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Abstract

Missing data are common in longitudinal clinical trials. Rubin described three different missing
data mechanisms based on the level of dependence between the missing data process and the
measurement process. These are missing completely at random (MCAR), missing at random
(MAR) and missing not at random (MNAR). Data are MCAR when the probability of dropout
is independent of both observed and unobserved data. Data are MAR when the probability of
data being missing does not depend on the unobserved data, conditional on the observed data.

When neither MCAR nor MAR is valid, data are MNAR.

The aim of this thesis is to discuss statistical methodology required for analysing missing
outcome data and provide valid statistical methods for the MAR, MCAR and MNAR scenarios.
This thesis does not focus on data analysis where covariate data are missing. Under MCAR
complete and available case analyses are valid. When data are MAR multiple imputation,
likelihood-based models, inverse probability weighting and Bayesian models are valid. When
data are MNAR pattern-mixture, selection and shared-parameter models are valid. These

methods are illustrated by an in depth analysis of two data sets with missing data.

The first data set is the SAPiT trial an open label, randomised controlled trial in HIV-
tuberculosis co-infected patients. Patients were randomised to three arms; each initiating
antiretroviral therapy at a different time. CD4+ count, an indication of HIV progression, was
measured at baseline and every 6 months for 24 months. The primary question was whether
CD4+ count trajectory over time differed for the three treatment arms. The assumption that
missing data are MCAR was not supported by the observed data. We performed a range of
sensitivity analyses under both MAR and MNAR assumptions.

The second data set is a placebo-controlled, randomised clinical trial conducted for 8 weeks to
determine the effectiveness of hypericum or sertraline in reducing depression, measured by the
Hamilton depression scale. The trial randomised 340 participants, with 28% lost to follow-up
before Week 8. We performed a sensitivity analysis under different assumptions about the
missing data process. The missing data mechanism was not MCAR. Under MAR assumptions,
some of the sensitivity analyses found no difference between either of the treatment arms and
placebo, while some found a significant difference between sertraline and placebo, but not
between hypericum and placebo. This re-analysis contributed to the literature around the

effectiveness of St John’s Wort because it changed the conclusions of the original analysis.
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Chapter 1

Introduction

The statistical analysis of longitudinal data in a clinical trial often has the unavoidable problem of
missing data. This poses the question of how one should deal with the missing data in the
statistical analysis. It is vital to apply a correct statistical analysis that deals with the missing data
to arrive at reliable and unbiased conclusions. This thesis discusses methods of dealing with
missing data and provides an in-depth analysis of two longitudinal data sets which have missing

data. In the following paragraph the specific aims of the thesis are set out.

1.1 Aim of the thesis

The aim of this thesis is to show how available missing data methods can be used in an appropriate
statistical analysis of a real life clinical trial, with missing data. We will show how statistical
methodology can be used to analyse missing outcome data and provide valid statistical methods for
missing completely at random (MCAR), missing at random (MAR) and missing not at random
(MNAR) scenarios. This thesis does not focus on scenarios where covariate data are missing, but

rather on the analysis when outcome data are missing.

Missing data is a vast topic in statistics. It is not possible to describe every method that could be
used in the analysis of missing data. There are valid methods that are not discussed in this thesis,
for example propensity scores (Horton and Kleinman, 2007) and instrumental variables. The
intention is to discuss some of the most useful methods that could be applied in mainstream

statistical analysis using standard statistical software.



This thesis gives a broad overview of missing data methods, with a more in depth focus on pattern-
mixture models. Frequentist, likelihood and Bayesian methods are used. The methodology for
calculating the variance of estimates when combining estimates from pattern-mixture models will
be extended to include the case where there are three or four patterns of missing data using the
delta method (Section 3.3.2.1). This methodology has been published for two categories, and this
thesis includes the extension to three and four categories, which follows directly from the two
category case. These derivations form a new contribution to the application of well-known theory
related to the calculation of the variance of the parameter estimates in pattern-mixture models,

using the delta method.

The thesis contributes to promoting good practice in two ways. It tries to discourage the use of
suboptimal methodology and promotes the use of appropriate methodology and emphasises proper

sensitivity analysis.

Throughout the thesis all statistical analyses are done using SAS, with the exception of the
Bayesian analyses that were done using OpenBUGS. A further aim of the thesis is to show that
appropriate statistical methodology can be applied using standard statistical software. Most of the
statistical methods used can also be applied in many other software packages, such as STATA, R,
MLwiN and SPSS. The objective of the thesis is not to list all statistical software that can be used
or to contrast implementation using different software packages, but to show that it can be done in
one of these. SAS is used for the analysis in this study because it is still regarded as the industry
standard in clinical trial data analysis and is widely used. SAS can also fit Bayesian models, but
OpenBUGS was used to fit the Bayesian models, since it is regarded as the standard software for

Bayesian analysis.

This is a thesis in the field of applied statistics. The statistical methods used in the thesis are not
new or original and have been developed previously by other authors. The original contribution of
the thesis lies in showing that these methods can be applied validly in the analysis of a clinical trial
using standard statistical software. In addition, the sensitivity analysis juxtaposing several methods
is a unique application to the two data sets presented. In the analysis in Chapter 6 the application
of correct methods when data are incomplete leads to a different conclusion than what was
previously found with methods that did not take missing data into account. This leads to a different
conclusion about the effectiveness of St John’s Wort from the conclusion previously published.
The data in Chapter 5 has not previously been modelled, and as such the analysis of this data set is

new.



The application of the theory to both data sets is made more complicated by the fact that there are
three treatment arms. Most applications in the literature only discuss the two arm case. This thesis
also shows how some problems unique to this application that are not addressed in methodological
discussions can be addressed. For example, the application of the delta method in Section 3.3.2.1
was done in detail because only the application for two dropout categories was available in the

literature.

This thesis focuses on continuous, normally distributed outcome data only. The challenges raised
by missing data are similar for categorical and non-normal data. The mathematics and some

implementations differ and as such this was regarded to be outside the scope of this thesis.

1.2  What is a clinical trial?

A clinical trial is a prospective study comparing the effect and value of an intervention against a
control in humans. Each participant is followed forward from a well-defined point, which is called
baseline. The participants are directly observed and an intervention is applied to all participants in
a standardised manner. A clinical trial includes a control group, which does not receive the
intervention against which the intervention group is compared. The investigator does not have
control over what each individual participant actually does. The investigator can only encourage
participants to follow certain procedures. Since it may be impossible to have pure intervention and
control groups in the presence of everything people choose to do, an investigator may only be able

to compare intervention strategies (Friedman, Furberg, & DeMets, 1998).

The ideal clinical trial is randomised and double blinded. Randomisation is the process by which
each participant has the same chance of being assigned to either intervention or control. Chance
underlies the allocation process. Neither the participant, nor the investigator, should know what the
assignment will be at the time the participant decides to enter the study. Randomisation is the best
method for achieving comparability between treatment arms and is the basis for statistical inference

(Friedman et al., 1998).

Double-blinding means that the investigator and participant are blinded, or masked, to the identity
of the assigned intervention. Several other aspects of a trial can also be blinded, namely the
assessment, classification and evaluation of response variables. The goal of blinding is to prevent

bias during the data collection process (Friedman et al., 1998).



1.3 What are missing data?

In a trial context missing data are data that was intended to be collected, but were not collected.
There are different causes for missing data and different amounts of missing data. Some causes of
missing data are by design and some are by chance (Horton & Kleinman, 2007). Some sources of
missing data affect all data for a specific participant, other sources affect specific items only
(Committee for medicinal products for human use, [CHMP], 2010). For example, a specific
reading could be missing because a machine broke or a specimen got lost or all data for a particular
visit could be missing because the participant did not attend the visit (Carpenter & Kenward, 2007).
Some variables are not collected on all participants and some participants may decline to provide

some information (Horton & Kleinman, 2007).

Two occurrences of missing data can be distinguished:
1. Intermittent missing data: A participant missed one visit, but attended at least one
subsequent follow-up visit.
2. Withdrawal (also called dropout): A participant had no further visits after a certain time
point (Carpenter & Kenward, 2007). This could happen because the participant refused to
continue further in the study (CHMP, 2010).

Dropouts in a clinical trial may be for treatment related reasons, for example a participant dropping
out because of intolerability of the treatment or due to a lack of a drug effect (National Research
Council, 2010). Dropout can also be unrelated to treatment. This can be caused by the participant
moving away or if the participant developed an unrelated illness that required stopping the study
treatment (Gould, 1980). Dropout can lead to bias in the analysis of a clinical trial if the
participants who dropped out are systematically different from those who did not (Hogan, Roy, &
Korkontzelou, 2004).

1.4  Why missing data matters

Interpretation of the results of a trial is problematic when the number of missing values is
substantial (CHMP, 2010). Bias is one of the main concerns in a clinical trial. Bias can be defined
as systematic error or the difference between the true value and the value obtained in the trial, due
to causes other than sampling error (Friedman et al., 1998). Missing data are a potential source of
bias when analysing clinical trials, and this bias is the most important concern resulting from
missing data. If participants are excluded, this may influence the comparability of the treatment
groups or the representativeness of the study sample in relation to the target population. Both of

these could lead to a bias in the estimation of the treatment effect (CHMP, 2010).



An example of this is where patients who were performing less well on the treatment tended to
drop out of the study more than patients who performed better on the treatment. A complete case
estimation of the trial outcome would then provide a significant overestimate of the true
performance of the original patients in the trial, because only the patients with favourable clinical

outcome remained in the trial.

The risk of bias in the estimation of the treatment effect from the observed data depends on the
relationship between missingness, treatment arm and outcome. Missing values are not expected to
lead to bias if they are not related to the real value of the unobserved measurement, for example
when poor outcomes are no more likely to be missing than good outcomes. This is illustrated in
the causal diagram in A) of Figure 1.1. If the missing observation is related to the real value of the
outcome (for example poor outcomes are less likely to be observed than good outcomes), this leads
to bias even if the missing values are not related to treatment (CHMP, 2010). This situation is
illustrated in B) of Figure 1.1. Missing values lead to bias if they are related to both the treatment
arm and the unobserved outcome variable. This is pictured in C) in Figure 1.1. In this case
missing values could be more likely in one treatment arm, if participants withdrew from the one
arm since the treatment was not effective (CHMP, 2010). In Figure 1.1, A) does not lead to bias

because of missing data, whereas both B) and C) can lead to bias.
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E: Treatment arm, D: Outcome variable, R: An indicator of whether or not data are missing
Arrows indicate a relationship between variables, whereas dotted lines indicate no relationship

Figure 1.1: Causal diagrams showing the relationship between treatment arm,
outcome and missingness



Several authors test whether missing values are related to treatment by checking whether missing
values are equally likely in all treatment arms. Imbalance in participant withdrawal by intervention
arm is not itself a problem, but could be a possible indicator of other problems (Carpenter &
Kenward, 2007). Dropout can differ among treatment groups without invalidating the analysis, if

the dropout is not related to the outcome. This is illustrated in D) in Figure 1.1.

It is often difficult to determine whether any relationship between missing values and the
unobserved outcome is absent (CHMP, 2010). It is therefore not always possible to know from the

collected data whether the outcome would be biased.

The extent to which missing data bias results is influenced by many factors. These include the
relationship between missingness, treatment assignment and outcome; the type of measure
employed to quantify the treatment effect and the expected direction of changes over time for
participants in the trial. The strategy employed to handle missing values might in itself provide a

source of bias (CHMP, 2010).

Missing data lead to a loss in precision, even if the data are missing in such a way that conclusions
are valid, since less data are available to use to make decisions (Carpenter & Kenward, 2007).
Missing data imply a smaller sample size. The greater the number of missing values the greater the

likely reduction in power (CHMP, 2010).

Non-completers may be more likely to have extreme values (either because a very good response
or a very bad response might lead to loss to follow-up). The exclusion of the non-completers could
lead to an underestimate of the variability in the data because participants who remain are often
more similar and thus artificially narrow the confidence interval for estimation of the treatment
effect (Carpenter & Kenward, 2007, CHMP, 2010). Missing data may thus potentially alter

conclusions.

To draw proper inferences from the trial, dropouts should be included correctly in the analysis.
The way in which dropouts, especially treatment related dropouts, are included in the analysis can
influence the conclusions drawn from the trial dramatically (Gould, 1980). It is important to know
whether these conclusions are sensitive to the missingness mechanism; as this determines how

valid the conclusions of the trial are (Carpenter & Kenward, 2007).

The International Conference on Harmonisation of Technical Requirements for Registration of
Pharmaceuticals for Human Use (ICH) E9 document states the following on missing data,

Section 5.3:



“Missing values represent a potential source of bias in a clinical trial. Hence, every effort
should be undertaken to fulfil all the requirements of the protocol concerning the collection
and management of data. In reality, however, there will almost always be some missing data.
A trial may be regarded as valid, none the less, provided the methods of dealing with missing
values are sensible, and particularly if those methods are predefined in the protocol.
Definition of methods may be refined by updating this aspect in the statistical analysis plan
during the blind review. Unfortunately, no universally applicable methods of handling
missing values can be recommended. An investigation should be made concerning the
sensitivity of the results of analysis to the method of handling missing values, especially if the

number of missing values is substantial.” (ICH E9 Expert Working Group, 1999)

Analysing missing data correctly versus just dropping it from the analysis increases efficiency and
decreases bias (Horton & Kleinman, 2007). Increasingly the importance of considering missing

data is being acknowledged (CHMP, 2010).

1.5 Intent to treat (ITT) analysis

The definition of an I'TT analysis is that all participants are analysed as randomised, in the groups
they were randomised to, whether or not these participants completed the study according to
protocol or adhered to the treatment they were randomised to. The E9 guidelines (ICH E9 Expert
Working Group, 1999) define the ITT population as “The set of participants that is as close as
possible to the ideal implied by the intention-to-treat principle. It is derived from the set of all
randomised participants by minimal and justified elimination of participants.” The ITT analysis
has two principles. The first is that all participants randomised to a treatment arm are included in
the analysis, even if they drop out, and the second is that participants are analysed according to the
treatment they were randomised to, and not according to the treatment they actually received (Little
& Yau, 1996). The principal advantage of the ITT analysis is that it avoids the selection bias
introduced by the non-random losses of participants or when participants take a different treatment
than the one assigned to them and thus preserves the randomisation, providing a basis for a valid
inference (ICH E9 Expert Working Group, 1999; Little & Yau, 1996). This is stated by Fleming
(2011) as “In order to preserve the integrity of randomization, all patients should be followed until
the complete capture of trial outcomes, even after patients have discontinued randomized treatment
or initiated other interventions.” In order to do an ITT analysis as intended, complete follow-up of

all participants is needed (ICH E9 Expert Working Group, 1999).

The ITT analysis estimates the benefits of a treatment policy relative to control and reflects the
effectiveness of the treatment policy for the population. This observed estimate includes the effect

of the treatment assigned and changes to this treatment over time (National Research Council,



2010). An ITT analysis that includes time off treatment in the analysis evaluates the entire
intervention, including auxiliary care provided and rescue therapy offered. It is argued that this is
most relevant in answering the question about the real life effect of the intervention should it
become policy (Fleming, 2011). The ITT analysis asks one specific question, while a patient
taking his medicine might want to know what the on-treatment efficacy of a treatment is, not just

the ITT efficacy (Keene, 2011).

With no missing data the ITT analysis includes every participant who was randomised, regardless
of adherence to the protocol, to estimate the effect of intending to give an intervention. Thus if
participants are followed up after they cease to adhere to the intervention protocol, the data needed

for an ITT analysis is available (Carpenter & Kenward, 2007).

Participants who are lost to follow-up create special problems in the ITT analysis, since potentially
incomplete profiles would need to be analysed as randomised. The target estimand of the ITT
analysis is the as randomised analysis of the hypothetical complete data, if outcomes were available
for the participants who dropped out (Little & Yau, 1996). Failure to include these participants in
the analysis may seriously undermine the ITT approach. The E9 guidelines mention that
imputation techniques can be used to compensate for missing data. The E9 guidelines were written
long ago before missing data theory was well developed. The guidelines state: “Other methods
employed to ensure the availability of measurements of primary variables for every subject in the
full analysis set may require some assumptions about the subjects' outcomes or a simpler choice of

outcome (for example, success/failure).” (ICH E9 Expert Working Group, 1999).

The requirement for an ITT analysis implies that the data analyst needs a response from each
randomised participant in order to include each randomised participant in the analysis. The ITT
analysis intends to analyse the outcome for everyone who entered the trial, even if they do not have
complete data. This interpretation of the ITT analysis makes missing data a particularly
troublesome issue in clinical trials. The analyst cannot ignore the missing data if he or she wants to

follow the requirement of an ITT analysis.

In practice, a simplistic imputation method, last observation carried forward (LOCF) is often seen
as a solution to this problem. When implementing LOCF every missing value for a participant is
replaced by the last observation observed before the missing value. However, several publications
highlight the problems with LOCF as an analysis technique and this is not regarded as a feasible
alternative in analysing missing data (Carpenter et al., 2004; Mallinckrodt, Clark, & David, 2001;
Molenberghs & Kenward, 2007; Molenberghs et al., 2004). LOCF might inflate the Type I error

and creates bias in the estimation of mean change from baseline while creating standard errors that



are too small (Mallinckrodt et al., 2001). LOCEF has also been shown to force the missing data

mechanism to be future dependent (Kenward & Molenberghs, 2009).

Missing data also violate the strict ITT principle which requires measurement of all participant
outcomes regardless of protocol adherence (CHMP, 2010). With incomplete data there is no
unequivocal ITT analysis (Carpenter & Kenward, 2007). Various analyses are possible, as

discussed later.

1.6 Missing data and per protocol analysis

The per protocol population is a subset of the ITT population and includes those participants who
were more compliant to the protocol; patients who completed a pre-specified minimal exposure to
the treatment regimen (for example, received 80% of all doses), have the primary endpoint variable
available and have no major protocol violations. The per protocol analysis maximises the
opportunity for a new treatment to show efficacy in the analysis. It also most closely reflects the
scientific model underlying the protocol. It is possible that a per protocol analysis could be biased,
and this is seldom regarded as the primary analysis of a trial (ICH E9 Expert Working Group,
1999).

In a per protocol analysis non-adherers to the protocol are simply eliminated (Rothman, Greenland,
& Lash, 2008). The per protocol analysis regards a participant’s data as effectively missing from
the time the participant ceased to adhere to the protocol. The per protocol analysis thus does not
maintain the comparability of treatment groups that should have been guaranteed by randomisation,
because it excludes randomly assigned participants on the basis of outcomes after baseline. The
answer provided by the per protocol analysis is not applicable to the entire set of eligible patients
and not interpretable in real life settings (Fleming, 2011). A per protocol analysis could be
excluding participants because they do badly on the regimen, since participants doing badly on a
regimen are more likely to discontinue the regimen and not completing the full treatment regimen,

thus biasing the results (Keene, 2011).

An “as treated” analysis is defined as a subset of the per protocol analysis, where only participants
who adhered to the intervention are included (Hulley et al., 2007). This analysis is based on the
actual treatment received, rather than the treatment randomised to. This is subject to bias from
factors that influence whether a participant in the study adheres to treatment. One such factor
could be the treatment itself; since certain treatments might be easier or harder to adhere to than

others (Rothman et al., 2008).
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Because of the different hypotheses underlying per protocol and ITT analyses, it is not a surprise
that there will be a difference in the way missing data are handled. There must be a difference
between the conditional distributions of the missing data given the observed when addressing the

ITT and per protocol hypotheses (Carpenter & Kenward, 2007).

1.7 What is the correct analysis in the face of missing data?

Before modelling the data it is important for the statistician to take the time, together with the
investigators, to understand why observations might be missing, using the data (Carpenter &
Kenward, 2007). Any data analysis should start with a critical discussion of the number, timing,
pattern, reason for and implications of missing values. There is no universally applicable method

of handling missing values and different approaches may lead to different results (CHMP, 2010).

The CHMP report emphasizes that when proposing a method to handle missing data it is important
that an analysis is provided which does not have a bias favouring the experimental treatment, this,
in their words, is a conservative analysis. This is the main justification they require for selecting a
particular method. They do not consider the properties of the method under particular assumptions,
only whether it provides a conservative estimate of the efficacy of the experimental treatment

(CHMP, 2010).

This primary focus of the CHMP report is not helpful in many instances. The document is written
as a guideline in drug development and drug licensing and in that context the requirement for a
conservative approach is easy to implement. Drug manufacturers have a motivation to get new
drugs on the market and it protects the public to require that drugs can only be shown superior in a
conservative analysis. If effectiveness can be shown in the presence of bias against the drug, the
licensing authority can be certain that the drug is even more effective than claimed by the drug
manufacturer. A biased, conservative analysis might also lead to an effective drug not being
licensed, which is also not in the best interest of the public. However, many other settings do not
have such a clear experimental arm against which a conservative analysis should be applied. For
example, in public health research, where governments are looking for the best possible treatment
protocol to implement in state hospitals it is not clear whether a conservative bias would be more
prudent. In cost effectiveness analysis of medications already registered, it is also not clear in
which direction one wants conservative bias to be applied, since there is no clear ‘active’ arm that

should not be advantaged by any bias.

Trying to perform a conservative analysis is not the solution to analysing missing data. In the first
place, it can be argued that a conservative analysis might do as much harm as a liberal analysis by

keeping an effective treatment from being adopted. Rather, one should apply an analysis that is
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valid, neither conservative nor liberal. Whether an analysis is valid, depends on the assumptions
one is willing to make regarding the missing data mechanism. Keene (2011) also argued that it is
important to aim for the most relevant approach, the one that answers the question you are asking,

not for the most conservative approach.

There is no universal statistical method to use when data are missing, but there are universal
principles which apply to every situation. With missing data extra assumptions are required.
These assumptions specify the mechanism by which the data became missing and highlights
differences in the distribution of the data between participants who did and did not complete the
trial. It is also necessary to show that the inferences about the intervention are robust to different

assumptions about the reason for missing data (Carpenter & Kenward, 2007).

Principles for handling missing data highlighted by the panel on handling missing data in clinical
trials (National Research Council, 2010) are:
1. Minimise the occurrence of missing data through proper screening of participants, good
trial conduct and data collection efforts.
2. A missing value hides a true underlying value. This true underlying value is important for
analysis.
3. Reasons for missing data should be documented, since these reasons can inform the
assumptions about the missing data mechanism.
4. The missing data mechanism needs to be assumed and this assumption should be
transparent.
5. A statistically valid analysis should be done under the missing data assumption. This
analysis should account for sampling variability and uncertainty associated with missing
observations.

6. A sensitivity analysis should be done to test the robustness of the analysis.

1.8 How much missing data are acceptable?

It is often assumed that the amount of missing data determines whether missing data are biasing
results. However, there is no universal rule regarding the maximum number of missing values that
could be acceptable. The nature of the outcome variable determines the absolute number of
missing values. If the outcome variable is mortality, less missing data are expected than if the
outcome is difficult to measure. The length of the trial also determines the amount of missing data.

The longer the trial the more missing data are to be expected (CHMP, 2010).

It is not only the amount of missing data that determines whether missing data bias results,

although more missing data certainly raises more suspicion of possible bias than few missing data
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points. Rather it is determined by the question, information in the observed data and the reason for
the missing data. Context determines whether error will be induced by the missing data. If an
event is rare then missing data on few participants can alter the estimated event rates dramatically.
If the proportion of participants withdrawing varies by intervention arm, estimated intervention
effects are more likely to be affected than if participants withdraw independently of treatment arm.
Even if no bias is introduced by missing data, missing data certainly leads to efficiency loss
(Carpenter & Kenward, 2007). The anticipated effect size in the study and the likelihood that a
sensitivity analysis would confirm the findings of the trial also influences the amount of missing

data that would be deemed acceptable (National Research Council, 2010).

In Chapter 2 we discuss under what circumstances missing data can lead to bias (Carpenter &

Kenward, 2007).

1.9 How missing data are currently handled

Burton and Altman (2004) did a review of the use of missing data methods in 100 cancer
prognostic studies published in 2002. Of these 81 had missing data and 32 stated how the missing
data were analysed; 12 used complete case approach, 23 available case, 6 omitted variables, 4 used
a missing indicator approach, 3 used ad hoc imputation procedures and one used multiple
imputation. They found that missing data were generally handled inadequately and included some
guidelines for the handling of missing data in their paper. These included:

e Description of the completeness of data. The number of cases with missing data should be

stated. The frequency of missingness should be given for every variable.

¢ Sufficient detail should be provided on the missing data analysis methods used.

e Any imputation method used should be referenced.

e For each analysis the number of cases included should be given.

e Missing data should also be explored by giving the known reasons for missingness and

comparing the characteristics of cases with and without missing data.

A review by Wood et al. (2004) showed that the description of missing data and the methods used
are inadequate. Horton and Switzer (2005) reviewed 311 papers published between 2004 and 2005
in the New England Journal of Medicine, only 26 (8%) reported missing data methods. This means
there is a disjoint between the theoretical statistical methods available and the practical

implementation of these methods in applied settings.

A trial should be designed in such a manner that variables are collected on all participants prior to

withdrawal. These variables can be collected at baseline and during follow-up and can then be
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used to predict or describe withdrawal (Carpenter & Kenward, 2007). The amount of missing data
and the strategies selected to handle missing data can influence the required sample size, the
estimate of treatment effect and the confidence with which data can ultimately be interpreted. How
to minimise the amount of missing data is a critical issue that must be considered during the design

of a trial (CHMP, 2010).

The National Research Council (2010) report on missing data discusses ways in which trials could
be designed in order to minimise the impact of missing data. Data collection should be
strengthened. They emphasise that trial outcome data should be collected for participants who stop
the study treatment or had protocol non-compliance. Where possible, outcome data after
withdrawal should be collected. The reason for dropout should also be collected (CHMP, 2010).
They also suggest that outcomes be defined in a manner that is measurable in as many participants
as possible; this includes the use of composite outcomes such as time to death or worsening of
disease. They suggest that study duration be shorter in order to reduce missing data due to attrition.
Attention should be given to how missing data due to death is to be handled. It is worth noting
from their discussion that the handling of missing data is much larger than simply accounting for
this in the statistical analysis. Researchers should be proactive in preventing missing data in the
first place. It is also important to collect covariate data that is predictive of withdrawal and the
study outcome, since this improves the adjustments made with incomplete data. Fleming (2011)
also stated that the preferred approach to addressing missing data is to prevent it. He also argues
that studies should distinguish between non-adherence (not receiving randomised therapy) and non-

retention (not attending study visits).

The CHMP made the following points regarding the handling of missing data (CHMP, 2010), and
these were reinforced by Carpenter and Kenward (2007):
1. One should take care in the design and implementation of a trial by minimising the amount
of missing observations
2. One should consider how to cope with missing data when drawing up the data analysis
plan
3. One should specify in advance the nature and scope of any sensitivity analysis

4. One should look at the proportion of missing data by time of withdrawal and treatment arm

The panel on handling missing data in clinical trials (National Research Council, 2010) summarises
points on which guidelines for the handling of missing data in clinical trials agree. These are

1. One should plan how missing data will be handled during the design of the study.

2. Complete data should be collected for all randomised participants, even if they discontinue

study treatment.
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3. The CONSORT guidelines (Schulz et al., 2010) should be adhered to.
4. The use of single imputation methods is criticised.
5. Emphasis is placed on doing sensitivity analysis, since no single way of handling missing

data exists.

The issues raised by missing data are wider than the technical details of statistical analysis
(Carpenter & Kenward, 2007). There is no best approach for all situations. The acceptability of an
approach depends on the assumptions made and whether it is reasonable to make these assumptions
in the particular case (CHMP, 2010). Missing data provide a real challenge for the correct analysis
of clinical trials. The National Research Council (2010) start their recommendations with:
“Missing data in clinical trials can seriously undermine the benefits provided by randomization

into control and treatment groups”.

Mallinckrodt et al. (2003) summarised this as follows:
“When determining a suitable approach to modelling longitudinal data, it is important to realize
that no single “best” method currently exists. This implies that an analysis must be individually
tailored for a given situation. It is, therefore, crucial that the desired attributes of the analysis are

clear, and that the characteristics of the missing and non-missing data are understood.”

This thesis addresses the analysis of clinical trials when a considerable amount of data are
incomplete. However, it should be remembered that the best way to deal with missing data is to
prevent it from occurring in the first place by conducting the trial well, screening of participants
and data collection. The National Research Council (2010) stressed the importance of continuing

to collect data even when participants are not receiving the study treatment.

The rest of this thesis is structured as follows. In Chapter 2 we discuss different missing data
mechanisms and introduce the MCAR, MAR and MNAR terminology of Rubin (1976). Monotone
and non-monotone missing data are described and a taxonomy of missing data is given. In Chapter
3 different approaches to dealing with missing data are given. These include the complete case
analysis, single and multiple imputation, selection models, pattern-mixture models, shared-
parameter models, weighting methods and Bayesian methods. Likelihood-based methods are

discussed in detail.

Chapter 4 highlights the importance of sensitivity analyses and describes the principles that should
be followed when a sensitivity analysis is done. Chapter 5 introduces the first example data set, the
SAPIT study. The study is explained and the data are analysed using the methods discussed in

Chapter 3. In Chapter 6 the second example data set, the St John’s Wort trial, is introduced and the
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data are analysed using the methods discussed in Chapter 3. This re-analysis of the data provided a
contribution to the literature around the effectiveness of St John’s Wort because it changed the
conclusions of the original analysis where missing data were not taken into account. Chapter 7

discusses the practical implications of missing data when analysing the results of a clinical trial.
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Chapter 2
Types of missing data

In a clinical trial either baseline covariates, covariates over time or outcome data can be missing.
Baseline covariates, which are often included in the statistical analysis, are seldom missing,
because study staff go to great lengths to collect this data and some variables need to be collected at
baseline in order to determine the participant’s eligibility, for example age or disease status. The
most likely baseline covariates to be missing are laboratory variables and sometimes interview data
that participants do not want to divulge, such as salary. Missing date are often only created over
time when participants do not attend all visits. Because baseline data are often collected with very
little missing observations, the focus of the missing data discussion will be on missing outcome
data and baseline covariates are assumed to be complete. Missing data in covariates can be

handled conveniently using multiple imputation, which is discussed in Section 3.2.

2.1 Notation

We assume N independent participants in a trial, indicated by i = /,...,N. We plan to collect a set
of n measurements Yj; with j = 1,...,n. Participant is indicated by i and measurement by j. Because

of the possibility of missing data, we assume that we have n; observations for participant i.

Y;i: Response for ith participant at jth occasion
Yi=(Yi1, -, Yin;)': Vector of outcomes
Y955 : Observed component of ¥;

Y™S: Missing component of Y;



17

R, = (Ri1, ., Rl-nl.)': Vector of missing data indicators; R;; = I if Y¥}; is observed and 0 otherwise
D=1+ Z?Ll R;j: Dropout indicator. If the missing data indicator consists of all R;; equal to 1
up to time j and O thereafter, then the missing data can be represented by the dropout-time, the first
time point where the data are missing.

X;: Vector of covariates for participant i

t;: The value of time (day, visit, week) for the 7™ measurement of participant i

0: Parameter vector describing the measurement process; relating the outcomes Y to the covariates

X

V. Parameter vector describing missingness process. 0 and y may have some parameters in
common.
z;: An indicator variable for treatment; / if the participant is in the active treatment arm and 0 if the

participant is in the control arm. This is constant across time for a given participant

2.2 Missing data mechanisms

Rubin (1976) described three different missing data mechanisms. This taxonomy is based on the
level of dependence between the missing data process and the measurement process. These are
MCAR, MAR and MNAR. Most subsequent work has used these terms and has built on these

concepts. Each is discussed in turn.

Independence across participants is assumed. The density of the full data is

f (yi:rile; lI}rxi) = f(y?bs,ygnis, rile' lI}rxi) .

This can be factored as

Fors, ¥y, 10,9, x;) = F(e2S, ri|w, x;) F( 7|y, 7, %, 0,9).

This factorisation makes it clear that the first factor on the right hand side can be inferred from
observed data. By making modelling assumptions the analyst can estimate this distribution from
the observed data. The second factor above is the distribution of missing data and cannot be
inferred from the observed data. Thus, to analyse the full data model when data are incomplete, the
analyst has to specify a model for the distribution of the observed data and to combine this with

assumptions about the missing data. These assumptions cannot be tested using the observed data.

2.2.1 Missing completely at random (MCAR)

When missing data are MCAR the missingness is not related to any factor and is unrelated to any
inference one wishes to draw. This means that the probability of dropout is independent of both

observed and unobserved variables, including the outcome variable, given covariates.
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This type of missing data arises when observations are missing because of equipment failure or
because the staff member who collected the data was ill. These events are as likely to occur for one
participant as for another, whatever their disease severity or intervention. It is as if after
randomising the participants to intervention we randomly decide who to observe (Carpenter &
Kenward, 2007). Participants who drop out of a study for this reason could be considered a
random sample from the total study population and their characteristics and outcomes are similar to
that of the study population (CHMP, 2010). MCAR data implies that
frilx,yu ) = f(rilx, P)
(Horton & Kleinman, 2007; Molenberghs & Kenward, 2007).

When missing data are MCAR, an analysis of those participants who completed the study is valid.
Important instances of non-likelihood methods such as generalised estimating equations (GEE) are
also valid. Validity does not necessarily imply that such methods applied to the completers only
are also efficient, and there usually are good reasons to include the incompletely observed study

participants as well.

MCAR is the easiest type of missing data mechanism to deal with. However, in practice
missingness is often related to the outcome of interest and thus the data are not MCAR. There is
often an association between the probability of having missing data (either participant withdrawal
or intermittent missing data) and either the intervention, baseline variables such as baseline disease
status, or the measurement just prior to the missing observation (when data are measured
longitudinally). If, for example sicker participants are more likely to have missing data, an analysis
that assumes MCAR is not sensible. The convenient assumption of MCAR can thus be made in
rare circumstances only. When the MCAR assumption cannot be made, one cannot analyse only

those participants with complete data (Carpenter & Kenward, 2007).

In spite of what observed data may suggest, one can never be sure that data are MCAR.
Nevertheless the observed outcome data can rule out MCAR. We can investigate whether there is
any relationship between observed outcome data and the occurrence of missing data. If there is,
data are not MCAR (Carpenter & Kenward, 2007). One can test whether data are MCAR against
the assumption of MAR (Diggle, 2002). In the simple setting this test reduces to a t-test comparing
the means of outcome variables for complete and incomplete cases. Logistic regression can be

used to identify predictors of dropout or missingness (Carpenter, Pocock, & Lamm, 2002).
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2.2.2  Missing at random (MAR)

MAR is a less stringent requirement than MCAR. Missing data are said to follow a MAR
mechanism if the probability of non-response can depend on observed data (responses and baseline
covariates) but conditionally on these does not depend on unobserved responses. This assumption
implies that the behaviour of the post dropout observations can be predicted from the observed
variables and therefore the response can be estimated without bias using the observed data

exclusively (CHMP, 2010).

The term MAR might be misleading, since missingness is not random and can actually be predicted
from recorded information, although in a stochastic rather than a deterministic sense. Missingness
is, however, random after controlling for the observed covariates (Horton & Kleinman, 2007).
Another way of looking at this is to say that data are MAR when we can find fully observed
variables which define groups within which the data are MCAR. Data are MAR, if, conditional on
another variable, the data are MCAR (Carpenter & Kenward, 2007).

In the case of MAR data, the statistical distribution of potentially missing data is the same
(conditionally) for all participants who share the same observed data, whether or not they have
missing data. Participants who have missing data share the same conditional statistical behaviour
in their unobserved future, given their observed past, as those who do not have missing data. In
other words, the distribution of the endpoint value, given baseline and observed data, for
participants with missing values is the same as for participants without missing data (Carpenter &

Kenward, 2007).

MAR data occur, for example, when a participant was doing poorly and the physician decided to
discontinue participation. In such a case dropout was related to the outcome of interest, but the
observed data explained the dropout (Mallinckrodt, Sanger, et al., 2003). The MAR assumption is
implausible if missing data are due to some unobserved deterioration, but plausible if missing data
are simply due to loss to follow-up. The MAR assumption is more plausible than the MCAR
assumption (Little & Rubin, 1987; Mallinckrodt, Clark, et al., 2003).

Mathematically MAR data are defined as follows:

[ (rilxy,yi @) = f(rilx;, }’?bs» Y)
(Molenberghs & Kenward, 2007).

Under MAR assumptions analysis of completers only or observed data only is not valid. The

marginal average cannot be used. Imagine that worse health at baseline is associated both with
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increased risk of withdrawal and poor response to intervention. In this case, analysing data from
the participants who remain to the end of the trial gives an over optimistic view of the intervention
effect (Carpenter & Kenward, 2007). Under MAR assumptions unweighted GEE is not valid, due
to its non-likelihood nature. Likelihood-based analyses, some weighted estimation methods,
multiple imputation and Bayesian methods are valid, among others (Molenberghs & Kenward,

2007).

MAR data can be analysed through joint modelling of complete and partially observed response
data, conditional on fully observed data. With current methods available to analyse MAR data,
single or simple imputation of data is not needed. If outcome data are MCAR conditional on
treatment alone (i.e. MAR) then including treatment in the model gives a valid treatment estimate

(Carpenter & Kenward, 2007).

It is argued that a MAR analysis addresses the per protocol hypothesis under which we want to
estimate the distribution of responses had participants continued to adhere to the protocol. If we
assume the data are MAR, sensible estimates of the intervention effect addresses this hypothesis.
Within each baseline group, for example each treatment group, the distribution of responses is the
same for observed and unobserved participants. This assumes that the unobserved participants
continued with treatment per protocol as the observed participants did. Under MAR assumptions
the estimated treatment effect is thus the per protocol treatment effect (Carpenter & Kenward,
2007). If no further data are collected when participants are withdrawn from treatment, methods
that rely on MAR are estimating treatment effect under the condition that everyone remained on
treatment. This does not provide a valid estimator of the ITT effect. If data are collected after
withdrawal from treatment, this can be used to estimate the ITT effect, assuming MAR (National

Research Council, 2010).

The process to analyse data where the missing data mechanism is believed to be MAR can be as

follows:

1. Identify a fully observed variable or set of variables whose values predict the occurrence of
missing data

2. Within groups identified by this variable or set of variables, assume data are MCAR. Within
these groups sensible estimates can thus be obtained from the observed data

3. An overall average estimate is obtained from these separate groups, by averaging the groups and
allowing for there being different numbers of participants in the different groups (Carpenter &

Kenward, 2007).
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Hogan et al (2004) extended the MAR concept to longitudinal data. They coined the phrase
sequential MAR (or S-MAR). The S-MAR assumption is that given R;,_q =1 the future
responses (Y, ... , ¥in)' are independent of R;; conditional on the past. The difference between the
MAR and S-MAR assumption is that under MAR, dropout at R;; can depend on elements of the
covariates (x variables) and observed responses (Y variables) before, at and after ¢, while under S-
MAR dropout at time ¢ can depend on elements of the covariates and the observed Y before ¢ or in

the case of the covariates, at t.

By including a rich set of predictors, the MAR assumption can be made more plausible (Collins,
Schafer, & Kam, 2001). If all the predictors of dropout are known and used in a model, then a
MAR model is adequate. In the design of a study it is thus important to identify the likely causes
for dropout and collecting variables that would measure this. Baseline characteristics and response
variables over time could be useful. A study can also be designed so that withdrawal is triggered
by a response variable deteriorating beyond a specific level (Carpenter et al., 2002). This is the
case in the Hypericum perforatum study discussed in Chapter 6 (Hypericum Depression Trial

Study Group, 2002).

2.2.3  Missing not at random (MNAR)
MNAR has several synonyms and is also called not missing at random (NMAR). Data are MNAR

if the probability of an observation being missing depends on unobserved measurements,
conditional on the observed data. Even given the information about the missingness mechanism in
the fully observed data, the reason for an observation being missing depends on the unseen value of
that observation. The distribution of future observations conditional on past observations differs
between those who have missing data and those who do not (National Research Council, 2010).
MNAR is often defined by exclusion; when neither MCAR nor MAR assumptions are valid, data
are MNAR (Carpenter & Kenward, 2007). Missingness can depend on unobserved outcomes in

addition to dependency on observed covariates and outcomes (Molenberghs & Kenward, 2007).

MNAR data in a clinical trial could arise, for example, when a participant had been doing well until
midway in a trial and was then lost to follow-up, because, after the last observed visit the
participant relapsed into a worsened condition. In such an instance dropout was related to the
outcome of interest, but the observed data did not predict the dropout. The unobserved data held
information not foreseen by the observed data. Missingness due to adverse events are difficult to
classify as MNAR versus MAR because the relationship to the observed outcome may vary from

situation to situation. Missingness due to adverse events are not MNAR, if it was observed that the
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participant’s condition worsened prior to the dropout but would be MNAR if the participant’s

condition did not worsen prior to the dropout (Mallinckrodt, Sanger, et al., 2003).

Future observations cannot be predicted without bias by the model. It is impossible to be certain
whether there is a relationship between missing values and the observed outcome variable or to
judge whether the missing data can be adequately predicted from the observed data (CHMP, 2010).
Ignoring non-random missing data when it is present, means choosing not to model the relationship
between the unobserved response and dropout. This means ignoring the fact that dropout indicates
some deviation in the response. This effect is then ignored in the estimates of parameters

(Carpenter et al., 2002).

Valid inference under MNAR requires explicit or implicit use of the missing value mechanism. In
practice, we often do not know what it is. Because MNAR methods require assumptions that
cannot be validated from the data at hand, a definitive MNAR analysis does not exist (Carpenter &
Kenward, 2007; Mallinckrodt, Sanger, et al., 2003). Any analysis of data in the presence of
MNAR data is assumption driven. The panel on handling missing data in clinical trials (National
Research Council, 2010) called this the “central problem of missing data analysis in clinical
trials”. Since no definitive analysis exists, sensitivity analysis plays a large role in the analysis of
missing data assumed to be MNAR (Mallinckrodt, Clark, et al., 2003; Molenberghs & Kenward,
2007).

The observed data can be used to distinguish between MCAR and MAR, but the observed data
cannot be used to distinguish between MNAR and MAR (Carpenter et al., 2002; Horton &
Kleinman, 2007). This means that one can never rule out MNAR, because in order to do so one
needs to observe the missing measurements. The MNAR models in a sensitivity analysis need to
be selected to generate conclusions bounded by the results of the MAR model and the worst case
MNAR model. The sensitivity of conclusions to non-random dropout can be assessed by
modifying the MAR model to allow for various non-random dropout scenarios and seeing whether
conclusions vary (Carpenter et al., 2002). An overall assessment of MAR versus MNAR is not
possible, because every MNAR model has a unique MAR counterpart, with the same fit as the
original MNAR model. This MAR model would also lead to the same predictions of the observed
data as the MNAR model (Molenberghs et al., 2008).

Most analytic approaches under MNAR are based on models for the joint distribution of the
outcome variable and the missing data mechanism. Classifications of different MNAR models are
based on the factorisation of these joint models. These missing data models fit in the broader

context of joint models for repeated measures and time to event (Hogan et al., 2004).
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The analysis of MNNAR data proceeds in two steps. During the first step the statistical relationship
between the chance of seeing a variable and its unseen value is described. During the second step
we describe how the distribution of the data differs among participants with missing observations

(Carpenter & Kenward, 2007).

The only way forward in the face of MNAR data is to use auxiliary information and knowledge
about possible data mechanisms to describe distributions for the missing data or to conduct
sensitivity analyses to gauge whether conclusions will change when varying assumptions are made

about the missing data mechanism while assuming MNAR.

2.2.4  Summary of MCAR, MAR and MNAR

It is implausible that clinical trial data would be MCAR. MNAR analyses are difficult to
implement and interpret and it is difficult to know whether the assumptions made are correct.
MAR likelihood-based methods seem to be most suited to longitudinal clinical trials data especially
if covariate information predictive of missingness is collected and conditional analyses can be
done. However, this depends on the estimand and the MAR analysis generally answers the per
protocol question and not the I'TT question. Since it is difficult to rule out the possibility of MNAR
data, it is suggested that when an MAR analysis is done, MNAR analysis is used to assess
robustness of the results from the likelihood-based MAR analysis (Mallinckrodt, Sanger, et al.,
2003; Molenberghs & Kenward, 2007). With missing data it is important to remember that no

definitive correct analysis exists.

Rubin (1987) argued that, even if data are MNAR, after accounting for the information about the
missingness mechanism in the observed data, there is relatively little information remaining in the

unseen data. This is a further argument for the use of MAR methods.

2.3 Monotone and non-monotone missing data

The pattern of missing data can be classified as monotone or non-monotone missing data. If the
data matrix can be rearranged so that there is a hierarchy of missingness so that observing a
particular variable Y, for a participant implies that Y, ; is observed then missingness is said to be
monotone. Simple methods can be used if the pattern is monotone (Horton & Kleinman, 2007). In
longitudinal data monotone missing data are created when missingness is caused by dropout
(Molenberghs & Kenward, 2007). When missingness is caused by participants randomly missing

some visits and arriving for other visits missingness is non-monotone. When missingness is non-
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monotone, models for the missingness of one variable may include covariates or previous outcome

data which also have missing values.

Some of the methods discussed in the chapters that follow can only be applied when missing data
are monotone, for example weighted GEE and pattern-mixture models under identifying
restrictions. This will be discussed in more detail where these methods are described. It is also
important to know whether missingness is monotone or non-monotone when choosing the multiple

imputation method.

2.4 A taxonomy of missing data

To appropriately describe missing data issues, it is convenient to adopt a number of interconnected
but logically independent taxonomic dimensions. Several have been touched upon already in what

preceded.

Missing data mechanism

The missing data mechanism refers to whether data are MCAR, MAR or MNAR, in other words it

refers to why data are missing. These were defined and discussed in detail in Section 2.2

Missing data pattern

This refers to whether data are complete or missing and whether missing data are monotone or non-

monotone. This has been discussed in Section 2.3.

Missing data frameworks

Will the data be analysed using a pattern-mixture model, a selection model, or employing a shared-
parameter model? A selection model factors the joint distribution of the measurement and response
mechanism into the marginal measurement distribution and the distribution of the missing data,
conditional on the outcomes. A pattern-mixture model does the reverse (Kenward & Molenberghs,

2009). These are discussed in Chapter 3.

Inferential paradigm

Three commonly used paradigms exist for statistical inference, namely likelihood, Bayesian and

frequentist inference.

Ignorability
Rubin (1976) defined the concept of ignorability in missing data. This refers to the fact that under

certain conditions the mechanism generating missing data can be ignored when the interest is in

inference about the measurement process without biasing the analysis.
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In order for missing data to be ignorable in the likelihood setting, the assumption is made that the
parameters of the missing data mechanism are distinct from the parameters of the sampling model,
the separability condition (Ibrahim et al., 2005). When the separability condition holds in a
likelihood framework or under Bayesian inference, ignorability is equivalent to the union of MAR
and MCAR. Frequentist methods such as GEE are generally unbiased only under MCAR, even
though there are some exceptions (such as restricted maximum likelihood (REML), certain forms
of profile likelihood, protective estimation methods, etc.). However, if GEE are weighted using
weights that depend on the missingness probability, GEE can be used under MAR. This is what is
called inverse probability weighting (Carpenter & Kenward, 2007). When ignorability holds, one
need not specify the missing data mechanism, but only the full data response model (Daniels &

Hogan, 2008).

Study population

Study population defines the study population to which the analysis refers. These include the ITT,
per protocol or “as treated” populations. Some implications of missing data for the ITT population

were discussed in Section 1.4.

2.4.1  Summary

Several approaches to analysing missing data are possible by making selections on the taxonomy
dimensions discussed in the previous section. In the case of continuous data, if missingness is non-
monotone, but is dominated by dropout, the question translates to a selection model question. This
implies we are interested in the overall treatment effect change over time, not specific to a dropout
group. This analysis would make use of all the data; both from complete and incomplete

sequences.

We return to the conundrum mentioned in Section 1.4: clinical trials generally require an analysis
by ITT, which is complicated by missing data. Some methods would be valid if the MAR
assumption can be made, and the missing data mechanism is ignorable, such as direct likelihood,
direct Bayesian inference, multiple imputation and inverse probability weighting methods (such as
weighted estimating equations). However, these methods address the per protocol hypothesis and

not the ITT hypothesis.

In Chapter 3 various methods to deal with missing data are discussed. Most of these methods can

be implemented in standard software.



26

2.5 The estimand

The choice of an estimand involves the outcome measure, the population of interest and the time
over which the analysis is conducted (National Research Council, 2010). The estimand is that
quantitative feature which one would like to know from the population, but is only available
through the inferences drawn from a selected sample from this population. It is important that the
estimand be clearly defined, by specifying the outcome measure and the target population of

interest clearly.

The full analysis set is all participants who met the inclusion and exclusion criteria and were
randomised. Ideally, inference for the target population of eligible participants would be drawn

from the full analysis set (Carpenter & Kenward, 2013).

The estimand one chooses is influenced by whether one wants to determine the efficacy or the
effectiveness of the intervention. The efficacy is defined as the effects of the intervention if taken
as specified in the protocol, in other words the benefit of the drug expected at the endpoint of the
trial if all participants adhered to the treatment. Effectiveness, on the other hand, is the effects of
the treatment observed in the trial, given imperfect adherence and other deviations from the

protocol (Mallinckrodt et al., 2012).

(Carpenter, Roger, & Kenward, 2013) preferred to introduce the less ambiguous terms ‘de jure’ and
‘de facto’. In essence, the de jure hypothesis is the efficacy hypothesis. The de jure question asks
what the expected treatment effect would be in the target population if the treatment and control
were taken as specified in the protocol. This is also what is sometimes meant under the per
protocol effect. Within the context of missing data, this question becomes “If after participants
were not observed, they continued with the treatment randomised to and adhered to the protocol,

what would the treatment effect be at the end of the study?”

The de facto question refers to the effectiveness question, namely what effect would be seen in
practice if this treatment was assigned to the population of eligible patients. This is what is
sometimes meant under the ITT question. In the context of missing data, the de facto question is
“If we had observed all the participants at the end of the trial, what would the treatment effect have

been?” (Carpenter et al., 2013).

The following five estimands were listed by the National Research Council (2010) in the context of

a symptom relief trial with two treatment arms.
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Estimand 1: Differences in outcome improvement at the planned endpoint for all randomised
participants.

This estimand compares mean outcomes for participants randomised to the treatment and control
arms, regardless of what treatment they actually received; the traditional ITT framework. Data
after participants stopped using the randomised medication or started using rescue medication are
included in this analysis. This answers the de facto question, or the effectiveness hypothesis
regarding treatment policies relative to control. The observed difference between the treatment and
control includes the effect of the treatment randomised to as well as any changes made to the
participants’ treatment over time, either due to lack of effect or side-effects. During the drug
development process causal effects are usually the focus, not treatment policies. A parallel-group
randomised trial in which outcome data are collected on all participants, those who adhere to the
protocol and treatment regimen and those who do not adhere, supports the use of this estimand. If
outcome data are not collected after participants drop out or switch from the assigned treatment,

this estimand is not supported (Mallinckrodt et al., 2012; National Research Council, 2010).

Estimand 2: Difference in outcome improvement in tolerators.

This estimand compares the mean outcomes for treatment versus control in the subset of
participants who tolerated and adhered to the treatment. A design that supports this estimand is a
study with an active run-in phase used to identify participants who meet tolerability and efficacy
criteria to continue. After the run-in phase, participants are randomised to one of the two treatment
arms. Drug benefit is assessed only in participants who were selected because they responded

favourably during the run-in phase (Mallinckrodt et al., 2012; National Research Council, 2010).

Estimand 3: Difference in outcome improvement if all participants tolerated or adhered.

This estimand assesses the outcome if all participants adhered to the treatment regimen for the
study duration and did not drop out of the study. It addresses the de jure (efficacy) hypotheses
about the causal effects of the treatment randomised to. Although this is the question one would
like to answer in a clinical trial, it is unlikely that all participants will adhere. In real trials when
using Estimand 3, one should asses the degree of non-adherence and how this may influence the
treatment benefit observed. When data are missing, this estimand requires imputation of what
would have been the outcome if individuals who did not comply had complied (Mallinckrodt et al.,

2012; National Research Council, 2010).

Estimand 4: Difference in areas under the outcome curve during adherence to treatment
This estimand compares the means of the area under the curve over the duration of protocol

adherence between the two arms. This estimand simultaneously quantifies the effect of treatment
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on both the outcome measure and the duration of tolerability or adherence in all participants. A
parallel group randomised trial supports the use of this estimand (National Research Council,

2010).

Estimand 5: Difference in outcome improvement during adherence to treatment

This estimand is the difference in mean outcomes as long as participants adhere to the protocol and
treatment. This estimand includes both the duration of tolerability or adherence and outcome
improvement in all participants. A parallel-group randomised trial supports the use of this
estimand. This estimand assesses the de facto hypothesis regarding the randomised treatment.
Assessing effects only while the drug is taken overestimates effectiveness at the endpoint, if the
drug is not long acting or does not alter the disease permanently (Mallinckrodt et al., 2012;

National Research Council, 2010).

Mallinckrodt et al. (2012) also defined a sixth estimand.

Estimand 6: Difference in outcome improvement in all randomised participants at the
planned endpoint of the trial attributable to the initially randomised medication.

This estimand assesses effectiveness or the de facto hypothesis and requires data after withdrawal
of the randomised study medication until the planned endpoint of the study. This estimand needs
to be free from the confounding effects of rescue medication, because inference is to be made on
the study medication and not the treatment regimen. While Estimand 3 addresses the de jure
(efficacy) hypothesis, this estimand addresses the de facto (effectiveness) hypothesis. Both make
causal inference regarding the initially randomised treatment in all participants at the planned

endpoint of the trial.

Many more estimands are possible in specific situations and different trials.
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Chapter 3
Approaches to dealing with missing data

When data are incomplete all analyses make assumptions in addition to the assumptions already
made with complete data. Although simple analyses are always appealing, simple methods do not
necessarily make plausible assumptions (Molenberghs & Kenward, 2007). With high rates of
missingness results may be problematic to interpret regardless of the analytic methodology used
(Mallinckrodt, Sanger, et al., 2003). In order to interpret the results correctly one needs to be clear
about the assumptions made in the data analysis. In the discussion of various approaches to
analysing missing data that follows, the assumptions underlying each of the approaches are

discussed.

The missing data process could either be of direct interest in the modelling of the data or merely a
nuisance that needs to be accounted for. The research question determines whether the missing
data process is of interest or merely a nuisance. Dropout, or missing data for other reasons, can
reflect a clinically meaningful response to treatment which one might want to take into account

when making inference about the treatment.

A critical discussion of the number, timing, pattern, reason for and possible implications of missing
values should be included in the final report. Graphical summaries, like Kaplan-Meier plots, of the
dropout patterns should be provided so that it can be seen whether there is a differential dropout
pattern between treatment groups. Whether participants with and without missing values have

different characteristics at baseline can contain important information. The final report should have
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a discussion on whether the pre-defined analysis is still sensible, with additional sensitivity

analyses (CHMP, 2010).

A systematic approach for analysing incomplete data could follow the following steps.

1. Consider the reason, or mechanism, which caused the data to be missing.

Take account of all the information about the missingness mechanism in the observed data.
Determine the probability distribution of the missing data, since this informs the analysis. Consider
how the reason for missing a visit depended on the previous visits and the baseline data. Next
consider how the missingness mechanism depends on unseen measurements. This affects the
probability distribution of the missing data and the estimated intervention effect at the final visit

(Carpenter & Kenward, 2007).

2. Some assumptions need to be made.

A missingness mechanism and the distribution of the missing data given observed data need to be
assumed. Possible distributions of the missing data given the observed data can be identified.
Focus on whether the distribution of participants’ unseen observations at later visits, given their
observations at previous visits and baseline, is different from that seen among the participants who
have no missing data. The available data do not have any information about these distributions.
The validity of the assumption about the distribution of the missing data cannot be verified. It is
important to see how different assumptions made about the missing data distribution change the
conclusions drawn. The final conclusions are valid if the assumptions made about the missing data
mechanism and the distribution of missing data was correct. If these assumptions are wrong, the

model is wrong and the conclusions drawn using this model are also wrong.

Various methods have been proposed throughout the years for dealing with missing data. In a
review paper Horton and Kleinman (2007) list various approaches of dealing with missing data.
They do not specifically refer to the longitudinal case. They list the following: complete case
method, ad hoc methods like LOCF, multiple imputation, likelihood-based approaches, weighting

methods and Bayesian methods. We do not discuss ad hoc methods in the rest of this thesis.

3.1 Complete case analysis

In a complete case analysis only those participants with complete data are analysed. All
participants who withdrew or have missing data are excluded. In a clinical trial context this implies
an analysis of completers (Horton & Kleinman, 2007; Molenberghs & Kenward, 2007). The
advantage of this approach is that it is easy to implement and easy to describe. Although it seems

appealing, this approach is inefficient, because not all collected data are used, and has the potential
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to be biased if the missing data mechanism is MAR or MNAR (Horton & Kleinman, 2007;
Molenberghs & Kenward, 2007).

When the true missingness mechanism is MCAR this analysis is unbiased and sensible, even if
inefficient (Carpenter & Kenward, 2007; Molenberghs & Kenward, 2007). A complete case
analysis violates the ITT principle, since it does not include all randomised participants, but only
includes those who have completed the study and have no missing data (CHMP, 2010). Any
analysis that violates the ITT principle is open to bias relative to the ITT question, since
randomisation is not preserved and the comparability of randomised groups, guaranteed by
randomisation, is lost. Complete case analysis is done on a subset of participants, those who
completed, and a different type of participant may be retained in the different treatment arms, for
example participants not benefiting could drop out of the placebo arm, while participants
experiencing side effects could drop out of the active arm. When an ITT question is not the focus
of the analysis, such as when an as treated or per protocol analysis is done, the above mentioned
bias is less important. There are distortions in the mean structure, the variance structure and the
correlation structure when a complete case analysis is done (Molenberghs & Kenward, 2007). The
complete case analysis requires the assumption that the complete cases are a random subsample of

all cases (Little, 1993).

The bias introduced by complete case analysis depends on the degree of deviation from MCAR,
how much data are missing and the specific analysis. Thus, the potential for bias increases if more

data are missing (Little & Rubin, 2002).

The European Medicines Agency (EMEA) suggested that complete case analysis be used in
confirmatory trials as a secondary supportive analysis (sensitivity analysis) to illustrate the
robustness of conclusions (CHMP, 2010). However the National Research Council (2010) stated
that these analyses do not have a place in regulatory submissions. In practice, it is often incorrectly

used as an easy starting point in any analysis, before more complicated models are fitted.

In a simulation example Ibrahim et al. (2005) showed that if the missing data mechanism depended
on the outcome a complete case analysis was inefficient and outperformed by maximum likelihood,
multiple imputation, Bayesian analysis and weighted estimating equation estimates, whether or not
the distribution of the missing data was correctly specified in these methods. It seems plausible to
use the likelihood approach as the easiest approach to handle the missing data problem.

Technically it is a strong and robust approach.
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3.2 Single imputation and multiple imputation

We discussed the inefficient and potentially incorrect way of analysing missing data by throwing
away the missing data and ignoring missing data and the missing data mechanism in the analysis of
data, the complete case analysis. The other extreme is to replace the missing data by creating data.

This is called imputation.

Longitudinal imputation is done by using data from the same participant at different times, often
without using data from other participants. This is in contrast to cross-sectional imputation
methods where data at a particular time point is used to impute missing data at that time point.
Different single imputation techniques used with longitudinal data include interpolation (if a value
at t = 2 is missing, this value is imputed as the value between t = 1 and t = 3), LOCF, ratio
imputation and regression imputation. Longitudinal regression imputation is done by fitting a
linear or other regression model for each participant with a missing value. This model includes the
outcome variable as dependent variable and time and other covariates as independent variables.
The predicted value of the outcome for the time point with a missing value is then imputed. It is
believed that these longitudinal imputation methods use more data and provide better imputations

than cross-sectional methods (Twisk, 2013).

There are various problems with single imputation of data. In the analysis of observed data we
allow for the fact that measurements are made with error. To assume that if data are missing we
can impute the missing value without error (single value) is illogical. Another problem is that with
conditional mean imputation, the imputed data are much less variable than the observed data would
have been. Thus analysing the imputed data as observed data leads to an underestimation of
standard errors and p-values. The confidence intervals for treatment effects calculated with
imputed data are thus too narrow and artificially create an impression of precision (Carpenter &

Kenward, 2007; CHMP, 2010).

Multiple imputation, first suggested by Rubin (1987) overcomes the limitations of single
imputation. It involves producing several imputed data sets, each with different imputed values
from the posterior predictive distribution of the missing data given the observed data. The analyst
applies conventional estimation methods to each of these imputed data sets. In multiple imputation
an extra step is added after data were imputed. This additional step is needed to correctly estimate
the variability of quantities estimated from a completed data set. Parameter estimates are averaged
across the analyses of the imputed data sets. Standard errors are calculated using Rubin’s (1987)
formula. Multiple imputation provides an approach for accounting for the variability of the

estimated distribution of the missing data given the observed data. Multiple imputation does not
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treat any one set of imputations as the true unobserved values of the missing data (Carpenter &

Kenward, 2007).

Multiple imputation is done in three steps to estimate incomplete data regression models.

Step 1. Plausible values for missing observations are created that reflect uncertainty about the
missing data models. These values are used to fill in or impute the missing values, generally
assuming the missing data process is MAR. This process is repeated, resulting in the
creation of a number of, say m, completed data sets. Taking into account the uncertainty in
estimating both the relationship between the variables and the residual variability several
complete data sets are imputed. These provide a representation of the distribution of the
missing data given the observed.

Step 2. Each of these data sets is analysed using complete data methods. The data analysis method
that would have been appropriate had there been no missing data is used for this analysis.

Step 3. The results are combined, which allows the uncertainty regarding the imputations to be
taken into account. Typically five to ten imputations are created. These results are unbiased
and have approximately the correct standard error (Horton & Kleinman, 2007; Molenberghs

& Kenward, 2007).

In short, imputation processes similar to stochastic regression are run on the same data set multiple
times. Each imputed data set is analysed separately and the results are averaged except for the
standard error term. The standard error is constructed by the within imputation variance of each
data set as well as the variance between imputed items on each data set. These two variances are
added together and their square root determines the standard error. The noise due to residual

variation, as well as the additional noise due to imputation, is introduced to the regression model.

The repeated imputations in Step 1 are draws from the posterior predictive distribution of the
missing values under a specific Bayesian model for both the data and the missing data mechanism
(Rubin, 1996). Multiple imputation is at heart a Bayesian procedure, but Rubin (1987) provides
technical conditions under which multiple imputation can be interpreted validly under the

frequentist paradigm.

For each of the m imputations a point estimate, Q;, is computed for the parameter (Q) of interest,
for i = I,...,m. The combined point estimate of this parameter (Q) for multiple imputations is the
average of the m estimates; each calculated using a complete (imputed) data set. In a similar
manner a within-imputation variance, U, can be calculated as the average of the m variances from

each of the imputed complete data sets. A between imputation variance is also calculated as
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The variance estimate of Q is
= 1
T=10+ (1+2)B,
the sum of the within-imputation component and the between-imputation component (Rubin,
1987). The imputation model can include baseline and other variables which are not included in

the eventual trial analysis (Ibrahim et al., 2005). Including more variables in the imputation model

can improve the accuracy of the imputation (Carpenter & Kenward, 2007).

For a single parameter, the ratio of the between-imputation component of variance to the within-
imputation component, defined as
(1+ m™HB
R =
U

gives the relative increase in variance due to the missing data. This indicates how the missing data
increase the uncertainty of the estimates. One can view this quantity as the cost due to missing data
(Rubin, 1987). Interval estimates and significance levels can be obtained using a ¢ distribution with
center Q and scale 7" and degrees of freedom
v=(m-1)(1+7r').
The two-sided p-value for the null hypothesis
Hy: Q=0

is computed by comparing

Q

T2
with a t-distribution with v degrees of freedom (Little & Yau, 1996).

If the missingness pattern is monotone, parametric regression methods assuming multivariate
normality or nonparametric methods that uses propensity scores are appropriate (Rubin, 1987). If
the missingness pattern is not monotone a Markov Chain Monte Carlo (MCMC) method is used
(Schafer, 1997). Instead of imputing all missing values using the MCMC method, just enough
missing values can also be imputed to make the imputed data sets monotone and methods

appropriate for monotone data sets are then used on these imputed monotone data sets.

In the parametric regression method, a regression model is fitted for each variable with missing
values, with the previous variables as covariates. Based on the fitted regression coefficients, a new
regression model is simulated from the posterior predictive distribution of the parameters and is

used to impute the missing values. For variable Y;; with missing values a model
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Yij = Bo+ BiYin + oY+ ...+ Bj1Yij1 + &

is fitted using observations with observed values for Y;; to ¥; ;_;.

This model included the regression parameter estimates
B =(Bo, fr.--» Bj-1)'
And the covariance matrix
~2
o7V
where V; is the matrix derived from the intercept and observed variables. For each imputation, new
parameters
— 2
.B* - (ﬂ*OJ .3*1: LR ﬁ*(j—l)), and O4j
are drawn or simulated from the posterior predictive distribution of the parameters. The missing
value is then replaced by the value calculated using the parameters and observed or simulated

previous observations of the outcome variable and a simulated error term (Rubin, 1987; SAS

Institute Inc., 2004).

The propensity score method generates a propensity score for each missing variable to estimate the
probability that the observation is missing. The observations are grouped based on these
propensity scores and an approximate Bayesian bootstrap imputation is applied to each group

(Rubin, 1987).

Under the MCMC method one generate multiple imputations using MCMC sampling with a single
chain that is long enough for the distribution to reach a stationary distribution. The initial estimates
for the algorithm are obtained using the expectation maximisation (EM) algorithm and the initial
estimates for the EM algorithm are generated using a complete case analysis (Molenberghs &
Verbeke, 2005). Routinely, a multivariate normal distribution is assumed for continuous data. A
general contingency table model is assumed for categorical data. Schafer (1997) considered a
specific distribution for a mixture of continuous and discrete outcomes. Through MCMC one can
simulate the Bayesian joint posterior distribution of the unknown quantities and obtain estimates of
the posterior parameters. During the imputation step the missing values for each observation is
simulated independently. The imputation step draws values for Y?“'S from a conditional
distribution for Y75|¥?PS. Given a complete sample the posterior step simulates the posterior
population mean vector and covariance matrix. These new estimates are then used in the next
imputation step. The two steps are iterated long enough for the results to be stable, thus creating a
Markov chain which converges in distribution to p(y™s,8|y??S). This simulates independent

draws of the missing values from the posterior distribution. Various prior distributions can be
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used, either non-informative priors when no prior information exist, or informative priors where

appropriate.

Multiple imputation can also be done through multivariate imputation by chained equations
(MICE), also known as fully conditional specification and sequential regression multivariate
imputation. MICE assumes the missing data are MAR given the variables used in the imputation
process. Many multiple imputation procedures assume a large joint model for all the variables, for
example a joint normal distribution. In the MICE procedure a series of regression models are run
where each variable with missing data is modelled conditional on the other variables in the
imputer’s model. Each variable can be modelled according to its own distribution. Binary
variables can be modelled using logistic regression and continuous variables can be modelled using

linear regression (Azur et al., 2011; White, Royston, & Wood, 2011).

Initially, a single imputation, using mean imputation or simple random sampling, is performed for
every missing value in the data set (called a place-holder imputation). These placeholder
imputations for one variable (variable A) are then set back to missing. A regression model is then
fitted with variable A as the dependent variable and the other variables in the imputation model as
independent variables. The missing values for variable A are replaced by simulated draws from the
corresponding posterior predictive distribution of variable A. When variable A is subsequently
used as an independent variable in the regression models for other variables, both observed and
imputed values are used. This process is repeated for all variables that have missing data and all
missing values are imputed. These steps are repeated for a number of cycles, generally 10 to 20,
with the imputations being updated at each cycle. At the end of these cycles the final imputations
are retained, resulting in one imputed data set. By the end of the cycles, it is important that
convergence is achieved and the distribution of the parameters governing the imputations become
stable. This will avoid dependence on the order in which the variables are imputed. The
convergence can be checked by comparing the regression models at subsequent cycles. This
process is then repeated to create the m multiple imputed data sets (Azur et al., 2011; White et al.,

2011).

