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Abstract

The handling, analysis and reporting of missing data in patient
reported outcome measures for randomised controlled trials

Ines Rombach, St Edmund Hall
D.Phil.
Michaelmas Term 2016

Missing data is a potential source of bias in the results of randomised controlled trials (RCTs), which

can have a negative impact on guidance derived from them, and ultimately patient care.

This thesis aims to improve the understanding, handling, analysis and reporting of missing data in

patient reported outcome measures (PROMs) for RCTs.

A review of the literature provided evidence of discrepancies between recommended methodology
and current practice in the handling and reporting of missing data. Particularly, missed
opportunities to minimise missing data, the use of inappropriate analytical methods and lack of
sensitivity analyses were noted.

Missing data patterns were examined and found to vary between PROMs as well as across RCTs.
Separate analyses illustrated difficulties in predicting missing data, resulting in uncertainty about
assumed underlying missing data mechanisms.

Simulation work was used to assess the comparative performance of statistical approaches for
handling missing available in standard statistical software. Multiple imputation (MI) at either the
item, subscale or composite score level was considered for missing PROMs data at a single follow-
up time point. The choice of an Ml approach depended on a multitude of factors, with Ml at the
item level being more beneficial than its alternatives for high proportions of item missingness. The
approaches performed similarly for high proportions of unit-nonresponse; however, convergence
issues were observed for Ml at the item level. Maximum likelihood (ML), Ml and inverse probability
weighting (IPW) were evaluated for handling missing longitudinal PROMs data. M| was less biased
than ML when additional post-randomisation data were available, while IPW introduced more bias
compared to both ML and M.

A case study was used to explore approaches to sensitivity analyses to assess the impact of missing
data. It was found that trial results could be susceptible to varying assumptions about missing data,

and the importance of interpreting the results in this context was reiterated.

This thesis provides researchers with guidance for the handling and reporting of missing PROMs

data in order to decrease bias arising from missing data in RCTs.
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Chapter 1 : Introduction

The overall aim of this thesis is to contribute to improving of the handling, analysis and
reporting of missing information in patient reported outcome measures (PROMs) for
randomised controlled trials (RCTs). This is addressed, first, by critically appraising current
practice in the handling, analysis and reporting of missing PROMs outcome data within
RCTs compared to best recommended practice. Subsequently, the comparative
performance of different analysis approaches for handling missing data that are validated
and routinely available in statistical software are assessed in cross-sectional and
longitudinal settings focussing specifically on PROMs data in RCT analyses. Finally,
sensitivity analysis exploring the robustness of RCT results due to missing data is discussed.
Prior to providing details of the aims, objective and structure of this thesis, a brief
introduction to clinical trials, patient reported outcome measures and missing data is

provided, and the scope of the thesis is clarified.



1.1 Background

1.1.1 Of clinical trials, patient reported outcome measures, and missing data

With many competing treatment options available today, and with finite resources
available to spend on health care, it is more important than ever to carefully evaluate the
comparative performance of various interventions in order to provide patients with the
best possible health care. RCTs are considered the “best way to compare the effectiveness
of different interventions” and thus can directly affect patient care?.

An RCT is an experiment during which the study population is randomly allocated to
receiving one of two or more clearly defined interventions that are to be compared to each
other. Randomising participants to their treatments, ideally with patients and those
treating them blinded to the allocation of each patient, removes selection bias?, i.e. the
practice whereby the intervention is decided upon by either the patient or the treating
clinician. Such non-randomised allocation is likely to lead to patients who systematically
differ in terms of factors including socio-demographic characteristics, disease history and
severity, as well as prognostic factors, being allocated to different intervention groups.
Instead, randomisation creates balanced groups for a fair comparison, and is therefore a
crucial contribution to the fact that RCTs, where ethically permissible3, have long been
accepted as an essential component in the reliable assessment of new treatments and
interventions, i.e. in evaluating the presence of a causal effect between interventions and
outcomes*.

Traditionally, ‘objective’ measures such as death, recurrence of cancer, or blood pressure
were the primary outcome measures used in many clinical trials. However, over the last 20
years, clinicians, researchers and policy makers have increasingly become aware of the

importance of taking into account the patient perspective to inform patient care and policy



decisions>”’. As a consequence, a number of instruments have been developed to collect
information on patients’ perceived health states or their perceived health-related quality
of life (HRQOL). Often referred to as patient reported outcomes (PROs) or PROMs, these
measures, usually in questionnaire form, include ‘any report coming directly from patients,
without interpretation by physicians or others, about how they [the patients] function or
feel in relation to a health condition and its therapy’®. PROMs may be either generic, i.e.
assessing patients’ overall HRQOL without referring to a specificillness or health condition,
or specific, i.e. focussing on a specific patient group, a certain disease or particular areas of
function® 0. Before being utilised in clinical research, PROMs should undergo rigorous
assessment to test their validity, reliability and robustness, to ensure that even small
relevant changes in HRQOL can be measured, and to verify that differences in
measurements are not due to error or noise® 1113, Due to these characteristics, PROMs are
an important addition to traditional measures, which may not fully capture the patient
experience of a specific treatment or disease burden'*. Therefore, PROMs are increasingly
utilised in randomised controlled trials (RCTs), where their use as primary or secondary
outcome measures is considered of great importance™ ®.

In reality, some outcome data is likely to be missing in all RCTs®®, but the use of PROMs
data may exaggerate this problem, as this data is often thought to be more susceptible to
being missing than more objective, and possibly routinely collected, outcome data. One
reason is that RCTs utilising PROMs rely on their participants being able and willing to
complete the relevant outcome measures throughout the period of their follow-up, and it
is therefore often impossible to obtain complete follow-up data for all randomised

participants, for example if their health is too poor to complete the measures?> 6. It is just



this feature of RCTs utilising PROMs that can call into question their ability to provide
reliable estimates for the clinical and cost-effectiveness of interventions.

Missing data, i.e. data that was intended to be collected and considered relevant for the
statistical analysis and interpretation of the results, but is unavailable for the analysis'’,
affects RCT results in two ways: It increases the uncertainty around the trial results, and
can lead to bias being introduced into the trial results!®. Whether or not RCT results are
biased due to the occurrence of missing data, and how much bias is introduced as a result
depends on a multitude of factors, including the extent of missing data within the study,
the assumptions made about the underlying missing data mechanism and the handling of

the missing data in the analysis, which are discussed further in section 1.1.2.

1.1.2 On the implications of missing data

Anintegral part of the planning of any RCT is a sample size calculation, which aims to ensure
that a sufficient number of participants are recruited to the study to answer the primary
objective with the “required statistical precision and certainty”?®. The sample size
calculation is also supposed to guard against too many participants being recruited to a
trial, who may be exposed unnecessarily to an inferior or even harmful treatment. Trials
with both too many or too few participants compared to an appropriately calculated
sample size are described by Cook et al as “[arguably] unethical, wasteful, and potentially
misleading” °.

Therefore, if participants with missing data are ignored in the analysis, and less
observations than required are available for the analysis, this can result in the trial having

reduced power?, i.e. a decreased ability to detect a true treatment difference between

the trial arms should such a different exist. Again, this can have real-life impact on patient



care, for example if a potentially beneficial treatment is not recognised as such in an RCT
due to reduced power because of missing data. In these circumstances, beneficial
treatments may not be prescribed to patients due to missing data.

Another much more disconcerting potential consequence of missing data is the possible
introduction of bias, as referred to above. Bias can be introduced in the estimated trial
results with respect to between as well as within group effects, i.e. in the estimation of
treatment effects and effects over time, respectively?°. This potential for bias is related to
the underlying missing data mechanism, i.e. the relationship between the probability of a
specific observation being missing and the values of the data, observed and unobserved??.

More details on the definition of the missing data mechanism are provided in Chapter 2.

Most methods of handling missing data implicitly assume that it follows a specific
mechanism. As an example, consider a complete cases analysis (CCA), whereby participants
with incomplete observations are excluded from the analysis, which is still the most
commonly used analysis method for RCTs?>%°. For an unadjusted analysis, this approach
requires the data to be missing completely at random (MCAR), i.e. assumes that the
participants with incomplete outcome data are exactly representative of the participant
with complete follow-up data?®, in terms of observed and unobserved variables. These
assumptions are impossible to verify with the data available'®, but unbiased results are
obtained only if the underlying assumptions are correct; otherwise unquantifiable bias may
be introduced!> 2 26, This can lead to inaccurate results which may have real-life, and
potentially dangerous impacts on regulatory frameworks, guidelines and ultimately patient
care and welfare. For example, in a hypothetical trial comparing two different drugs,

participants in one trial arm may be more likely to be lost to follow-up, and hence missing



data may be more prevalent in this trial arm. If the reason for the loss to follow-up is that
participants in that arm have worse outcomes than those with complete follow-up data,
then the data are missing not at random (MNAR). Any CCA that does not take this into
account appropriately leads to trial results that wrongly overestimate the benefit of this
intervention. This, in turn, may lead to patients being prescribed this treatment instead of
one that offers more health benefits. Similarly, if participants have missing data due to
dropping out of a trial because of adverse events, this could lead to the trial wrongly
underestimating the toxicity of a treatment, which again could results in treatments with
unacceptably high toxicity being prescribed to patients, based on trial results biased due
to missing data. For these reasons, further research into the handling and reporting of
missing data in RCTs is warranted to ensure that the bias introduced into the results of
clinical trials due to missing data is minimised. The reduction of bias in RCT results is crucial

in ensuring that health care policies based on RCTs maximise patient welfare.



1.2 Scope of this thesis

1.2.1 Methodological approaches of handling missing data used in this project

Over time, a large number of methods have been developed to address missing data, with
varying degrees of sophistication. It is not within the scope of this introduction to compare
and contrast all these methods, but additional detail is provided in Chapter 2. General
consensus amongst methodologists is that multiple imputation (MI) is one of the most
appropriate methods!” 2% 27 28 |n simple terms (more detail on Ml is provided in later
chapters), Ml replaces missing observations with plausible values based on the observed
values in the dataset. By repeating the process a pre-specified number of times, as opposed
to many simple or single imputation methods, and pooling the results using the relevant
rules, this method takes into account the uncertainty around these estimates and thus
produces appropriate standard errors and unbiased results, provided that the assumptions
about the underlying missing data mechanism are appropriate 2% 2°. For this reason, the
majority of the work within this thesis is based on applications of M.

Other methodologically robust approaches to handling missing data exist, and continue to
be further extended and developed on an ongoing basis3®3?. Such development is crucial
in continuing to improve the reporting and analysis of RCTs when confronted with some
missing outcome data. However, often it takes considerable time for these methods to
move from their theoretical premise to being sufficiently tested and validated, widely
accepted by the statistical community and readily available for implementation via
standard statistical software. Even once more widely available, there is often a time lag
before researchers shift from using established or commonly used methodology to more
recently developed analysis methods?% 2> 3% 33, Similarly, the requirements to pre-specify

analyses methods to be used during the grant application and design stages of RCTs and



other clinical studies, when the primary statistical analysis may not take place for some
years, contribute to the fact that there is a delay in the development and implementation
of new methodology generally in the analysis of RCTs.

Further research into the application of existing, well established methods in order to
understand how and when these should be applied to minimise the bias introduced into
study results is also vital. This is why the simulation work within this thesis focusses on the
most appropriate application of readily available MI methodology to realistic missing data
problems, aiming to provide guidance to researchers to obtain the most robust results
given the missing data scenarios they are most frequently confronted with. The advantage
of Mlis that it is intuitive and easily understood by both statisticians and other researchers
involved in the conduct of RCTs. Also, Ml is widely available in standard statistical software,
such as Stata, SAS, R and others. However, there are still outstanding questions about the
level of application within multi-item PROMs, and its application to longitudinal PROMs

data, compared to alternative, equally established analysis approaches.

