢ ‘th row is
g(t,) = Bixy + PoXyy ++ +/3)px1¢ThIS function,
ie.,8 ( -), should be monotone and differentiable.
Thus, in the case of monotonocity, we can

®

define the inverse function g(,)‘1 by the relation

g7'(g(w,)) = .. Here, we note that the choice
of link function depends on the distributional
assumptions on the data. Therefore, for a
continuous response with normal assumption, as
in our case, the link function is an identity link:
8(#:) = 14 and the inverse simply u=g(u)
Under this identity link, the expected value
of the response is simply a linear function of
the covariates multiplied by their regression
coefficients.

The variance of each Y,, conditional on the
effects of the covariates, is ¢ and does not
depend on the mean response. Namely,

2.1.2)
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V(M,j)=1 is a known “variance function”,
therefore ~ Var(Y,)=v(u,)¢p=¢.  Here
@ denotes the variance of the conditional
normal distribution of the response, given the
covariates. The assumption that the variance
is constant over time may be unrealistic
and to relax it, a separate scale parameter,
¢, could be estimated at the ; th occasion if
the longitudinal design is balanced on time.

(2.1.3) The within-individual correlation among

repeated responses is modelled by assuming,
for example, a first-order autoregressive AR(1)
covariance  structure, Corr(Y,,Y,;)= o,
which stand for the pairwise correlatlon between
observations, for allj and k and 0 < p <1. The
AR(1) specifies homogeneous variances. In
addition, itspecifies that the correlations between
observations on the same subject are not equal,
but decrease toward zero with increasing length
of the time interval between observations.
In the context of the marginal models with an
identity link function, the generalized least
square means (GLS) of g can be considered
as a special case of the GEE. Therefore, the
estimates of parameters in marginal model for
contlnuous response w1th an identity link are

B = {2 Xy 2( '), (10)

where ¥ is the REML (Restricted Maximum
Likelihood Estimation, that can be used to
find the best unbiased estimates (Verbeke and
Molenberghsﬁ 2000)) estimqte of > and

Cov(B) = QXX 2<X;E;IV12;1X,«>

{ZIX,EZ]X,-}’1, an

where I}l =Y - X.p)(¥, - X,B)is an estimate
of Var(Y,) which yields a robust estimator of
Cov(3)When substituted in equation (12). With
incomplete data that are MAR, the GEE method
provides inconsistent estimates of the model
parameters (Liang and Zeger, 1986). In weighted
generalized estimating equation (WGEE), an
individual’s contribution to the usual GEE is
weighted by the inverse probability of dropout
at particular time point, given the individual
did not leave or dropout in any of the periods
occasions (Robins et al, 1995). Therefore,
setting all assumptions that are made in this
section together, we will get valid parameter
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estimates in longitudinal studies with MAR
dropout by solving the weighted estimating
equations

2@- “ XA W@, -X,£)=0, (1)

where W(a) is a diagonal matrix which
contains 1nverse probability Welghts for ; th
patient, W.(a) = diag{w,(Q),... Win, w, (@)} for
J=2m, i =1 and X, = A”ZR(,o)A“2 is
apnxn Workmg covariance matrix for Y, and
R( ,0) 1S a y,xp working correlation matrlx
which are assumed known. The missingness
is taken into account through specification of
a (nxn) diagonal weighting matrix of W,(Q)
W(&) = diag(R, W, (G)..... R, W, (@) and
R, =1if the ; th subject is observed at time 4
, and 0 for the unobserved time. The weight,
W, is the inverse of the probability that the ;
th subject is observed at the j th time, which
is often unknown and needs to be estimated.
It requires modeling the missing process in
order to obtain the weights 1, . We denote
2, (@)=P(R,=1|R,_, =1 XY.a)  as
the probability of a response being observed at
time j for the ; th subject given the subject is
observed at the time j _|. If the missingness is
assumed to be MAR, we have
A(@)=PQR, =1|R ) =LX,Y,,.Y, ), a), 13)
where the missingness mechanism only depends
on observed data and may be specified up to a
(gx1) yector of unknown parameters, . Here,
/1 can be modeled as a logistic regression model
of Z, ip» @ vector of predictor, which may include
missingness indicator variables, covariates and
previous responses:
logith;(a) = Zl:’/.a, (14)
or by inverting the logit function we have:
Zl.ja
Iy(@)=———. (15)
l+e’a
The log partial likelihood for ; th subject takes

the form

I-R..
@)= 3SR, fogt (@114, (@] )