MICE is flexible and can impute many different types of data (binary, ordinal, unordered
categorical and continuous) because each variable is imputed using its own imputation model.
Justification of the MICE procedure rested on empirical studies rather than clear theoretical
rationale. Fitting a series of conditional distributions may not be consistent with a proper joint
distribution. A consequence of incompatible conditional regressions is that the distribution of
imputed values may depend on the order in which the variables were imputed (Azur et al., 2011;

White et al., 2011).
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When there are relatively few variables needing imputation, the variables are continuous and
approximately normally distributed (in which case a multivariate normal model would be
appropriate) a multivariate normal model may be preferable. Results based on MCMC sampling
assuming that the data are multivariate normal agree asymptotically with those from MICE when

all imputation models are linear (Azur et al., 2011; White et al., 2011).

Multiple imputation is said to be proper if it leads to consistent asymptotically normal estimators,
correct variance estimators and valid tests. Proper multiple imputation will be multiple imputations
for which Rubin’s rule yields a consistent asymptotically normal estimator of the unknown
parameter and a weakly unbiased estimator of the asymptotic variance in sufficiently regular
models (Rubin, 1987). Proper multiple imputations are imputations where the values of the
complete data statistics Q and U created through the multiple imputation are approximately

unbiased for the complete-data analogues for large m; thus

E(Qu)X,Y) = Q and
E(U,|X,Y) = U and
E(Bo|X,Y) = var(Qu|X,Y)
where B is the variance-covariance matrix (Rubin, 1996). Rubin (1987) concluded that if
imputations are drawn from a Bayesian posterior distribution of Y”* under the response mechanism

and an appropriate model for the data, then in large samples the imputation is proper.

Imputations drawn from a Bayesian predictive distribution are proper when the model used for the
imputations and the model used for the analysis are compatible. When Q or U involves some
variable, X, then leaving X out of the imputation scheme would result in an improper imputation,
which would lead to biased estimation and invalid inference. Variables correlated with the imputed
outcome and not included in the set of predictors will lead to bias. At a minimum clustering and
stratification indicators and sample design weights should be included in the imputation model.
Therefore the biggest problem with the imputer’s model is excluding variables associated with the
outcome. Including too many variables and including unimportant variables can lead to a small
loss in precision but this is unimportant compared to the increased validity achieved when relevant
variables are included. It is therefore recommended that as many variables as possible are included
in the imputer’s model (Rubin, 1996). Any variables that will be included in subsequent analyses,
including interactions, should be included in the imputer’s model. The imputer’s model can
include variables that will not be included in the analysis model. Generally the imputation will be

proper if all sources of variability and uncertainty are included in the imputed values, including
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prediction errors of the individual values and errors of estimation in the fitted coefficients of the

imputation model (White et al., 2011).

Proper multiple imputation requires that the imputed data are drawn from the Bayesian posterior
distribution where uncertainty about the parameters in the imputation model is properly
represented, using uninformative priors for the parameters. Each set of imputed data will be based
on a different set of model parameters, which are drawn for each imputation from the Bayesian

posterior (Carpenter & Kenward, 2007).

Multiple imputation can be used with various analysis methods. It can be used with a cross-
sectional analysis at the endpoint, a selection model, a pattern-mixture model or a shared-parameter
model (Carpenter & Kenward, 2007; Janssens, Molenberghs, & Kerstens, 2012). Step 2 in the

methods above is varied to use the method most appropriate to the problem at hand.

Little and Yau (1996) proposed a method where multiple imputation is used to analyse the data
according to the ITT principle. Missing values of the outcome are imputed with multiple
imputation using a model that conditions on the actual, or assumed, treatments received. The
imputed data are then analysed based on the treatment as randomised. Observed variables that
improve the imputation should be included in the imputation model even if they are not included in

the analysis model; in this example actual treatment received is such a variable.

Multiple imputation can be used either in a longitudinal or cross-sectional setting. Longitudinal
outcome data can be imputed by regarding the different time points as different variables. For
example, with three time points, the outcomes at ¢ =/, t=2 and =3 are included in the imputer’s
model. However, the time dependent property of longitudinal data is not taken into account during

imputation, for example that the observation at ¢ = [ is before the observation at ¢ = 2.

Several researchers have developed methods to undertake multiple imputation in a longitudinal
setting. For example Liu, Taylor, and Belin (2000) implemented a random coefficients model to
impute incomplete multivariate continuous longitudinal data. Multivariate repeated measures were
jointly modelled, a normal model was assumed for time dependent variables in a regression model
conditional on the time independent variables and time. Gibbs sampling in which the parameters
and missing values are drawn iteratively from conditional distributions was used to draw model
parameters and impute missing observations. Li, Mehrotra, and Barnard (2006) used a propensity
score-based multiple imputation method for longitudinal data with binary responses. The
imputations are done sequentially over time. Missing responses at time 2 were imputed first given

data at time 1, then missing responses at time 3 were imputed given the observed plus imputed data
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at times 1 and 2, etc. A propensity score was calculated at each time point with missing data and
the propensity scores at each time point were used to group participants. Missing values were then
imputed separately for each propensity score group to produce a complete data set. This

imputation process was then repeated multiple times to create m complete data sets.

Several authors also describe methods for multiple imputation of time dependent covariates in a
longitudinal setting. Carrigan et al. (2007) introduced a random intercept into the imputation
component of the model to incorporate within-participant correlation and take into account the
longitudinal study design. Nevalainen, Kenward, and Virtanen (2009) extended an iterative
procedure, fully conditional specification, to generate values of a time-dependent covariate in the
repeated measurement setting by being doubly iterative over the follow-up time of individuals.
These methods were developed to impute covariates but can also be adapted to impute repeated

outcome variables.

Rubin (1987) argued that only three to ten imputations are needed and five imputations is often
used as default. Rubin showed that the efficiency of an estimate based on m imputations is
approximately
1+,

where y is the rate of missing information. If the rate of missing information is 30% or lower, five
imputations provide a 94% efficient estimator. With 50% missing information, five imputed data
sets produce a point estimate that is 91% as efficient as one based on an infinite number of
imputations, and 10 data sets produce a point estimate that is 96% efficient. With higher rates of
missing information, more imputations had larger added benefit. For example, if the rate of
missing information was 90% then five imputations had 85% efficiency and 20 imputations had

96% efficiency.

Rubin’s (1987) formula focused on relative efficiency but did not take precision of standard errors
and other estimates into account. Both efficiency of the point estimate and precision of estimation
play a role in the number of imputations needed. With few imputations the standard error and
therefore p-values and confidence intervals can be unstable. Looking at precision of standard
errors instead of relative efficiency authors have recalculated the number of imputations needed

and came up with larger numbers than Rubin did.

Graham, Olchowski, and Gilreath (2007) did simulations and found that 20 imputations led to a
small loss of power with 10-30% missing information. If missing information was 50%, 40

imputations were recommended. Bodner (2008) also illustrated that less than ten imputations led
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to substantial imprecision in important quantities based on the standard error such as p-values,
confidence intervals and fractions of missing information. For example, with 50% missing
information they recommended that 50 imputations were needed to achieve specified precision at
95% confidence levels. White et al. (2011) went further than considering statistical efficiency and
power. They were interested in the repeatability of results and considered the Monte Carlo error
(standard deviation across repeated runs of the same imputation procedure with the same data) of
the results. Monte Carlo errors will be smaller with a larger number of imputations. They derived
an easy rule of thumb, namely that the number of imputations should at least be larger than the

percentage of missing data.

With easily available computing resources, there is no reason for a large number of imputations not
to be used in relatively small data sets. White et al. (2011) recommend 100 to 500 imputations.
Taking efficiency, power and precision into account it is recommended that 50 to 100 imputations

are done.

Multiple imputation gives similar results to likelihood analyses when the imputation model is
congenial, especially as the number of imputations increases. Multiple imputation offers
advantages if covariates are missing, because likelihood analyses in these instances might be
impracticable. Where responses only are missing and likelihood analysis is possible, multiple

imputation adds little advantage (Molenberghs & Kenward, 2007).

Multiple imputation does not aim to create information by simulating values, but it rather tries to
represent the observed information in a way that enables valid analysis with complete data tools,
while taking account of increased variability created by missing data. The simulation is only used
to handle the missing information. The rest of the information is handled by the complete data
method (Rubin, 1996). Over the past decade multiple imputation has become one of the most used

methods to handle missing data, probably due to its ease of use and versatility.

3.3 Modelling frameworks

Any analysis should be based on explicit and understandable assumptions. Three main frameworks
exist where approaches to missing data can be developed. These are selection models, pattern-

mixture models and shared-parameter models. Each is discussed briefly.

3.3.1 Selection models

Selection models require the specification of the full data model and a selection model that

characterises the probability of data being missing as a function of covariates and the full data
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(Hogan et al., 2004). In a selection model, the joint distribution of the i" participant’s outcomes,
Y;, and missingness indicators, R;, is factored as the marginal density of the measurement process

and the conditional distribution of the missingness process given the measurement model
f(rily:); thus

f urilX, Wi, 0,9) = f(yil X, 0)f (rily, Wi, )
where X; is a design matrix for the measurement process and W; is a design matrix for the

missingness mechanism.

It is called a selection model, since f(r;|y; W;, ) can be seen as a participant’s selection
process to continue or leave the study. Participants are thus selected for dropout by their response.
A participant’s missing values are selected through a probability model, given their measurements,

whether observed or not (Molenberghs & Kenward, 2007).

If we assume that the missing data process is MCAR this translates to
furilX, W, 0,9) = f(y?*°|X;, 0)f (ri|W;, ).
If we assume that the missing data process is MAR this factorisation translates to
furilXu W, 6,9) = f(y2"°|X;, 0)f (ri|y?™*, Wi, ¥).
This implies that the marginal model for the observed data only, is required. The joint likelihood is
factored into a term including the observed data and € and a term including the missingness

indicator and w. The measurement model, f (yfbs | X;, 0), and the missingness model, f(r;|y) or

f (rl-| yobs, Wi,tp) can be fitted separately, provided that the separability requirement holds. This
implies that the parameters, # and y, are functionally independent or distinct of each other
(Molenberghs & Kenward, 2007). In that case inference for @ can be drawn from the observed data
alone. In the MAR case covariates associated with missingness should be included in the model

(Carpenter et al., 2002).

If the missingness is assumed to be MNAR, then the joint likelihood cannot be simplified. Thus, in
order to find the maximum likelihood estimates, integration is required. Since this is not possible
analytically, numerical integration is required to find the maximum. This can be difficult and time
consuming. An EM algorithm or MCMC approach could be considered (Carpenter et al., 2002).
In a Bayesian framework the missing observations are regarded as parameters and if vague priors
are used the posterior means could be good approximations of the maximum likelihood estimates.
The MNAR model has the same structure as the MAR model, with terms relating the missing data
indicator to the individual’s value of the outcome variable at time j, earlier time points and baseline

covariates being added (Carpenter et al., 2002).
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In the special case of dropout, denote the time at which dropout occurs as D, if no dropout
occurred, D; = n; + 1. Diggle and Kenward (1994) combined a multivariate normal model for the
measurement process, f(y;|X;,0), and a logistic regression model for the dropout process,
f(rily, Wi, ). Define h;; = (y;j,...,yij-1)" as the observed history of participant i up to time

t;j—1- The logistic dropout model could be written as

logit[P(D; = j|D;i =, hij,yij, W) = Yo + Y1yij + ¥oVij-1-

If 1, = 0 then this model refers to the MAR case, since dropout does not depend on the current
measurement and when ;= 1), = 0 this model refers to the MCAR case, since dropout does not
depend on the outcome at all. The parameter and precision estimates are obtained using maximum
likelihood. This involves computationally demanding integration, making this model difficult to
use. Two key features of this model determine the identification of parameters: normality of the
response distribution and linear dependence between
logit[P(D; = j|D; = j, hyj,yi;, %)

and Yj;. It is not possible to evaluate whether the normality assumption holds if data are missing.
Knowledge of the subject matter is often used to determine whether it is plausible that the data are

normally distributed (Hogan et al., 2004).

Parametric selection models in a MNAR context raise problems around the identification of
parameters and sensitivity to assumptions. These problems can be somewhat alleviated or at least
illuminated by the use of semi-parametric selection models (National Research Council, 2010).
Semi-parametric selection models can be constructed by using a parametric model for the missing
data mechanism and a semi- or non-parametric model for the observed data or the complete data
distribution. For example Rotnitzky, Robins, and Scharfstein (1998) considered such a non-
likelihood approach and proposed a class of augmented inverse probability weighting estimators,
an extension of GEE. When joint estimation of the non-response parameter and the outcome
measure parameter is difficult, they proposed regarding the nonresponse model parameter as
known and performing sensitivity analysis to determine how the outcome measure parameter
changes. Scharfstein, Rotnitzky, and Robins (1999) extended this by allowing semi-parametric

nonresponse mechanisms.

Conceptually selection models involve two stages. These stages are usually performed
simultaneously. The first stage is to develop a predictive model for whether or not a participant has
missing data with variables obtained prior to the missing data (such as at baseline). This model of
missingness provides a predicted probability of missingness or propensity for each participant.

These missingness propensity scores are then used in the second stage longitudinal data model as a
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covariate to adjust for the potential influence of missing data. By modelling the missingness

process, selection models provide valuable information regarding the predictors of missingness.

Different models may be appropriate for the missingness model. One model could assume that
observations are missing at certain visits, but the participant may be observed again at the next
visit. In this instance the simple model for the response at visit j can be given as:
logit P(Rij = 1) = a;j + 6y;j.

In other words the log odds of observing participant i at visit j depends on the visit and on the
response. This model cannot be fitted alone. Using numerical integration over the unobserved
responses, it can be fitted in conjunction with a mixed model for the response. J depends on the
distributional assumptions about the missing data. If 6 = 0, the MAR assumption holds and the
probability of response does not depend on the missing observations. A more plausible model
could also include other covariates and the outcome variable observed at previous visits. The more
complicated model could be given as

logit P(Rij =1) = aj +B'x; +vY;j_1 + Syij
(Carpenter & Kenward, 2007).

The above model can accommodate withdrawal by adding

P(R;j = 1|R;j_; = 0) = 0 wherej >1.
If withdrawal does not depend on the last observation, but on the pattern of observations
throughout the trial, one can replace Y;; in the above model with the slope for participant i

(Carpenter & Kenward, 2007).

Selection models require integration over the missing data. This can be done using numerical
integration. Selection models could have limited practical use, since they require specialised
numerical routines for maximising the likelihood. The likelihood could also be flat with respect to
parameters that characterise the non-MAR selection, leading to numerical instability (Hogan et al.,

2004).

Bayesian models with vague priors can also be used to fit these models, using MCMC methods
(Carpenter & Kenward, 2007). Carpenter et al. (2002) suggested that selection models be fitted
using a Bayesian framework since it is easier to program, quicker to estimate and flexible. They
fitted it in BUGS (Spiegelhalter et al., 1995) using non-informative or vague priors. Using vague
priors implies that the parameter estimates approximate maximum likelihood estimates. Within

BUGS the sensitivity of the model to non-random missingness can be assessed.
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3.3.2 Pattern-mixture models

Little (1993, 1994) described a class of models to model the dependence between missing response
and dropout; calling these pattern-mixture models. He gave a statistically rigorous treatment of
random-effects pattern-mixture models for longitudinal data with dropout. According to Little
MAR assumptions need not be made; a model can be specified that does not require the missing
data mechanism to be ignorable. Participants are divided into groups according to their missing
data pattern. This method enables one to assess the degree to which important model terms depend

on the missing data pattern (Hedeker & Gibbons, 1997).

Pattern-mixture models provide a flexible class of models for data that are not MCAR (Little,

1993). Pattern-mixture models are based on the factorisation

firilx;, 0,9) = f(yilr, x;, 0)f (ri], x;, ¥P) (Equation 1)

where the distribution of ¥; is conditioned on R;. The pattern-mixture model is based on a
marginal model for the dropout process and a conditional model for the observed outcome given
the dropout pattern (Verbeke, Lesaffre, & Spiessens, 2001). This allows for a different response
model for each pattern of missing values. The observed data are a mixture of these weighted by the
probability of each missing value or dropout pattern (Molenberghs & Kenward, 2007). The term
pattern-mixture is derived from this and reflects that the marginal distribution of Y is a mixture of
distributions (Little, 1993). If the missing data mechanism is ignorable then the component
f(r;], x;,¥) gives no information about # and can be ignored for the likelihood inference. It can be
based on the likelihood obtained by integrating missing values out of the density f(y;|r;, x;, @)
(Little, 1993; Little, 1994).

Define #;, the last occasion at which a measurement was obtained, as t; = D; — 1; and ¢, is the
realisation of the dropout index 7;. Then the factorisation of Equation 1 becomes

futilx, 0,9) = f(yilt, x;, O)f (&, x, ).
Consider a trivariate normal outcome where 7; can take values 1 and 2 for dropouts and 3 for
completers. A pattern-mixture model implies a different distribution for each time of dropout, with

Yi|t;~N[pu(t;),2 (t; )] Molenberghs & Kenward, 2007).

Consider the case of a two-arm randomised trial. For simplification of notation, two dropout
categories are considered only; either a participant completed the trial or did not complete the trial.
This can be extended to more patterns. Let

Y;c: Response for the i" participant in the control arm

Ric : Indicator whether participant in the control arm completed the trial. R;c = I if completed, 0

otherwise
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7c : Probability of withdrawal in the control arm, 7= P(R;c = 0)

Y., Ry and 7;is defined similarly for the intervention arm

In the control arm, observed responses come from a distribution with mean pc and variance o”,
while unobserved responses, in participants who dropped out, come from a shifted distribution with
mean ¢ + Jc and variance 0,5,, where o is the difference in the control arm between the true mean
of the unobserved data and the true mean of the observed data. Thus

Yicl Ric =1~ (e, 0%)

Yic| Ric = 0~ (¢ + 8¢, o)

For the intervention arm, y; and J; are defined similarly. The variances are assumed to be equal in
the control and intervention arms. Under this model the average response in the control arm is

(I-7tc) pic + e (pe + dc).
The average response in the intervention arm is

(1-701) ur + 701 (ur + 0p).
If 6¢ = 0; = 0 then the MAR assumption holds. The average effect of the intervention is
A = (1-m)ur + Tus + 01) — [(1-Tc)uc + Te(uc + oc)] = (U - pe)+ (91Tt - dcTec)

The average treatment effect amongst completers, (u; - uc), can be estimated using the complete
case analysis. Therefore the total treatment effect is equal to the treatment effect in completers plus

the bias due to informative withdrawal (Carpenter & Kenward, 2007).

The assumptions made by the pattern-mixture model are the following:

e In this example, normality is assumed within pattern. Non-Gaussian outcomes can also be
accommodated.

¢  The conditional distribution of the outcome is assumed to depend on the dropout time only
through the dropout pattern. Outcome is assumed to be independent of dropout within a
pattern.

¢ Intermittent missingness is assumed to be MAR.

e  Variances are assumed to be constant across patterns, but this assumption can be relaxed.

e  Covariate effects are the same for missing and observed data within a dropout pattern (Hogan

et al., 2004).

White et al. (2007) took a Bayesian approach in a non-longitudinal setting and assumed a prior
distribution for the informative missingness parameters. In the control arm the distribution of

8c~N(mg¢,s2) and in the intervention arm the distribution of §;~N(m,,s2). White et al. then

assume non-informative priors, independent of 6. The probability of dropout, 7; and 7, are
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estimated by the fraction of dropouts in each of the arms (p; and pc). The posterior mean and
variance of the treatment effect is estimated by correcting the complete case estimate taking
account of the informative dropout. Let A°C = (u; - uc) and se(AC) be the standard error of the
complete case treatment estimate. Then the posterior mean is calculated as:

ACC + myp; — mepc,
while the posterior variance is given by:

pi(1—pp) 2

A pc(1—pc)
se(A%)* + pisf — 2esesipepy +pesc + (mf +5f) = ——+ (m¢ + )= —

[

The posterior mean is the mean of the complete case analysis corrected for the prior distribution of
the means and the observed proportion of drop outs. The estimate for the posterior variance
includes the variance for the complete case estimate corrected for uncertainty about d¢, d;, pc and p;
and using the prior variances sc and s;. The latter terms decrease with sample size. This method
inflates the standard error to reflect uncertainty due to missing information. It is also possible to

include covariates on which dropout and outcome depend (White et al., 2007).

White et al. (2007) elicited the distribution of possible values of the parameters in the prior
distributions from experts in the field by obtaining opinions from experts on the difference in true
means between the observed and unobserved data. The concept of a correlation was too unfamiliar
to the experts and information on the correlation between d¢ and J; could not be elicited. If no prior
information is available, a working value of the correlation can be adopted and the value for ¢
which causes the treatment effect to be non-significant is then found. Zero is a good choice for the
correlation since this gives the widest confidence intervals. The plausibility of this value of ¢ is
then assessed. If the reasons why outcomes are missing are recorded it may be appropriate to have
a different 6 parameter for each reason. Separate J parameters should be perfectly correlated
within trial arms; introducing imperfectly correlated § parameters would erode the systematic

element and artificially reduce the correction for dropout.

These pattern-mixture models could be implemented with random-effects mixed models. The steps
in implementing these models are as follows:
1. Assign a variable or a set of dummy variables that identify the pattern of the missing data.
Some patterns of missing data can be grouped together if some groups are small.
2. Fit a mixed model with the pattern of missing data variable as a main effect and as an
interaction with other effects in the model.
3. Derive an overall averaged estimate for the model parameters, averaging over the missing
data patterns. Estimates are obtained for the fixed effects separately for completers

(B°) and dropouts (). Averaged estimates for these parameters are then equal to
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B = 7€ Bc + ¢ ﬁ”d
where ¢ and m¢ represent the population weights for completers and dropouts. These
weights can be estimated by the sample proportions. Estimates of the standard errors can

be obtained using the delta method (Hogan and Laird 1997) as described in Section 3.3.2.1.

Pattern-mixture models can be used with random-effects models, but can also be used with other
longitudinal methods that allow for missing data across time, such as structural equation models
and GEE (Hedeker & Gibbons, 1997). Hedeker and Gibbons only discussed the implementation

with mixed models.

Carpenter and Kenward (2007) suggested the use of a pattern-mixture approach implementing
multiple imputation. The analysis proposed by White et al. (2007) can be extended to longitudinal
data by modifying the conditional distribution of the missing data given the observed data under
MAR after a participant dropped out. The assumption is made that participants who drop out have
on average a poorer (or different) response than predicted by MAR. Let the change in rate of
decline be denoted by J. Then the conditional mean for the first response after withdrawal is
reduced by d, the second by 24, etc (see Figure 3.1). The mean and variance of §; for all treatment
groups [ are elicited from experts. It is assumed to be normally distributed. The correlation

between any two treatment arms should also be elicited.

This approach uses multiple imputation as follows: The MAR assumption is made and m

imputations are created. With two treatment groups the following is sampled for each of the &k

(dlk)w (61) of o1
de 62 ’ 012 0'22

For each imputation the first MAR imputed value is decreased by dj, the second by 2dy, etc.

imputations:

The data sets are then analysed as discussed in Section 3.2 for multiple imputation. If the time
between observations is not equal, the multipliers of d can be chosen to reflect the spacing between
observations. Interim missing observations can be decreased by d; or can be left with the MAR
imputed values. This is consistent with assuming that interim missing data are different from drop
out and is truly random, whereas participant drop out is not random. In the absence of prior

information one can set §; = §,.

Pattern-mixture models are under-identified and hence over-specified. If data are missing then

there are no data to identify the t™"component of p(t;) or the t™column of £(t;). The data supply

no information about the parameters of the distribution with missing data (Little, 1993). Little
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(1993, 1994) solves this problem by placing restrictions. The restrictions depend on the missing
data mechanism assumed and reflect the contextual knowledge of the nature of the mechanism
creating the missing data. Inestimable parameters of the incomplete patterns are set equal to
functions of the parameters describing the distribution of the completers. Alternative approaches
for overcoming the under-identification exist (Molenberghs & Kenward, 2007). Molenberghs and
Kenward (2007) argue that the under-identification can be seen as an advantage, because it forces

one to make assumptions transparent. This serves as a useful starting point for sensitivity analyses.

FEV

Line of mean of conditional distribution of
missing given observed under MAE

-

® Predicted mean values under MAF
— - . x = l
Observed data V5 -
o
’ 28
o

Predicted mean values under MNAFR

I I [ I
1 2 3 4 TIME

Figure 3.1: Schematic illustration of increasing the rate of decline by o6 after
withdrawal (Carpenter & Kenward, 2007)

Little (1994) advocated the use of identifying restrictions and listed some. In the case of monotone

missing data, with ¢ = /, ...,n dropout patterns, the complete data density for pattern ¢ is given by

Ji Qe ¥) = [, Vines YOS, Gioees Y | Yoo ).
The first factor can be identified or modelled from the observed data. The second factor is not
identified from the observed data. Identifying restrictions are applied in order to identify the
second component. One can base identification on all patterns for which a given component is

identified. This is given by

[0 Yy ) = DO f 0, 1 Vs ¥,0)
Jj=s

with s = t+1,...,n. Thus

T-n—-1 n
f;‘(yl""’yn) :f;(yl""’yt) H za)n—s,j‘fj(yn—s l yl""’yn—s—l)
s=0 j=n-s

(Molenberghs & Kenward, 2007).
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Different choices can be made for @, leading to different special cases of the above equation.

The only restriction is that the wg are non-negative and sum to one (Thijs et al., 2002).

1.

Complete case missing values (CCMV).
In the complete case missing value approach @, =1 and all other @ = 0. This implies

that missing information is borrowed from the completers only. If the model effect for a
dropout pattern cannot be estimated, the estimated model effect of the fully observed
pattern will be used. This method requires a reasonable number of complete cases and can
be inefficient if the fraction of complete cases is small (Little, 1993).

Neighbouring case missing values (NCMYV).
In this instance @,, =1 and all other @= 0 are missing. Information is borrowed from the

closest available pattern (Kenward, Molenberghs, & Thijs, 2003).

Available case missing values (ACMYV). In this case,
i f i (Yisees Ysy)
Zamfm(yl’“" y‘v—l)

5i

where ¢, is the fraction of observations in pattern j. In the absence of an estimate ACMV

will average over all patterns where the model effect could be estimated. The average is
weighted proportional to the number of participants in the pattern. This is the counterpart
of MAR in the pattern-mixture model context. The other two identifying restrictions
(complete case missing values and neighbouring case missing values) lead to MNAR

models (Molenberghs & Kenward, 2007; Molenberghs et al., 1998).

Previously three steps in fitting pattern-mixture models with random-effects mixed models were

given. Here we give the steps to fit pattern-mixture models using identifying restrictions (Kenward

et al., 2003; Thijs et al., 2002):

1.

2.

Specify and fit a model to the pattern specific identifiable densities f;(¥;,....Y,).

Choose a model for f,(¥,,; | ¥s....¥,) or select an identification method. This can be

done in a data independent way by placing a prior on the parameters. If this is done in a
data dependent way procedures described in number 4 below can be followed.

Using this model or identification method, the conditional distribution of the unobserved
outcomes, given the observed ones, f,(¥,,5s---s ¥, | ¥js--s¥,41) » is determined.

Inference is now based on the observed quantities using the full distribution specified.

This could imply integration over the distribution of the unknown quantities. However,
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simulation-based approaches such as multiple imputation is often implemented. The
multiple imputation is done for the unobserved components, given the observed component
and the pattern-specific densities.

5. The multiple imputed data sets are then analysed using proper methods as described in
Section 3.2, a pattern-mixture model, selection model or any other model would be

appropriate. The analysis model does not need to be the same as the imputation model.

Instead of identifying restrictions model simplification can be done to identify the parameters
(Thijs et al., 2002). Two types of simplification can be done in fitting pattern-mixture models. The
trend can be restricted to functional forms supported by the information available in a pattern.
These models are fitted by creating a model within each of the patterns separately. Secondly, the
parameters can vary across the patterns in a parametric way; for example, it could be assumed that
the time trend is parallel across patterns. These models are fitted by treating the pattern as a
covariate (Hogan & Laird, 1997; Michiels et al., 2002; Thijs et al., 2002). The available data can
be used to assess whether such simplifications are supported where data are available. It is argued
that these solutions are assumption rich. If identifying restrictions are used, the assumptions are

more clearly specified.

Estimation relies on linearity and homoscedasticity of the regression and the missing data
mechanism is assumed to depend on Y; in an additive manner (Little, 1994). Maximum likelihood
methods for selection models require numerical methods, whereas the pattern-mixture models lead

to maximum likelihood estimates with explicit forms (Little, 1993).

Pattern-mixture models can be used under ITT in a two arm trial of active treatment versus placebo
by making two assumptions. The first is that participants who withdraw discontinue treatment and
the second is that future outcomes given past outcomes are the same for participants who withdraw
in the active arm as for participants in the placebo group with the same past. The appropriate
pattern-mixture model can be constructed by using the estimated model from the placebo group to
represent the future behaviour of withdrawals from the active group. This model for the future
behaviour is the MAR model for all observed data and can be consistently estimated from the
observed data. This pattern-mixture model differs only from a likelihood model fitted under MAR
in its implications for the unobserved behaviour of withdrawals from the active group. Imputations
for future outcomes differ between the two models, and this affects the estimated final treatment
comparisons. A variety of alternative pattern-mixture models can be constructed to examine the

impact of different behaviours of the withdrawals on the results from the ITT analyses.
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Little and Yau (1996) call this model the zero dose model. They also suggested other applications
of pattern-mixture models for example the continuing dose and the nearest dose model. They
proposed that missing values of the outcome after drop out be imputed with multiple imputation
using a model that conditions on the actual, or assumed, dose of treatments received after dropout;
data are thus imputed according to different patterns depending on the actual treatment received,
leading to sensitivity analyses. In their study they collected information on the doses received after
dropout. In the nearest dose model, cases in the control group are assigned a zero dose after drop
out and cases in the treatment group are assigned a treatment dose group closest to the actual
recorded dose after drop out. The data imputed using the data observed after drop out are then

analysed based on the treatment as randomised, according to the classical ITT principle.

Pattern-mixture models can be factorised as follows:

F Opoees Vs d =)= fr(3paees YOI Vit N Vi YOS O Yo L Vpsees V) f, (d = 1)
(Kenward et al., 2003).

Fitting a pattern-mixture model creates some complications. One pair of treatment contrasts is
created for each pattern fitted. One can either fit a stratified analysis, where the null hypothesis
addresses all the pairwise contrasts simultaneously or one can analyse the marginal effects, for
example a single marginal treatment contrast (Hogan & Laird, 1997). Pattern-mixture models do
not automatically provide estimates and standard errors of marginal quantities of interest, such as
the overall treatment effect (Thijs et al., 2002). The marginal contrasts are obtained by weighting
each of the treatment estimates by the number of participants in the pattern. The marginal within-
imputed and between-imputed variances are obtained using the delta method (Hogan & Laird,

1997). The primary analysis usually is the marginal analysis (Kenward et al., 2003).

Pattern-mixture models can also be used to identify which patterns are responsible for a treatment
effect. The stratified analysis allows a more detailed consideration of the treatment effect

(Kenward et al., 2003).

When the marginal distribution of the outcomes is of interest, the mixing over the different dropout
patterns is needed. These models often include many parameters and some may be estimated
inefficiently (Verbeke et al., 2001). An advantage of pattern-mixture models is that it is regarded
as more honest than other methods since the untestable assumptions are stated and not implicit.
The need for assumptions and their implications are more obvious in pattern-mixture models.
These models could also be computationally easier to execute (Michiels et al., 2002). With pattern-

mixture modelling one can decide whether or not to model the data beyond the moment of dropout,
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whereas with selection models this always happens (Thijs et al., 2002). However, in order to
estimate the large number of parameters in most pattern-mixture models, each dropout pattern

needs to occur sufficiently often (Hogan & Laird, 1997).

Pattern-mixture models play a role in sensitivity analyses, because they separate the observed data
distribution and the predictive distribution of missing data given observed data (National Research

Council, 2010).

3.3.2.1 The Delta Method

The derivation of most of the theory discussed in this overview chapter is available in referenced
texts and was not repeated here. However, the formulas for using the delta method to calculate the
standard errors are not available when there are more than two categories of missing data. This
section therefore gives the complete derivation using the delta method where there are three or four
groups in the pattern-mixture model. These derivations are done so that variances and parameter
estimates obtained from standard procedures in standard statistical software can be used to
calculate the standard error, thus increasing the likelihood that it can be used by practicing applied
statisticians. Generalisation to any number of groups is relatively straightforward and can be done

conveniently using vector and matrix algebra.

The delta method can be applied to calculate the variance when a pattern-mixture model is used.
This is described for the two and three group example. The theorem and proof for the univariate
version of the delta method is given in Casella and Berger (2002), page 243. The theorem states
that if 8,, is a sequence of random variables that satisfies
Vn(8, —6) > N(0,0%)
in distribution, then for a given function g,
Vn[g(8,) — g(®)] - N(0,0%[g'(6)]*):

provided that g’(0) exists and is not 0.

A multivariate version of the delta method was also specified (Casella & Berger, 2002). Assume

that @, is a p x I vector with an asymptotic normal distribution:
Vn(8, — 8) > N(0,2(9)),
where Z(0) is a p x p asymptotic covariance matrix of vn®,,. For large n, 0, is distributed
N(6, %2(0)) or N(6,V(0)), where V(0) = % Z(08). Let g(0) be a vector function of 0, i.e.
9(0) = (91(6), 92(6), ..., gr(6))’,

which has a continuous first partial derivative. Then
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Hedeker and Gibbons (1997) calculated an overall estimate per treatment arm combining the
pattern observed in the completers and the pattern observed in the dropouts. This is done by letting
X. denote the number of completers and X; denote the number of dropouts. The proportion of
completers and dropouts are given by m, and m 4, respectively, and the parameter estimates in the
completers and dropouts are denoted by . and ;. Furthermore, m; = 1 — m,, since m, + my; = 1.
Now let
0 = [7¢,Be,Ba ] and g(0) = mcfe + mafa-

The averaged overall estimate is then calculated by replacing the z’s with the proportion of
participants in the sample in the appropriate group and replacing the £’s with the estimate of the
parameter in each of the groups. The authors give a formula for calculating the variance of
g(0) but do not show the derivation of this formula. It is derived as follows for each of the fixed

effects. The superscript denoting the fixed effect is excluded to simplify the formulas.

It follows that

XC~ BIN(TL,T[C ), and ﬁ-C = _C ~ N( o me(1- Tl.'c))]

The variance-covariance matrix of 0 is given by

e (1-1) 0 v
n 1
v(8) = 0 var(B,) ‘ [ vZ ]
0 0 var(,Bd)

Completers and dropouts are assumed to be independent groups. The function g(0) can also be

written as
g(e) = TCC.BC + (1 - nc).Bda

®
giving 2= g, — By

99(8) _

p 7. and
99®) _ 4 _
gy LT

V[a(®)] = [Bc = Bame, 1 — ] [vl T ”1 nC]

= [v1(Bc — Ba) TV, a- ) Vs3] [ T ]

1—m,

= Ul(ﬂc - ﬂd)z + Tl‘-CZ v+ (1-— T[c)z U3
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= (B — B)* T b ? var(Be) + (1 —m)? var(By).

The estimate of the variance is

var[g(8)] = (. — > L+ (R)?vaAr(Bo) + (1-71)2var(By)

= (B = fa)? =L+ (R)2VAND,) + (Ra)*VAT(Ba).

The extension of the above to three groups is as follows:
For three groups, say A, B and C, let the population weights be m,, 7, and 7. and

Mg+ mp +1m, =1,
so that

. =1— (my + mp).
The vectors of the parameter estimates from the individual models for each of the patterns are 8,4,
Ps and B.. Let @ = (1w, 7y, Ba, B, Bc) and as in the two group case,

let g(0) = By + mpPp + TP

which can also be written as

9(0) = mafs + mpPp + [1 — (mq + 1p)] B¢ and

var(ft,) covyp 0 0 0
[COVAB var(fty) 0 0 0 ]
V@)=l o 0 var(f) O 01
0 0 o var(By) O

0 0 0 0  var(h)

where covag= cov(Tt,, Tp).

The plausible multinomial assumption is made that the three dropout status groups are independent,
therefore the covariances between the B’s are 0. However, the proportions 7, and 7; are not

independent and the covariances are not O in that case. The required derivatives are:

dg(0)
g_=ﬁA_ﬁc

aT[A

9g(8)

an.B _ﬁB .BC
a9g(@) _
Ba @
0g(0) _
g D

9g9(8)

oBe =1—(m, +my).

. ~ A A A dg(0
V[g(®)] = [Ba— fe Bo — for Ta T, {1 — (na+nb)}]we)[ 9( )]
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= [(ﬁA - ﬁc)var(ﬁa) + COUAB(.éB - .éc): (ﬁA - .éC)COUAB + (ﬁB

- .éc)var(ﬁb),
dg(0
(1~ Cra + mvar(50)] [ 2252
= (Bs— ,[?C)zvar(ﬁa) + 2covap(Ba— Be)(Bs — Bc) + (Bs — EC) var(fty) + matvar(Ba) +
mp2var(fp) + {1 — (m, + mp)Y2var(Bc) (Equation 2)

navar(,l?A), ﬂbUaT(EB)'

The variances and covariances in this equation above are equal to

PPN Ty
CoVyp = COVgy = cov(fl,, ) = N
var(s,) = Toll ~ ")
a N
var(sy,) = L)
b N
If covyp, var(7,), var(f,) are replaced in Equation 2 the variance is estimated by the following
oA yis (1 Tgq) oMy R R R
var[g(8)] = (Ba— Bc)* — -2 CILV (Ba—Bc)(Bs = Bc) + (Bs — Bo)?

—”b(l W) | # var(ﬁA) + fgvar(Bp) + [1 — (Rq + fp)?var(Be).

This formulation of the equation is not in the most natural form to fit the model. The following

changes can be made to write the formula in a form that is easier to use

As above, it follows that:

Mg+ mp +1m, =1,

sothat m, =1 — (m, + mp)

and B = g(8) = o4 + mpPp + M P
which can also be written as

9(0) = 1B, + mpPp + [1
One change is made by defining

— (mq + )] Bc.

Bg = Ba + Ba1 and Bc = Ba + Bz
with 51 and 85, indicating how groups B and C differ from group A then

9(0) = B = 1yBs + mpPs + P

=1gfa+ p(Ba+ Bar) +[1— (g + 7)1(Ba + Baz)

=1afa+ TpPa+ TpPar + Ba+ Paz —

Tafa — TaBaz — TpBa — TpPaz
= 4+ TpPar +

[1— (g + 7p)]Baz
= Pa+ TpPa1 + TPas

Define @ = (B4, Ba1, Baz, Ty, ). Then
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09(9)=
2Ba
a (e)
om =P
69(9)=
a1 P
a9(0) _
b €
9g9(0) _
aTL'C _ﬂAZ'
[ var(Ba)  cov(BaBar) cov(Ba,Baz) 0 o |
(@) |cov(BaBar)  var(Bar) 0 0 0 |
|c0v([361, Baz) 8 Var(oﬁAz) var(ty) COV(ﬁ'b;ﬁ'c)i
| 0 0 0 cov(fiy, ;) var(f.) |

(39(9)) V(@ )(39(9))

Var(,éA) COV(ﬁA» ,3A1) COV(,BA' gAz) 0 0 ]
. COV(ﬁA»EM) Var(,ém) OA 8 8 [ b]l
(70 7es s Bal | cov(By, ) 0 i) e, covt ) e
0 0 0 cov(fty, ;) var(ft,) ﬁAZJ

= [var(Ba) + my cov(Ba, Bar) + e cov(Ba, Baz), cov(Ba, Bar) + mp var(Bas), cov(Ba, Baz)
+10c var(Baz ), Bar var(®y) + Baz cov(fty, i), Barcov(ity, ic)
+ Baz var(®)] [1,7p, 7, Bar, Bazl’
= var(Ba) + 1y cov(Ba, Par) + 1 cov(Ba, Paz) + mycov(Ba, Bar) + mivar(Bas)
+1c cov(Ba, Baz) + mevar(Baz) + Bai’var(fy) + 2Ba Barcov(fy, fic)
+ Baz’var()
var(f) = var(Ba + mpa + mchaz)
= Var(ﬁA) + Var(Ttb ﬁAl) + Var(nc,éAz) + 2cov(ﬁA, nb,@Al) + 2cov(nbﬁA1,nCﬁA2)
+ 2cov(ﬁA,ncﬁA2)
= Var(ﬁA) + n%var(ﬁm) + rc?var(ﬁAz) + 2nbcov(ﬁA,ﬁA1) + 2nbnccov(ﬁA1,[§A2)
+ chcov(ﬁA,ﬁAz)

Since the covariance between 5, and B, is 0, it follows that

var([?) = Var(,l?A) + n%var(ﬁm) + rc?var(ﬁAz) + 2nbcov(ﬁA,ﬁA1) + 2nccov(ﬁA,EA2)

Combining var(f) and V() gives the following:

(229) y(8) (292) —var(B) + Bas2var(ity) + Bazvar(ie) + 2Baz Barcov(i, fic)
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TpTc

5] (1-my) c(1-T¢)
= var(B) + Bar” "+ Bap” T — 2Bz Bar o

This means that the variance can be calculated in standard statistical software such as SAS by
calculating the variance for § using the estimate statement and then adding the contribution to the
variance made by the other four terms; £, and S5, are available as standard SAS output and T,
and T can be estimated from the sample. A Wald test statistic for the null hypothesis Hy: f; =

B, = -+ =0 is given by

(5 v (52 5

where 8, = (B4, ..., Brn)’ (Thijs et al., 2002).
Extending these methods to four groups follows the same general ideas and is given in Appendix 1.

3.3.3  Shared-parameter models

In shared-parameter models, a vector of latent variables or random effects, b,, is included in the
joint model, where one or more components are shared between both factors in the joint
distribution. The latent term or random effects capture dependence between dropout (R) and the
response process (Y). The missing data process and the observed measures are independent,

conditional on a common set of latent variables (random effects).

The joint distribution can be augmented with random effects

fi i, bl X, Wi, My, 0,9,8),
where § is the parameter vector describing the random effects and M is the covariates describing

the random effects distribution.

The joint model can be factored either as a selection model or a pattern-mixture model. The

selection model factorization is:

furi bil X, Wi, My, 0,9) = f(y1Xi, b;, ) f (ri|y;, by, Wi, ) f(bi|M;, )

The pattern-mixture model factorization is:

[ bil X, Wi, My, 0,9,8) = f(yilry, by, X;, 0)f (ri|by, Wi, ) f (bi|M;, &)
(Molenberghs & Kenward, 2007). A key feature of these models is that they are specified

conditional on the latent term.

The shared-parameter model assumes MNAR. MAR implies that the conditional density of

R; conditional on the complete data, Y©°bS does not depend on the missing data, while MNAR

implies that the conditional density of R; conditional on the complete data, Y°bS | depends on the
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missing data, Y™, The following argument shows that the typical shared-parameter models are

MNAR. The conditional density of R; given'Y = (Y5, Y™ is

[ 9(rilb)g(y™, y°b5|b)h(b)db
J g™, yobs|b)h(b)db
=[ g(rj|b)h(b|ymi5, yobs)db
The conditional density depends on Y™ since h(bly™, y°PS) depends on Y™, h(bly™, y°$)db

f(ri |ymis’ yobs) —

can be seen as an empirical Bayes posterior distribution, which depends on the entire likelihood,

including contributions due to both Y™ and Y°?S (Albert & Follmann, 2009).

Wu and Carroll (1988) proposed latent variable models in cases such as informative right
censoring, where a joint model of the continuous response variable and the time to dropout,
modelled by for example a proportional hazards regression, is developed. The missingness and
outcome models are linked because the same random effects are in both models. The correlations
between these variables induce dependence between dropout and response. The latent variable or
random effect helps to capture or account for individual to individual heterogeneity which is a

significant feature in clinical trial data.

Wu and Carroll (1988) used a Gaussian random coefficient model combined with a model for time
to drop out such as logistic or probit regression. They assumed the full data distribution follows a
linear random effects model with random intercepts and slopes; where conditional on random
effects
Yie = bo; + byt + &
where the random effects (by;, by;) follow a bivariate normal distribution and &~ N(0,52). The
hazard of drop-out did not depend directly on the Y’s but on the random effects
logit(R;¢) = vo + v1bg; +v2by;

An individual’s random slope was included as a covariate in the model for the censoring process.
When the regression coefficient for the random slope is not O there is dependence between the
response and the missing data process. The conditional joint distribution of Y and R given b is
structured as f(ylb)f(rlb). The marginal joint distribution is obtained by integrating against f(b).
Data from both Y and R are used to model the distribution of b. The combination of probit and

Gaussian response allows the integral to be solved.

A key feature of these models is that they are specified conditionally on the random effect term
with the assumption that repeated measures are independent of dropout times conditional on the
random effect (Hogan et al., 2004). This assumption is untestable because the outcome

measurement is always missing when data are incomplete.
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In shared-parameter models parameters can be estimated using different methods. One of these is
maximum likelihood estimation. This can be computationally intensive, since it involves
integrating over the random effects distribution. In cases where the direct integral cannot be
calculated, approaches such as Monte Carlo EM or Laplace approximations of the likelihood can

be used (Albert & Follmann, 2009).

Alternatively non-weighted analyses can be done, where regression models are fitted separately for
each participant, and the parameter estimates are then averaged over participants. For example, for
the linear mixed effects model
Yij = Bo + Butj + Boxi + Baxity + bo; + byt + &5

we can fit a least squares regression for Y for each participant. The within group average of the
slopes provide an unbiased estimate of the mean slope for each group. To compare two groups one
can perform a t-test using the individually estimated slopes. This is unbiased but is inefficient
compared to shared-parameter models where individual estimates are weighted according to their

precision.

Lastly shared-parameter models can be approximated using conditional approaches. This has been
proposed by Wu and Bailey (1989), who approximated the parameter estimates conditional on
dropout with constant variance and mean given as a polynomial expression of dropout. They
modelled the joint distribution of ¥; and b; conditional on, d; and x;.

f(}’i: bi|di,xi) = g(yi|bb di,xi)m(bildi,xi)-
Follmann and Wu (1995) and Albert and Follmann (2000) proposed similar methodology for the

analysis of binary longitudinal data and repeated count data.

In all three methods, estimated variances of the parameter estimates can be calculated using
bootstrap methods. In the maximum likelihood approach asymptotic variances can be obtained by

the matrix of observed Fisher information (Albert & Follmann, 2009).

Shared-parameter models differ from selection models in how they relate the probability of a
missing observation and the response process. Shared-random effects models link the two by
relating an individual’s propensity to response with propensity to miss a visit, while selection
models directly model the probability of missing a visit as a function of the response. These
models are particularly appropriate when the response is variable over time (Albert & Follmann,

2009).
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3.3.4 Joint modelling of longitudinal data and time to missingness

Joint modelling of time to event and longitudinal outcomes has been done in various contexts
(Henderson, Diggle, & Dobson, 2000; Tsiatis & Davidian, 2004; Tsiatis, Degruttola, & Wulfsohn,
1995). If the interest of inference is in the association between the endogenous time dependent
response variable and the survival mechanism the longitudinal and survival processes have to be
modelled jointly, including parameters that represent their correlation. Such models couple the
survival or time to event model with a model for the repeated measurements and allow one to
incorporate measurement error in the longitudinal variable into the model, which is not possible if
one simply models the time to event. Joint modelling has also been used to model longitudinal
markers as surrogates for survival. In this context Tsiatis et al. (1995) explored whether CD4+

count can be used as a surrogate marker for survival in AIDS patients.

Time to event or survival data is generated by observing participants until an event occurs. A
complication with time to event data is that the event does not occur for some participants during
the follow-up period of the study. For these participants only the maximum waiting time up to
which it is known that the event has not occurred is collected. For all participants a right censored
time, which is the maximum of follow-up time or the time to occurrence of the event, is recorded

(Kalbfleisch & Prentice, 2002).

A joint model consists of a survival sub-model and a longitudinal sub-model. The survival sub-
model is constructed as follows
hi (EIM;(0), wi) = ho(Dexp[Y'w; + am;(t)]
where
M;;(t) denotes the history of the true unobserved longitudinal process up to time t
w; is a vector of baseline covariates with a corresponding vector of regression coefficients V'
ho(t) is the baseline risk function
a quantifies the effect of the underlying longitudinal outcome to the risk of an event
m;(t) denotes the true and unobserved value of the longitudinal outcome at time t. This is
different from y;(t) which is the observed value of the outcome, contaminated with measurement

error (Rizopoulos, 2012).

The survival function, which is defined as the probability of event time being beyond some time
point, t, can be obtained as
t '
Si(t1M; (), wi) = exp(— [; ho(s)exp[Y'w; + am;(s)ds].
The survival function depends on the whole covariate history M;(t) and not only on the current

value of the time-dependent true value, m;(t) (Rizopoulos, 2012).
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The hazard function is the probability of an event occurring in the next short period of time, given
that the event had not occurred up to that time and all the past history. In the widely used semi-
parametric Cox proportional hazards model the baseline covariates are modelled parametrically
while the baseline hazard function is modelled non-parametrically with no specific form and is
considered a nuisance parameter. It is not possible to simultaneously estimate the baseline hazard
function and the parameters of interest (Cox, 1972). Cox (1975) suggested an estimation method
based on conditional probabilities at the event times, based on maximising the partial likelihood
which does not depend on the baseline proportional hazard function and only the parameters of
explanatory variables are estimated. Thus in a standard survival function the baseline risk function
is not specified. However in the joint modelling framework the baseline hazard function, h(t), has
to be specified. Common choices for hy(t) are parametric distributions such as the Weibull or
Gamma distributions or cubic splines or a piecewise constant model. These models can be made
flexible by increasing the number of internal knots and the estimation of standard errors follows

from asymptotic maximum likelihood theory (Rizopoulos, 2012).

The second component of the joint model is the participant specific longitudinal model that is
specified using, for example, linear mixed models. The goal of this model is to reconstruct the
complete longitudinal history, M;(t), of each participant. Since Y is the observed outcome, which
is equal to the true unobserved outcome plus error:
Yij = mij + &
m;; = x;'B + v;'b;

where &;;~N (0, d?), b;~ N(0,D) and x; is the design vector for the fixed effects p and v; is the
design vector for the random effects b; (Rizopoulos, 2012). Yj is only collected intermittently and
the modelling is complicated by the fact that the longitudinal measurements are recorded with
error. Previous attempts at incorporating the longitudinal model with the time to event model did
not take this into account (Tsiatis & Davidian, 2004). Good estimates of M;(t) can only be
obtained if the time structure in x; and v; is specified correctly. If participants show non-linear
longitudinal trajectories, high-dimensional functions of time can be considered, either higher-order

polynomials or splines (Rizopoulos, 2012).

The assumption is made that the random effects account for both the association between the
longitudinal process and the survival process, and the correlation between the repeated
measurements in the longitudinal process. Thus, we assume conditional independence. This is

given as

p(D;, 8;,¥:|b;, 0) = p(D;, 6;|b;, 8)p(yilb;, 0)
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where D; is the observed time to event, and §; is the event indicator (1 if the event was observed
and 0 if the event was not observed) and 6 = (6,,6,',6,")" where 8, denote the parameters for the
event time outcome, 6, denote the parameters for the longitudinal outcome and 6, denote the
unique parameters for the random-effects covariance matrix. The assumption is made that given
the observed history, the censoring mechanism and the mechanism that generates times of visits are
independent of the true event times and future measurements. This means that whether a
participant arrives for a visit or withdraws depends on observed past longitudinal measurements,
but not on additional latent participant characteristics associated with disease stage or prognosis.
The observed data cannot be used to test this assumption (Rizopoulos, 2012; Tsiatis & Davidian,

2004).

The main estimation method proposed for joint models is maximum likelihood (Henderson et al.,
2000). An early formulation of joint models included a longitudinal model of participant-specific
random effects expressed as a linear or more general spline function of time with a parametric
lognormal time to event model. They developed an EM algorithm to maximize the log-likelihood,
which involved intractable integrals over the distribution of ;, assumed to be normally distributed
(Degruttola & Tu, 1994). In general, the maximum likelihood estimates are derived as the modes
of the log-likelihood function corresponding to the joint distribution of the observed outcome.
Fitting joint models for longitudinal and survival data requires a combination of double numerical
integration and optimization. The integral with respect to time in the survival function and the
integral with respect to the random effects in the score vector do not generally have an analytic
solution and a numerical approach is usually employed to approximate these integrals in the
calculations of the log-likelihood and the score vector. Maximization of the log-likelihood function
can be achieved using the EM algorithm, Fisher scoring, or the Newton-Raphson algorithm. The
observed data score vector can be used to calculate the Hessian matrix and standard errors using an
approximate observed information matrix. Fitting joint models are computationally intensive.
Convergence problems are not uncommon (Rizopoulos, 2012). Bayesian estimation using MCMC
techniques has been considered (Chi & Ibrahim, 2006; Wang & Taylor, 2001). A conditional score
approach in which the random effects are treated as nuisance parameters was used to develop
estimating equations that yield asymptotically normal estimators. In this approach no assumption

was made regarding the distribution of the random effects (Tsiatis & Davidian, 2001).

The joint models discussed to this point apply mostly to the modelling of time to event taking the
longitudinal covariates into account. Joint models can also be used to model incomplete
longitudinal data. In this case, the occurrence of an event is defined as the time of dropout, or the
time when the longitudinal process is discontinued. Intermittent missing values are treated as

ignorable and assumed to be MCAR and can be ignored in the likelihood function. The
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longitudinal response vector can be divided in an observed and missing part. D; is the true dropout
time for participant i, while D; is the observed dropout time. The dropout mechanism is derived by
the conditional distribution of the time to dropout given the complete vector of longitudinal

responses
p(D;|y?Ps, ys,0) = J p (D, b;|y?s, ¥, 0)db;

= [p(Df|byy??, ¥, 0)p(by|y?"s, yi*, 0)db;

Applying the conditional independence assumption, this becomes

[ p @iibe o (ilye. v, 6) i
The time to dropout depends on Y{"is through the posterior distribution of the random effects
p(b;|y?"s, ymis, 6) . Under the joint model the survival and longitudinal sub-models share the
same random effects. Therefore joint models fall under the shared-parameter model discussed in
Section 3.3.3. Joint models correspond to a MNAR missing data mechanism. Under a simple
random effects structure this missing data mechanism implies, for example, that participants who

show steep increases in their longitudinal profiles may be more or less likely to drop out

(Rizopoulos, 2012).

The joint model of the survival and longitudinal sub-models is

hi(t) = ho(Dexp[Y'w; + a[x;()B + vi(©)b]].
There is a connection between the association parameter o and the missing data mechanism. If
a =0 then the missing data mechanism is MCAR. In this instance h;(t) = ho(t)exp[Y'w;] and
the dropout process does not depend on either the missing or observed longitudinal responses.
Censoring corresponds to a MAR missing data mechanism because in the formulation of the
likelihood function of joint models it was assumed that the censoring mechanism depends on the

observed history but is independent of future unobserved outcomes (Rizopoulos, 2012).

If a = 0 the parameters in the two sub-models are distinct and their corresponding parameters can
be estimated separately. Under a full likelihood approach, the estimated parameters derived from
maximizing the log-likelihood of the longitudinal process will also be valid under a MAR missing
data mechanism where the dropout depends on the observed responses only. An advantage of
shared-parameter models is that these models can handle both intermittent missingness and
monotone missingness. Many of the pattern-mixture and selection models have difficulty handling

non-monotone missing data (Rizopoulos, 2012).
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Sensitivity analysis within this framework consists of fitting several joint models where different
alterations are made in the survival sub-model. Alternative parameterization of the longitudinal

marker can also be considered.

3.4 Likelihood-based approach

Likelihood-based analysis is a viable approach when analysing incomplete longitudinal data when
the MAR assumption is plausible. All available cases are used in a likelihood-based way using
ignorability theory. Ignorability has been defined in Section 2.4; and means that the mild
separability assumption is made that the parameters of the missing data mechanism are distinct
from the parameters of the sampling model. This implies that the mechanism generating missing
data can be ignored when the interest is in inference about the measurement process, without
biasing the analysis. Ignoring the missing data mechanism assumes there is no scientific interest in

the missing data mechanism.

The following desirable properties are associated with maximum likelihood analyses when the
assumptions are met: consistency, asymptotic efficiency and asymptotic normality, under broadly
applicable regularity conditions. Consistency implies that the estimates are progressively less
biased and less variable given a large sample. Asymptotic efficiency implies that the estimates
have minimum standard errors and asymptotic normality enables the user to use normal
approximations when calculating confidence intervals and p-values. These desirable properties are

all large sample approximations (Allison, 2009).

Likelihood-based approaches use a parametric model to formulate a statistical mechanism for the
missing data and base inference on the likelihood function of the incomplete data. The objective is
to draw inference about a parameter, 6, in a model f (y|8) for the response data that is not fully
observed. Under the MAR assumption, # and the missing data model are functionally independent
and missing data can be treated as ignorable. In this case inference is drawn about & without
having to specify a model that relates the missing data process to the Y or X (National Research
Council, 2010). Information from the non-missing data is used to provide information about the

missing data. Missing data are not imputed (Mallinckrodt, Clark, et al., 2003).

In the absence of missing data, likelihood-based methods entail the maximization of the full data
likelihood. When data are incomplete this likelihood is replaced by the observed data likelihood,

where the individual likelihoods are integrated over the missing values,

Mo L F 2P, ys, 0, g)dy ™.
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Under ignorability and MCAR or MAR missingness, the integral can be rewritten as an integral
over the missing values and the distribution of the missing data mechanism (under a selection

model). This simplifies the integral tremendously.

If the MAR assumption holds, ignorability is assumed and the sample is relatively large, maximum
likelihood theory can be used to estimate 6. Under regularity conditions # has a normal
distribution with mean € and variance estimated by the inverse of the observed information matrix
I _1(9) or using bootstrap methods (Kenward & Molenberghs, 1998; National Research Council,
2010).

Sometimes numerical approximation is needed to maximize the likelihood. The EM algorithm, a
general-purpose iterative algorithm, can be used for calculating maximum likelihood estimates in
these instances (Dempster, Laird, & Rubin, 1977; Horton & Kleinman, 2007; Little & Rubin, 2002;
Molenberghs & Kenward, 2007).

Likelihood-based estimation adjusts data in terms of the conditional expectation of the unobserved
measurements given the observed measurements. Thus a likelihood-based ignorable analysis
accommodates information on a participant with post-randomisation outcomes, even with missing
data. An ignorable likelihood is therefore consistent with the ITT analysis, provided that the
treatment compliance is the same for those who drop out and those who remain in the study
(Molenberghs & Kenward, 2007; Molenberghs et al., 2004). Likelihood-based methods are easy to

implement because no data manipulation is required to accommodate the missing data.

If data sets have no missing data, the estimate of the mean in a saturated means multivariate normal
model does not depend on the specification of the variance matrix. However, with missing data,
the inference of the mean depends on the specification of the variance matrix (National Research

Council, 2010).

Likelihood-based methods treat longitudinal data as clustered data that are temporally aligned,
assuming that the missing data are orthogonal to the missingness process given observed data,
regardless of where the dropout occurs. Under MAR the likelihood-based approach requires
correct specification of the full data model (Hogan et al., 2004).

One application of direct likelihood methods is through mixed models. A mixed model is a model
that includes both fixed and random effects. The most common random effects model is the
generalised linear mixed model which combines concepts from generalised linear models and

linear mixed models (Molenberghs & Kenward, 2007). Generalised linear mixed models assume a
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random component, the components of Y, which is independent from each other and follows some
distribution with constant variance of errors; a systematic component, a linear prediction using the
covariates and f; and a link function between the random and systematic components. This
generalises and extends linear models by allowing the distribution of the systematic component to
be from an exponential family other than the normal distribution and the link function can become
any monotonic differentiable function. Classical linear models assume a Gaussian distribution for

the components of Y and the identity function as a link function (McCullagh & Nelder, 1989).

If Y; is the n-dimensional vector of all measurements for participant i, then Y;; can be modelled
using, for example, a random intercept and slope model as
Yij = (Bo + big) + (By + bin)tij + Poz;i + Batijz; + & (Equation 3)
b; = (bio, bi1)'~ N(0,6), £~N(0, %)),

by, .., by and g, ..., &y are independent, where z; is the treatment group and t;; is a time variable.

The components in B = (By, B1, B2, B3)" are fixed effects and the components in b; are random
effects (Molenberghs & Kenward, 2007). The fixed effect of greatest interest in clinical trials is
generally treatment allocation. Additional fixed effects such as baseline covariates, demographic
data or site can also be included (Mallinckrodt, Sanger, et al., 2003). The participants in a study
are thought of as representative of a larger population of participants, therefore, the effects specific

to an individual, b,, are treated as random effects (Hedeker & Mermelstein, 2007).

The random effects approach is based on the assumption that for every participant the response can
be modelled by a linear regression model with participant specific regression coefficients. These
analyses use likelihood-based estimates and participant specific effects and correlations between
the repeated measurements are modelled via the within participant error correlation structure
(Mallinckrodt, Sanger, et al., 2003). The random participant effects included in the model account
for the correlation between the repeated measures of a participant. These random effects reflect the
change of each participant over time and explain the correlational structure of the longitudinal data.
They indicate the degree of variation per participant that exist in the population (Hedeker &
Mermelstein, 2007).

The error terms are assumed to be normally distributed and independent conditional on the random
individual-specific effects, b;,. This model represents the measurement of Y as a function of time,
at the individual and population levels. The overall population intercept is given by Sy, the random
slope for participant i is given by b, and S, is the overall population slope (the effect of time). The

intercept parameters indicate the starting point and the slope parameters indicate the degree of
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change over time. The population intercept and slope parameters represent the trend for the
population and the individual parameters show how the individual differs from the population
trend. Equation 3 includes a time by treatment interaction and can also be expanded to include
other interactions, higher order polynomials or time varying coefficients (Hedeker & Mermelstein,

2007).

Random-effects models are useful in the longitudinal setting because participants are not required
to be measured on the same number of time points (the number of data points per individual is not
assumed to be balanced) and time is treated as a continuous variable. Participants with incomplete
data or designs where follow-up times are not uniform across participants can thus be included.
The Y; vector and the X; and Z; matrices carry the i subscript, thus no assumption of complete data
on the response across time points is made (Hedeker & Gibbons, 1997; Hedeker & Mermelstein,
2007). The change in the response variable for each participant can be estimated. The advantage
of these mixed models is that the predictors of both intra-individual (within-participant) and inter-

individual (between-participants) variation can be assessed (Hedeker & Mermelstein, 2007).

The model assumes that the available data for a participant represents that participant’s deviation
from the average trend observed for the whole sample. The model estimates the participant’s trend
across time on the basis of the observed data for the participant and the time trend estimated for the

whole sample, adjusted for covariates (Hedeker & Gibbons, 1997).

Mixed effects models consider the unique attributes of each participant. Responses of individual
participants are allowed to vary and to be correlated over time. Information from the observed
outcomes of a participant can be used to provide information about the unobserved outcomes. All
available data are used to compensate for the data missing on a particular participant (Mallinckrodt,

Sanger, et al., 2003).

Estimation and inference is based on maximum likelihood. To determine the significance of model
parameters, large sample variances and covariances of the maximum likelihood estimates are
obtained. This is used to construct confidence intervals and conduct Wald tests for the model
parameters (Hedeker & Gibbons, 1997). In general no analytic solution exists and numerical
maximisation routines are used. In practice often REML estimation is used (Laird & Ware, 1982).
This leads to smaller bias in the estimation of the variance component than maximum likelihood
(Molenberghs & Kenward, 2007) because the method accounts for degrees of freedom lost in

estimating the mean model.
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When the interest is on inference on the fixed effects f, t and F distributions can be used. The
denominator degrees of freedom are estimated with the method of Kenward and Roger (1997).
When interest lies in inference for some of the variance components classical Wald, likelihood
ratio and score tests can be used. If the interest lies in the random effects empirical Bayesian
estimation methods can be used (Molenberghs & Kenward, 2007). Inference is based on the
conditional distribution for ¥; which is obtained by integrating out the random effects. The
resulting likelihood for the joint distribution is maximised in the presence of N integrals over the g-

dimensional random effects.

In order to fit a mixed effects linear model to a data set with missing data, a few assumptions are
needed. The assumptions made include:

1. Because a normal outcome is assumed, multivariate normality ought to apply.

2. To avoid overly restrictive, unverifiable assumptions, it is sensible to select a saturated
means model that include time, treatment and time by treatment interaction. In the same
spirit, an unstructured variance-covariance matrix reduces the risk of model
misspecification and, consequently, incorrect inferences.

3. The joint statistical behaviour of the unobserved measurements from an individual who
drops out is assumed to be the same as that of an individual who does not drop out who
shares the same history (previous measurements, including baseline) and the same
covariates (including treatment group). If dropout means stopping treatment the assumption

that these two groups behave the same is not true (Kenward, 2006).

The choice of the structure of the covariance matrix influences the point estimates when the data
are incomplete. An unstructured covariance matrix is often the appropriate first choice. Carpenter
and Kenward (2007) showed that using the unstructured covariance matrix does not lead to a
noticeable loss of power if the sample size is not very small. A different covariance matrix can

also be used in each treatment group.

Why does direct likelihood, via mixed models, provide a valid analysis when data are incomplete?
It takes into account the expectation of the missing measurements, given the observed
measurements and is valid and unbiased under MAR (Molenberghs & Kenward, 2007). It can be
thought of as aiming to estimate the treatment effect that would have been observed if all
participants had continued on treatment for the full study duration (CHMP, 2010). The CHMP also
believe that these methods would overestimate the treatment effect of effective interventions, thus
biasing results in favour of the treatment effect and should only be used when missing data are
negligible. Mallinckrodt et al. (2003) showed that mixed model analysis was robust to the presence
of MNAR data. Thus this method is appropriate to use with MCAR and MAR data, and could, in
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some circumstances be appropriate with MNAR data. In some settings a biased MAR analysis will

be less biased than a MCAR analysis.

Likelihood-based methods work in the context of missing data by adjusting the least square means
for a participant at times after drop out. The magnitude of the adjustment is determined by the
within participant correlation and by the participant’s deviation from the group mean. The
uncertainty in the adjustment is determined by the amount of data contributing to the group mean,
the amount of data on the participant and the within-participant correlation (Mallinckrodt, Clark, et

al., 2003).

Although mixed effects analysis uses all data collected on participants who completed and did not
complete the study treatment, if data were only collected while participants were on treatment then
the analysis estimates what would have happened if all participants with missing data had stayed in
the study and completed treatment. This is not a strict ITT analysis, since it does not account for
withdrawal from treatment. Continuing follow-up and data collection after discontinuation of
treatment could alleviate this problem. However, as long as there are missing data off treatment,
the likelihood-based methods will represent an analysis on treatment more closely than a strict ITT

analysis (Keene, 2011).

Likelihood-based methods are the easiest methods to use and can be applied with most standard
software, without much knowledge of missing data analysis. These methods should be encouraged,
while understanding that they may not provide a strict ITT analysis, if treatment compliance of

those who drop out is not the same as compliance of those who remain.

3.5 Weighting methods

If data are MAR a missingness weight can be assigned to the complete cases. This implies that the
probability of being observed is a function of the variables measured (National Research Council,
2010). In this approach, also called inverse probability weighting, a model for the probability of
missingness is fitted, and the inverse of these probabilities are used as weights for the complete
case (Horton & Kleinman, 2007; Molenberghs & Kenward, 2007). Weighting by the inverse of the
probability of being observed means that participants who were observed but had low probability
of being observed, are given more weight and as such also represent the unobserved participants.
This way, the complete cases are used to estimate parameters that are valid for both the complete

cases and missing cases.

This is explained by starting with the univariate case. In the univariate case inverse probability

weighting is done by assigning sampling weights to the complete cases. For example, in a survey,
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if only some observations are observed a weighted average, where each observed observation is
weighted by the inverse of the probability of response, would be unbiased, whereas the unweighted

average would not be unbiased.

This idea is applied to regression with missing observations. If all values of the covariate are
observed, then the true population parameter values will have an expected value of 0. This is
called a consistent parameter estimate. If some of the covariates are missing then the parameter

estimates are no longer consistent and the expected value of the estimating equations is no longer 0.

If each covariate is observed with probability 7;, then weighting by — creates estimating equations
i

with expectation 0 and consistent parameter estimates. Often m; is estimated using logistic

regression, after which a weighted regression will be performed with weights ni (Carpenter,

Kenward, & Vansteelandt, 2006).