1.2.2 Focus of this work

In some areas of clinical research, and specifically in epidemiological studies where
researchers may depend on data from a variety of sources, and may aim to link outcomes
to potential risk factors and exposures, data may be missing for the study outcome, as well
as exposure variables and patient characteristic, i.e. the explanatory variables. However,
this work focusses on RCT data, the design features of which mean that many fewer
explanatory variables need to be collected to investigate the causal relationship between
an intervention and the study outcome. Only selected explanatory variables, which are

considered to be informative of the outcome, are usually collected prior to randomisation,



and included in the analysis models. This data collection usually occurs in a controlled
setting, thus making it more likely for this data to be complete. It is for this reason that this
thesis focusses on missing data in PROMs collected as study outcomes in RCTs, and

assumes that all other covariate data are complete.

1.2.3 A cautious note on missing data

It has been emphasised previously that all methods for handling missing data rely on
numerous assumptions. Therefore, analysis based on missing data can never replace the
information or produce the robust and unbiased results that would have been available
from an RCT with complete follow-up'’-4°,

This project aims in no way to undermine the seriousness of the implications that can stem
from the occurrence of missing data within an RCT or other research, which can call into
question “the scientific credibility of causal conclusions from [any such studies]”?’.

The simulation studies presented aim to identify analysis approaches that minimise bias,
but acknowledge that such bias cannot be eliminated entirely. Therefore, appropriate
steps should be taken and acknowledged in the appropriate documents to facilitate the
collection of a data set as complete as possible throughout the follow-up of a trial to
minimise the occurrence of missing data.'® 4%, Only where all possible steps to minimise
the amount of missing data have been taken, should the analytical approaches of handling
missing data, as described in this thesis, be employed.

For those RCTs that have made appropriate attempts to minimise missing data, but are still
facing some unobserved outcomes, this thesis aims to provide guidance on the choice of
analysis approaches for specific missing data scenarios. Any assumptions underlying these

approaches are clearly stated in the relevant chapters. Any subsequent interpretation of



those results should be made in the light of the assumptions used in the analysis, and
should appropriately acknowledge any limitations. In addition, each primary analysis of
data including missing outcomes should always be accompanied by a range of sensitivity
analyses to assess the robustness of the results when varying the assumptions made about
the underlying missing data mechanism. Examples of appropriate sensitivity analysis are

therefore also discussed within this thesis.
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1.3 Overview of the Thesis

1.3.1 Objectives

The main objective for this thesis is to develop a greater understanding of how missing
data in PROMs should be handled and reported when presenting the results of RCTs in
order to increase the value and information contained in these reports, as well as their
robustness.

This work aims to achieve this goal by considering a number of aspects related to missing
PROMs data in RCTs:

1. To create a clear picture of how missing data in PROMs is handled and reported in
the current literature, and to compare this to recommended best practice.

2. To examine in detail missing data patterns within selected PROMs in three RCTs.

3. Toinvestigate the benefits and disadvantages of multiply imputing missing PROMs
outcome data at the composite score, item or subscale level, where these are
validated, and to draw up a set of recommendations.

4. To investigate the advantages and disadvantages of applying M| to PROMs data in
a longitudinal setting, compared with alternative recommended methods, namely
maximum likelihood and inverse probability weighting.

5. To explore the recommended components of appropriate sensitivity analysis that
should be performed in the context of missing PROMs data within an RCT as a way
of assessing how robust the primary trial results are to varying the underlying
assumptions made about the missing data mechanisms.

The outlined work creates a greater understanding of how missing data within PROMs

should be handled, analysed and reported within the analysis of RCTs, and helps to

11



generate important guidance with regards to the handling, analysis and reporting of

missing PROMs data in RCTs.

1.3.2 Chapter outline

Following on from this introduction, Chapter 2 reviews and presents current proposed best
practice with regards to handling and reporting missing data in RCTs and discusses the
relevant methodology and underlying assumptions. Subsequently, the chapter reviews
reports from clinical trials utilising one of eight pre-specified PROMs to investigate how
missing data was reported and handled in these articles. This systematic assessment of the
literature establishes current practice with regards to missing data in RCT reports, which is
compared to proposed best practice. The reported rates of missing data are also extracted

and summarised, and feed into subsequent simulation work.

Chapter 3 considers three RCT datasets to establish common rates and patterns of missing
data within widely used PROMs. The chapter focusses on the Oxford Knee Score (OKS)3 4%
42 the 12-item short form survey (SF-12)** 44 EuroQol 5 Dimension 3-Level Questionnaire
(EQ-5D-3L)*> 46, and the 39-item Parkinson’s Disease Questionnaire (PDQ-39)*" %8, In
addition, potential predictors of missing data are considered using appropriate statistical
modelling. This empirical study is important in its own right, as it contributes to the
understanding of missing data within these PROMs, but also provides estimates to be used

in the subsequent simulation work.

Chapter 4 compares and contrasts different approaches to implementing Ml when
considering a single follow-up time point. Specifically, this chapter addresses the question

of whether Ml should be applied to the composite scores of the questionnaires, to the
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individual items or to the subscales where applicable. Simulation models are used to
compare the performance of the different approaches for a number of different scenarios,
such as varying amounts of missing data, different missing data patterns, and different

sample sizes.

Chapter 5 contributes to the discussion on the most appropriate analysis method for
missing PROMSs outcome data for longitudinal follow-up. The theoretical advantages and
drawbacks of different approaches to handling missing outcome data in a longitudinal
setting are considered, namely maximum likelihood models, multiple imputation and
inverse probability weighting. The different approaches are compared within a simulation
study, again considering a number of different scenarios, including variations in
proportions of missing data and sample sizes, as well as the impact of different auxiliary

variables being available.

Chapter 6 explores sensitivity analyses that should be presented in conjunction with any
analysis incorporating missing data. Sensitivity analyses are a crucial contribution in the
interpretation of any analysis involving missing data which relies on assumptions that
cannot be tested using the available data. Sensitivity analyses can be employed in these
circumstances to consider how robust the trial results are if the assumptions made about
the underlying missing data mechanism are varied. This chapter reviews the literature in
order to develop proposed components of a comprehensive sensitivity analysis in the
context of missing outcome data observed within an RCT, whilst allowing for the possibility
that data is missing not at random, i.e. the probability of data being missing is related to
the missing data values themselves. A case study is utilised to illustrate two approaches to

sensitivity analysis when PROMS outcome data may be missing not at random.
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Interpretation of these sensitivity analyses, as well as their implication on the study

conclusions are discussed.

A discussion of the research presented in this thesis, as well as relevant conclusions are
provided in Chapter 7. This discussion also reiterates the strength and limitations of the

research presented, and identifies future areas of research.
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1.4 Contribution to the literature

The aim of this thesis is to contribute to three areas of the literature. Firstly, current
practice in the handling, analysis and reporting of missing PROMs outcome data in RCTs is
established. The review focusses on eight commonly used PROMs, and in each case
identifies a larger numbers of studies reporting results including these PROMs than
previous reviews. This review also contrasts current practice with contemporary guidance,
which emphasise the importance of minimising the occurrence of missing data
prospectively, as well as the performance of appropriate sensitivity analysis. Therefore,
this review adds new aspects to the existing literature, while also identifying future areas

for research.

Chapters 4 and 5 contribute to the methodological literature on analytical approaches for
missing PROMs outcome data. Firstly, the limited evidence base regarding the level at
which Ml should be applied, i.e. the composite score, subscale or item level, is validated
and extended to additional PROMs and data sets. Furthermore, extensive simulation
studies are performed to establish best practice for the analysis of longitudinal data
comprising some missing PROMs. Again, the current literature lacks direct comparative
assessments of established statistical methods focussing specifically on PROMs data and
RCT contexts, and therefore this research is considered to be an important contribution to

the methodological literature in this area.

Finally, the use of appropriate sensitivity analysis related to the way missing PROMs data
were handled in the reports of RCTs is very limited. Therefore, this thesis contributes to
the literature by summarising advice and guidance by methodologists and regulatory

bodies on the performance and interpretation of sensitivity analysis. In addition, two case
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studies are used to demonstrate the application and interpretation of sensitivity analyses
in realistic RCT settings. Examples provided are easily implementable using standard
statistical software and publication of this reasearch may contribute to an increased uptake

and reporting of such essential analyses within RCT publications.
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Chapter 2 : The current practice of handling and reporting
missing patient reported outcomes data in the publication

of randomised controlled trials — a review of the literature

2.1 Introduction

The presence of missing data within statistical analysis, including medical research, has
long been recognised as a potential source of bias in the reporting of the results from
research, including RCTsY 214951 35 outlined in Chapter 1. This chapter investigates more
closely the handling and reporting of missing data for PROMs in a review of the current
literature, in order to generate an overview of current practice, which is contrasted with
existing methodology and guidance.

In order to adequately assess any potential shortcomings in the handling and reporting of
missing data, an understanding of the possible origins of and mechanism underlying
missing data, as well as different approaches of handling missing data is required, which is
discussed in section 2.3. In section 2.4, an overview of the existing literature on this topic
is presented, and the need for an updated literature review is justified. Section 2.6
introduces the PROMs included in this literature review, and provides the rationale for
focussing on these specific measures; the search strategy is summarised in section 2.7. The
results of this literature review are provided in section 2.8, and are discussed and critically

evaluated in section 2.9; conclusions of this research are provided in section 2.10.
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2.2 Objectives for this chapter

This research aims to investigate the current literature to:

e Create a comprehensive overview of the current practice of the handling, analysis
and reporting of missing PROMs outcome data, thus updating and adding to
previous reviews

e To compare the currently used methods to handle, analyse and report missing

PROMs outcome data in RCTs against recommended best practice
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2.3 Background

Missing data are defined as values that were planned to be collected within the remit of a
study and which are considered relevant for the analysis and interpretation of a study, but
which are unavailable at the time of the analysis!®. Missing data in PROMs occur in clinical
trials when the PROMs data is not received by the trial team for data entry. The
contemporary literature distinguishes between two types of missing data, namely missing
items>?, also referred to as ‘item non-response’>3, where no responses have been indicated
for individual items, i.e. questions of a PROMs questionnaire, and ‘unit non-response’*,
whereby no data is received for an entire PROMs questionnaire.

Reasons for the former type of missing data, i.e. missing items include cases where trial
participants only completed their questionnaires partially, i.e. because they may choose
not to answer some questions, not understand some questions/consider them irrelevant,
or omit some questions by mistake. Sometimes the omission of one or more questions can
make the calculation of the final score or relevant subscale impossible (more detail
provided in section 2.6). On the other hand, unit non-response may occur where the
research team fails to send or hand out questionnaires to participants at the appropriate
time points, questionnaires are left uncompleted, questionnaires are lost, participants are
no longer contactable or no longer willing/able to take part in the research®*. Both item-
non-response and unit-non-response can prevent the composite PROMs score, derived
from the individual items, from being calculated.

Missing data can lead to decreased precision?® and the introduction of bias in the
treatment effects if missing data are related to the study outcomes, relevant prognostic
factors or the study intervention?®®, It is crucial to understand the mechanism by which data

is missing in order to assess whether or not study results may be biased.
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2.3.1 A note on missing data mechanisms
The potential for bias in an analysis of data including missing values in the outcomes
variable is related to the underlying mechanism of the missing data. Rubin identified the
three mechanisms of missing data defined below?!. For their algebraic representation, the
following notation is used, based on the book by Carpenter and Kenward>°:
o Y;=(Y1,Y2 ..., YL-,p)T denotes the p variables intended to be collected from the
it" unit (e.g. participant), wherei = 1, ...,n
Whereby:
o Y, denotes the subset of p variables that are observed
o Y; ) denotes the subset of p variables that are missing
e R;;=1ifY;;observedandR;; = 0ifY; ; missing for all individuals i = 1, ...,n and
all variablesj =1, ...,n
Consequently, the missing data mechanism can then be written as Pr(R;|Y;), i.e. the

probability of observing unit i’s data given their potentially unseen values Y;.