Jj=li= (16)
Differentiation of (16) in terms of ,, gives the
estimating equations

@ ar

Si(@)= {2 iRiu—l)[Rz:/ -/



AGJSR 31 (2/3) 2013: 154-166, Ali Satty et al

Setting (17) equal to zero yields (4, therefore,
we can obtain estimate of /117 (0!), which 1is

2;(@). According to Hogan et al (2004), in
addition to MAR dropout, two assumptions
must be fulfilled, to provide consistent
estimates of parameters B in weighted method.
First assumption (Non-zero probability of
remaining in study): Conditionally on past
history of observed responses and covariates,
the probability that individual ; is still in the
study at time Jj is bounded away from zero or
formally,p[R =1|R, =1,LX,Y]>6>0

. Second assumptzon (%orrect speaﬁcatlon of
dropout model): The probability of dropout

model must be correctly specified, i.e.,
A’l(a):p[R1:O|Rl 1 Xl’ i ]
When MAR v 1) gl&lotone
missingness assumptlons hold, the
probabilities of remaining in the study,
(a) p[ ij 1| Rz(/ -1) 1 X[’K]) Y;(/-])’a]

(18)

=H{1— A (@)}

Thus, the weight }, (&), the inverse of the
unconditional probabf’hty of being observed at
time Jj» can be calculated as,

" 1

w, (@)= — -
Ix(1-4,(@)x..x(1-4,(@))

and v, (a) = ] for j = 1. Therefore, if the above

two assumptlons due to Hogan et al, (2004)

hold, and if dropout occurs according to the
MAR mechanism, then the estimators of the

J1=2,00J, (19)

parameters /;’ in the weighted marginal model
for a continuous response with an identity link
will be of the form

@)X N (XEW(G)Y,)420)
i=1

p= 13X
and, -

Cov(B) = {EX;Z;IVK(&)X 37
PR A S

(2)(;2;%(&)%(&)'&){2)(

where /j' is consistent for 3, and ¢ is a consistent
estimator of , under a correctly specified
model, ﬂ,»j ().
(2.2) Likelihood Based MAR
The second method for handling incomplete longitudinal
clinical trials data is the likelihood-based method of
using available data instead of weight. For continuous

@1
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measurements, Laird and Ware (1982) proposed the
Likelihood-based mixed effects models which are
valid under MAR dropout. This likelihood-based MAR
analysis is also termed likelihood-based ignorable
analysis, or direct likelihood analysis (Verbeke and
Molenberghs, 2005). In contrast to IPW, Likelihood-
based analysis uses the observed data without the need
of weight. Namely, no additional data manipulation
is necessary when a likelihood-based analysis is
envisaged, provided the software tool used for analysis
is able to handle measurement sequences of unequal
length (Molenberghs and Kenward, 2007). In doing
so, for the MAR assumption, suitable adjustments can
be made to parameters at times when data are prone
to incompleteness due to the within-subject correlation.
Thus, even when interest lies in a comparison between
two treatment groups at the last measurement time,
such a likelihood analysis can be conducted without
problems since the fitted model can be used as the basis
for inference. When a MAR mechanism holds, a direct
likelihood analysis can be obtained with no need for
modeling the dropout process. It is preferred over the
conventional simple methods, particularly when tools
like the generalized linear mixed mixed effect models
(Molenberghs and Verbeke, 2005) are assumed. The
advantage of this method is its simplicity, it can be
fitted in standard statistical software without involving
additional programming, using such tools as SAS
software, PROCs MIXED, GLIMMIX and NLMIXED.
The use of these procedures have been illustrated by
Verbeke and Molenberghs (2000) and Molenberghs
and Verbeke (2005). Despite the flexibility and ease
of implementation of likelihood-based method, there
are fundamental issues when selecting a model and
assessing its fit to the observed data which do not occur
with complete data. The method is sensible under linear
mixed models in combination with the assumption of
ignorability. Such an approach, tailored to the needs of
clinical trials, has been proposed by Mallinckrodt et al
(2001a, 2001b). For incomplete longitudinal clinical
trials data, a mixed model only needs MAR dropout to
hold. According to Verbeke and Molenberghs (2000),
these mixed-effect models permit the inclusion of
subjects with dropout at some time points for both
dropout patterns, namely monotone and intermittent.
Since likelihood-based ideas can be used with a variety
of likelihoods, in this study we consider the general
linear mixed-effects model (Laird and Ware, 1982) as
a key modeling framework which can be combined
with the ignorability assumption. For y the vector of
observation from individual ;, the model can be written
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as follows Y, = X, f+Zb. + €,,(22)