For example, an inverse probability weighting estimate of the mean is computed by first fitting a
model for the probability of being observed;
n(y;,0) = P(R; = 1|x;,0).

An indicator of whether an observation was observed is regressed against observed characteristics
of the participant. The mean of Y is then estimated using the weighted average, the average of the
observed Y weighted inversely by the probability of being observed.

p= 2y

n< m(x;,0)

The correlation structure should ideally be the independence working correlation structure and

standard errors can be estimated using bootstrap methods (National Research Council, 2010).

Considering longitudinal data with repeated measures, when there is no missing data repeated
measures regression models can be fitted using GEE. For repeated measures with missing data
GEE does not produce consistent and valid estimates unless the missingness is MCAR because
regression estimation depend strongly on the assumed correlation structure. Weighted GEE can be
used when the missingness mechanism is MAR and monotone. Echoing the ideas already
discussed in the univariate case, the weight is obtained from the inverse probability of a participant
being observed at that particular measurement occasion, given that the participant is still in the
study, covariates and previous measurements on the response variable (Molenberghs & Kenward,
2007). The probability that participant i, who is still in the study at time ¢ — I, will be observed at
time ¢ is Aj. The probability that participant i is still in the study is calculated using cumulative

conditional probabilities;
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Att=0:4=1
att=1:m; = A1
att=2,m;y = 144
att=3,m3 = Apndipdiz
Additional assumptions underlying inverse probability weighting are that there are no covariate
profiles where Y could not be observed. The possible values of missing responses are the same as
the possible values of observed responses. Thus missing values cannot be imputed outside the

range of observed values (National Research Council, 2010).

The procedure to use inverse probability weighting is as follows: Ensure that the missing data
follow a monotone pattern. Additional information on covariates collected should be included
when the probability of observing data is modelled. Calculate the probability that the outcome is
observed. Fit the regression that would have been fitted had all data been fully observed, but
weight individual contributions to the model by the inverse of the probability of being observed

(Carpenter et al., 2006; National Research Council, 2010).

Given a large sample and MAR missingness, the inverse probability weighted GEE yields unbiased
estimates when the probability of observing data is correctly specified. A disadvantage of this
method is that the model for the probability of being observed has to be correctly specified for the
estimator to be unbiased. If the probabilities are calculated incorrectly the observations are not
weighted correctly and will not represent the missing data. The parameter estimates are inefficient

relative to likelihood-based estimates (National Research Council, 2010).

Observations with very small probability of being observed will have large inverse weights. These
observations will then dominate the method and lead to instabilities and high variance in small
samples. The augmented inverse probability weighting estimator improves on this, since the
variance is not as high when individual weights are high. Strata can be created based on the
predicted probability of being complete. Respondents are then weighted by the inverse of the
response rate in these strata. This can be controlled by choosing strata that limit the size of the
weights, thereby controlling the variance. The theoretical justification of this method is based on

large-sample arguments and it may not hold in small samples (National Research Council, 2010).

Weighted estimating equations are robust, since it does not depend on knowledge of the
distribution of the unobserved data, and the estimates are consistent and asymptotically normal. It
can be applied in settings where other approaches are difficult to apply. Other methods may be
optimal when the distributional assumptions are correct, but they may not be desirable when the

assumptions are violated. The estimates are also potentially inefficient, since it uses only data from
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completers (Ibrahim et al., 2005). In addition to the methods that use data from completers, Robins
et al (1994; Robins, Rotnitzky, & Zhao, 1995) and others (Carpenter et al., 2006; Vansteelandt,
Carpenter, & Kenward, 2010) extended the methods by including incomplete cases in the

calculation of the weights. This improved efficiency.

Augmented inverse probability weighting estimators are obtained by adding to the inverse
probability weighting estimating functions an augmentation term that depends on unknown
functions of the observed data. In this way the augmented inverse probability weighting GEE
procedure does not use information from complete cases only. If these functions are appropriately

chosen, it leads to efficiency.

The augmented inverse probability weighting estimator of p = E(Y}) is:
S RikYik 1 Rik -
==)i———>+-— -{—A— 1} Zier Xi),
where R;, = 1 if Y}, is observed and O if Yj;, is not observed. The observed history at time k is
denoted as zy, m(Zy;60) = P(R, = 1|z.,0) is the probability that a participant remained in the
study to time k and g(zj, x;) is a function of the observed history up to k-1 (National Research

Council, 2010).

The first term in this estimator is the inverse probability weighting estimator of p, which weights
the observed measurements. The second term is the augmented term added and has mean O
because the expectation of R; is ni(zik ; 9), so that this is still a consistent estimator. This term
includes information on both fully observed participants and participants with missing values. The
variance will be determined by g(Z;,, X;) which can be chosen to minimise the variance. The
precise form for this expression is not known, but it can be estimated using participants with
observed outcomes. If g is correct, then the augmented inverse probability weighting estimator is
more efficient than the standard inverse probability weighting estimator (Molenberghs & Kenward,
2007; National Research Council, 2010). Robins and Rotnitzky (1995) described the calculation of
this function. Thus augmented inverse probability weighting estimators are obtained by
augmenting the estimating function with a term that depends on a function of the observed data. If

these functions are chosen correctly the efficiency of the standard weighted GEE can be improved.

Double robust estimation combines inverse probability weighting with regression modelling. Each
observation is weighted equal to the inverse of the probability of being observed to create pseudo-
populations of complete and incomplete participants that represent what would have happened to

the population under those two conditions. Maximum likelihood regression or GEE is conducted
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within these pseudo-populations adjusting for confounders and variables of interest. An estimator
is doubly robust if it is consistent when either a model for the probability of being observed or a
model for the distribution of the complete data is correctly specified or if both are correctly
specified. Because one cannot know whether the model for missingness is correctly specified, this

1s a highly desirable property (Molenberghs & Kenward, 2007; Vansteelandt et al., 2010).

Such a model can be obtained by replacing the observed value in the substantive model with the
fitted value of a generalised linear model analysis of the outcome on background characteristics
fitted to the responders using the weights 1/m;. The doubly robust nature of the estimator can be
seen as follows. When the imputation model is correctly specified, the misspecification of the
weights does not influence the expected value of the estimator. The estimator can be written as a
set of equations including a product of the model residuals and the weights, and since the expected
value of the model residuals is 0, the term would be 0, regardless of the weights and therefore gives
an unbiased estimator. If the weights are correctly calculated (the response model is correctly
specified), then misspecification of the imputation model does not affect the validity of the doubly
robust estimator because the weighted least squares estimator satisfies

n n
IR IR,
=Y Sy =2 Sy

TT; nés 4 TT;
i=

n 3
=1

where m*(X;) is the fitted value for participant i. If the weights are correctly specified then % has

an expected value of 1. This implies that m*(X;) = Y; in expectation (Vansteelandt et al., 2010).

A doubly robust estimator offers the advantage over standard inverse probability estimators or
likelihood-based estimators that there are two chances to make correct inference. These methods
do assume that the substantive model is correctly specified. The doubly robust estimators are less
efficient than maximum likelihood estimators when the likelihood is correctly specified, but they
are more robust to incorrect specification of the model. Doubly robust estimators can be difficult
to construct, or might not even exist in some instances (Bang & Robins, 2005; Robins et al., 1994).

These methods assume a MAR missingness mechanism (Vansteelandt et al., 2010).

The standard errors cannot be calculated using standard methods, because with inverse probability
weighting the standard errors ignore the imprecision of the estimated weights. One solution is to
calculate the standard errors using bootstrap techniques. Bootstrap may not perform well when
some individuals are oversampled in some of the bootstrap samples. An alternative is to consider
sandwich estimators. These may not perform well with larger weights because they are based on
large sample approximations that might not hold when some individuals have large weights

(Vansteelandt et al., 2010).
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3.6 Bayesian approaches

Ibrahim et al. (2005) argued that maximum likelihood and multiple imputation have Bayesian
connections. Multiple imputation was originally derived from a Bayesian framework where the
sampling in the imputation step is done from the posterior distribution of interest. Maximum

likelihood can be viewed as a large-sample Bayesian method, with non-informative priors.

Bayesian approaches have also been applied more generally in the analysis of missing data. This is
done by specifying priors on all the parameters and specifying distributions for the missing
covariates (Horton & Kleinman, 2007). The missing data are then sampled from their conditional
distribution via the Gibbs sampler. The Gibbs sampler is an algorithm that involves sampling a
Markov chain where the kernel is the product of the sequentially updated full conditional
distributions of the parameters and the stationary distribution is the posterior distribution (Geman
& Geman, 1984). Fully Bayesian methods are powerful and general methods for dealing with

missing data since existing Bayesian methods can be adapted for dealing with missing data.

In classical, frequentist statistical analysis parameters are regarded to be fixed non-random
quantities. Probability statements made concern the data observed. In Bayesian analysis the
parameters are treated as realisations of random variables. Probability statements are then made
about the model parameters and not about the data. Bayesian analyses have three components; the
prior distribution, the likelihood and the posterior distribution. The prior distribution reflects the
distribution of the parameters before the data are seen; thus expressing uncertainty about the
parameters prior to seeing the data. The likelihood gives the distribution of the observed data.
This is the same distribution that would be used in classical frequentist inference. The posterior
distribution uses Bayes’ Theorem to combine information from the prior distribution and the
likelihood. The posterior distribution expresses uncertainty about the unknown parameters after
seeing the data. In ignorable methods the posterior distribution is p(8|D) < p(@)L(6|D), with
p(0) the prior distribution and L(6|D) the full data likelihood. Thus the Bayesian inference is
done by specifying a model, specifying prior distributions for the parameters of the model, and then
updating the prior information on the parameters using the model specified and the data observed
to obtain the posterior distribution of the parameters. Our assumptions about the missing data can

thus be made explicit through the prior distributions (Daniels & Hogan, 2008).

Bayesian inference distinguishes between observable quantities, the data, and unobservable
quantities, such as the statistical parameters and the missing data. The unobserved quantities have

an associated probability distribution. Thus Bayesian methods are a natural way of handling
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missing data because a probability distribution is estimated for each missing value. This also

allows for uncertainty to be captured. Missing data are treated as unknown parameters.

Prior distributions quantify a priori knowledge about the parameter(s). An informative prior is a
prior that contains information through a probability distribution. The prior distribution can come
either from previous studies, historical information or expert opinion. If this is not available a
vague prior can be used if no information is available. These are called non-informative priors.
Specifying the prior is important and can influence the results. The Bayesian approach allows
assumptions about non-identified parameters to be formalised through prior distributions (Daniels

& Hogan, 2008). The sensitivity of the results to the prior used should always be explored.

To conduct the fully Bayesian analysis on the observed data a posteriori the following steps are
followed:

1. The distribution of the data containing the missing data is specified.

2. The joint prior distribution is specified.

3. Sample from the posterior using simulations methods like the Gibbs sampler (Ibrahim et

al., 2005).

With complete data, when informative priors are used, information from the prior is combined with
information from the data to create the posterior. For example in the case of the normal linear
regression model, the posterior mean of f is a weighted average of the ordinary least square
estimator and the prior mean. The weights depend on the data and the prior variance. The strength
and informativeness of the prior is determined by the prior variance. With incomplete data some

information only derives from the prior (Daniels & Hogan, 2008).

It is not easy to derive the parameters of the prior distribution from experts. One suggestion is to
rather ask experts to predict future data or data patterns and to use this to model the data and derive
parameters from these models. This is done because it is easier for experts to visualise data than to

visualise parameters (Daniels & Hogan, 2008).

When there are incomplete data, a prior belief is assigned to the distribution of the missing data
points. The prior is assumed to be independent of the data. If covariates are observed and only the
response has missing data, one need not assign a missingness model, provided the missing data
mechanism is ignorable. There is no fundamental distinction in the handling of missing data and
unknown parameters within the Bayesian framework. The missing data are then treated as
additional unknown parameters and the imputation of the missing outcome variables is unnecessary

for a valid inference about the model parameters. If imputation of the missing data is needed,
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values can be generated from the posterior predictive distribution. However, if the assumption that
the missing data mechanism is ignorable cannot be made, then we need to specify a response model
of missingness. If covariates are missing an imputation model for the missing data is required. All
that is needed is the specification of the appropriate joint model for the observed and missing data
and model parameters. Posterior samples of the model parameters and missing values are then

generated in the usual way using MCMC (Mason et al., 2012).

The posterior distribution is the basis of Bayesian inference, but for complex models the integration
is not possible analytically. MCMC is done by sampling from the joint posterior distribution in
cases where analytical integration is not possible (Gilks, Richardson, & Spiegelhalter, 1996).
Sound inference based on MCMC methods requires that the Markov chain being simulated has
achieved steady state or converged. Convergence is checked by running multiple chains with

different starting points and checking whether the chains converge to the same point.

Inference based on serially correlated MCMC draws is less precise than if the draws were
independent. In Bayesian analysis assessing the fit of the model includes checking for sensitivity
of the analysis to the prior specified, or conflict between the prior and the data observed. Posterior
predictive model checking is also done, in which the simulated data from the posterior predictive
distribution is compared to the observed data. If the model fits well the simulated data should be
similar to the observed data (Gelman et al., 2004). The Deviance Information Criterion (DIC) can
be used to compare models in a similar way as the Akaike Information Criterion, with smaller
values indicating better model fit. It gives a measure of model fit, that is penalised for model
complexity (Spiegelhalter et al., 2002). When data are incomplete the DIC is based on the fit of the
joint model f(y,7|0,) to the observed data (Y™ and R). The DIC indicates how consistent the
modelling assumptions are with the observed data, but cannot provide information about the fit to

the data that was not observed (Daniels & Hogan, 2008).

Bayesian analysis provides a flexible way to model MNAR data, using a selection model
factorisation of a joint model, consisting of a model of interest and a model of missingness. The

results are not robust to incorrect specification of the various parts of the joint model.

The advantage of Bayesian modelling is that it provides a model based approach to missing data,
which is theoretically sound. Uncertainty can be modelled. These models also have the ability to

incorporate realistic assumptions about the reasons for missing data.
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3.7 Death as a cause of missing data

One of the more difficult issues in the analysis of longitudinal data is how to handle death as a
cause of dropout and thus a cause of missing data. Little has been written about addressing missing
data when deaths occur during follow-up and is related to the outcome of interest. The National
Research Council (2010) recommended that one define the estimand carefully; for example as
outcomes in those who would remain alive on either treatment. This estimand applies to a sub-

group that cannot necessarily be identified.

Most methods for the analysis of data after dropout assume that participants who drop out could
have been measured after their dropout time. Random-effects models or multiple imputation may
impute data beyond dropout; this is not plausible if drop out was caused by death (Hogan et al.,
2004). A possible way to approach this is to draw inferences about the sub-population of

participants who would survive (Robins, Greenland, & Hu, 1999; Rubin & Frangakis, 1999).

Regression models can be used to describe the relationship between predictors and the longitudinal
response, but survival influences whether the longitudinal response will be observed at later visits.
Thus if one modelled longitudinal data truncated by death, the model will explicitly or implicitly
also include survival. Kurland et al. (2009) discuss several modelling options for longitudinal data
truncated by death. These methods answer different scientific questions and also have different

estimands.

The first type of methods models the outcome unconditional on survival. These models are
appropriate if deaths do not occur or are independent of the response process or do not result in
truncation. When these conditions are not met, the unconditional distribution averages f(y;|s;)
over the survival function f(s;), where S; represents the survival time for participant i. These
unconditional models are usually not the correct model to use when there is imbalance due to death
(Kurland et al., 2009). Mixed effects models are an example of these and may impute data beyond

death.

A second direction one could take is through models that are fully conditional on death. Only
participants who survived are analysed, or those who survived are analysed separately from those
who did not survive. One way to do a fully conditional analysis is with pattern-mixture models,
where outcome is modelled separately for groups defined by the survival time. These models can
model the individual trajectories correctly, but they use future survival time to model earlier
outcomes. Principal stratification as described by Frangakis and Rubin (2002) can also be used,

where causal effects are estimated for principal strata as defined by the potential survival outcome.
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These models describe the causal treatment effect for each stratum. Terminal decline models are a
third fully conditional option. These models include only the participants who died during the

study and the analysis counts backwards from death (Kurland et al., 2009).

The third direction one could take is to use partly conditional models. These can be fitted by
conditioning the expected value of the response at time #; on the participant being alive at time 7;.
Partly conditional regression models correct the shortcoming that data are imputed after death by
methods that model the correlation structure of longitudinal data, by assuming independence
among the longitudinal responses. These models then fit regression models conditional on being
alive and describe the outcome variables among the dynamic cohort of surviving participants

(Kurland et al., 2009).

The last method to handle missing data created by death is to fit a joint model of both the outcome
and survival. A joint model of the probability of being alive and healthy is created. Joint models

were discussed in detail in Section 3.3.4.

Dufouil, Brayne, and Clayton (2004) argued that death and dropout refer to two different kinds of
loss to follow-up and should not simply be combined in analysis. They also distinguished between
a mortal and immortal cohort. In an immortal cohort, all participants are observed at all time
points. Analyses based on likelihood give correct results when the missing observations are MAR,
but full probability modelling of participant-specific response profiles does not readily
accommodate different treatment of death and drop-out. Marginal modelling approaches, such as
GEE, can accommodate this; however GEE is only valid under MCAR. Inverse probability
weighting methods can solve this problem, and weighted GEE is valid under MAR.

Dufouil et al. (2004) suggested imputing values for drop outs and allowing participants who died to
be removed from the study. They assumed that the mortality rate following drop-out was the same
as the mortality rate for participants remaining in the study. They defined m;; as the probability
that participant /, seen at time ¢ — / and still alive at time #, will drop out at time #. Using ideas from
inverse probability weighting they fit a logistic regression using data from the survivors at each
wave to model ;; and then use double decrement life table models to calculate the weights for
inverse probability weighting. They then simulate imputation of missing data for participants who
dropped out, but not for those who died. This analysis assumes that following drop out the
distribution of outcome in surviving participants mirrors that in participants remaining in the study,
conditional on observed data. If the interest is to predict the longitudinal outcome in living
participants, then the mortal cohort analysis is appropriate. This method can only be used with

monotone missing data.



79

3.8 Concluding points

Several methods to analyse longitudinal data when data are incomplete were discussed in this
chapter. These methods require assumptions made about the distribution of the missing data, often
the conditional distribution of the missing data given the observed data, or the mechanism that
created the missing data. The resulting conclusions can be sensitive to the assumptions made
(Ibrahim et al., 2005; Molenberghs & Kenward, 2007; National Research Council, 2010). The

validity of these assumptions can, however, not be tested using the available data.

The various methods discussed all have advantages and disadvantages. The mechanism creating
the missing data (MCAR, MAR, MNAR) determines to a large extent which of the analysis
methods are appropriate in any specific instance. If the missing data mechanism is MCAR almost
any method would be appropriate, LOCF being a counterexample. The complete case analysis is
only unbiased if the data are MCAR. Under MAR, inverse probability weighting, likelihood-based
approaches, Bayesian methods and multiple data imputation are used and valid, given some
assumptions. Under MNAR conditions selection models, pattern-mixture models and shared-

parameter models are used.

The parameters estimated using a pattern-mixture model, selection model or shared-parameter
model cannot be compared directly. This is because @ in a selection model represents a marginal
effect, in a pattern-mixture model it represents an effect conditional on missing data and in a
shared-parameter model it measures an effect conditional on a latent variable. However, the
estimate obtained from a pattern-mixture model can be averaged to obtain a marginal estimate,

which is comparable to a selection model estimate.

Methods that do not assume MAR widen confidence or credible intervals because they inflate the
standard error to reflect the uncertainty created by the missing data (White et al., 2007). Certain
methods are almost never appropriate. These include single imputation methods, such as LOCF.
The analysis of a clinical trial should account for the uncertainty created by missing data. The
significant tests should have valid type I error rates and standard errors should be calculated
appropriately. This is accomplished through multiple imputing, inverse probability weighting,

Bayesian methods and maximum likelihood methods.

Likelihood-based estimation in an incomplete multivariate setting involves adjustment in terms of
the conditional expectation of the unobserved measurements given the observed ones. This is
therefore a proper way to use the available post randomisation outcomes, even when some data are

missing (Molenberghs & Kenward, 2007). Mallinckrodt et al. (2003) proposed that likelihood-
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based mixed effects models are the appropriate choice for the primary analysis; since these
resolved the problems posed to the greatest extent. However, the mean structure and the variance-

covariance structure need to be correctly modelled.

Regulatory agencies used to ask for a single, pre-specified primary analysis. This is difficult to
implement with incomplete data and several sensitivity analyses. MNAR methods are not simple,
and in a sensitivity analysis context do not lead to a single analysis, nor is it easy to pre-specify.
Ignorable likelihood-based mixed-effects analyses are consistent with the need for a simple, pre-
specified analysis, based on the ITT principle, provided that the treatment compliance is the same
for those who drop out and those who remain in the study and data are collected after drop out. It
may not be feasible to collect data after drop out and information on treatment compliance may not
be available in those who dropped out (Mallinckrodt, Clark, et al., 2003). Any particular MNAR
model leads to a set of conclusions if the assumptions about the dropout mechanism were true.
Since these assumptions cannot be tested, any particular model could not be the definitive
conclusion of a trial (Molenberghs & Kenward, 2007). This has changed over the years and now
regulators may want reassurance that inference is robust to departures from the assumptions of the

primary analysis. This can be done with sensitivity analysis (Carpenter et al., 2013).

We did not consider incomplete time-to-event data. The standard approach to dealing with missing
data in these studies is to censor the participant at the last time where data were observed. The
assumption underlying this is that censoring is non-informative, or MAR. This assumption is
probably valid for participants who reach the scheduled end of study without experiencing the
event under study. This assumption is not appropriate for participants who leave the study early,
either due to a competing event or withdrawal from the study. Including a withdrawn participant as
censored in a time to event analysis is regarded as following the ITT principle. In reality in order
to follow the ITT principle, one might need to assume that participants who withdraw early from
the study are not MAR, but have informative censoring. These methods are not as well developed

as in the longitudinal case with continuous outcome data (Keene, 2011).



81

Chapter 4

Sensitivity analyses

With incomplete data there is no definitive correct analysis of the data; especially not when missing
data are MNAR. In addition, the data cannot be used to verify any of the assumptions made about
the missing data mechanism, since this is not contained in the observed data. This point was made
throughout the previous chapters and is often highlighted by various authors (Carpenter &
Kenward, 2007; Mallinckrodt, Clark, et al., 2003; Molenberghs & Kenward, 2007). Because the
data include no information about the missing data process and the non-identified parameters, a
sensitivity analysis should be done over a range of different values of the parameters (Daniels &

Hogan, 2000). Sensitivity analyses should play a central role in the analysis of incomplete data.

Recommendation 15 of the National Research Council (2010) states: “Sensitivity analyses should
be part of the primary reporting of findings from clinical trials. Examining sensitivity to the

assumptions about the missing data mechanism should be a mandatory component of reporting.”

There are many approaches to sensitivity analyses. These include adding sensitivity parameters to
models, investigating local influence, incorporating prior belief, fitting different models, such as

pattern-mixture models and selection models.

4.1 Definition of sensitivity analysis

The CHMP (2010) defined sensitivity analyses as a set of analyses where the missing data are
handled in a different way in each analysis. They argued that it should be presented to support the
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main analysis. Beunckens et al. (2009) adapted a pragmatic definition of a sensitivity analysis as
an analysis in which several statistical models are considered simultaneously and/or where a
statistical model is further scrutinised using specialised tools, such as diagnostic measures. White
et al. (2007) described sensitivity analyses as follows: Instead of using the complete case analysis
at the final endpoint (assuming MCAR within randomised groups) the intervention effect should be
estimated assuming MAR (using an appropriate mixed model or multiple imputation). The
sensitivity of the MAR analysis to informative missingness should then be investigated rather than
exploring the sensitivity of the MCAR analysis to informative missingness. During this process a
range of conclusions, rather than a single conclusion, is obtained. This provides insight into the
sensitivity to the assumptions made (Thijs et al., 2002). Daniels and Hogan (2008) defined
sensitivity analyses as the assessment of sensitivity of model-based inferences to assumptions that
cannot be verified or checked with the data. In the missing data setting, this refers to inferences

around the full data distribution.

Janssens et al. (2012) noted that sensitivity could refer to different concepts. It could refer to
varying the parameter of interest, ways of data analysis, assumptions about the data, assumptions
about the missing data or different analysis populations. In the sensitivity analysis they performed
the way in which the data were analysed, the model specification, the class of model (selection,
parameter or multiple imputation), assumptions about the data and assumptions about the missing

data (MAR versus MNAR) were varied.

Thus although there seems to be consensus about the need for and importance of sensitivity

analysis, there is not much consensus about exactly what is defined as a sensitivity analysis.

4.2 Guiding principles for sensitivity analysis

Several guidance for sensitivity analyses were suggested by various authors. Carpenter and
Kenward (2007) gave the following guiding principles for sensitivity analyses.

1. The sensitivity analyses should be pre-defined, and address the impact of clinically
plausible departures from MAR. The specification of the sensitivity analyses should be
part of the trial planning process. Opinions should be collected on the differences between
responders and non-responders from experts in the field.

2. The sensitivity analyses should be transparent to non-statisticians, most notably the
investigators and regulators.

3. The statistical methods employed should be applicable to a wide range of settings.

4. Technically simple methods are often used because it is argued that these methods are less
complicated. ~The assumptions behind these simple methods could sometimes be

unrealistic or complicated to understand. It should therefore not be assumed that a
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technically simple method is transparent. More complicated methods with simple and
transparent assumptions are favoured over technically simple methods with opaque
assumptions.

5. It is important to vary the assumptions about the missing data mechanism rather than to
simply vary the statistical methods or models used. Different methods that make the same
assumption about the underlying and unobserved missing data mechanism could lead to the
same conclusion, without providing a true sensitivity analysis. The appropriate techniques

should be used to analyse the data under each of the alternative assumptions.

The CHMP (2010) suggested the following:

Certain types of missing data should be treated as MNAR.

Multiple imputation methods should be used to incorporate a pattern-mixture approach.
The impact different model settings have on the results should be compared.

Retrieved dropout data could be utilised.

A worst case analysis should be done.

AN o

A responder analysis should be done where all missing data are treated as failures and
another analysis should be done where missing data due to certain reasons are treated as

failures and missing data due to other reasons are treated as successes.

Some of the suggestions by the CHMP seem to violate the fifth guiding principle of Carpenter and
Kenward (2007) as given above, since these methods focus on changing the methodology or model,

rather than varying the assumptions made in the analysis.

A distinction can be made in sensitivity analysis between two different analyses; one tests
assumption sensitivity and one tests parameter sensitivity. For assumption sensitivity, alternative
models are fitted by changing the key assumptions; including assumptions about the model of the
missingness and the distributional assumptions of the full data model. Parameter sensitivity
involves running the base model with the parameters controlling the extent of the departure from
MAR in a plausible range. Within the selection model paradigm, a strategy is to consider various

dependencies of the missing data process on the outcomes and/or covariates.

4.3 The role of MAR and MNAR models in sensitivity analyses

Various plausible MNAR models could be fitted in a sensitivity analysis (Molenberghs &
Kenward, 2007). Or one can assess how a collection of MNAR models differ from the set of

models with equal fit to the observed data but that are of a MAR nature.
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Molenberghs et al. (2004) suggested that a sensitivity analysis is a good compromise between
fitting only a MNAR model and ignoring MNAR models completely. Such an analysis could
explore the dependence of the results on departures from MAR assumptions. The aim of sensitivity
analysis is to explore plausible departures from MAR and whether this changes the conclusions,

rather than to confirm that a specific MNAR model is correct (Carpenter & Kenward, 2007).

Carpenter et al. (2002) suggested that a sensitivity analysis should consist of building an ‘envelope
of conclusions’ bounded by the results of the MAR model and the worst case MNAR model. The
selection of a worst case model should depend on scientific judgement. There is no use in
assuming worst case implausible outcomes. The sensitivity of the conclusions to non-random
missingness should be assessed by modifying the MAR model to allow for various plausible

MNAR scenarios. The conclusions are then examined to see whether they vary.

In a similar vein Beunckens et al. (2009) suggested that a selected number of plausible MAR
models be fitted, or that a preferred (primary) analysis is supplemented with a number of
variations. If the conclusions are stable across all the models it provides an indication that the

results are robust to inherently untestable assumptions about the missingness mechanism.

4.4 Pattern-mixture models in sensitivity analysis

Daniels and Hogan (2000) parameterised the pattern-mixture model in a manner that allowed
sensitivity analyses to be formulated in terms of between-pattern differences in means and
variances. The sensitivity analysis then follows by varying non-identified parameters directly,
allowing examination of all specifications along a continuum. They considered the special case
where
Vi = Wity s Vin)'
and only y;, is missing (Little & Wang, 1996). An identifying restriction is
POV |LyE yin) = FULY] + AYin)
where L is a I x n-1 matrix and y;'=(¥;1, ..., Yin—1). Different values of L and A characterise

assumptions about the pattern specific regression of Y, on y;, ..., yin_1.

The advantage of this method for sensitivity analysis is that it constrains marginal means, variances
and covariances. It makes explicit the dependence of the missing data mechanism on Y;. The non-
identified parameters in a pattern are estimated using data from within the pattern. Parameters
already identified are not dependent on A. The data offer no information that can be used to
estimate A, but sensitivity analyses can be done by varying A through the range of plausible values

and checking whether this changes the findings (Daniels & Hogan, 2000).
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The pattern-mixture model is then rewritten in terms of between-pattern location and scale changes.
This provides a useful framework for imposing model constraints and interpreting them and
conducting sensitivity analyses. This is an easier way to communicate the sensitivity analyses to
non-statisticians. It may be easier to formulate the constraints based on, for example, the
differences in outcome between those who dropped out and those who completed the study than in
terms of missing data mechanisms. Another advantage is that this method makes explicit all non-
identified parameters. The non-identified parameters for patterns with incomplete data are
functions of the fully identified parameters in the complete pattern through additive terms. Using
these location-scale parameterisations reduces the sensitivity analyses to a series of complete data
problems. The model is fully identified by fixing these components characterising the differences

between completers and dropouts (Daniels & Hogan, 2000).

In order to draw inferences about the marginal mean over all patterns of missing data information
about the marginal variance is needed. Sensitivity analyses based on the unidentified components
of the variance and location parameters can be done based on the assumed differences between
unobserved data within a pattern relative to patterns with more complete data. The non-identified
components of these parameters can be varied without affecting the already identified components.
The marginal distribution of the observed data can be held fixed while examining different non-
ignorable missing data mechanisms. Sensitivity analyses are then done by comparing inference
about the difference in treatment arms at different combinations of the unknown components in the

parameters (Daniels & Hogan, 2000).

Pattern-mixture models offer an advantage over selection models when sensitivity analyses are
done, since the assumptions are explicit (Verbeke et al., 2001). Special attention should be given to
the ACMYV restriction in pattern-mixture models since this model represents the MAR counterpart
in other types of models. Complete case (CCMV) and neighbouring value missing (NCMV) value
restrictions represent the extremes for the wg vector. It thus makes sense to regard the results found
with these two methods as the ranges between which the results are likely to fall (Thijs et al.,

2002).

Pattern-mixture models can be factorised as

furilx, 8,9) = (¥ 1r, x;, 0) f (Y= 1y?", 7y, %0, 0) (1], x4, )
This parameterisation splits the full data model into a factor with identified and factors with non-
identified components. It is easy to identify the sensitivity parameter(s) from here. If a pattern-
mixture model is used, the general model allows the missing data to be MNAR, with MAR as a

special case. The sensitivity parameters are then defined such that the degree of departure from
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MAR is quantified by the sensitivity parameters. These parameters are non-identified and the fit of
the model to the observed data does not differ when different values for the sensitivity parameter
are assumed. In most situations the models have a large number of sensitivity parameters. It is
often necessary to reduce these parameters by making some assumptions. Care should be taken
when choosing the prior distributions for the missing value mechanism and the parameter space

over which the sensitivity parameters are varied (Daniels & Hogan, 2008).

Thijs et al (2002) also considered sensitivity analysis within the context of pattern-mixture models
by using three distinct strategies to fit the models. The first strategy was to use identifying
restrictions, the second was to fit a model for each pattern of missing data and the third was to fit a
single model with pattern as covariate. The results obtained with these strategies were then
contrasted to get a range of conclusions. The sensitivity analysis was therefore conducted by

determining whether results change under the different assumptions made by these models.

If a pattern-mixture model is fitted, the choice of the different patterns could be subjective and it
might be important to check the robustness of the findings if different patterns are chosen

(Molenberghs & Kenward, 2007).

4.5 Bayesian methods in sensitivity analysis

In the context of Bayesian analysis, a sensitivity parameter is defined as a parameter created
through a reparameterisation of the full data parameters such that the sensitivity parameter is a non-
constant function of the parameters of the extrapolation distribution and the fit of the model to the
observed data is not affected by the sensitivity parameter. When the sensitivity parameters are
fixed, the full data model is identified. The sensitivity parameters are used to quantify beliefs about
the missing data mechanism. This is done by fixing their values at constants, examining inference

across a range of constants, or by assigning a prior distribution (Daniels & Hogan, 2008).

A challenge when using prior distributions or even parameters during sensitivity analyses is to
make the priors understandable and transparent to subject matter experts interpreting the model-
based inferences or to make them amenable to incorporation of external information (Daniels &
Hogan, 2008; Scharfstein et al., 1999). Sensitivity analysis is done by looking at a specific model
for the full-data distribution where some of the parameter(s) are sensitivity parameters as defined
above. The sensitivity parameters are informed by prior distributions that characterise assumptions

about the missing data mechanism or the missing data itself (Daniels & Hogan, 2008).
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Some principles for the reparameterisation of the models for sensitivity analyses are:

1. Parameterise the model in terms of a sensitivity parameter that satisfies the definition of a
sensitivity parameter given two paragraphs above. Thus assumptions about the missing
data mechanism are fully encoded by prior distributions. One can move through all full-
data models with MNAR missingness by varying the value of the sensitivity parameters.
Changing the value of the sensitivity parameter does not affect the observed data likelihood
and the fit to the observed data.

2. The prior distribution of the sensitivity parameter should reflect the uncertainty about the
missing data assumptions and other non-identifiable aspects of the model. The prior
distribution for the sensitivity parameter can be informed by external information, such as
expert opinion. Uncertainty about these assumptions can be incorporated through Bayesian
priors.

3. The full-data models should be centered at MAR, such that the MAR assumption coincides
with a specific point of the sensitivity parameters. Then the effect of the missing data

assumptions can be viewed in terms of departures from MAR (Daniels & Hogan, 2008).

4.6 Global and local sensitivity

Sensitivity analysis can also be performed on the level of individual observations. One tries to find
observations that make the conclusions more in line with a MNAR model. Two techniques that
allows for this are global and local influence. The method of local influence detects observations
with a large influence on the model of interest or the missingness model parameters. Local
influence changes, for example, the missingness process for one observation from MAR to MNAR.
Global influence is based on case deletion, or occasionally a measurement deletion approach. It is
based on the difference in log-likelihood between the model that is fitted to the entire data set and
the data set where one participant is removed (Beunckens et al., 2009; Molenberghs & Kenward,

2007). Local and global influence are related to, but different from, each other.

4.7 Uncertainty region

Most sensitivity analyses are ad hoc. One attempt to create a systematic tool for sensitivity
analysis is the interval of uncertainty, a region of possible values of a parameter that is consistent
with the data (Beunckens et al., 2009; Molenberghs, Kenward, & Goetghebeur, 2001; Vansteelandt
et al., 2006). This region depends on the data, both observed and missing, and on the model fitted.
The region of ignorance, which is created due to the incompleteness of the data, is added to the
measure of imprecision, created by the sampling uncertainty, to create the region of uncertainty.

This region can be constructed in various ways, defined as strong coverage and weak coverage.
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Strong 95% uncertainty intervals are designed to cover all values in the ignorance region itself
simultaneously with 95% probability. This strong uncertainty region is calculated by adding the

standard 100(1-a) % confidence limits to the estimated ignorance limits. That is

[CL, Cyl = [ﬁl - Z% se(By), Pu — Z% se(ﬁu)]
where C; and Cy are the lower and upper limits of the strong uncertainty region, 5, and 3, are the
lower and upper limits of the estimated ignorance limits and z,/, is the 100(1-0/2)th percentile of
the standard normal distribution. Weak 95% uncertainty intervals are designed to have expected

95% overlap with the ignorance region and can be constructed as
[Cu,Cu) = (B — Z% se(By). Bu — Z% se(Bu)]

where za+ solves the equation
2

A A 400
o= se(ﬂl) + Se(ﬁu) zQ(z + zax)dz + €
2

.Bu_ ﬁl 0

where ¢(.) is the standard normal density function. The correction term € is so small that it can be

set as 0 without affecting the accuracy. A solution for za= can only be found by substituting 3,
2

B, se(ﬁl) and se(ﬁu) with consistent estimators (Vansteelandt et al., 2006).

The largest possible set of identifiable parameters is selected. All remaining parameters are then
regarded as sensitivity parameters. Values are chosen for the sensitivity parameters and the
identifiable parameters are estimated using the most appropriate model. If this is done for all
possible values of the sensitivity parameter, a region of estimates is obtained. Thus the combined
effects of imprecision and ignorance are captured in the region of uncertainty. Details regarding

construction and asymptotic properties can be found in Vansteelandt et al. (2006).
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Chapter 5
SAPIT study data analysis

The study of missing data was motivated by the analysis of the secondary objectives of the SAPiT
(Starting Antiretroviral therapy at three Points in Tuberculosis) clinical trial (Abdool Karim et al.,
2010). In Section 5.1 we describe the design and published results of the SAPIT trial. Section 5.2
continues with a description of the missing data in the trial. We then analyse the data using MCAR
methods in Section 5.3, MAR methods in Section 5.4 and MNAR methods in Section 5.5. We
conclude the chapter by contrasting these analyses and drawing a conclusion regarding the

findings.

5.1 The SAPIT study

5.1.1 Background to the study

It is estimated that in 2010 there were about 34 million human immunodeficiency virus (HIV)
infected people worldwide (Joint United Nations Programme on HIV/AIDS (UNAIDS), 2010) and
8.7 million new tuberculosis cases in 2011, 13% of these co-infected with HIV (World Health
Organization, 2012). In Africa, 46% of tuberculosis patients tested for HIV, were found to be HIV-
positive (World Health Organization, 2012). Globally, an estimated 380 000 HIV infected persons
died due to tuberculosis in 2009 (Joint United Nations Programme on HIV/AIDS (UNAIDS),
2010). Tuberculosis is the most common presenting opportunistic infection in HIV infected
individuals (Churchyard et al., 2000), and is the most common cause of mortality in acquired

immune deficiency syndrome (AIDS) patients in developing countries (Mukadi, Maher, & Harries,
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2001). In the presence of HIV, tuberculosis is associated with substantially higher case fatality

rates, even with effective tuberculosis chemotherapy (Schluger, 1999).

Tuberculosis is the most common notified cause of death in South Africa (Health Systems Trust,
2008). In 2011, South Africa had an estimated 5.6 million people infected with HIV (Joint United
Nations Programme on HIV/AIDS UNAIDS, 2012) and 401 048 reported tuberculosis cases in
2010 (Day, Gray, & Budgell, 2012), of whom approximately 53% were dually infected with
tuberculosis and HIV (South African Department of Health, 2007). The World Health
Organisation (WHO) estimates that 60% of tested tuberculosis patients in South Africa were HIV
positive in 2010 (World Health Organisation, 2011). In this setting, routine HIV testing in

tuberculosis patients is an important path for entry into HIV treatment programs.

Prior to the SAPIT study there was no clinical trial data to guide the timing of antiretroviral therapy
initiation in tuberculosis patients. The timing of antiretroviral therapy initiation in tuberculosis
patients was variable, depending on clinician judgement. Available guidelines were based on
observational data and expert opinion (National Department of Health, 2004). The WHO
guidelines (World Health Organisation, 2003) urged integrated treatment of HIV and tuberculosis,
but clinicians often deferred HIV treatment in tuberculosis-HIV co-infected patients because of
numerous concerns. These included drug interactions between rifampicin and some classes of
antiretroviral therapy (Piscitelli & Gallicano, 2001), additive side effects and toxicities (Girardi et

al., 2001) and a high pill burden.

The aim of the SAPIT trial was to determine the optimal time to initiate antiretroviral therapy in
patients on tuberculosis treatment and the primary outcome was mortality (Abdool Karim et al.,

2010).

5.1.2  Methods
The SAPIT trial (protocol number: CAPRISA 003) was an open label, randomised controlled trial

comparing three treatment strategies of antiretroviral therapy initiation in HIV-tuberculosis co-
infected patients. Participants were randomised to one of three arms:
1. Early integrated treatment arm: antiretroviral therapy initiated within 4 weeks of starting
tuberculosis treatment
2. Late integrated treatment arm: antiretroviral therapy initiated within 4 weeks of completing
the intensive phase of tuberculosis treatment, which happens approximately 2 months after
the initiation of tuberculosis therapy
3. Sequential treatment arm: antiretroviral therapy initiated within 4 weeks of completing

tuberculosis treatment, which happens from 6 months after initiation of tuberculosis therapy
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The trial was conducted at the CAPRISA eThekwini tuberculosis-HIV clinic, which adjoins the
Prince Cyril Zulu Communicable Disease Centre, one of the largest out-patient tuberculosis
facilities in South Africa. From 28 June 2005 to 11 July 2008, HIV positive tuberculosis infected
patients, who were 18 years or older were recruited from the Prince Cyril Zulu Communicable
Disease Clinic. To qualify for inclusion in the trial, participants had to be initiated on the standard
tuberculosis treatment regimens, as stipulated in the South African National Tuberculosis Control
Programme guidelines (Department of Health, 2004), had to have a CD4+ count below 500
cells/mm’ at screening and had to have no clinical contra-indications to initiation of antiretroviral
therapy. Female participants were required to agree to use contraception while on efavirenz. After
providing informed consent, qualifying tuberculosis-HIV co-infected patients were enrolled and
randomised to one of the three treatment arms in a 1:1:1 ratio in permuted blocks of six or nine
with no stratification, using sealed envelopes. Trial arm assignment was concealed until after
randomisation, but thereafter both the participants and the clinic staff were aware of participant arm

assignment.

According to the South African National Tuberculosis Control Programme Guidelines (Department
of Health, 2004) the first episode of tuberculosis is treated with a fixed drug combination of
rifampicin, isoniazid, ethambutol and pyrazinamide for a 2-month intensive phase. Thereafter, the
4-month continuation phase comprises a fixed-drug combination of isoniazid and rifampicin.
Patients with a history of tuberculosis receive a 60-day intensive phase which includes
streptomycin, followed by a 100-day continuation phase. The Prince Cyril Zulu Communicable
Disease Centre offers clinic-based directly observed therapy. Some patients did not attend the

clinic daily for directly observed therapy.

Participants were scheduled to visit the clinic monthly for 24 months. At these visits antiretroviral
therapy was dispensed and clinical status was monitored. CD4+ count was measured using the
FACS Calibur flow cytometer (Becton Dickinson, Franklin Lakes New Jersey, United States of
America). HIV RNA was measured using the Roche Cobas Amplicor HIV-1 Monitor v1.5. CD4+
count and HIV RNA viral load were measured at screening, randomisation and every 6 months

thereafter.

5.1.3  Primary and secondary endpoints of the SAPiT trial

The primary endpoint of the trial was all cause mortality. During an interim analysis of the data it
was found that initiation of antiretroviral therapy during tuberculosis treatment (arms 1 and 2
combined) in patients with sputum tuberculosis and HIV co-infection with CD4+ counts <500

cells/mm’ reduced mortality by 56% (95% confidence interval [CI]: 21% to 75%, p = 0.003).
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Mortality in patients with integrated HIV and tuberculosis treatment was 5.4 per 100 person-years,
while it was 12.1 per 100 person-years in patients when initiation of antiretroviral therapy was

delayed until completion of tuberculosis treatment (Abdool Karim et al., 2010).

The population, demographic data and primary endpoint of mortality have been analysed and
reported previously for interim data (Abdool Karim et al., 2010) and for complete data in the first
two arms (Abdool Karim et al., 2011). It was shown that there was a significant difference in
mortality between the treatment arms. At the time of the interim analysis, overall 8.1% of the
participants in the study had died. In addition to the high mortality, loss to follow-up was also high
with 18.4% of participants being terminated or lost to follow-up at the time of the analysis. This

was fairly evenly spread between the study arms.

Secondary endpoints included tolerability, toxicity, CD4+ counts, HIV RNA viral load,
tuberculosis outcomes and immune reconstitution inflammatory syndrome (IRIS). Tolerability was
defined as study initiated treatment interruptions in the pharmacy records. Toxicity was assessed
by a clinical checklist and standard laboratory assessments for haematological, hepatic and renal
abnormalities. IRIS was defined as a paradoxical deterioration in clinical status after antiretroviral
therapy initiation without another attributable cause. One of the secondary endpoints was to
compare HIV-outcomes in terms of CD4+ count and HIV RNA viral load at 6, 12, 18 and 24
months post randomisation and to investigate the difference between the treatment arms in

variations in longitudinal CD4+ count.

CD4+ cells are a type of white blood cells (lymphocyte) that fight infection. The CD4+ count
measures the number of CD4+ cells in a certain volume of blood. HIV infects CD4+ T-cells and
causes immunosuppression in the human host; this is measured as a low CD4+ count. The CD4+
count is an indication of the level of immunopathology caused by the HIV infection and is a crude
representation of the damage done to the immune system by HIV infection. Thus CD4+ counts are
used clinically as a measure of disease progression and effectiveness of antiretroviral therapy (Gray
et al., 2010). CD4+ cell count is a useful surrogate marker of treatment effects and effectiveness
(Daniels & Hughes, 1997). Normal CD4+ counts range between 600 and 1500 cells/mm” in adults
(BARC laboratory reference ranges). This is much reduced during HIV infection. In 2010 the
South African treatment guidelines required that antiretroviral treatment be started when a patient’s

CD4+ count was below 200 cells/mm’®

The objective of this chapter is to analyse the secondary outcome of CD4+ count profiles over time

in the three arms. The goal is to characterise the changes in CD4+ count over time as a function of



93

treatment arm, in order to determine whether integrated HIV and tuberculosis treatment improved

or worsened HIV outcomes.

The high mortality, combined with the even higher loss to follow-up rate suggested that the
secondary objective of CD4+ count could not be analysed without taking missing data into account,
since about a quarter of participants did not complete the study and did not have CD4+ counts past
12 months post randomisation. It is possible that dropout is related to CD4+ count. It is plausible
that the unobserved (because they are missing) CD4+ counts among those who dropped out are
lower than those who continue follow-up, even after adjusting for observed CD4+ counts and other
covariates. The goal of this analysis was to analyse the secondary objective of CD4+ count in a
valid way, while taking missing data into account. This analysis included the entire 24 months of
follow-up per participant in the SAPiT trial. The primary endpoint was CD4+ count at 6, 12, 18
and 24 months.

5.1.4  Statistical notation

The statistical notation was introduced in Section 2.1. It was adapted for this data set as follows:
We assume N independent participants, indicated by i = 1, ...,N. The CD4+ count outcome for the
i" participant at j occasion is given by Y; j- Treatment is indicated by the two variables E; and L;.
If the i™ participant is in the early integrated treatment arm, then E; = 1, else E; = 0. If the i"
participant is in the late integrated treatment arm, then L; = 1, else L; = 0. A participant i
belonging to the sequential treatment arm will thus have E; = L; = 0. The sequential arm is
therefore the reference group. ¢ is the time point for the i"™ participant at the j" occasion, and can
take the values 0, 6, 12, 18 and 24 months. When dropout is defined as a binary variable, we
indicate dropout by D;. If participant i dropped out, then D; = I, if participant i did not drop out
then D; = 0. In some models dropout was not defined as a binary variable. In those instances it is

described where the model is given.

5.2 Patterns of missing data

It is important to understand and try to explain why data are missing using the data collected. The
number of missing data points and the reasons for having missing data are provided in Table 5.1.
Most of the participants lost to follow-up were lost within the first year, and after 12 months only a
few additional participants had missing values. Treatment arm seemed to be related to whether
data were missing, with missing data being more prevalent as antiretroviral initiation was delayed
(exact Cochran-Armitage trend test , p = 0.01). This test compares the number of participants in

pattern 1 in Table 5.2 in the three treatment arms. The trend investigated went from early
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integrated treatment arm (immediate antiretroviral therapy), to late integrated treatment arm
(antiretroviral therapy at the end of the intensive phase) to sequential treatment arm (antiretroviral
therapy after tuberculosis treatment). The early integrated treatment arm had fewer missing values
than the other two treatment arms. Participants were also lost to follow-up earlier in the later
treatment arms. More than one third of participants, 37.9%, were lost to follow-up by 24 months.
Overall, 28% (69/243) of the missing data at 24 months were caused by deaths. Mortality had been
shown to be related to treatment arm (Abdool Karim et al., 2010), thus any analysis of CD4+ count

at 24 months could be biased if the issue of missing data were not properly taken into account.

Table 5.1: Number of participants attending each 6-monthly evaluation

Early integrated Late integrated Sequential
treatment arm treatment arm treatment arm
N =214 N =215 N=213
N Number missing N Number missing | N  Number missing
(%) (%) (%)
Number with CD4+ count at
6 months 173 41 (19.2%) 159 56 (26.0%) 154 59 (27.7%)
12 months 160 54 (25.2%) 150 65 (30.2%) 128 85 (39.9%)
18 months 152 62 (29.0%) 143 72 (33.5%) 123 90 (42.3%)
24 months 145 69 (32.2%) 131 84 (39.1%) 123 90 (42.3%)
Number of participants dead at
6 months 10 h 5 12
12 months 13 12 32
18 months 14 15 35
24 months 17 17 35
Reasons not attending 6 month visit
Lost to follow-up 21 38 31
Dead 10 ) 5 12
Terminated 6 5 5
Attended later visits, 4 8 11

missed the 6 month visit
Reasons not attending 12 month visit

Lost to follow-up 25 37 36
Dead 13 12 32
Terminated 13 15 10
Attended later visits, 3 1 7

missed the 12 month visit
Reasons not attending 18 month visit

Lost to follow-up 27 35 35
Dead 13 15 35
Terminated 17 19 14
Attended later visits, 5 3 6

missed the 18 month visit
Reasons not attending 24 month visit

Lost to follow-up 0 2 0
Dead 17 17 35
Terminated 52 65 55

Participants are regarded as lost to follow-up when they have not attended clinic visits for three months. Attempts are made to locate
participants who do not attend visits. These attempts are repeated at intervals until study end. Sometimes a participant is regarded as
lost to follow-up at a visit and is later found to have died subsequent to being lost to follow-up. These participants are classified as lost
to follow-up at the earlier visit and dead at the subsequent visit.
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The different patterns of missing data and the number of participants in each of these patterns are

given in Table 5.2. Most participants completed the study. The missing data pattern with the most

participants was pattern 5, where participants had baseline data only.

Table 5.2: Patterns of missing data in each of the treatment arms

Pattern Baseline 6 12 18 24 Early Late Sequential
months  months months months integrated integrated  treatment
treatment treatment arm
arm arm
N =214 N=215 N=213
1 X X X X X 137 (64.0%) 122 (56.7%) 108 (50.7%)
2 X X X X 8 (3.7%) 12 (5.6%) 5(2.4%)
3 X X X 8 (3.7%) 6 (2.8%) 5 (2.4%)
4 X X 14 (6.5%) 16 (7.4%) 30 (14.1%)
5 X 37 (17.3) 48 (22.3%) 48 (22.5%)
6 X Completers, with some interim X 8 (3.7%) 9 (4.2%) 15 (7.0%)
missing data
7 X Did not complete, with interim 2 (0.9%) 2 (0.9%) 2 (0.9%)
missing data
X: Indicates data present
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Figure 5.1: Sample medians of CD4+ counts at each 6 monthly visit.
The solid dots represent the medians for participants who did not drop out before the subsequent
CD4+ measurement. The diamonds represent the medians of participants who dropped out before

the subsequent CD4+ measurement
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Although the observed data cannot give information about the unobserved missing data, there is an
indication that dropout in this study is not MCAR. Figure 5.1 gives the observed median CD4+
count at each of the time points for the participants who dropped out at the subsequent visit and for
those who did not drop out at the subsequent visit. At baseline median CD4+ count was similar for
those who dropped out and those who did not. However, at 6 and 12 months the median CD4+
count of those who dropped out at the subsequent visit was lower than for those who did not drop
out. At 18 months the median CD4+ counts of those who dropped out was higher than for those
who did not drop out. This is an interesting phenomenon. A possible reason is that by 18 months
participants have improved sufficiently to be less likely to drop out due to ill health. It is also
possible that participants who are likely to drop out due to lower CD4+ counts have already done
so by 18 months. These theories cannot be validated using the available data. It should also be
borne in mind that there were only 29 participants who dropped out after 18 months. The median
for those who dropped out was therefore less stable and more variable. The fact that participants
with lower median CD4+ count are more likely to drop out at the earlier visits suggests that
dropout depends at least on observed CD4+ count, and implies that model-based means could be

different from observed means.

At 6 months there was a significant difference between the CD4+ counts of participants who
missed the 12 month visit and those who did not miss this visit. The median CD4+ count at 6
months was 198 (interquartile range [IQR]: 65 to 301) cells/mm” in participants who missed their
12 month visit and 212 (IQR: 117 to 350) cells/mm’® in participants who attended the 12 month

visit (median difference = -14, Wilcoxon p = 0.049).

At 12 months there was not a significant difference between the CD4+ counts of participants who
missed the 18 month visit and those who did not miss this visit. The median CD4+ count at 12
months was 239 (IQR: 163 to 381) cells/mm’ in participants who missed their 18 month visit and
289 (IQR: 182 to 431) cells/mm’ in participants who attended the 18 month visit (median
difference = -50, Wilcoxon p = 0.15).

Carpenter and Kenward (2007) suggested that logistic regression and/or survival analysis be used
to determine key independent variables associated with withdrawal. We used logistic regression to
identify variables associated with missing CD4+ count at each of the 6-monthly visits. Baseline
variables believed by the clinical staff to be related to tuberculosis and HIV outcomes were used in

this analysis.
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Table 5.3: Variables associated with missing a visit, results of logistic regression,
modelling the probability of withdrawing

Missed visit Univariate Multivariate
N (%) Odds Ratio p-value Odds Ratio p-value
(95% CI) (95% CI)

Variables associated with missing the 6 month visit
Arm (ref sequential) 59/213 (27.7) 1.00 1.00

- Early treatment arm 41/214 (19.2) 0.62 (0.39 to 0.97) 0.04 0.61(0.38t00.97) 0.04

- Late treatment arm 56/215 (26.1) 0.92 (0.60 to 1.41) 0.70 0.93(0.60to 1.43) 0.72
Gender (ref male) 86/319 (27.0) 1.00 1.00

- Female 70/323 (21.7) 0.75 (0.52 to 1.08) 0.12 0.64 (0.44 t0 0.94)  0.02
Age - 0.97 (0.95 to 0.99) 0.01 10.96 (0.94 t0 0.98)  0.001
WHO status (ref = Stage 4) 150/604 (24.8) 1.00 1.00

- Stage3 6/38 (15.8) 1.76 (0.72 to 4.30) 0.21 [1.69 (0.54t05.28)  0.37
CD4+ count at baseline - 1.06 (0.99 to 1.14) 0.12 [1.05(0.98t0 1.14) 0.16
(50 cell/mm’ increments)
Extra pulmonary tuberculosis  148/599 (24.7) 1.00 1.00

- Yes 8/43 (18.6) 0.70 (0.32 to 1.54) 0.37 [1.11(0.39t03.09) 0.85
Log viral load at baseline - 0.83 (0.67 to 1.02) 0.08 0.83(0.66t01.05) 0.12
History of tuberculosis 96/428 (22.4) 1.00 1.00

- Yes 60/214 (28.0) 1.35(0.93 to 1.96) 0.12 [1.47(1.00t02.17) 0.05
Multidrug resistant tuberculosis151/624 (24.2) 1.00 1.00

- Yes 5/18 (27.8) 1.21 (0.42 to 3.43) 0.73 [1.35(0.44t04.09)  0.60
Variables associated with missing the 12 month visit for those not lost to follow-up at the 6 month visit
Arm (ref sequential) 37/165 (22.4) 1.00 1.00

- Early treatment arm 17/177 (9.6)  0.37 (0.20 to 0.68) 0.002 0.47 (0.24t00.93) 0.03

- Late treatment arm 17/167 (10.2) 0.39 (0.21 to 0.73) 0.003 0.47 (0.24t00.92) 0.03
Gender (ref male) 34/241 (14.1) 1.00 1.00

- Female 37/268 (13.8) 0.98 (0.59 to 1.61) 0.92 10.90(0.52t0 1.58) 0.72
Age - 0.97 (0.93 to 1.00) 0.03 10.96 (0.92to 1.00)  0.03
WHO status (ref = Stage 4) 8/33 (24.2) 1.00 1.00

- Stage3 63/476 (13.2) 0.48 (0.21 to 1.10) 0.08 10.81(0.18t03.55) 0.78
CD4+ count at baseline - 1.00 (0.90to 1.11) 098 [1.06(0.92t01.23) 042
(50 cell/mm? increments)
Extra pulmonary tuberculosis  62/473 (13.1) 1.00 1.00

- Yes 9/36 (25.0) 2.21 (0.99 to 4.92) 0.05 10.65(0.16t02.72) 0.56
Log viral load at baseline - 1.22 (0.89 to 1.67) 021 [1.22(0.85t01.75) 0.28
History of tuberculosis 51/294 (14.8) 1.00 1.00

- Yes 20/164 (12.2) 1.80(0.46 to 1.39) 043 0.86(0.48t01.57) 0.63
Multidrug resistant tuberculosis66/495 (97.3) 1.00 1.00

- Yes 5/14 (35.7) 3.61 (1.17 to 11.1) 0.03 P2.87(0.78t0 10.56) 0.11
CD4+ count at 6 months 33/254 (13.0) 1.00 1.00
(ref > 200 cell/mm”)

- <50 cell/mm’ 13/41 (31.7)  3.11 (1.47 to 6.60) 0.006 2.28 (0.78 t0 6.65)  0.13

- -50-200 cell/mm’ 21/191 (11.0) 0.83 (0.46 to 1.48) 0.03 0.86(0.41t01.79)  0.68

- -missing 4/23 (17.4) 1.41 (0.45 to 4.40) 0.96 [1.25(0.37t04.26) 0.72
Variables associated with missing the 18 month visit for those not loss to follow-up at 12 months
Arm (ref sequential) 12/135(89) 1.00 1.00

- Early treatment arm 12/163 (7.4) 0.82 (0.35 to 1.88) 0.63 |1.17(0.47t02.90) 0.74

- Late treatment arm 8/151 (5.3) 0.57 (0.23 to 1.45) 024 0.73(0.28t01.96) 0.54
Gender (ref male) 15211 (7.1)  1.00 1.00

- Female 17/238 (7.1)  1.01 (0.49 to 2.07) 0.99 10.86(0.39t01.89) 0.70
Age - 0.95 (0.91 to 1.00) 0.047 10.95(0.90 to 1.00)  0.05
WHO status (ref = Stage 4) 1/25 (4.0) 1.00 1.00

- Stage3 31/424 (7.3)  1.89 (0.25 to 14.46) 0.54 10.83(0.07 to 10.58) 0.89
CD4+ count at baseline - 0.97 (0.82 to 1.13) 0.67 [1.03(0.86t0 1.25) 0.73
(50 cell/mm’ increments)
Extra pulmonary tuberculosis 31/422 (7.4)  1.00 1.00

- Yes 1727 (3.7) 0.49 (0.06 to 3.70) 0.49 P2.42(0.19 t0 30.04) 0.49
Log viral load at baseline - 0.72 (0.48 to 1.08) 0.11 0.59 (0.36t00.95) 0.03



98

Table 5.3: Variables associated with missing a visit, results of logistic regression,
modelling the probability of withdrawing

Missed visit Univariate Multivariate
N (%) Odds Ratio p-value Odds Ratio p-value
(95% CI) (95% CI)

History of tuberculosis 19/299 (6.4) 1.00 1.00

- Yes 13/150 (8.7)  1.40(0.67 to 2.92) 0.37 [1.29(0.60 t0 2.81)  0.51
Multidrug resistant tuberculosis32/440 (7.3)

- Yes 0/9 (0) Not calculated Not calculated
CD4+ count at 12 months 17/307 (5.5) 1.00 1.00
(ref > 200 cell/mm”)

- <50 cell/mm’ 4/13 (30.8) 7.58 (2.11 to 27.1) 0.002 P.68 (2.07 to 45.27) 0.004

- 50-200 cell/mm’ 8/118 (6.8) 1.24 (0.52 to 2.96) 0.63 [1.57 (0.57t0 4.37)  0.38

- Missing 3/11 (27.3) 6.40 (1.56 to 26.3) 0.01 #.66 (1.04 t020.99) 0.04
Variables associated with missing the 24 month visit for those not loss to follow-up at 18 months
Arm (ref sequential) 6/129 (4.7) 1.00 1.00

- Early treatment arm 12/157 (7.6)  1.70 (0.62 to 4.65) 030 R.14(0.74t06.18) 0.16
- Late treatment arm 15/146 (10.3) 2.35(0.88 to 6.24) 0.09 R.69(0.96t07.53) 0.06

Gender (ref male) 21/201 (10.5) 1.00 1.00

- Female 12/231 (5.2)  0.47 (0.23 to 0.98) 0.04 0.45(0.21t0 1.00) 0.05
Age - 1.01 (0.97 to 1.05) 0.81 [1.00 (0.96t0 1.05)  0.90
WHO status (ref = Stage 4) 0/24 (0)

- Stage3 33/408 (8.1)  Not calculated Not calculated
CD4+ count at baseline
(50 cell/mm? increments) - 1.21 (1.05 to 1.39) 0.008 [1.26 (1.08 to 1.47)  0.004
Extra pulmonary tuberculosis  30/405 (7.4)  1.00 1.00

- Yes 3/27 (11.1) 1.56 (0.45 to 5.49) 0.49 0.59(0.15t02.31) 045
Log viral load at baseline - 0.81 (0.53 to 1.22) 0.30 0.94(0.60to 1.49)  0.81
History of tuberculosis 25/288 (8.7)  1.00 1.00

- Yes 8/144 (5.6) 0.62 (0.27 to 1.41) 0.25 0.57(0.24t01.36) 0.20
Multidrug resistant tuberculosis33/423 (7.8)

- Yes 0/9 (0) Not calculated Not calculated
CD4+ count <50 cell/mm’ at
any follow-up visit 30/397 (7.6)  1.00 1.00

- Yes 3/35 (8.6) 1.15(0.33t0 3.97) 0.78 .79 (0.67 to 11.67) 0.16
Missed any visit prior to 24~ 25/392 (6.4)  1.00 1.00
months

- Yes 8/40 (20.0) 3.67 (1.53 to 8.80) 0.004 (.81 (1.47t09.84) 0.006

Shaded cells indicate significant variables
Baseline variables believed by the clinical staff to be related to tuberculosis and HIV outcomes were included in this analysis.

Some variables were associated with having missing data (Table 5.3). Missing data at Month 6
were associated with treatment arm (early compared to sequential treatment arm: Odds ratio [OR] =
0.62) and age (OR = 0.97) in the univariate analysis and with treatment arm (OR = 0.61), gender
(OR = 0.64), age (OR = 0.96) and history of tuberculosis (OR = 1.47) in the multivariate case. The
variables indicative of disease status were not the variables that predicted having missing data.
Missing data at Month 12 were associated with treatment arm (early compared to sequential
treatment arm: OR = 0.37; late compared to sequential treatment arm: OR = 0.39), age (OR =
0.97), CD4+ count at Month 6 (CD4+ count < 50: OR = 3.11, CD4 count 50-200: OR = 0.83),
extra pulmonary tuberculosis (OR = 2.21), and having multidrug resistant tuberculosis (OR = 3.61)
in the univariate analysis and with treatment arm (early compared to sequential treatment arm: OR

= 0.47; late compared to sequential treatment arm: OR = 0.47) and age (0.96) in the multivariate
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analysis. In the univariate analysis some variables related to disease status were predictive of
missing data. Missing data at Month 18 were associated with age (OR = 0.95), CD4+ count at
Month 12 <50 cell/mm’ (OR =7.58) or missing CD4+ count (OR = 6.40) in the univariate analysis
and with age (OR = 0.95), viral load (OR = 9.68) and CD4+ count < 50 cell/mm’ (OR = 9.68) or
missing CD4+ count (OR = 4.66) in the multivariate analysis. Missing data at Month 24 were
associated with gender (OR = 0.47 and 0.45, respectively), CD4+ count at baseline (OR = 1.21 and
1.26, respectively) and having had a previous missed visit (OR = 3.67 and 3.81, respectively) in

both the univariate and multivariate analyses.

Since the occurrence of missing data was associated with baseline data and previous CD4+ count
measurements the data could not be assumed to be MCAR and data analysis that made the
assumption of MCAR data would be biased and give incorrect results. It was not possible to rule
out that the data were MNAR using the observed data only, since the definition of MNAR
depended on unobserved observations. We therefore made the assumption that the CD4+ count

data in the SAPIT study were either MAR or MNAR.

The SAPIT study had three treatment arms. Having more than two treatment arms raised the
question whether all three arms should be compared or whether two treatments at a time should be
analysed in a pairwise comparison. This choice influences the p-value if a linear mixed model is
used since model based smoothing of the covariance structure takes place either on two or three
arms. Efficiency can be gained by using all arms. Risk of misspecification can be reduced by
assuming a treatment arm specific covariance matrix and treatment arm specific mean evolution
(Molenberghs & Kenward, 2007; Molenberghs et al., 2004). We decided to include all three arms,
since the scientific interest was in determining which of the three time points of antiretroviral
therapy initiation resulted in the best HIV endpoints, and to possibly combine two arms if we found
no difference between the two arms, while comparing those two to the third arm. At the start of the
study, it was not clear that any of these arms would be the natural comparator arm. A different
decision could have been made if we were comparing two active treatments and a placebo arm. In
that case, it might make sense to compare each of the active treatment arms in a pairwise fashion

with the placebo arm.

The CD4+ count data were not normally distributed. A square root transformation of CD4+ count
produced a normal distribution, therefore modelling was done and p-values were calculated using
square root transformed CD4+ count throughout. Graphs and reported summary statistics are given
in the original scale, because clinical researchers find it difficult to interpret square root
transformed CD4+ counts and the applied medical statistician can communicate results more

clearly to colleagues using actual CD4+ counts instead of square root transformed CD4+ counts.
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The Chapter would flow better and be less confusing if all graphs, summaries and tables were done
using the square root of CD4+ count. We have however decided that the ability to communicate to
clinical researchers was more important and include CD4+ counts in the original scale as much as

possible.

The mean profiles did not follow a linear trend over time. A linear model was fitted by including
both a term for time and a quadratic term for time. In all models fitted, the quadratic time effect

was statistically significant.

In this clinical trial the objective is to estimate the effect of treatment assignment on clinical
outcomes over all randomised individuals regardless of what treatment participants actually
received. This is Estimand 1 described in the National Research Council report (2010). This
clinical trial was conducted to determine what the treatment policy should be for patients co-
infected with tuberculosis and HIV and not to test whether the drugs worked, since these were all
licensed drugs. We were interested in identifying an appropriate public health policy regarding the
time of initiation of antiretroviral treatment, therefore the traditional ITT analysis, or the de facto

hypothesis is the most appropriate.

This estimand can be obtained in a parallel-group randomised trial in which outcome data are
collected on all participants, regardless of whether the study treatment is received. However,
CD4+ count measurements cannot be collected for participants who do not attend visits. We will
perform a range of sensitivity analyses and state whether we were able to obtain Estimand 1 in each
instance. The estimator defined for this study is the interaction between treatment arm and time in

the longitudinal model.

5.3 Analysis under MCAR assumptions

Even though there was evidence in the data that the missing data process was not MCAR, we
present the naive analysis that could be done under the MCAR paradigm in this section for
comparison purposes. MCAR assumptions were described in Section 2.2.1. We include both the

available case analysis (Section 5.3.1) and the complete case analysis (Section 5.3.2).