Missing completely at random (MCAR) describes the scenario whereby the probability of
data being missing is not related to the values of the observed or missing data. In effect,
this means that all outcomes have the same probability of being missing, and the
characteristics of the participants with observed data are the same as the outcomes of
individuals with missing data. Therefore, the subset of participants with available outcome
data is as representative of the target population as the total number of randomised
participants, and unbiased results can be obtained even in an unadjusted analysis (CCA).
Algebraically, the MCAR mechanism can be represented by the following formula:
Pr(R;|Y;) = Pr(R;)
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Missing at random (MAR) is used to define data where the probability of data being
missing depends on the values of other observed data, but is independent of the values of
the missing data, given the observed data.
Algebraically, this can be expressed as:

Pr(R;|Y;) = Pr(R;|Y;o )
In their book, Carpenter and Kenward>° point out that this relationship does not dictate
that ‘the probability of observing a variable is independent of the value of that variable.
[...] Crucially though, given the observed data, this dependence is broken’.
The expression missing not at random (MNAR) is used when the probability that data are
missing is related to the underlying value of that data, and this dependence remains to
some extent even when the observed data is taken into account.
Mathematically, this missing data mechanism can be written as:

Pr(R;|Y;) # Pr(R;|Y ;0 )

The difference between these missing data mechanisms can be illustrated by be following
example: Data on PROMs may be collected within an RCT. Before the analysis, it is noted
that PROMs data is missing for a considerable proportion of participants. If certain
guestionnaires were not sent out due to a computer error or staff changes, the probability
of a missing outcome is entirely independent from any observed and unobserved variables
and participant characteristics, and therefore the data is said to be MCAR. On the other
hand, if data is more likely to be missing for participants with worse health outcomes,
possibly because their worsening health status does not permit them to complete the
guestionnaires, and no other data is collected to capture this relationship, then the data is

missing according to the MNAR mechanism. However, if additional data on health status
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had been collected either through clinical examination or the use of predictive baseline
variables, or the reason for missing follow-up assessments had not been recorded, then

the data is MAR.

2.3.2 Overview of commonly used approaches to analysing missing data

The literature describes many different approaches for handling missing data in a statistical
analysis; the most common methods are detailed in Table 2-12% 2% 5559, This list is not
exhaustive, but focusses on the analysis approaches covered in the subsequent literature
review. All of these methods make assumptions about the underlying missing data
mechanism, which cannot be verified using the available data'® >°. If the assumptions are

not valid, the results may be biased.
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Table 2-1: Overview of common approaches of handling missing outcome data

Imputation Complete case Last observation | Mean Regression Maximum likelihood Multiple imputation
method analysis (CCA) carried forward | imputation imputation (M)

(LOCF)
Category No imputations Single imputation | Single imputation | Single imputation | No imputations Multiple imputation

Description
of
imputation
method

Only participants
with non-missing
outcome data
are utilised, and
therefore
potentially a high
proportion of
participants is
excluded from
the analysis.

For missing data
in repeatedly
measured
variables, the last
observed value
(even if
measured at
baseline) is used
to replace
missing data.

Missing data is
replaced by the
mean value of all
observed values
for the relevant
variable and time
point.

A regression
model is built,
which is used to
predict the
missing values
based on other
data observed
for the subject.

Usually used for
longitudinal outcomes,
parameter estimates are
obtained through an ite-
rative process so as to
maximise the likelihood
of producing the sample
data®. Information from
the available data points
is utilised to make
inferences about the
missing data.

Missing observations are
replaced by plausible
values based on the
observed values in the
dataset. This process is
repeated a pre-specified
number of times and
results are pooled using
relevant rules.

Assumptions

MCAR (or MAR in

Data does not

Participants with

MAR — based on

MAR — based on

MAR — based on variables

reducing, in turn,
the power of the
statistical tests.

spuriously low standard errors, which in turn produce
confidence intervals more narrow than expected, and
lower p-values, which can lead to new interventions
being rejected or approved inappropriately.

considers longitudinal
follow-up.

made about | an appropriately | change after the | missing data, on | variablesin variables in analysis in imputation model
missing data adjusted last observation | average, have imputation model
mechanism analysis) was made. the same model

outcomes as

those with

observed data.
Method Disadvantages: Disadvantages: Advantages: Advantages:
specific The sample size The above described methods do not allow for Can handle MAR data By taking into account the
features: is reduced, uncertainty around these estimates. This leads to when the analysis uncertainty around the

imputed values,
appropriate standard
errors are produced.
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2.4 Previous missing data reviews

As outlined in Chapter 1, missing data has long been recognised as a potential source of
bias. Although the methodology on this topic is well developed, uptake of the proposed
and recommended methods appears to lag behind their theoretical foundation?3 2> 61-63,
Over the past ten years, a number of academic papers have assessed how missing data has
been handled in peer-reviewed publications; more details on six such studies are presented
in Table 2-2.

In general, the reports agree in their findings that missing data is often handled
inadequately compared to current methodology, the description of the missing data is
frequently lacking, and assumptions about the missing data mechanism are often not
clarified. There is also general consensus that the CC analysis may be used inappropriately,
or that other unsuitable methods such as LOCF are utilised. Moreover, the use of sensitivity
analysis to assess the robustness of the results with regards to the assumptions made
about missing data are often not performed or inappropriately implemented. All reviews
agree that the handling and reporting of missing data in medical research is suboptimal
and ought to be improved.

Similar reviews have also been performed to assess the handling of missing data in trial
based cost-effectiveness analyses. This includes a paper by Noble et al®*, which showed
shortcomings in the reporting, methodological approaches and performance of sensitivity

analysis.
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Table 2-2: Overview of studies looking at how missing data was handled in the literature

as the journals with
highest impact and a
presumably thorough
statistical review
processes were
reviewed, ‘it is hard to
imagine that the
situation would be
better in [other]
journals’.

nine different generic
QoL measures —
however, numbers for
individual
guestionnaires are
low, and it is unclear
how generalisable the
findings are.

specific journals, but
focussing on RCTs in a
specific disease area.

the papers included
represent research at
least as good as actual
research in the field as
a whole; implying that
actual practice may be
overestimated.

provide representative
assessment and the
review was not
restricted to specific
journals.

Authors Wood et al®® Fielding et al?? Deo et al® Eekhout et al?® Powney et al®? Bell et al*®
Published 2004 2008 2011 2012 2014 2014
Type of RCTs published RCTs using QoL RCTs in adults with Epidemiological RCTs with longitudinal | RCTs published in top
studies between July and outcomes (primary or chronic kidney disease, | studies using follow-up of non- medical journals (BMJ,
included in December 2001 in secondary) published published in 2007/08 questionnaires binary outcomes; JAMA, Lancet, New
the review ‘major medical between 2005/06 in excluding time to published in 2010 in published between England Journal of
journals’ (BMJ, JAMA, four the leading event analysis, looking | three leading journals 2005-2012, with 100 Medicine) published
Lancet and New journals (BMJ, JAMA, at reporting of the —impact factor > 5.0 papers randomly between July and
England Journal) — Lancet, NEMJ). primary outcome. (American Journal of selected. No December 2013.
concentrating on Epidemiology, restrictions on
primary analyses. Epidemiology, journals.
International Journal
of Epidemiology).
Outcomes All types of outcomes QoL measures Outcomes related to Outcomes using All non-binary All outcomes excluding
considered except time to event chronic kidney disease | questionnaires outcomes survival data
Studies 71 61 110 262 100 77
included
Comments The authors state that | The paper included Not restricted to The authors state that | The authors aimed to The authors comment

that review focussed
on top four journals
and conclude that this
may have under-
estimated the extent
of missing data and
overestimated the use
of sensitivity analysis
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Authors Wood et al®® Fielding et al? Deo et al® Eekhout et al?® Powney et al®? Bell et al*®
Main Overall: “missing Overall: Clearer Overall: “Major Overall: “The Overall: “[..] a large Overall: “Applied
findings outcome data are a reporting needed on deficiencies in reporting of missing proportion of papers | researchers and

common problem in
RCTs, and are often
inadequately handled
in the statistical
analysis in the top tier
medical journals”

e Insufficient

description of
missing data

e Repeated measures

are often ignored in
CCA when
intermediate
measures could be
used

e Use of CCA despite

lager percentage of
missing data

e Widespread use of

inappropriate
methods (e.g. LOCF)

e Wrong/ inconsistent

use of ITT

e Low use of

sensitivity analysis; if
performed of
varying quality and
described in varying
detail

methods used and the
amount of missing
data

e Often insufficient
description of
missing data

Simple or no
imputation methods
commonly used
although they may
be inappropriate in
many circumstances
Assumptions
underlying each
method of handling
missing data usually
not discussed
Rationale of
imputation methods
not described

Lack of discussion of
the potential impact
of missing data on
results (possible
introduction of bias)

transparency and
completeness of
reporting of data lost
in primary outcome
analysis”

e Exclusions from
analysis (due to
missing data) not
always clearly
described

e Reasons for missing
data not clearly
described

e |TT analysis does
not always include
all randomised
participants

e Lack of clarity about
methods of
imputation used

e |nappropriate
methods of
imputation used

o Differential drop-
out rates observed
(by treatment arm)

data in
epidemiological
studies is highly
variable and mostly
poor”

o Criticise lack of
distinction between
missing items and
complete
missingness in multi-
item instruments
Lack of clarity about
the extent of missing
data within the
analysis

Authors unclear
about assumed
missing data
mechanism

Too many studies
use CCA, or
inappropriate single
imputation methods
Sensitivity analysis
mostly not
performed

failed to recognise
the issue of missing
data”

e Reasons for the
choice of methods
for handling missing
data are not
clarified

e Reasons for missing
data are important
to assess the
appropriateness of
the assumptions
made about the
missing data

o Insufficient
information is
provided on missing
data

statisticians need to
improve their
handling of missing
data in RCTs.”

e Statistical methods
research is not
applied sufficiently

e Appropriate
sensitivity analysis
(i.e. changing
assumptions about
the missing data
mechanism) are
rare

e Methods known to
produce bias are
applied to many
primary analyses

e The uptake of Ml
remains low

¢ The definitions of
ITT and modified ITT
were inconsistent
across the trials

e Attempts to reduce
missing data were
reported in ~34% of
studies
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Authors Wood et al®® Fielding et al? Deo et al® Eekhout et al?® Powney et al®? Bell et al*®

On Not assessed. Not assessed. Not mentioned Not mentioned Not mentioned Assessment of
prevention planning for and

of missing The authors refer to Authors mention that prevention of missing
data the literature for ideally missing data outcome data was one

emphasis on avoiding
missing data, and the
use of secondary data
sources.

should be reduced/
avoided from the
outset, partly through
appropriate data
collection methods.

of the authors’
secondary aims.

“Prevention is the best
way to handle missing
data, so more effort
needs to be put into
missing data at the
design and conduct
stage.”
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2.5 Current guidance and rationale for this review

The literature on how missing data should be handled and reported in clinical research,
comparisons of different methods of handling missing data, is manifold. Li et al*® reviewed
the literature for recommendations on methods to prevent, handle and report missing
data. They presented a set of ten possible guidelines or “minimum standards”, which were
agreed on using a Delphi consensus, i.e. a consensus among a multidisciplinary team of
experts, encompassing areas of study design, conduct, analysis and reporting.

The review conducted in the context of this thesis utilises some of the recommendations
by Li et al as the basis for assessing whether missing data was handled and reported
appropriately in the current literature. However, it should be noted that other researchers
and regulatory agencies such as the Food and Drug Administration (FDA), the regulatory
body in the US and the European Medicines Agency (EMA) provide similar guidance

methodologies® 17,40 51,66-69

This review specifically focussed on the following recommendations:
e Standards of study design/conduct
o Studies should be designed and conducted in order to minimise the amount
of missing data occurring (Standard 2), and the reporting should include
details of such steps taken
e Standards of analysis
o The analytical methods used should be able to account for the uncertainty
associated with the missing data (Standard 6)

o The use of single imputation methods should be discouraged (Standard 7)
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o Appropriate sensitivity analysis with regards to the assumed missing data

mechanism should be performed (Standard 8)
e Standards of reporting

o All randomised participants should be accounted for when reporting on the
study results (Standard 9)

o Any reports should include details on the data completeness and the
methods used to handle missing data, as well as ‘the potential influence of
missing data on the study results [..]’*8

Other recommendations by Li et al that were not addressed in this chapter include:
i) Other aspects of the study design, such as, a clear description of the research
guestion and relevant outcomes and the importance of pre-specifying statistical

methods for handling missing data.

i) Standards on the study conduct, such as, the importance of continued data
collection on key outcomes even after a participant decides to withdraw from the
intervention or is withdrawn from aspects of the study, as well as details of and

reasons for the withdrawal, and the continuous monitoring of missing data.