where b, :N(0,D) ¢, :N(0,Z,)andb,,...,by, &,...., €y
are independent. The meaning of each form in equation
(22) are described as follows. Y, is the n, dimensional
response vector for subject ;, contalnmg the outcomes
at n; various measurement occasions, |<j< N> N
is the number of subjects, X, and Z, are (n;x p) and
(n,xq) dimensional matrices of known covariates,
yii is the p-dimensional vector containing the fixed
effects, b, is the ,-dimensional vector containing
the random effects and € is a n, dimensional vector
of residual components comblmng measurement
error and serial correlation. Finally p) is a general
(qxq)covariance matrix whose (j, j) th element is

d. =d. and s, is a (n, X n,) covariance matrix which

generaﬂy depends on ; only through its dimension n,

, i.e., the set of unknown parameters in 3 will not

depend upon ;. This means marginally Y; N (X B

Z, D Z'+Z,). Thus if we define V, =2 DZ'+Z,

as the general covariance matrix of Y, then
-n -1

f(yij?ﬂ’V[) =(2M)* [V |* expi-(y, _Xiﬁ)/l/i_l(yi -X,p)2}
from which a marginal likelihood can be contributed
to estimate S In the likelihood context, Little and
Rubin (1987) and Rubin (1976) stated that when
MAR assumption and mild regularity conditions
hold, parameters g and £ are independent, and that
likelihood based inference is valid when the missing
data mechanism is ignored. In practlce likelihood of
interest is then based on the factor/ (Vi | &) (Verbeke
and Molenberghs, 2000). This is referred as ignorability.
(3) Application Study

This section describes the application of the
aforementioned methods for handling dropouts in
longitudinal clinical trials data. The methods are
applied to data from heart rate experiment, for which
initially there are no actual dropouts.

(3.1) Description of the Data

Here, we have to make it clear that as our current study
is essentially an application study rather than a case
study, we tested the performance of the two approaches
by generating dropouts from a complete data. So, our
main interest was to generate a random sample of the
whole dataset, and then to use it for the analysis. The
data set to be analyzed in this study originates from the
clinical trial to study the effect of three treatments on
heart rate of humans. Full details of this experiment
are given in Millikin and Johnson (2009). It is an
experiment involving three drugs (AX23, BWWY,
and CTRL) and where each subject was measured
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repeatedly at four different time points (/=1234).
After the drug was administered, each patient’s heart
rate was measured every five minutes for a total of
four times. To be precise, each patient’s heart rate was
measured 5, 10, 15 and 20 minutes after administering
the treatment. This experiment illustrates the layout
for a simple repeated measures experiment. The large
size of experiment units is the subject, and the smaller
size experiment unit is the time interval when using the
split-plot in time notation. At the start of the study »
female human subjects were randomly assigned to each
drug.

The objective of this experiment was to investigate
the drug-response effects, i.e. if the drugs have an
effect on heart rate, compare drug groups with each
other, including time effects and to find the least-square
means. In this paper, we consider the significance of
drug main effects, time main effects and the interaction
of time and drug effects, and we are also interested to
investigate the differences between the drug and time
effects in least-square means.