5.3.1 Available case analysis

Under the available case analysis we perform a cross-sectional analysis of the data observed or
“available” at each time point. This was done by simply analysing data as observed at each time

point. For example, if a participant had data at the 6 month visit, but not at the 12 month visit this



101

participant was included at 6 months and excluded at 12 months. This is a suboptimal analysis that
does not consider the longitudinal nature of the data. A model can be fitted that takes the
longitudinal nature of the data into account; such a model would also be valid under MAR and is
fitted in Section 5.4.1. The model of interest is the longitudinal model, the cross-sectional model is
provided merely to describe the data observed at each visit in detail. The advantage of
summarising the data observed at each time point is that it gives a description of the observed data

without including any modelling assumptions.

In the available case analysis missing data were ignored and data were summarised at 6, 12, 18 and

24 months using all observed CD4+ counts (Table 5.4 and Figure 5.2).

Table 5.4: Available case analysis of CD4+ counts (cell/mm’>)

Raw data Square root transformed data p-value
Early Late  Sequen- | Early Late  Sequen- | ANOVA Kruskal
integrated integrated tial |integrated integrated tial -Wallis
6 months <0.001* <0.001
N 173 159 154
Mean 305.0 255.4 173.5 16.6 15.1 12.0
SD 196.1 166.9 1414 5.51 5.28 5.38
Standard error 14.9 13.2 114 0.42 0.42 0.43
Median 250.0 225 142 15.8 15.0 11.9
12 months <0.001*  <0.001
N 160 150 128
Mean 357.7 302.1 268.6 18.2 16.7 15.5
SD 192.8 169.2 161.1 5.08 4.99 5.22
Standard error 15.2 13.8 14.2 0.40 0.41 0.46
Median 322.5 286.0 243 18.0 16.9 15.6
18 months 0.002"  0.003
N 152 143 123
Mean 394.3 353.1 319.0 19.2 18.2 17.0
SD 202.1 185.2 206.4 5.07 4.85 5.65
Standard error 16.4 15.5 18.6 0.41 0.41 0.51
Median 367.5 328.0 292.0 19.2 18.1 17.1
24 months 0.06 0.03
N 145 131 123
Mean 428.8 392.7 379.1 20.1 19.2 18.6
SD 212.1 210.1 238.4 5.06 4.97 5.88
Standard error 17.6 18.4 21.5 0.42 0.43 0.53
Median 411.0 368.0 327.0 20.3 19.2 18.1

ANOVA: Analysis of variance; SD: Standard deviation

* Bonferroni pairwise comparison: All arms significantly different from each other

$ Bonferroni pairwise comparison: Early integrated treatment arm significantly different from the other two arms.

# Bonferroni pairwise comparison: Early integrated treatment arm significantly different from sequential treatment arm

The conclusion drawn was that CD4+ count was significantly different between the arms at all time
points. At all visits before 24 months the early integrated treatment arm had significantly higher
mean CD4+ counts than the other arms with small p-values. At 24 months the p-value was not as

small as at previous time points.



102

CD4+ count
450 1

400 1

350

300 1

250 1

200 1

150

100 1
50 1
0
T T T T T
Atrandomisation 6 months 12 months 18 months 24 months
Visit
&=e—® f[arlyintegrated @ ® ® |ateintegrated @ ® @ Sequential

Figure 5.2: Mean CD4+ counts (cells/mm3) over time, available case analysis
The lines indicate the available case analysis and the dots indicate the observed means under the

complete case analysis.

5.3.2 Complete case analysis

In the complete case analysis only participants with no missing data were included in the analysis
and data were summarised at 6, 12, 18 and 24 months using all observed CD4+ counts for these
participants (Table 5.5 and Figure 5.3). The difference between the complete case analysis and the
available case analysis was that list wise deletion was applied in the complete case analysis. In
other words, if a participant had missing data at any visit, all data for this participant at all visits

were deleted. List wise deletion is often the default in statistical software.

We fitted both a cross-sectional model (Table 5.5), comparing the treatment arms at each visit and
a longitudinal model (Table 5.6) under complete case. The cross-sectional analysis is not intended
to be similar to the longitudinal model fitted and should not be directly compared. The cross-
sectional analysis done under the available case analysis (Section 5.3.1) can be contrasted to the

cross-sectional analysis under the complete case analysis.
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According to the cross-sectional analysis, at baseline there was no difference between the treatment
groups in mean CD4+ count. Mean CD4+ count was significantly different between the arms at 6,
12 and 18 months, but not at 24 months. At all visits before 24 months the early integrated
treatment arm had significantly higher mean CD4+ counts than the other arms. The same

conclusions were drawn with the complete case and the available case cross-sectional analysis.

Table 5.5: Cross-sectional complete case analysis of CD4+ counts (cell/mm°)

Treatment arm p-value
Early integrated Late integrater Sequential ANOVA Kruskal-
N =137 N=122 N =108 Wallis
Baseline 0.69 0.61
Mean 163.2 147.3 160.4
Standard deviation 126.5 107.2 106.8
Standard error 10.8 9.7 10.3
Median 146 123 142
6 months <0.001%* <0.001
Mean 306.7 251.8 177.0
Standard deviation 199.0 171.2 144.1
Standard error 17.0 15.5 13.9
Median 254.0 221.0 143
12 months <0.001° <0.001
Mean 351.8 300.5 268.2
Standard deviation 192.4 160.0 163.5
Standard error 16.4 14.5 15.7
Median 327.0 276.5 240.5
18 months 0.003" 0.007
Mean 394.5 337.8 325.9
Standard deviation 197.4 162.9 211.7
Standard error 16.9 14.7 20.4
Median 365.0 321.0 292.5
24 months 0.15 0.08
Mean 427.2 390.4 388
Standard deviation 210.0 198.7 245.2
Standard error 17.9 18.0 23.6
Median 409.0 370 327

ANOVA: Analysis of variance

* Bonferroni pairwise comparison: All arms significantly different from each other

$ Bonferroni pairwise comparison: Early integrated treatment arm significantly different from each of the other two arms
# Bonferroni pairwise comparison: Early integrated treatment arm significantly different from sequential treatment arm

The residuals for the repeated measures linear model were not normally distributed (Figure 5.4).
The residuals were normally distributed when the square root transformed CD4+ counts were
modelled (Figure 5.5). The model was fitted using the square root transformed CD4+ counts. The

model fitted with the raw data is also given as reference.
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Figure 5.3: Observed mean CD4+ counts (cells/mm3) over time, complete case
analysis
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Figure 5.4: Studentised residuals for the model fitted using SAS procedure MIXED:
complete case analysis (Table 5.6)
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Figure 5.5: Studentised residuals for the model fitted with square root transformed
CD4+ counts using SAS procedure MIXED: complete case analysis (Table 5.6)

The model for the complete cases was fitted by REML using procedure MIXED in SAS and
assumed an unstructured covariance matrix while using the Kenward-Roger (Kenward & Roger,
1997) method for the degrees of freedom. A different covariance matrix was assumed for each
treatment group. Because the unstructured covariance structure does not assume any particular
pattern about the variance and covariance between measurements it was regarded to be a valid
choice of covariance matrix. Fitting time either as a continuous or categorical variable would be
consistent with MAR. Time was included as a continuous variable, because that leads to a more
parsimonious model and enables a more concise summary of the effect of treatment arm over time.
Adding time as a discrete variable will be more comparable to the cross-sectional analysis
presented, but the cross-sectional analysis is merely given for additional information and was not
the focus of this analysis. The mean profiles were not linear over time and a quadratic time effect

was added to the model. This improved the fit of the model. The following code was used:

proc mixed data = completecase method = reml ;
class pid pointx treatment;
model cd4count = point treatment point*treatment pointsquared/ solution ddfm = kr htype = 2;
repeated pointx / subject = pid type = un group = treatment;
Ismeans point treatment;
run;
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Table 5.6: Complete case analysis using procedure MIXED in SAS

Square root transformed Raw data
Effect Estimate Standard p-value |Estimate Standard p-value
error error
Intercept 7.93 0.51 61.08 12.07
Time 3.81 0.23 <0.001 94.41 8.20 <0.001
Time squared -0.34 0.04 <0.001 -7.23 1.32 <0.001
Early integrated treatment arm (ref: 0.73 0.68 0.28 -0.55 15.71 0.97
sequential treatment arm)
Late integrated treatment arm (ref: -0.46 0.65 0.48 -15.28 14.47 0.29
sequential treatment arm)
Interaction between treatment arm and 0.14 0.15 0.34 11.18 5.88 0.06
time (early integrated compared to
sequential treatment arm)
Interaction between treatment arm and 0.22 0.15 0.15 9.25 5.73 0.11
time (late integrated compared to
sequential treatment arm)

In addition to the p-values given in the table, the F-test comparing the interaction between all three
treatment arms and time adjusting for the main effects was not significant for either the raw data
(p=0.15) or the square root transformed data (p=0.35). This means that the change in mean CD4+
count over time did not differ between the treatment arms. There is an indication that the
interaction between the early integrated and sequential treatment arms and time could be
statistically significant (p=0.06), while the interaction between the late integrated and sequential

treatment arms was not statistically significant (p=0.11).

5.3.3  Conclusions of MCAR analysis

Under MCAR we conclude from the cross-sectional analysis that there is a significant difference
between the three treatment arms at each of the time points. From the mixed model we conclude

that there is no difference between the treatment arms in mean change in CD4+ count over time.

Both the available case analysis and the complete case analyses are only valid under the MCAR
assumption. We have shown in Section 5.2 that the CD4+ count data in the SAPIT study were not
MCAR; therefore these analyses were not valid. It is worth remembering that the complete case

method is inefficient because it does not utilise all available information, even when it is valid.

None of the analyses done under the MCAR assumption estimate the estimand of interest, namely
Estimand 1 defined by the National Research Council (2010). Rather, the cross-sectional analysis
estimate the treatment effect at each visit for participants who attended either the respective visit or
all visits, whether or not they adhered to treatment. In the longitudinal analysis this estimate is the
treatment effect for participants who had complete data, whether or not they adhered to treatment.
These estimates do not correspond to the ITT definition. Therefore, in addition to not being valid

or optimal, the MCAR analysis also does not measure the estimand of interest.
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The models include a second order polynomial of time. The treatment groups were only interacted
with time and not with a second order term of time. This means that the interaction interpreted
refers to the comparison of the treatment groups with respect to the linear slopes of the curves,
excluding the curvature. The curvature is more pronounced later in follow-up than early in follow-
up. It is thus predominantly the trend up to 6 months that is being compared for the different

treatment arms.

5.4 Analysis under MAR assumptions

We have shown that MCAR assumptions are not valid. MAR assumptions, discussed in Section
2.2.2, could however be valid. Using the observed data we cannot show that MAR assumptions are
more valid than MNAR assumptions. Under MAR assumptions we use four valid frameworks to
analyse the data; these are direct likelihood-based approaches (discussed in Section 3.4), multiple
imputation (discussed in Section 3.2), Bayesian analysis (discussed in Section 3.6) and inverse

probability weighting (discussed in Section 3.5).

5.4.1 Direct likelihood-based approaches

Direct likelihood-based approaches are valid under the MAR assumption and the separability
condition. Direct likelihood analyses can be done in SAS with the MIXED, GLIMMIX and
NLMIXED procedures. Valid point estimates are obtained from maximizing the likelihood. The
observed information matrix gives less biased results than the expected information matrix. The
observed information matrix is easy to calculate and available in statistical packages. An
unconditional expected information matrix calculated under the correct specification of the MAR
missingness mechanism could also be used, but is not standard output of statistical software
(Kenward & Molenberghs, 1998). The difference between the two could be small in practice
(Molenberghs & Kenward, 2007).

Procedure MIXED in SAS uses the Fisher scoring or Newton-Raphson methods. The MIXED
procedure uses the REML method to obtain estimates of parameters by minimising the likelihood
of residuals. The expected Hessian matrix rather than the observed matrix is used to calculate
standard errors. Procedure GLIMMIX has the same shortcomings as procedure MIXED, namely
that the variability of the variance components is not used when calculating the standard errors of
the fixed effects. However, procedure NLMIXED uses the full Hessian matrix for the computation
of precision estimates and is fully consistent with direct likelihood estimation (SAS Institute Inc.,

2004).



108

In procedure MIXED in SAS the following code was used to fit a model using the direct likelihood
approach:

proc mixed data = cd4count method = reml ;
class pointx treatment pid ;
model cd4count = treatment point point*treatment pointsquared/ solution ddfm = kr;

repeated pointx / subject = pid type = un group = treatment;
run;
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Figure 5.6: Studentised residuals for the model fitted using procedure MIXED in
SAS for the direct likelihood-based analysis under MAR assumptions

The “ddfm = kr” statement ensures that the Kenward-Roger (Kenward & Roger, 1997) correction
is applied when calculating degrees of freedom. An unstructured covariance matrix was assumed,

while the group = treatment statement requests a different correlation matrix for each treatment
group.

As shown in Figure 5.6 the residuals for the repeated measures linear model did not follow a

normal distribution. The residuals were normally distributed when the square root transformed

CD4+ counts were modelled (Figure 5.7).
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Figure 5.7: Studentised residuals for the model fitted with square root transformed

CD4+ count using procedure MIXED in SAS for the direct likelihood-based analysis
under MAR
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Figure 5.8: Mean CD4+ counts (cells/mm3) over time, direct likelihood-based
approach (mixed model) analysis under MAR assumptions
The lines indicate fitted model and the dots indicate the observed means



110

Table 5.7: CD4+ count over time. Direct likelihood-based parameter estimates and
standard errors when using procedure MIXED in SAS under MAR assumptions

Raw data Square root transformed data
Effect Estimate Standard p-value Estimate Standard p-value
error error
Intercept 77.19 10.11 8.50 0.41
Early integrated treatment arm (ref: 3.35 12.88 0.80 0.86 0.54 0.11
sequential treatment arm)
Late integrated treatment arm (ref: 3.76 12.00 0.75 0.47 0.51 0.36
sequential treatment arm)
Time 77.72 7.36 <0.001 | 3.14 0.21 <0.001
Time squared -5.33 1.25 <0.001 | -0.26 0.03 <0.001
Interaction between treatment arm and ~ 14.94 5.31 0.005 0.25 0.14 0.08
time (early integrated compared to
sequential treatment arm)
Interaction between treatment arm and ~ 14.97 5.18 0.004 0.29 0.14 0.04
time (late integrated compared to
sequential treatment arm)

The p-value for the interaction between time and the treatment arms, comparing the late integrated
treatment arm to the sequential treatment arm (p=0.04) and comparing the early integrated
treatment arm to the sequential treatment arm (p=0.08) was small when using the square root
transformed data. This means that we can conclude that the change in mean CD4+ count over time
was higher in the late integrated treatment arm and early integrated treatment arm than in the
sequential treatment arm. In addition to the p-values given in the table, the F-test comparing the
interaction between all three treatment arms and time adjusted for the main effects in the model had

p=0.006 for the raw data and p=0.009 for the square root transformed data.

5.4.2 Multiple imputation

Multiple imputation can be done in SAS by using two procedures, MI and MIANALYZE.
Procedure MI does the multiple imputation, corresponding to Step 1 in Section 3.2, after which
complete data methods are used to analyse each completed data set, using the appropriate SAS
procedure; corresponding to Step 2 in Section 3.2. Afterwards the data are combined using the

SAS procedure MIANALYZE, as described in Step 3 (Horton & Kleinman, 2007).

Procedure MI was used to generate 100 different imputed data sets and procedure MIANALYZE
was used to combine the results of the 100 analyses on these data sets. In the imputer’s model
square root CD4+ count at 6, 12, 18 and 24 months and log viral load at baseline were imputed and
WHO status, square root CD4+ count at baseline, age, gender, history of tuberculosis, and whether
the participant had extra-pulmonary tuberculosis or multidrug resistant tuberculosis were included
as covariates in this model. These variables were chosen because the clinical staff believed that
these variables were related to tuberculosis and HIV outcomes. It is strongly suggested that

multiple imputation should include all variables that could be related to the missingness process,



111

therefore all possibly relevant baseline variables were included in the imputer’s model. Separate

imputations were done for each of the three treatment arms.

The multiple imputation procedure in SAS software assumes that the missing data are MAR. Since
the missing data pattern in the CD4+ count data was not monotone, the MCMC imputation method
was used. It assumes multivariate normality to create multiple imputations by drawing simulations
from a Bayesian predictive distribution. The EM algorithm was used and the means and
covariances from complete cases were taken as the initial estimates. A single chain was used for
all the imputations. The procedure used a non-informative Jeffreys prior to derive the posterior
mode from the EM algorithm as the starting values for the MCMC process (SAS Institute Inc.,
2004).

The following code was used in SAS to do the multiple imputation step in procedure MI, using the

square root of CD4+ count:

proc mi data = withcovariate out = full nimpute = 100 seed=1round=111 1 0.001 . maximum =
1000 1000 1000 1000 8 minimum=11110;
em initial = cc;
mcmc impute = full chain = single timeplot (mean(cd4at6 cd4at12 cd4atl8 cd4at24)) acfplot
(mean (cd4at6 cd4atl2 cd4atl8 cd4at24));
var cd4at6 cd4atl2 cd4atl8 cd4at24 logvl who baselinecd4count age gender historytb extrapul
mdr;
by treatment;
run;

Table 5.8:Multiple imputation variance (Results of multiple imputation in Table 5.10)
Early integrated treatment Late integrated treatment Sequential treatment
Visit Between Within Total df Between Within Total df [Between Within Total df
6 months 0.018 0.145 0.164 183 | 0.020 0.138 0.158 180 | 0.020 0.148 0.168 179
12 months 0.014 0.128 0.142 187 | 0.019 0.115 0.134 174 | 0.042 0.146 0.188 151
18 months 0.027 0.120 0.148 162 | 0.023 0.113 0.136 166 | 0.074 0.176 0.250 130
24 months 0.031 0.125 0.157 158 | 0.048 0.130 0.178 139 | 0.093 0.178 0.273 118

df = degrees of freedom

Table 5.8 indicates that the major source of variance was the within imputation variance, the
between imputation variance added more to the overall variance at the later time points, where

more data were missing than at the earlier time points.

The relative increase in variance showed that the uncertainty caused by the missing data increased
the variance more over time in the sequential treatment arm. This ratio reached a high of 0.528 at

24 months. The smallest fraction of missing information was 0.097 at 12 months in the early
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integrated treatment arm, with the highest fraction, 0.347, at 24 months in the sequential treatment

arml.

Table 5.9: Relative increase in variance and fraction missing information in
procedure MI (Results of multiple imputation in Table 5.10)

Early integrated treatment | Late integrated treatment Sequential treatment
Visit Relative Fraction Relative Fraction Relative Fraction
increase in missing increase in  missing increase in missing
variance information | variance information | variance information
6 months 0.127 0.113 0.145 0.127 0.140 0.123
12 months 0.107 0.097 0.170 0.146 0.288 0.224
18 months 0.228 0.186 0.211 0.174 0.423 0.299
24 months 0.250 0.201 0.369 0.271 0.528 0.347

The timeplot and acfplot statements in SAS display time-series and autocorrelation plots to check
convergence for the single chain. It uses the MCMC method to create an iteration plot for the
successive estimates of the mean of the square root CD4+ count at each of the 6-monthly visits.
Iterations during the burn-in period are indicated with negative iteration numbers. The plots are
given in Figure 5.9 and Figure 5.10 for the early integrated treatment arm at 6 months. No
evidence was found of a trend or a significant positive or negative autocorrelation in any of the

variables. The plots for the other treatment arms are similar and are not displayed.

sqr_cd4at6

T T T T
[ 2000 4000 000 2000 10000 12000
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Figure 5.9: Time series plot for the mean square root CD4+ count at 6 months, early
integrated treatment arm
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Figure 5.10: Autocorrelation plot with 95% confidence interval for the mean square
root CD4+ count at 6 months, early integrated treatment arm

After multiple imputation of the missing data was done with procedure MI, the data were analysed
using a SAS procedure with a by imputation statement, thus doing the analysis separately for each
imputation. The MIANALYZE procedure then reads the parameter estimates and associated
standard errors, or the covariance matrix, from a data set produced by this SAS procedure,
separately for each imputed data set. The MIANALYZE procedure used the results from each

imputation to derive valid univariate inference for these parameters.

Not all parameters of interest or all statistical tests can easily be obtained this way, since not all
parameter estimates and the associated covariance matrices can be calculated directly in a SAS
procedure. The analyses can be done, but require special techniques and is not a straight forward
application of the usual SAS procedures. For example the sample means and covariance matrices
for means can be obtained from the CORR procedure, which was written to generate correlations

and not means (SAS Institute Inc., 2004).

Some regression procedures, such as procedure REG and LOGISTIC create a data set that contains
both the parameter estimates for the regression coefficients and their covariance matrix. Other
regression procedures such as GLM, MIXED and GENMOD do not generate such data sets. In
procedures MIXED and GENMOD ODS output statements can be used to save the parameter
estimates in a data set and the covariance matrix in a separate data set. These data sets can then be
read into the MIANALYZE procedure. The PARMS option is used to read the parameter estimates

and the COVB option is used to read the covariance matrix. For procedure GLM the ODS output
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statement can be used to save parameter estimates and standard errors in a data set and the
(X'X)~! matrix in another data set. These data sets are then read in the MIANALYZE procedure
with the PARMS option and the XPXI option. Other examples of procedures that do not
automatically generate the parameter of interest and covariance matric are correlation coefficients

between two variables and the ratios of variable means (SAS Institute Inc., 2004).

One of the advantages of multiple imputation as a technique to handle missing data, is that multiple
imputation can be used with the statistical method of your choice. There is no need to change the
statistical method you wanted to use in order to adjust for missing data. To illustrate the flexibility
and versatility of multiple imputation, we first present a cross-sectional analysis of the imputed
data and then we fit a longitudinal model with maximum likelihood analysis of repeated measures,
using mixed models (Table 5.12). We acknowledge that the cross-sectional analysis is sub-optimal

and that the two models are not directly comparable.

The following code was used in SAS to analyse the imputed data using procedure GLM as the
second step of multiple imputation. The same code was repeated for each of the 6-monthly CD4+
count variables, and is not repeated here. Means were given in the table and could be computed
using the UNIVARIATE procedure; however procedure MI calculates means for each of the
variables and doing the extra steps with procedure UNIVARIATE and MIANALYZE gave the
same means as generated by procedure MI. Medians could only be obtained by using procedure
SURVEYMEANS because other procedures do not provide the standard errors for medians. The
data were square root transformed before the imputations were done, and the imputed values were

squared before the data were summarised.

Proc glm data=full;

model cd4at6= treatment/inverse;

by _Imputation_;

ods output ParameterEstimates=glmparms InvXPX=glmxpxi;
quit;

proc mianalyze parms=glmparms xpxi=glmxpxi ;
modeleffects Intercept treatment;
run;

Comparing the means and standard errors in Table 5.4 and Table 5.10 is interesting. All the
standard errors were lower with the multiple imputation than when using the available case
analysis. This was because the multiple imputation analysis is more efficient than the available
case analysis and included auxiliary variables in the imputation. All the means at Months 6 and 12
were higher with the multiple imputed data than with the available case analysis. At Months 18

and 24, the means for the late integrated treatment arm were lower with the multiple imputation,
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while the means for the early integrated and sequential treatment arms were higher with the
multiple imputation than with the available case analysis. The interpretation of the p-values was
the same for the available case analysis and the multiple imputation analysis. Having higher mean
CD4+ counts at most visits with the multiple imputation analysis than with the available case

analysis was surprising.

Table 5.10: Cross sectional summaries of CD4+ counts (cell/mm’) after multiple
imputation of missing values

Early integrated Late integrated Sequential treatment p-
treatment arm treatment arm arm value*
N=214 N =215 N =213
Mean Median Mean Median Mean Median
(standard error) (standard error) (standard error)

6 months 308.1 (14.5) 253.4 266.1 (13.1) 230.9 175.5 (11.0) 139.5 <0.001
12 months 360.9 (14.4) 322.0 309.7 (12.7) 286.7 267.8 (13.9) 236.9 <0.001
18 months 390.6 (15.2) 361.3 359.1 (14.1) 327.5 314.4 (17.8) 274.9 0.007
24 months 424.0 (16.3) 399.0 | 411.8(17.7) 373.1 371.8 (20.1) 320.2 0.047
* Calculated using procedures GLM and MIANALYZE in SAS

Most of the medians were similar between the available case analysis and the multiple imputation
analysis, exceptions were the median in the sequential arm at 18 months and the median at 24
months in the early integrated treatment arm, both were lower with the multiple imputation

analysis.

We now move away from the cross-sectional analysis and give the longitudinal analysis.
Procedure MI was the same as previously given (Step 1 of the multiple imputation process). The
following code was used in SAS to analyse the imputed data using procedure MIXED (Step 2 of
the multiple imputation process). This differs from the code used under the likelihood-based
analysis in Section 5.4.1 only in the addition of the by _imputation_ statement and the ods output
statement. The by statement ensures that a separate analysis is done for each imputed dataset and
the ods statement writes the results to datasets that are used in the next step in procedure

MIANALYZE. The variance information for this model is given in Table 5.11.

proc mixed data = full method = reml;
class pid treatment pointx;
model cd4square = point treatment point*treatment pointsquared / solution covb ddfm = kr ;
repeated pointx / subject = pid type = un group = treatment;
by _imputation_;
ods output solutionf = mixparms covb = mixcovb;
run;

A data step is needed to rename the effect variable, in order to have unique effect variables for the
treatment and week combinations, since these are captured in two different variables in the

mixparms data set.



116

proc mianalyze parms=mixparms ;
modeleffects Intercept visit trtl trt2 trtl_week trt2_week;
run;

Table 5.11: Variance, relative increase in variance and fraction missing information
in procedure MI (Results in Table 5.12)

Estimate Variance Variance Variance Df Relative Fraction Relative
between within total increase in missing efficiency
variance information
Intercept 0.057 0.165 0.223 1465 0.351 0.261 0.997
Early integrated treatment 0.053 0.296 0.350 4191 0.182 0.154 0.998

arm (ref: sequential

treatment arm)

Late integrated treatment 0.050 0.283 0.334 4348 0.178 0.151 0.998
arm (ref: sequential

treatment arm)

Time 0.025 0.035 0.061 554  0.732 0.425 0.996
Time squared 0.0005  0.001 0.001 687 0.612 0.381 0.996
Interaction between 0.012 0.014 0.026 447  0.889 0.473 0.995

treatment arm and time

(early integrated compared

to sequential treatment arm)

Interaction between 0.009 0.014 0.023 586  0.698 0.413 0.996
treatment arm and time (late

integrated compared to

sequential treatment arm)

df: Degrees of freedom

Multiple imputation and maximum likelihood methods are expected to have similar results when
the imputation model is congenial, i.e. the imputation model includes the same variables as the
analytic model. A major difference between the two models is that the likelihood-based model did
not include any covariates, while the model fitted under multiple imputation included several
covariates in the imputer’s model. This is strongly encouraged, because the biggest problem with
the imputer’s model is excluding variables that are associated with the outcome. Rubin (1996)
recommended that as many variables as possible are included in the imputer’s model. If the goal of
this chapter was to compare results obtained using different available methods, the multiple
imputation analysis should have been done without including these covariates in the imputer’s
model. However, the goal is to show how available missing data methods can be used optimally to
analyse data, therefore the best possible imputer’s model was used. In addition to the model
including covariates a secondary model was also fitted where the imputation model did not include
any covariates. This was done to investigate whether the inclusion of covariates played an

important role in the results observed.
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Table 5.12: CD4+ count longitudinal analysis. Direct likelihood-based parameter
estimates and standard errors when using procedure MIXED in SAS, with and

without multiple imputation of square root CD4+ counts (/cell/mm?3)

Multiple imputation with Multiple imputation without
auxiliary covariates auxiliary covariates
Effect Estimate Standard p-value| Estimate Standard p-value
error error
Intercept 8.88 0.47 9.19 0.47
Early integrated treatment arm (ref: 1.12 0.59 0.06 0.92 0.61 0.13
sequential treatment arm)
Late integrated treatment arm (ref: 0.75 0.58 0.20 0.58 0.59 0.32
sequential treatment arm)
Time 3.01 0.25 <0.001 | 2.76 0.22 <0.001
Time squared -0.23 0.04 <0.001 | -0.21 0.04 <0.001
Interaction between treatment arm 0.08 0.16 0.62 0.22 0.15 0.14
and time (early integrated compared
to sequential treatment arm)
Interaction between treatment arm 0.12 0.15 0.43 0.20 0.14 0.17
and time (late integrated compared
to sequential treatment arm)

Comparing the model fitted using likelihood-based methods with (Table 5.12) and without (Table
5.7) multiple imputation, we draw a different conclusion for the interaction between the two
treatment arms and time. This interaction is estimated to be larger when the data are not imputed
than when the data are imputed. The standard errors are similar in both models, for all the
variables. The covariates included in the imputer’s model did make a difference in the effect
estimates, which differed substantially between the model with and without covariates. However,
the inclusion of covariates did not explain all the difference between the likelihood-based model
and the model fitted after multiple imputation of missing data. The results differed slightly
between the likelihood-based model and the model fitted after multiple imputation that did not
include covariates in the imputer’s model. This is because the multiple imputation is done treating
time as a categorical variable. Outcome data of all the time points are included in the multiple
imputation, but the longitudinal nature of the outcome data is not taken into account. Fitting

likelihood-based models, the longitudinal nature of the data is taken into account.

We conclude that there is no significant treatment by time interaction from both the model
including covariates in the imputer’s model and from the model that did not include covariates in

the imputer’s model.

Multiple imputation offers advantages if covariates are missing, because likelihood-based analyses
in these instances might be impracticable. However, in this instance where covariates were
observed and responses only were missing multiple imputation added little advantage over a

likelihood-based analysis.
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Multiple imputation assumed that the data are MAR and used observed data to imputer unobserved
data. If future missing measurements could not be predicted from the past observed data combined

with the covariates, it was unlikelv that the multinle imputations are correct.
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Figure 5.11: Square root CD4+ counts over time using multiple imputation, by
participant. Early integrated treatment arm.

The graph includes only participants who died and had missing CD4+ counts from the time
they died. Time of death is indicated with a black solid dot. CD4+ counts from the black
solid dot onwards are imputed CD4+ counts.
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Figure 5.12: Square root CD4+ counts over time using multiple imputation, by
participant. Late integrated treatment arm.

The graph includes only participants who died and had missing CD4+ counts from the time
they died. Time of death is indicated with a black solid dot. CD4+ counts from the black
solid dot onwards are imputed.
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Figure 5.13: Square root CD4+ counts over time using multiple imputation, by
participant. Sequential treatment arm.

The graph includes only participants who died and had missing CD4+ counts from the time
they died. Time of death is indicated with a black solid dot. CD4+ counts from the black
solid dot onwards are imputed CD4+ counts.

As can be seen from Figure 5.11, Figure 5.12 and Figure 5.13 the multiple imputation process did
not impute lower CD4+ counts for participants who died, in fact for most participants CD4+ counts

were higher after death than before.

5.4.3 Bayesian MAR analysis

It is fairly straightforward to accommodate missing data while fitting a Bayesian model. The
Bayesian model fitted in this section does not take the missing data mechanism into account, but
fits all participants, those with and without missing data; it is thus valid under MAR. Its validity is
the same as under direct likelihood. Bayesian analysis provides a natural way of handling the
missing data, because a probability distribution is estimated for each missing value, allowing for
uncertainty to be captured. Missing data are treated as additional unknown quantities, thus no
distinction is made between missing data and unknown parameters. OpenBugs will simulate values
for the missing observations according to the specified likelihood distribution, given the values of
the relevant parameters. The Bayesian model, when the missing data mechanism is ignorable, is
the same model that would be used for a complete case analysis. If a model was to be fitted under

the complete case, list wise deletion would be done in the data set.
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The definition of the statistical notation is given in Section 5.1.4. We fitted a longitudinal model
with an unstructured covariance matrix. Consider

Y;|Z; = k ~ Mutivariate Normal (g, Q)
where Z; = k indicates that the observation belongs to treatment k.. For example, if Z; = 1 then
this implies E;= 1 and L; = 0; if Z; = 2 then this implies E;= 0 and L; = 1 and if Z; = 3 then this
implies E;= 0 and L; = 0. The model fitted was as follows:

tij = Bo+ BiEi + BoLi + Batij + (BuEi + BsLitij + Pot?;

This model fits a different unstructured covariance matrix for each of the treatment arms.
Uninformative priors were chosen for the unknown parameters of the model of interest. Different
sets of prior distributions were assigned. In Set 1, the f parameters (By, 81, 52, B3, B4, Bs, Be) are
assigned Normal(0, 100 000) priors and the inverse of Q was assigned a Wishart(I, 5) prior, where
I is the identity matrix. Prior Set 2 assigned all the f parameters a Normal(0, 1000) prior and the
inverse of Q was assigned a Wishart(A, 5) prior, where A is a diagonal matrix with 0.1 on the
diagonal. Prior Set 3 assigned all the f parameters a Normal(0, 10) prior and the inverse of Q a

Wishart(A, 5) prior, where A is a diagonal matrix with 10 on the diagonal.

All the models were fitted using OpenBugs, which uses MCMC methods and run for 40000
iterations, including 20000 burn-in iterations. Two chains with different starting values were used
and convergence was assumed if a visual inspection of the trace plots was satisfactory. All the runs

discussed converged.

The following code was used in OpenBugs:

model {
for(iin 1:N) {
cd4squareli,1:5] ~ dmnorm(mufi,1:5], omega[S[i], ,])
S[i] <- 1+1*equals(dummyearly[i],1) + 2*equals(dummylate[i],1)
for(j in 1:W) {
muli,j] <- beta[1] +beta[2]*(j) + beta[3]*dummyearly[i] + beta[4]*dummylate[i] +
beta[S]*dummyearly[i]*(j)+beta[6]*dummylate[i]*(j) +beta[7]*(G)*() } }

# Priors

for(k in 1:3){

omegalk,1:5,1:5] ~ dwish(R[k, ,],5)
sigmalk,1:5,1:5] <- inverse(omegalk, ,]) }

for(k in 1:7) {
beta[k] ~ dnorm(0, 0.00001) 1}
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Table 5.13: CD4+ count (square root) posterior means, standard deviations and
credible intervals according to Bayesian analysis under MAR assumptions

Prior set 1 Prior set 2 Prior set 3
8 ~ Normal(0,100 000) B ~ Normal(0,1000) B ~ Normal(0, 10)
Q~Wishart(1,5) Q~Wishart(A,5) Q~Wishart(A,5)
I: Identity matrix A: diag (0.1,0.1,0.1,0.1,0.1) A: diag (10,10, 10,10, 10)
Effect Mean SD 95% Mean SD 95 % Mean SD 95 %
credible credible credible
interval interval interval
Bo 9.02 0.48 9.02 0.48 8.79 0.47
By 1.09 0.62 -0.12;2.3 1.09 0.62 -0.12;2.30 1.23 0.60 0.04;2.40
B 0.41 0.59 -0.73;1.55 | 0.41 0.58 -0.73;1.55 | 0.58 0.57 -0.53;1.70
B 2.71 0.24 2.23;3.17 |2.71 0.23 2.25;3.17 2.79 0.24 2.31;3.26
Ba 0.28 0.15 0.02;0.58 | 0.28 0.15 -0.01;0.58 | 0.27 0.15 -0.03;0.58
Bs 0.37 0.15 0.08;0.67 | 0.38 0.15 0.09; 0.67 0.34 0.15 0.05;0.64
Be -0.21 0.04 -0.29;-0.14 | -0.21 0.04 -0.29;-0.14 | -0.22 0.04 -0.30;-0.14

SD: Standard deviation

Bo: Intercept, B, Early integrated treatment arm (ref: sequential treatment arm); f3,: Late integrated treatment arm (ref: sequential
treatment arm), f5: Time; S, Interaction between treatment arm and time (early integrated compared to sequential treatment arm)

Bs Interaction between treatment arm and time (late integrated compared to sequential treatment arm); S¢: Time squared

Highlighted sections indicate statistical significance

The choice of vague prior did not change the results appreciably in the MAR analysis (Table 5.13),
and the results were almost identical with prior sets 1 and 2. The results are slightly different under
prior set 3. This set of priors makes an assumption about the prior distribution of Q that is very
different from the observed covariance matrices, and the prior distributions of the §’s are much less
uninformative than the priors used under sets 1 and 2. Of course, many more choices of priors are
possible. Both the interactions between time and treatment arm were significant, under prior set 1,
indicating that both the early integrated and late integrated treatment arms had higher increase in
mean CD4+ count than the sequential treatment arm. Under prior sets 2 and 3 only the interaction
between time and the late integrated treatment arm compared to the sequential treatment arm was
significant, although the posterior mean for the interaction between time and the early integrated

treatment arm compared to the sequential treatment arm was similar to the posterior mean when

prior set 1 was used.

The results of the Bayesian analysis were similar to the results of the likelihood-based analysis
(Table 5.7). In both models we conclude that the interaction between time and the late integrated
treatment arm compared to the sequential treatment arm is significant. In the Bayesian model, we
conclude that the interaction between time and the early integrated treatment arm compared to the
sequential treatment arm was statistically significant. This was not significant in the likelihood-

based model, although the p-value was small (0.08).

The addition of a prior distribution to the model means that the validity of the Bayesian answer
depends both on the validity of the substantive model as well as the validity of the prior model. By

choosing non-informative priors, we hope that the results are not sensitive to the choice of the
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prior. Differences between the likelihood-based analysis and the Bayesian analysis can be

attributed to the addition of a prior distribution.

5.4.4 Inverse probability weighting

Inverse probability weighting requires that the data set follows a monotone missing pattern. We
imputed the few intermittent missing values in order to create a monotone missing data set. The
data set with a monotone missing pattern was formatted that the last observation for participants
with incomplete data was an entry with the missingness indicator equal to 0. Logistic regression
was used to model the probability of having a missing observation at each visit. The model
included CD4+ counts at all the previous visits. The following SAS code was used to model the

probability of missingness at the last time point. Similar code was used for the earlier time points.

proc logistic data=dataset;
class mis treatment;
model mis = sqr_cd4at0 sqr_cd4at6 sqr_cd4atl2 sqr_cd4atl8 treatment;
where point = 5;

output out=predict P=probs;

run;

More covariates can also be added to the missingness model to improve the prediction. In the
second model in Table 5.14 the covariates WHO status, age, gender, history of tuberculosis, and
whether the participant had extra-pulmonary tuberculosis or multidrug resistant tuberculosis were
included as covariates in the model used to estimate the probability of being observed. Viral load

was not included as a covariate, since some of the viral load values were missing.

Since the baseline visit was observed for all participants, the probability of being observed assigned
to the baseline visit was 1. The estimated cumulative probability of being observed was the
product of the probability of being observed at all the time points. The inverse probability weight

is calculated as the inverse of the cumulative probability. The following code was used in SAS:

data wgt (keep=pid visit cumprobs probs);
merge dataset predict;
by pid visit;
retain cumprobs;
if first.pid then cumprobs=probs;
else cumprobs=cumprobs*probs;
if (visit=1) then ipw=1;
else ipw=1/cumprobs;
run;

GEE are then applied with a working independence covariance structure using the weight statement

and the GENMOD procedure.
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proc genmod data=wgt;

weight ipw;

class pid treatment;

model cd4square = treatment visit visit*treatment pointsquare /dist=n link = identity;
where mis=1;

repeated subject=pid /type=ind;

run;

Two models were fitted. In one model weights were calculated using a logistic regression model
including auxiliary covariates and in the other model weights were calculated using a logistic
regression model not including auxiliary covariates. The estimates calculated using these two sets
of weights were similar. The conclusion is that the additional covariates do not improve the

accuracy of the weights calculated.

The standard errors calculated using procedure GENMOD are in principle not correct because they
do not take the estimation of weights into account. Correct standard errors were calculated by
drawing bootstrap samples. One hundred bootstrap samples of the same size as the original data
set were drawn with replacement. The results using the bootstrap samples, both with and without
additional covariates in the calculation of the weights, are also included in Table 5.14. The
incorrect standard errors calculated using procedure GENMOD and the standard errors calculated
using bootstrap are similar and the conclusions drawn are similar. This underscores that the effect

of neglecting uncertainty in the weights may have limited consequences only.

Using weighted GEE, the estimates for the comparison of the effect of the early integrated
treatment arm compared to the sequential treatment arm over time as well the effect of the late
integrated treatment arm compared to the sequential treatment arm over time are both negative.
This means that this model estimates that CD4+ count increases less in the two integrated treatment
arms compared to the sequential treatment arm. This is different from any of the other models
fitted under MAR. Neither of these effects was statistically significant. In addition to employing
inverse probability weighting, this model differs from the other models fitted because it was fitted
using GEE as estimation method, while the other methods were fitted using maximum likelihood

(Table 5.14).

These models are inefficient, with inconsistent parameter estimates. If some weights are large,
some observations could be given undue importance in the estimation of parameters. The

estimation could be improved by using doubly robust estimators.
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The last model included in Table 5.14 was fitted with doubly robust methods, using bootstrap
samples to calculate correct confidence intervals, by following three steps. In step 1 a logistic
regression was fitted to estimate the probability of being observed as a function of previous
observations of the outcome variable and covariates. In step 2 a mixed model was fitted to the
response for the completely observed observations, weighted using the weights of the inverse
probability of being observed at each visit as calculated in the previous step. As output from this
model, m;, the fitted values of the response for all participants, those who were observed and those
who had missing values, were saved to a data set. In step 3, the values of the response Y; were
replaced with the fitted values, m; and another mixed model was fitted for all observations (both
observed and those with missing values) to the new response, m; including only the covariates of

interest (treatment arm) and not the covariates predictive of missingness.

The Vansteelandt macro, available from http://missingdata.lshtm.ac.uk/index.php?option

=com_content&view=article&id=225:vansteelandts-doubly-robust-estimation-method&catid=60

:inclusive-modeling-approaches&Itemid=137, was used to draw the bootstrap samples and prepare

the data sets, but the models were fitted using the following code in SAS.

Step 2:

proc mixed data= indata ;

class pointx pid ;

model cd4square= point dummyearly dummylate point*dummyearly point*dummylate

pointsquare /solution outp=first_glm_out;
repeated pointx/ subject = pid type = ar(1);

by replicate;

weight prob;

run;

In the SAS code prob is the inverse of the probability of being observed that was calculated in step
1 using the Vansteelandt macro. This was done both including and excluding additional covariates
predictive of missingness. Replicate refers to the replicate number of the bootstrap sample. In
other models fitted throughout this chapter the unstructured covariance matrix was used. These
models did not converge if the unstructured covariance structure was used. It did converge with
the autoregressive covariance matrix assumed. This covariance matrix is applicable because the

visits were scheduled at constant intervals of 6 months.
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Table 5.14: CD4+ count (square root) analysed with inverse probability weighting

methods
Weighted GEE without Weighted GEE with
covariates covariates
Effect Estimate Standard p-value |Estimate Standard p-value
error error

Intercept 7.18 0.47 7.13 0.47
Early integrated treatment arm (ref: 241 0.57 <0.001 2.39 0.58 <0.001
sequential treatment arm)
Late integrated treatment arm (ref: 1.88 0.57 0.001 1.89 0.57 0.001
sequential treatment arm)
Time 3.73 0.27  <0.001 3.77 0.28 <0.001
Time square -0.29 0.04  <0.001 -0.30 0.04 <0.001
Interaction between treatment arm and -0.09 0.17 0.61 -0.06 0.17 0.71
time (early integrated compared to
sequential treatment arm)
Interaction between treatment arm and -0.22 0.18 0.20 -0.19 0.18 0.28
time (late integrated compared to
sequential treatment arm)

Weighted GEE without Weighted GEE with

covariates using bootstrap

Estimate Standard p-value

covariates using bootstrap
Estimate Standard p-value

error error
Intercept 7.15 0.43 7.12 0.45
Early integrated treatment arm (ref: 2.44 0.59 <0.001 243 0.59 <0.001
sequential treatment arm)
Late integrated treatment arm (ref: 1.93 0.58 <0.001 1.91 0.60 0.002
sequential treatment arm)
Time 3.72 0.26  <0.001 3.74 0.28 <0.001
Time square -0.29 0.04  <0.001 -0.30 0.04 <0.001
Interaction between treatment arm and -0.07 0.18 0.69 -0.03 0.19 0.89
time (early integrated compared to
sequential treatment arm)
Interaction between treatment arm and -0.23 0.18 0.19 -0.16 0.18 0.38

time (late integrated compared to
sequential treatment arm)

Doubly robust weighting
method without covariates

Estimate Standard p-value

Doubly robust weighting
method with covariates
Estimate Standard p-value

error error
Intercept 9.52 0.64 10.52 0.56
Early integrated treatment arm (ref: 5.15 1.03 <0.001 4.41 0.81 <0.001
sequential treatment arm)
Late integrated treatment arm (ref: 3.23 0.85 <0.001 2.96 0.78 <0.001
sequential treatment arm)
Time 3.05 0.28  <0.001 3.37 0.43 <0.001
Time square -0.20 0.05 <0.001 -0.27 0.06 <0.001
Interaction between treatment arm and -0.95 0.31 0.003 -0.94 0.30 0.002
time (early integrated compared to
sequential treatment arm)
Interaction between treatment arm and -0.60 0.25 0.02 -0.61 0.28 0.03

time (late integrated compared to
sequential treatment arm)
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Step 3:
proc mixed data= dataset ;
class pointx pid ;
model pred= point dummyearly dummylate point*dummyearly point*dummylate pointsquare
/solution outp=abc3;
repeated pointx/ subject = pid type = ar(1);
by replicate;
ds output ConvergenceStatus=MixedStatus solutionf = abmixparms ;
run;

The parameter estimates are saved to abmixparms for all the bootstrap samples and these are then
averaged to calculate the bootstrap average and standard error. The number of participants who
had missing data was higher in the sequential treatment arm than in the two integrated treatment
arms. This implies that the observed participants in the sequential arm will have higher weights.
The mean of the weights in the early integrated treatment arm was 1.33, in the later integrated
treatment arm was 1.45 and in the sequential treatment arm was 1.54. If the participants who had
better outcomes were more likely to be observed, these participants with better outcomes will be
weighted more heavily in the sequential treatment arm than in the other two treatment arms. Table
5.15 shows that the sequential treatment arm had a larger proportion of participants with large
weights than the other treatment arms. In addition, although the mean CD4+ count was lower in
the sequential treatment arm, the mean CD4+ count was higher for participants with high weights
than for participants with low weights. This was true in all three treatment arms. This means that
the inverse probability weighted analysis, where participants with higher weights are more
influential, increased the mean CD4+ counts more in the sequential treatment arm than in the other

two treatment arms.

Table 5.15: Mean square root of CD4+ count by treatment arm and probability of
being observed

Early integrated treatment Late integrated Sequential treatment
arm treatment arm arm
Mean CD4+ % of Mean CD4+ % of Mean % of
count weights count weights  CD4+ count weights
Weight > 1.4 18.98 20.2% 18.09 42.6% 16.77 49.7%
Weight< 1.4 18.10 79.8% 15.61 57.4% 12.32 50.4%

The doubly robust analysis provides some protection against some of the disadvantages of the
inverse probability weighting, such as extreme weights and misspecification of the weighting
model. However, it still requires either the missingness model or the imputation model to be
correctly specified, as well as the substantive model. If neither of these models is correctly

specified, this method does not provide valid results.
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5.4.5 Conclusions of MAR analysis

Under the MAR framework, longitudinal models were fitted using likelihood-based methods,
multiple imputation, Bayesian methods and inverse probability weighting. Although pattern-
mixture models are generally regarded as MNAR methods, MAR assumptions can be expressed in
the pattern-mixture framework through identifying restrictions related to the available case missing
value (ACMV) as discussed in Section 3.3.2 (Molenberghs et al., 1998). This is given in Section

5.5.1.3 where pattern-mixture models are discussed.

Table 5.16: Summary of MAR sensitivity analyses

Interaction between treatment arm and time

Early integrated treatment
arm compared to sequential
treatment arm

Late integrated treatment
arm compared to
sequential treatment arm

Estimate p-value Estimate p-value
Likelihood-based methods 0.25 0.08 0.29 0.04
Multiple imputation (excluding additional 0.22 0.14 0.20 0.17
covariates in imputer’s model)
Bayesian analysis (Prior set 1) 0.28 Significant 0.37 Significant
Inverse probability weighting: weighted -0.07 0.69 -0.23 0.19

GEE without covariates and
bootstrap for standard errors

using

Most of the estimated coefficients for the interaction between time and the early integrated
treatment arm compared to the sequential treatment arm were between 0.22 and 0.28. The
exception was the results of the inverse probability weighting. The interaction between time and
the early integrated treatment arm compared to the sequential treatment arm was only significant in
the Bayesian model (Table 5.16). Excluding the inverse probability weighting, the interaction
between time and the late integrated treatment arm compared to the sequential treatment arm was
between 0.20 and 0.37. The estimate was only significant in the likelihood-based model and in the
Bayesian model. We therefore conclude that there was some evidence of a higher mean increase

over time in CD4+ count in the early and late integrated treatment arms compared to the sequential

treatment arm.

If the MAR assumption holds, the missingness mechanism is ignorable and future statistical
behaviour of observations from a participant, conditional on the history, is the same for participants
who have missing data and participants who are observed, and participants who have missing data
continued to adhere to treatment, then these analyses give Estimand 1. Under those conditions
these results are the ITT estimand, including all data at the planned end of the study on all
participants analysed as randomised. If we want to interpret this estimand as the ITT estimate of
the effectiveness of a treatment policy, we need to make the assumption that participants had the

same adherence to study treatment after dropout from the study as during follow-up. However, the
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effects of the drugs wane after discontinuation and the assumption that participants continued to
adhere after drop out is not very plausible; except for a few participants who relocated and
continued to take treatment at a different clinic. Some participants had not adhered to treatment
during follow-up and for those participants it is reasonable to expect that their adherence after

dropout was the same as during follow-up.

Estimand 1 is estimated by all of the MAR analyses reported. Data at the end of the planned study
period were available for all randomised participants through a different mechanism in each of
these methods. In the likelihood-based analysis, missing data are filled in following the slope
estimated for each participant using the observed data. The analysis using multiple imputation
created a complete data set by imputing the missing data, and could therefore be valid under the
requirement for an ITT analysis, provided that future statistical behaviour can be accurately
imputed given past observations, and the imputer’s model is correct. In the Bayesian analysis, the
missing data are filled in through sampling from the conditional posterior distribution via the Gibbs
sampler. The model fitted using inverse probability weighting weights the observed observations
and gives observations with a low probability of being observed at the end of the study more
weight in order to adjust the final estimate for the unobserved observations. In this way the

estimate represents all participants at the end of the study.

Mortality was high in the SAPiT study. Death as an endpoint has been analysed separately using
standard survival analysis techniques (Abdool Karim et al., 2010; Abdool Karim et al., 2011) and it
has been shown that the sequential treatment arm had higher mortality than the two integrated

treatment arms. There is therefore an imbalance in death between the treatment arms.

It is thus important to consider death as a cause of missing data. One could argue that values post
death are not missing in the strictest sense. In our analysis of CD4+ count death has just been
treated as another cause of missing data. The methods that are valid under MAR with ignorable
missing data, such as likelihood-based models, impute CD4+ count after dropout implicitly,
because of the structure imposed by correlation between each participant’s longitudinal
observations. This implies that we are drawing inferences on CD4+ count in an immortal cohort.
We are not modelling the association between CD4+ count and treatment in the living only, but

also include imputed data after death.

Dufouil et al. (2004) suggested an adjustment to inverse probability weighting that allows one to
treat missing data due to dropout and death differently. This has not been applied in our analysis,

but could certainly be done.
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5.5 Analysis under MNAR assumptions

A sensitivity analysis is performed by doing several analyses that are valid under MNAR
assumptions. MNAR assumptions are described in Section 2.2.3. The data are analysed using
pattern-mixture models (discussed in Section 3.3.2), selection models (discussed in Section 3.3.1)
using Bayesian models (discussed in Section 3.6) and shared-parameter models (discussed in

Sections 3.3.3 and 3.3.4).

5.5.1 Pattern-mixture models

Various applications of pattern-mixture models have been discussed in the literature. We analyse
the SAPIT data using four of these applications. The first uses mixed models as discussed by
Hedeker and Gibbons (1997). The second uses multiple imputation (Carpenter & Kenward, 2007).
The third uses Bayesian methodology as discussed by White et al. (2007). The fourth uses
identifying restrictions and multiple imputation (Curran et al., 2004; Thijs et al., 2002). This is by

no means an exhaustive list of all available pattern-mixture applications.

Patterns of missing data are identified as in Table 5.2. The first challenge using pattern-mixture
models is to determine how the various dropout patterns are grouped. Three different dropout
variables were defined; each indicating more detailed dropout groups. In the first model dropout
was a binary variable created to indicate whether a participant completed the study or not. Dropout
was assigned a value of zero if the study was completed and a value of one if the study was not
completed (Model 1 in Table 5.21). In addition, a second dropout variable was created with three
categories, an indicator whether the study was completed, whether the study was not completed or
whether the participant died (Model 2). The third dropout variable has, in addition to the categories
in Model 2, a category for people who had information at baseline only and dropped out after that
(Model 3). The pattern where participants had baseline data only was chosen because this was the
dropout pattern with the most participants. Table 5.17 gives the number of participants in each of
these categories. More dropout patterns can be identified from the data, but some of these patterns

include a small number of participants.

In the early integrated treatment arm 69 (32.2%) participants dropped out, in the late integrated
treatment arm 84 (39.1%) participants dropped out and in the sequential treatment arm 90 (42.3%)
participants dropped out. In Model 2 we have a category for participants who dropped out due to
death, but other than that we treat all dropouts the same and do not incorporate the reason for
dropout in the analysis. This is not necessarily the optimal strategy, since participants have
different reasons for dropping out and these reasons for dropping out, rather than the timing of

dropout, may be related to outcomes in different ways.
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Table 5.17: Number of participants in each of the categories of missing data

Early integrated Late integrated Sequential
treatment arm treatment arm treatment arm
N=214 N =215 N =213

Model 1: Binary dropout variable

Completed 145 (67.8%) 131 (60.9%) 123 (57.8%)

Dropped out 69 (32.2%) 84 (39.1%) 90 (42.3%)
Model 2: Dropout and death included

Completed 145 (67.8%) 131 (60.9%) 123 (57.8%)

Dropped out 52 (24.3%) 67 (31.2%) 55 (25.8%)

Died 17 (7.9%) 17 (7.9%) 35 (16.4%)
Model 3: Dropout, death and baseline data

Completed 145 (67.8%) 131 (60.9%) 123 (57.8%)

Dropped out 29 (13.6%) 29 (13.6%) 26 (12.2%)

Baseline data only 23 (10.8%) 38 (17.7%) 29 (13.6%)

Died 17 (7.9%) 17 (7.9%) 35 (16.4%)

Table 5.18: Estimates and standard errors of coefficients from the different patterns
of missing data

Dropout Dead Completed
Effect Estimate Standard |Estimate Standard | Estimate Standard
error error error
Intercept 8.89 1.10 7.00 1.76 8.32 0.47
Early integrated treatment arm (ref: 3.05 1.07 -0.66 2.11 0.56 0.65
sequential treatment arm)
Late integrated treatment arm (ref: 3.51 0.84 -1.61 2.02 -0.41 0.62
sequential treatment arm)
Time 2.08 1.03 2.54 1.90 3.52 0.23
Time squared -0.05 0.23 -1.02 0.52 -0.31 0.03
Interaction between treatment arm and -0.06 0.66 1.55 1.34 0.21 0.14
time (early integrated compared to
sequential treatment arm)
Interaction between treatment arm and 0.15 0.58 1.71 1.15 0.26 0.14
time (late integrated compared to
sequential treatment arm)

Table 5.18 gives the estimates for each of the patterns of missing data. MAR models assume the
slope of the CD4+ count over time is the same across patterns; however the coefficient for the
interaction between treatment arm and time differs substantially between the three patterns of

missing data, meaning that the MAR assumption might not be supported by the data.

5.5.1.1  Pattern-mixture models using random-effects mixed models

Procedure MIXED in SAS was used to fit the model. Square root CD4+ count was the dependent
variable. Independent variables included the fixed, categorical effects of treatment, dropout, and
the dropout by treatment interaction, as well as the continuous effect of time and time squared. The
time by treatment, dropout by time and dropout by treatment interaction and the three level
interaction of dropout, treatment and time were included. Adding a term for time squared

improved the fit of the model since it was not a linear pattern. An unstructured covariance matrix
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was used to model the within participant errors, which was modelled separately for each treatment
arm. Parameters were estimated using REML with the Newton—Raphson algorithm. Denominator

degrees of freedom was estimated using the Kenward-Roger correction (Kenward & Roger, 1997).

The following SAS code was used:
proc mixed method = reml ;
class pointx treatment pid dropout;
model cd4square = treatment point pointsquared point*treatment dropout dropout*point
dropout*treatment dropout*treatment*point / solution residual ddfm = kr outp = cd4mixedpred,;
repeated pointx / subject = pid type = un group = treatment;

run;

The regression equation for the pattern-mixture model with binary dropout (Model 1)
Y;j = Bo+ B1Ei + BaLi + Batij + (BarEi + Bazlity; + BsD; + Bety;D; + Botyy® + BgaDiE; +

Bs2Di Li + (Bo1E; + BozLi) Dty + g

Regression equation for pattern-mixture model with three dropout categories (dropout, dead,

completed, Model 2)

Yij = Bo + B1E; + BoLi + Bstij + (BarEi + Bazlidty; + Bs1Ci + Bs2Fi + (Be1Ci + B2 Ftj +
B7tii® + Bg11EiCi + Bgiz EiF; 4 Bs21LiCi + Bgaz LiFi + (Bo11EiC; + Bo1z EiF; + Boz1LiC; +
Bozz LiFy) tij + &

Where C; = 1 when completed, O otherwise and F; = / when died, O otherwise

Regression equation for pattern-mixture model with four dropout categories (dropout, dead,

completed, baseline data only, Model 3)

Yij = Bo + B1Ei + B2L; + Batij + (Ba1Ei + Bazlidti; + Bs1C; + Bs2Fi + Bs3Bi + (Be1Ci +
Be2Fit BesBotij + B7tij® + Bs11EiCi + Bgiz EiFi + Bs1z EiB; + Bg21LiC; + Bgaz LiF; +
Bs23 LiB; + (Bo11EiC; + Bo12 EiF; + Bo1z EiB; + Boz1LiC; + Bozz LiF; + Bozz LiBy) tyj + &

Where C; = 1 when completed, O otherwise; F; = / when died, O otherwise and B; = / when there
is baseline data only, 0 otherwise
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Table 5.19: F-test of fixed effects for models including all two way interactions and a
three way interaction between treatment arm, dropout and time adjusted for all other
variables and interactions in the model

Degrees of freedom F-value p-value

Effect Numerator Denominator

Model 1: Binary dropout variable
Treatment 2 534 0.93 0.40
Time 1 537 237.20 <0.001
Time squared 1 432 73.95 <0.001
Dropout 1 739 7.69 0.006
Interaction time and treatment 2 470 3.32 0.04
Interaction between time and dropout 1 629 14.93 <0.001
Interaction between treatment and dropout 2 534 0.80 0.45
Interaction between time, treatment and dropout 2 466 1.26 0.28

Model 2: Dropout and death included
Treatment 2 595 0.69 0.50
Time 1 721 98.12 <0.001
Time squared 1 437 74.97 <0.001
Dropout 2 798 9.22 <0.001
Interaction time and treatment 2 435 2.17 0.12
Interaction between time and dropout 2 639 22.22 <0.001
Interaction between treatment and dropout 4 638 0.28 0.89
Interaction between time, treatment and dropout 4 512 0.56 0.69

Model 3: Dropout and death included, with baseline data only

Treatment 2 568 0.76 0.47
Time 1 720 99.05 <0.001
Time square 1 437 75.30 <0.001
Dropout 2 766 3.92 0.02
Interaction time and treatment 2 453 1.66 0.19
Interaction between time and dropout 2 638 21.97 <0.001
Interaction between treatment and dropout 4 599 0.26 0.91
Interaction between time, treatment and dropout 4 509 0.55 0.70

The dummy coded variables for dropout were entered into a longitudinal mixed model as a main
effect and as interactions with the variables treatment and time (Table 5.19). In all the models the
three way interaction and the interaction between treatment and dropout was not significant. The
non-significant three way interaction indicated that the treatment arm by time interaction (which
indicates a more dramatic improvement over time for participants in the integrated treatment arms
compared to the sequential treatment arm) was not more pronounced for any one dropout category
(completers, dropouts or participants who died). Although the interaction between time and
treatment was not significant in Models 2 and 3, it was kept in the final model fitted, because that
was the comparison that was of interest. The final model fitted excluded the non-significant three-
way interaction and excluded the non-significant interaction between treatment and dropout (Table

5.20).
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Table 5.20: CD4+ count over time (square root transformed). Final model fitted,
with non-significant interactions removed

Model 1 Model 2 Model 3
Binary dropout Dropout and death Dropout, death and
variable baseline only
Effect Estimate SE p-value|Estimate SE p-value|Estimate SE p-value
Intercept 8.56 0.51 10.08  0.70 934 097

B, Early integrated treatment  0.46  0.67 0.50 0.64 095 0.50 1.12 1.28 0.38
(ref: sequential treatment)
B, Late integrated treatment -0.58  0.65 0.37 1.18 0.84 0.16 1.69 1.21  0.17
(ref: sequential treatment)

B3 Time 339  0.22 <0.001 3.02 027 <0.001 | 3.06 027 <0.001
B Time squared -0.30  0.03 <0.001 | -0.30 0.03 <0.001 | -0.30 0.03 <0.001
B41 Interaction treatment 0.27 0.14 0.05 0.25 0.14  0.07 0.25 0.14  0.07

arm, time (early integrated
compared to sequential
treatment arm)

B, Interaction treatment arm,  0.35 0.14 0.01 034 0.14 0.01 0.34 0.14 0.01
time (late integrated

compared to sequential

treatment arm)

Bs Dropout 0.19 0.73 0.79 - - - - - -
Bs1 Completed compared to - - - -1.61  0.81 0.05 -090 1.05 0.39
dropout
Bs, Dead compared to - - - -1.57 1.18 0.18 -0.83 1.36  0.54
dropout
Bs3 Baseline data only - - - - - - 1.34 1.27  0.29
compared to dropout
B¢ Interaction time and -0.75  0.21 <0.001 - - - - - -
dropout
Be1 Interaction time, dropout - - - 0.37 0.22  0.09 034 023 0.13
(Completed compared to
dropout)

B Interaction time, dropout - - - -2.70 0,52 <0.001 | -2.74  0.52 <0.001
(Dead compared to dropout)
Interaction treatment arm and dropout
Bs11 Interaction early 0.84 1.00 0.40 -0.10  1.10 0.92 -0.54  1.39 0.70
integrated treatment arm and
dropout (Completed
compared to drop out; early
compared to sequential)
Bs1, Interaction early - - - -022 172 0.90 -0.69 192 0.72
integrated treatment arm and
dropout (Dead compared to
drop out; early compared to
sequential)

Bs13 Interaction early - - - - - - -0.80 1.87 0.67
integrated treatment arm and
dropout (Baseline data only
compared to dropout; early
compared to sequential)
Bs21 Interaction late 2.37 0.93 0.01 -1.67 1.00 0.09 214 132 0.11
integrated treatment arm and
dropout (Completed
compared to drop out; late
compared to sequential)
Bs2» Interaction late - - - -1.14 154 046 -1.64 1.77 0.35
integrated treatment arm and
dropout (Dead compared to
drop out; late compared to
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Table 5.20: CD4+ count over time (square root transformed). Final model fitted,

with non-significant interactions removed

Model 1 Model 2 Model 3
Binary dropout Dropout and death Dropout, death and
variable baseline only
Effect Estimate SE p-value|Estimate SE p-value|Estimate SE p-value
sequential)
Bs23 Interaction late - - - - - - -099  1.64 0.55

integrated treatment arm and
dropout (Baseline compared
to drop out; late compared to
sequential)

SE: Standard error

The degree to which the missing data patterns moderated the influence of other model terms was

investigated through interactions with the missing data patterns. In all three models the interaction

between dropout and time was statistically significant and the interaction between time and

treatment had a p-value of 0.06, which is close to statistical significance. The extra category of

baseline data only in Model 3 did not seem to add much value. Therefore Model 2 was chosen as

the most parsimonious model to represent the data (Table 5.21).

Table 5.21: F-test of fixed effects for final models with non-significant interactions
removed, adjusted for all other variables and interactions in the model

Degrees of freedom F-value p-value
Effect Numerator Denominator
Model 1: Binary dropout variable
Treatment 2 419 1.51 0.22
Time 1 441 286.01 <0.001
Time squared 1 433 74.09 <0.001
Dropout 1 739 7.81 0.01
Interaction between time and dropout 1 587 12.62 <0.001
Interaction between time and treatment 2 295 2.80 0.06
Model 2: Dropout and death included
Treatment 2 423 0.69 0.50
Time 1 719 102.78 <0.001
Time squared 1 439 75.48 <0.001
Dropout 2 797 10.15 <0.001
Interaction between time and dropout 2 638 21.13 <0.001
Interaction between time and treatment 2 303 2.82 0.06
Model 3: Dropout, death and baseline data only
Treatment 2 423 0.77 0.46
Time 1 718 103.97 <0.001
Time squared 1 439 75.83 <0.001
Dropout 2 763 4.03 0.02
Interaction between time and dropout 2 634 20.86 <0.001
Interaction between time and treatment 2 303 2.84 0.06

The following assumptions were made:

It was assumed that data are distributed normally within a pattern of missingness
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e The conditional distribution of CD4+ count was assumed to depend on dropout time
through the assigned category only (completed, dropped out or died) and CD4+ count was
assumed to be independent of dropout time within the pattern of missingness

e Intermittent missingness was assumed to be MAR

e [t was assumed that covariate effects were the same for missing and observed data within a

dropout pattern

Figure 5.14 shows that the trajectory for CD4+ count over time was different for the different
patterns of dropout, especially for the participants who died. The predicted mean curve fitted the
observed means well. The improvement in CD4+ count over time depended on treatment and

dropout status.

On the basis of the model estimates we derived the predicted mean curve for the groups in Figure

5.14.

Completers in the early integrated treatment arm: y;; = 7.35 + 3.64 t;; — 0.30 tlzj
Completers in the late integrated treatment arm: ¥;; = 7.88 + 3.74 t;; — 0.30 tl-zj
Completers in the sequential treatment arm: y;; = 8.48 + 3.40 t;; — 0.30 tfj

Dropouts (not dead) in the early integrated treatment arm: 9;; = 11.03 + 3.27 t;; — 0.30 tfj
Dropouts (not dead) in the late integrated treatment arm: $;; = 11.26 + 3.36 t;; — 0.30 tfj
Dropouts (not dead) in the sequential treatment arm: J;; = 10.08 + 3.02 t;; — 0.30 tlzj
Participants who died in the early integrated treatment arm: ¥;; = 8.94 + 0.57 t;; — 0.30 t?j
Participants who died in the late integrated treatment arm: y;; = 8.33 + 0.66 t;; — 0.30 tlzj

Participants who died in the sequential treatment arm: ;; = 8.51 + 0.32t;; — 0.30 tlzj

The predicted mean curve for completers was:

Vij =848+ 0.79E; - 0.15L; +3.40t;; —0.30 tfj
The predicted mean curve for dropouts who did not die was:

$ij =10.08 + 0.89 E; + 1.52 L; + 3.02 t;; — 0.30 tl-zj
The predicted mean curve for participants who died was:

9ij = 8514 0.67E; + 0.38L; + 0.32 t;; — 0.30 t;
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Figure 5.14: CD4+ counts (square root) over time and treatment group for (a)
completers, (b) dropouts (not dead) and (c) participants who died.
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Overall population estimates, averaging over the missing data patterns, are calculated for the fixed
effects using the following formula: E = Z?ﬂ b;#t; The sample proportion, 7;, for completers was
0.6215, for dropouts was 0.2710 and for participants who died was 0.1075. This gave the average
estimates for E as given in Table 5.23. The corresponding standard errors were calculated using

the methodology from Section 3.3.2.1 and are given in Table 5.22.