While the above are also considered important in the design and conduct of clinical
research, it was felt that they are less likely to be assessable via academic papers reporting

the results RCTs, and are therefore not included in the review.

Although published in 2014, the above mentioned recommendations form the basis of the
review of the handling and reporting of missing data in current publications ranging from
2009 to 2013. This is because the proposed minimum standards consolidate

recommendations for researchers already available from other sources, including the
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CONSORT Statement, which raised the importance of clearly describing the patient flow
through RCTs as early as 19967°, and more recently the CONSORT PRO in 2013, which
specifically addresses the reporting of PROs in RCTs’2. In addition, a paper by Curran et al>*
in 1998, highlighted the problems associated with using the LOCF or single imputation
methods such as mean and regression imputations as methods for handling missing data.
Most of the recommendations provided are also mentioned in at least some of the
previously discussed reviews of how missing data is handled and reported in the current

literature?? 23.62,63,65 35 discussed in section 2.4.

In the context of this thesis, a new review of how missing data is handled and reported in
the current literature was conducted to add to the findings of the above mentioned
previous studies, with the inclusion of more recently published RCT results, and a broader
range of disease areas and journals to create a very generalisable account of current
practice. The current review focusses specifically on PROMs endpoints, which are now
increasingly used in RCTs as primary or important secondary outcome measures’?.
Although Fielding et at??> were also focussing specifically on PROMs, large numbers of
studies were not identified for any particular outcome measure, which were felt to be
needed to establish a generalisable overview of the methods used to handle and report
missing data occurring within these PROMs.

In addition to the above, the review undertaken in the context of this thesis adds to the
existing literature by specifically investigating if the potential impact of missing data on the
study results has been discussed, and if steps were taken at the design and planning stage
to minimise the amount of missing data within the study, and if these were described

sufficiently in the publication. The previous reviews have not considered these features,
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the latter of which is considered as an important, and possibly even the most important

step in addressing missing data®.

2.6 Questionnaires to be used in this review

Due to the large number of PROMs available and their extensive use in RCTs, it was felt
necessary to select a sample of representative instruments and search the literature
specifically for RCT publications utilising these questionnaires. This approach has the
advantage that large numbers of studies using a specific PROM can be identified (section
2.5), thus increasing the generalisability of the conclusions made with regards to these
PROMs.

HRQL measures can be categorised into two groups: generic and specific instruments>.
Generic instruments apply to a variety of populations and include generic “health profiles”,
which aim to capture all important aspects of HRQL, and “utility measures”, which are
often used in health economic analysis as they are able to “reflect both the health status
and the value of that health status to the patient””2. Disease specific questionnaires have
been designed to be used within specific health conditions, while site or location specific
guestionnaires focus on assessing complaints or improvements related to the specific
anatomical sites.

Two questionnaires from each of these four categories are used in this review; details are
provided in Table 2-3. All of these questionnaires are have been widely adopted, assessed
for validity and reliability, translated into a number of languages and align with the author’s

research interests and experience.
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Of note, multi-item PROMs, as considered here, consist of multiple items, i.e. questions,

which are combined in an overall score. Here, the focus is on missing data in the composite

scores.

Table 2-3: Questionnaires to be included in the literature search

Questionnaire

Questionnaire
category

Brief description of the questionnaire

EQ-5D-3L

Utility
questionnaire

The EQ-5D-3L* % questionnaire consists of five questions
assessing participants’” mobility, self-care, usual activities,
pain/ discomfort and anxiety/ depression. The answers can be
converted into a composite score using a country specific
algorithm, whereby a score of 1 indicates full health and lower
scores indicate worse health states. Scores below zero indicate
health states worth than death.

The full EQ-5D-3L questionnaire also contains a visual
analogue scale ranging from 0 to 100, which is not the focus of
this review.

The scoring manual does not provide any provision to impute
values if one or more items are missing, and the EQ-5D-3L
cannot be calculated in the presence of missing data.

HUI

Utility
guestionnaire

The currently used HUI2 and HUI3 collect a measurement of
ability/ disability with regards to different health-state
attributes, which can be used complementary to each other’3,
The HUI2 comprises of seven attributes, namely sensation,
mobility, emotion, cognition, self-care, pain and fertility, each
consisting of three to five levels. The HUI3 consists of eight
attributes, vision, hearing, speech, ambulation, dexterity,
emotion, cognition and pain on a five or six level Likert scale.

The attributes are combined into a score ranging from 0
(equivalent to death) to 1 (full health). The scoring manual
does not provide any provision to calculate the scores if one or
more items are missing; thus any item-nonresponse leads to
missing composite scores.
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Questionnaire

Questionnaire
category

Brief description of the questionnaire

OHS

Site/ location
specific
questionnaire

A questionnaire designed to assess the outcome of total hip
replacements from a patient perspective’® in terms of pain and
function. The 12 questions are combined in a single score
ranging from 0 to 48, whereby higher scores indicate better
outcomes®.

The OHS scoring manual stipulates that the OHS can be
calculated when up to two items are missing by substituting
the missing item scores by the average of all available item
scores.

OKS

Site/ location
specific
questionnaire

A questionnaire designed to assess the outcome of total knee
replacements* in terms of pain and function. As for the OHS,
the 12 questions are combined to a single score ranging from
0 to 48, whereby higher scores indicate better outcomes in
terms of pain and function®.

The OKS scoring manual stipulates that the OKS can be
calculated when up to two items are missing by substituting
the missing item scores by the average of all available item
scores.

PDQ

Disease
specific
questionnaire

The PDQ (Parkinson’s disease questionnaire) has been
developed to assess QoL in patients with Parkinson’s disease’™.
The PDQ-39 consists of 39 questions addressing aspects of
mobility, activities of daily living, emotions, stigma, social
support cognitions, communication and bodily discomfort.
Answers are combined to a standardised score ranging from 0
to 100 with lower scores indicating lower functioning and
wellbeing for the subscales and a single index score. The PDQ-
8 is a shortened version of the PDQ-39, consisting of only eight
questions, which are scored in line with the PDQ-39%,

In the presence of any missing data, relevant subscales (PDQ-
39) and the single index scores (PDQ-8 and PDQ-39) cannot be
calculated. The user manual suggests handling missing data via
an expectation maximisation algorithm. However, this is not
part of the calculation of the PDQ scores, and not further
considered within this thesis.
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Questionnaire

Questionnaire

Brief description of the questionnaire

category
EORT QLQ-C30 | Disease EORTC QLQ-C30 (European Organisation for Research and
specific Treatment of Cancer Quality of Life Questionnaire-Core 30)

questionnaire

consists of a total of 30 questions including five functional
scales (physical, role, cognitive, emotional and social), three
symptom scales (fatigue, pain, and nausea and vomiting), one
global
(dyspnoea, insomnia, appetite loss, constipation, diarrhoea

health, one QOL scale, and six symptom items

and financial difficulties) 7 77.

As a simple method for handling missing items, the scoring
manual suggests that where at least half the items for a
subscale are available missing data can be ignored in the
calculation of the scale scores. This is equivalent to assuming
that the responses to the missing items are equal to the
average of all completed items for that subscale. The scoring
manual, however, indicates that this assumption may not
always be appropriate and should be applied with caution.

SF-12

Generic health
profile

The SF-12 (Short Form 12 health survey questionnaire) is a
reduced version of the SF-36, covering general health, a
physical component score and a mental health component
score®,

The scoring manual includes no imputation rule for missing
data, implying that subscales cannot be calculated in the
presence of even a single missing item’8.

SF-36

Generic health
profile

The SF-367° (Short Form 36 health survey questionnaire)
consists of 36 items measuring health in the following eight
dimensions: physical functioning, social functioning and role
limitations to measure functional status, mental health, vitality
and pain to measure wellbeing and finally general health
perception.

The scoring manual includes no imputation rule for missing
data, implying that subscales cannot be calculated in the
presence of even a single missing item”’®,
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2.7 Search strategy

A systematic search of EMBASE, PubMed and Web of Science, as well as the NHS Economic
Evaluation Database (NHS EED) for the two utility questionnaires only, was performed to
identify articles reporting the finding of RCTs using PROMs as either a primary or secondary
outcome. Broad search terms were used to avoid missing relevant research papers. Details
on all search terms used, and the number of results obtained for each iteration are shown
in Appendix 1. Due to large numbers of articles identified, searches were restricted to 2013
for the EQ-5D-3L, QLQ-C30, SF-12 and SF-36, while data extraction was extended to include
years 2009—-2013 for the HUI, OHS, OKS and PDQ.

Fewer results were expected from the NHS EED database. This is because its content
concentrates on assessments of costs and outcomes of competing interventions, and relies
on studies having been reviewed and critically appraised by staff at the NIHR Centre for
Reviews and Dissemination at the University of York. Therefore, there may be a
considerable time lag between a study being published and it having been reviewed and
added to this database.

Identified references were exported from each database into the reference manager
(EndNote X7). The references for each questionnaire were combined and screened for
eligibility after duplicates had been removed. Initial screening involved identifying
references that were not research articles reporting the results of definitive RCTs with the
help of titles, abstracts and full texts as appropriate. Full texts were obtained where the
information in title and abstract was insufficient to group the article into one of the
screening categories. See Figure 2-1 for details on the characteristics of studies that were
excluded. Further screening of the identified RCTs (see Figure 2-2) aimed to exclude trials

that were not using a parallel group design or were considered to be of insufficient size

35



(<50 randomisations per arm) for a robust evaluation. The generalisability from smaller
studies is likely to be unreliable. Therefore, a requirement of at least 50 randomised
participants per trial arm was chosen to include studies of sufficient size permitting the use
of potentially complex methods of handling missing data and quantitative assessments
between treatment arms.

RCTs with more than two arms were included into this review. However, where extraction
of information by trial arm was required, data was extracted for two arms only, namely for
the randomisation group considered the control treatment or usual care, as well as for the
arm using the combination of most drugs or most frequent intervention appointments, to
enable comparisons across all trials.

Details on the reporting of missing data, including the attrition rates, information provided
in the analysis section and reporting of missing data within each article was extracted using

a pre-specified set of criteria. A full list of the data extracted can be seen in Appendix 2.

Studies with the following characteristics were excluded:

e Cross-sectional or cohort studies, as well as case series, or articles only using
baseline data of an RCT, or one arm of an RCT

e Conference abstracts, book chapters or comments and editorials

e Work validating or assessing measurement properties of questionnaires

e Pilot and feasibility studies

e Trials using questionnaires other than those specified, but which use the same
abbreviations

e Methodological work

e Publications of protocol or statistical analysis plans

e Reviews of previously reported trial results and analyses combining data from
more than one trial (including meta-analyses and systematic reviews)

e Simulation work based on data from RCTs

e Articles not written in English

Figure 2-1: Exclusion criteria employed during the screening process
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RCTs with the following characteristics were excluded from the review:

e RCTs analysed as factorial designs

e Cross-over studies

e RCT reports not focussing on the relevant questionnaire as an endpoint (i.e. the
article may have been picked up in the search as a specific questionnaire has
been mentioned in the paper, but was not an outcome measure in the trial)

e Monographs

e Trials with less than 50 participants randomised to each trial arm

Figure 2-2: Additional exclusion criteria applied to the identified RCTs

Data as reported by the authors in the main text or tables of the publication were
transferred onto the data collection spreadsheet with the following exceptions. By
definition, the Intention To Treat (ITT) population should include all randomised
participants, regardless of their compliance with the allocated intervention, the protocol,
or, in fact, the absence of relevant outcome data, as any other form of analysis is likely to
be subject to bias®. Where authors described their analysis as based on the ITT population,
but not all randomised participants were included into the analysis, the analysis population
recorded in the data extraction spreadsheet was described as ‘modified ITT’.