(3.2) Model Formulation
In the proceeding, we analyze the data from the clinical
trial introduced above by formulating a model based on
the data with heart rates. According to the study design,
we include the fixed categorical effects of drug, time,
and drug-by-time interaction. Therefore, the continuous
outcome for the analysis reported here was heart rate,
or as we will denote it in the remainder of this study,
HR. Let TRyt denote the heart rate of patient ; where
i=1,...,8, at time j for In ..,4, on drug f, where ﬁ 1,
2, 3. We consider the followmg linear model for H
where the response of the subject ; at time J:
HRUA =P, + ﬂlTimej +f,Drug, + /J’S(Time*Dmg)jk +€4, (23)
where (Time* Drug) denotes the drug-by-time
interaction and g are unknown independent and
identically dlstrlbut/ed normal random error, with mean

0 and variance o; ¢ - As mentioned above, in this data
set, there are no actual dropouts. This provides us with
an opportunity to generate dropouts missing at random
in order to compare the performance of MI and IPW
methods to deal with dropouts.

(3.3) Generating Dropouts and the MAR Mechanism
Since there are no dropouts in the example data set
described above, it provides us with an opportunity
to design a comparative study to compare the two
methods to deal with dropout using the results from the
complete data analysis as the reference. We used the full
data set to artificially generate dropouts by mimicking
the MAR mechanism. From the complete data set
described above, 1000 random samples of n=96 were
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drawn. The dropouts in HR were created according to
the MAR assumption, assuming the missingness in HR
is related to observed values, in the sense that patients
with higher HR at one measurement occasion tend to
dropout out of the experiment at the next occasion.
The implication of the MAR assumption in our case is
that, patients who are observed to be weaker (deduced
by way of their previous observed measurement) are
more likely to dropout when they reach a certain value
of the HR, as long as their probability of dropout does
not further depend upon their missing measurements.
The other predictor variables other than HR, were
however kept intact. For MAR, three dropout rates were
implemented. The dropout rates were set at 10%, 20%
and 30%. Dropouts were created in HR by randomly
deleting 10%, 20%, and 30% of all measurements
greater than 75 as a threshold indicating high heart rate.
The observations that triggered the missing data were
kept but all other subsequent observations were deleted.
This scenario was generated or replicated 1,000 times.
Each generated samples was analyzed using LMM
and [PW to derive parameters of interest. A monotone
missing pattern was assumed, which is to say that for
each patient, if a HR’s observation was deleted for a
third time point, the subsequent observation in the
fourth time point for that patient was also deleted.
(3.4) Analysis of IPW

The IPW method was applied to each generated sample
using two SAS macros provided by Molenberghs
and Verbeke (2005). The macros are DROPOUT and
DROPWGT. These macros construct the variables
“dropout” and “previous measurements” and to pass
the weights (predicted probabilities) to be used for
WGEE. In contrast to LMM, the IPW approach needs
a model for the dropout mechanism. Therefore, for
the MAR assumption, we assume the IPW models
the missingness mechanism via logistic regression
model, introduced in model (24), which requires the
data to be MCAR or MAR. IPW was applied using to
the following steps: 1) The dropout model was fitted
within logistic regression using DROPOUT macro.
The outcome variable “dropout” indicator for HR was
generated, and it was binary taking the value 1 when the
HR is observed, 0 otherwise, consequently indicating
whether or not dropout occurred at a given time from
the start of the measurement until the end of the study
period (Molenberghs and Verbeke (2005)). In the
dropout model, predictor variables were the outcomes
at previous occasions (y,«,_,-_l) supplemented with
genuine covariate information. To estimate the dropout
probabilities, we used the following logistic regression
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of dropout indicators
logit P(D; = j| D; 2 D=9 +9,¥; ;4 + 1drug ;, (24)
where ¥; ;_; is the binary indicator at the previous
occasion. 2) Using data and fitted probabilities from
step (1), a weighted regression of the response variable
in model (12) was fitted based on the inverse of the
“probability of a patient dropping out at a given time
and was not missing in all the previous times” as
weights. This was done by using the DROPWGT macro
in SAS. These weights were defined at the individual
measurement level and were equal to the product of the
probabilities of not dropping out up to the measurement
occasion (Molenberghs and Verbeke (2005)). The last
factor was the probability of either dropping out at that
time or continuing with the study. 3) Once the selected
model (24) is fitted and the weight distribution checked,
we formulate the full-data regression model using
inverse probability weighting. The weighted regression
model is formulated by re-defining the response as