Table 5.22: Population averaged estimates and standard errors of pattern mixture
model using random-effects mixed model (Model 3: Dropout categories were dropout,
died and completed study)

Effect T; Standard Z-statistic Degrees of freedom p-value
error

Intercept 9.039 0.468 19.22 419 <0.001

Early integrated treatment arm (ref: 0.710 0.653 1.09 835 0.28
sequential treatment arm)

Late integrated treatment arm (ref: -0.160 0.526 -0.30 514 0.76
sequential treatment arm)

Time 2.829 0.370 7.64 748 <0.001

Time squared -0.283 0.084 -3.37 700 <0.001

Interaction between treatment arm 0.237 0.213 0.97 608 0.33

and time (early integrated compared
to sequential treatment arm)
Interaction between treatment arm 0.506 0.244 2.37 514 0.02
and time (late integrated compared
to sequential treatment arm)

The assumptions and fit of the pattern-mixture model was checked by assessing how well the
predicted means of CD4+ count matched the observed means for each treatment arm and dropout
category and looking at residual plots to identify outliers and departures from the model as

described by Hogan et al. (2004) in Figure 5.14.

This specific pattern-mixture model can be interpreted as that the increase over time in mean CD4+
count is not significantly different between the early integrated treatment arm and the sequential
treatment arm. The increase over time is significantly different between the late integrated and the
sequential treatment arms. Participants in the late integrated treatment arm had larger increases in

CD4+ count than participants in the sequential treatment arm.

In this analysis, CD4+ counts after dropout were extrapolated. These extrapolations are done
separately for each pattern of missing data, assuming the future behaviour of participants who
dropped out and died could be predicted by their past behaviour. Although a similar likelihood-
based mixed model was fitted, this differed from the MAR likelihood-based analysis by allowing
different profiles to be fitted for participants who completed the study, participants who died and

participants who dropped out. We thus made different assumptions about the future behaviour of
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participants in each of these patterns. These participants had quite different profiles over time
(Figure 5.14), and one would expect this model to have different results from the model under

MAR.

Demirtas and Schafer (2003) criticised random coefficient pattern-mixture models for their implicit
polynomial extrapolation. Their criticism was that in these models the levels of time over which
extrapolations have to be made are more than the number of patterns of dropout actually seen. All
responses are missing where the time variable is larger than the dropout indicator. One needs to
generate predictions for cells where data are not observed. Strong assumptions then need to be
made about the shape of the response surface; especially predicting to the far corner is dangerous.
Even if the model is correct, the predictions may be highly variable. If the model is misspecified
these predictions have large bias. Conclusions from these analyses are heavily model-dependent;
while the data do not provide reassurance that the model chosen is appropriate. However,
collapsing dropouts into fewer categories, as we did in this example, tends to stabilise the
extrapolation for those who leave early. This greater stability should be weighed against loss of
information and introduction of bias if the true pattern is gradual, rather than only pattern specific.
Molenberghs and Kenward (2007) also highlighted the same concerns about these methods, namely
that using the fitted profiles to predict CD4+ trajectory after dropout implies extrapolation. The
results are sensitive to the extrapolations made, which may be inappropriate, especially if based on
lower order polynomials. The assumptions about the dropout mechanism that these extrapolations

imply are not transparent.

Demirtas and Schafer (2003) simulated several data sets and applied random coefficient pattern-
mixture models to these data sets. They expressed serious concerns over these methods and found
that none of the models tested performed well. They observed that the polynomial coefficient
restriction models (similar in spirit to the identifying restrictions) performed better than
conventional polynomial surfaces. The complete case polynomial coefficient method that gave the
best coverage in their simulated studies gave a treatment effect which lay outside of the 95%
interval calculated by Hedeker and Gibbons (1997) using these methods. They have shown that
random coefficient pattern-mixture models can be unstable and non-robust. These methods should
therefore be used with care. This strategy is computationally simpler than the identifying
restriction strategy discussed later, but the identifying restrictions alleviate many of the concerns

raised.
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5.5.1.2  Pattern-mixture models using multiple imputation

White et al. (2007) and Carpenter and Kenward (2007) described how pattern-mixture models can
be implemented using multiple imputation. Using the approach 50 multiple imputations were
created under MAR, as discussed in Section 3.2 and implemented in Section 5.4.2. With three

treatment groups, for each imputation, k, we sampled

dlk 5 0'2 O 0
dsi ) 0 0 o2

for each participant, in each of the treatment arms (! = I, 2, 3). For each participant we then
decreased the first imputed observation by d;, the second by 2d;; and so on. The resulting data
sets were analysed and combined as described in Section 3.2 and implemented in Section 5.4.2.
Correlations between treatment arms are set to 0, thus g;,, 043 and g,3 are set to 0 and in the
absence of prior information let

2=gt=0f=02=1

o
Sensitivity analyses are done using different values of &, while J is assumed to differ for
participants who dropped out and those who died. ¢ indicates the association between low

unobserved CD4+ count and dropout.

The variance increased with increasing missing data because this methodology incorporated the
uncertainty introduced by missing values. The fairly large increase in variance meant that p-values
at later time points were not significant. This should not be taken to mean that the effect of
treatment has been removed using this methodology, but rather that uncertainty has been increased

so much that conclusions are harder to draw.

In Table 5.23 o was set equal to one. If a larger variance was chosen, the values increased more
and if a smaller variance was chosen, the values increased less. Different values of ¢ and ¢ lead to
different answers, but the following trends were seen: In almost all scenarios included in Table
5.23 the mean CD4+ counts were the highest in the early integrated treatment arm, followed by the
late integrated treatment arm, which was higher than the sequential treatment arm. The only
exceptions was Model 5 at 24 months where the late integrated arm had the highest mean. The first
four models assumed that participants who died had lower mean CD4+ counts than other
participants and that participants who did not complete the study had lower mean CD4+ counts

than participants who completed the study. The SAS code is given in Appendix 3.

The same imputations were done in Table 5.23, Table 5.24 and Figure 5.15. Table 5.23 gives

cross-sectional results; means and standard errors at each of the time points are given. The
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intention is not to imply that the cross-sectional model is the same as the longitudinal model fitted
in Table 5.24. Rather, the goal is to show the versatility of the method. It can be used to impute
data that can then be modelled in many different modelling frameworks. The cross-sectional
analysis is also useful when communicating with clinicians and other non-statisticians, who find it
harder to interpret regression coefficients than means and standard errors. The implications of the
different assumptions can be communicated more clearly when clinicians can see how varying o
and J lead to either higher or lower means or standard errors. In that regard, graphical

representations, as in Figure 5.15 are also useful.

Table 5.23: Multiple imputation of CD4+ counts (cell/mm’) using a pattern-mixture
approach, mean (standard error)

Early integrated Late integrated Sequential treatment p-value*
treatment arm treatment arm arm
N=214 N =215 N =213

Assuming decrease in CD4+ count for participants who dropped out and died
Model 1: 6 for dropout = (.5 and o for participants who died = 1

6 months 303.8 (15.0) 259.8 (13.8) 172.1 (11.4) <0.001
12 months 347.5 (27.8) 290.9 (31.1) 252.5(28.7) 0.04
18 months 368.9 (60.5) 326.2 (65.4) 288.4 (63.1) 0.42
24 months 416.3 (118.1) 382.6 (136.0) 365.4 (126.5) 0.79
Model 2: 8 for dropout = 1 and 6 for participants who died = 2
6 months 300.1 (14.8) 255.8 (13.6) 168.8 (11.2) <0.001
12 months 332.2 (25.4) 274.4 (27.9) 233.7 (25.4) 0.02
18 months 343.0 (47.0) 296.8 (49.5) 258.3 (47.1) 0.25
24 months 397.2 (87.0) 355.7 (105.0) 349.2 (99.4) 0.72
Model 3: 6 for dropout = 0.2 and § for participants who died = 0.5
6 months 306.0 (15.1) 262.1 (13.9) 174.1 (11.5) <0.001
12 months 357.3 (29.4) 301.7 (33.0) 264.8 (30.7) 0.06
18 months 390.6 (69.2) 350.8 (75.5) 316.3 (74.0) 0.52
24 months 451.6 (144.4) 424.3 (163.9) 413.1 (158.6) 0.87
Model 4: 6 for dropout = (0.3 and o for participants who died = 1
6 months 304.6 (15.0) 261.0 (13.9) 1729 (11.5) <0.001
12 months 351.5 (28.6) 296.3 (32.30 256.9 (29.7) 0.05
18 months 378.6 (65.1) 338.6 (71.4) 299.3 (68.5) 0.46
24 months 434.5 (133.1) 404.4 (151.6) 386.0 (143.6) 0.82

Assuming increase in CD4+ count for participants who dropped out and decrease for those who died
Model 5: 3 for dropout = -1 and o for participants who died =2

6 months 307.9 (15.4) 268.1 (14.6) 176.4 (11.9) <0.001
12 months 375.8 (33.8) 333.8 (40.6) 282.1 (36.0) 0.09
18 months 458.7 (95.5) 446.8 (112.7) 390.0 (104.0) 0.66
24 months 641.8 (239.5) 662.6 (278.2) 630.6 (270.6) 0.98
Model 6: 6 for dropout = -0.5 and 6 for participants who died = 0.5
6 months 308.7 (15.3) 266.5 (14.3) 176.8 (11.8) <0.001
12 months 373.0 (32.3) 323.2 (37.5) 282.2 (34.4) 0.10
18 months 433.5(85.9) 406.7 (97.9) 365.3 (93.2) 0.64
24 months 545.5 (200.7) 543.4 (231.1) 521.6 (222.9) 0.94

* Calculated using general linear models and procedure MIANALYZE in SAS; 6 =1
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Figure 5.15: Mean CD4+ count (cell/mm>): Multiple imputation of CD4+ counts
using a pattern-mixture approach, Models as in Table 5.23
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It is unrealistic to assume that CD4+ counts would be increasing over time for participants who
died, therefore this assumption was not made for any of the sensitivity analyses. However, it is
possible, but unlikely, that CD4+ counts could increase over time for participants who dropped out
of the study (Models 5 and 6). If this assumption was made, the CD4+ counts were much higher at
later time points. In addition, the difference between the early and late integrated treatment arms
became smaller, whereas the sequential treatment arm had lower mean CD4+ counts than the other

two arms.

In Models 1, 3, 4 and 6 the two interaction terms between treatment arm and time were not
statistically significant. However, in Model 2, where a larger decrease in CD4+ count was assumed
for participants who died and dropped out, the interaction between time and the early integrated
arm compared to the sequential arm was significant. This is interpreted as that mean CD4+ count
increased more in the early integrated treatment arm than in the sequential treatment arm. It has
been shown previously that survival was different between the integrated treatment arms and the
sequential treatment arm. It is possible that the larger increase in CD4+ counts observed with these
models reflect the higher number of deaths in the sequential treatment arm. Model 6 that assumed
an increase in CD4+ count for participants who dropped out did not have a significant treatment by
time interaction, whereas Model 5 did. In Model 5 a large increase in CD4+ count was assumed
for participants who dropped out, while a large decrease in CD4+ count was assumed for
participants who died. The interaction between both treatment arms and time was statistically
significant in Model 5, indicating that the mean increase in CD4+ count was different in the early

and late integrated treatment arms compared to the sequential treatment arm.

The sensitivity analysis showed that although the actual CD4+ counts depended on the size of the
mean difference assumed, the only models where the interaction between time and treatment arm
was significant, were Model 2, where a large decrease in CD4+ count was assumed for participants
who died and dropped out, and Model 6, which made the rather unlikely assumption that CD4+

count increased after dropout.

This method fitted the same substantive model as under the MAR multiple imputation in Section
5.4.2. The difference is that the data were changed after imputation according to the pattern
assumed in the different drop out groups. If the assumed patterns were correct, these results should
provide more accurate estimates of the parameters of interests. However, if these assumptions

were incorrect, these models could provide less accurate estimates.
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These models lead to curves that follow a different pattern from the curves fitted previously. The

reason is that for participants with monotone missing data, the assumption is that each subsequent

missing value is further and further away from the imputed value.

This means that when a

participant dropped out the assumptions compound for the later time points, giving results that are

increasingly away from the MAR model fitted.

Table 5.24: Multiple imputation of CD4+ counts using a pattern-mixture approach,

results of mixed model

Model 1
d for dropout = 0.5,
o for participants who

Model 2
d for dropout = 1,
o for participants who

Model 3
o for dropout = 0.2;
o for participants who

died =1 died =2 died = 0.5

Effect Estimate SE p-value|Estimate SE p-value|Estimate SE p-value
Intercept 11.33 0.42 <0.001 | 11.34 041 11.36 0.43 <0.001
Early integrated treatment 1.00 0.61 0.11 0.92 0.60 0.13 1.02 063 0.10
arm (ref: sequential treatment
arm)
Late integrated treatment arm  0.70 0.58 0.22 0.72 0.57 0.21 0.67 0.59 0.26
(ref: sequential treatment
arm)
Time 241 0.53 <0.001 2.31 0.48 <0.001 243 0.50 <0.001
Time squared -0.45 0.16 0.01 -0.66 0.18 0.0004 | -0.24 0.16 0.03
Interaction between 1.11 091 0.23 1.56 0.75 0.04 0.88 0.94 0.35
treatment arm and time
(early integrated compared
to sequential treatment arm)
Interaction between 0.61 0.70 0.39 0.84 0.64 0.19 0.52 0.68 0.45
treatment arm and time (late
integrated compared to
sequential treatment arm)

Model 4 Model 5 Model 6

o for dropout = 0.3;
0 for participants who

o for dropout = -1;
o for participants who

o for dropout = -0.5;
0 for participants who

died=1 died =2 died = 0.5

Estimate SE p-value|Estimate SE p-value|Estimate SE p-value
Intercept 11.31 0.41 11.28 0.41 11.29 0.41
Early integrated treatment 1.04 0.62 0.09 1.09 0.67 0.10 1.15 0.64 0.07
arm (ref: sequential treatment
arm)
Late integrated treatment arm  0.72 0.58 0.22 0.66 0.61 0.28 0.70 0.60 0.24
(ref: sequential treatment
arm)
Time 2.38 0.51 <0.001 1.96 0.36 <0.001 229 0.45 <0.001
Time squared -0.41 0.16 0.01 -0.24 0.16 0.14 -0.20 0.15 0.18
Interaction between 1.07 091 0.25 1.46 0.66 0.03 0.84 0.94 0.37
treatment arm and time
(early integrated compared
to sequential treatment arm)
Interaction between 0.62 0.69 0.37 1.00 0.49 0.04 0.60 0.63 0.35

treatment arm and time (late
integrated compared to
sequential treatment arm)

SE = standard error
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5.5.1.3  Pattern-mixture models using identifying restrictions

Multiple imputation was done in order to create monotone missing data, because this model
required monotone missing data. A model was then fitted for each pattern. An estimate was
calculated over all patterns where the required components were observed, and the conditional
distributions of the unobserved outcomes given the observed outcomes were calculated. Separate
likelihood-based models were fitted for each pattern of missing data using procedure MIXED in

SAS.

We imputed 70 data sets using each of the identifying restrictions. Imputed data were truncated at
35 and 3 respectively to ensure that only biologically plausible values were generated. Only a
small fraction of the imputed values were affected by the truncation. After the imputations under
each of the restrictions, the data were analysed using the same substantive model as previously
under multiple imputation and in Section 5.4.1. This mixed model was fitted for each imputation
with continuous time, treatment and treatment by time interaction as fixed effects, using an
unstructured covariance matrix. The separate imputations were then combined using procedure
MIANALYZE. The SAS code for fitting pattern-mixture models using identifying restriction is
included in Appendix 3.

The goal of fitting the pattern-mixture models was to represent a MNAR mechanism. The MAR
condition can be imposed using pattern-mixture models by fitting models using the ACMV
identifying restriction. This model is given here in order to contrast the MAR case with the MNAR

case.

The covariates in the imputer’s model differed from the covariates included in the model fitted in
the multiple imputation section. In the previous model using multiple imputation, several baseline
covariates were included in the imputers’ model. In the pattern-mixture model using identifying
restrictions only the observed outcomes are included in the imputers’ model. Because both the
analysis and the imputation are done by pattern of missing data, it is more elaborate than the model

fitted in Section 5.4.1.
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Table 5.25: CD4+ count over time, pattern-mixture model with identifying restrictions

ACMV CCMV NCMV
Effect Estimate SE p-value|Estimate SE p-value|Estimate SE p-value
Intercept 854 045 839 044 9.22 0.71

Early integrated treatment arm  1.02  0.53 0.06 1.25 0.53 0.02 1.00 0.62 0.10
(ref: sequential treatment arm)
Late integrated treatmentarm  0.66  0.53 0.21 0.80 052 0.13 0.40 0.60 0.50
(ref: sequential treatment arm)
Time 299  0.29 <0.001 3.04 0.26 <0.001 | 2.34 0.62 <0.001
Time squared -0.27  0.05 <0.001 -0.27  0.04 <0.001 | -0.17 0.10 0.09
Interaction between treatment (.23 0.13 0.09 0.16 0.12  0.19 -0.11 0.24 0.65
arm and time (early integrated
compared to sequential
treatment arm)

Interaction between treatment ~ 0.15  0.13 0.22 0.11 0.11 0.35 0.15 0.25 0.55
arm and time (late integrated
compared to sequential
treatment arm)

SE = standard error; ACMV: available case missing values; CCMV: complete case missing values; NCMV:
neighbouring case missing values

Both the likelihood-based method and the pattern-mixture model using ACMV identifying
restrictions are valid under MAR assumptions, and the sizes of the regression coefficients are
relatively similar with the two models. In the pattern-mixture model with ACMYV identifying
restriction the interaction between time and the late integrated treatment arm compared to the
sequential treatment arm was not statistically significant, while it was statistically significant under
the likelihood-based method. The interaction between time and the early integrated treatment arm

compared to the sequential treatment arm was similar in the two models.

The results for the CCMV identifying restriction were fairly similar to the results for the ACMV
identifying restrictions (the MAR case). The same conclusions are drawn. However, the results
with the NCMV identifying restrictions were different. The NCMV model was also the only model
fitted where the estimate for the interaction between time and the early integrated treatment arm

compared to the sequential treatment arm was negative. This was not statistically significant.

In these models the non-identified distributions are calculated using linear combinations of the
identified distributions. Comparing the CCMV and NCMYV identifying restrictions models to the
ACMYV model indicates how these pattern-mixture models differ from the MAR model. In the
ACMV case identifying restriction uses all available patterns where f; (ys|y1, ..., ¥s—1) is identified
by the data. With CCMV constraints the distributions for those with missing data are equated to
those with complete data. Therefore participants who stayed in the study longer, who probably had
better outcomes because they did not die during the course of the study, had a larger influence on
results. CCMYV are therefore more influenced by completers and thus more similar to the ACMV
(MAR) case. NCMV borrowed information from participants with the closest dropout time.

Usually there are many completers, but some of the closest neighbours the NCMV identifying
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restrictions borrow information from could be sparse. These models fit the same substantive model
as in previous analyses, but use information borrowed according to the specific identifying

restriction under the MNAR assumption.

For all three treatment arms the ACMV and CCMV models were similar. However for the early
and late integrated treatment arms, the NCMV model (the thick black line with squares as symbols
for the early integrated treatment arm and the thick dotted black line with circles as symbols for the
late integrated arm in Figure 5.16) was different from the other two models. It imputed a lower
mean CD4+ count at each time point than the other two models. For the sequential treatment arm,
the NCMV model also had lower mean CD4+ counts at all time points, but these were much closer
to the other models (the black dotted line with triangles as symbols). Because there were more
dropouts in the sequential arm, the nearest neighbours were more similar to the complete case or

available case than in the other treatment arms.

Under the pattern-mixture model using ACMV identifying restrictions, the missing data are
imputed. This model makes the additional assumption that data that follow the same missingness

pattern has the same future statistical behaviour conditional on observed past data.

224

204

181

s 45 = _®" - AT -
-

14

square rocot CD4+ count

Red: ACMV restriction
Blue: CCMV restriction

Black: NCMV restriction

e o: Early integrated treatment arm

o: Late integrated treatment arm

A: Sequential treatment arm

For example: Red line with triangle is
ACMYV model, sequential treatment
arm.

10

T T T T T
0 6 12 18 24

Menths
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5.5.2  Selection model approaches

Under an MNAR assumption, and using selection model factorisation, we fitted several Bayesian
models under several different assumptions about the missing data mechanism. The Bayesian
paradigm was chosen because it lends itself to building complex models by linking smaller sub-
models into a coherent model of the joint distribution for the full data. In a non-Bayesian
paradigm, integrating the joint model created through a selection model is not always possible
analytically, and the integration would need to be performed numerically. Often this is non-trivial.
An alternative is to do it through some form of an EM algorithm. In the Bayesian framework, if we
use uninformative priors, the results will approximately agree with maximum likelihood estimates
and the calculations are easier. The Gibbs sampler can be used to draw samples from the posterior
distribution of the full joint distribution. This can be done in a routine way using software such as

OpenBUGS.

The same model for the observed data was fitted in the Bayesian analysis under MNAR as was
fitted under MAR using an unstructured covariance matrix, namely
Y;|Z; = k ~ Mutivariate Normal (g, Q)
where Z; = k indicates that the observation belongs to treatment k
tij = Bo+ BiEi + BoLi + Batij + (BuE; + BsLi)tyj + Pet
The priors for the parameters included in the substantive model was the same as the priors defined

in Section 5.4.3 and are given in Table 5.26.

In addition, a model of missingness was added. We fitted four different models of missingness.
The first model of missingness had the form

m;; ~ Bernoulli(pj)),

logit(py;) = 6, + Ayj;
where m;; was a binary missing value indicator for ¥;;. A flat prior was specified on the scale of
pij by specifying a logistic(0, 1) prior for 8, in all sets. For Prior Set 1 A was assigned a non-
informative Normal(0, 10 000) distribution. For Prior Set 2 the prior for A was Normal(1, 1000)

and for Prior Set 3 the prior for A was Normal(1, 10).

The OpenBUGS code for this missingness model was:

mis[i,w]~dbern(p.bound[i,w])
logit(p[i,w])<-thetaO+delta*cd4square[i,w]
p.-bound[i,w]<-max(0, min(1,p[i,w]))
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Since there is not just one MNAR model that is consistent with the observed data, a second MNAR
model was also fitted. In the second MNAR model the model of missingness had the following
form:

m;; ~ Bernoulli(p;)),

logitpij = 61 + 02yij-1+ 03(Vij — Vi j-1)-

This model allowed the missingness to depend on the previous CD4+ count and the change in
CD4+ count from the previous visit to the visit where the missing data occurred. The prior sets
were:

Prior set 1: 84, 8, and 85 ~ logistic(0,1)

Prior set 2: 64, 65, 83 ~ Normal(0, 10000)

Prior set 3: 84, 6,, 83 ~ Normal(0, 100)

The OpenBUGS code for this missingness model was:

mis[i,w]~dbern(p.bound[i,w])
logit(p[i,w])<-theta[1] + theta[2]*cd4square[i,w-1] + theta[3]*(cd4square[i,w] — cd4square[i,w-1])
p.-bound[i,w]<-max(0, min(1,p[i,w]))

The third MNAR model fitted allowed missingness to depend on all previous CD4+ counts, not
only the CD4+ count immediately prior to drop out. The model for missingness was:
m;; ~ Bernoulli(pj)),
If visit =2 then: logit p;; = 6; + 60,Y;;
If visit = 3 then: logit p;j = 61 + 0,y; -1 + 03Y;;
If visit = 4 then: logit p;; = 01 + 60,y j_5 + 03y j_1 + 0,Y;j
If visit = 5 then: logit p;; = 01 + 0,y j_3+ 03y 2+ 04y -1+ O5Y;;

The prior sets for the missingness model were:

Prior set 1: 64, 65, 85,0, and 85~ logistic(0,1)

Prior set 2: 64, 6,,03,60, and 85~ ~ Normal(0,10000)
Prior set 3: 84, 8,,05,60, and 85~ ~ Normal(0, 100)

The OpenBUGS code for this missingness model, using the first set of prior distributions, was:

for (win 2:2) { # W weeks with drop-out
for (iin 1:509) { # exclude individuals who have already dropped out
mis[i,w]~dbern(p.bound[i,w])
logit(p[i,w])<- theta[1]+theta[2]*cd4square[i,w]
p.bound[i,w]<-max(0, min(1,p[i,w])) }

}
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for (win 3:3) { # W weeks with drop-out
for (i in 1:449) { # exclude individuals who have already dropped out
mis[i,w]~dbern(p.bound[i,w])
logit(p[i,w])<-theta[1] + theta[2]*cd4square[i,w-1] + theta[3]*cd4square[i,w]
p.-bound[i,w]<-max(0, min(1,p[i,w])) }

}
for (win4:4) { # W weeks with drop-out

for (iin 1:428) { # exclude individuals who have already dropped out
mis[i,w]~dbern(p.bound[i,w])

logit(p[i,w])<-theta[1] + theta[2]*cd4square[i,w-2] + theta[3]*cd4square[i,w-1] +
theta[4]*cd4square[i,w]

p.bound[i,w]<-max(0, min(1,p[i,w])) }

}
for (win 5:5) { # W weeks with drop-out

for (iin 1:399) { # exclude individuals who have already dropped out
mis[i,w]~dbern(p.bound[i,w])

logit(p[i,w])<-theta[1] + theta[2]*cd4square[i,w-3] + theta[3]*cd4square[i,w-2] +
theta[4]*cd4square[i,w-1] + theta[S]*cd4square[i,w]

p.bound[i,w]<-max(0, min(1,p[i,w])) } }

# Priors
for(k in 1:3){
omegalk,1:5,1:5] ~ dwish(R[k, ,],5)
sigmalk,1:5,1:5] <- inverse(omegalk, ,]) }
for(m in 1:5) {
theta[m] ~ dlogis(0,1) 1}
The fourth MNAR model fitted allowed missingness to depend on the interaction between
treatment group and the unobserved CD4+ count. The model for missingness was:

m;; ~ Bernoulli(p;)),

lOglt pl] = 91 + 92El~yij + 93Liyij + 94yij + 95Ei + 96Li

The prior sets for the missingness model were:
Prior set 1: 64 to 8¢, ~ logistic(0,1)

Prior set 2: 64 to 64, ~ ~ Normal(0,10000)
Prior set 3: 8, to 8, ~ ~ Normal(0, 100)

The OpenBUGS code for the missingness model was:

hamdmis[i,w]~dbern(p.bound[i,w])

logit(p[i,w])<-theta[1] + theta[2]*cd4square[i,w]*dummyearly[i] +
theta[3]*cd4square[i,w]*dummylate[i] + theta[4]*cd4square[i,w] + theta[S]*dummyearly[i]
+theta[6]*dummylate[i]

p.bound[i,w]<-max(0, min(1,p[i,w]))

Many other models for non-random missingness could be fitted, depending on the assumptions

made regarding the missing data mechanism. These are not the only plausible models.
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Table 5.26: CD4+ count (square root) posterior means, standard deviations and
credible intervals according to MNAR Bayesian analysis (selection models)

MNAR model 1 m;; ~ Bernoulli(p;;); logit(pii) = 0y + Ayj;

MNAR model 1: Prior Set 1
B~Normal(0, 100 000),
Q~Wishart(l,5)
I: Identity matrix,
0 ~logistic(0,1),
A~Normal(0,10 000)

MNAR model 1: Prior Set 2
B~Normal(0,1000),
Q~Wishart(A,5)
A: diag (0.1,0.1,0.1,0.1, 0.1
6,~logistic(0,1), A~Normal(0,100)

MNAR model 1: Prior Set 3
B~Normal(0, 10),
Q~Wishart(A,5)
A: diag (10, 10, 10, 10, 10)
0 ~logistic(0,1),
A~Normal(0,10)

Effect Mean SD 95% credible| Mean SD 95% credible| Mean SD 95% credible
interval interval interval
Bo 8.78 0.51 7.77;9.79 8.78 0.51 7.78,9.78 8.61 049 7.63;9.57
By 1.12 0.65 -0.17;2.38 1.11 0.65 -0.16; 2.37 1.25 0.62 0.03;2.47
B, 0.38 0.62 -0.83;1.59 0.36 0.61 -0.84; 1.55 0.53 0.58 0.62; 1.67
B 2.97 0.24 2.48;3.44 2.97 0.24 2.49; 3.45 2.99 0.25 2.50; 3.46
Ba 0.25 0.16 -0.06;0.56 0.25 0.16 -0.06; 0.58 0.24 0.16 -0.06;0.56
Bs 0.32 0.16 0.01;0.62 0.32 0.16 0.02; 0.63 0.31 0.16 0.003;0.61
Be -0.25 0.04 -0.32;-0.17 -0.25 0.04 -0.32;-0.17 | -0.25 0.04 -0.32;-0.17
A -0.06 0.04 -0.13;0.01 -0.06  0.04 -0.14; 0.01 -0.06  0.04 -0.32;-0.17
6, -2.76 0.55 -3.84;-1,71 -2.69  0.60 -3.92;-1,58 -2.67 0.61 -3.90;-1.51

MNAR model 2 my; ~ Bernoulli(p;;); logit piy = 01 + 02Yiw-1+ 03(Viw — Yiw—1)-

MNAR model 2: Prior Setl
~Normal(0,100 000),
Q~Wishart(l,5)
I: Identity matrix,
0y, 6,, 65 ~logistic(0,1)

IMNAR model 2: Prior Set 2
B~Normal(0,1000),
Q~Wishart(A,5)
A: diag (0.1,0.1,0.1,0.1,0.1
61,8, 65 ~Normal(0, 10000)

MNAR model 2: Prior Set 3
B~Normal(0, 10),
Q~Wishart(A,5)
A: diag (10, 10, 10, 10, 10)
0y, 6,, 65 ~Normal(0, 100)

Mean SD 95% credible| Mean SD 95% credible| Mean SD 95% credible
interval interval interval
Bo 8.80 0.51 7.77;9.78 8.83 0.50 7.84;9.81 8.61 0.49 7.64;9.56
By 1.11 0.64 -0.14;2.38 1.09 0.65 -0.18; 2.36 1.25 0.62 0.02;2.47
B, 0.37 0.61 -0.82;1.59 0.33 0.60 -0.84; 1.52 0.52 0.59 -0.63;1.67
Bs 2.95 0.24 2.45;3.43 2.94 0.24 2.47,3.42 2.99 0.25 2.50;3.48
Ba 0.26 0.16 -0.05;0.58 0.26 0.16 -0.05; 0.57 0.24 0.16 -0.06;0.56
Bs 0.33 0.16 0.02; 0.64 0.32 0.15 0.02; 0.63 0.31 0.16 <-0.001;0.61
Be -0.24 0.04 -0.32;-0.17 -0.24  0.04 -0.32;-0.17 | -0.25 0.04 -0.33;-0.17
0, -2.75 0.59 -3.97;-1.66 -2.64  0.99 -4.15;-0.47 294  0.60 -4.17;-1.81
0, -0.06 0.04 -0.13;0.02 -0.07 0.06 -0.21; 0.02 -0.05 0.04 -0.12;0.02
04 -0.08 0.07 -0.22;0.05 -0.09  0.08 -0.24; 0.05 -0.07 0.07 -0.21;0.06

MNAR model 3 my; ~ Bernoulli(p;;); logit p;y, = 61 + 02Yiw-3 + 03Yiw—2 + 04Yiw—1+ OsYiw

MNAR model 3: Prior Setl
B~Normal(0,100 000),
Q~Wishart(1,5)
[: Identity matrix,
0, to Os ~logistic(0,1)

IMNAR model 3: Prior Set 2
B~Normal(0,1000),
Q~Wishart(A,5)
A: diag (0.1,0.1,0.1,0.1,0.1
6, to 65 ~ Normal(0, 10000)

MNAR model 3: Prior Set 3
Bf~Normal(0, 10),
Q~Wishart(A,5)
A: diag (10, 10, 10, 10, 10)
0, to 85 ~Normal(0, 100)

Mean SD 95% credible| Mean SD 95% credible| Mean SD 95% credible
interval interval interval
Bo 8.77 0.50 7.78;9.75 8.80 0.51 7.77,9.77 8.63 0.49 7.67;9.58
B 1.12 0.64 -0.14;2.37 1.12 0.65 -0.15;2.38 1.23 0.61 0.01;2.42
B2 0.38 0.61 -0.82;1.56 0.36 0.61 -0.83; 1.56 0.51 0.58 -0.63;1.65
Bs 2.97 0.25 2.49;3.48 2.96 0.24 2.48;3.42 2.99 0.24 2.52;3.48
Ba 0.38 0.16 -0.82;1.56 0.25 0.16 -0.05; 0.57 0.25 0.16 -0.05;0.56
Bs 0.31 0.16 0.01; 0.63 0.32 0.16 0.02; 0.63 0.31 0.16 0.01;0.63
Be -0.25 0.04 -0.33;-0.17 |-0.24 0.04 -0.32;-0.17 | -0.25 0.04 -0.33;-0.17
0, -3.28 0.54 -4.39;-2.27 -3.46  0.55 -4.60; -2.43 -3.44  0.54 -4.53;-2.39
0, 0.01 0.03 -0.06;0.08 0.02 0.03 -0.04; 0.09 0.02 0.03 -0.05;-0.09
64 -0.03 0.02 -0.08;0.01 -0.03  0.02 -0.07; 0.01 -0.03 0.02 -0.08;0.01
6, -0.01 0.03 -0.06;0.04 -0.01  0.02 -0.06; 0.04 -0.01 0.03 -0.06;0.04
6- -1.64 1.27 -488;-0.19 |-17.6 1326 -61.74;-0.80 | -8.42 6.28 -23.47;-0.45
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Table 5.26: CD4+ count (square root) posterior means, standard deviations and
credible intervals according to MNAR Bayesian analysis (selection models)

MNAR mOdel 4 mi]- ~ Bernoulli(pij), lOglt pl] = 91 + ngiyij + 03Liyij + 94yi]' + HSEL' + 96Li

MNAR model 4: Prior Setl MNAR model 4: Prior Set 2 | MNAR model 4: Prior Set 3
B~Normal(0,100 000), f~Normal(0,1000), f~Normal(0,100),
Q~Wishart(l,5) Q~Wishart(A,5) Q~Wishart(A,5)
[: Identity matrix, A: diag (0.1,0.1,0.1,0.1,0.1 A: diag (10, 10, 10, 10, 10)
0, to 65 ~logistic(0,1) 6, to 85 ~ Normal(0, 10000) 6, to 85 ~Normal(0, 100)
Mean SD 95% credible| Mean SD 95% credible| Mean SD 95% credible
interval interval interval
Bo 8.79 0.50 7.81;9.77 8.81 0.50 7.81;9.79 8.63 0.50 7.63;9.59
By 1.14 0.65 -0.14;2.40 1.11 0.64 -0.15;2.38 1.23 0.63 0.03;2.48
B 0.38 0.61 -0.82;1.56 0.34 0.61 -0.86; 1.54 0.49 0.60 -0.69; 1.67
Bs 2.94 0.25 245;342 2.95 0.24 2.49;3.45 3.00 0.25 2.52;3.48
Ba 0.25 0.16 -0.07;0.57 0.26 0.16 -0.06; 0.57 0.24 0.16 -0.07;0.56
Bs 0.32 0.16 0.01;0.63 0.32 0.16 0.01; 0.64 0.31 0.16 0.004; 0.62
Be -0.24 0.04 -0.32;-0.16 -0.24 0.04 -0.32;-0.17 -0.25 0.04 -0.33;-0.17
0, -2.65 0.71 -4.10;-1.32 -0.70  0.65 -2.08; 0.22 -2.83  0.81 -4.49;-1.34
0, -0.04 0.08 -0.19;0.11 0.04 0.09 -0.09; 0.22 -0.03 0.09 -0.20;0.14
04 -0.04 0.07 -0.18;0.11 -0.06  0.09 -0.24;0.10 -0.05 0.09 -0.23;0.11
0, -0.04 0.05 -0.13;0.06 -0.16  0.05 -0.24; -0.06 -0.02 0.05 -0.13;0.08
O -0.36 1.22 -2.77;2.04 -1.44  1.65 -4.77;0.19 -042 1.50 -3.45;2.30
0, -0.27 1.11 -2.54;1.82 0.07 1.30 -2.47;2.29 -0.10  1.35 -2.72;2.65

MNAR: Missing not at random, SD: Standard deviation

Bo Intercept; [ Early integrated treatment arm (ref: sequential treatment arm); 8, Late integrated treatment arm (ref:
sequential treatment arm), [z Time; 5, Interaction between treatment arm and time (early integrated compared to
sequential treatment arm); fs Interaction between treatment arm and time (late integrated compared to sequential
treatment arm); B¢: Time squared

Highlighted sections indicate statistical significance

All the models were fitted using OpenBugs, which uses MCMC methods and run for 40 000
iteration, including 20 000 burn-in iterations. Two chains with different starting values were used
and convergence was assumed if a visual inspection of the trace plots was satisfactory. All the runs

discussed converged.

The choice of prior distribution did not appreciably change the results. In addition, similar
conclusions were drawn from all four of the MNAR models. In all four of the MNAR Bayesian
models fitted the interaction between time and the early integrated treatment arm compared to the
sequential treatment arm was not significant, under any of the prior sets used. In all four of the
MNAR models fitted, the interaction between time and the late integrated treatment arm compared
to the sequential treatment arm was significant. One of the 95% credible intervals included 0
(Model 2, prior set 3), but only barely so. We therefore conclude that the change in mean CD4+
count increase is larger in the late integrated treatment arm than in the sequential treatment arm,
while the change over time in mean CD4+ count is similar in the early integrated treatment arm and

the sequential treatment arm.
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5.5.3 Shared parameter models

In this setting, the occurrence of an event, dropout, also corresponds to the discontinuation of the
longitudinal process. Joint models were fitted for the longitudinal CD4+ counts and the time to
dropout where both the measurement and dropout processes share random effects, conditional upon
which they are assumed to be independent. It is assumed that some underlying individual
characteristic, such as disease process, influences both whether a participant drops out of the study
or whether CD4+ counts improve. The linear mixed model for CD4+ count included as fixed
effects an intercept, the treatment and time variables and the interaction between the treatment
variables and time. The measurement error terms are assumed to be independent and to follow a
normal distribution with mean 0 and variance o2. Dropout is modelled through a linear effect of
the treatment variables, intercept and a random disturbance term in a time to event model. The
baseline hazard function follows a Weibull distribution. The connection between CD4+ count and
time to dropout is accomplished via the random effects U and V. The random effects have mean 0
and the parameters az and a, rescale their variances to account for the different scales of CD4+
count and the time variable. A Cholesky parameterisation of the random effects covariance matrix
was used to ensure positive definiteness. Conditional on random effects we have independent
Gaussian contributions. The initial values of the parameters were estimated by fitting the

longitudinal model and survival model separately.

The following model was fitted where the random effect for the intercept, U;, and the random
effect for the slope, V;, were shared between the survival and the longitudinal sub-models.

Survival sub-model: h;(t) = hg(t)exp[ag + a4E; + a,L; + asU; +a,V; |

where h(t) is the baseline hazard function and follows a Weibull distribution.

Longitudinal sub-model:

Yij = B1 + Ui + Bty + Vityj + B3Ei + Bali + BsEityj + BsLityj + Botli + &

The following SAS code was used for the model with random intercept and slope linkage:

proc nlmixed data = dataset;
if (last) then do;
linpsurv = a0 + adumearly*dummyearly + adumlate*dummylate + alnt*UO0 + r2*ul;
alpha = exp(-linpsurv*gamma);
G_t = exp(-alpha*last_t**gamma);
g = gamma*alpha*last_t**(gamma-1)*G_t;
lIsurv = (death=1)*log(g) + (death=0)*log(G_t);
end;
else llsurv = 0;

vll =all*all;
vl2 =all*al2;
v22 =al2*al2 + a22*a22;
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linplong = (bl0 + u0) + (point*bt + ul*point) + dummyearly*bdumearly +dummylate*bdumlate +
dummyearly*point*btdumearly +dummylate*point*btdumlate+ pointsquared*btsquare;
resid = (cdsquare-linplong);

if (abs(resid) > 1E100) or (s2 < 1e-12) then do;

Llong = -1e20;
end; else do;

Llong = -0.5%(1.837876 + resid**2 / s2 + log(s2));
end;

model last ~ general (llong + llsurv);

random u0 ul ~ normal ([0,0],[v11,v12,v22]) subject = pid;
estimate 'Var[uO]' v11;

estimate 'cov[uO,ul]' v12;

estimate 'var[ul]' v22;

run;

The following model was fitted where the random effect for intercept, U;, only was shared between
the survival and the longitudinal sub-models. In the longitudinal sub-model the U; serve as
participant specific random effects and in the survival sub-model the U; serve as participant
specific covariates.

Survival sub-model: h;(t) = hy(t)exp[ay + a,E; + a,L; + azU;]

where h(t) is the baseline hazard function and follows a Weibull distribution

Longitudinal sub-model: YU = ﬁl + Ui + ﬂZtij + ﬁ3Ei + ﬁ4]-‘i + ﬂSEitij + ﬁ6Litij + ﬁ7t12] + &;

The following SAS code was used for the model with intercept linkage:

proc nlmixed data = dataset;
PARMS a0 = 10 adumearly = 0.38 adumlate = -0.13 bdumearly = 1.74 bdumlate = 1.34 btdumlate
= (.05 btsquare = -0.28 bt = 3.445 btdumearly = 0.156 aint = 0;
if (last) then do;
linpsurv = a0 + adumearly*dummyearly + adumlate*dummylate + alnt*UOQ ;
alpha = exp(-linpsurv*gamma);
G_t = exp(-alpha*last_t**gamma);
g = gamma*alpha*last_t**(gamma-1)*G_t;
lIsurv = (death=1)*log(g) + (death=0)*log(G_t);
end;
else llsurv = 0;

var =sl11%*sl11;
linplong = (bl0 + u0) + t*bt + dummyearly*bdumearly +dummylate*bdumlate +
dummyearly*t*btdumearly +dummylate*t*btdumlate+ pointsquared*btsquare;

resid = (cd4square-linplong);

if (abs(resid) > 1E100) or (s2 < 1e-12) then do;

Llong = -1e20;
end; else do;

Llong = -0.5%(1.837876 + resid**2 / s2 + log(s2));
end;

model last ~ general (llong + llsurv);
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random u0 ~ normal(0,var) subject= pid;
estimate 'Var[uO]' var;
run;

Table 5.27: Joint model for CD4+ count over time and time to dropout

Intercept linkage Intercept and linear slope
linkage
Effect Parameter Estimate Standard p-value [Estimate Standard p-value
error error
Longitudinal sub-model
Intercept By 7.68 0.44 <0.001 | 7.70 0.43 <0.001
Time B2 3.45 0.23 <0.001 | 3.45 0.22 <0.001
Early integrated treatment Bs 1.76 0.53 0.001 1.70 0.53 0.002
arm (ref: sequential treatment
arm)
Late integrated treatment arm Ba 1.32 0.53 0.013 1.32 0.54 0.014
(ref: sequential treatment arm)
Interaction between treatment Bs 0.15 0.11 0.152 0.18 0.13 0.168

arm and time (early integrated
compared to sequential
treatment arm)

Interaction between treatment Be 0.05 0.11 0.624 0.08 0.14 0.575
arm and time (late integrated
compared to sequential
treatment arm)

Time squared B -0.28 0.04 <0.001 | -0.29 0.03 <0.001
Time to dropout sub-model
Intercept survival model only ao 10.03 22.89 0.661 10.18 31.97 0.750

Early treatment arm compared a; 0.39 21.53 0.986 0.43 22.08 0.984
to sequential

Late integrated treatment arm a, 0.14 20.29 0.995 0.22 21.84 0.992
(ref: sequential treatment arm)

Intercept shared as 0.01 2.03 0.995 -0.21 2.67 0.939
Slope shared a, 1.06 16.13 0.948

The results were similar for the joint model where a random slope and intercept were shared
between the sub-models and where a random intercept only was shared. Both models lead to the
conclusion that neither the early nor the late integrated treatment arm was associated with a
reduction in mean CD4+ count compared to the sequential treatment arm. The shared intercept
(a3) estimate was close to 0 in the random intercept joint model and not significant in both models,
indicating that baseline CD4+ count did not influence dropout time. The shared slope was positive
and not significant. The positive slope indicated that participants with larger linear increase in
CD4+ count also had an increase in dropout time, but this was not statistically significant (Table

5.27).

These joint models differ from the MAR models by allowing the longitudinal CD4+ count profiles
and the missingness process to share random effects. The models need to be interpreted
conditional on these random effects. Shared-parameter and selection models differ in how they

relate the probability of a missing observation and the longitudinal CD4+ counts. Shared-random
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effects models link the two by relating a participant’s propensity to respond with his or her
propensity to miss a visit, while selection models directly model the probability of a missed visit as
a function of the response. Shared-parameter models are more appropriate when the missingness is

related to an individual’s disease process.

The substantive model in these joint models differs from the substantive model fitted previously.
SAS is not able to fit a joint model with the same substantive model as previously fitted. In order
to compare the joint model fitted with a model under the MAR case, the MAR model was fitted as
a random intercept model. The within-participant effect was taken into account by adding a
random participant specific effect to the model. This model was fitted with a compound symmetry
covariance matrix. A model with a subject specific random effect and random slope was also

fitted. These models are given in Table 5.28.

Table 5.28: MAR longitudinal model with random subject specific effects:
comparable to the longitudinal sub-model in Table 6.27

Intercept linkage Intercept and linear slope
linkage
Effect Parameter Estimate Standard p-value [Estimate Standard p-value
error error
Longitudinal sub-model
Intercept By 7.68 0.44 <0.001 | 7.78 0.37 <0.001
Time B2 3.45 0.23 <0.001 | 3.37 0.27 <0.001
Early integrated treatment Bs 1.74 0.53 0.001 1.71 0.38 <0.001
arm (ref: sequential treatment
arm)
Late integrated treatment arm Ba 1.34 0.53 0.011 1.20 0.38 0.002

(ref: sequential treatment arm)
Interaction between treatment Bs 0.16 0.11 0.145 0.20 0.18 0.269
arm and time (early integrated
compared to sequential
treatment arm)

Interaction between treatment Be 0.05 0.11 0.639 0.14 0.18 0.452
arm and time (late integrated
compared to sequential

treatment arm)
Time squared B -0.28 0.04 <0.001 | -0.28 0.04 <0.001

Comparing the pB-estimates between Table 5.27 and Table 5.28 there is almost no difference in the
random intercept model. The random intercept and slope model had small differences between the
MAR and MNAR models, but the same conclusions are drawn from both models. It seems that the

deviations from MAR assumed by the joint model do not change the conclusions.

Death as a cause of missing data deserves special attention. In order to investigate the relationship
between CD4+ count and death, the same joint models were fitted, with the only change that the

survival model modelled the time to death instead of the time to dropout. Participants who dropped
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out were censored. This model creates a joint model of the probability of being alive and healthy.
The results are given in Table 5.29 and were similar to the results of the joint model for time to
dropout and longitudinal CD4+ count. The similarity in results can partly be explained by the fact
that a large proportion of the dropouts were caused by death. For the participants who died time to

death and time to dropout was the same.

Table 5.29: Joint model of longitudinal CD4+ count and time to death

Intercept linkage Intercept and linear slope
linkage
Effect Parameter Estimate Standard p-value [Estimate Standard p-value
error error
Longitudinal sub-model
Intercept By 7.68 0.44 <0.001 | 7.70 0.43 <0.001
Time B> 3.45 0.23 <0.001 | 3.45 0.22 <0.001
Early integrated treatment Bs 1.77 0.53 0.001 1.71 0.53 0.002
arm (ref: sequential treatment
arm)
Late integrated treatment arm Ba 1.32 0.53 0.013 1.30 0.54 0.016
(ref: sequential treatment arm)
Interaction between treatment Bs 0.15 0.11 0.153 0.18 0.13 0.173

arm and time (early integrated
compared to sequential
treatment arm)

Interaction between treatment Be 0.05 0.11 0.623 0.08 0.14 0.564
arm and time (late integrated
compared to sequential
treatment arm)

Time squared B -0.28 0.04 <0.001 | -0.29 0.03 <0.001
Survival sub-model

Intercept survival model only ao 10.59 12.85 0.410 11.29 14.80 0.446

Early treatment arm compared a; -0.08 10.65 0.994 0.18 10.42 0.986

to sequential

Late integrated treatment arm a, 0.08 12.10 0.995 0.32 11.24 0.977

(ref: sequential treatment arm)

Intercept shared as 0.01 1.05 0.992 0.05 1.15 0.963

Slope shared ay 1.00 7.45 0.894

5.5.4 Conclusions of MNAR models

Several MNAR models were fitted using both pattern-mixture models and selection models. These
methods form part of a sensitivity analysis and is by no means an exhaustive list of plausible
models that could be fitted. In fact, this is not even an exhaustive list of the different methods that
could be used to fit these models. Nor do the models fitted give any indication as to which of the

models fitted are the most appropriate models, since these models rely on unverifiable assumptions.
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Table 5.30: Summary of findings in MNAR sensitivity analyses

Interaction between treatment arm and time
Early integrated compared to | Late integrated compared to
sequential treatment arm sequential treatment arm
Estimate p-value Estimate p-value

Pattern-mixture model
Pattern-mixture model using random- 0.24 0.33 0.51 0.02
effects mixed models for each of the
patterns of missing data (Table

5.22FTa)

Pattern-mixture models using multiple

imputation
Model 1: 6 for dropout = 0.5 and 9 for 1.11 0.23 0.61 0.39
participants who died = 1
Model 2; 6 for dropout = 1,  for 1.56 0.04 0.84 0.19
participants who died = 2
Model 3; 6 for dropout = 0.2; 6 for 0.88 0.35 0.52 0.45
participants who died = 0.5
Model 4; 6 for dropout = 0.3; 6 for 1.07 0.25 0.62 0.37
participants who died = 1
Model 5; 6 for dropout = -1; & for 1.46 0.03 1.00 0.04
participants who died = 2
Model 6; 6 for dropout = -0.5; & for 0.84 0.37 0.60 0.35

participants who died = 0.5
Pattern-mixture models using
identifying restrictions

CCMV 0.16 0.19 0.11 0.35
NCMV -0.11 0.65 0.15 0.55
Selection model approaches (Prior set 1)
Bayesian MNAR model 1 0.25 NS 0.32 Sign
Bayesian MNAR model 2 0.26 NS 0.33 Sign
Bayesian MNAR model 3 0.38 NS 0.31 Sign
Bayesian MNAR model 4 0.25 NS 0.32 Sign
Shared-parameter model
Joint model with intercept shared 0.15 0.15 0.05 0.62
Joint model with intercept and slope 0.18 0.17 0.08 0.58
shared

Sign = significant, NS = Not significant

The answer to the question of whether mean CD4+ count increases over time differed between the
treatment arms was complicated. If we look at the interaction between time and the early
integrated treatment arm compared to the sequential treatment arm, we conclude that this
interaction was not statistically significant. It was statistically significant only in Models 2 and 5
with multiple imputation which makes quite strong assumptions, namely that participants who died
had much lower mean CD4+ counts than participants who remained in the study. We therefore
conclude that unless very strong assumptions are made about CD4+ counts that are not observed,
there is no difference between the early integrated and sequential treatment arms over time in the

change in CD4+ count (Table 5.30).

Regarding the interaction between time and the late integrated treatment arm compared to the

sequential treatment arm, half the models found a significant interaction and the other half did not.
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The models that found significant interactions were the pattern-mixture model using random-
effects mixed models for each of the patterns of missing data, Model 5 with multiple imputation
and all the selection models. In the former, participants who died had lower mean CD4+ counts
than other participants. There were more participants who died in the sequential treatment arm and
we speculate that this pattern reduced the mean CD4+ count in the sequential treatment arm. As
mentioned previously, Model 5 with multiple imputation makes quite strong assumptions, namely
that the imputed CD4+ count for participants who died was lower and the imputed CD4+ count for
participants who dropped out was higher than if they had remained in the study. The coefficients
estimated under the selection model were similar to the coefficients estimated under the MAR case
with the MAR Bayesian model. Therefore these models did not show major sensitivity for the

deviations from MAR assumed under these models.

The estimand considered under MNAR assumptions is the same as the one under the MAR
assumptions. We would like to have an estimator for Estimand 1 as described by the National
Research Council (2010). This is the de facto or ITT estimand, including all data on all
participants analysed as randomised. The different MNAR models fitted merely made different

assumptions about the data not observed, but did not change the estimand of interest.

Under the pattern-mixture model using random-effects models for each of the patterns of missing
data, if the future behaviour of observations from a participant in a specific pattern of missing data,
conditional on the history, was correctly modelled then this analysis leads to an estimate for
Estimand 1. We assumed that participants who dropped out continued to adhere to treatment post
dropout and we also assumed that participants who died continued with the same drug taking

behaviour as prior to death.

The analysis using multiple imputation includes data on participants after withdrawal or loss to
follow-up, because the missing data are imputed according to previously observed data and the
assumptions made about the missing data. This analysis could therefore give a valid analysis under
the requirement for an ITT analysis when data are incomplete, provided the imputer’s model used

is correct and the assumptions made about missing data after dropout is correct.

The analyses using identifying restrictions include data after withdrawal or loss to follow-up,
because the identifying restrictions borrow information from the appropriate pattern of data to
complete the profiles. This analysis could therefore give a valid analysis under the requirement for
an ITT analysis provided assumptions made about missing data after dropout is correct. The

selection model analysis gives Estimand 1, but is sensitive to correct specification of the model.
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Pattern-mixture models, fitted under the MNAR assumption, allow one to treat missing data due to
drop out and death differently. The models fitted in Sections 5.5.1.1 and 5.5.1.2 explicitly fitted
different models for participants who died and those who dropped out. Although these models did
not make the assumption that trajectories were the same for participants who died and those who
dropped out, these models still imputed CD4+ counts for participants post death; thus creating an
immortal cohort. These models could be adjusted to only impute data for participants who dropped
out and to censor participants who died. In Table 5.29 a joint model for longitudinal CD4+ count
and time to death was fitted. This model modelled the effect of treatment arm on changes in CD4+
count jointly with the probability of surviving. None of the other models fitted under the MNAR

assumption treated missingness due to death differently from missingness due to drop out.

We cannot interpret the CD4+ count trajectories over time as the CD4+ counts of participants who
were still alive. Where declining CD4+ count preceded death and where lower CD4+ counts were
imputed for participants who died, one would assume that treatment arms with higher death rates
would have lower CD4+ counts modelled at later time points. If CD4+ count is modelled because
it is a surrogate marker for disease status, with very low CD4+ count as predictive of pending

death, this might not be as incorrect as it sounds.

5.6 Conclusion

The conclusion reached when the survival data were analysed was that integrated treatment saved
lives and the recommendation was made that tuberculosis and HIV treatment should be integrated
(Abdool Karim et al., 2010; Abdool Karim et al., 2011). A secondary question is whether
integrated treatment changed the HIV treatment outcomes, measured by CD4+ counts. In this
study about a third of the CD4+ counts are missing, either due to loss to follow-up or death. The

CD4+ count over time can therefore not be evaluated without taking missing data into account.

There is evidence that the missing data process is not MCAR. The missing data process could be
MAR, and MNAR cannot be ruled out. Under the MAR assumption, the likelihood-based method
and the Bayesian method showed a significant difference between treatment arms in mean CD4+
count over time. The early and late integrated treatment arms both had a higher mean increase in
CD4+ count over time than the sequential treatment arm. The other methods did not show a
significant effect of treatment arm over time, although the pattern-mixture model under the ACMV
identifying restriction had a small p-value for the interaction between time and the early integrated
treatment arm. Under MNAR the majority of methods did not find a significant interaction
between time and the early integrated treatment arm compared to the sequential treatment arm.
The interaction between time and the late integrated treatment arm compared to the sequential

treatment arm was not significant under most assumptions, the selection model approach is an
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exception. With the selection models, which gave results similar to the MAR case, this interaction
was significant. The conclusion therefore needs to be tempered slightly by stating that treatment
arm could have an effect on mean CD4+ count over time, under certain assumptions made about

the unobserved data.

This secondary analysis was done to determine whether integrated HIV and tuberculosis treatment
would compromise CD4+ counts. Although the results were not consistent under all the
assumptions made and with all the different methods used, none of these analyses found any
evidence that CD4+ count increased more in the sequential treatment arm than in the other
treatment arms. We can therefore safely recommend integrated treatment, knowing that as a
treatment policy this will save lives and not compromise CD4+ counts. CD4+ count measures
immune system health and is not specific to HIV. Tuberculosis treatment on its own is known to
increase in CD4+ count (Martin et al., 1995), which probably explains some of the similarity in all
the treatment arms, since all participants started tuberculosis treatment shortly prior to being

enrolled in the study.
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Chapter 6
St John’s Wort trial

In the previous chapter we applied the theory around analysis of incomplete longitudinal data to a
clinical trial with three treatment arms in HIV-infected patients. We continue our investigation of a
proper analysis of a clinical trial with missing data with a second example. We follow the same
organisation as in the previous chapter. In Section 1 we describe the design and published results
of the trial. Section 2 follows with a description of the missing data in the trial. We then analyse
the data using MCAR methods in Section 3, MAR methods in Section 4 and MNAR methods in
Section 5. We conclude the chapter by contrasting these analyses and drawing a conclusion

regarding the findings.

6.1 The St John’s Wort (hypericum perforatum) trial

This trial was chosen to illustrate missing data analysis because of large amounts of missing data.
In addition to participants discontinuing from the trial for various reasons and lost to follow up as
in the previous SAPIiT example, the trial also introduced missing data from Week 8 onwards by
design. The design of the trial is discussed in Section 6.1.2. The next section describes the design

and available results of the hypericum trial.
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6.1.1 Background to the St John’s Wort trial

Hypericum perforatum, also known as St John’s Wort, is a herbal remedy believed to treat, among
other things, depression. Especially in European countries, such as Germany, hypericum
perforatum is often prescribed for treatment of mild depression, also in children and adolescents
(Fegert et al., 2006). It was shown to be more effective than placebo (Kalb, Trautmann-Sponsel, &
Kieser, 2001) in treating depression and is believed to have fewer side effects than standard
antidepressive therapies, thus making it an attractive option for many patients (Linde et al., 1996).
Some studies and meta-analyses have found hypericum to be as effective as standard antidepressive
therapies (Linde, Berner, & Kriston, 2008; Rahimi, Nikfar, & Abdollahi, 2009), while other studies

found no difference between hypericum and placebo (Shelton et al., 2001)

Because different studies had contradictory results about the relative effectiveness of hypericum
when compared to placebo and standard antidepressive drugs, a trial was designed to compare both
a standard antidepressive therapy (sertraline) and hypericum to placebo (Hypericum Depression
Trial Study Group, 2002). Sertraline is an antidepressant of the selective serotonin reuptake
inhibitor (SSRI) class. It was brought to market by Pfizer in 1991 under the trademark name
Zoloft.

6.1.2 Methods

The trial was a randomised, double blind, parallel-arm, 8-week, outpatient trial of hypericum,
sertraline, or placebo treatment for major depressive disorder, followed by 18 weeks of double
blind continuation treatment in participants meeting response criteria at Week 8 (Hypericum
Depression Trial Study Group, 2002). Participants with major depression were recruited from

December 1998 to June 2000 at 12 centres.

The trial included outpatients with major depression of moderate severity. Specifically, the
inclusion criteria included: aged 18 years or more; diagnosis of major depression; a score of 20 or
more on the Hamilton Depression scale (HAM-D) (Hamilton, 1960), and a score of 60 or less on
the Global Assessment of Functioning (GAF) scale at screening and baseline, capable of giving
informed consent and identification of a personal contact. Exclusion criteria included: suicide or
homicide risk, current or planned pregnancy, breastfeeding or not using birth control; and some
relevant medical conditions, such as liver disease, use of either hypericum or sertraline in the
previous 6 months or current use of other psychotropic drugs or current psychotherapy. Complete
inclusion and exclusion criteria are available in the trial protocol and in the trial paper (Hypericum

Depression Trial Study Group, 2002).
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The eligibility of participants was assessed, after which they gave written informed consent and
participated in a one-week placebo run-in. Participants meeting eligibility criteria after this one-
week run-in were randomised to one of the three treatment arms in a 1:1:1 ratio. Participants were
assessed weekly from Week 1 to Week 8 (with the exception of Week 5). Participants who were
regarded as responders at Week 8 (the end of the acute phase) could enter the continuation phase,
with visits at Weeks 10, 14, 18, 22 and 26. The HAM-D, Global Assessment of Functioning
(GAF) scale, Clinical Global impressions scales for severity (CGI-S) and improvement (CGI-I) and
the Beck Depression Inventory (BDI) were assessed at all visits. Other safety related information
was also collected; such as vital signs, adverse events and blood chemistry and haematology
(Hypericum Depression Trial Study Group, 2002). For the purpose of this study we analyse the
response over time on the HAM-D. The HAM-D scale is a measure of depression, with a higher

score indicative of more severe depression.

Hypericum and matching placebo were provided by Lichtwer Pharma and sertraline and matching
placebo were provided by Pfizer. Dosing was three times daily. Participants were started on a
standard dose, which could be increased according to a predetermined algorithm if required.
Medication was provided in double-dummy fashion (Hypericum Depression Trial Study Group,

2002).

Response at Week 8 was defined as either full or partial response. Full response was defined as a
CGI-I score of 1 or 2 and a HAM-D total score of 8 or less. Partial response was defined as a CGI-
I score of 1 or 2, a decrease in the HAM-D score from baseline of at least 50% and a HAM-D score

between 9 and 12 (Hypericum Depression Trial Study Group, 2002).

6.1.3 Primary and secondary endpoints

The main hypothesis was whether hypericum was superior to placebo after 8 weeks. The endpoints
were defined as the change in the HAM-D score from baseline to Week 8 and the proportion of
participants who had a full response at Week 8. The principal comparison was between the
hypericum and placebo arms. The sertraline arm was included as an active control arm to validate
the study, but no comparison between hypericum and sertraline was intended and the trial was not
powered for such a comparison or for multiple comparisons with placebo (Hypericum Depression

Trial Study Group, 2002).

In the original analysis treatment differences in the change in HAM-D score from baseline to
Week 8 were evaluated through a random-coefficient linear regression model. Fixed effects were
treatment, site, sex, week and treatment by week interaction. A random intercept and slope over

time were included for each participant. Tests of treatment differences for the change in HAM-D
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scores from baseline to Week 8 were equivalent to tests of treatment differences in the slopes over
time. The original paper also included a completers’ analysis and a LOCF analysis of the acute
phase. No endpoint data were presented from the continuation phase (Hypericum Depression Trial

Study Group, 2002).

The trial enrolled 428 participants in the run-in phase and 340 were randomised to the three
treatment arms (Figure 6.1). The demographic data of the sample is described elsewhere
(Hypericum Depression Trial Study Group, 2002). They found that the HAM-D scores declined
with time and differed by site and sex. The scores were lower for men. They did not find that
trend with time differed significantly by treatment; either for the comparison between hypericum
and placebo or for the comparison between sertraline and placebo. The full response rate at Week
8 did not differ between hypericum and placebo or between sertraline and placebo. The conclusion
was that neither hypericum nor sertraline were superior to placebo on the primary efficacy
measures. The authors highlighted the high level of improvement in placebo arms often seen in

depression trials.

428 Patients Entered 1-Week Run-in Phase 88 Not Randomized
T 32 No Longer Met HAM-DVGAF Criteria
3 = 32 Lost to Follow-up
i 340 Randamized D 15 Unknown Reasons
BED :__—_:—-—I—-—r_—__:;__ 9 Other
113 Assigned to Hecsive Hypercum ‘ | 116 Assigned to Receive Placebo ‘ | 111 Assigned to Receive Sertraline
31 Withdrew 32 Withdrew 32 Withdrew
8 Lost to Folow-up 7 Lost to Folow-up 10 Lost to Follow-up
7 Withdrew Consent 8 Withdrew Consent 8 Withdrew Consent
8 InsufficientInadequate Response 11 Insufficientinadequate Responss 7 Insuficient/Inadequate Response
2 Adverse Events 3 Adverse Events 5 Adverse Events
8 Protocol Violation 3 Protocol Violation 2 Protocal Viclation
&2 Completed Acute Phase (8 wk) ‘ | &4 Completed Acute Phase (8 wi) ‘ | 790 Completed Acute Phase (8 wik)
113 Included in Primary Qutcome Analysis 116 Included in Primary Outoome Analysis 109 Included in Pamary Outcome Analysis
112 Included in Safety Analysis 116 Included in Safety Analysis 2 Excluded From Primary Outcome Analysis
(Bassline HAM-D Scores Below Entry Critenia)
111 Included in Safety Analysis

HAM-D indicates Hamilton Depression scale; GAF, Global Assessment of Functioning.

Figure 6.1: Disposition of the trial participants during the acute phase taken from
Hypericum depression trial study group (2002).

A separate publication described the results during the continuation phase using a completers’
analysis and LOCF. This analysis confirmed the findings during the acute phase, namely that
participants in all three treatment arms showed a large improvement over time, but there was no

difference between the treatment arms (Sarris et al., 2012).

Our re-analysis of the original data included an analysis of the HAM-D score only. The

longitudinal pattern of this variable was evaluated, taking account of missing data, rather than just
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looking at the change from baseline to Week 8 as in the original analysis. In addition, the data

from Week 8 to Week 26 were analysed. This analysis was not done in the original paper.

The decision to continue a participant to the continuation phase was based on the response of the
participant up to Week 8. Since only responders continued with the continuation phase, the data up
to Week 8 can be used to predict whether a participant continued beyond Week 8. Missingness
after Week 8 was, by design, based on observed data (HAM-D score), therefore the missing data
were likely MAR. However, data could also be missing for reasons not related to treatment

response, therefore the data were not guaranteed to be MAR. MCAR could, however be ruled out.

This study created missing data by design, because participants were discontinued from the study at
Week 8 if they did not respond. It is therefore questionable whether the missing data from Week 8

onwards should really be regarded as missing data.

Since there was a large amount of missing data after Week 8, some estimates were unstable and the
analysis could be questionable, since it relied on the assumptions about the missing data pattern
more than on the actual observed data. To mitigate this, the data were analysed from Week O to
Week 8, accounting for missing data, and the data were also separately analysed from Week O to
Week 26, while accounting for missing data. This also answered the research question of treatment

effect during the acute phase (First 8 weeks) only.

As was the case with the SAPIT study in Chapter 5, the hypericum trial had three treatment arms.
The relevant issues when more than two arms are to be compared were discussed in Section 5.3.
This study was designed to primarily compare the hypericum and placebo arms; therefore the
primary focus of the analysis is on that pairwise comparison. The pairwise comparison between
the sertraline and placebo arms was also done. In this study the interest lay in the pairwise
comparisons between each of the active arms and placebo, in contrast to the study in Chapter 5
where it was not clear what the control arm was. All three treatment arms were included in the

covariance matrix to increase the precision of models.

6.1.4  Statistical notation

The statistical notation was introduced in Section 2.1 and is adapted to this data set as follows. We
assume N independent participants, indicated by i = 1, ...,N. The HAM-D score for the i"
participant at the /” occasion is given by Y; j- Treatment is indicated by the two variables H; and §;.
If the i"" participant is in the hypericum arm, then H; = 1, else H; = 0. If the i participant is in the

sertraline arm, then S; = 1, else S; = 0. #; is the week for the i participant at the j’h occasion.
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When dropout is defined as a binary variable, dropout is indicated by D;. If participant i dropped

out, then D; = I, if participant i did not drop out then D; = 0.

6.2 Patterns of missing data

The number of missing data points over time and the reasons for having missing data are provided
in Table 6.1. Trial discontinuation prior to Week 8 was high; 31 (27.4%) participants in the
hypericum arm, 32 (28.8%) participants in the sertraline arm and 32 (27.6%) participants in the
placebo arm discontinued prior to Week 8. A large number of these discontinued because of
insufficient response (24), although some were lost to follow-up (25) and some withdrew consent
(23), often because they wanted to pursue other therapies since they perceived the therapy not to be
of benefit. There is no relationship between treatment arm and the number of participants not

completing the acute phase of the study (Chi-square test, 2 degrees of freedom, p = 0.99).

A large number of participants did not meet the protocol definition of a responder in order to be
allowed to continue with the continuation phase. Only a small number of participants entered the
continuation phase; 49 (44.1%) in the sertraline arm, 38 (33.6%) in the hypericum arm and 42
(36.2%) in the placebo arm. Of those who entered the continuation phase, only a small number
completed the entire study to Week 26; 28 (57.1%) in the sertraline arm, 24 (63.2%) in the
hypericum arm and 27 (64.3%) in the placebo arm. Table 6.2 gives the pattern of missing data. It

is clear that there is a large amount of missing data in this data set.