Endpoints were classed as primary or secondary in the context of the paper. Endpoints
were considered as secondary endpoints unless they were clearly labelled as primary
outcome measures, used in the sample size calculation, or were secondary endpoint of the
study, but used as the primary focus of a particular paper. Also, where the primary
endpoint encompassed a health economic evaluation which was based on the EQ-5D-3L or
the HUI, these utility measures were considered primary endpoints.

Attrition was defined as the difference in the number of participants randomised to the
relevant trials arms and the amount of PROMs outcome data available at the specified
primary follow-up time point. Information on attrition for the relevant questionnaire was

extracted only where it was reported specifically for the outcome score in question. Where
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overall attrition in the trial was reported, these figures were considered inaccurate, as it
was thought likely that some PROMs data may be missing even for participants who
attended all follow-up assessments.

As a minimum, abstracts, methods and statistical analysis sections were read in full for each
article, but a keyword search was employed to identify other relevant information to be
extracted. A full list of the keywords and search strategies used to identify relevant data
can be seen in Appendix 3. Web-tables and online material were only reviewed when

specifically referenced in the text of the article.
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2.8 Results

2.8.1 Screening and identification process

The results show that the number of identified eligible studies varies widely between
PROMs, from over 70 studies using the EQ-5D-3L and SF-36 identified in 2013 alone, to less
than ten studies utilising the OKS and OHS identified between 2009 and 2013.

Summaries of the database searches for all PRO measures are summarised in a PRISMA
diagram in Figure 2-3.

Where an eligible publication reports on several of the pre-specified outcome measures,

this study was included within the summaries for all relevant PROMs.
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Figure 2-3: PRISMA flow chart detailing the identification process of articles to be included into
the review
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2.8.2 Study characteristics and missing data observed

The sample size of the RCTs included in this review varied greatly, from a sample size of
100, the cut-off for eligibility to be included into the review, to over 18,000 participants
from 43 countries®!.

The percentage of studies using the relevant PROMs as a primary outcome measure was
highest for those utilising the HUI with almost 70%, and lowest for the QLQ-C30, SF-12 and
SF-36. In the case of the QLQ-C30, the RCTs often favoured primary endpoints focussing on
survival or progression-free survival, while RCTs utilising the latter two PROMs used
endpoints that were either less objective or more disease specific.

Additional details on study characteristics of the identified RCTs are provided in Table 2-4.
The median percentages of PROMs data available at the primary follow-up time point were
between approximately 50% and 83% within the different PROM categories, and there was
evidence of some degree of differential drop-out between trials arms in most studies, as

described in Table 2-5.

41



Table 2-4: Overview of the characteristics of the identified RCTs by PROM category

Questionnaires EQ-5D-3L | HUI OHS OKS PDQ QLQ-C30 | SF-12 SF-36 Overall
index
Number of studies 72 13 4 9 17 21 25 76 237
Years searched 2013 | 2009-2013 | 2009-2013 | 2009-2013 | 2009-2013 2013 2013 2013 | 2009-2013
Studies using PROM 38.9% 69.2% 25.0% 44.4% 41.2% 23.8% 24.0% 26.3% 33.8%
as a primary outcome
Size of studies*
Median 329 337 155 165 294 309 241 202 251
IQR 190, 600 139,622 n/a 120, 200 184, 359 178, 420 195, 392 138, 304 159, 416
Range 100, 104, 762 126, 161 100, 1715 109, 586 108, 1528 116, 1573 | 100, 3.057 100,
18,624 18,624
Follow-up data was 87.5% 92.3% 50.0% 88.9% 76.47% 81.0% 84.0% 77.6% 82.3%
measured repeatedly
(opposed to once
only)
Length of follow-up to
primary assessment
time point (months)
Median 12 12 18 12 6 12 9 15 12
IQR 6,17 9,24 7.5, 36 12,24 4,10.5 6,12 6, 15 4,12 6,15
Range 1,60 6, 36 3,48 3,60 3,36 0.25,78 15,24 0.75, 60 0.25,78

*the size of the studies described here refers to the number of participants randomised to the two relevant treatment arms considered in this review.
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Table 2-5: Overview of the amount of missing data within the identified RCTs by PROM category

Questionnaires EQ-5D-3L | HUI OHS OKS PDQ QLQ-C30 | SF-12 SF-36 Overall
index
Number of studies 72 13 4 9 17 21 25 76 237
% of data available at (n=37, (n=4, (n=2, (n=4, (n=4, (n=10, (n=10, (n=24, (n=95,
primary analysis time 51.4%) 30.8%) 50.0%) 44.4%) 47.6%) 40.0%) 31.6%) 40.1%)
point (overall)** 23.5%)
Median 74.8% 76.2% 63.3% 83.7% 83.2% 50.7% 68.6% 84.2% 75.0%
IQR 59.7%, 47.6%, 61.9%, 69.7%, 57.1%,
85.7% 74.6% 80.8% 94.7% 86.2%
Range 34.1%, 50.7%, 55.9%, 62.4%, 51.8%, 35.1%, 37.1%, 26.0%, 26.0%,
91.6% 86.2% 70.7% 98.8% 94.5% 85.4% 90.5% 99.2% 99.2%
% difference in follow-up (n=35, (n=3, (n=2, (n=4, (n=3, (n=7, (n=9, (n=24, (n=87,
data (%) available (active 48.6%) 23.1%) 50.0%) 44.4%) 17.6%) 33.3%) 36.0%) 31.6%) 36.7%)
— control)**
Median 0.3% 3.7% -2.0% -2.2% 4.91% 6.6% 5.1% -0.5% 0.3
IQR -4.0%, 2.4%, -5.2%, -3.6%, -3.2,5.1
4.0% 12.3% 7.7% 2.0%
Range -15.7%, -1.8%, -3.0%, | -3.2,9.6% -13.1%, -12.9%, -13.4%, | -15.7,13.9
10.9% 6.37% 9.4% 13.9% 11.5% 13.9%

**The first lines of the summaries specify the number (and percentage) of studies for which this information is available.
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2.8.3 Adherence with proposed reporting standards

Full details on the approaches to handling missing data are presented in Table 2-6.

With the exception of the RCTs using the OHS and SF-12, the proportion of publications
referring to the use of strategies employed to minimise the occurrence of missing data
within the study were around 25% or less. Methods described included the provision of
pre-paid envelopes to increase the return of postal questionnaires, the substitution of
clinic visits that cannot be attended by the use of postal questionnaires, telephone
interviews, or home visits, as well as reminder emails, phone calls or letters where follow-
up data had not been received. Other approaches included the provision of payments or
rewards for questionnaire completion, the reiteration to participants and staff that data
collection was encouraged even after participants withdrew from their allocated
intervention, and the exclusion of potential participants that are unlikely to (be able to)
comply with follow-up visits, including those with terminal diagnosis or hospice care.
Table 2-5 demonstrated that information on the number of participants with the relevant
PROMs data at the main follow-up could only be obtained for approximately 55% or less
of the studies. This information could not always be derived from the CONSORT flow chart,
as it is likely that not all participants who are still in the study at a certain follow-up time
point will have completed and/ or returned their questionnaires, or will have responded to
a sufficient number of questions to enable the calculation of the PROMs scores. Not all
studies split this information by trial arm, this resulted in less information relating to
randomisation allocation and the difference in attrition between the trial arms being
available.

Despite observing differences in the attrition rates by treatment arm, the relationship of

missing data to baseline characteristics was rarely investigated. The vast majority of
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publications (more than 80%) did not state the assumed missing data mechanism, and in
many cases the analysis population was not clearly described.

Complete cases were a widely used analysis approach, with many authors being unclear
about the primary method of handling missing data in the analysis. Multiple imputation
and repeated measures models were less frequently used, in up to 16% and 25% of
publications respectively.

Very few authors justified the primary method of handling missing data (between 0% and
25% by PROMs used), undertook sensitivity analysis to assess the robustness of their
results with regards to the missing data in the studies (0% to 32%), or commented on the
potential influence of missing data on the study results (0% to 25%). With regards to
sensitivity analysis, the alternative analyses often did not include variations of the
assumptions made about the underlying data mechanism. For example, where the primary
analysis may have consisted of a CCA, the sensitivity analysis may have included LOCF, Ml,
simple imputation methods or vice versa, thus all analyses assumed a MAR mechanism,
and did not investigate the possibility of MNAR.

Full details of the quantitative results from this literature review on the handling and
reporting of missing data in PROMs in articles reporting the comparative results from RCTs

in the current literature are presented in Table 2-6.
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Table 2-6: Results from the literature review

results mentioned in discussion

Questionnaires EQ-5D- | HUI OHS OKS PDQ QLQ- SF-12 SF-36 Overall
3L index C30
Number of studies 72 13 4 9 17 21 25 76 237
Methods to limit missing data described 25.0% 15.4% 50.0% 22.2% 11.8% 14.3% 36.0% 21.1% 22.8%
Differential missingness assessed*** 25.0% 23.1% 0% 11.1% 11.8% 14.3% 28.0% 18.4% 20.3%
Assumed missing data mechanism
Not described 91.7% 92.3% 100% 100% 82.4% 100% 88.0% 96.0% 93.3%
Missing At Random 6.9% 7.7% - - 17.6% - 12.0% 4.0% 6.3%
Missing Completely At Random 1.4% - - - - - - - 0.42%
Missing data mentioned in 62.5% 61.5% 25.0% 11.1% 75.0% 42.9% 52.0% 52.6% 54.2%
methods/analysis section
Analysis population
Intention To Treat 27.8% 7.7% - 11.1% 29.4% 9.5% 24.0% 19.7% 21.1%
Modified Intention To Treat 54.2% 46.2% 50.0% 66.7% 47.1% 59.1% 48.0% 46.1% 50.6%
Per Protocol 1.4% - - - 5.9% - - 1.3% 1.3%
Unclear 16.7% 46.2% 50.0% 22.2% 17.7% 33.3% 28.0% 32.9% 27.0%
Primary method of handling with missing
data
Complete Cases 38.9% 30.8% 50.0% 22.2% 5.9% 14.3% 32.0% 39.5% 32.9%
Last Observation Carried Forward 11.1% 7.7% - 11.1% 41.2% 9.5% 4.0% 10.5% 11.8%
Mean imputation 5.6% - - - - - 4.0% 2.7% 3.0%
Regression imputation - - - - - - 4.0% - 0.4%
Direct likelihood analysis - - - - 5.9% - - - 0.4%
Repeated measures model 8.3% 23.1% - 11.1% 17.7% 14.3% 20.0% 25.0% 16.9%
Multiple Imputation 15.3% 15.4% - - - - 16.0% 5.3% 8.9%
unclear 20.8% 23.1% 50.0% 55.6% 29.4% 61.9% 20.0% 17.1% 28.7%
Justification provided for primary method 13.9% 23.1% 25.0% 0% 11.8% 0% 8.0% 5.3% 9.3%
of handling missing data
Sensitivity analysis was performed 25.0% 23.1% 25.0% 0% 17.7% 19.1% 32.0% 19.7% 21.9%
Potential influence of missing data on 18.1% 15.4% 25.0% 0% 17.7% 14.3% 16.0% 14.5% 15.6%

*** The studies considered differences between those with complete and missing data in terms of participant (baseline) characteristics.
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2.8.4 Subset of articles using the relevant PROM as a primary endpoint

The above summaries considered publications utilising the relevant PROMs as either a
primary or secondary outcome, as per the inclusion criteria for this review of the literature.
When focussing on the subset of articles utilising the relevant PROMs as a primary outcome
measure only (80 PROMs, approximately one third of all PROMs and 23.8% to 69.2% of
each relevant PROMs category), the standard of reporting improved marginally.