Y, = A(G)YU and covariate as X; — VAV,-j(a)x,-j Now,
let HR, denote the heart rate from patient ; at time ; for

j=1 2 ,3,4. Further, let XU be a vector of covariates with
length p, where p =1,2,3. Then, the mean response
model can be expressed as follows

E(HR,']' | ‘xij) =My = B+ ﬁlxyl + ﬁ2‘xij2 + /33xg,'3a 25)
where the covariate X;;; denotes the time, the covariate

X;g denotes the drug group, the covariate x;‘} denotes
the drug by time interaction, [, is the population
average intercept and B, f3,, [, is the average rate
of change due to the time, drug main effects and their
interaction. Since the response variable of interest at
each occasion was the HR which is continuous, we
used the identity link function and the scale parameter,
¢- In addition to the marginal model in (25), the
covariance structure of the correlated HR weights on
a given patients should be modeled. In the application
of IPW only first order-autoregressive AR(1) and
compound symmetry covariances can be implemented.
The other structures, such as unstructured covariance,
toeplitz and heterogeneous (AR), may easily present
computational problems. Therefore, we used the AR(1)
covariance structure since it is the most reasonable in
longitudinal data analysis problems. Using model (25),
the parameter estimates can be calculated as the root of
the weighted estimating equations

3 = (- XA W (@ - X,8) =0,
=1
where Y, and X, are vectors of R and covariates,

respectlvely, for ; th patient and W,() is a diagonal

(26)
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matrix consisting of inverse probability weights for the
; th patient. Model (25) was fitted using SAS procedure
GENMOD with a WEIGHT statement.

(3.5) Assessment Criteria

The performance of LMM and IPW was assessed on
two criteria, namely bias and efficiency. These two
criteria have been used by Schafer and Graham (2002)
to study the performance of list-wise deletion, single
imputation, maximum likelihood and MI. Also, they
used by Graham and Schafer (1999) to evaluate the
the performance of multiple imputation using small
multivariate data sets. Here, we defined these criteria
as follows: bias refers to the differences between the
average of the 1,000 coefficient estimates and the
corresponding true coefficient obtained from a mixed
model analysis of the original complete data. Thus, a
better technique is that which does on average approach
the population value with less bias. Efficiency was
defined as the variability of the estimates around the
true population coefficient. It was calculated by the
average width of the 95% confidence interval. The 95%
confidence interval width is approximately four times
the magnitude of the standard error. Thus, a wider
interval implies a less efficient method.

Results

The results of bias and efficiency of the drug main
effect means and the time main effect means are given
in Table 1 for the LMM and IPW methods.

Here we have to make it clear that we do not
show full output, as the results of interaction terms are
excluded. An examination of bias criterion revealed
that LMM was notable for consistently producing less
biased estimates vis-a-vis those estimates in IPW. It
would appear that Mallinckrodt et al, (2003a, 2003b)
recommendation to use likelihood-based analysis for
incomplete longitudinal data with continuous outcomes
is supported by the results presented here. In addition,
this advantage of LMM is well documented in terms of
continuous outcomes (see, Verbeke and Molenberghs,
2000). As a result, the bias of the estimates by [PW
appeared to be independent of the dropout rates. The
results based on LMM and [IPW were somehow similar
for 10% in some cases. They yielded estimates closer
to each other. We refer here to estimates of time,, time,
and time,. Generally the bias for LMM is negligible,
regardless of the dropout rate, with some exceptions.
The exceptions were with the estimates of time, and
time, under 10%, as well as the estimates of time, under
20% and the estimates of BWW9 and time, under 30%.
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As noted above, a wider interval implies a less efficient
approach, thus the widest and hence the worst, 95%
confidence intervals are highlighted. Across all the three
dropout rates, IPW was uniformly the worst approach
in terms of efficiency, regardless of the dropout rates.
Estimates which showed more efficient were time,
for 20% and 30%. The LMM was more efficient most
frequently. Hence, LMM was more robust than [PW
against loss of efficiency due to increased dropout rate.