A central question is whether the missing data are MCAR, MAR or MNAR. Since only
participants who showed a response on treatment entered the continuation phase, missing data are
probably MAR by design from Week 8 onwards. There was also missing data caused by reasons
other than discontinuation due to non-response, therefore MNAR cannot be ruled out. The large
amount of missing data prior to Week 8 could be MAR or MNAR. As mentioned in Section 2.2.3,

although the data cannot exclude MNAR, it can hold some evidence of informative missingness.

Figure 6.2 compares the mean HAM-D score of participants who dropped out at the next visit to
those of participants who did not drop out at the next visit. It seems that participants who dropped
out are different from those who did not drop out. Prior to Week 4 those who dropped out had
lower HAM-D scores than those who did not drop out. From Week 4 onwards participants who
dropped out had higher HAM-D scores (indicative of more severe depression) than participants
who did not drop out. This is also true during the continuation phase. This suggests that dropout
depends at least on observed HAM-D score, and implies that model-based means could be different

from observed means. It also suggests that the observed HAM-D scores were associated with
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dropout. Figure 6.3 gives the same summary by treatment arm. The pattern over time was similar

in all three treatment arms for participants who did not drop out.

Table 6.1: Number of participants attending each visit in the hypericum trial

Sertraline Hypericum Placebo
N=111 N=113 N=116
Number with Hamilton N Number missingg N Number missing | N Number missing
depression scale score at (%) (%) (%)
Baseline 111 - 113 - 116 -
Week 1 101 10 (9.0) 101 12 (10.6) 111 5(4.3)
Week 2 90 21 (18.9) 102 11 (9.7) 107 9(7.8)
Week 3 90 21 (18.9) 100 13 (11.5) 94 22 (19.0)
Week 4 89 22 (19.8) 97 16 (14.2) 99 17 (14.7)
Week 6 82 29 (25.1) 91 22 (19.5) 93 23 (19.8)
Week 7 79 32 (28.8) 82 31(27.4) 84 32 (27.6)
Week 8 79 32 (28.8) 82 31(27.4) 84 32 (27.6)
Enter continuation phase 49 62 (55.9) 38 75 (66.4) 42 74 (63.8)
Week 10 48 63 (56.8) 35 78 (69.0) 39 77 (66.4)
Week 14 43 68 (61.3) 33 80 (70.8) 37 79 (68.1)
Week 18 39 72 (64.9) 27 86 (76.1) 32 84 (72.4)
Week 22 32 79 (71.2) 25 88 (77.8) 27 89 (76.7)
Week 26 31 80 (72.1) 24 89 (78.8) 27 89 (76.7)
Reasons not completing acute phase (Week 8)
Loss to follow-up 10 8 7
Insufficient response 7 6 11
Withdrew consent 8 7 8
Adverse event 5 2 3
Protocol violation 2 8 3
Reasons not enrolled into continuation phase
Did not complete acute phase 32 31 32
Non-responder 27 40 38
Responder, but did not want 3 4 4
to continue to continuation
phase
Reasons not completing continuation phase (Week 26)
Completed 28 24 27
Insufficient response 3 2 4
Loss to follow up 1 2 1
Adverse event 3 2
Withdrew consent 12 8 5
Protocol violation: ineligible 2 2 3
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Figure 6.2: Sample mean of Hamilton depression scale at each week for all treatment
arms combined.

The triangles in red are the means for participants who did not drop out before the subsequent
measurement. The blue solid dots are the means for participants who dropped out before the
subsequent measurement.
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Figure 6.3: Sample mean of Hamilton depression scale at each week by treatment
group.

The solid lines are the means for participants who did not drop out before the subsequent
measurement. The dotted lines are the means for participants who dropped out before the
subsequent measurement.
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Table 6.2: Pattern of missing data in each of the treatment arms in the hypericum
trial

Week
Acute phase Continuation phase Sertraline Hypericum Placebo
Pattern 1 2 3 4 6 7 8|10 14 18 22 26 Description N=111 N=113 N-=116
1 XX XXX XXX X X X X Complete* 31 24 27
2 XXX XXXXX X X X 2 1 1
3 XX XXX XXX X X * 6 2 4
4 X XXX XXX X X * 5 6 5
5 XX XX XXX X * 5 2 3
6 XX XX XXX Non-response* 27 39 37
7 XXX XX XX Response but 3 4 4
refused
continuation*®
8 X X X X X X X Continued to 0 3 2
continuation
phase, did not
have data
9 XX XX XX * 2 2 2
10 XX XXX * 2 7 5
11 X X XX * 6 5 6
12 X X X * 2 3 5
13 X X * 2 2 6
14 X 10 2 1
15 Baseline only 7 9 4
16 With more than X 1 2 4
one interim
missing data point

* A minority of participants in this pattern missed a visit, but attended all visits thereafter.

As suggested by Carpenter and Kenward (2007) we used logistic regression to determine key
independent variables associated with withdrawal in either the acute or continuation phases (Table
6.3). In the acute phase age (OR = 0.97) and duration of current depression (OR = 1.04) were
associated with dropping out prior to Week 8. Older people were less likely to drop out than
younger people and participants with longer duration of depression were more likely to drop out.
None of the baseline demographic variables were indicative of drop out during the continuation
phase. The only variable associated with dropout during the continuation phase was the HAM-D

score at Week 8 (OR = 1.24) (Table 6.3).

Since withdrawal in the acute phase was associated with baseline variables the data could not be
assumed to be MCAR and any data analysis that made the assumption of MCAR data could be
biased and give incorrect results. It was not possible to rule out that the data were MNAR using the
observed data only, since the definition of MNAR depended on unobserved observations. We
therefore made the assumption that the HAM-D data were either MAR or MNAR and proceeded to

do a sensitivity analyses under these assumptions.

The high withdrawal rate (about a quarter of participants did not complete the acute phase of the

study) combined with the fact that many withdrawals were due to insufficient response suggested
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that HAM-D score could not be analysed without taking missing data into account. The goal of
this analysis was to analyse the HAM-D score in a valid way, while taking missing data into

account.

Table 6.3: Variables associated with dropping out, modelling the probability of
withdrawing (logistic regression)

Univariate Multivariate
Odds Ratio p-value Odds Ratio  p-value
n/N (%) 95% CI) (95% CI)

Variables associated with not completing the acute phase
Treatment arm (ref placebo) 32/116 (27.6)

- Sertraline 32/111 (28.8)  1.06 (0.60; 1.90) 0.84 |1.23(0.67;2.25) 0.51
- Hypericum 31/113 (27.4)  0.99 (0.56; 1.77) 0.98 |[1.04 (0.57; 1.90) 0.91
Baseline HAM-D - 1.00 (0.91; 1.09) 0.94 [1.02(0.93;1.12) 0.74
Duration of current - 1.04 (1.00; 1.08) 0.04 |1.05(1.01;1.10) 0.02
depression (years)

Age - 0.97 (0.95; 0.99) 0.002 |0.97 (0.95; 0.99) 0.001
Gender (ref female) 66/224 (29.5)

- Male 29/116 (25.0)  0.80(0.48; 1.33) 0.38 |[1.27(0.75;2.16) 0.37
Race (ref = white) 71/257 (27.6)

- Hispanic 12/27 (44.4)  2.10 (0.94; 4.70) 0.07 [1.79 (0.76; 4.20) 0.18
- Black 9/35 (25.7) 0.91 (0.41; 2.03) 0.81 [0.87 (0.38; 2.00) 0.75
- Other 3/21 (14.3) 0.44 (0.13; 1.53) 0.19 10.36 (0.10; 1.29) 0.12

Variables associated with not completing the continuation phase given the acute phase was completed
Treatment arm (ref placebo) 57/84 (67.9)

- Sertraline 48/79 (60.8) 0.73 (0.39; 1.40) 0.34 0.74 (0.34;1.61) 047
- Hypericum 58/82 (70.7) 1.15(0.59; 2.22) 0.69 0.97 (0.44;2.16) 0.66
Baseline HAM-D - 1.05(0.95;1.17)  0.36 0.90 (0.78;1.04) 0.34
Duration of current - 1.02 (0.94;1.11) 0.33
depression (years)

Age - 0.99 (0.97; 1.01) 0.46 0.99 (0.96;1.01) 0.44
Gender (ref female) 104/158 (65.8)

-  Male 59/87 (67.8) 1.09 (0.63; 1.91) 0.75 1.29 (0.65;2.55) 0.83
Race (ref = white) 127/186 (68.3)

- Hispanic 11/15(73.3) 1.28 (0.39; 4.18) 0.69 3.15(0.79; 12.5) 0.73
- Black 15/26 (57.7) 0.63 (0.27; 1.46) 0.29 0.75(0.28;2.04) 0.27
- Other 10/18 (55.6) 0.58 (0.22; 1.55) 0.28 0.52(0.19;1.43) 0.21
Week 8 HAM-D - 1.24 (1.16; 1.32) <0.001 1.27 (1.19; 1.36) <0.001

HAM-D: Hamilton depression scale

The primary analysis during the drug development process is usually the traditional ITT analysis,
and is the estimand we were interested in. This corresponds to what the National Research Council
(2010) called Estimand 1. This estimand gives the difference in outcome at the planned endpoint
of the trial for all participants. This is not the most relevant estimand when one wants to determine
the efficacy of a new drug. The de jure estimand is more relevant if one is interested in the efficacy
of the drug, versus the effectiveness of the treatment policy. In ideal conditions one would like to
determine Estimand 3, however in a trial like this with high drop out and possible non-adherence to

the protocol this may not be possible. Estimand 6, defined by Mallinckrodt et al. (2012), which
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gives the difference in outcome in all randomised participants attributable to the randomised

medication, is also a viable secondary objective of the trial.

SAS code was given in the corresponding sections of Chapter 5 and was not repeated in this

chapter.

6.3 Analysis of HAM-D score in the hypericum study under
MCAR assumptions

Although MCAR assumptions were not valid, we analysed the data using an available case analysis
and complete case analysis (discussed in Section 3.1) under MCAR assumptions. This is done
solely to contrast the naive and incorrect analysis to the more appropriate analyses done under the

MAR and MNAR assumptions.

6.3.1 Available case analysis

In the available case analysis missing data were ignored and observed data were summarised at
each of the visits using all observed HAM-D scale total scores (Table 6.4 and Figure 6.4). We
performed a cross-sectional analysis of the data observed or “available” at each time point. A
model that takes the longitudinal nature of the data into account was also fitted and is given in
Section 6.4.1. The cross-sectional analysis is provided to give additional information, but we do
not imply that the cross-sectional analysis is equivalent to the longitudinal analysis done later. The
summaries at all time points of the available data also provide a description of the observed data,

without including any modelling assumptions.

Mean HAM-D scores decreased over time. The mean HAM-D scores did not differ between the
treatment arms for most of the weeks. The exceptions were Weeks 2 and 7 where a statistically
significant difference between the treatment arms existed. Bonferroni pairwise comparisons

showed that the sertraline arm had lower mean scores than the other two arms at these visits.
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Table 6.4: Available case analysis of Hamilton depression scale

Sertraline Hypericum Placebo ANOVA p-value
Baseline 0.25
N 111 113 116
Mean 22.5 23.1 22.7
SD 2.5 2.7 2.7
Standard error 0.24 0.26 0.25
Median 22 23 22
Week 1 0.33
N 101 101 111
Mean 19.5 20.1 18.9
SD 5.1 5.2 4.9
Standard error 0.51 0.51 0.46
Median 20 20 19
Week 2 0.05°
N 90 102 107
Mean 16.5 18.6 17.7
SD 5.5 5.7 5.7
Standard error 0.58 0.57 0.55
Median 17 18.5 18.0
Week 3 0.08
N 90 100 94
Mean 15.5 17.9 17.1
SD 6.3 6.4 6.5
Standard error 0.67 0.64 0.67
Median 16.5 19 18
Week 4 0.16
N 89 97 99
Mean 14.3 16.9 159
SD 6.1 7.1 6.5
Standard error 0.65 0.72 0.65
Median 14 18 16
Week 6 0.07
N 82 91 93
Mean 12.8 15.6 14.9
SD 6.6 7.1 7.0
Standard error 0.72 0.75 0.73
Median 13 17 15
Week 7 0.01°
N 79 82 84
Mean 114 14.3 12.3
SD 6.5 6.5 7.1
Standard error 0.73 0.72 0.77
Median 11 14 11
Week 8 0.22
N 79 82 84
Mean 10.6 12.9 12.0
SD 5.9 7.1 7.5
Standard error 0.66 0.79 0.82
Median 10 12 10
Week 10 0.21
N 48 35 39
Mean 8.1 9.5 7.3
SD 4.6 5.0 4.8
Standard error 0.66 0.85 0.77
Median 7 9 7
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Table 6.4: Available case analysis of Hamilton depression scale

Sertraline Hypericum Placebo ANOVA p-value
Week 14 0.09
N 43 33 37
Mean 7.6 9.8 7.8
SD 5.0 5.0 5.0
Standard error 0.77 0.86 0.82
Median 6 8 7
Week 18 0.21
N 39 27 32
Mean 6.7 8.7 5.7
SD 4.7 6.5 4.0
Standard error 0.76 1.24 0.71
Median 6 7 6.5
Week 22 0.34
N 32 25 27
Mean 7.1 8.2 7.0
SD 6.1 4.6 6.0
Standard error 1.07 0.91 1.15
Median 5 7 5
Week 26 0.36
N 31 24 27
Mean 7.1 6.6 5.7
SD 54 4.5 54
Standard error 0.97 0.93 1.04
Median 6 55 4

“. Bonferroni pairwise comparison: Sertraline arm significantly different from hypericum arm

ANOVA: Analysis of variance

Hamilton Depression scale

8 10

®=8=® Sertraline

T T
12 14
Weeks

® 9 ® Hypericum

16

18 20

Placebo

22

24 26

Figure 6.4: Sample mean of Hamilton depression scale total score, available case

analysis
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6.3.2 Complete case analysis

In the complete case analysis only participants with no missing data are included and observed
HAM-D scores are summarised at all the visits for these participants. In other words, list wise
deletion is done. Two separate analyses are done, one including participants who have complete
data up to Week 8 and one including participants who have complete data up to Week 26 (Table
6.5, Figure 6.5 and Figure 6.6). The latter analysis includes only a fraction (19.1%) of the enrolled

participants and is biased, since it includes only participants deemed responders at Week 8.

The graphical representation of the complete case analysis differs from the available case analysis.
As with the available case analysis, we perform a cross-sectional analysis to provide additional
information. This cross-sectional analysis can be compared to the cross-sectional analysis done in
an available case manner. The intention is not to imply that the cross-sectional analysis fits the
same model as the longitudinal analysis also provided. In the cross-sectional analysis of complete
data up to Week 8, the treatment arms are only significantly different at baseline. This is in part
due to the small number of participants included in this analysis and highlights the effect of
analysing only a small, biased subset of the data. Only one, at 8 weeks, of the p-values comparing
the means at each time point for the participants with complete data up to Week 26 is significant.
In addition to being biased, the complete case analysis is inefficient because it does not utilise all

available information.

Table 6.5: Complete case analysis of Hamilton depression scale

Complete data up to Week 26 Complete data up to Week 8
Sertraline Hypericum Placebo p-value$ Sertraline Hypericum Placebo p-value$
N=23 N=22 N=20 N =67 N=79 N=68
Baseline 0.54 0.05%*
Mean 22.2 22.9 22.9 22.1 23.2 22.9
SD 24 2.0 2.5 2.1 2.8 2.8
Standard error  0.50 0.42 0.56 0.26 0.31 0.34
Median 22 23 22.5 21 23 22
Week 1 0.20 0.83
Mean 20.0 18.3 17.9 19.7 19.9 19.4
SD 4.2 4.6 34 4.8 5.3 4.4
Standard error  0.87 0.97 0.76 0.58 0.59 0.53
Median 20 18 17 20 20 20
Week 2 0.84 0.06
Mean 16.6 16.2 15.7 16.4 18.5 18.0
SD 4.9 5.2 5.1 5.0 5.9 5.0
Standard error  1.00 1.11 1.14 0.61 0.67 0.61
Median 17 16 16 17 18 18.5
Week 3 0.91 0.12
Mean 15.0 14.7 14.2 15.4 17.4 17.2
SD 5.5 6.4 6.7 5.6 6.4 6.5
Standard error  1.16 1.37 1.50 0.69 0.72 0.78
Median 15 15 15 17 18 18
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Table 6.5: Complete case analysis of Hamilton depression scale

Complete data up to Week 26 Complete data up to Week 8
Sertraline Hypericum Placebo p-value$ Sertraline Hypericum Placebo p-value$
N=23 N=22 N=20 N =67 N=79 N=68
Week 4 0.22 0.09
Mean 14.6 12.3 12.2 14.1 16.5 15.1
SD 4.7 5.9 5.0 5.9 7.0 6.4
Standard error  0.98 1.26 1.11 0.72 0.79 0.78
Median 14 11.5 11 14 18 15
Week 6 0.45 0.12
Mean 12.4 11.5 10.2 13.2 154 14.8
SD 5.6 6.4 5.3 5.6 7.0 6.6
Standard error 1.17 1.35 1.19 0.69 0.79 0.80
Median 12 12 9.5 13 17 15
Week 7 0.19 0.13
Mean 10.7 10.0 8.2 11.9 14.1 12.8
SD 5.6 4.0 3.6 6.0 6.5 7.1
Standard error 1.17 0.85 0.82 0.73 0.73 0.86
Median 10 10 8 11 14 11
Week 8 0.04 0.27
Mean 8.6 7.0 6.2 11.1 12.7 12.7
SD 2.5 3.6 3.2 5.2 7.2 7.6
Standard error  0.52 0.77 0.72 0.64 0.81 0.92
Median 9 7.5 6.5 10 12 11.5
Week 10 0.35 0.35
N 42 35 30
Mean 8.4 9.9 7.9 8.2 9.5 7.9
SD 4.0 4.6 5.1 4.6 5.0 4.8
Standard error  0.83 0.98 1.14 0.71 0.85 0.87
Median 8 9.5 7.5 7 9 8
Week 14 0.77 0.07
N 38 33 30
Mean 7.4 8.1 8.2 7.2 9.8 8.1
SD 44 3.6 3.8 4.4 5.0 4.8
Standard error 0.92 0.77 0.85 0.71 0.86 0.88
Median 7 8 9 7 8 7.5
Week 18 0.53 0.12
N 35 27 26
Mean 7.9 8.2 6.5 7.0 8.7 5.7
SD 5.1 6.5 3.6 4.9 6.5 4.0
Standard error 1.07 1.39 0.81 0.82 1.24 0.79
Median 7 5 7 6 7 6.5
Week 22 0.95 0.87
N 28 25 25
Mean 8.7 8.2 8.6 7.9 8.2 7.4
SD 5.7 4.3 6.1 6.0 4.6 6.0
Standard error 1.20 091 1.36 1.13 0.91 1.20
Median 8 7 7.5 7 7 6
Week 26 0.37 0.43
N 27 24 24
Mean 8.7 6.9 6.7 7.8 6.6 5.9
SD 5.2 4.5 5.6 5.5 4.5 5.5
Standard error 1.08 0.96 1.26 1.05 0.93 1.12
Median 8 5.5 5 7 5.5 4

* Bonferroni pairwise comparison: Sertraline arm significantly different from hypericum arm
$: Analysis of variance (ANOVA)
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Figure 6.7: Studentised residuals for the model fitted using SAS procedure MIXED
for the complete case analysis for participant with complete data up to Week 8

The studentised residuals follows a normal distribution in the complete case analysis for

participants who had complete data up to Week 8 (Figure 6.7) and up to Week 26 (Figure 6.8).

Table 6.6: Complete case analysis using SAS procedure MIXED

Complete data up to Week 8 Complete data up to Week 26

Effect Estimate Standard  p-value | Estimate Standard  p-value
error error

Intercept 22.90 0.33 22.98 0.60
Week -1.07 0.11 <0.001 -1.99 0.08 <0.001
Week squared 0.05 0.01 <0.001
Sertraline (ref: placebo) -0.32 0.42 0.45 -2.10 0.75 <0.001
Hypericum (ref: placebo) 0.33 0.47 0.48 -0.20 0.75 0.79
Interaction week and treatment -0.26 0.13 0.05 0.11 0.06 0.07
(sertraline compared to placebo)
Interaction week and treatment -0.11 0.15 0.44 0.08 0.06 0.24
(hypericum compared to placebo)

The model for the complete cases was fitted by REML using procedure MIXED in SAS and

assuming an unstructured covariance matrix while using the Kenward-Roger method for the

degrees of freedom (Kenward & Roger, 1997). A different covariance matrix was estimated for

each treatment group.
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Figure 6.8: Studentised residuals for the model fitted using SAS procedure MIXED
for the complete case analysis Hamilton depression scale for participants with
complete data up to Week 26

We conclude that the decrease in mean HAM-D score over time was significantly different in the
sertraline arm compared to the placebo arm for both the analysis up to Week 8 and Week 26 (where
the p-value was small, but not <0.05). The interaction between week and the hypericum arm

compared to the placebo arm was not significant for either data set (Table 6.6).

6.3.3 Conclusions under MCAR assumptions

The MCAR analysis was done for completeness, but since we have evidence that data were not
MCAR, the MCAR analysis was not valid. Fitting a mixed model for repeated measures in the
complete case analysis we conclude that there is a significant interaction between week and

sertraline arm compared to the placebo arm.

These analyses do not lead to the estimand of interest, namely the effect of treatment assignment at
the end of the study period according to the ITT principle (Estimand 1). Using these methods, it
would also not be possible to estimate Estimands 3 or 6, because analysing all available data or
analysing only the participants who completed the study does not lead to estimates of those

estimands either.
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6.4 Analysis under MAR assumptions

MAR assumptions were discussed in Section 2.2.2. Under MAR assumption, we analysed the data
using direct likelihood-based approaches (discussed in Section 3.5), multiple imputation (discussed
in Section 3.3), direct Bayesian approaches (discussed in Section 3.7) and inverse probability

weighting (discussed in Section 3.5).

A model with a linear term for week fitted the data well up to Week 8 and all models up to Week 8
were fitted using the following linear model:
Model up to Week 8:Y;; = Bo + B1S; + BoH; + B3 tij + (B4S; + BsH)) tij + €
The statistical notation is given in Section 6.1.4. The profiles from Week 1 to Week 26 did not
follow a linear trend over time and for this data we fitted a model including a quadratic term for
week.
Model up to Week 26: Y;; = By + B1S; + BoH; + Bs tij + (BaS; + BsHy) tyj + Betfi + &

In Figure 6.4, one can see that the first part of the observed profiles follow a linear trend in time,

but from Week 8 onwards, the profiles follow a quadratic trend in time.

6.4.1 Direct likelihood-based approaches

As mentioned in Section 5.4.1 direct likelihood-based approaches are valid under the MAR
assumption and the separability condition. In this analysis there is no interest in the missing data
mechanism. Procedure MIXED in SAS was used. The Kenward-Roger correction was applied

when calculating degrees of freedom (Kenward & Roger, 1997).

The choice of covariance structure is very important. An unstructured covariance matrix is the
most flexible choice, since each variance-covariance component is estimated from the data,
therefore making no assumptions that are not supported by the observed data. This covariance
matrix has more parameters that need to be estimated than other structures, and is therefore less
efficient. We have used the unstructured covariance matrix in this analysis, assuming a different

covariance matrix for each of the treatment arms.
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Figure 6.9: Studentised residuals for the model fitted using procedure MIXED in
SAS for the direct likelihood-based analysis using the HAM-D scores up to Week 8
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Figure 6.10: Mean Hamilton depression scale total scores, direct likelihood-based
approach (mixed model) analysis up to 26 weeks
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Figure 6.11: Mean Hamilton depression scale total scores, direct likelihood-based

approach (mixed model) analysis up to 8 weeks

The studentised residuals when the direct likelihood model is fitted followed a normal distribution,

(Figure 6.9). The model fitted up to Week 26 is displayed in Figure 6.10 and the model up to

Week 8 in Figure 6.11.

Table 6.7: Hamilton depression scale. Direct likelihood-based parameter estimates
and standard errors when using procedure MIXED in SAS

Data up to Week 26 Data up to Week 8
Effect Estimate Standard error p-valueEstimate Standard error p-value
Intercept 22.68 0.25 22.64 0.25
Sertraline (ref: placebo) 0.002 0.34 0.99 0.08 0.34 0.82
Hypericum (ref: placebo) 0.41 0.38 0.28 0.50 0.36 0.17
Week -1.46 0.06 <0.001| -1.17 0.10 <0.001
Week squared 0.04 0.002 <0.001
Interaction week and treatment -0.10 0.05 0.07 -0.24 0.12 0.05
(sertraline compared to placebo)
Interaction week and treatment -0.04 0.06 0.48 0.03 0.13 0.79

(hypericum compared to placebo)

For both the analysis using data up to week 8 and using data up to Week 26, the mean decrease

over time was larger in the sertraline arm than in the placebo arm. However, for the hypericum

arm the mean decrease over time was not significantly different from the placebo arm.
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6.4.2 Multiple imputation

The SAS procedure MI was used to generate 100 different imputed data sets and procedure
MIANALYZE was used to combine the results of the 100 analyses on these data sets. In the
imputer’s model the HAM-D score at each of the weekly visits was imputed and baseline HAM-D
score, age, gender, race, BDI, duration of depression, GAF, CGI-S and CGI-I scales were included
as covariates in this model. These variables were included because it was thought that they could
be related to severity of depression over time or to the probability of missingness. Separate
imputations were done for each of the three treatment arms. All variables that were to be included
in the analyst’s model were included in the imputer’s model, therefore the imputer’s model and the
analyst’s model were congenial. Since the missing data pattern in the HAM-D scores was not
monotone, the MCMC imputation method was used on the full data set. The implementation of

multiple imputation in SAS is discussed in more detail in Section 5.4.2.

Week 1 Week 2

wo2

0 2000 4000 6000 8000 10000 12000 0 2000 4000 6000 8000 10000 12000
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Iteration Iteration
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Figure 6.13: Autocorrelation plot with 95% confidence interval for the mean

Hamilton depression scale, sertraline arm

The trace plots and autocorrelation plots are used to check convergence for the single chain. The
trace plots and autocorrelation plots were similar in all three treatment arms, and only the plots for
the sertraline arm are given in Figure 6.12 and Figure 6.13. Iterations during the burn-in period are
indicated with negative iteration numbers. There is no pattern in the trace plots from Weeks 1 to 8.
However from Week 10 onwards a pattern is present. The autocorrelation plots show large positive
autocorrelations from Week 10 onwards. The models do not seem to reach a stationary distribution
and autocorrelation exist between the imputations. This means that the results from Week 10
onwards should be regarded with some suspicion. This is likely due to the fact that more data are
imputed than present. This example illustrates the inadequacy of multiple imputation when a

substantial amount of data are incomplete.

Table 6.8 indicates that the major source of variance from Week 1 to Week 8 was the within
imputation variance. The between imputation variance added more to the overall variance at the
later weeks, where more data were missing than at the earlier weeks. From Week 10 onwards the
contribution of the between imputation variation to the total variance is as large or larger as that of

the within imputation variance. In the case of the hypericum arm and to a lesser extent the placebo
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arm, the contribution of the between imputation variance is much higher than the contribution of

the within imputation variance at the later weeks.

Table 6.8: Multiple imputation variance information
Sertraline Hypericum Placebo

Week Between Within Total df | Between Within Total df BetweenWithin Total df
1 0.036 0.252 0.288 93.1 0.020 0.233 0.252 100.9 | 0.008 0.204 0.2119 108.7
2 0.060 0.293 0.353 87.2 0.023 0.289 0.312 101.3 | 0.011 0.275 0.286 108.6
3 0.070 0.375 0.446 88.7 0.038 0379 0418 99.1 | 0.045 0.377 0422 99.7
4 0.084 0.377 0.462 85.7 0.042 0.446 0.488 99.8 | 0.029 0.376 0.406 104.4
6
7
8

0.119 0.420 0.540 80.7 0.077 0469 0547 92.6 | 0.080 0.446 0.526 93.6
0.133  0.468 0.602 80.6 0.077 0412 0490 90.5| 0.094 0.446 0.542 90.5
0.132  0.444 0.577 79.6 0.114 0487 0.603 86.2 | 0.134 0.511 0.647 859
10 0.369 0.274 0.647 39.7 1460 0.519 1993 247 | 1.873 0.576 2.468 228
14 0.860 0.425 1.294 30.6 2711 0442 3.181 13.7 | 2.032 0.624 2.677 22.8
18 0.646 0.391 1.044 34.9 8.100 1.400 9.582 144 | 3.118 0.291 3.440 8.8
22 1.088 1.126 2.226 48.2 | 11.395 3.130 14.639 20.5| 8973 0.667 9.730 7.3
26 1.282 0.541 1.835 27.4| 10308 3.277 13.688 22.8 | 5056 0.862 5969 14.6
df = degrees of freedom

Table 6.9: Relative increase in variance and fraction missing information in

procedure MI
Sertraline Hypericum Placebo
Week Relative Fraction Relative Fraction Relative Fraction
increase in missing increase in missing increase in missing
variance information variance information variance information
1 0.143240 0.125570 0.084527 0.078052 0.038938 0.037506
2 0.206724 0.171801 0.080002 0.074178 0.039641 0.038158
3 0.189869 0.160004 0.101472 0.092280 0.120578 0.107812
4 0.224152 0.183661 0.094138 0.086176 0.077247 0.071804
6 0.285394 0.222802 0.166407 0.143019 0.181048 0.153696
7 0.286370 0.223396 0.188143 0.158776 0.213627 0.176539
8 0.299118 0.231070 0.236749 0.192026 0.265517 0.210511
10 1.360650 0.579203 2.843796 0.742670 3.283540 0.769271
14 2.044079 0.674446 6.190996 0.862974 3.287605 0.769491
18 1.669447 0.628316 5.842185 0.855954 10.836795 0.916913
22 0.975947 0.496389 3.676539 0.788787 13.591876 0.932639
26 2.393768 0.708260 3.177220 0.763356 5.925076 0.857686

The relative increase in variance showed that the uncertainty caused by the missing data increased
the variance more at later visits (Table 6.9). Week 26 was an exception, and the relative increase in
variance was smaller than at preceding visits. In the sertraline arm the relative increase in variance
reached a high of 2.4 at Week 26, in the hypericum arm it reached a high of 6.2 at Week 14 and in
the placebo arm the ratio reached a high of 13.6 at Week 22. The fraction of missing information
was above 0.5 at all but one visit post Week 10. The fraction of missing information in the placebo

arm was particularly large, in excess of 0.75 after Week 8.
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Even though our interest lies in fitting a longitudinal model, we also provide the cross-sectional

summaries of mean HAM-D scores at each visit (Table 6.10).

Table 6.10: Cross sectional summaries of multiple imputation of Hamilton depression
scale; mean (standard error)

Sertraline Hypericum Placebo p-value
Week 1 19.6 (0.53) 20.1 (0.50) 18.9 (0.46) 0.31
Week 2 16.6 (0.59) 18.4 (0.56) 17.7 (0.53) 0.18
Week 3 15.3 (0.65) 17.5 (0.64) 17.3 (0.65) 0.03
Week 4 14.3 (0.67) 16.7 (0.70) 15.8 (0.63) 0.14
Week 6 13.3(0.72) 15.8 (0.73) 14.9 (0.72) 0.13
Week 7 11.9 (0.71) 14.5 (0.69) 12.8 (0.73) 0.37
Week 8 11.0 (0.68) 13.1 (0.75) 12.7 (0.79) 0.12
Week 10 9.5 (0.78) 13.7 (1.35) 13.0 (1.54) 0.05
Week 14 7.9 (0.98) 11.1 (1.61) 12.9 (1.57) 0.01
Week 18 8.1 (0.98) 14.1 (2.29) 7.2 (1.72) 0.65
Week 22 11.0 (1.27) 10.4 (2.31) 9.8 (2.73) 0.69
Week 26 9.5 (1.21) 15.9 (2.20) 12.0 (2.28) 0.35

Comparing the means and standard errors of the imputed HAM-D scores (Table 6.10) and the
results from the available case analysis (Table 6.4) shows that the standard errors and means were
higher with multiple imputation, especially after Week 10. The means in the sertraline arm were
lower than the means in the other two treatment arms at all time points from Week 2 to Week 14.
P-values at Weeks 3, 10 and 14 were significant. The multiple imputation chain did not seem to
converge from Week 10 onwards and the results from Week 10 onwards should be interpreted with
care. If future missing measurements could not be predicted from the past observed data combined

with the covariates, it was unlikely that the multiple imputations are correct.

According to the study design participants who did not respond to treatment by Week 8 were
discontinued from the study. Therefore all data in Figure 6.14 to Figure 6.16 from Week 10
onwards are imputed. In the placebo arm data after Week 8 seem to have much less variation than
data before Week 8. Values seem to decline from Week 8 to Week 22, but increase again at Week
26. At Week 22, all values are relatively similar (Figure 6.14). In the sertraline arm HAM-D
scores seem to decrease from Week 8 to Week 14 and increase again to Weeks 22 and 26. HAM-D
scores at Week 26 were similar to HAM-D scores at Week 8 (Figure 6.15). In the hypericum arm
there was no specific pattern in the imputed data (Figure 6.16). The pattern of imputed values was

different in each of the three treatment arms.



189

251

HAM-D score

151

10

251

HAM-D score

151

101

Q 2 4 6 8 10 12 4 16 18 X 22 24 26

Figure 6.14: Imputed Hamilton depression scale total scores in the placebo arm for
participants who completed the acute phase of treatment (up to Week 8) and did not
continue to the continuation phase due to protocol defined non-response at Week 8.
The vertical black line at 8 weeks indicates the cut-off between observed and imputed data. Each
line represents a participant.
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Figure 6.15: Imputed Hamilton depression scale total score in the sertraline arm for
participants who completed the acute phase of treatment (up to Week 8) and did not

continue to the continuation phase due to protocol defined non-response at Week 8.
The vertical black line at 8 weeks indicates the cut-off between observed and imputed data. Each
line represents a participant.
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Figure 6.16: Imputed Hamilton depression scale total score in the hypericum arm for
participants who completed the acute phase of treatment (up to Week 8) and did not
continue to the continuation phase due to protocol defined non-response at Week 8.
The vertical black line at 8 weeks indicates the cut-off between observed and imputed data. Each
line represents a participant.
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All the participants included in Figure 6.14 to Figure 6.16 were terminated from the study at
Week 8 because of lack of response. One therefore expects that the HAM-D scores would worsen
or stay the same from Week 10 onwards, and not that it would improve. However, in the placebo

and sertraline arms an improvement is seen in these imputed values.

251

HAM-D scors

101

Figure 6.17: Imputed Hamilton depression scale total score in all arms for
participants who completed the acute phase of treatment (up to Week 8) and did not
continue to the continuation phase. The participants were responding at Week 8, but

chose not to continue with the study.
The vertical black line at 8 weeks indicates the cut-off between observed and imputed data.

In contrast Figure 6.17 includes participants who responded at Week 8, but did not for some other
reason continue into the continuation phase. One would expect these participants to have
continued good responses in the imputed data. However, some of the imputed data showed a slight
worsening of the depression scores or maintenance of the current score rather than continued

improvement.

In Table 6.10 multiple imputation was used to calculate the mean and standard deviation at each of
the visits. Multiple imputation can also be used to fit a longitudinal model to the data instead of
summarising the data at each of the visits. Table 6.11 gives the results when a mixed model is

fitted using the data sets created using multiple imputation. This can be contrasted to the mixed



193

model fitted in Table 6.7 without using multiple imputation. Both methods are valid under MAR

assumptions and give similar results.

Table 6.11: Hamilton depression scale. Likelihood-based parameter estimates and
standard errors when using procedure MIXED in SAS after multiple imputation

Data up to Week 8 Data up to Week 26

Effect Estimate  Standard p-value [Estimate Standard p-value
error error

Intercept 22.70 0.25 22.55 0.31
Sertraline (ref: placebo) 0.09 0.35 0.79 -0.26 0.42 0.54
Hypericum (ref: placebo) 0.42 0.35 0.23 0.42 0.42 0.33
Week -1.15 0.09 <0.001 -1.50 0.08 <0.001
Week squared 0.05 0.003 <0.001
Interaction week and treatment -0.23 0.13 0.08 -0.04 0.08 0.59
(sertraline compared to placebo)
Interaction week and treatment 0.01 0.13 0.95 0.10 0.09 0.24
(hypericum compared to placebo)

One expects the estimates obtained from likelihood-based methods and multiple imputation to be
similar; especially if the imputer’s model was the same as the analyst’s model. In this case the
imputer’s model included several covariates, deemed to possibly be associated with HAM-D score,
which were not included in the analyst’s model or in the likelihood-based model. Differences
between these results and the results from the likelihood-based method (Table 6.7) were in part due
to the inclusion of covariates in the multiple imputation. Considering the data up to Week 8, we
draw similar conclusions; namely that the interaction between week and sertraline compared to
placebo had a small p-value (0.05 and 0.08, respectively) and that the interaction between week and
hypericum compared to placebo was not significant. The estimated effects were also similar
between the two models. We concluded that over the first 8 weeks, the improvement in the
sertraline arm is significantly better than the improvement in the placebo arm. The same cannot be
said of hypericum.

Figure 6.18 gives the models fitted for all three treatment arms.

If we consider the data up to Week 26, there was no significant week by treatment interaction when
multiple imputation was employed (Table 6.11). When the likelihood-based analysis was done, the
estimates were different, and the p-value for the week by sertraline treatment arm compared to
placebo arm was small (0.07). The multiple imputation results might not be reliable beyond Week
10, where more data were imputed than observed and autocorrelation was present. The results over

the entire 26 weeks with multiple imputation should therefore be interpreted with caution.
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Figure 6.18: Hamilton depression scale. Mixed model fitted after multiple
imputations (Table 6.11)

6.4.3 Bayesian analysis under MAR

A Bayesian model was fitted to the data of all participants, those with and without missing data;
Probability distributions were estimated for the missing values and then simulations were drawn
from the posterior distribution. One advantage of using Bayesian methods with missing data is that
no change is needed to the model specified, i.e. the same model that would be appropriate if there

weres no missing data can be specified.

We fitted a longitudinal model with a different unstructured covariance matrix in each of the
treatment arms as follows:
y;|Z; = k ~ Multivariate Normal (g, Q)
where Z; = k indicates that the observation belongs to treatment arm k
Kij = Bo+ BiSi+ B2H; + Bstij + (ByS; + BsHty;
for the model fitted up to Week 8. The variables are as defined in Section 6.4. The model fitted to
the data up to Week 26, was

tij = Bo+ BiSi+ BoH; + Batij + (BaS; + BsH)tij+ Pet?: .
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Uninformative priors were chosen for the unknown parameters of the model of interest. Different
sets of prior distributions were assigned. In Set 1, the f parameters (By, B1, 52,53, P Bs) and
(Bo, B1, B2, B3, Ba, Bs, Be), respectively are assigned Normal(0; 10,000) priors and the inverse of Q
was assigned a Wishart(L,5) prior, where I is the identity matrix. Prior Set 2 assigned all the f
parameters a Normal(0, 1000) prior and the inverse of €2 was assigned a Wishart(A,5) prior, where
A is a diagonal matrix with 0.1 on the diagonal. Prior Set 3 assigned all the f parameters a
Normal(0, 10) prior and the inverse of Q2 a Wishart(A,5) prior, where A is a diagonal matrix with

10 on the diagonal.

All models were fitted using OpenBugs, which uses MCMC methods and run for 40000 iterations,
including 20000 burn-in iterations. Two chains with different starting values were used and
convergence was checked by a visual inspection of the trace plots. All the runs discussed

converged.

The choice of vague prior did not change the results appreciably in the MAR analysis (Table 6.12).
The results were almost identical with prior sets 1 and 2. Of course, many more choices of priors
are possible. Using the data up to Week 8, the interaction between week and sertraline arm
compared to placebo arm was significant. The interaction between week and the hypericum arm
compared to the placebo arm was not significant. The conclusions drawn were the same as with
the likelihood-based analysis; although the absolute value of the estimate for the interaction
between week and sertraline arm compared to the placebo arm was larger under the Bayesian

model.

Using all the data up to Week 26, also leads to the conclusion that the decrease in HAM-D score in
the sertraline arm compared to the placebo arm was significant, but the decrease over time in the
hypericum arm compared to the placebo arm was not significant. This was the same conclusion as

under the likelihood-based analysis.

Differences between the likelihood-based analysis and the Bayesian analysis can be attributed to
the addition of prior distributions. Adding prior distributions added additional assumptions to this
model, over and above the assumptions made by the substantive model. By choosing non-
informative priors, we hope that the results are not sensitive to the choice of the prior. This was

illustrated by the fact that the results did not change appreciably when the priors were varied.
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Table 6.12: Hamilton depression score posterior means, standard deviations and
credible intervals according to Bayesian analysis under MAR assumptions

Prior set 1 Prior set 2 Prior set 3
8 ~ Normal(0,10 000) f ~ Normal(0, 1000) B s ~ Normal(0, 10)
Q~Wishart(l,5) Q~Wishart(A,5) Q~Wishart(A,5)
I: Identity matrix A: diag (0.1,0.1,0.1,0.1,0.1) | A: diag (10, 10, 10, 10, 10)
Effect Mean SD 95 % Mean SD 95% Mean SD 95 %
credible credible credible
interval interval interval
Data up to Week 8
Intercept 22.53  0.27 22.53 0.27 22.36 0.27
Sertraline (ref: 0.04 037 -0.69;0.77 0.04 0.37 -0.69;0.77 [{0.20 0.37 -0.53;0.93
placebo)
Hypericum (ref: 0.62 038 -0.14;1.37 0.62 0.38 -0.14;1.37 |0.77 0.38 0.03;1.52
placebo)
Week -1.59  0.16 -1.92;-1.28 | -1.59 0.16 -1.92;-1.28 |-1.59 0.16 -1.91;-1.27
Interaction week and -0.54  0.22 -0.96;-0.11 -0.54 0.22 -0.96;-0.11 |-0.54 0.22 -0.97;-0.11
treatment (sertraline
compared to placebo)
Interaction week and -0.02 024 -049;044 | -0.02 0.24 -0.49;0.44 |-0.03 0.24 -0.49;0.43
treatment (hypericum
compared to placebo)
Data up to Week 26
Intercept 2245 0.26 2245 0.26 22.32 0.26
Sertraline (ref: 0.16 0.34 -0.53;0.83 | 0.16 0.34 -0.53;0.83 | 0.29 0.34 -0.39;0.97
placebo)
Hypericum (ref: 0.67 036 -0.03;1.38 | 0.67 036 -0.03;1.38 | 0.80 0.36 0.10;1.51
placebo)
Week -3.15  0.26 -3.66;-2.63 | -3.15 0.26 -3.66;-2.63 | -3.13 0.27 -3.65;-2.62
Week squared 0.39 0.05 0.28;049 |039 0.05 0.28;0.49 0.39 0.05 0.28;0.49
Interaction week and  -0.50 0.20 -0.90;-0.11 | -0.50 0.20 -0.90;-0.11 | -0.51 0.20 -0.90;-0.11
treatment (sertraline
compared to placebo)
Interaction week and  0.06 0.22 -037;049 | 0.06 022 -0.37;049 | 0.06 0.22 -0.37;0.49
treatment (hypericum
compared to placebo)

SD: Standard deviation
Highlighted sections indicate statistical significance

6.4.4 Inverse probability weighting

Inverse probability weighting assumes monotone missingness and we imputed the few non-
monotone missing values in order to create a monotone dataset. Inverse probability weighting was
done through a two-stage process. A logistic regression model was fitted at each visit to determine
the probability of observing the outcome measurement. Baseline covariates and response variables
for visits O to t-1 were included. For each visit the probability of being observed was conditional
on being observed at the previous visit. Any participant who was missing at a visit was not
included in the estimation of the probability of being observed at a subsequent visit. The
conditional probability of being observed at visit  was

Aie = P(Riy = 1|Ri,t—1 =1X,Y;, ---'Yi,t—l)
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The occasion specific unconditional probability of being observed for each visit, w;; = P(R;; = 1),
was then estimated as #; =4y XA x..xA;. The inverse of this product of conditional
probabilities was used as the occasion specific weight. A linear model of interest was then fitted to

the responders using weighted regression, where the weights were the reciprocal of this product,
namely ﬁiw
GEE is not generally valid unless the missingness process is MCAR, but weighted GEE is valid
when the missingness process is MAR. The results of the weighted GEE method is given in Table
6.13, both with a logistic regression model including additional covariates (baseline HAM-D score,
age, gender, BDI, duration of depression, GAF, CGI-S and CGI-I scales) and with a logistic
regression only including outcome measurements. Including covariates in the calculation of the
weights helps improve the accuracy of the weights and therefore improves the results obtained with
this method. The weighted GEE analysis used a different estimation method and is not directly
comparable with the models given earlier. Standard errors should be calculated using bootstrap
methods, because the standard errors calculated using standard methods are not accurate. We give
here the incorrectly calculated standard errors calculated through procedure GENMOD applying
GEE, because of problems experienced with bootstrap that will be discussed later. We argue that
the loss of precision in the calculation of the standard errors is less serious than the possibility of
bias introduced when some of the bootstrap samples do not converge. In Chapter 5 standard errors
were calculated using bootstrap and the standard errors were similar to the standard errors
calculated using standard methods in procedure GENMOD. We therefore believe that the error in

the calculation of the standard errors is fairly small.

Up to Week 8 the weighted GEE showed an improvement in mean HAM-D score over time in the
sertraline arm compared to the placebo arm. This improvement was small and not statistically
significant. The interaction between week and the hypericum arm compared to the placebo arm
was almost 0 and not statistically significant. The models with and without covariates in the

logistic regression model to calculate the weights gave similar results.

To improve on the inverse probability weighted GEE fitted, a doubly robust method was also used.
The application of this method was discussed in more detail in Section 5.4.4. The standard SAS
output for the variance of the estimators underestimate the true variance since the response values
for the final model are the predicted values from a previous weighted model. Multiple bootstrap
samples were taken in an attempt to correctly estimate the variance. Each data set consisted of a
sample with replacement. The mean and standard error of the parameter estimates were calculated

by taking the mean and standard error of the estimates obtained from each of the bootstrap samples.
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Table 6.13: Hamilton depression score, inverse probability weighting methods, data
up to Week 8

Weighted GEE without covariates| Weighted GEE with covariates

Effect Estimate Standard p-value |Estimate Standard error p-value
error

Intercept 19.69 0.53 19.78 0.54

Sertraline (ref: placebo) -0.62 0.81 0.45 -0.73 0.84 0.38

Hypericum (ref: placebo) 1.01 0.77 0.19 0.98 0.78 0.21

Week -0.90 0.11 <0.001 -0.90 0.11 <0.001

Interaction week and treatment -0.12 0.15 0.41 -0.13 0.16 0.41

(sertraline compared to placebo)

Interaction week and treatment -0.01 0.15 0.98 -0.04 0.15 0.80

(hypericum compared to placebo)

Doubly robust estimator without Doubly robust estimator with

covariates covariates
Estimate Standard p-value |Estimate Standard error p-value
error
Intercept 19.17 0.63 19.12 0.67
Sertraline (ref: placebo) -0.13 0.72 0.86 -0.24 0.77 0.76
Hypericum (ref: placebo) 0.98 0.84 0.25 0.74 0.79 0.36
Week -0.74 0.19 <0.001 -0.68 0.25 0.01
Interaction week and treatment -0.30 0.14 0.04 -0.30 0.15 0.05
(sertraline compared to placebo)
Interaction week and treatment -0.06 0.15 0.68 -0.12 0.18 0.51

(hypericum compared to placebo)

With covariates and without covariates refers to whether auxiliary covariates were included in the logistic regression
model used to calculate the probability of being observed. Treatment arm was included as a covariate in both models.

The logistic regression in step 1 used to calculate the probability of being observed had many
convergence problems, because the bootstrapped samples included duplicate records compared to
the original data set. The convergence problems were more extreme when more covariates were
included in the models. If the proportion of non-converging samples is high, the estimates may be
biased. If auxiliary covariates were included only 34 of 200 bootstrap samples converged. If
auxiliary covariates were not included only 61 of 200 bootstrap samples converged. The resulting
estimates could therefore be biased. Despite the possibility of bias introduced, the results of the
doubly robust estimator (without covariates) are similar to the results found with the likelihood
based, multiple imputation and Bayesian methods. From the doubly robust analysis we conclude
that mean HAM-D score in the sertraline arm improved more over time than mean HAM-D score
in the placebo arm, and this difference was statistically significant. The same could not be said

about the hypericum arm compared to the placebo arm.
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Table 6.14: Hamilton depression score, inverse probability weighting methods, data
up to Week 26

Weighted GEE without covariates| Weighted GEE with covariates

Effect Estimate Standard p-value |Estimate Standard error p-value

error
Intercept 19.20 0.73 19.16 0.78
Sertraline (ref: placebo) 0.18 0.95 0.85 0.04 0.90 0.97
Hypericum (ref: placebo) 1.72 0.94 0.07 0.96 0.92 0.30
Week -0.96 0.13 <0.001 -0.91 0.16 <0.001
Interaction week and treatment -0.20 0.12 0.08 -0.16 0.07 0.02
(sertraline compared to placebo)
Interaction week and treatment -0.12 0.11 0.26 0.01 0.08 0.94
(hypericum compared to placebo)
Week squared 0.02 0.004 <0.001 0.02 0.01 0.01

Doubly robust estimator without Doubly robust estimator with
covariates covariates
Estimate Standard p-value |Estimate Standard error p-value

error
Intercept 19.85 2.00
Sertraline (ref: placebo) -1.61 3.08 0.61
Hypericum (ref: placebo) 0.95 1.68 0.58
Week -1.16 0.21 <0.001
Interaction week and treatment -0.05 0.13 0.70
(sertraline compared to placebo)
Interaction week and treatment -0.04 0.14 0.79
(hypericum compared to placebo)
Week squared 0.03 0.01 <0.001

With covariates and without covariates refers to whether auxiliary covariates were included in the logistic regression
model used to calculate the probability of being observed. Treatment arm was included as a covariate in both models.

For the data up to Week 26, the weighted GEE with and without covariates lead to similar
conclusions. We conclude that there is a significant interaction between week and the sertraline
arm compared to the placebo arm (the p-value is small and almost significant for the weighted GEE
without covariates). The interaction between week and the hypericum arm compared to the
placebo arm was not significant. Only 4 samples converged in the doubly robust estimator that
included covariates in the missing data model. These results are not presented. The logistic
regression without covariates had slightly better convergence and 19 of the 200 samples converged.
The results of the doubly robust estimator could be biased because such a large number of

bootstrap samples are excluded and we did not consider it further here.

6.4.5 Conclusion of MAR analysis

It was reasonable to assume that the data might be MAR; thus the multiple imputation, likelihood-
based analysis, Bayesian analyses, pattern-mixture model using ACMV identifying restrictions
(discussed in Section 6.5.1.3 with the MNAR models) and inverse probability weighting performed
under MAR assumptions could be valid or reasonable approaches (Table 6.15). Up to Week 8,
where most data were observed, the multiple imputation, likelihood-based analysis, Bayesian

analysis and inverse probability weighting gave similar results. We concluded from this that the
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interaction between week and sertraline compared to placebo was significant, and the interaction

between week and hypericum compared to placebo was not.

Analysing data up to Week 26, where the majority of the data were missing, the multiple
imputation results differed from the results with likelihood-based and Bayesian methods. The
multiple imputation chain did not reach a stationary distribution and autocorrelation existed
between the imputations from Week 10 onwards. For this reason, we believed that the results of
the multiple imputation up to Week 26 should be interpreted with caution. If we only considered
the likelihood-based, Bayesian and weighted GEE methods, we concluded that there was a
significant interaction between week and sertraline compared to placebo, but not between week and

hypericum compared to placebo.

Table 6.15: Summary of findings in all MAR sensitivity analyses

Interaction week and Interaction week and hypericum
sertraline arm arm
Estimate p-value Estimate p-value
Data up to 8 weeks
Likelihood-based methods -0.24 0.05 0.03 0.79
Multiple imputation -0.23 0.08 0.01 0.95
Bayesian analysis (Prior set 1) -0.54 Significant -0.02 Not significant
Inverse probability weighting (doubly -0.30 0.04 -0.06 0.68
robust without covariates)
Weighted GEE with covariates -0.13 0.41 -0.04 0.80
Data up to 26 weeks
Likelihood-based methods -0.10 0.07 -0.04 0.48
Multiple imputation -0.04 0.59 0.10 0.24
Bayesian analysis (Prior set 1) -0.50 Significant 0.06 Not significant
Weighted GEE with covariates -0.16 0.02 0.01 0.94

We concluded that the sertraline arm was superior to the placebo arm in treating depression. The
same was not observed for the hypericum arm. We could thus conclude that hypericum was not
superior to placebo, in a clinical trial where a standard anti-depressive (sertraline) was found to be
superior to placebo. This changed the interpretation of the clinical trial substantially from what
was concluded previously, where missing data were ignored in the analysis (Hypericum Depression

Trial Study Group, 2002).

We were interested in Estimand 1, as described by the National Research Council (2010). The
methods used attempted to impute or otherwise include data up to Week 8 for all participants
randomised, therefore enabling Estimand 1. However, the assumption was made that participants
who dropped out continued to adhere to treatment in the same way as they did while on treatment.
This assumption was not completely unrealistic, since these treatments were available and

participants could continue to obtain the medication outside of the study setting. It was also
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possible that participants who discontinued study visits could obtain other rescue medication or

take no medication whatsoever, which would invalidate this assumption.

If the aim was to estimate drug efficacy, one is also interested in Estimand 3. It is unlikely that the
data collected in this trial would enable one to estimate Estimand 3, the difference in outcome
improvement if all participants tolerated and adhered to treatment. There was simply too much
non-adherence due to drop-out. An estimate for this estimand can be calculated by only including
data while participants were adhering to treatment and then inferring future profiles using this data.
This was not done. Estimand 6 can more realistically be obtained than Estimand 3, in which case,
the methods discussed in Carpenter et al. (2013) would be useful. Estimand 6 is estimated using a
weighted average of the treatment effect at endpoint in those who adhered to study medication and
the treatment effect in those who discontinued study medication. The placebo arm is then used to
estimate the treatment effect in participants who discontinued study medication in the active

treatment arm.

The analysis including all data up to Week 26 does not answer any well-defined research question
or address any estimand of interest. Data are collected up to Week 8 in all participants who do not
drop out, and from Week 10 data are collected only for participants who responded to treatment.
During the analysis data are imputed or simulated for the participants who did not respond
according to the patterns observed up to that time point. The results depend more on the treatment
of the missing data than on what was observed. A more useful analysis may be to only analyse the
data from Week 8 to Week 26 in those participants who responded at Week 8. This would then be
a conditional analysis; given that a participant responded at Week 8, what is the continued
treatment effect from Week 10 to Week 26. This is what was done in Sarris et al. (2012), who
handled missing data after Week 10 by LOCF and not by appropriate methods. This is a
randomised comparison any more. This conditional analysis needs to be done taking missing data
into account, since only a small number of participants who entered the continuation phase
completed the entire study to Week 26; 28 (57.1%) in the sertraline arm, 24 (63.2%) in the
hypericum arm and 27 (64.3%) in the placebo arm.

This data set highlights a major problem with the missing data techniques. Even though the
methods exist to analyse data under MAR assumptions and these methods can easily be
implemented in standard software, the methods do not perform well, and might not converge or
reach stationary distributions when the majority of data are missing. Sparse dropout patterns also

create problems during the analysis of data.
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6.5 Analysis of HAM-D score under MNAR assumptions

6.5.1 Pattern-mixture models

The patterns of missing data are given in Table 6.2. The first challenge when using pattern-mixture
models is to determine how the various dropout patterns should be grouped. Three different
dropout variables were defined. In the first model dropout was a binary variable created to indicate
whether a participant completed the study or not. Dropout was assigned a value of zero if the study
was completed and a value of one if the study was not completed (Model 1 and Model 3). In
Model 1 data up to Week 8 only were considered and in Model 3 data up to Week 26 were
considered. In addition, a second dropout variable was created with three categories, completing
the entire study, being regarded as a treatment failure at Week 8 and discontinued from the study
and dropped out of the study for any other reason. This model (Model 2) was fitted using data up

to Week 26. Table 6.16 gives the number of participants in each of the categories of missing data.

Only 24.1% of participants completed the study up to 26 weeks, while 72.1% of participants
completed the first 8 weeks of the study. In Model 2 the largest group was the participants who
dropped out of the study (Table 6.16).

Table 6.16: Number of participants in each of the categories of missing data
Sertraline, n = 111 Hypericum, n =113 Placebo, n =116
Model 1: Binary dropout variable for study up to 8 weeks

Completed 79 (71.2%) 82 (72.6%) 84 (72.4%)

Dropped out 32 (28.8%) 31 (27.4%) 32 (27.6%)
Model 2: Three dropout categories (up to 26 weeks)

Completed study 31 (27.9%) 24 (21.2%) 27 (23.3%)

Treatment failure at Week 8 27 (24.3%) 40 (35.4%) 38 (32.8%)

Dropout 53 (47.7%) 49 (43.4%) 51 (44.0%)
Model 3: Binary dropout variable for entire study (up to 26 weeks)

Completed 31 (27.9%) 24 (21.2%) 27 (23.3%)

Dropped out 80 (72.1%) 89 (78.8%) 89 (76.7%)

Table 6.17 gives the estimated B-coefficients for each of the patterns of missing data. We assumed
an unstructured covariance matrix in all cases. With some of the models, especially the models
with dropout, the models did not converge because the Hessian matrix was not positive definite. A
heterogeneous compound symmetry covariance matrix was assumed for the dropouts in Model 1
and Model 3. The heterogeneous compound symmetry assumes the same correlations between
observations at any two pairs of times, while allowing unequal variances at the different time

points. This is a relatively simple covariance structure and is constructed as follows:
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Table 6.17: Estimates and standard errors of the different patterns of missing data

Model 1 (data up to 8 weeks) Model 3 (data up to week 26)

Completed Dropped out Completed Dropped out
Effect Estimate SE |Estimate SE [Estimate SE [Estimate SE
Intercept 22.86 0.29 | 22.18 0.50 21.53 0.53 22770 0.34
Sertraline (ref: placebo) 0.42 0.44 0.54 0.68 0.25 0.67 041 045
Hypericum (ref: placebo) -0.23 0.37 0.82 0.75 0.88 0.68 046 047
Week -1.18 0.10 | -094 0.29 -1.91  0.06 -1.53  0.09
Interaction week and treatment -0.20 0.13 | -0.63 0.44 0.09 0.05 -0.19  0.08
(sertraline compared to placebo)
Interaction week and treatment -0.01 0.13 0.02 0.41 0.06 0.05 0.05 0.08
(hypericum compared to placebo)
Week squared 0.05  0.002 0.07 0.01

Model 2: Three dropout categories (up to 26 weeks)
Completed Treatment failure Dropout
study at Week 8

Effect Estimate SE Estimate SE |Estimate SE
Intercept 21.53  0.53 23.06 0.50 22.11 0.70
Sertraline (ref: placebo) 0.25 0.67 -0.01 0.62 -0.51 0.96
Hypericum (ref: placebo) 0.88 0.68 0.23 0.77 0.12 0.96
Week -1.91 0.06 -1.39 0.21 -2.18 0.16
Interaction week and treatment 0.09 0.05 -0.24 0.14 -0.14 0.14
(sertraline compared to placebo)
Interaction week and treatment 0.06 0.05 -0.07 0.14 0.26 0.16
(hypericum compared to placebo)
Week squared 0.05  0.002 0.11 0.02 0.09 0.01

SE: Standard error

In Model 3 the Hessian matrix was not positive definite when either an unstructured covariance
matrix or a heterogeneous compound symmetry matrix was assumed for the participants who
dropped out. This was despite this pattern containing almost half the participants, therefore the
convergence problems were not caused by small sample size. This model was fitted using an
autoregressive matrix, which was appropriate, since the visits were spaced at equal intervals. MAR
models assume the slope of the HAM-D scores over time is the same across patterns, however the

slopes differed by dropout pattern for all the models fitted.

6.5.1.1  Pattern-mixture models using random-effects mixed models

Procedure MIXED in SAS was used to fit the model with HAM-D score as the dependent variable.
Independent variables included the fixed, categorical effects of treatment, dropout, and the dropout

by treatment interaction, as well as the continuous effect of time. The time by treatment and
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dropout by time and dropout by treatment interaction and the three level interaction of dropout,
treatment and time were included. Adding a term for time squared improved the fit of the model
since it was not a linear pattern. An unstructured covariance matrix was used to model the within
participant errors. Parameters were estimated using REML with the Newton—Raphson algorithm.
Asymptotically exact standard errors were obtained. Denominator degrees of freedom were

estimated using the Kenward-Roger correction (Kenward & Roger, 1997).

The regression equation for the pattern-mixture model with a binary dropout variable
(Model 1 and Model 3)
Y;; = Bo+ BiH; + B2Si + Baty; + (BarHi+ BazSOtij + BsD; + BstyD; + Bstf + PgiDiH; +

Bs2DiSi + (BorHi+ Bo2StiiD; + &

Regression equation for pattern-mixture model with three dropout categories (Model 2)

Yij = Bo+ BiH; + B2S; + Bstyj + (BarHi+ BazStij + Bs1Ci + Bs2Wi + (Be1Ci + Bs2 Wity +
B7ti2j + Bs11CiH;i + Bg12WiH; + Bg21CiS; + Bg22WiS; + (Bo11CiH; + Bo12WiH; + Bo21CiS; +
Boz2WiS; )tij + &

where C;= 1 if completed, O otherwise; W;= 1 if participant was a treatment failure at Week 8 and
terminated from the study, O otherwise

For Models 1 and 3, a binary variable for dropout was added to a longitudinal model as a main
effect and as interactions with the variables treatment and week. This allowed one to examine the
degree to which dropouts differed from completers in terms of the outcome variable. The main
effect of dropout was not significant in Model 1, but significant in Model 3. The degree to which
the dropout pattern moderated the influence of other model terms was investigated by looking at
interactions with the dropout pattern. The interaction of dropout and week was significant, but the

interaction of treatment and dropout was not significant in either Model 1 or 3.

In Model 2, the missing data variable was not a binary variable, but consisted of three patterns.
The effect of the missing data pattern was significant. The interaction of dropout and week was
significant, but the interaction of treatment and dropout was not significant in any of the models.
In Model 1 the only significant interaction was the interaction between week and dropout.
Although the pattern-mixture model fitted can be simplified by excluding some non-significant
interactions from the model, we did not exclude any interactions. The interaction between
treatment and dropout was retained, since the p-value was less than 0.10, even though it was not
below 0.05. The interaction between week and treatment was also retained, since this is the

primary comparison we are interested in (Table 6.18). These fitted models are given in Table 6.19.
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Table 6.18: F-test of fixed effects for models including all two way interactions and a
three way interaction between treatment arm, dropout and week, adjusted for all
other variables and interactions in the model

Effect Degrees of freedom F-value p-value

Numerator Denominator

Model 1: Binary dropout variable, data up to 8 weeks

Treatment 2 205 3.85 0.02
Week 1 292 286.6 <0.001
Week? 1 280 72.3 <0.001
Dropout 1 348 0.22 0.64
Interaction week and treatment 2 165 1.14 0.32
Interaction between week and dropout 1 418 11.3 0.001
Interaction between treatment and dropout 2 235 2.52 0.08
Interaction between week, treatment and dropout 2 293 1.93 0.15
Model 2: Three dropout categories (up to 26 weeks)

Treatment 2 186 0.04 0.96
Week 1 187 1473 <0.001
Week’ 1 77 704 <0.001
Dropout 2 239 4.71 0.01
Interaction week and treatment 2 204 2.88 0.06
Interaction between week and dropout 2 215 85 <0.001
Interaction between treatment and dropout 4 179 1.02 0.40
Interaction between week, treatment and dropout 4 184 2.55 0.04
Model 3: Binary dropout variable for entire study (up to 26 weeks)

Treatment 2 112 0.19 0.83
Week 1 105 1221 <0.001
Week’ 1 74 528 <0.001
Dropout 1 165 4.90 0.03
Interaction week and treatment 2 138 4.16 0.02
Interaction between week and dropout 1 145 514 <0.001
Interaction between treatment and dropout 2 111 1.92 0.15
Interaction between week, treatment and dropout 2 137 4.48 0.01

The trajectory for mean HAM-D scores over time was different for participants who dropped out
and participants who completed the study. For participants who completed the study there was
little difference between the treatment arms. Amongst dropouts the sertraline arm showed
continued improvement, while the placebo and hypericum arms did not. A visual examination of
the observed and fitted means indicate that the models fit well in all treatment arms for the
completers. For those who dropped out, the model did not fit well for the sertraline arm (Figure

6.19).
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Figure 6.19: Hamilton depression scale by dropout pattern, Model 1 with data up to
Week 8. Squares indicate observed data and lines indicate predicted data.
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Figure 6.20: Hamilton depression scale by dropout pattern, Model 3 with data up to
Week 26. Squares indicate observed data and lines indicate predicted data.
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Table 6.19: Hamilton depression scale, fitted as pattern-mixture model

Effect Model 1 Model 2 Model 3
Binary dropout Three dropout Binary dropout
variable, 8 weeks categories, 26 weeks variable, 26 weeks

Estimate SE p-valueEstimate SE p-value | Estimate SE p-value

Intercept 22.54  0.29 22.26  0.37 22.62  0.50

Sertraline (ref: placebo) -048 039 0.22 0.15 0.50 0.77 -0.32 0.67 0.63

Hypericum (ref: placebo) 0.65 0.42 0.13 0.67 0.55 0.23 -1.01  0.70 0.15

Week -233  0.16 <0.001 |-1.77 0.08 <0.001 -1.74  0.07 <0.001

Interaction week and 0.02 0.13 0.88 0.22  0.11  0.045 -0.05 0.06 042

treatment (hypericum

compared to placebo)

Interaction week and -0.15  0.13 0.25 -0.10  0.10  0.36 -0.03  0.06 0.59

treatment (sertraline

compared to placebo)

Dropout -0.25 056 0.66 0.09 057 0.87

Complete compared to 0.30 0.62 0.63

dropout

Failure compared to 0.86 0.57 0.13

dropout

Interaction week, dropout 0.93 0.29 0.001 0.40  0.09 <0.001

Complete compared to -0.25 0.09 0.01

dropout

Failure compared to 0.84 0.13 <0.001

dropout

Week squared 0.14  0.02 <0.001 | 0.06 0.002 <0.001 0.05 0.002 <0.001

Interaction hypericum, -0.17  0.80 0.83 1.51 0.81 0.06

dropout

Complete compared to -1.68 0.89 0.06

dropout for hypericum

compared to placebo

Failure compared to -0.29  0.83 0.73

dropout for hypericum

compared to placebo
Interaction sertraline, dropout  1.36 0.75 0.07 034 077 0.66

Complete compared to -0.49 0.82 0.55

dropout for sertraline

compared to placebo

Failure compared to -0.19 0.80  0.81

dropout for sertraline

compared to placebo
Interaction hypericum, week, -0.22  0.41 0.59 0.12 0.12  0.31
dropout

Complete compared to -0.17  0.12 0.18

dropout for hypericum

compared to placebo

Failure compared to -0.30 0.19 0.11

dropout for hypericum

compared to placebo
Interaction sertraline, week, -0.80 0.42 0.06 -0.20 0.11  0.09
dropout

Complete compared to 0.15 0.12 0.19

dropout for sertraline

compared to placebo

Failure compared to -0.12  0.18 0.51

dropout for sertraline
compared to placebo

SE: Standard error
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Figure 6.20 shows the fitted curves and the observed data for Model 3. Because values decrease
sharply from baseline to Week 8 and level out after that, the quadratic model overestimates values
slightly prior to Week 10 and fits well after Week 10 for completers. The fit for dropouts is not
good, especially in the placebo arm. This did not improve if an interaction term between week

squared and treatment was included.