For some of the PROMs, an increase in the proportion of studies mentioning methods to
reduce the amount of missing data within the studies could be observed, along with an
increase in the number of studies clarifying how much PROMs data was available at the
primary follow-up point, and an overall decrease of the amount of missing data at follow-
up. Overall, a slight increase could also be observed in the proportion of articles that
perform and report a sensitivity analysis. On the other hand, the proportion of studies
using LOCF in their primary analysis and not clearly stating their analysis population
increased when only considering the studies using the relevant PROMs as a primary

outcome measure. Full details of this investigation can be seen in Table 2-7.
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Table 2-7: Results from the literature review for the subset of articles using the relevant PROM as a primary endpoint

Questionnaires EQ-5D- | HUI OHS OKS PDQ QLQ- SF-12 SF-36 Overall
3L index C30
Number of studies 28 9 1 4 7 5 6 20 80
Methods to limit missing data described 28.6% 22.2% 100.0% 50.0% 0.0% 20.0% 50.0% 30.0% 28.75%
Differential missingness assessed*** 32.1% 22.2% 0% 25.0% 0.0% 60.0% 50.0% 15.0% 26.25%
Assumed missing data mechanism
Not described 89.3% 100.0% 100.0% 100% 71.4% 100% 83.3% 100.0% 92.50%
Missing At Random 7.1% - - - 28.6% - 16.7% - 6.25%
Missing Completely At Random 3.6% - - - - - - - 1.25%
Missing data mentioned in 71.4% 66.7% 100.0% 25.0% 71.4% 80.0% 50.0% 60.0% 66.25%
methods/analysis section
Analysis population
Intention To Treat 46.4% - 25.0% 28.6% 20.0% 50.0% 20.0% 26.25%
Modified Intention To Treat 32.1% 44.4 % 100.0% 75.0% 28.6% 40.0% - 50.0% 42.50%
Per Protocol - - - - 14.3% - - - 1.25%
Unclear 21.4% 55.6% - - 28.6% 40.0% 50.0% 30.0% 30.00%
Primary method of handling with missing
data
Complete Cases 28.6% 44.4% 100.0% 25.0% 14.3% 20.0% 33.3% 45.0% 33.75%
Last Observation Carried Forward 17.9% - - 25.0% 28.6% 40.0% 10.0% 10.0% 15.00%
Mean imputation 14.3% - - - - - 5.0% 5.0% 7.50%
Regression imputation - - - - - - - - -
Direct likelihood analysis - - - - 14.3% - - - 1.25%
Repeated measures model 3.6% - - - 14.3% 20.0% 25.0% 25.0% 13.75%
Multiple Imputation 21.4% 22.2% - - - - 10.0% 5.0% 11.25%
unclear 14.3% 33.3% - 50.0% 28.6% 20.0% 20.0% 10.0% 17.50%
Justification provided for primary method 14.3% 11.1% 100.0% 0% 14.3% 0% 16.7% 0.0% 10.00%
of handling missing data
Sensitivity analysis was performed 35.7% 33.3% 0.0% 0.0% 14.3% 60.0% 33.3% 15.0% 27.50%
Potential influence of missing data on 21.4% 11.1% 0.0% 0.0% 14.3% 40.0% 0.0% 15.0% 16.25%
results mentioned in discussion

*** The studies considered differences between those with complete and missing data in terms of participant (baseline) characteristics.
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2.9 Discussion

The results of the review, as presented in section 2.8, showed that the overall quality of
the handling, analysis and reporting of missing data in RCTs is lacking with regards to
current methodology and guidance. Many authors did not comply with basic advice about
the reporting of missing outcome data in RCTs, as also found in the previous reviews?% 23
63, Failure to report adequately on the attrition in RCTs was also reported by Hopewell et
al®2,

Particularly noticeable was the failure of many publications to describe clearly the extent
of missing data. The lack of clarity on how missing data were handled in the analysis made
it impossible for the reader to assess how much the reported results may be at risk of bias
arising from missing data. Particularly if missing data occurs partly by design, authors
should ensure that results and interpretations are provided within this context, instead of
extrapolating the conclusions, potentially inappropriately, to the entire trial population.
Missing data by design may occur if only a subgroup of participants is included into the
PROMs research or because participants with disease progression or other patient
characteristics are excluded from the PROMs collection. High mortality rates in certain
studies also makes the collection of PROMs impossible for a large proportion of
participants. In addition, the continued use of imputation methods that are known to
introduce bias, such as LOCF3® & further put into question the reliability of the study
results. Differential drop-out was identified in numerous studies, but rarely discussed or
considered in the subsequent analyses.

The importance of sensitivity analysis has been highlighted repeatedly to assess the
robustness of the study results with regards to the untestable assumptions about the

underlying missing data mechanism. The results in Table 2-6 showed that sensitivity
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analysis was only described in up to approximately 32% of articles. However, for the
majority of identified PROMs, the percentage of studies reporting sensitivity analyses was
around 20%. None were reported for studies reporting on trials using the OKS as an
outcome.

Even where sensitivity analyses were performed, they often did not investigate the
sensitivity of the assumptions made about missing data in the primary analysis, as
suggested in the current literature®®. More specifically, where the primary analysis utilised
the CC population, assuming a MAR mechanism in an adjusted analysis, reported sensitivity
analyses included single or multiple imputation or repeated measures models, also
assuming a MAR mechanism, or vice versa. On other occasions, the LOCF method was used
as a primary analysis, with the above described methods utilised in sensitivity analyses, or
vice versa. In other cases, sensitivity analyses included adding all variables that had been
identified to be predictive of missing data into the model, presumably in an attempt to
make the MAR assumption more plausible, although this was not justified in the text.
There were very few examples where the underlying missing data mechanism was actually
varied in the sensitivity analysis. In one example, missing values in the EQ-5D-3L were
substituted with values of zero, which is often describe as a health state equal to death?®,
for those who died. This can be seen as a sensitivity analysis varying the assumptions at
least partly, assuming worse outcomes for those who have missing data due to death (the
average EQ-5D-3L score in the trial was above zero). Similarly, a trial using the QLQ-C30
imputed missing data with the worst values observed at that outcome time point, while a
study using the SF-36 imputed the best and worst scores for missing data in their sensitivity
analysis. However, the uncertainty around the imputed values was not appropriately taken

into account in these single imputation techniques.
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The potential influence of missing data on study results was discussed infrequently,
possibly leaving the readers to overestimate the robustness of the results presented.
Finally, the number of publications reporting on methods to minimise the occurrence of
missing data used in planning and conducting the study was found to be low. This is
disappointing since no statistical analysis, however advanced, can replace information
obtained by more complete follow-up. Therefore, researchers should be aware that in
handling missing data ‘the single best approach is to prospectively prevent missing data
occurrence’’®,

The lack of detail and clarity about how missing data in the PROMs for RCTs was handled
and analysed raised the question if word-limits imposed on some articles and publications
may contribute to this substandard level of reporting. The inclusion of researchers trained
in statistics amongst the authors, and involvement of those in the study design and analysis

may contribute to an improvement in reporting standards.

2.9.1 Strength of the study

By focussing on a set of eight widely used outcome measures, this review was able to
include a broad range of literature, rather than focussing on specific journals, as done in
some of the previous reviews?? 23 63, Therefore, a more generalisable picture of current
practice was created, without necessitating assumptions on whether the identified

standard of reporting was representative of the current practice, or over-reporting it.

This review adds to the current literature in that it considered more recent publications, as
well as offering additional, and very important aspects to the review. Particularly, steps

taken to minimising the occurrence of missing data during the design stage of the trial,
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consideration of differential missing data by trial arm, justification of chosen methods for
handling missing data in the analysis and an in-depth assessment of the use of sensitivity

analysis were included in this review.

2.9.2 Limitations

In addition to its strengths, the study also has a number of limitations. By attempting to
create as broad a picture of the current practice as possible, and including publications
from a wide variety of journals, it was necessary to limit the review to a certain number of
outcome measures. It is hoped that the reporting practice observed in the subset of
representative outcome measures is generalisable to other PROMs. However, it is possible
that there are PROMs for which the handling, analysis and reporting of missing data in

PROMs is different to the estimates presented here.

Only very few eligible studies were identified for some PROMs, especially the OHS and OKS,
with four and nine studies respectively included into the review. Reasons for this include
that these site-specific measurements are just two of many other PROMs designed and
available to be used in this disease area®-%°. Therefore, the pool of studies utilising these
PROMs is naturally smaller than for PROMs designed to measure a broader range of
outcomes. Arguably, the low number of publications identified results in a less

generalisable picture of the handling of missing data in these studies.

The NHS EED database was included into the search strategy for the EQ-5D-3L and HUI, as
it was considered to be more reliable in identifying the utility questionnaires. However,

NHS EED relies on articles having been reviewed by the York team, and therefore the
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entries for 2013 may not have been as up-to-date at the time of the review as the entries

for earlier years would have been.

This review did not include a quantitative assessment of the reporting of any differences
between the primary analysis and any sensitivity analysis that may have been performed.
This is because insufficient numbers of appropriate analyses were included into this review

to justify such assessments.

The relationship between the quality of reporting and word limits imposed by journals,
which may contribute to important details about missing data being omitted in favour of
other relevant information could not be assessed within this review. However, tables and
well-designed CONSORT flow charts can be used to report much of the information on data
availability and analysis populations. Details of assumptions about missing data
mechanisms, analysis strategy and sensitivity analysis can be reported briefly with one or

two sentences in the main text.

The review presented has not formally assessed temporal changes in the handling and
reporting of missing data, although it was found conclusions were very much in line with
previously reported similar studies. The focus of this research was to identify potential
insufficiencies in current practice that need to be improved. However, Fielding et al
reported little change in the reporting and handling of missing data over the last decade,

except for a slight increase in the use of imputation?% 61,
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2.9.3 Areas for future research

This review has identified a number of shortcomings in the current handling and reporting
of missing PROMS outcome data in RCT publications. Particularly the low uptake of Ml, the
focus on a single follow-up time point as opposed to statistical analyses utilising the
longitudinal structure of the data, as well as a lack of appropriate sensitivity analyses are
considered important areas of further research. It is possible that there is a perceived lack
of clarity about the implementation of these approaches that causes their low uptake
demonstrated here. Therefore, these aspects of handling missing PROMs outcome data
are further investigated in the following chapters using both simulation studies and case
studies. Variations in missing data pattern between different RCTs and PROMSs were also

noted within this review, and are further investigated in Chapter 3.
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2.10 Conclusions

The review provides evidence of considerate discrepancies between guidance on and
current practice of the handling, analysis and reporting of missing PROMs data in the
publications of RCTs. Shortcomings include the use of inappropriate methodology, lack of
clarity on the extent of missing data, the assumptions made about the missing data
mechanisms and the methods used to handle missing data, as well as the lack of
appropriate sensitivity analyses. These factors make it challenging for clinicians,
researchers, health care providers and policy makers to assess how reliable the results
from RCTs are, and may even lead to health care decisions to be based on sub-optimal
information.

Greater awareness needs to be created of the potential biases introduced by the
inappropriate handling of missing data, and the importance of sensitivity analysis. The
handling and reporting of missing data, as well as the detailed and consistent reporting of
it needs to be improved to be in line with current methodology to enable an appropriate

assessment of any treatment effects and the associated conclusions.
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Chapter 3 : Identifying common rates of and possible

predictors for missing patient reported outcome measures

3.1 Introduction

This chapter aims to generate a better understanding of missing data in PROMs by
investigating the rates and patterns of missing data in three large-scale RCTs, considering
PROM s used as primary endpoints, i.e. OKS*" 42 and PDQ-397> 87 8, as well as secondary
endpoints, i.e. EQ-5D-31%% 8% and SF-1243 29,

The chapter starts by introducing the relevant RCTs, giving a brief overview of the research
question, trial design and recruitment numbers, and clarifies which subset of participants
is to be used in the following work (section 3.2). Subsequently (section 3.3), patterns of
missing data within the PROMs composite scores, as well as within the items, i.e. the
subscales for the PDQ-39, are examined at the five year follow-up time point, as are the
missing data patterns in the composite scores over time. Possible predictors for the
probability of the composite scores being missing at follow-up are investigated using
summary statistics and univariate analyses in the first instance. Patient demographics and
other covariate variables are considered as possible predictors (section 3.4). Finally
(section 3.5), the information from the univariate analyses is combined via multivariate
logistic regression models to create a more comprehensive picture of factors that are
indicative of the probability of PROMs outcome data being missing.