Table 1: Bias and Efficiency of LMM and IPW, under
Different Dropout Rates: MIXED Least Squares Means
(Interaction Terms are not Shown)

Bias Efficiency

Dropout | Effect |LMM | IPW | LMM |IPW
AX23 | 0.28 | 1.20 0.89 1.15

BWW9 | -0.18 | -1.75 0.90 1.13

10% CTRL | 0.29 | 1.25 0.89 1.10
Timel | 0.50 | 0.48 0.96 1.61

Time2 | 0.50 | 1.45 0.96 1.13

Time3 | 0.18 | 0.22 1.09 1.26

Time4 | 0.49 | 0.46 1.07 1.12

AX23 | 0.41 | 140 0.93 1.14

BWW9 | 0.38 | 1.40 0.94 1.07

20% CTRL | 0.64 | 1.90 0.94 1.04
Timel | 0.98 | 1.90 0.96 1.37

Time2 | 0.48 | 1.33 0.99 0.78

Time3 | 1.10 | 1.37 1.27 1.54

Time4 | 0.24 | 0.14 1.27 1.34

AX23 | 1.24 | 1.46 1.08 1.20

BWW9 | 1.14 | 1.01 1.08 1.08

30% CTRL | 1.13 | 1.20 1.09 1.20
Timel | 0.56 | 1.41 0.97 1.16

Time2 | 1.01 | 1.07 0.98 0.74

Time3 | 1.05 | 1.27 1.55 1.68

Time4 | 0.83 | 0.64 1.58 1.66

Note: The largest bias and less efficiency for each
given estimate presented in bold. LMM=linear
mixed model; IPW=inverse probability weighting.
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Table 2: Bias and Efficiency of LMM and IPW, under Different Dropout Rates: Pairwise Comparisons among Drug
Main Effect Means and Time Main Effect Means - Differences of Least Squares Means

Bias Efficiency
Rate |Effect |Drug |[Time |Drug Time |LMM [IPW |LMM PWw
Drug |AX23 BWW9 047 10.55 |1.27 1.61
Drug |CTRL CTRL 0.02 0.04 |[1.27 1.60
Drug |CTRL CTRL -0.47 |-0.50 |1.27 1.58
Time 1 2 0.28 (097 |1.37 1.89
10% |Time 1 3 0.50 (0.74 |1.44 2.03
Time 1 4 0.03 10.02 |1.44 1.97
Time 2 3 0.58 [0.59 |1.42 1.75
Time 2 4 0.99 10.99 |1.46 1.60
Time 3 4 048 [0.76 |1.52 1.69
Drug |AX23 BWW9 024 |0.73 |1.33 1.56
Drug |CTRL CTRL 0.21 ]0.39 |1.33 1.54
Drug |CTRL CTRL 0.14 |0.12 |1.33 1.49
Time 1 2 039 1043 |[1.38 1.54
20% |Time 1 3 0.68 |1.02 |1.57 2.02
Time 1 4 0.15 (0.24 |1.59 1.93
Time 2 3 0.54 |0.76 |1.67 1.84
Time 2 4 0.89 |1.10 |1.62 1.54
Time 3 4 0.63 1094 |[1.83 2.09
Drug |AX23 BWW9 0.23 ]0.32 |1.53 1.62
Drug |CTRL CTRL 025 (022 |1.54 1.71
Drug |CTRL CTRL 0.26 |0.37 |1.53 1.63
Time 1 2 049 10.82 |1.4l1 1.36
30% |Time 1 3 0.89 |1.05 |1.82 2.03
Time 1 4 0.64 [0.76 |1.84 2.01
Time 2 3 0.72 |0.88 |1.90 1.94
Time 2 4 091 |1.16 [1.90 1.94
Time 3 4 1.15 |1.01 |2.62 2.37