Population estimates, averaging over the missing data patterns, were calculated for the fixed effects

using the following formula: E = Zi-;l b;7t; In Model 1 the sample proportions, 7;, of completers
and dropouts were 0.72 and 0.28, respectively. In Model 2 the sample proportion of completers
was 0.24, the proportion of failures at Week 8 was 0.31 and the proportion of dropouts was 0.38.
In Model 3 the sample proportions, 7;, of completers and dropouts were 0.76 and 0.24,
respectively. The average estimates for E is given in Table 6.20. The corresponding standard errors

were calculated using the methodology from section 3.3.2.1.

Table 6.20: Population averaged estimates and standard errors of pattern mixture
model using random-effects mixed model for Hamilton depression scale

Model 1 Model 2 Model 3
Binary dropout variable, Three dropout Binary dropout variable
8 weeks categories, 26 weeks |for entire study, 26 weeks
= Standard p- = Standard p- = Standard p-
Effect B error value B error value B error value
Intercept 22.66 0.25 <0.001| 22.60 0.25 <0.001| 22.65 0.38  <0.001

Sertraline (ref: placebo) -0.24 0.36 0.51 | -0.03 0.34 094 | -0.28 0.52 0.58
Hypericum (ref: placebo)  0.43 0.38 0.27 | 0.04 0.36 091 | -0.61 0.54 0.27
Week -1.38 0.19 <0.001| -1.70  0.15 <0.001| -1.66 0.08  <0.001
Interaction week and -0.38 0.15 0.01 | -0.10 0.07 0.17 | -0.08 0.05 0.12
treatment (sertraline
compared to placebo)
Interaction week and -0.002  0.15 0.99 | 0.09 0.07 0.18 | -0.02 0.05 0.68
treatment (hypericum
compared to placebo)
Week squared 0.06 0.002 <0.001] 0.05 0.002  <0.001

According to Model 1, which uses data up to Week 8, the improvement in the sertraline arm was
significantly different from the improvement in the placebo arm over time, whereas the
improvement in the hypericum arm over time was not statistically significantly different from the
improvement in the placebo arm. Models 2 and 3, which used data up to Week 26 did not find
either treatment arm to lead to improved depression scores over time compared to placebo. In this
analysis, HAM-D scores after dropout were extrapolated. These extrapolations and criticism

against these are discussed in Section 5.5.1.1.
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6.5.1.2  Pattern-mixture models using multiple imputation

We implemented pattern-mixture models using multiple imputations as described in Section
5.5.1.2. Different values of J, which indicates the association between HAM-D score and dropout,
were assumed for participants who dropped out and those who completed the study. Imputations

were restricted to be between 0 and 33, which are valid scores on the HAM-D questionnaire.

Table 6.21: Multiple imputation of HAM-D scores using a pattern-mixture
approach, data up to Week 8

Sertraline arm Hypericum arm Placebo arm p-value*
Mean  Standard error Mean Standard error Mean Standard error
Assuming decrease in HAM-D score for participants who dropped out
Model 1: 6 for dropout =0.5,6 =1

Week 1 19.5 0.53 20.0 0.51 18.9 0.47 0.34
Week 2 16.2 0.74 18.2 0.67 17.6 0.57 0.15
Week 3 14.5 1.47 17.0 1.11 17.2 0.87 0.14
Week 4 12.7 2.51 15.6 1.93 153 1.52 0.40
Week 6 10.5 4.33 13.8 3.26 13.9 2.79 0.53
Week 7 7.4 6.84 11.2 5.36 11.1 4.99 0.68
Week 8 4.5 10.09 8.1 8.17 10.0 7.82 0.40
Model 2: 6 for dropout = 0.25,6 =1

Week 1 19.6 0.53 20.0 0.51 18.9 0.46 0.32
Week 2 16.4 0.74 18.3 0.68 17.6 0.56 0.20
Week 3 15.1 1.55 17.3 1.16 17.2 0.87 0.25
Week 4 13.8 2.66 16.2 2.01 15.5 1.50 0.60
Week 6 12.4 4.53 14.8 3.39 14.5 2.78 0.72
Week 7 10.4 7.23 12.8 5.55 12.0 493 0.87
Week 8 9.0 10.67 10.5 8.55 11.6 7.85 0.60

Assuming increase in HAM-D score for participants who dropped out
Model 3: 6 for dropout = -0.5,6 =1

Week 1 19.6 0.53 20.1 0.51 18.9 0.47 0.30
Week 2 16.7 0.74 18.6 0.67 17.8 0.56 0.29
Week 3 15.9 1.55 18.0 1.15 17.6 0.73 0.38
Week 4 15.5 2.67 17.5 2.01 16.2 0.95 0.78
Week 6 15.5 4.55 17.1 3.40 15.6 1.40 0.88
Week 7 15.3 7.26 16.7 5.55 13.9 2.20 0.99
Week 8 16.2 10.71 16.5 8.56 14.4 3.10 0.78
Model 4: 6 for dropout =-0.25,6 =1

Week 1 19.6 0.53 20.1 0.51 18.9 0.46 0.31
Week 2 16.6 0.74 18.5 0.67 17.7 0.56 0.26
Week 3 15.6 1.55 17.8 1.15 17.5 0.87 0.33
Week 4 14.9 2.66 17.1 2.0 16.1 1.50 0.72
Week 6 14.5 4.54 16.3 3.39 15.8 2.78 0.83
Week 7 13.7 7.24 15.4 5.54 14.3 4.94 0.95
Week 8 13.8 10.68 14.5 8.54 15.2 7.86 0.72

Means and standard errors calculated from the multiple imputed values for each of these models
are given using data up to Week 8 (Table 6.21) and using data up to Week 26 (Table 6.22). The
cross-sectional results are not to be compared to the longitudinal model, but the means over time
are helpful in describing the implications of the different assumptions made to non-statisticians.
The cross-sectional summaries allow one to illustrate whether an assumption implies increasing or

decreasing means. Models 1 and 2 assume a decrease in HAM-D score for participants who
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dropped out, while Models 3 and 4 assume an increase in HAM-D score for participants who

dropped out.

None of the four models fitted with data up to Week 8 showed a significant effect of either
treatment arm over placebo at any of the weeks. Neither assuming that participants who dropped
out improved or that participants who dropped out worsened, led to the conclusion that there is a

significant effect of treatment at any visit.

When the data up to Week 26 were fitted, this method used a lot of computing power and was
slow. The multiple imputations were fast to do, but fitting each of the mixed models took time.
Since 50 models had to be fitted, it took almost 2 hours to run each of the models on a standard
computer. The models fitted with the data up to Week 8 required less computer resources to be

fitted.

The models fitted using all data up to Week 26 were more problematic than the models fitted using
the data up to Week 8 (Table 6.22). The models fitted lead to negative estimates of HAM-D
scores, which are not possible, from Week 14, onwards. This was corrected by truncating the

estimated values at O and 33.

The problem with this method of handling MNAR missing data, is that the decrease in HAM-D
score assumed after drop out accumulates over time and therefore the assumption made about &
influences the later weeks post dropout much more than the earlier weeks. From Week 10 onwards
more values are missing than observed, meaning that the assumption made about the value of ¢

plays a larger role in the results than the actual data observed for the later visits.

Models 5 and 6 assumed that HAM-D scores decreased after dropout. This is a fairly illogical
assumption to make, since a substantial number of the dropouts at Week 8 are because of lack of
response. If it is not plausible to assume that HAM-D scores will decrease after dropout, it is not
helpful to fit such a model. This model is included here for comparison purposes, but should not be
used to analyse this data. The standard errors are also very large for the later weeks. This means
that variability is increased over time, making all estimates less reliable. This is due to the fact that

so much data are missing.
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Table 6.22: Multiple imputation of HAM-D scores using a pattern-mixture
approach, data up to Week 26

Sertraline arm Hypericum arm Placebo arm p-value*

Mean Standard error Mean Standard error Mean Standard error

Assuming decrease (improvement) in HAM-D score for participants who dropped out

Model 5: 6 for dropout =0.1,6 =1

Week 1 19.5 0.52 20.0 0.51 18.9 0.46 0.32
Week 2 16.5 0.71 18.4 0.68 17.6 0.56 0.23
Week 3 15.2 1.28 17.5 1.01 17.3 0.83 0.20
Week 4 14.3 1.91 16.6 1.42 15.8 1.21 0.53
Week 6 13.4 2.52 15.7 1.88 15.2 1.87 0.61
Week 7 12.1 3.18 14.5 2.57 13.3 2.75 0.81
Week 8 11.6 3.68 13.3 3.20 13.4 3.52 0.76
Week 10 10.6 5.89 13.9 6.47 13.7 6.67 0.76
Week 14 10.4 7.36 12.3 8.27 14.1 8.59 0.77
Week 18 10.9 8.55 13.8 9.84 12.5 9.99 0.92
Week 22 12.5 9.50 13.2 10.61 14.1 10.79 0.92
Week 26 12.3 10.24 14.1 11.09 14.8 11.26 0.89
Model 6: 6 for dropout = 0.25,6 =1

Week 1 19.5 0.52 20.0 0.51 18.8 0.46 0.32
Week 2 16.5 0.71 18.3 0.68 17.6 0.56 0.21
Week 3 15.1 1.27 17.4 1.00 17.2 0.83 0.18
Week 4 14.0 1.89 16.4 1.38 15.7 1.19 0.50
Week 6 13.0 2.49 15.4 1.82 14.9 1.83 0.58
Week 7 11.7 3.13 14.1 247 13.0 2.69 0.79
Week 8 11.1 3.64 12.8 3.07 13.0 3.48 0.75
Week 10 9.8 5.79 12.9 6.29 12.9 6.60 0.76
Week 14 9.5 7.19 11.0 7.86 13.0 8.49 0.78
Week 18 9.8 8.40 12.5 9.55 11.3 9.80 0.92
Week 22 11.2 9.38 11.6 10.26 12.9 10.8 0.91
Week 26 10.9 10.13 12.4 10.73 13.4 11.25 0.88

Assuming increase (worsening) in HAM-D score for participants who dropped out
Model 7: 8 for dropout = -0.05, ¢ = 0.5

Week 1 19.5 0.52 20.1 0.50 18.9 0.46 0.32
Week 2 16.6 0.60 18.4 0.59 17.7 0.54 0.19
Week 3 15.4 0.86 17.6 0.78 17.3 0.70 0.08
Week 4 14.4 1.34 16.7 1.09 15.9 0.87 0.40
Week 6 13.6 1.90 15.9 1.42 15.2 1.34 0.51
Week 7 12.4 2.49 14.7 1.97 13.4 1.98 0.79
Week 8 11.9 3.04 13.6 2.55 13.6 2.71 0.72
Week 10 11.0 4.63 14.8 4.69 14.2 4.92 0.68
Week 14 10.5 5.92 12.8 6.59 14.6 6.78 0.68
Week 18 11.4 7.32 15.1 8.17 12.1 8.33 0.96
Week 22 13.6 8.28 14.0 9.38 14.7 9.44 0.94
Week 26 13.5 9.25 15.6 9.86 15.9 10.2 0.88
Model 8: 6 for dropout = -0.25, ¢ = 0.5

Week 1 19.6 0.52 20.1 0.50 18.9 0.46 0.31
Week 2 16.7 0.60 18.5 0.59 17.7 0.54 0.22
Week 3 15.6 0.86 17.8 0.77 17.4 0.70 0.10
Week 4 14.8 1.33 17.1 1.09 16.1 0.87 0.45
Week 6 14.2 1.91 16.4 1.45 15.6 1.35 0.57
Week 7 13.3 2.50 15.5 2.01 14.0 2.00 0.83
Week 8 13.0 3.05 14.5 2.62 14.4 2.70 0.75
Week 10 12.7 4.63 16.5 4.69 15.7 4.87 0.69
Week 14 12.8 6.01 15.3 6.85 16.7 6.64 0.68
Week 18 14.2 7.34 17.9 7.93 15.0 8.40 0.95
Week 22 16.6 8.17 17.4 9.44 17.6 9.23 0.94

Week 26 17.0 9.16 18.8 9.46 18.8 9.57 0.90
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Table 6.23: Multiple imputation of HAM-D scores using a pattern-mixture approach,
results of mixed model

Data up to 8 weeks Data up to 8 weeks Data up to 8 weeks
Model 1 Model 2 Model 3

o for dropout = 0.5 o for dropout = 0.25 o for dropout = -0.5
Parameter Estimate SE p-value|Estimate SE p-value|Estimate SE p-value
Intercept 2248  0.25 22.58  0.25 2274  0.28
Sertraline (ref: placebo) -0.11 0.33 0.75 0.46 0.34 0.18 -0.12 0.43 0.78
Hypericum (ref: placebo) 0.77 0.37 0.04 0.73 0.36 0.05 0.51 0.39 0.19
Week -1.77 0.18 <0.001 | -1.98 0.21 <0.001 | -1.33 0.29 <0.001
Interaction week and -0.44 0.26 0.09 -0.63 0.23 0.01 -0.30 0.52 0.56

treatment (sertraline

compared to placebo)
Interaction week and 0.15 0.23 0.51 0.34 0.28 0.23 0.08 0.41 0.85
treatment (hypericum
compared to placebo)

Data up to 8 weeks Data up to 26 weeks Data up to 26 weeks
Model 4 Model 5 Model 6
o for dropout = -0.25 d for dropout = 0.1 o for dropout = 0.25
Estimate SE p-value|Estimate SE p-value|Estimate SE p-value

Intercept 22.72 0.28 22.43 0.54 22.41 0.53

Sertraline (ref: placebo) -0.11 0.44 0.80 -0.01 0.72 0.98 -0.01 0.68 0.99
Hypericum (ref: placebo) 0.52 0.39 0.19 0.50 0.77 0.52 0.48 0.81 0.55
Week -1.33 0.29 <0.001 -1.42 0.44 0.002 -1.47 0.42 0.001
Interaction week and -0.32 0.54 0.55 -0.07 0.53 0.90 -0.08 0.52 0.88

treatment (sertraline

compared to placebo)
Interaction week and 0.07 0.41 0.86 -0.004 045 0.99 -0.02 0.47 0.96
treatment (hypericum
compared to placebo)

Week squared 0.04 0.01 <0.001 0.04  0.005<0.001
Data up to 26 weeks | Data up to 26 weeks
Model 7 Model 8
o for dropout = -0.05 o for dropout = -0.25
=05 =05
Estimate SE p-value|Estimate SE p-value
Intercept 22.46 0.57 22.51 0.59
Sertraline (ref: placebo) -0.01 0.67 0.98 -0.02 0.64 0.98
Hypericum (ref: placebo) 0.26 0.84 0.76 0.30 0.86 0.73
Week -1.42 0.39 0.001 -1.24 0.44 0.01
Interaction week and -0.06 0.51 0.90 -0.05 0.46 091

treatment (sertraline
compared to placebo)
Interaction week and 0.05 0.43 0.90 0.07 0.39 0.87
treatment (hypericum
compared to placebo)
Week squared 0.04 0.01 <0.001 0.04 0.01 <0.001
SE: Standard error

None of the models fitted up to Week 8, neither those assuming an improvement in HAM-D scores
post drop-out nor those assuming a worsening in HAM-D scores post drop, had a significant
interaction between week and the hypericum treatment arm compared to the placebo arm.
Model 2, which assumed a small decrease in HAM-D score in participants who dropped out had a
significant interaction between week and the sertraline arm compared to the placebo arm. All the

models fitted up to Week 26 found no significant effect of treatment arm.
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These models used multiple imputation to impute missing HAM-D scores. The imputed values
were changed according to the pattern assumed. Differences between these results and the models
fitted under multiple imputation can be attributed to the assumptions made about the unobserved

data.

6.5.1.3  Pattern-mixture models using identifying restrictions

Multiple imputation was used to create a data set that included only monotone missingness before
the identifying restrictions were utilised to impute the missing data. We imputed 70 data sets using
each of the identifying restrictions. A model was fitted to the pattern-specific identifiable densities.
Estimates were calculated over all patterns where the required components were observed, and the
conditional distributions of the unobserved outcomes given the observed ones were calculated.

This is described in more detail in Section 5.5.1.3.

Imputed data were truncated at 0 and 33 respectively to ensure that only valid HAM-D scores were
generated. If the truncation was not done some of the HAM-D scores imputed were less than O,
especially at the later weeks. Only a small fraction of the imputed values were affected by this.
After the imputations using identifying restrictions, the data were analysed using the same methods

as with multiple imputation.

Table 6.24: The number of participants in each pattern

Week Sertraline Hypericum Placebo
Up to Week 8 Up to Week 26[Up to Week 8 Up to Week 26/ Up to Week 8 Up to Week 26

Baseline 7 7 9 9 4 4
1 10 10 2 2 1 1
2 2 2 2 2 6 6
3 2 2 3 3 5 5
4 7 7 5 5 6 6
6 4 4 10 10 10 10
8 79 35 82 49 84 47
14 5 6 5
18 8 3 5
26 31 24 27

Small numbers of participants had a last visit at Weeks 7, 10 and 22. This meant that those patterns
were sparse and the models could not be fitted for those weeks. This was circumvented in the
analysis by combining these time points with other time points. This means for example that a
participant who had a last visit at Week 7 was combined in the same pattern with participants who

had a last visit at Week 6 (Table 6.24).
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This model differed from the model using multiple imputation in Section 6.4.2 in the variables
included during imputation. In the previous models, several baseline covariates were included in
the imputers’ model. In this imputer’s model only the observed outcomes are included. Because
the analysis and imputation is done by pattern, it is more elaborate than previous models. Where

patterns are sparse, the imputation and modeling in some of the patterns may not be efficient.

Table 6.25: HAM-D scores over time, pattern-mixture model with identifying
restrictions using data up to Week 8

ACMV CCMV NCMV
Effect Estimate SE p-value|Estimate SE p-value|Estimate SE p-value
Intercept 22.28 0.18 2226 0.18 22.31 0.19 HA
Sertraline (ref: placebo) 0.08 0.26 0.75 0.11 0.26 0.67 0.11 0.27 0.68
Hypericum (ref: placebo) 0.31 0.25 0.22 0.31 025 022 0.34 0.26 0.18
Week -1.15 0.09 <0.001 -1.14  0.08 <0.001 | -1.09 0.14 <0.001
Interaction week and 0.08 0.12 0.53 0.08 0.12 047 -0.16 0.18 0.38

treatment (sertraline

compared to placebo)
Interaction week and 0.13 0.11 0.24 0.13 0.10 0.21 0.03 0.14 0.82
treatment (hypericum
compared to placebo)

SE: Standard error

Under both the analysis up to Week 8 and Week 26 we concluded that there was no significant
interaction of week and either treatment arm compared to placebo using the ACMV model. The
pattern-mixture model using ACMYV identifying restrictions gave different results from the other
MAR methods; for both the analysis using data up to Week 8 and using data up to Week 26. This
method gave less reliable results because some of the patterns were sparse, as can be seen in Table

6.24, and we based our conclusions on the other methods used.

The ACMYV model, which is valid under MAR assumptions, and the CCMV model, which is valid
under MNAR assumptions, had similar results. If most participants completed, as is the case here,
then borrowing information from the completers is not very different from borrowing information
from the available cases. The NCMYV identifying restriction gave different results (Table 6.25),
because information was borrowed from the closest neighbour. Comparing the ACMYV results to
the CCMV and NCMYV results indicates how results differ if MNAR assumptions rather than MAR
assumptions are made. As can be seen from Figure 6.21, all the treatment arms followed a similar
pattern over time. The NCMV model estimated a lower HAM-D score for each of the treatment
arms than the other identifying restrictions, while the models using the ACMV and CCMV

identifying restrictions were often superimposed on one another.
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With both the MNAR models, namely the CCMV and the NCMV models, we conclude that there

is no difference between the sertraline and placebo arm or between the hypericum and placebo arm

in the change in mean HAM-D score over time.
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Figure 6.21: Models fitted using identifying restrictions, HAM-D scores over the first

8 weeks

Table 6.26: HAM-D score over time, pattern-mixture model with identifying

restrictions using data up to Week 26

ACMV CCMV NCMV

Effect Estimate SE p-value|Estimate SE p-value|Estimate SE p-value
Intercept 22.10 040 2220 040 22.19 0.35
Sertraline (ref: placebo) 0.49 0.63 044 0.52 0.63 042 0.32 0.49 0.51
Hypericum (ref: placebo) 0.45 044 0.31 0.41 043 035 0.34 043 044
Week -1.11 020 <0.001 -1.11  0.18 <0.001 | -1.28 0.31 <0.001
Interaction week and 0.18 0.13 0.17 0.16 0.11  0.16 0.05 0.19 0.78

treatment (sertraline

compared to placebo)
Interaction week and 0.12 0.10 0.25 0.11 0.09 0.24 -0.01 0.14 0.94

treatment (hypericum

compared to placebo)
Week squared 0.02 0.01 0.01 0.02 0.01 0.007 0.03 0.01 0.003

SE: Standard error

Using all the data up to Week 26, also lead to the conclusion that there was no significant

interaction between week and either the sertraline or hypericum treatment arm compared to placebo

(Table 6.26). For the sertraline and hypericum arms lower mean HAM-D scores were obtained
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with the NCMV identifying restrictions than with the other restrictions. In the placebo arm the
three different models had similar mean HAM-D scores until Week 18, after which the NCMV
identifying restriction model had higher mean HAM-D scores than the other two models (Figure

6.22).
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Figure 6.22: Models fitted using identifying restrictions, HAM-D scores over 26 weeks

6.5.2 Selection models

Selection models were fitted in a Bayesian framework under several different assumptions about
the missing data mechanism. The reason for using Bayesian methods to fit the selection models
was discussed in Section 5.5.2. The model for the observed data was the same as the model fitted
under MAR. The same uninformative prior distributions were used as in the MAR case. The

model and prior distributions are given in Section 6.4.3 and are summarised in Table 6.27.

In addition, a model for missingness was added, taking the form

m;; ~ Bernoulli(pj)),
where m;; is a binary missing value indicator for y;;. This model allowed the missingness to
depend on the value that would have been observed. A flat prior was specified on the scale of p;;

by specifying a logistic(0, 1) prior for 6, in all sets. The prior distributions specified for A were:
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Prior Set 1: A ~ Normal(0, 10 000) distribution
Prior Set 2: A ~ Normal(1, 100)
Prior Set 3: A ~ Normal(1, 10).

A second MNAR model was fitted where the model of missingness had the following form:
logitp;j = 69 + 01y;j—1 + 02(Vij — Vi j—1)-

This model allowed the missingness to depend on the previous HAM-D score and the change in
HAM-D score from the previous visit to the one where the missing data occurred. The prior
distributions assigned were:

Prior Set 1: 8, ~ logistic(0,1) and 64, 8, ~ Normal(0, 10 000)

Prior Set 2: 6, 64, 8, ~ Normal(0, 100)

Prior Set 3: 6, 64, 8, ~Normal(0, 10)

A third MNAR model was fitted where the model of missingness had the following form:
logit pij = 6o + 01yi; + 0,55 + 03yiHj

This model allowed the missingness to depend on the HAM-D score that would have been
observed, while allowing for a different mechanism in each treatment arm by including the HAM-
D score by treatment arm interaction. The prior sets were:

Prior Set 1: 6y~ logistic(0,1), 84, 6, , 63 ~ Normal(0, 10 000)

Prior Set 2: 8, 84, 6, , 83 ~ Normal(1, 100)

Prior Set 3: 6, 64, 8, , 05 ~ Normal(l, 10)

Many other models for non-random missingness could be fitted, depending on the assumptions

made regarding the missing data mechanism.
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Table 6.27: Hamilton depression score posterior means, standard deviations and
credible intervals according to Bayesian analysis for data up to Week 8

Substantive model:
Prior Set 1
B ~ Normal(0, 10 000),
Q~Wishart(l,5)
I: Identity matrix,

Substantive model:
Prior Set 2
B ~ Normal(0,1000),
Q~Wishart(A,5)
A: diag(0.1,0.1,0.1,0.1, 0.1

Substantive model:
Prior Set 3
B ~ Normal(0, 10),
Q~Wishart(A,5)
A: diag(10, 10, 10, 10, 10),

MNAR model 1: m;; ~ Bernoulli(py)), logit(pi

) = 60 +Ay1]

MNAR model 1: Prior Set 1
0, ~ logistic(0,1),
A ~ Normal(0, 10 000)

MNAR model 1: Prior Set 2
0,y ~ logistic(0,1),
A ~ Normal(0, 100)

MNAR model 1: Prior Set 3
6,y ~ logistic(0,1),
A ~ Normal(0, 10)

Effect Mean SD 95% credible | Mean SD 95% credible| Mean SD 95% credible
interval interval interval
Bo 22,55 0.29 21.98;23.13 |22.55 0.29 21.98;23.13 2236 0.29 21,78;22.93
By 0.20 042 -0.62;1.02 0.20 042 -0.62;1.02 038 042 -046;1.21
B, 0.57 041 -0.22;1.37 0.57 041 -0.22;1.37 0.75 040 -0.03;1.54
B -1.13  0.11 -1.35;-090 |-1.12  0.11 -1.35;-0.90 -1.13  0.11 -1.36;-0.90
Ba -0.28 0.15 -0.58;0.02 |-0.28 0.15 -0.58;0.02 -0.27 0.15 -0.57;0.03
Bs -0.01 0.15 -0.30;0.29 |-0.01 0.15 -0.30;0.29 | -0.004 0.15 -0.30;0.29
A 0.03 0.03 -0.02;0.08 0.03 0.03 -0.02;0.08 0.03 0.03 -0.02;0.08
6, -441 051 -547;-346 |-441 0.51 -5.47;-3.46 -440 051 -545;-345
MNAR model 2:  mj; ~ Bernoulli(py), logit p;; = 6y + 61yij-1+ 0,(yij —¥ij-1)

MNAR model 2: Prior Setl
0, ~ logistic(0,1),
0;, 08, ~ Normal(0, 10 000)

MNAR model 2: Prior Set 2
6,0, , 6,~ Normal(0, 100)

MNAR model 2: Prior Set 3
6o, 64,0, ~Normal(0, 10)

Bo 22.6 0.31 22.0;23.2 22.6 031 22.0;23.2 22.4 030 21.8;22.98
By 0.15 0.42 -0.68; 0.97 0.15 042 -0.68;097 | 033 042 -0.48;1.17
B 049 041 -0.32; 1.29 049 041 -032;130 | 0.67 041 -0.13;1.46
B -1.10 0.12 -1.33;-0.88 | -1.10 0.12 -1.33;-0.88 | -1.1 0.12 -1.33;-0.87
Ba -0.33 0.15 -0.63;-0.03 -033 0.15 -0.63;-0.03 | -0.33 0.15 -0.63;-0.03
Bs -0.03 0.16 -0.33;0.28 -0.02 0.15 -0.32;0.27 | -0.02 0.15  -0.32;0.28
6, -3.96 042  -4.82;-3.15 -4.12 043  -4.99;-3.30 | -4.05 043 -4.93;-3.23
0, 0.04 0.02 0.003;0.09 0.05 0.02 0.01; 0.10 0.05 0.02 0.01; 0.09
0, 0.01 0.03 -0.05;0.06 0.01 0.03  -0.05;0.06 0.01 0.03  -0.04; 0.06

MNAR model 3: logit p;; = 6, + 01y;; +

0,Yi;Si; + 03y;;H;

MNAR model 3: Prior Setl
0y ~ logistic(0,1),
04, 65, 63~Normal(0,10 000)

MNAR model 3: Prior Set 2
0y ~ logistic(0,1),
04, 65, 63~Normal(0, 100)

MNAR model 3: Prior Set 3
0, ~ logistic(0,1),
04, 0,,03; ~ Normal(0, 10)

Bo 22.59 0.30 21.99;23.19 22.58 030  21.99;23.15 | 22.38 0.29  21.8;22.95
By 0.14 043  -0.70;0.99 0.16 042 -0.65;098 | 033 041 -047;1.13
B 049 041 -0.31; 1.30 0.51 040 -0.27;1.31 0.68 040 -0.10; 1.48
Bs -1.12 0.12  -1.35;-0.88 | -1.11 0.12 -1.35;-0.88 | -1.12 0.12 -1.35;-0.88
Ba -0.31 0.16  -0.63;-0.01 -0.32 0.16 -0.62;-0.01 | -0.31 0.16 -0.62;0.004
Bs -0.01 0.15 -0.32;0.29 -0.01 0.16 -0.32;0.30 | -0.01 0.15 -0.31;0.29
0, -419 046 -5.14;-336 | 426 048 -5.25;-339 | -427 049 -5.31;-3.36
0, 0.03 0.03  -0.02;0.08 0.03 0.03 -0.01;0.09 | 0.04 0.03 -0.02;0.09
0, -0.01 0.02  -0.04;0.03 -0.01 0.02 -0.04;0.03 | -0.01 0.02 -0.05;0.03
04 -0.04 0.02 -0.09;0.001 | -0.04 0.02 -0.10;0.001 | -0.04 0.02 -0.09;-<0.001

Bo Intercept; f; Sertraline arm (ref: placebo arm); B, Hypericum arm (ref: placebo arm); 3 Week,
B4 Interaction between week and treatment arm (sertraline compared to placebo)
Bs Interaction between week and treatment arm (hypericum compared to placebo)
MNAR: Missing not at random, SD: Standard deviation

Using the data up to Week 8, the results of the three Bayesian MNAR models differed slightly from

the results of the MAR Bayesian model. The absolute size of the estimated coefficient for the

interaction between week and sertraline compared to placebo was smaller under the MNAR models
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than under the MAR model. In Models 2 and 3 this was statistically significant. In Model 1, the
upper boundary of the 95% credible interval was close to 0, indicating that the interaction had a
small p-value. In all three MNAR models, the interaction between week and the hypericum arm
compared to placebo was not significant using any of the sets of prior distributions and the
estimated coefficient was close to 0. The choice of prior set also did not influence the results

appreciably (Table 6.27).

The same MNAR models were also fitted using the same sets of prior distributions with all the data
up to Week 26. These models were difficult to fit using some of the other methods because the
majority of the data were missing. When using all the data up to Week 26, the effect of sertraline
over time was not statistically significant and we could not conclude that participants in the
sertraline arm improved more than participants in the placebo arm. The effect of hypericum over
time was also not statistically significant (Table 6.28). The size of the interaction coefficients
differed a lot between the various models. Prior Set 2 had different results from the other prior
distributions assumed, thus showing that these models were sensitive to the prior distributions

assumed.
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Table 6.28: Hamilton depression score posterior means, standard deviations and
credible intervals according to Bayesian analysis for data up to Week 26

Substantive model:
Prior Set 1
B ~ Normal(0,10 000),
Q~Wishart(1,5)
I: Identity matrix,

Substantive model:
Prior Set 2
B ~ Normal(0, 1000),
Q~Wishart(A,5)
A: diag (0.1,0.1,0.1,0.1, 0.1

Substantive model:
Prior Set 3
B ~ Normal(0, 10),
Q~Wishart(A,5)
A: diag (10, 10, 10, 10, 10),

Effect Mean SD 95% crediblel Mean SD 95% credible| Mean SD 95% credible
interval interval interval
MNAR model 1: m;; ~ Bernoulli(p;)), logit(pi ) = 0y + Ayj

MNAR model 1: Prior Set 1
0y A ~ Normal(0, 10 000)

MNAR model 1: Prior Set 2
0, ~ logistic(0,1),
A ~ Normal(0, 1000)

MNAR model 1: Prior Set 3
6,y ~ logistic(0,1),
A ~ Normal(0, 10)

Bo 21.87 036 21.19;22.6 (2224 040 21.4;2297 |22.86 0.35 21.18;22.58
B 0.70 045 -0.20;1.56 | 034 048 -0.57;1.32 0.66 0.44 -0.20;1.51

Ba 0.86 044 0.01;1.75 | 0.72 0.64 -0.42;2.01 0.88 0.41 0.09;1.70

Bs -1.88  0.21 -2.20;-1.38 |-1.60 0.12 -1.83;-1.37 | -1.98 0.50 -2.84;-1.39
Ba 0.27 0.18 -0.12;0.58 |-0.05 0.11 -0.26;0.17 -0.14 0.14 -0.41;0.14
Bs 028 020 -0.12;0.61 |-0.11 0.13 -0.37;0.14 -0.01 0.13 -0.23;0.26

Be 0.04 0.003 0.04;0.05 | 0.05 0.004 0.04;0.05 0.10 0.06 0.04;0.20

A 0.03  0.02 -0.01;0.07 | 0.03 0.02 -0.004;0.08 | 0.03 0.02 -0.01;0.08

0, -441 041 -530;-3.68 |-453 040 -545;-379 | -450 041 -5.34;-3.74
MNAR model 2: m;; ~ Bernoulli(py), logit p;; = 0y + 61y 1 + 0,(yij — ¥ij—1)

MNAR model 2: Prior Set 1
6y ~ logistic(0,1),
64,8, ~ Normal(0, 10 000)

MNAR model 2: Prior Set 2
6,01, 8, ~ Normal(0, 100)

MNAR model 2: Prior Set 3
0,604, 8, ~ Normal(0, 10)

Effect Mean SD 95% credible | Mean SD 95% credible| Mean SD 95% credible
interval interval interval
Bo 2239 045 21.35;23.12 |22.59 029 22.02;23.16 |21.99 0.51 21.06;22.89
B 0.16 0.54 -0.78;1.34 -0.05 040 -0.83;0.74 | 053 0.58 -0.55;1.62
Ba 046 0.53 -0.52;1.53 041 039 -0.35;1.19 087 072 -0.44;2.12
B3 -1.65 033 -2.67;-1.33 -1.51  0.11 -1.76;-1.31 |[-1.57 0.13 -1.82;-1.30
B -0.02 0.13 -0.28;0.28 -0.03  0.10 -0.21;0.18 |[-0.03 1.11 -0.26;0.20
Bs 0.04 0.14 -0.23;0.37 0.05 0.11 -0.14;0.30 | 0.03 0.15 -0.26;0.31
Be 0.06 0.03 0.04;0.16 0.04 0.003 0.04;0.05 0.04 0.004 0.04;0.05
6, 227 060 -2.79;-0.24 253 017 -2.87;-2.19 |-249 0.18 -2.85;-2.13
0, 0.01 0.03 -0.10;0.04 0.02 0.01 0.003;0.04 |0.02 0.01 -0.001;0.04
0, 0.06 0.02 -0.003;0.10 0.06 0.02 0.03;0.10 0.05 0.02 0.004;0.09

MNAR model 3: logitp;; = 6, + 6,y;; + 6

2Yi;Si; + 03y Hij

MNAR model 3: Prior Set 1
0,y ~ logistic(0,1),
04, 0,, 8;~Normal(0,10 000)

MNAR model 3: Prior Set 2
60, 61, 02, 03 ~N0rmal(0,1000)

MNAR model 3: Prior Set 3
00,01, 62, 63 ~ Normal(o, 10)

Effect Mean SD 95% credible | Mean SD 95% credible| Mean SD 95% credible
interval interval interval
Bo 22.34 0.39 21.53;23.03 | 21.93 04 21.11;2273 |22.06 0.38 21.3;22.78
By 0.21 048 -0.7; 1.19 0.61 049 .-036;1.59 |049 047 -041;1.41
B, 0.67 0.48 -0.25;1.63 1.18 0.55 0.10;226 |[095 046 0.05;1.87
Bs -1.55 0.13  -1.79;-1.31 201 032 .-2.73;-144 | -1.58 0.13 -1.84;-1.35
Ba -0.05 0.14 -0.35;0.19 0.24 023 .-0.16;0.59 | -0.02 0.11 -0.23;0.22
Bs 0.07 0.15 -0.23;0.33 035 0.27 .-0.13;0.77 | 0.10 0.13 -0.14;0.36
Be 0.04 0.003  0.04; 0.05 0.06 0.04 0.04;0.18 | 0.04 0.003 0.04;0.05
6, -4.25 039  .-5.05;-3.53 43 042 .-5.20;-3.55 | 442 041 -5.26;-3.66
0, 0.04 0.02 .-0.003;0.09 0.04 0.03 .-0.002;0.10 | 0.05 0.02 0.01;0.10
0, -0.02 0.02  .-0.06;0.02 -0.02 0.02 .-0.06;0.03 | -0.02 0.02 -0.06; 0.02
04 -0.09 0.03 .-0.16;-0.03 -0.08 0.03 .-0.16;-0.03 | -0.09 0.03 -0.15;-0.03

Bo Intercept; [ Sertraline arm (ref: placebo arm); S, Hypericum arm (ref: placebo arm), 3 Week,
B. Interaction between week and treatment arm (sertraline compared to placebo)
Bs Interaction between week and treatment arm (hypericum compared to placebo); f¢: Week squared
MNAR: Missing not at random, SD: Standard deviation
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6.5.3 Shared-parameter models

Longitudinal HAM-D score and time to dropout were jointly modelled, with shared random effects,
conditional upon which they are independent. It is assumed that an underlying individual
characteristic, such as disease process, influences both changes in HAM-D score and whether a
participant drops out of the study. The measurement error terms for the longitudinal model are
assumed to be independent and to follow a normal distribution with mean 0 and variance o?2.
Dropout is modelled through a linear effect of the treatment variables, intercept and a random
disturbance term in a time to event model. The baseline hazard function follows a Weibull
distribution. The connection between HAM-D score and time to dropout is accomplished via the
shared random effects U and V, which have mean 0 and the parameters a; and a4 rescale their
variances to account for the different scales of HAM-D score and the time variable. A Cholesky
parameterisation of the random effects covariance matrix was used to ensure positive definiteness.
Initial values of the parameters play an important role in whether the model converges and

reasonable estimates of the initial values were estimated by fitting the longitudinal model using the

SAS procedure MIXED and the survival model using the SAS procedure LIFEREG separately.

Model with shared random intercept, U;, and random slope, V;, between the survival and the
longitudinal sub-models:
Survival sub-model: h;(t) = hy(t)exp[ay + a1S; + a,H; + azU; + a,V; ]
where h(t) is the baseline hazard function and follows a Weibull distribution.
Longitudinal sub-model:
Yij = B1 + Ui + Batij + Vitij + B3Si + BaH;i + BsSitj + BeHiti; + &
for data up to Week 8. The data up to Week 26 were fitted using the same models, with the

addition of £, tl-zj in the longitudinal sub-model.

Model with shared random intercept, U;, between the survival and the longitudinal sub-models:
Survival sub-model: h;(t) = hy(t)exp[ay + a4S; + ayH; + a3U;]
where h(t) is the baseline hazard function and follows a Weibull distribution
Longitudinal sub-model: Y;; = By + U; + Bot;j + B3S; + BaH; + BsSitij + BeHitij + &

for data up to Week 8. The data up to Week 26 were fitted using the same models, with the

addition of £, tl-zj in the longitudinal sub-model.
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Table 6.29: Joint model for HAM-D score over time and time to dropout: Data up to
Week 8

Intercept linkage Intercept and linear slope
linkage
Effect Parameter Estimate Standard p-value [Estimate Standard p-value
error error
Longitudinal sub-model
Intercept By 20.98 0.47 <0.001 | 20.95 0.37 <0.001
Week B2 -1.17 0.05 <0.001 | -1.15 0.08 <0.001
Sertraline (ref: placebo) Bs -0.22 0.67 0.741 | -0.18 0.53 0.737
Hypericum (ref: placebo) Ba 0.81 0.66 0.223 | 0.78 0.52 0.137
Interaction week and Bs -0.16 0.077 0.042 | -0.17 0.12 0.154

treatment (sertraline compared
to placebo)
Interaction week and Be 0.07 0.076 0.380 | 0.06 0.12 0.600
treatment (hypericum
compared to placebo)

Time to dropout sub-model

Intercept survival model only ao 5.53 13.10 0.673 | 6.18 15.04 0.681
Sertraline (ref: placebo) a; 0.70 19.97 0972 | 095 23.41 0.968
Hypericum (ref: placebo) a, 0.73 20.58 0.972 | 0.98 22.78 0.966
Intercept shared as 0.002 1.22 0.999 | 0.02 1.64 0.990
Slope shared ay 0.58 10.53 0.956

From the joint model with intercept linkage we concluded that the interaction between week and
the sertraline arm compared to the placebo arm was statistically significant. The interaction
between week and the hypericum arm compared to the placebo arm was not significant. In the
joint model with shared intercept and slope neither of the interactions between treatment arm and
week was significant. Although the interaction between week and the hypericum arm was
significant in the joint model with random intercept and not in the joint model with random
intercept and slope the actual estimates were similar in the two models. The standard error was
larger in the model with random intercept and slope. This model also used more degrees of

freedom to estimate all the parameters (Table 6.29).

The results for the survival sub-model were similar in the two models. The shared intercept (as)
estimate was close to 0 in both joint models and not significant in both models, indicating that
baseline HAM-D score did not influence dropout time. The positive shared slope indicated that
participants with larger linear increase in HAM-D score also had an increase in dropout time, but

this was not statistically significant.

The substantive model fitted in these joint models is not the same as the substantive model fitted in
the other sections because SAS cannot fit such a joint model. The joint model that can be fitted
with current SAS capabilities was fitted. In order to compare the joint model under MNAR with
the appropriate substantive model, and highlight the differences between fitting a joint model and

just fitting a longitudinal model, a MAR model was fitted with the same formulation as the
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longitudinal sub-model in the joint model. These models incorporate the repeated measures of
each participant by including a participant specific random intercept and a participant specific
random intercept and slope, respectively. These models were fitted with a compound symmetry

covariance matrix and are given in Table 6.30.

Table 6.30: MAR longitudinal model with random subject specific effects:
comparable to the longitudinal sub-model in Table 6.29: Data up to Week 8

Intercept linkage Intercept and linear slope
linkage
Effect Parameter Estimate Standard p-value [Estimate Standard p-value
error error
Longitudinal sub-model
Intercept B1 21.00 0.47 <0.001 | 20.94 0.24 <0.001
Week B> -1.17 0.05 <0.001 | -1.16 0.10 <0.001
Sertraline (ref: placebo) Bs -0.21 0.67 0.757 | -0.27 0.35 0.447
Hypericum (ref: placebo) Ba 0.76 0.67 0.254 | 0.76 0.35 0.030
Interaction week and Bs -0.16 0.08 0.041 | -0.15 0.15 0.332
treatment (sertraline compared
to placebo)
Interaction week and Be 0.07 0.08 0.363 | 0.07 0.15 0.658
treatment (hypericum
compared to placebo)

There is very little difference between the f-estimates and p-values between the joint model and the
longitudinal model only (Table 6.29 and Table 6.30). The same conclusions are drawn. The

deviations from MAR assumed by the joint model do not change the conclusions.

The joint model using data up to Week 26 found that the interaction between week and the
sertraline arm compared to the placebo arm was significant in the model with intercept and slope
linkage. It was not significant in the model with intercept linkage only. Neither of the models had
a significant interaction between week and hypericum compared to placebo. None of the

parameters in the survival sub-model was significant (Table 6.31).
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Table 6.31: Joint model for HAM-D score over time and time to dropout: Data up to
Week 26

Intercept linkage Intercept and linear slope
linkage
Effect Parameter Estimate Standard p-value [Estimate Standard p-value
error error
Longitudinal sub-model
Intercept By 20.92 0.44 <0.001 | 20.97 0.39 <0.001
Week B2 -1.42 0.04 <0.001 | -1.41 0.06 <0.001
Sertraline (ref: placebo) Bs -0.22 0.62 0.718 | -0.07 0.55 0.903
Hypericum (ref: placebo) Ba 1.17 0.62 0.057 | 0.87 0.55 0.117
Interaction week and Bs -0.05 0.03 0.118 | -0.17 0.08 0.039

treatment (sertraline compared
to placebo)

Interaction week and Be 0.02 0.04 0.520 | 0.03 0.08 0.673
treatment (hypericum
compared to placebo)

Week squared B 0.04 0.002  <0.001 | 0.05 0.002 <0.001
Time to dropout sub-model

Intercept survival model only ao 7.42 4.95 0.135 | 7.30 7.26 0.316

Sertraline (ref: placebo) a; -0.80 4.76 0.867 | 1.05 7.81 0.894

Hypericum (ref: placebo) a, -0.84 4.92 0.865 | 1.06 7.86 0.893

Intercept shared as -0.11 0.39 0.782 | -0.07 0.90 0.938

Slope shared ay 0.91 12.22 0.941

Table 6.32: MAR longitudinal model with random subject specific effects:
comparable to the longitudinal sub-model in Table 6.29: Data up to Week 26

Intercept linkage Intercept and linear slope
linkage
Effect Parameter Estimate Standard p-value [Estimate Standard p-value
error error
Longitudinal sub-model
Intercept By 21.19 0.44 <0.001 20.82 0.24 <0.001
Week B2 -1.43 0.04 <0.001 -1.38 0.10 <0.001
Sertraline (ref: placebo) Bs -0.53 0.62 0.392 0.08 0.32 0.795
Hypericum (ref: placebo) Ba 0.90 0.62 0.146 0.91 0.33 0.006
Interaction week and Bs -0.05 0.03 0.152 -0.26 0.14 0.066
treatment (sertraline compared
to placebo)
Interaction week and Be 0.03 0.04 0.444 0.02 0.14 0.915
treatment (hypericum
compared to placebo)
Week squared B 0.04 0.002  <0.001 0.06 0.002  <0.001

As with the data up to Week 8, we also fitted the longitudinal model only in order to compare the
joint model to a MAR model with the same substantive model (Table 6.32). The results do not
seem to differ substantially between the joint model and the similar longitudinal model only. The
only noteworthy difference is for the interaction between week and hypericum treatment compared

to placebo, where the p-value changes from 0.039 to 0.066.
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The joint models deviate from the MAR models by allowing the longitudinal profiles and the
missingness process to share random effects. The models need to be interpreted conditional on
these random effects. Shared-random effects models relate a participant’s propensity to show an
increase or decrease in HAM-D score with his or her propensity to miss a visit, while selection

models directly model the probability of a missed visit as a function of HAM-D score.

6.54 MNAR conclusions

No unequivocal conclusion can be drawn from the MNAR models fitted, because many MNAR
models could be fitted and the data holds no indication as to which of the models are more

appropriate.

Using data up to Week 8, the sertraline arm showed a significant improvement over the placebo
arm according to a pattern-mixture model fitted using random effects mixed models for each
pattern of missing data. The multiple imputation pattern-mixture models assuming an
improvement in HAM-D score after dropout also showed reduced depression scores over time in
the sertraline arm compared to the placebo arm, but models assuming a decrease in depression
scores after drop-out did not find a significant difference between the sertraline and placebo arms.
Pattern-mixture models fitted using CCMV and NCMYV identifying restrictions did not show
significant improvement over time in the sertraline arm. Two of the three MNAR Bayesian
selection models found significant improvement over time in the sertraline arm compared to the
placebo arm. A joint model with shared intercept also had a significant result for the interaction
between week and the sertaline arm compared to the placebo arm. In most models the size of the
estimated interaction coefficient was similar to the size of the coefficient under the MAR models.
None of the MNAR models fitted, found a significant interaction between week and hypericum
compared to placebo over the first 8 weeks. The interaction coefficient was close to 0, as in the

MAR case (Table 6.33).

Fitting models using all the data up to Week 26 was problematic. From week 10 and onwards there
were more missing data than observed data. Many models fitted poorly to this data or had
problems converging. Using all the data up to Week 26, only one of the MNAR models found a
significant interaction between week and the sertraline arm compared to placebo, this was the joint
model with shared intercept and slope linkage. No significant interaction between week and the

hypericum arm compared to placebo was found (Table 6.34).
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Table 6.33: Summary of findings in MNAR sensitivity analyses up to Week 8

Interaction between |Interaction between week
week and sertraline arm| and hypericum arm
Estimate p-value | Estimate p-value
Pattern-mixture model
Pattern-mixture model using random-effects mixed -0.38 0.01 -0.002 0.99
models for each of the patterns of missing data
(Model 1)
Pattern-mixture models using multiple imputation
Model 1: 6 for dropout = 0.5 -0.44 0.09 0.15 0.51
Model 2: $ for dropout = 1 -0.63 0.01 0.34 0.23
Model 3: 6§ for dropout = -0.5 -0.30 0.56 0.08 0.85
Model 4: 6 for dropout = -1 -0.32 0.55 0.07 0.86
Pattern-mixture models using identifying restrictions
CCMV 0.08 0.47 0.13 0.21
NCMV -0.16 0.38 0.03 0.82
Selection models
Bayesian MNAR model 1 -0.28 NS -0.01 NS
Bayesian MNAR model 2 -0.33 Sign -0.03 NS
Bayesian MNAR model 3 -0.31 Sign -0.01 NS
Shared parameter models
Joint longitudinal and time to event model -0.16 0.04 0.07 0.38
with intercept linkage
Joint longitudinal and time to event model -0.17 0.15 0.06 0.60
with intercept and slope linkage

Sign = significant, NS = not significant

Using data up to 26 weeks, the majority of data were missing and the effect of the assumption
made about missing data compounded with each subsequent missing value. This means that at the
later time points the assumptions made about the MNAR pattern of the missing data had a larger

effect on the model fitted than the data observed.

As with the MAR analysis, we were interested in Estimand 1. To estimate this estimand data are
needed on all participants at the planned end of the trial. All the MNAR methods made
assumptions about the missing data process in order to extrapolate or impute, by using for example
multiple imputations, the data that was not observed. If we wanted to estimate drug efficacy, we

could have estimated Estimands 3 and 6, as discussed in Section 6.4.5.
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Table 6.34: Summary of findings in MNAR sensitivity analyses up to Week 26

Interaction between week |Interaction between week
and sertraline arm and hypericum arm
Estimate p-value | Estimate p-value
Pattern-mixture model
Pattern-mixture model using random- effects
mixed models for each of the patterns of missing
data
Model 2: Three dropout categories -0.10 0.17 0.09 0.18
Model 3: Binary dropout -0.08 0.12 -0.02 0.68
Pattern-mixture models using multiple imputation
Model 5: 6 for dropout = 0.5 -0.07 0.90 -0.004 0.99
Model 6: 6 for dropout = 1 -0.08 0.88 -0.02 0.96
Model 7: 6 for dropout = -0.5 -0.06 0.90 0.05 0.90
Model 8: 6 for dropout = -1 -0.05 0.91 0.07 0.87
Pattern-mixture models using identifying restrictions
CCMV 0.16 0.16 0.11 0.24
NCMV 0.05 0.78 -0.01 0.94
Bayesian models
Bayesian MNAR model 1 0.27 NS 0.28 NS
Bayesian MNAR model 2 -0.02 NS 0.04 NS
Bayesian MNAR model 3 -0.05 NS 0.07 NS
Shared parameter models
Joint longitudinal and time to event model -0.05 0.12 0.02 0.52
with intercept linkage
Joint longitudinal and time to event model -0.17 0.04 0.03 0.67
with intercept and slope linkage

Sign = significant, NS = not significant

As mentioned previously, because so much data were missing, it might have been better to analyse
the data from Week 10 to Week 26 in a conditional way. In such a conditional analysis, the
question addressed is; given that participants responded to treatment at Week 8, what was the
continued effect of treatment arm up to Week 26. In this instance, there was still a lot of missing
data and this analysis would need to take missing data into account. As it is currently presented,
these analyses should be interpreted with extreme caution and it does not address any well-defined

estimand of interest.

6.6 Conclusion

In contrast to the SAPIT study discussed in Chapter 5, this study had missing data by design.
Participants who did not show adequate response by Week 8 were not enrolled in the continuation
phase of the study. This type of study design was encouraged by Carpenter et al. (2002).
However, this study illustrates that this design should be used with caution. Because of the large
amount of missing data introduced by design the standard statistical methods break down and the

analysis could not be performed validly.

The multiple imputation analysis did not reach a stationary distribution and autocorrelation existed

between the imputations from Week 10 onwards, making the analysis invalid. Valid analyses, if
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the unverifiable assumptions about missing data were correct, were the direct likelihood analysis
(assuming MAR) and the pattern-mixture analysis (assuming MNAR) and the Bayesian analyses

(assuming MAR and MNAR).

In this study, the goal was to determine the short term effect of the intervention at Week 8, and to
confirm that a positive response at Week 8 is maintained over a longer time period. An objective
was also to provide safety data with longer use. Since neither of the interventions was superior to
placebo, the continuation phase data were not needed, nor analysed in the original paper. If the
interventions were more effective, less missing data should have resulted by design. However, if
the interventions were more effective, it is possible that the placebo arm could have a lot of missing
data, while the active arms have less missing data. This could still create problems with valid fit of
models, at least in the placebo arm. The wisdom of a design such as this, from a statistical
viewpoint, is questionable. From an ethical viewpoint, this design is very attractive, since
participants are not kept on a regimen that is not working for a long time. A better compromise
between the ethics and statistics is to allow the study clinicians to initiate participants on a rescue
treatment at any time it is deemed clinically necessary. Participants are not discontinued from the

study and data collection continues when rescue treatments are started.

The data collected allow one to get the conditional response over time, given that the participant
entered the continuation phase and to have safety data with prolonged use; but it is not possible to
calculate the unconditional effect of either of the drugs at 26 weeks. In this instance it did not
matter because the drug was found to have no effect at 8 weeks, which implied that there was also
no scientific interest in the effect at 26 weeks. Because of non-random exclusion of participants,
the comparability of the three treatment arms after Week 8 is not equivalent to a randomised trial.
At best, this provides an observational study about the longer term effects of the drugs. Any

efficacy analysis in this continuation phase should be interpreted with caution.

A different study design, where all participants enter an open label safety extension, regardless of
response in the active phase, could also be employed. This design was used in the studies of
Prucalopride for the treatment of constipation (Camilleri et al., 2008; Tack et al., 2009). This
design enable one to collect long term safety data, and maybe even long term efficacy data, without
inducing missing data by design. This study has been analysed using proper missing data

techniques (Janssens et al., 2012).

The conclusion drawn in the original paper was that there was no difference between either the
hypericum arm and placebo or the sertraline arm and placebo. This was taken to mean that the

study results were inconclusive. Although it showed that hypericum was no better than placebo, it
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also did not find the expected difference between sertraline and placebo (Hypericum Depression
Trial Study Group, 2002). The same was found when the continuation data were analysed, and the
placebo effect was again noted and discussed (Sarris et al., 2012). We re-analysed the data using
methods that are appropriate with missing data. We fitted various models using different
assumptions about the missing data and various analysis methods. Under this extended sensitivity

analysis we draw a different conclusion.

Some of our conclusions are similar to the original analysis, but both the MAR and some of the
MNAR analyses lead to the conclusion that sertraline is significantly better than placebo in
reducing depression symptoms over 8 weeks. No difference was found between hypericum and
placebo in any of the analyses. This implies that the conclusion reached 10 years ago could be
amended to state that hypericum does not seem to provide any benefit over placebo, in a trial where
the active control did provide a benefit over placebo in some of the sensitivity analyses; thus
concluding that this herbal remedy should not be recommended for the treatment of depression.
Although this study gives only weak evidence of the efficacy of sertraline (in some of the models
under some of the assumptions about missing data), there was absolutely no evidence that
hypericum was superior to placebo under any reasonable assumption about missing data. This
illustrates the point that not taking account of missing data in the analysis could introduce bias and

lead to incorrect results.

This re-analysis of the data and sensitivity analysis adds to the field of applied statistics by showing
how a proper analysis of data taking missing data into account can lead to different results than a
more naive analysis. Careful sensitivity analysis, or even re-analysis of data taking proper
assumptions into account, brought novel insight; or even contradictory insight to the question

regarding the effectiveness of St John’s Wort in the treatment of depression.

Adjusting the analysis to take missing data into account does not imply changing the proposed
estimate of effectiveness. The measure of effectiveness reported in the original paper was change
from baseline to Week 8. We analysed the interaction between treatment arm and time under MAR
and MNAR assumptions. In general multiple imputation allows any measure of effectiveness,

since the analysis of choice is done in the second step.

The analysis was done with standard statistical software, using resources that should be available to
most researchers. The availability of software is no longer a reason not to do the proper principled

analyses when data are incomplete.
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Chapter 7

Conclusions and discussions
7.1 Implication for practice

Missing data is an active area of research in theoretical statistics. Many methodological advances
have been made in recent years. New text books on missing data are appearing regularly. Two text
books on missing data were published in each of 2010 (Enders, 2010; Tsiatis, 2010), 2011
(Bethlehem, Cobben, & Schouten, 2011; Drukker, 2011) and 2012 (Graham, 2012; Tan, Tian, &
Ng, 2012). In the first two months of 2013, two text books on missing data have appeared
(Carpenter & Kenward, 2013; Mallinckrodt, 2013).

Although methods to handle missing data have been in development for the last 30 years, it is still
not part of mainstream statistical methods training. It is unlikely that an undergraduate university
course in statistics would include extensive training in the handling of missing data. Most non-
statistical users of statistical methods and non-statistical medical researchers are still likely to
ignore missing data or analyse participants with complete data only. Missing data are simply
excluded from the analysis. This is compounded by the default setting in many statistical programs
that exclude missing observations (SAS Institute Inc., 2004), therefore doing a complete case
analysis unless the user overrides the defaults. An exception to this is most longitudinal procedures
that do an analysis of the available cases by default. This enables direct likelihood and direct

Bayesian analyses.
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About ten years ago, it was common practice to analyse clinical trials using LOCF. This is
changing in favour of more appropriate methods. Inappropriate methods, such as single
imputations and LOCF are still being used; although the recommendations advice against these
(Carpenter et al., 2004; Mallinckrodt et al., 2001; Molenberghs & Kenward, 2007; Molenberghs et
al., 2004).

The ignorance about the correct methods to analyse missing data are shown in a recent paper where
three methods for the analysis of missing data are tested using simulated data: the three methods
were complete case analysis, single imputation and multiple imputation (Groenwold et al., 2012).
Of these three methods only multiple imputation is regarded as an unbiased method to analyse
MAR data (Carpenter & Kenward, 2007). The conclusion reached in that publication was that
complete case analysis with covariate adjustment should be used more often. This is simply

wrong, as pointed out by Liublinska and Rubin (2012) in a response to the paper.

Some of the methods of missing data analysis are hard to use and definitely not mainstream or
likely to be. Some of the methods make lots of assumptions, require programming skills or
knowledge of advanced statistical techniques. But some of the methods are easy to use, available
in standard software and should be familiar to most statisticians; especially likelihood-based

methods, such as those based on mixed models.

The major hurdle to the implementation of missing data methods is not the methodology or
availability of software anymore. The major hurdle is rather a lack of awareness of the problems
posed by missing data. Many researchers do not see excluding data as a problem. Many
researchers exclude participants with missing data or missing outcomes from the data set prior to
bringing the data set to a statistician. Unless the statistician is specifically vigilant and asks about
missing data or excluded observations the statistician is unlikely to realise that bias might be
present and that missing data issues should be addressed during the analysis of the data. Some
researchers replace participants with missing data, thus creating a complete data set, which also

poses a problem.

This lack of awareness of the importance of missing data is slowly changing. A large impetus in
this direction might come from journals publishing medical research and the results of clinical
trials. I am aware of at least two prominent journals that focus on the handling of missing data
during the peer review of submitted papers. One is the Annals of Internal Medicine. The
guidelines for authors has a section on missing data where they specifically require authors to

report the frequency of missing variables and how the analysis handled missing data. They also
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say that an LOCF analysis should not be used. To quote from the guidelines for authors:
“Appropriate methods for handling missing data include imputation, pattern-mixture (mixed)
models, and selection models. Application of these methods requires consideration of the patterns
and potential mechanisms behind the missing data.” (American College of Physicians, 2012). Our
research group has recently submitted a paper to this journal and the majority of comments
received focused on the handling of missing data and requested a sensitivity analysis. Of interest,
this medical journal has a statistics deputy editor, six statistical associate editors and two statistical

consultants; this could be the reason they are focusing on missing data.

The second is the New England Journal of Medicine, which published an update to their policies
regarding missing data in response to a report by the National Research Council (Ware et al.,
2012). The change in policy included a need to justify the use of complete case analyses and single
imputation. Weighted estimating equations, multiple imputation or model based methods are
preferred. Sensitivity analyses might be required if missing data are substantial. Authors are
required to describe the rationale for the choice of models as well as details of the models fitted.
The journal of Clinical Pharmacology and Therapeutics also covered the handling of missing data

recently (O'Neill & Temple, 2012).

If prominent journals such as the Annals of Internal Medicine and the New England Journal of
Medicine require submissions to handle missing data adequately, researchers and statisticians will
be forced to become familiar with standard methodology for the analysis of missing data. This is a

giant step in the right direction.

Authors, and especially expert panels (CHMP, 2010; Little et al., 2012; National Research Council,
2010), are quick to point out that the problem of missing data should not primarily be addressed at
the analysis stage. They focus also on the design and conduct of clinical trials as important in
reducing the amount of missing data. This is definitely an area to focus on in an attempt to
improve clinical trials. More research into missing data methodology might not improve clinical
trials as much as more guidelines to researchers on methods to design clinical trials in a way that

will reduce missing data in the first place.

Sensitivity analyses are seen as an important element of any analysis when a large amount of data
are missing. However, no clear guidelines are available for sensitivity analyses (Ware et al., 2012).
The most useful sensitivity analyses would probably include modelling a MNAR model, which
uses much more complicated methods than the likelihood-based methods that can be used when

data are assumed to be MAR. An area where innovation is needed is the development of guidelines
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for sensitivity analyses and the development of software that would be able to easily, without too

much statistical programming by the user, do MNAR analyses.

What lessons could be learnt about the application of missing data techniques from the SAPiT
study? Maybe the most discouraging lesson is that, although it seemed from the data that the
missing data process was probably not ignorable, and several models under different assumptions
were fitted, the conclusions were similar to the conclusions under a naive model. In the end the
more complicated analyses did not change the interpretation that one would have arrived at if a
simple likelihood-based analysis was fitted. Thus, taking account of the effect of missing data did

not change the conclusions in this instance.

The St John’s Wort data were difficult to analyse because such a large proportion of the data was
missing. In the original article published using this data, data were only analysed up to 8 weeks,
before most of the data were missing (Hypericum Depression Trial Study Group, 2002). The
conclusion drawn at 8 weeks was that hypericum was not efficacious, thus obviating the need to
analyse the follow-up data. However, had it been necessary to analyse the follow-up data, it might
not have been possible to do any useful analysis, other than a conditional analysis, namely looking
at the outcomes given that a participant entered into the follow-up phase. The St John’s Wort study
highlighted the shortcomings of most of the missing data methods once a substantial proportion of
the data is missing. This is a significant weakness, since missing data are more likely to lead to
bias and becomes more important the more missing data there is. Even in instances where missing
data are MNAR, the final results will probably be fairly unbiased as long as there is a small amount
of missing data. This means that missing data techniques becomes more difficult to use, exactly
when they are more needed. Statistical methodological research could therefore focus on cases
where substantial amounts of data are missing and find optimum methods for these instances. It
would also be helpful to know what the maximum amount of missing data is that a specific method

can reliably handle.

Bayesian data analysis methods are not often used in the analysis of clinical trial data. This is also
changing and Bayesian methods are being used more readily. In the SAPiT trial, the Bayesian
models were easy to apply and gave results fairly similar to the likelihood-based methods.
Bayesian analyses could provide a very usable framework in which to deal with missing data, since
Bayesian methods can be applied when data are incomplete in much the same way as when data are
complete. Some of the likelihood-based methods had computational problems with models that did
not converge. Bayesian methods are much more robust and could be fitted in all instances in this
thesis. This means that Bayesian models could be a viable alternative in certain settings where the

computations became difficult.
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In summary: The theoretical development of missing data techniques is light years ahead of the
application of missing data techniques in everyday use. At a minimum researchers should be aware
of the bias that could be introduced by missing data and should report on the missing data present
in their data and what effect this could have on the results. It is unlikely that routine analyses will
include more advanced missing data techniques such as pattern-mixture models and selection
models soon. However, likelihood-based methods, and to a lesser extent Bayesian methods, are

easily available and provide a valid, easy to use analysis if the missing data mechanism is MAR.

The latest buzzword is sensitivity analysis, but there is no clarity on the requirements for a
sensitivity analysis. It is logical that a sensitivity analysis should include models that assume both
MAR and MNAR missing data. However, MNAR models are much more complicated and make
several assumptions and could probably not be fitted by the ‘average’ researcher without additional
training in statistical programming or missing data methodology. It might also require advanced
statistical knowledge to understand how to translate practical assumptions about the missing data
into statistical elements of the models fitted. This makes the requirement for sensitivity analysis
rather onerous to apply in most contexts. In practice a sensitivity analysis may be done, but may
not really include all relevant alternative models. A sensitivity analysis could also never be
exhaustive, since several alternative assumptions could be made and several models could be fitted
under these assumptions. This means that even when a sensitivity analysis is presented, it might

still not give reliable evidence about the robustness of the results.
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Appendix 1
The extension of the delta method in Section 3.3.2.1 to four groups

For four groups, say A, B, C and D, let the population weights be 7, 7}, 7, and T4 and
Mg+ mp +1,+1my =1,

sothat my =1 — (m, + mp + 7).
The parameters for each of the patterns are 84, Bg, ¢ and Sp. Let

0 = (mq, Ty, Ty Bas Brs Ber Bp)
and as in the two group case, let

9(8) =1yBs+ mpPp + P + maPp

which can also be written as

g(0) =myfa+ mpPp + mchc + [1 — (T + 7, + )]Bp and

[var(ft,) covap COVyc 0 0 0 0
covyg var(fty) covgc 0 8 8 8
R COV4c covge  var(f,) 0 0 0 0
vV@)=| o0 0 0 var(fBa) 5
0 0 0 0 var(fg) O 0
0 0 0 0 0 var(fe) 0O
[ 0 0 0 0 0 0 var(fp)]

where cov,g= cov(ft,, fp),
covge= cov(Tty, i),

Covyc= cov(fiy, ;).

The assumption is made that the four dropout status groups are independent, therefore the
covariances between the f’s are 0. However, the proportions 7T, 7, and 7T, are not independent
and the covariances are not 0 in that case. The required derivatives are:

990) _ , _

an.a - ﬁA ﬁ D

9g9(6)

omy = ﬁB - ﬁD

2g9(8)

“om. = Pc—Fp
ag(6) _
0B, @
ag(0)
0Bp

99(6) _
0Bc

ag(8)
9fp

=1—(m, +mp +m.).