This work aims to further understand missing data patterns, possible factors that influence
the availability of data and likely missing data mechanisms in RCTs utilising PROMs data.
This preliminary work is important in preparation for appropriate analyses of datasets

including missing PROMs outcome data by informing multiple imputation models. In
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addition, this investigation informs the simulation work in subsequent chapters by
identifying realistic missing data patterns and variables that may be important in explaining

missing data occurrence.
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3.1 Objectives for this chapter

Through the investigation and analysis of three RCT datasets, this research aims to further
understand the patterns of missing data in RCTs. This aim is addressed by investigating:
e The availability of PROMs scores, subscales and items at the five-year follow-up
point
e Longitudinal patterns of missing data of the relevant PROMs, focussing on
composite scores

e Baseline characteristics that may be predictive of missing PROMs outcome data
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3.2 Introduction of the RCT datasets

Three trials are considered in this chapter; their key characteristics, where relevant to this

chapter, are summarised in the following sections.

3.2.1 The KAT trial

The Knee Arthroplasty Trial (KAT) was initiated in 1999 in the UK to address uncertainties
about the clinical and cost effectiveness of new developments in knee replacements.
Specifically, the trial was designed to consider four aspects of knee arthroplasty, namely
patellar resurfacing, mobile bearings, all-polyethylene tibial components and
unicompartmental replacement.

The study was set up as a partial factorial, multicentre RCT, allowing participants to be
randomised to up to two of the above mentioned comparisons. However, this chapter
focuses on the patella resurfacing component of the study, with participants being
randomised (on a 1:1 ratio) to either patellar resurfacing or no patellar resurfacing,
ignoring any additional randomisations the participants may have undergone.
Participants were eligible to enrol in the trial if they were to undergo primary knee
replacement surgery and the surgeon was in equipoise about at least one of the
comparisons.

The primary outcome of the trial was the OKS, but the trial also collected data on baseline
characteristics, EQ-5D-3L, SF-12, complications, hospital admissions, operation details and
costs. Outcome data were collected post-operatively at three months, then annually.
1715 participants were randomised to either patellar resurfacing or no patellar resurfacing.
In the context of this chapter, follow-up data up to five years post operation are

considered, although the trial is continuing to follow participants beyond this point. The
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trial protocol and outcomes have been published in the peer-reviewed literature®°3,
Relevant information from the case record forms (CRFs) used for data collection can be

seen in Appendix 4.
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3.2.2 The PD MED trial

PD Med is a pragmatic RCT which recruited participants between 2000 and 2009 to assess
the relative clinical and cost-effectiveness of different classes of drugs for Parkinson’s
disease (PD).

Early stage Parkinson’s randomisation:

Participants recently diagnosed with PD were randomised to receive either levadopa alone
(LD), dopamine agonists (DA + LD) or monoamine oxidase type B inhibitors (MAOBI + LD),
i.e. levodopa could be added as required to the DA and MAOBI treatment arms by the
investigators, particularly if symptoms were not controlled by the standard dose of MAOBI
or the maximum dose of DA.

Either MAOBI or LD could be omitted from the randomisation if considered inappropriate
treatment for a particular participant.

Late stage Parkinson’s randomisation:

Participants who had developed motor complications uncontrolled by LD were randomised
to DA, MAOBI or catechol-O-methyltransferase inhibitors (COMTI), with the option of

omitting either MAOBI or DA if they were currently treated with these classes of drugs.

During each randomisation, the chances of being allocated to any of the relevant
interventions were equal (i.e. 1:1 or 1:1:1 allocation ratios). Eligibility was based on
“uncertainty” about their best treatment option, i.e. patients were eligible for either the
early or late stage randomisation if the treating clinician was not aware of a clear indication
for, or contraindication against, a particular class of PD drug included in one of the above

comparisons.
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A total of 1620 participants were entered into the trial via the early stage randomisation,
and 500 via the late stage randomisation. Participants from the early stage randomisation
were encouraged to be randomised again into the later stage randomisation when
symptoms were no longer controlled by the allocated class of drugs.

The PDQ-39 was the primary outcome measure. In addition, data was collected on patient
demographics at baseline, functional status and QoL (including the EQ-5D-3L), side effects,
health economics, disease status (assessed by Hoehn & Yahr stage) and carer well-being.
Participants were assessed at baseline, six months and one year post randomisation, then
yearly to five years and every two years thereafter until at least year 10.

For this chapter, five-year follow-up data from the early stage randomisations, specifically
from participants randomised of LD vs. LD sparing interventions (DA and MAOBI), is used.
This excludes the 214 participants who were randomised only between DA and MAOBI,
leaving data for 1406 participants, 528 of whom were randomised to LD class drugs and
878 to LD sparing classes of drugs (525 to DA, 353 to MAOBI).

Trial outcomes have been published in the peer-reviewed literature®, the protocol can be

found online®, and relevant CRFs are shown in Appendix 5.
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3.2.3 The PD SURG trial

PD SURG is a randomised, long-term assessment of the relative effectiveness of surgery in
combination with best medical care compared to best medical care alone for patients with
advanced PD. Between 2000 and 2006, 366 participants were randomised on a 1:1 basis to
either of the two interventions.

Inclusion criteria were a diagnosis of Parkinson’s disease (UK Brain Bank criteria), an age
adjusted dementia rating scale-ll score of greater than 5 and fitness for surgery.

The primary outcome of the trial was the PDQ-39, which was collected at baseline, annually
until year three and every two years thereafter until year nine. Secondary outcomes
included QoL (Unified PD Rating Scale, SF-36 (for carers only), EQ-5D-3L), disease status
(Hoehn & Yahr Staging System, Neuropsychological evaluation), dementia progression and
resource utilisation and costs. Within the remit of this project, only follow-up data to the
five year assessment is considered.

Trial outcomes have been published in the peer-reviewed literature®, the protocol can be

found online®’, and relevant CRFs are shown in Appendix 6.
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3.3 Availability of PROMs over the five year follow-up period

In the preceding chapters, missing data were defined as information that was intended to
be collected within the remit of the study, considered relevant for the statistical analysis
and interpretation of the results, but was unavailable at the time of the analysis. Little et
al'’ also define missing data as unavailable values that ‘would have been meaningful for
the analysis if they were observed’. Therefore, it is argued that quality of life values missing
due to participant death should not be considered as missing data within this chapter, as
these measures cannot be interpreted easily. For this reason, the remainder of this chapter

considers the subset of participants who were alive at five years post randomisation.

3.3.1 KAT trial: missing data patterns

Of the 1715 participants randomised to the patellar comparison in the KAT trial, 189 were
known to have died by the five-year follow-up (11.02% of the trial population). Death rates
were similar between the treatment arms, with 96 reported deaths in the no patellar
resurfacing group vs. 93 within those randomised to patellar resurfacing. These
participants are excluded from all future summaries, leaving the data for 1526 participants

to be analysed in the following sections.

3.3.1.1 KAT: OKS missing data patterns

Table 3-1 shows missing OKS data, i.e. participants for whom the OKS cannot be calculated,
at the different assessment time points considered in this chapter. As discussed previously,
according to its scoring manual®?, the OKS cannot be calculated when more than two items

have been left unanswered.

64



The amount of missing data increases steadily from 5.50% of participants without a valid

OKS at baseline to 16.51% of participants without a valid OKS at the five year assessment,

with a slightly higher amount of missing data at the three month assessment compared to

the one-year assessment. Rates of missing data are similar in both treatment arms.

Table 3-1: Missing OKS composite scores by treatment arm
OKS composite score cannot be calculated/ is missing

Time point No patellar resurfacing | Patella resurfacing Total

(N =758) (N=768) (N =1526)
Baseline 38 (5.01%) 46 (5.99%) 84 (5.50%)
3 months 77 (10.16%) 98 (12.76%) 175 (11.47%)
1 year 80 (10.55%) 84 (10.94%) 164 (10.75%)
2 years 95 (12.53%) 116 (15.1%) 211 (13.83%)
3 years 105 (13.85%) 109 (14.19%) 214 (14.02%)
4 years 109 (14.38%) 113 (14.71%) 222 (14.55%)
5 years 130 (17.15%) 122 (15.89%) 252 (16.51%)

Figure 3-1 provides details on the individual items that have not been completed within
each questionnaire and at each time point. It can be seen that item 7 (“During the past 4
weeks could you kneel down and get up again afterwards?”) is missing more frequently
than other items. This may be partly due to some patients not being comfortable kneeling,
or having been advised not to kneel after their knee replacement, although the question is
phrased in terms of ability rather than reporting actual incidences of kneeling. Because of
the possibility of missing data arising from participants misunderstanding this question,
data was collected on whether or not participants of the KAT trial had been advised against
kneeling. However, this data collection was sporadic, with inconsistent proportions of

participants being asked this question at each follow-up time point (approximately 61% at
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year two, 48% and 24% at years one and three respectively, 5% in year four; with no data
available at baseline, three months and five years). As this data is not available for all

participants at all time points, it is not taken into account in the subsequent analyses.

Missing OKS items over time

30

20
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Percentage of missing OKS items

0
|

Figure 3-1: Missing OKS items over time

Investigating cases where the OKS scores are not available, it is noted that this is primarily
due to non-response, where none of the 12 OKS items have been answered. This applies
to all of the baseline cases for which the OKS is missing, and over 94% of the follow-up
assessments.

As reiterated above, the OKS can be calculated for up to two missing items. Where the OKS
can be calculated, data is usually available for all items, although this figure ranges from
almost 98% at baseline to 80.84% at two years post randomisation. Where only one item

is missing, usually item 7 has been left unanswered. The remaining items are missing with
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very similar probabilities, except perhaps item 4 (“During the past 4 weeks, for how long

have you been able to walk before the pain from your [..] knee becomes severe?”), which

tends to be missing slightly more frequently than the other items (except item 7) at the

one to five year follow-up visits. There are very few occasions where two items have been

left unanswered. No particular combinations of missing items stood out in a further

investigation into the pattern of missing items at the follow-up assessments.

The most prominent response patterns for the OKS items at the five year follow-up are

shown in Table 3-2. Missing data patterns summarised under “other” were each identified

in less than 1% of the data.

Table 3-2: Most prominent response patterns for the OKS items at the five year follow-up

OKS composite scores cannot be calculated/ are

Missing data patterns

missing
No patellar Patella Total
resurfacing resurfacing (N=1526)

(N = 758)

(N = 768)

All 12 items completed

593 (78.23%)

570 (74.22%)

1163 (76.21%)

All 12 items missing

118 (15.57%)

126 (16.41%)

244 (15.99%)

Item 7 missing

27 (3.56%)

25 (3.26%)

52 (3.41%)

Other combination of

items

missing

20 (3.64%)

47 (6.12%)

47 (4.39%)

Figure 3-2 displays the information on the percentage of missing OKS items over

assessment time point split by randomisation allocation. The data presented are in line

with the overall OKS missingness, as discussed above.
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Missing OKS items over time
Y - Patella resurfacing, N - No patella resurfacing
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Figure 3-2: Missing OKS items over time by treatment arm

As shown above, 16.51% of OKS scores are missing at the five year follow-up time point.
However, looking at the longitudinal missing data patterns, provided in Table 3-3, only
2.16% of participants have no valid OKS data at all, and an additional 1.90% of participants
have provided only baseline but no follow-up OKS data. Therefore, while only 69.20% of
participants have provided OKS data at all relevant time points, some post-randomisation
data is available for the vast majority of the trial population. The missing data for 10.75%
of the participants can be classed as monotone missing data patterns, with data available
up to a certain point after which all data are missing. For 17.89% of the participants, data
are missing intermittently, with missing assessments being followed by subsequent
available data2® %89, Over 12% of the participants show intermittent missing data patterns

with a maximum of two missed assessments. The fact that there is some outcome data
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available for almost all participants could be very important for analyses taking into
account the longitudinal structure of the outcomes, or when referring to earlier
observations in the context of multiple imputation (see Chapter 5). More information on
the longitudinal patterns of missingness is provided in Table 3-3, and a graphical

representation can be seen in Figure 3-3.
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Table 3-3: OKS composite scores - longitudinal missingness patterns

No patellar | Patella
resurfacin | resurfacin
g g Total
(N=758) | (N=768) | (N=1526)
531 525 1056

OKS can be calculated at all time points (70.05%) (68.36%) (69.20%)