Note: The largest bias and less efficiency for each given estimate presented in bold. LMM=linear mixed
model; IPW=inverse probability weighting.
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We now discuss the pairwise comparisons among
drug main effect means and time main effect means by
looking at Table 2, which shows the results of bias and
efficiency for the differences of least squares means.
Examining these results we find the following. When
compared with the results based on IPW, the LMM
method offered better performance across all the dropout
rates. LMM contained less biased estimates as compared
to IPW, except for estimates of pairwise comparisons
among (time,, time,) under 10%, (BWW9, CTRL -
time,, time,) under 20%, as well as (AX23, CTRL -
time,, time,) under 30%. For 10% dropout, the estimates
associated with LMM became nearly indistinguishable
from those with LMM as both methods yielded similar
estimates, and in one case - pairwise comparison
among (time,, time,)-they provided the same estimates.
In terms of efficiency condition investigated, table 2
has shown that as expected (see, table 2), the results
were very comparable to what was found in Table 1
(see, table 1). Since a wider interval implied a less
efficient, thus the widest also implies the worst, 95% is
highlighted. Efficiency by LMM was better than IPW,
as the later yielded larger estimates. In other words,
LMM tends to have smallest estimates. Thus, LMM
was more efficient than IPW most frequently, with few
exceptions. Specifically, estimates which showed less
efficiency under LMM were (time,, time,) and (time,,
time,) for 20% and 30% rates, respectively. As a result,
the degree of difference in the width of the intervals
between the two methods increased with increasing
dropout rate. This explains that the dropouts have a
serious impact on the the performance of both methods.

Discussion and Conclusion

We have discussed the performance of using the
likelihood-based and IPW methods for handling
continuous outcomes, when there are dropout missing
at random in longitudinal clinical trials data. Both of
the methods were selected for their solid foundations
on the MAR dropout mechanism, and both methods
can be used for continuous measurements, however
a great deal of work applying the IPW has been
devoted to binary measurements data indeed. Because
both methods come from two opposing schools of
thought, little comparison has been done between
them. Our objective was to compare them for handling
incomplete longitudinal clinical trials, under three
different dropout rates. From the complete data set,
we generated MAR dropout. The comparison between
the two methods was based on a heart rate trial data,
and the estimates corresponding to likelihood-based

164

were then compared to those obtained from IPW. The
comparison was assessed using two criteria, that is;
bias and efficiency.

In general, our findings favoured likelihood-based
over IPW. The likelihood-based analysis using LMM
consistently outperformed IPW in terms of bias and
efficiency. By considering both criteria simultaneously,
likelihood-based performed best under all three
dropout rates when compared with the [IPW approach.
This is to be expected as the likelihood-based analysis
does well for continuous measurements as well as for
the assumption of MAR (Molenberghs and Kenward,
2007). The likelihood-based approach was less biased
and considerably less variable than the IPW approach.
The lower variability achieved by the likelihood-
based approach makes it desirable in most statistical
analyses. This agrees with the theoretical results in
that IPW can be less efficient and less powerful than
likelihood estimators under a well specified parametric
model, see, Seaman and White (2011) and Schafer and
Graham (2002). Given these results, it appears that
either the likelihood-based analysis for MAR dropouts
with continuous measurements are preferable to the
IPW approach. The latter approach was irrespective
of the type of parameter of interest, associated with
greater estimation bias as well as less efficiency.

The findings further revealed that despite the
mechanism of dropout was MAR, the performance of
IPW was unsatisfactory. This explains that [PW has
shortcomings, as shown clearly in the current analysis.
This can be justified by the fact that IPW is more widely
used in marginal models for discrete measurements
than for continuous measurements (see, Robins et
al 1995; Fitzmaurice et al, 1995). Despite these
drawbacks, IPW can be considered as the longitudinal
binary method of choice for the primary analysis
when MAR dropout holds because of its simplicity
and the ease with which it can be implemented as.
Therefore, IPW might become attractive in specific
circumstances. Specifically, with respect to marginal
models under discrete measurements. In conclusion
we submit that the use of the likelihood-based and
IPW methods should be conducted with care when
the longitudinal clinical trials data have dropouts in
continuous measurements. Further, it appeared from
the current analysis that the dropouts have a serious
implication on the type of outcome. Consequently, to
carefully address dropout using likelihood-based and
IPW, the effect must be thoroughly explored by way
of carefully designed simulation studies as well as a
theoretical investigation.
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