0 3y — B, B — By, B — B . [0g(0
V[g(e)] = [ABA = PBp, Bs — Pp, Bc — Pp, Ta, T, T[C,{l — (my, + M, + nc)}]v(e) [ ga(g )]
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= [(.éA - .éD)Uar(ﬁa) + (.éB - .éD)COVAB + (ﬁc - ﬁD)COUAC:
(.éA - .éD)COVAB + (ﬁB - ﬁD)Var(ﬁb) + (.éc - .éD)COVBC )
(EA - BD)COUAC + (BB - ED)COUBC + (ﬁc - ﬁD)var(ﬁc),

= (s — Bo) var(@a) + (Ba— Bo)(Bs — Bo)covan + (Ba — Bo)( Be — Bo)covac
+ (85— Bo)(Ba — Bo)covas + (Bo — o) var (i)
+ (Bc — Bp)(Bs — Bn)cove + (Ba — Bp)(Bec — Bp)covac
+ (Ba = Bo)(Be = Bo)covac+(Be — fp) var(ae) + ma?var(B)
+ mp2var(Bs) + mtvar(Be) + {1 — (a + mp + ) }2var(fp)
=(Ba— ,[?D)Zvar(ﬁa) + 2(Ba— Bp)(Bs — Bo)covag + 2(Ba — Bo)( Bc — Bp)covac

+ (ﬁB - ED)ZUar(ﬁb) + Z(Ec - gD)(ﬁB - BD)COUBC+(EC - BD)zvar(ﬁc)
+ m2var(B,) + nbzvar(ﬁB) + nczvar(ﬁc) + {1 — (my + mp + ) Yvar(Bp)

navar(ﬁA), nbvar(ﬁg),ncvar(ﬁc), var(ﬁ[,){l — (M, + 1 + nc)}] [

PPN —TgTp
CoVyup = COVgy = coV(Ty, fTy) = N
A A TN
COVyc = COVey = COV(TTy, ) = N
PPN —T Ty
coveg = covge = cov(y, fi,) = N
var(fiy) = —T[a(l — a)
a) =
N
var(fty) = (1 = )
L)) = ———°2
N
~ (1 —m.)
var(ft;) = — N

If covyp, covpc, covep, var(it,) var(fl,) and var(it,) are replaced in V[g(8)] above the variance

is estimated by the following:

5 5 5 Aa 1- Aa AaA 5 5 5 5 AaAc 5 5 5 5
war{g(®)] = (B~ o2 2T 2T (5 ) (B — ) — 270 (B~ ) (e — o)
A 5 T 1 —fl ACA A A A 5 5 5 AC 1 - AC
+ o~ Boy? 2L ST (5 ) — o) + e — o)

+ ﬁﬁvar(ﬁA) + ﬁgvar(ﬁB) + ﬁ?var(ﬁc) + [1 = (g + 7ty + )] ?var(Bp)

This formulation of the equation is not in the most natural form to fit the model. The following

changes can be made to write the formula in a form that is easier to use:
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As above:
Mg+ mp+m.+1mg =1,
sothatmy =1 — (my + mp+ 1)
and B = g(8) = moBy + 1B + Tcfc + TaPp
which can also be written as
9(0) =mafa+ mpPp + mPe + [1— (T + 7y + 7)1 Bp-
A change is made by defining
Be = Ba+ Ba1

Bc = Ba+ Baz and Bp = Ba + Pas

with 851 indicating how group B differs from group A, S, indicating how group C differs from

group A and f553 indicating how group D differs from group A then

9(8) = B = 1afa+ mpPp + mcPc + mafp
= TaPa + Tp(Ba+ Bar) + mc(Ba + Baz) + [1 — (g + mp + )] (Ba + Baz)
= TaPa + TpPa + TcPa+ Pa— (Mg + Tp + T )(Ba + Baz) + TpPar + TcPaz + Bas
= Ba+ pBa1 + TcPaz + TaPaz

Define 0 = (B4, a1, Bazs Baz, Ty, e, Tg). It then follows that
9g(8)
=1
0Ba
99(8) _
9B
29(®) _
0Bz ¢
9g(®8) _
0P

29(8) _
g A1

Tp
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Val:\(ﬁ/{) COV(.éA: .éAl) COV(.éAi .éAZ) COV(ﬁAA; BZ 0 0 0
cov(Ba, Ba1)  var(Bai) 0 0 0 0 0
_ |cov(Ba, Baz) 0 ; 0 0 0 0
V(@) = S Paz ’ var(OﬁAz) var(Bas 0 0 0
COV(BS'BAQ 0 0 0 var(,)  cov(Ry,R.) cov(fy,fiy)
0 0 0 0 cov(fty, ) var(f,) cov(ft,.,Tq)
0 0 0 0 cov(fpfta) covifofty)  var(Ra)
— 1 -
Tp
T[C
ag(e ~. (0g(0)\ —~
(2 V@) (*L2) = [1, 70, e, Ta, s, oz BasIV(®) e
Al
Baz
B2

= [var(Ba) + mp cov(Ba, Bnr) + mc cov(Ba, Paz) + ma cov(Ba, Baz), cov(Ba, Par) + 1y var(Bar), cov(Ba, Paz) + e var(Baz), cov(Ba, Bas) + ma var(Bas),
Bax var(ftp) + Baz cov(itp, fic) + Baz cov(ity, q), Barcov(fp, fic) + Baz var(fic) + Baz cov(ite, a), Ba1cov(ity, a) + Baz cov(fc, itq) +

Baz var (@) | [1,mp, 70, 0, Bat, Bazs Baz)’
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= Var(ﬁA) + mp COV(.éA:.éAl) + 1 COV(.éA:.éAZ) + 1y COV(ﬁA»ﬁM) + ”bCOV(ﬁA:ﬁA1) + ﬂ%Var(ﬁA1) +
e cov(Ba, Paz) + mévar(Ba,) + mavar(Baz) + Bar’var(®y) + my cov(Ba, Baz) +
21 Bnz cov(y, ) + 2 ParBaz cov(Ry, ) + Pas’var(fe) +

A A 2 A
+ 2Bp2Pa3 cov(fic, ftg)+ Pas“var(fty)

var(B) = var(By + a1 + mcBaz + TaPaz)
= Var(ﬁA) + Var(nb ,ém) + Var(ncﬁAz) + var(nd,l?Ag) + ZCOV(EA,nb,l?M) + 2cov(ﬁA,nCﬁA2)
+ ZCOV(,éA, ndﬁA3) + ZCOV(nbﬁAl,ncﬁAz) + 2cov(nbﬁA1,ndﬁA3)
+ 2c0v(7 a2 Tabaz)
Since the covariance between S5, Ba, and Bas is 0:
= Var(ﬁA) + nlz)var(ﬁm) + rc?var(ﬁm) + rcévar(ﬁm) + 2nbcov(ﬁA,EA1)
+ ZNCCOV(ﬁA,ﬁAZ) + 2ndcov(ﬁA,ﬁA3)

Combining var(f) and V() gives the following:

(ag(ﬂ)) (0) (69(9)) var(f) + Bar2var(iy) + 2Bp1Bazcov(fty, e) + 2Bp Bascov(fty, y) +

Bz var(@.) + ZﬁAZIBA?;COV(ﬁcr 4) + Basz’var(fty)

A 1- (1=,
= var(B) + P’ w 2B ﬁAz — 2Bp1 Bas bnd + Bz’ ¥

T[d(l —Tg)
N

— 2Pz .3A3 + Bz’

This means that the variance can be calculated in standard statistical software by calculating the
variance for 8 using the estimate statement and then adding the contribution to the variance made

by the other terms; fBx1 , Bap and B3 are available as standard output and mp, T, and Ty can be

calculated easily from the sample.
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Appendix 2
Definition of variables used in SAS code
Variable Description Coding
Pid Unique participant identifier
Point Time point in study 1 = baseline
Ort 2 = 6 months
Or pointx 3 =12 months
4 = 18 months
5 = 24 months
Pointsquared | Point” (quadratic time effect)
Treatment Arm randomised to 1 = early integrated treatment arm
2 = late integrated treatment arm
3 = sequential treatment arm
Dummyearly | Dummy variable indicating 0 = Does not belong to early treatment arm
belonging to early treatment arm 1 = Belongs to early treatment arm
Dummylate Dummy variable indicating 0 = Does not belong to late treatment arm
belonging to late treatment arm 1 = Belongs to late treatment arm
Dropout Variable indicating dropout category | Dropout is coded differently in different
models. In the case of a binary dropout
variable, it would be
0 = Completed the study
1 = Dropped out of the study
Cd4count CD4+ count
CD4Square Square root of CD4+ count
Cd4at6 CD4+ count at 6 months
Cd4atl12 CD4+ count at 12 months
Cd4atl8 CD4+ count at 18 months
Cd4at24 CD4+ count at 24 months
Sqr_cd4atx Square root of CD4+ count at x
months
Logvl Logl10 of viral load at baseline
Who WHO status at baseline 0 = WHO stage 1,2 or 3
1 = WHO stage 4
Baselinecd4 CD4+ count at baseline CD4+ count divided by 50
Age Age at baseline in years
Gender Gender 0 = male
1 = female
Historytb History of tuberculosis at baseline 0 = no history of tuberculosis
1 = history of tuberculosis
Extrapul Presence of extra-pulmonary 1 = extra pulmonary tuberculosis present
tuberculosis 0 = extra pulmonary tuberculosis not
present
MDR Presence of multidrug resistant 1 = multidrug resistant tuberculosis

tuberculosis

detected
0 = multidrug resistant tuberculosis not
detected
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Appendix 3
SAS code

Code for the identifying restriction from Section 5.5.1.3

data growth4;
set dataset;
array trt_t[*] treltl tre1t2 trt1t3 trtltd treltS trt2el tre2e2 tre2t3 tre2td rt2tS trt3tl trt3e2 trt3e3 tre3t4 tre3tS
do k=1 to 15;
trt_t[k]=0;
end;

if treatment =1 and t = 1 then trt1tl =1;
if treatment = 1 and t = 2 then trt1t2 =1;
if treatment = 1 and t = 3 then trt1t3 =1;
if treatment = 1 and t = 4 then trt1t4 =1;
if treatment = 1 and t = 5 then trt1t5 =1;

if treatment = 2 and t = 1 then trt2t] =1;
if treatment = 2 and t = 2 then trt2t2 =1;
if treatment = 2 and t = 3 then trt2t3 =1;
if treatment = 2 and t = 4 then trt2t4 =1;
if treatment = 2 and t = 5 then trt2t5 =1;

if treatment = 3 and t = 1 then trt3tl = 1;

if treatment = 3 and t = 2 then trt3t2 =1;

if treatment = 3 and t = 3 then trt3t3 =1;

if treatment = 3 and t = 4 then trt3t4 =1;

if treatment = 3 and t = 5 then trt3t5 =1;
run;

step 1: estimate model parameters given monotone missing data, by pattern;
% macro stepl,;
%do t=1 %to 5;
proc mixed data=growth4 asycov;
where last_t=&t and t<=&t; * last_t was created earlier as the last visit where data were observed ;
class pid t;
9oif &t=1 %then model cd4square = trt1tl trt2tl trt3tl/ noint solution covb ddfm=Kkr;;
%if &t=2 %then model cd4square = trt1tl trt1t2 trt2tl trt2t2 trt3t1 trt3t2/ noint solution covb ddfm=Kkr;;
%if &t=3 %then model cd4square = trt1tl tre1t2 trelt3 trt2t] trt2t2 trt2t3 tre3t] trt3t2 trt3t3/ noint solution
covb ddfm=Kr;;
%if &t=4 %then model cd4square = trtltl trtlt2 trtlt3 trtltd tre2tl trt2¢2 trt2t3 trt2t4 tre3tl trt3t2 rt3t3
trt3t4/
noint solution covb ddfm=Kkr;;
%if &t=5 %then model cd4square = trtl1tl trtlt2 trtl3 trtltd treltS trt2e] 22 trt2t3 tre2t4 trt2tS trt3tl tre3t2
trt3t3 trt3t4 trt3t5/
noint solution covb ddfm=Kkr;;
repeated t / subject=pid type=un;

ods output solutionf=beta_point_&t; * estimates;
ods output covb=beta_covar_&t; * precision;

ods output covparms=alpha_point_&t; * estimates...;
ods output asycov=alpha_covar_&t; * precision;
run;

ods output close;

P%end;

% mend;

Yostepl;
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* step 2: impute data under ACMV;

Jomacro step2( data=, /* data set used in 'step 1' */
subject=,  /* subject indicator */

time=, /* time indicator */

last_time=, /* indicator of last observed y within each subject */

y=, /* target variable */

X=, /* predictor variable(s) */

nimputation=, /* number of imputations */

seed=, /* seed used for multiple imputations */

restrictions= /* identifying restrictions: CCMV, NCMV, or ACMV  #/);

proc sql noprint;

select count(distinct &last_time) into :ntp from &data; %let ntp=%Ileft(&ntp); * number of all patterns or
timepoints;

select count(distinct &last_time)-1 into :nt from &data; %let nt=%left(&nt); * number of incomplete
patterns;

select count(distinct &subject) into :n from &data;

Y%do t=1 %to &ntp;

select count(distinct &subject) into :n&t from &data where &last_time=&t;

%end;

%do t=1 %to &ntp;

select count(distinct &subject)/&n into :p&t from &data where &last_time=&t;

Yend;

quit;

* 1. read data;
data _orig;

set &data;
_sorting=_n_;
run;

proc iml;
%do t=1 %to &ntp; * loop over all patterns;

use _orig(where=(&last_time=&t)); * only select subjects with incomplete data;
read all var{&subject &last_time &time &y &x

} into data&t;

P%end;

* 2. read models: beta and alpha data sets;
%do t=1 %to &ntp; * loop over all patterns;

use beta_point_&t(drop=effect stderr df tvalue probt); * only select the estimates;
read all into beta_point_é&t;

use beta_covar_&t(drop=row effect);

read all into beta_covar_&t;

use alpha_point_&t(drop=covparm subject);

read all into alpha_point_é&t;

use alpha_covar_&t(drop=row covparm);

read all into alpha_covar_&t;

P%end;

* 3, construct the conditional distributions and draw from them;
create _done var{
_imputation &subject &last_time &time &y};

%do imputation=1 %to &nimputation; * start of multiple imputation loop;

call randseed(&seed+&imputation,1);
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* sample beta and alpha from their estimated sampling distribution, as is customarily done in multiple
imputation;
Y%do j=2 %to &ntp;
beta_&j=t(randnormal(1,t(beta_point_&j),beta_covar_&j));
do until (ok); * ensure that each alpha is positive definite;
temp=t(randnormal(1,t(alpha_point_&;j),alpha_covar_&j));
alpha_&j=j(&j.&j);
k=0;
do j=1to &j;
doi=1toj;
k=k+1;
alpha_&j[i,j]=temp[k];
alpha_&j[j,i]=alpha_&j[i,jl;
end;
end;
ok=1;
do r=1 to &;;
ok=ok & det(alpha_&j[1:r,1:r])>0; * Sylvesters criterion;
end;
end;
Yend;

%do t=1 %to &nt; * loop over incomplete patterns;
call symput('ni', char(nrow(data&t)));
%do i=1 %to &ni %by &ntp; * loop through subject * timepoint blocks;

y=data&t[&i:%eval(&i+&ntp-1),4]; * these are the outcomes for 1 subject;
x=data&t[&i:%eval(&i+&ntp-1),5:ncol(data&kt)]; * these are the covariates for 1 subject;

%do s=%eval(&t+1) %to &ntp; * loop through missing timepoints s for subject i;

start=&s;

stop=&antp;

if "&restrictions"="CCMV" then start=&ntp; * for CCMYV, start=stop=T, index j=T will be fixed (see
below);

if "&restrictions"="NCMV" then stop=&s; * for NCMV, start=stop=s, index j=s will be fixed (see
below);;

call symput('start', char(start));

call symput('stop', char(stop));

yl=y[1:%eval(&s-1)]; * y1 only depends on s;

y2givenl=j(%eval(&stop-&start+1),1); * initiate y2givenl;

w=j(nrow(y2givenl),1); * initiate w;

Y%do j=&start %to &stop; * j>=s -- for CCMV j=T, for NCMV j=s;

* the choice of beta and alpha depends on j -- for CCMV/NCMYV index j is fixed, for ACMYV j is running
froms to T;

beta=beta_&j;

alpha=alpha_&j;

* the below only depends on j through beta and alpha;

mu=x[,1:nrow(beta)]*beta;

mul=mu[1:%eval(&s-1)];

mu2=mu[&s];

alphal 1=alpha[1:%eval(&s-1),1:%eval(&s-1)];

alphal2=alpha[1:%eval(&s-1),&s];

alpha21=alpha[&s,1:%eval(&s-1)];

alpha22=alpha[&s,&s];

if det(alphal1)>0 then do;

y2givenl[%eval(&j-&start+1),1]=mu2+alpha2 1 *inv(alphal 1)*(yl-mul);
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w[%eval(&j-&start+1),1]=&&p&;j*(det(alphal 1)**-0.5)*exp(-0.5*(t(yl-mul)*inv(alphal 1)*(y1-mul)));

end;
else do; * catch exception: if the conditional variance is not positive then give a low weight to y2givenl;
y2givenl|[%eval(&j-&start+1),1]=mu2;
w[%eval(&;j-&start+1),1]=0.0001;
end;
P%end;
if nrow(w)=1 then y[&s]=y2givenl[1,1];
else do;
abs=w#(1/sum(w)); * ensure that weights sum up to 1;
cum=j(nrow(abs),1);

do u=1 to nrow(w);
cum[u]=sum(abs[1:u]); * ensure that weights become cumulative;

end;
ranu=ranuni(&seed+&imputation);
select=1;

do u=2 to nrow(w);
if ranu>cum[u-1] & ranu<=cum[u] then select=u;

end;
yl[&s]=y2givenl[select,1];
end;

%end; * end of loop through missing timepoints s for subject i;
data&t[&i:%eval(&i+&ntp-1),4]=y;

%end; * end of loop through subject * timepoint blocks;
impdata=impdata // data&t[,1:4];

%end; * end of loop over incomplete patterns;

alldata=impdata // data&ntp[,1:4]; * add completers;
alldata=j(nrow(alldata),1,&imputation) Il alldata; * add imputation index;
setout _done;

append from alldata;
free impdata alldata; * clear these matrices;

%end; * end of imputation loop;
close _done;
quit; * end of proc iml;

* 4, write data;

proc sql;

create table &data._&restrictions as

select b._imputation, a.*, b.&y as _&y._&restrictions

from _orig a, _done b
where a.&subject=b.&subject and a.&time=b.&time

order by _imputation, _sorting;
quit;
data &data._&restrictions;
set &data._&restrictions;
if &y=. then &y=_&y._&restrictions;
drop _sorting _&y._&restrictions;
run;

% mend;

Yostep2(data=growth4, subject=pid, time=t, last_time=last_t,
y=cd4square, x= trtltl trt2t] trt3tl trtl12 trt2t2 trt3t2 trelt3 trt2e3 trt3t3 treltd tre2e4 trt3ed 1S tre2tS rt3eS5
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nimputation=70, seed=999, restrictions=ACMV);

* truncate imputed data;
data growth4_acmv;
set growth4_acmv;
if y gt 35 then y = 35;

ifyltOandy gt. theny = 3;
2=t
tsquare = t*t;

run;

* step 3: estimate model parameters given imputed data;

proc mixed data=growth4_acmv asycov;

by _imputation;

class pid t treatment;

model y = treatment t2 treatment*t2 tsquare/ solution covb ddfm=kr;
repeated t / subject=pid type=un;

ods output solutionf = mix_acmv covb = mixcovb;
run;

ods output close;

data mixparms2;
set mix_acmyv;
_imputation_ = _imputation;

if effect="treatment" and treatment=1 then effect="TRT1";
if effect="treatment" and treatment=2 then effect="TRT2";
if effect="t2*treatment" and treatment=1 then effect="TRT1_WEEK";
if effect="t2*treatment" and treatment=2 then effect="TRT2_WEEK";
if effect="treatment" and treatment=3 then effect="TRT3";

run;

proc mianalyze parms=mixparms2 ;
modeleffects Intercept t2 TRT1 TRT2 TRT1_WEEK TRT2_WEEK tsquare;
run;

The same macro is then used to do imputation under ACMV, NCMV and CCMV
ACMV.

. The example is for
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Code for pattern-mixture model using multiple imputation in Section 5.5.1.2

/* Macro name: Modify

Parameters

Data= Name of original data set

Imp= Name of imputed data set

Out= Name of Output data set

Var= List of variables as used in Var statement for MI
Deltadrop and deltadead= The amount to decrease imputed value by
S= SD for Normal distribution from which Change is
sampled with mean Delta for each imputation

Trx= Name of variable holding treatment classification
n = number of variables used to impute*/

%o macro modify(data= ,imp= ,out=, var =, deltadrop=, deltadead= ,s= ,trx=, n = );
9olocal i n;

* Get number of elements in the Var List as macro variable n;
Yolet i=1,

Ylet txt=%scan(&var, &i, %str( ));

%do %while(%length(&txt)) ;

Ylet i=%eval(&i +1);

%let txt=%scan(&var, &i, %str());

P%end;

Ylet n=%eval(&i -1);

data Templ;

set &data;

array My_Var[1:&n] &Var;

array My_Ind[1:%eval(&n+1)] My_Ind1-My_Ind&n No;
keep My_row My_ind1-My_Ind&n;

My_Row=_N_;

No=0;

doi= &nto1by-1;

My_ind[i]= ( ((My_Var[i] > .z) + My_ind[i+1])) > 0 );
end;

run;

data Temp2;

set &imp;

by _imputation_;

retain My_Row 0;

if first._imputation_ then My_Row=0;
My_Row=My_Row+1;

run;

proc sql;

create table Temp3 as

select A.*, B.*

from Temp?2 A left join Templ B
on A.My_Row = B.My_Row
order by _imputation_, &Trx;
quit;

* My_Ind=1 if data is Real;
* My_Ind=0 if data is Imputed;

data &out;
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set Temp3;
by _imputation_ &trx;

array My_Var[1:&n] &Var;

array My_Ind[1:&n] My_Ind1-My_Ind&n;
drop My_Row Change i My_ind1-My_Ind&n;
retain deltadrop deltadead;

* Change allows us to build up delta within the subject;

if first.&trx then do;

seednum = _imputation_*&trx;
Deltadead=&deltadead+&s*rannor(seednum);
Deltadrop=&deltadrop+&s*rannor(seednum);
end;

Change=0;

do i=1 to &n;

*If it is imputed then increase Change by delta;
if My_ind[i]=0 then do;
if dropoutdead = 1 then change = change + deltadrop;
if dropoutdead = 0 then change = change + deltadead;
end;

My_Var[i]=My_Var[i]-(i)*Change;
end;

run;

%0 mend modify;

/* Multiple imputation */
proc mi data = dataset out = full nimpute = 50 seed = 1 round =111 1 0.001 . maximum = 1000 1000 1000
1000 8

minimum=11110;

em initial = cc;

MCMC nbiter=5000 niter=5000;

mecmc impute = full chain = single timeplot (mean(sqr_cd4at6 sqr_cd4at12 sqr_cd4at18 sqr_cd4at24))

acfplot (mean (sqr_cd4at6 sqr_cd4at12 sqr_cd4atl8 sqr_cd4at24));

var sqr_cd4at6 sqr_cd4atl?2 sqr_cd4atl8 sqr_cd4at24 logvl who baselinecd4 age gender historytb extrapul
mdr ;

by treatment;
run;

proc sort data = full; by _imputation_;
Yomacro analiseer;

data full2;
set bbb;
cd4atbkwa = sqr_cd4at6*sqr_cd4at6;
cd4atl2kwa = sqr_cd4at12*sqr_cd4at12;
cd4atl 8kwa = sqr_cd4at18*sqr_cd4atl8;
cd4at24kwa = sqr_cd4at24*sqr_cd4at24;
run;

proc sort; by _imputation_ treatment; run;
/* Estimate treatment effect at final time point using each imputed data set */

proc univariate data=full2 NOPrint;
var cd4atbkwa cd4atl2kwa cd4atl8kwa cd4at24kwa;
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output out=outuni mean= cd4at6 cd4atl2 cd4atl8 cd4at24 stderr= Scd4at6 Scd4at12 Scd4atl8 Scd4at24
n = ncd4at6 ncd4atl2 ncd4at18 ncd4at24;
by _Imputation_ treatment;
run;

PROC SORT; by treatment;

proc glm data=full2 ;
model cd4atbkwa= treatment/inverse;
by _Imputation_;
ods output ParameterEstimates=glmparmssix
InvXPX=glmxpxisix;
quit;

* etc for each time point ;
/* Some data manipulation steps to create dataset in correct format to use with proc MIXED */

proc mixed data = fulla method = reml;
class pid treatment point ;
model coll = point2 treatment point2*treatment pointsquared/ solution covb ddfm = kr ;
repeated point / subject = pid type = un group = treatment;
by _imputation_;
ods output solutionf = mixparms covb = mixcovb;
run;
ods output close;

data mixparms2; set mixparms;

if effect="treatment" and treatment=1 then effect="TRT1";

if effect="treatment" and treatment=2 then effect="TRT2";

if effect="point2*treatment" and treatment=1 then effect="TRT1_WEEK";

if effect="point2*treatment" and treatment=2 then effect="TRT2_WEEK"; run;
run;

data mixcovb2; set mixcovb;
if effect="treatment" and treatment=1 then effect="TRT1";
if effect="treatment" and treatment=2 then effect="TRT2";
if effect="point2*treatment" and treatment=1 then effect="TRT1_WEEK";
if effect="point2*treatment" and treatment=2 then effect="TRT2_WEEK";
rename col3=TRT1;
rename col4=TRT2;
rename col6=TRT1_WEEK;
rename col7=TRT2_WEEK;
rename coll= intercept;
rename col2 = point2;
rename col9 = POINTSQUARED;

run;

proc mianalyze parms=mixparms2 covb=mixcovb2;
modeleffects intercept point2 TRT1 TRT2 TRT1_WEEK TRT2_WEEK POINTSQUARED ;
testl: test trt1+TRT1_WEEK= trt2+ TRT2_WEEK/mult; run;

proc mianalyze data=outuni ;
modeleffects cd4at6 cd4atl2 cd4atl8 cd4at24;
stderr Scd4at6 Scd4atl2 Scd4at18 Scd4at24;
BY treatment;

run;

Jomend,;

Yomacro pvals;
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proc mianalyze parms=glmparmssix xpxi=glmxpxisix;
modeleffects Intercept treatment;
run;

* etc and repeat for all time points ;
%mend;

titlel 'dropout = 0.5 and dead = 1';

%modify(data=dataset, imp=full, out=bbb, var= sqr_cd4at6 sqr_cd4at12 sqr_cd4at18 sqr_cd4at24,
deltadrop= 0.5, deltadead=1, trx=treatment, s=1);

Yanaliseer;

Yopvals;

* These steps are then repeated for each of the combinations of delta and sigma;
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Abstract

Ratimale and objective Hypericum perforatum (5t John's
worl) is used to treat depression, but the effectiveness has
not been established. Recent guidelines described the analysis
of clinical trials with missing data, inspining the reanalvsis of
this trial using proper missing data mathods. The objective
was to determine whether hypericum was superior to placebo
in treating major depression.

Methods A placebo-controlled, randomized clinical trhal was
conducted for 8 wesks to determine the effectivensss of
hypericum or sertraling in reducing depression, measunesd
using the Hamilton depression scale. We performed sensitivity
analyses under different assumptions about the missing data
proCess,

Resulty Three hundred forty participants were mndomized,
with 28 % lost to follow-up. The missing data mechanism
was not missing completely at mndom. Under missing at
random assumptions, some sensitivity anabyses found no dif
ference betwesn either treatment arm and placsbo, while some
sensitivity analyses found a significant difference fom base-
line to week B between sertraline and placebo (—1.28, 95 %4
credible interval [2.48; —0008]), but not betwesn hypericum

Trizl Registration: Clintrials gov, MCTOMOS01 3, hitp: S wwwoclindcal rials,
gow/et 2 show/NCTOEMED 37 term=H ypericunrtperforatum-Hmajort
depiesaion

A C Grobler (30

Centre for the ATDS Programme of Reseanch in Sowth Africa
{CAPRISA), Melson B Mandels School of Medicine, University of
KwaFuh-Naisl, Privaie Bag X7, Durban 4013, South Africa

e-itiall: grobleniuloen ac 2a

G, Matthews
School of Mathematics, Stafistics and Computer Sclence, University
of KwaPuli-Matal Durben, South A frica

G. Molenberghs
-BioStat Universiteit Hasselt and KT Leuven, Leuven, Belgium

and placebo (056, [-0.64;1.76]) The results were similar
when the missing data process was assumed to be musing
not at mndom.,

Conclugions There is no difference between hypericumn and
placebo, regardless of the assumption about the missing data
process. There is a significant difference between sertraline
and placebo withsome s atistical methods used. It is important
toconduct an analysis that takes account of missing data using
valid statistically principled methods. The assumptions about
the missing data process could influence the results,

Keywords 5t Johr's wort - Hypericum perforatum - Herbal
medicing - Antidepressant - Sertraling - Hamilton depression
seale - Bayesian - Multiple imputation - Mising at random -
M Esing not at random

I ntroduction

Hypericum perforatum

H . perforatum (5t John's wort), is 2 herbal remedy used in the
treatment of depression, especially in Eumpean countries
(Fegert et al 2006). |t was shown to be more effective than
placebo (Kalb et al. 2001} in treating depression and is be-
lieved to have fewer side effects than standan] antidepressive
therapies (Kasper etal. 2010; Linde etal. 1996). Some studies
and meta-analyses have found hypericum to be as effective as
standand antidepressive therapies (Linde et al. 2008; Rahani
et al 20099, while other studies found no difference between
hypericum and placebo (Shelton et al. 2000 ). Because differ-
ent studies had contradiciory results about the effectiveness of
hypericum compared to placebo and standard antidepressive
drugs, a trial was designed to compare both a standard
antidepressive thempy (sertraling) and hypericun to placebo
(Hypericum Depression Tral Study Group 2002). Sertraline



(trmdemark Zoloft) is an antidepressant of the selective sero-
tonin reuptake inhibitor (SSRI) class. The practicing clinician
will be interested in these mesults, since herbal preparations
should be used only when evidence exist that it is efficacious.

Missing data

Missing data are common in longitudinal clinical trials. Cver
the last 30 years, methods were designed for the proper
analysis of cinical tial dat when missing data are present,
This is summarized in two guidance documents by the
Eumpean Medicings ageney, “Guidsing on Missing Data in
Confirmatory Clinical Trials"(CHMP 2010), and the Mational
Research Council in the United States of America, “The
Prevention and Treatment of Missing Data in Clinical
Trials"(MNational Research Council 2010). The second report
was recently summarized o the Mew England Journal of
Medicine (NEM) (Little et al. 20012). In the same issue, the
journal announced new review policies regarding missing
data (Ware et al. 2012). Reviewers will in future look at
aspects of tnal design that reduce the impact of missing
data. Weighting or model-based methods will be preferred
over complete case analysis or single imputation methods.
The MEM will in future also requine sensitivity analysis when
missing data are extensive,

Rubin { 1976) descnbed three different missing data mech-
anisms hased on the level of dependence between the missing
data process and the measurement process. These are missing
completely at random, missing at random, and missing not at
random, Data are missing completd v at mndom when the
probability of dropout is mdependent of both observed and
unchserved data, for example, when a sample was lost in the
laboratory or a patient did not attend a visit due to tmnsport
problems, Data are missing at random when the reason for
dropout 15 known and associated with tnalrelated events
(Carpenter et al. 2002). The reason for dropout can depend
on observed data, but not on unobserved data, for example,
when a participant who is doing poorly i subsequently
discontinued from the trial by the clinicin or as per partici-
part's choice and a poor efficacy outooms 18 recorded m the
study database. When neither missing complately at random
nor missing at random is valid, data are missing not at random.
In this instance, the missingness can be explained by unob-
served outcomes, for example, when a participant whose
condition worsens stops coming to the chinie, and this wors-
ened condition is not observed. The missing data mechanism
cannot be determined using the data ohserved, except possibly
to confinn that the missing data mechanism is not missing
completely at random.

Ten years agn, it was standamd practice to analyee clinical
trials using complets case analysis or single imputation tech-
niques including last observation carried forward (LOCF).
This is changing in fivor of more appropriate methods and
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recommendations now advise against these (Campenter et al
2006, Carpenter et al. 2003 CHMP 2010; Mallinckrodt et al
2000 ; Molenberghs and Kenwand 2007; Molenberghs et al
200e; National Research Council 2010; Ratich etal. 200 3). In
2002, the hypericum clinical trial was published using
complete cass analysis and last observation carried forward
(Hypericum Depression Tral Study Group 2002). In this
paper, we reanalyzed the data up to week B, uwsing prinei-
pled methods suppested by current guidelines, which did
not exist in 2002, We use this trial as an example of the
changes in analvses that are required if the new guide lines
ane to be adopted

Materials and methods
Trial design

The trial was a randomizd, double-blind, parmllel-am, B-week
outpatient trial of hypericum, sertraling, or placdho reatment
for major depressivie dsorder, followed by 18 wedks of double-
blind continuation treatment in partidpants mesting responss
crieria at week B The study consisted of an aoute phase (the
first B weeks) and an optional continuation phase (fom weeks §
to 26). The focus of this paper is on the acute phase only. The
specific inclusion md exclusion cntena are given m the tral
publication (Hypetcum Depression Trial Study Group 2002),
The digibility of paricipants was assessad, after which they
gave wiitten informed consent and participated in a 1-week
placebo nun-in, Participants meeting eligibility criteria after the
rim-in were randomizad to one of the three treatrment ams m a
1:1:1 ratio. Patticipants were assessed weekly fom week 1 to
week 8. The Hamilton depression scale (HAM-D) (Hamilton
1960), global assessment of functioning (GAF) scale, Clinical
Global impressions scale for severity (CGES) and improve-
ment (OG-, and the Beck Depression Inventory (BDI) wene
assemsed at all visits, Orther safety-related information was ako
collected, such as vital signs, adverse events, and blood chem-
istry and hematology (Hypericum Depression Trial Study
Group 2002). We anabyze the rssponse over ime on HAM-D,
which is a mensure of depression, with a higher score indicative
of mom: severe depression.

The primary hypothesis was whether hypericun 15 superior
to placebo after 8 weeks, The endpoint was defined as the
change in the HAM-D scone from bassline to wede 8. The
principal comparison was between the hypericum and placebo
arms. The sertraling amm was included as an active control am
to validate the study, but no companison betwesn hypericum
and sertraling was intended and the tnal was not powered for
such a comparison or for multiple comparisons with placebo
(Hypencum Depression Trial Study Group 2002). Details
about the proportion of patients dscontinued, timing of dis-
continuation, and rsason for discontimuation ane provided,



Statistical methods

In the origimal analysis, treatment differences in the change in
HAM-D total score from baseline to week 8 were evaluated
through a random coefficient regression model. Available
longitudinal scores through week B were modelled as a linear
fimction of fixed effects for treatment, site, sex, week, and
treatment by week, with mndom intercept and slope for each
patient. A secondary analwsis was nssinicted to parbiapants
who completed the acute phase (completer analysis), and
analysis of covarnance models used last observation cartied
forwand; although these results were not given in the paper
(Hypericum Depression Tral Study Group 2002), Ananalysis
of the data in the continuation phase was also done in a
sepamte paper. In this analysis, the HAM-D scores for com-
pleters at the final time point wene compared and last obser-
vation camried forwand was applied (Sarris et al 2002) While
the random coefficient regression model could be approprate
if the missing data mechanism is musing completdy at ran-
dom or missing at mndom, last observation carried forwand is
not an appropriate way of handling missing data, because it
might inflate the Type [ emor and create bias in the estimation
of mean change from baseling while producin g standard errors
that are too small (Mallinckmodt et al. 2001). The mndom
coefficent regression model takes into account the expect-
tion of the missing measurements, gven the observed me-
surements and is valid and inbased under missing at rndom
(Molenberghs and Kenward 2007). It can be thought of as
aiming to estimate the treatment effect that would have been
ohserved if all participants had continued on treatment for the
full study duration (CHMP 201 0).

We reanalyzed the data using principled missing data tech-
nigques. Assumptions wens made about the missing data mech-
anism and a series of sensitivity analyses wene dong under
these assumptions. If the missing data mechanism is miss-
ing completely at random, an available case or complete
case analysis would be valid, although this analysis would
have reduced power because of the exclusion of some
participants. If one assumes the missing data mechanism
s missing at random, several methods would be valid,
including maximum likelihood models, multiple mputa-
tion, and Bayesian analysis.

Likdihood-hased appmaches use a parametric modd to
formulate a statistical model for the missing data and base
inferences on the likelihood function of the meomplete data,
The ohjective is to draw inference about a parameter, 8, ina
model [ (pld) for the msponse data that is not fully ob-
served Under the missing at random assumption, @ and the
missing data model are functionally independent and miss-
ing data can be treated as i gnorable. In this case, mference s
drawn about § without having to specify a model that
relates the missing data process to the observed data
(Mational Research Council 2010),
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In the absence of missing data, likelihood-hased methods
entail the maximization of the full data lkelihood. With in-
completeness, this likelihood is replaced by the observed data
likelihood, where the individual likelihoods are integrated
over the missing values, ﬁ [ (5, =, 1,0, ) = ;

i=1
where y indicate the outoome varable, r is the mising data
indicator, & and +r are parameter vectors describing the mea-
surement and missingness processes, respectively, and N is
the number of participmts. Under ignombility and mising
completely at random or missing at mndom missingness, the
integml can be rewitten as an integral over the missing val uss
and the distribution of the missing data mechanism (under a
selecton modd). Under missing complady at nndom, this

becomes ﬁ F1p#|@) firdap) and under missing at random
=1

this becomes ‘ﬁ: S |0)f (re™, o) . We fitted a model

with fixed and random effects, meluding treatment, wesk, and
the mteraction betwesn treatment and week, adjusted for

Single imputation has several limitations. When anabyzing
observed data, it is assumed that measurements are made with
error, To assume that if data are missing, we can impute the
missing value without error (a single value) is unrealistic.
With conditonal mean imput ation, the imputed data are much
less variable than the observed data would have been. Thus,
analvang imputed data as ohserved data leads to an underes-
tmmation of standard emors, p values, and confidence intervals
(Carpenter and Kenward 2007; CHMP 20110).

Multiple mputation, first suggested by Bubin (1976), over-
comes the Imitations of single imputation. Multiple mputation
is dong in three sieps. In step 1, plausible values for missimg
observations ans imputed that refled inesrtmty about the mes-
ing data models, penemally assuming the missmy data process is
missing at random. These values are used to il in or mpote the
missing values. This process is epeated, resubtingin the creation
of sevenl complete data sets, taking inio acoount the uncertamty
in estirmating both the relationship between the variables and the
residual varsbiity, These provide a representation of the distri-
bution of the missing data mven the observed. In step 2, each of
these data sefs is analyaed wsing complae data methods that
would have been appropriate had there been no missing data. In
Step 3 the results are combined, taking the incertinty regarding
the impukitions mto account (Rubin 1976), This additional step
is needed to correcthy estimate the vanability of quantities
estimated from a completed data set. These results are unbiased
and have approcimately the comect standard ermor (Horton and
Kleinman 2007; Molenberghs and Kenward 2007).

Multiple imputation is said to be proper if it leads to
consistent agymptotically normal estimators, comect variance
estimators, and valid tests. Generally, the imputation will be



properif all sources of variahility and uncertuinty are nclhided
in the imputation model, including prediction ermors of the
individual values and emrors of estimation in the fitted coeffi-
cients of the mputation model (White et al. 2011). Multple
imputation is done using Bayvesian predictive distribution
and Monte Carlo Markov Chain sampling to generate the
imputation, assuming that the data follows a multivanate
normal distibution. The model used for imputation should
include all the variables included in the analysis model (to
ensure proper imputation), and all variables that could
improve the prediction.

Multiple imputation with 100 imputations was used to
analyze the change from baseling to wesk B, The imputation
model included all ohserved valuss of HAM-D, age, sex, race,
duration of depression, BDI, CGI-S, CGHL and GAF scale at
baseline. The wvanables were selected because they were
believed to be factors that could predict HAM-D scores or
wemne included in the analysis model. The imputed datasets
wene wsed to get the estimates of the change from baselne
to week B, and the appropriate p values and summary
statistics were caloulated using Rubin's rule (Rubin 1976).
The imputed datasets were also analyzed with a mixed
model as described previously.

Atits core, mulbiple imputabion uses Bavesian technigques,
since the imputations are sampled from a Bayesian posterior
distribution. Fully Bayesian approaches, where multiple
datasets are not imputed, are appropriate for the analysis of
missing data by specifving priors on all the parameters and
specifyng distrbubions for the missing covariates (Danisls
and Hogan 2008; Horton and Klenman 2007). The missing
data are then sampled from their condi tional distribution via
the Gibbs sampler, an algorithm that samples a Markov
chain where the kemel is the product of the sequentially
updated fall conditional distributions of the parameters and
the stationary distribution is the posterior distribution
(Geman and Geman 1984),

In Bayesian analyses, parameters ane treated as mndom
varables, Probability statements ane made about the model
pammeters and not about the data. Bayesian analysis has three
compongents. The prior distribution,  p(@), reflects the distri-
bution of the parameters before the data are seen. The likeli-
hood, L{#]0), gives the distribution of the ohserved data. The
postenior distribution uses Bayes' theorem to combing infor-
mation from the prior distribution and the likelihood and
expresses uncertainty about the inknown parameters after
seeing the dat, In ignorable methods, the posterior distribu-
tion & p(@ D)« p(@L(F]|D). The Bayesian nference is done
by specifying a model, specifying prior distibutions for the
pammeters of the model, and then updating the prior informa-
tion on the parameters using the modd specified and the data
ohserved to obtain the posterior distribution of the parameters,
In addiion to specifying a missingness model, assumptions
ahout the missing data and the uncertainty arund the missing
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data can be made explicit through the prior distibutions
(Daniels and Hogan 2008). The priors can be used to encode
information about the missing data process. Bayesian methods
are a natural way of hmdling missing data becamse a proba-
bility distribution is estimated for each missing value,
allowing for uncertainty to be captured. Missing data are
trzated as additional unknown quantities, thus, no distine-
tion is made betwesn missing data and unknown param-
eters, After specifiing an appropriate joint model for the
observed and mesing data and the model parameters, poste-
rior samples of the model parameters and missing values will
be generated wsing Markov Chain Monte Carlo methods
(Mason etal. 2012),

Letting ¥y be the HAM-D score for participant ¢ at occa-
sion j, whens thNuTrrﬂf{#F,ﬂ'z}, the fllowng Bavesian
model was fitted:

py = Bg + Buty + B28r 4 BaHy + (8451 + BeHi)ty

where, t; mdicates occasion § (week)) for participant £ 5; is an
indicator variable for the sertmline arm and equals 1 if partic-
ipant i belongs to the sertmline amm and is 0 otherwise,
Similarly, H; 18 an mdicator vanable for the hyvpericum am
and equals 1 if participant § belongs to the hypericum arm and
is 0 otherwise, A participant § belonging to the pleebo am
will thus have H;=5=0. The placebo amn is therefore the
reference group. We assume N independent participants,

Vague priors wers specified for the unknown parameters and
are given n Table 4. Sensitivity analyses were performad with
variows prior distributions, to assess the sensitivity of the
Bayesian models to the choice of prior distribution. Priors could
also have been used to melude data about the missingness
process. One could potentially use different prior distributions
for each of the treatment anmns, if the poor belisfs about the
missingness mechmism warmnied this,

Undermissing not at random, anassumption we cannot test
using the observed data, Bavesim anabyses, pattem mictuns
models, sdection models, and shared parameter models can
be used, at the expense of increased complexity.

Under a mzsing not at mndom s sumption, we fitted three
Bayeian modds under several different assumptions about
the musng data mechanism. Bayesim analysis provides a
flexible way to model missing not at rmdom data, using a
selection model factorization of a joint model, consisting of a
model of nterest and a model of missingness, The same
model for the observed data was fitted as under missng
at random and a model of missingness of the form
m g~Bemoulli(p ), logit(p =0+ ; was added, whemn
i=1,.., 340 indicates the participant and j=1, _..8 indicates
the wvisit, my is a binary missing value indicator for yg. This
model allows the missmgness to depend on the value that
wold have been obhserved.



A second missing not at random model was fitted
where the model of missingness had the following form:
logit pow =00+ 1y w—1H0 2 ¥rw—¥iw—1). This mode allows
the missingness to depend on the value that would have bemn
ohserved at the current ocomsion, where the valie is possibly
missing, as well as on the previous ohservad value. In so doing,
in ling with what is oftentimes done in a selection model
speafiation, missingness cm be ssen to depend on both the
level of the outoome (represerted by the average of the current
and previous values) and the increment between the previous
and aurent values. It should be noted that the data do not carry
information on @5 in the usual sense, While under a likelihood
and Bayesian paradigrm parametens mune be identified, the usual
asymptotics may not hold, in the sense that information acerual
may be minimal with increasing sample sizes. This subtle issue
i discussed and illustrated with data analvses and simulations
in Jansen et al. (2006) and the references therain. Practically, it
mems that parameters distinguishing missmg not at random
from missing at random under the posited model may be
identifiable from the observed data, but only bardy so.

A third missing not at random model was fitted
where the model of missingness has the following form:
logit pe=>0q+8, y5+ 05,8+ 39 ;. This model allows
the missingness to depend on the unobserved HAM-D value,
while allowing for a different mechanism in each treatment
arm by induding the HAM-D score by treatment intemction,
The prioes are given in Table 4. The prioms were chosen to be
flat and therefors uninformative. The pamameters were vared
from extremely flat priors, to less flat priors in onder to
investigate whether the models were sensitive to the choice
ofprior, Many othermodels fornomrandommissingness could
be fitted, depending on the assumptions made regarding the
missing data mechanism.

The sssumnptions made by the models ftted wene tested. The
assunption of linear regression was tested by plotting the
studentmed residuals agaimst the predicted mems, This plot
showed no desiations fom the assumption of bnear regression,
The normality assumption was testad by looking at the normal
probahility plot of the residuals. Mo deviation from nommality
wis present, Different variance covarines structures were fitied
and the most appropriate was chosen using Akaike Information
Criterion (AIC) and Bayesian Information Criterion (BIC).

All analyses wene performed on the data colleded from
baseline to week B, using SAS version 9.3 software (3AS
Instinte Inc, Cary, NC), with the exception of the Bayesian
analvses, which were performad wsing OPENBUGS vemion
3.2.2. All assumptions of linsar regression were satisfied

Resulis

The trial enmlled 428 participants in the mun-in phase and 340
wene mndomized to the tree treatment amms. The demogmphics
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of the sample and the CONSORT digmm & describad else-
whene (Hypericum Deprassion Tral Study Group 2002). The
mean pooled baseline HAM-D score was 228 (SD=2.7). A
large number of participants was lost to follow-up before wesk
8 288 % in the seriraline arm, 27 4 % in the hypericum arm,
and 27.6 % m the placebo amm. At the end of wesk 8, the
percentage participants who dropped out wene similar acmoss
the three arms; however, participants discontmued sooner in the
active anns, especially i the sertraling amm. The extent of and
reson for missing data at each visit is given in Table 1.

A central question is whether the missing data are missing
completely at random, missing at mndom, or missing not at
random. Although the data carmot exclude missing not at
random, it ¢can hold some evidence of informative
missingness. Figures | and 2 compare the HAM-D scome of
participants who dropped out at the next visit to those of
participants who did not drop out at the next visit,
Participants who droppad out are different from those who
did not dropout. Prior to week 4, dopouts had lower HAM-D
soores than those who did not drop out. From week 4 onwards,
dropouts had higher HAM-D scores than paricipants who did
not dop out; thus, dropout depends at least on observed
HAM-D scome. Among demographic and basdmne variables,
dumtion of depression and age were significantly associated
with dropout in a logistic regression,

The fact that some withdrawals were due to insufficient
response suggested that HAM-D score should not be analvaed
without taking mising data into account. In addition, the fact
that participants started dropping out sooner in the sertraline
arm might reflect that tolerability issues were nelated to drop-
out, casting further doubt on the suitability of a missing at
random modd. Ignonng paticpants who dop out due to
insufficient response or tolerability issuss will introduce an
important bias in the complete case analysis. In this context,
the missing at random based model expresses the assumption
that a parhcipant’s observed hutory is desmed adequate to
derive his or her probability of dropping out. Hers, history is
to be understood as the combination of the patient’s outcomes
from the beginning of the study up to but not including the
current one, and the covariate information, collectsd at
baseling and during follow-up, up to the current time, Up
to week B, a missing completely at random analysis is not
appropriate; a missing at random analysis might be appro-
priate, but missing not at random cannot be ruled out.
Assumptions about the missing data, other than missing at
random should be considensd.

In the original paper, the mean HAM-D scores using
available case analysis were given in a figure. According
to this figure, the sertraline arm showed the largest im-
provement over time. It also meluded a random coefficient
regression analysis on the longitudinal HAM-D total
seores. This analysis detected adownwand linear trend with
week (p value<0.001). Linear trends with week did not



Tabde 1 Mumber of participants sttending each visit
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Sertraline N=111 Hypericum V=113 Placebho N=116
Mumiber with Ham ilion depression scone at N Number miszing (*2) W Mumber missing (%) N Muribser missing (%)
Bawline 111 - 1y - e -
Weelk 1 1M 10900 11 12 {16) 111 5(4.3)
Waek 2 k1] {18 o2 1T 107 978
Waek 3 0 {189 W 13115 @ 22{19.40)
Waek 4 29 22{198 a 16 {14.2) o0 17{(14.7)
Weaek 6 A2 29251 @ 22(19.5) 93 23{19.8)
Week T T 2288 el 32 4) #4 32(2786)
Week & 32288 2 374 84 32(2786)
Enier continuation phase 4% E 42
Ressmns not completing acule phase (week §) N=32 N=31 N=32
Lo i fol low-up 10 I3 % i3 258 % T 219 %
Insufficient nesponsae T 219 % [3 194 % 11 344 %
Withdrew consent B 250 % T 226 % B 250 %
Adverse event L 15.6 % 2 65 % k. 44 %
Pratocol vialstion 2 631 % 8 258 % 3 94 %

differ significantly by treatment (hypencum vesus placebo,
p value=0359; sertraline versus placebo, p value=0.18). If
this analysis was done using all data points while fitting a
mixed model using maximum likelihood estimates, this anal-
vsis s consistent with missing at random assumptions
(Hyperwum Depression Tral Study Group 2002). From the
onginal paper, model estimates for the mean change from
baseline to week 8 in HAM-D score wene calcubited for each
of the treatment arms (Table 2). The conclusion was that
neither hypericum nor sertraling was superior to placebo,
The authors highlighted the high level of improvement in
the placebo amns often seen in depression thals (Hypericum
Depression Trial Study Group 2002).

R

[T Ty e——

Y - N |

Qe e e ot
Fig. 1 Sample mean of Hamilion depression oo at each week for all
tressivnent groups oombined. The friamgles ane the means for paticipants who
did nuot drop out belre the subsequent messuement. The cinder ae the
mesans for participans whodropped out before the sulsequent measimement

We compared the change from baselne to week B using
multiple imputation. The change was slightly larger in all amms
using multiple imputation, but the p values were similar to the
previous analysis, We conclude that theme is no difference
betwesn either of the treatment amms and the placebo am
(Tahle 2).

The mesults for the change fom baseline to week § using
multiple imputation and a mixed model are presented in
Tables 2 and 3, respectively, Multiple imputation and
likeihood-based methods make similar sssumptions about the
missing daty, nameby that it is mising at random. The conclu-
sions are expectad to be siilar Meither analysis finmd ather of
the trestments to be different from placebo. Analvaing the data

a 1 7 ] H s c 7 a
Wk

i WO ONOE QUL SETTIING  — OO o, sesaing
= Watdmp ol pencum e e oirl, Pypen
=== Potdop o phoesn e Drnpml‘.pﬂcttl'i:

Fig. 1 Sample mesn of Hamilion depression scofe at each week by
treafment group Mot drop out gives the means for participanis who did
st drop out befiore the subsequent mesrement. Dirop out gives the means
for participants who dropped out before the subsequent messurmement
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Table 3 Fesulis fitting a mixed model
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With multiple im putation

Without mubtiple imputation

Estiate  Standerd emor 95 % CT pvalue  Estimate  Stndsed error 95 % OO £ vahie
Intercept 270 025 22202319 2317 025 212 68; 23 60
Week -L15 009 -133; 0%  <0uN -1.3 008 —140-1.07 <1 kN1
Sertraline versus placebo 0.0 0.35 —0.60; 078 [ ] —0.08 036 —.75; 066 0.81
Hypericum versus placebo 0,42 (kL] -0.26; 1.10 [ 027 035 —0.43; 097 045
Week by sertraline —-0.23 0.13 —0.44; 0.02 0.08 -019 0.12 —0.43; 0.05 0.12
Week by hypericum 0.0 0.13 —024; 025 0.95 007 012 —0.16; 031 055

CT Confidence inberval

using a likelihood-bes od model found the only signi ficant effect
to be week, indicating that depression deceased over time
(Table 3).

The choice of a vague prior did not change the results
appreciably in the Bayesian missing at random analysis
(Table 4). The results were smmilar to the maxmmum likd hood
model, with ong notable exception. Under the maximum
likelihood model, none of the treatment effects was signifi-
cant; however, under this model, the mteraction batween the
sertraline arm and week was significant, indicating that the
decrease in HAM-D score over time was larger in the sertm-
ling arm than in the placebo arm, regandless of the choice of
pror.

Under the missing not at mndom assumption, we did
several Bayesian analyses as a sensitivity analysis. The results
under the first missing not at random Baves model did not
differ apprecishly from the results under the missing at ran-
dom Bayes model. Under prior sets 1| and 2, the results were
almeost similar. The posterior means were slightly different
under the less flat and theresfore more nonmndom prioms used
in priorset 3, Priorset 3 was the most informati ve prior used in
that provided the strongest prior beef agamst the missing not
at mndom assumption. However, the conclusions were the
same regrdless of prior set used. There was a significant
interaction between sertraling and week, meaning that the
sertraline arm had a lorger decrease in HAM-D score than
the placebo arm over time. Under missing not at random
model 2, the posterior means for the f-coefficients were
similar to the posterior means inder missing not at rmdom
maodel 1, with the exception of sertraline and hypericum under
proior sets 2 and 3. This model was mone sensitive to the choice
of prior than model 1. The conclusion drawn is the same,
except under prior set 2, where the interaction between sertm-
line and wesk just did not meet statistical significance.

These results need to be interpreted with caution, First, as
wins discussed in Jasen etal. (2006), a test for missing not at
random versus missing at random is valid only under the
untestable assumption that the missing not at mndom alterna-
tive is cormectly spedfied. Secondly, even then, this test has

been shown not to have the usual power behavior, simply
because there is information missing. Evidently, this problan
cannot be avoided, hence the need for sensitivity analysis,
Missing not at mndom modd 1 & sometmes called “pro-
tective” (Michids and Molenberghs 1997) and is specific in the
smse that dopout can depend on the current, possibby unob-
served, measurerment, but not on the previous one, Intuitively, it
is a mimor image of a commonly used missing at random
model, where missmgmess depends on the previous but not
cummt value. Assuming that previows and current values ane
often relatively similar, these models are often not too different
from each other, establishing that they etain some of the
stability of missing at random models. Model 2, on the other
hand, allows missingness to depend on previows and airrent
measurements, and therefore also on the increment between
them. This is a profound departure from missing at random, and
about the increment there is often not a lot of mfvmmation n the
data, bemuse it is by definition unlmown for someone dropping
out, at the time of dropout (Jansen e al. 2006). As a result, it is
expectad that the model is mome sensittve to unvenfisble as-
sumptions or choices made, such as prior specification,

Dyiscuss ion

The conclusion drawn in the original paper was that thens was
no difference between ather the hypericun am and placebo or
the sertraling arm and placebo. This was taken o mean that the
study results were inonclusive. Although it showed that
hypericun was no better than placebo, it ako did not find the
expectal difference between sertraling and placsbo (Hyperncum
Depression Trial Study Group 2002). The same was found
when the continuation data was analyzed, mnd the plheebo
effect was agan noted and discussed (Sarmis et al. 2002). The
last ohservation carried forwand anabysis wsed previoushy was
not a plausible assumption m this instanes becauss of the wesk
effect fimmd. It penabized the amn with higher or eadier dopout;
in this instance, the setmline arm. This explaing why the
onginal malyses had inconclusive results. 'We remabyzed the
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data using methods that are appropriate with missing data, We
fited vanouws models usmg different assumpbions about the
missing data and various analysis methods. Under this extended
senstivity analyais, we daw a different conclusion.

The missing data in this study was not missng completely at
random. We dida range ofsensitivity analyses under missing at
rmndom and miEsing not at random assumptions, Some of our
conchusions are similar to the original malysis, but both the
migsing ot mndom and missing not at mndom analyses using
Bayesim methods lead to the conclusion that sertraline is
significantly better than placebo in reducing depression
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symptoms over § weeks. Mo difference was finmd between
hypencun and placebo m any of the analyss. Our senstivity
anabysis penalized the sertralme group less than the previous
analysis and therefore showed that there was a difference
between sertmling and placebo. The change from baseline to
week B for sertmline was —10.64 (95 % CI-11.52, —9.77) and
placebo was —9.36 (95 % CI -102, —8.52) acconding to the
missing at rndom Bayesian model with prior set 1.

While there are strong similanities between likeihood and
Bayesian missing at random malyses, a key difference is the
absenes versus presence ofa prior specification. The impact of

Table 8§ Summary of all the statistical methods used; their key features and main asumptions

Medvod

ey feanres

Asamptions

Missing at random

Likelihood-based approaches  Parametric model; Draw inference alout a

Multiple imputation

Bayesian missing
at random modiel

Missing not af randiom
Bayesian missing not at
random model 1

Bayesian missing not at
random modiel 2

Bayesian missing not at
random model 3

parameier, &, in a modeal (W) for the
response data that is not fully observed. Model
with fixed and random effects, including restment,
week and the interaction between tream ent

and week, adjusted for repeated measunes

Produce several different impuied data sets. The
impubed values are random draws from the posterior
predictive distribution of e mising data given the
observed data Apply likelhood-based estimation
methods to each dats set. Parameter estimates ane
averaped acrss the several analyses. Standard ermors
are caleulated wsing Rubin's (1987) formuls that
comibines varighility within and between dats seis. The
imputation model incloded: HAM-D, age, sex, race,
duration of depression, BDI, CGI-8, OGL-1, and
GAF scale st baseline.

Bayesian model ¥, ~Nomalu o) gy =0t Byt
BBt @ HH B 45+ 3 1)y The Bayesian inference
is done by specifying & model and prior distributions
for the parameters of the model, and ten updating the
prior informuation on the parameless usng the model
specified and the data ohserved to obtain te posierior
distribution of the parameters. Vague priors wene
specified for te mknown parameters and are given
in Tahle 4.

Bayesian model: Fy~Nomakp o) pg =Gt Futy+
BaB A H (3 45,453 0, Plus 2 model of missingness:
logit puw=8 otV iw— 1tV —Vim-1). Koy features
a5 deseribed for previous missing af random model. Vague
priors were specified for the unknown para meters and
are given in Table 4.

Bayesian model ¥, ~Nomakjs,0) sy =00+ ty + 528+
BaHH{(Fa8 + 5 H My Plus a model of misingness: logit
Pa.w"ah"'adﬁ.w—l"'aiﬂﬁ.w_.lﬁ;-— |:| KE‘_'.-' featires &z
described

for previows missing not at random model. Vague

priors were specified for the unknown para meters and
are given in Table 4.

Bayesian model: Fy-Nomakp o) pe=fotFu g+ 58+
BaH (3,5, 3 H My, Plus a mode] of missingness: kgt
Py=Ba+t8pytBapS, +8yryH,. Key featwres s deseribad

for prevvious mibssing not at random model. Vame prions wene
specified for the unknown parameters and are given in Tahle 4.

Missing at random Mising data mechaniam
i ignorable, Mo need to specify a model
theat relates e missing datn process 1o the
observed data

Missing st random Dt are from a multivarise
mirmal distribution. Missing values can oocur
on any of the variables. Missing dats
mechanizm is ignorable,

Missing at random Parameters ane trested as
random variahles, Probability ssements ane
made about the model parameters and not
about the data

Missing not af random Parameters am tresed
a5 random varisbles, Probability siatements
are made shout the model parameters and
oot shout e data

Missing not af random Parssmeters are meated
a5 random varishles. Probability siatements
are made ahout the model parameters and
oot shout e dats

Missing not at random ., This model allows the
missingnes o depend on the undbserved
HAM-D value, whil allowing for 2 different
mechanism in each reament am by ncluding
the HAM-D scone by ireaiment ineraction.




the prior is perhaps one of the most studied topics in Bavesian
analyses, already in the context of no missing data, It sugpests
that the m#sing at mndom based Bayesian analysis cm be
more sensi five to assumphions made than the missing at ran-
dom based likelihood or multipls imputation analyses, simply
becmse mone assumptions have to be made,

This mmphes that the conclusion reached 10vears apo could
be amended to state that hypericum does not seem to provide
any benefit over placebo, noa trial whens it could not be ruled
out that the active comparator could provide a shight benefit
over placebo. This illustrates the point that not takng account
of missmgdata in the analysis could mtroduce bias and lead to
incornect results,

Adjusting the malysis to take missing data into account does
not imply changing the proposed estimate of effsctivensss. The
messure of effediveness reported in the onginal paper was
change from hassline to week 8. We malyeed the same ssti-
mate under missing at random assumptions using either multi-
ple imputation or likeihood-based methods (Table 5). In gen-
enal, multiple imputation allows any measurs of effectiveness,
singe the malysis of dhoice is done in the second step.

The trial design only continued patticipants with a full
response at wesk 8 to the contimuation phase. Thus only a
fraction of the patticipants (37.9 %) will have data in the
continuation phase. Beause of nonmndom exchsion of par-
ticipants, the comparability of the three treatment amms after
week B is not equivalent to a randomized tral. At best, this
provides an observational study about the longer term effects
ofthe dmuygs. Any efficacy analysis in this continuation phase
should be interpreted with caution. This design should be
discouraged, unless the objective s to estimate sustamed
response in those who responded initially. Because of the
small number of partigpants in the continuation phass, the
correct hndling of missing data in this phase is important,
The missing data mechanism is probably missing at random
by design, smes missimgness cin be predicted by the responss
to treatment at week 8. Missing not at random missing data
cannot be excluded sither, since additional mechamisms could
also contribule to the missing data m this phase, I becomes
evenmon: important to analyze the data from week 8 omwards
using appropriate methods for missing data,

The analysi was done with standard statistical softwane,
using resources that should be available to most researchers,
The unavalability of softwars should no longer be a reason not

to do the proper principled analyses in the presence of missing
data.

Conclusion
There isno difference betwem hypencum md placebo, regard-

less of the assumption about the missing data process, but there
is a significant difference between sertraline and placebo with
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some of the analyses assurning a missing at mndom missing
data process and when a missing not at mndom missing data
process is assumed. The assumptions sbout the missing data
procss could mflusnes te results, o 15 shown by this scample
This reanalysis of the oiginal dat, using proper missing data
processes, changes the onginal conclusion of the trial The
onginal conchision was that the rial was neonchisive, sines
the adive control arm was not superior to placebo. The findings
using these methods conclude that the sedraline am could be

superior to phesbo under certain ssumptions about the miss-
ing data process. This means that the ongimal thal was not
inconclusive, but found that hypericum was not superior to
placebo. It is mportant o conduct an analysis that takes account
of missing dat using valid statistically principled methods,

Acknowledgments Dats used in the preparation of this anticle wene
obtained from the limied access datsets (version 4.1) distributed from
the NTH-suppodted “A Flacebo-Controlled Clindcal Trial of a Standard-
ized Extract of H. perforatum in Major Depressive Disorder™
{Hypericum), This is a multisite, clinical trial of persons with depression
comparing the effectiveness of randomly assigned medication reatment.
The purpose of this tdal & to sudy the acule eficacy and safety of a
standardized exiract of the herb H. perfiraten (St John's wort) in the
treatment of patients with major depression. The study was supporied by
NIMH contract # W1 MH 7T to the Duloe University Meadical Center.
The Clinical Triak gov identifier is MCTOMES013, This mamscript re-
flects the views of dwe suthors and may not reflect the opindons or views of
the Hypericum Sudy Investigators o the NTH. Ameke Crobler had full
acoess o the dats in the study and take s responsbility for the integrity of
the data and the accuracy of the dats analysis

Geert Molenberghe graefully acknowledges financial suppont from
the AP research Metwork P06 of the Belgian Govemment (Belgian
Sclence Policy).

Conflict of Interest  The auhos declare that they have no conflicts of
interest,

Rderences

Carpenter I, Kemwvard MG (2007 Missing dats in randomised ¢onteolled
trials—a practical guide

Carpenter ], Eemward MG, Evans 5, White T (20d) Lazt observation
carried forward and lagt observation analysis, Leter to the aditor.
Statistics in medicine 23

Campenter I Pocock S, Lamm CJ (2002) Coping with missing dats in
clinical wiale a modelbased approach applied to asthma trials,
Statistics in medicine 21: 10431066

Campenter 1, Roger J, Kenward M (2013) Analysis of ongitudinal trials
with proipcol deviation: a framework for relevant, accessible as-
sumptions and inference via multiple imputation. ] Biopharm Stat
23:1352-13T1

CHMP {20100 Guideline on missing data in confimaiory clinical riaks,
Ewopean Madicines Agency, London

Daniels MI, Hogan TW (2008) Mising data in longinudinal sudies,
Strategies for Bayesian modeling and sensitivity analysis, 15t edn.
Chaprian & HallACRC, Boca Raton, FL

Fegert I, Kolch M, Zito M, Glaeske G, Tanhsen E (2006) Antldepressant
use in children and adolescents in Germany, J Child Adolesc
Payehopharmacel 16:197-206



Geman 8, Geman D {1984) Siochastic reloation, Gibbs distributions,
and the Bayesion resioration of images TEEE Trans on Pattern Anal
and Mach Indell 6:721-T41

Hamilion M { 1960) A rating scale for depression. ] Meurol, Neurosurg
Paychiatry 23: 5662

Horion NI, Kleinman EP (2007) Much ado about noduing: a comparison
of missing data methods and soffware o fit incomplete data regres-
aon models, Am Stat 617900

Hypericum Depression Trial Sudy Group (302 Effect of Hypericm
perforanem (St John's wort) in major depe sive disorder. JAm Med
Agzoe 2ET1ROT-1814

Tangen T, Hens N, Molenbergle G, Aers M, Verbele G, Kenvward MG
{203) The nature of sensitivity in missing not &t random models.
Comput Stat and Diats Anal SOB30-858

Kalb B, Trautmann-Sponsel RD, Eieser M (2001) Efficacy and wlers-
hility of Hypericom extract WS 5572 wersus placebo in mildly o
mpderaiely depressed patients. Phamacopaychiatry 34:96,103

Easper 8, Gastpar M, Moller HI, Muller WE, Wolz HF, Dienel A, Kieser
M (2010) Better iplerability of St. John's wort extract WS 5570
oompaned & treatment with SSRIs: a resnalysis of data from con-
trolled clinical trials in acute major depression. Int Clin
Paychopharmacoel 25204213

Linde E, Berner MM, Eriston L (2008) St Johnls wort for major depres-
sion Cochrane Datshase of Systematic Reviews 4.

Linde K, Ramirez (i, Mulrow CD, Pauls A, Weidenhammer W, Malchant
D (1906) St John's wort for depression—an overview and mets-
anmalysis of randomised clinical rals BMJ 313253258

Litdle BI, I Agustino B, Cohen ML, Dickersin K, Emerson 35, Farrar IT,
Frangakis C, Hogan TW, Molenberghs G, Mumly SA, Neaton 1D,
Roimitzky A, Scharfaein T, Shih W1, Siegel IF, Stern H (2012) The
jrevention and treatment of missing data in clinical trials, N Engl J
Med 36T:13551360

Mallinckrodt CH, Clark WS, David SR (2001 ) Type T ermor rates from
mixed-affects model repeated me asures versus fixed effecs analysis
of variance with missing values imputed via last observation camied
forward. Dirug Inf] 35:1215-1225

275

Mazon A, RBichardson 5, Plewis I, Best N (2012) Strategy for modelling
nimrandom missing data mechanisms in observational gudies using
Bayesian methods. T Offician Stat 28270302

Michiek B, Molenberghs G {1997) Protective estimation of longitudinal
categorical dats with nonrandom dropout. Commmen in Stat, Theoay
and Methods 2606594

Molenberghs G, Kenward MG (2067) Missing dats in clinical stdies.
Wileyy, Chichester

Muolenberghs G, Thijs H, Jansen I, Beunckens C, Kenward MG,
Mallinckrodt C, Carnoll BT (20404) Analyzing incomplete long udi-
nal clinical rial dats. Biostatistics 5:44 564

National Research Council (20100 The prevention and reatment of
missing data in clinical trials, The National Academic Press,
Washington ThC

Rahimi B, Nikfar S, Abdollahi M (26 Eficacy and iplerability of
Hiypericum perfratiom in major depressive disorder in ¢omparison
with selective serolonin reuptake inhibitors: a mets-analysis. Prog
Neuro-Paychopharmacol Biol Paychiatry 33:1 18-127

Ratitch B, OFKelly M, Tosiello R (20013) Mising data in clinical trials:
from clinical ssumptions o datitical analysis using pabiem mix-
ture models, Phamaaceutical Statistics nia-né

Rubin DE {197%) Inference and missing data Biometrika 63:581-592

Sarris J, Fava M, Schweitzer I, Mischoulon Id (2012) St Joha's Wort
(Hypericum perforatum) veraus serraline and placebo in major
depressive disorder: continuation data from a 26-week RCT.
Phamaoopsyc hiary 45: 275278

Shelon RC, Eeller MB, Gelenbesg A, Dunner DL, Hirschfe d B, Thase
ME, Russzll J, Lydiard B, Crits-Chrisioph P, Gallop B, Todd L,
Hellersiein D, Goodnick P, Keitner (i, Stah] Sh, Halbredch UF (20401)
Effectivenes of 5t Joha's wort in major depression: a random ized
controlled trial, JAMA 285:19T8—-196

Ware TH, Harrington I, Hunier DT, I¥ Agosting BB (200 2) Missing Data
N Engl J Med 367:1353-1354

White TR, Royston P, Wood AM (2011) Multiple imputstion using
chained equations isswes and guidence for practice. Stat Mead 30
AT-iw