Complete missingness — no OKS data available

16 (2.11%)

17 (2.21%)

33 (2.16%)

Monotone missingness

Data available for baseline only

15 (1.98%)

14 (1.82%)

29 (1.90%)

Data available until three months

7 (0.92%)

7 (0.91%)

14 (0.92%)

Data available until one year

16 (2.11%)

17 (2.21%)

33 (2.16%)

Data available until two years

15 (1.98%)

10 (1.3%)

25 (1.64%)

Data available until three years

9 (1.19%)

10 (1.3%)

19 (1.25%)

Data available until four years

23 (3.03%)

21 (2.73%)

44 (2.88%)

85 79 164
Total (monotone missingness) (11.21%) (10.29%) (10.75%)
Intermittent missingness
OKS missing intermittently at one time point 69 (9.1%) | 64 (8.33%) | 133 (8.72%)

OKS missing intermittently at two time points

19 (2.51%)

34 (4.43%)

53 (3.47%)

OKS missing intermittently at three time points

21 (2.77%)

28 (3.65%)

49 (3.21%)

OKS missing intermittently at four time points 9(1.19%) | 11(1.43%) | 20(1.31%)
OKS missing intermittently at five time points 7 (0.92%) 9(1.17%) | 16 (1.05%)
OKS missing intermittently at six time points 1(0.13%) 1(0.13%) 2 (0.13%)
126 147 273
Total (intermittent missingness) (16.62%) (19.14%) (17.89%)
758 768 1526
Total (100%) (100%) (100%)
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OKS - longitudinal missing data patterns

OKS at baseline
OKS at 3 months
OKS at 1 year
OKS at 2 years
OKS at 3 years

OKS at 4 years

OKS at 5 years

1526 individuals
PN Observed M Missing

Figure 3-3: OKS longitudinal missingness patterns - graphical representation (KAT)
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3.3.1.2 KAT: EQ-5D-3L missing data patterns

Table 3-4 shows the frequency and percentage of participants for whom the EQ-5D-3L
cannot be calculated at the different assessment time points. As discussed previously,
according to its scoring manual®, the EQ-5D-3L composite score' cannot be calculated
when any one item has been left unanswered. The amount of missing data increased from
7.14% of participants without a valid EQ-5D-3L composite score at baseline to 18.02% of
participants at the five year assessment. The figures are slightly higher than those observed
for the OKS, again with a slight increase in missing data at the three month assessment

compared to the one-year assessment. As before, there are no pronounced differences in

the amounts of missing data between the treatment arms.

Table 3-4: Missing EQ-5D-3L composite scores by treatment arm

EQ-5D-3L composite score cannot be calculated/ is missing
No patellar Patella resurfacing Total

Time point resurfacing (N = 758) (N =768) (N=1526)
Baseline 44 (5.8%) 65 (8.46%) 109 (7.14%)

3 months 92 (12.14%) 108 (14.06%) 200 (13.11%)

1 year 94 (12.4%) 100 (13.02%) 194 (12.71%)

2 years 108 (14.25%) 133 (17.32%) 241 (15.79%)

3 years 117 (15.44%) 130 (16.93%) 247 (16.19%)

4 years 128 (16.89%) 129 (16.80%) 257 (16.84%)

5 years 147 (19.39%) 128 (16.67%) 275 (18.02%)

Figure 3-4 provides more detail on the individual items that have not been completed
within each questionnaire and at each time point. Item 5, the question on anxiety and

depression, seems to be missing marginally more frequently than the others, possibly due

"Instead of items and composite scores, the terms domain and index are commonly used in EQ-5D-3L
research. However, for consistency, the former terminology is used throughout the chapter.
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to participants being less comfortable with this question. Again, where the EQ-5D-3L is
missing, this is predominantly due to unit non-response, i.e. 77% of missing EQ-5D-3L
composite scores at baseline, and between 81 and 87% at follow-up are due to unit-
nonresponse. The remaining cases are missing mainly due to one question having been left
unanswered; the probability of item 5 (anxiety and depression) being missing is only slightly
higher than the probability of missing data for the other items; combinations of more than

one item being omitted are observed on isolated occasions only.

Missing EQ-5D-3L items over time
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Figure 3-4: Missing EQ-5D-3L items over time
Figure 3-5 displays the same information by randomisation allocation; overall, rates and

patterns of missingness are similar in both trial arms.
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Missing EQ-5D-3L items over time

N - no patellar resurfacing, Y - patellar resurfacing
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Figure 3-5: Missing EQ-5D-3L items over time by treatment arm

Details of the longitudinal missing data patterns are provided in Table 3-5. Only 2.16% of all
participants have no observed EQ-5D-3L data, and an additional 1.97% of participants have
provided only baseline but no follow-up EQ-5D-3L data. While only 61.80% of participants
have provided valid EQ-5D-3L data at all relevant time points, some post-randomisation
data is available for the vast majority of the trial population. The missing data for 10.94%
of the participants can be classed as monotone missing data patterns. For 25.10% of the
participants, data is missing intermittently. Over 17% of the participants show intermittent
missing data patterns with a maximum of two missed assessments; more information on

the longitudinal patterns of missingness is provided in Figure 3-6.
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Table 3-5: EQ-5D-3L composite scores - longitudinal missingness patterns

No patellar
resurfacing

(N =758)

Patella
resurfacing

(N =768)

Total

(N = 1526)

EQ-5D-3L can be calculated at all time points

473 (62.4%)

470 (61.2%)

943 (61.80%)

Complete missingness — no EQ-5D-3L data

available

16 (2.11%)

17 (2.21%)

33 (2.16%)

Monotone missingness

Data available for baseline only

15 (1.98%)

15 (1.95%)

30 (1.97%)

Data available until three months

10 (1.32%)

6 (0.78%)

16 (1.05%)

Data available until one year

14 (1.85%)

17 (2.21%)

31 (2.03%)

Data available until two years

13 (1.72%)

11 (1.43%)

24 (1.57%)

Data available until three years

7 (0.92%)

7 (0.91%)

14 (0.92%)

Data available until four years

34 (4.49%)

18 (2.34%)

52 (3.41%)

Total (monotone missingness)

93 (12.27%)

74 (9.64%)

167 (10.94%)

Intermittent missingness

EQ-5D-3L missing intermittently at one time point

96 (12.66%)

97 (12.63%)

193 (12.65%)

EQ-5D-3L missing intermittently at two time points

35 (4.62%)

46 (5.99%)

81 (5.31%)

EQ-5D-3L missing intermittently at three time

points

23 (3.03%)

37 (4.82%)

60 (3.93%)

EQ-5D-3Lmissing intermittently at four time points

12 (1.58%)

15 (1.95%)

27 (1.77%)

EQ-5D-3L missing intermittently at five time points

8 (1.06%)

11 (1.43%)

19 (1.25%)

EQ-5D-3L missing intermittently at six time points

2 (0.26%)

1(0.13%)

3(0.2%)

Total (intermittent missingness)

176 (23.22%)

207 (26.95%)

383 (25.10%)

Total

758 (100%)

768 (100%)

1526 (100%)
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EQ-5D-3L - longitudinal missing data patterns

EQ-5D-3L at baseline
EQ-5D-3L at 3 months
EQ-5D-3L at 1 year
EQ-5D-3L at 2 years
EQ-5D-3L at 3 years
EQ-5D-3L at 4 years

EQ-5D-3L at 5 years

1526 individuals
P Observed T Missing

Figure 3-6: EQ-5D-3L composite scores - longitudinal missingness patterns - graphical
representation (KAT)
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3.3.1.3 KAT: SF-12 version 2 missing data patterns

In the above sections, 1526 participants randomised either to patellar resurfacing or no
patellar resurfacing were included in the summaries. Further participants need to be
excluded from the missing data summaries for the SF-12. During the recruitment and
follow-up of the KAT trial, version 2 of the SF-12 was used for the majority of participants.
However, early on in the trial, some participants completed version 1 of the SF-12 at
baseline and/or three month follow-up. Participants who completed version 1 instead of
version 2 at any point of the trial are excluded from the following summaries and analyses.
This is because some of the items, and the categories within the items, have changed from
version 1 to 2, and not all conclusions and results from the following sections may be
transferrable between the versions. For this reason, an additional 104 participants (50 in
the no patellar resurfacing arm and 54 in the patellar resurfacing arm) are excluded from
the subsequent summaries considering the SF-12 within the KAT trial, leaving a total of
1422 participants to be analysed, 708 of those in the no patellar resurfacing group and 714

in the patellar resurfacing group.

Table 3-6 shows the frequency and percentage of participants for whom the SF-12 Mental
Health Component Summary (MCS) score and the Physical Health Component Summary
(PCS) score cannot be calculated at the different assessment time points. As discussed
previously, according to its original scoring manual*®* %°, the SF-12 subscales' cannot be
calculated when any one item has been left unanswered, although algorithms that can

handle missing data have been proposed*® 78, For the purposes of this work, only the

i For consistency, the MCS and PCS are referred to as SF-12 subscales in this chapter.
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original scoring manual are considered. The MCS and PCS scores have the same patterns

of missingness, as all items contribute to both subscales using different weights.

Table 3-6 shows that the percentage of participants with missing SF-12 subscales increases
from 16.53% at baseline to 33.33% at the five year assessment. The figures are similar in
both trial arms, again with a slightly higher amount of missing data at the three month
assessment compared to the one-year assessment; the rates of missing data are higher

than those observed both for the OKS and EQ-5D-3L.

Table 3-6: Missing SF-12 subscales by treatment arm
SF-12 subscales cannot be calculated/ is missing

Time point No patellar resurfacing | Patella resurfacing Total
(N =708) (N=714) (N=1422)

Baseline 114 (16.1%) 121 (16.95%) 235 (16.53%)
3 month 193 (27.26%) 191 (26.75%) 384 (27%)

1 year 192 (27.12%) 192 (26.89%) 384 (27%)

2 years 211 (29.8%) 194 (27.17%) 405 (28.48%)
3 years 220 (31.07%) 223 (31.23%) 443 (31.15%)
4 years 233 (32.91%) 221 (30.95%) 454 (31.93%)
5 years 244 (34.46%) 230(32.21%) 474 (33.33%)

Figure 3-7 provides further detail on the individual items that have not been completed
within each questionnaire and at each time point. It can be observed that the percentages
of items being missing are lower than the percentages of missing SF-12 subscales. Across
the different assessment time points, on average approximately 70% of the participants
have provided answers to all SF-12 items (i.e. the subscales can be calculated). Between 10
and 15% of the subscales are missing due to unit nonresponse. The remaining 15 to 20%

of SF-12 subscales are missing due to different combinations of items being missing. Item
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2b (current health state limits climbing several flights of stairs), as well as 3b (physical
health limits the kind of work and other activities) and 4b (emotional problems result in
work and other activities not being performed as carefully as usual) are missing with higher
frequency than other items across the follow-up. Other patterns of missing items are less
frequent. Item missingness is more prominent in the SF-12 version 2 in the KAT trial than

in the OKS and EQ-5D-3L.

Missing SF-12 version 2 items over time
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Figure 3-7: Missing SF-12 version 2 items over time

Figure 3-8 displays information on missing items by randomisation allocation. Overall, rates

and patterns of missingness are similar in both trial arms.
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Missing SF-12 version 2 items over time
N - no patellar resurfacing, Y - patellar resurfacing
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Figure 3-8: Missing SF-12 items over time by treatment arm

The longitudinal missing data patterns are considered in Table 3-7. 3.16% of all participants
have missing SF-12 subscales at all time points, and an additional 3.31% of participants
have provided only baseline but no follow-up data. While only 30.24% of participants have
provided valid SF-12 subscale data at all relevant time points, some post-randomisation
data is available for the vast majority of the trial population. The missing data for 13.34%
of the participants can be classed as monotone missing data patterns. For 53.16% of the
participants, data are missing intermittently. Over 30% of the participants show an

intermittent missing data patterns with a maximum of two missed assessments.
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Table 3-7: SF-12 version 2 - longitudinal missingness patterns

No patellar
resurfacing

(N = 708)

Patella
resurfacing

(N =714)

Total

(N = 1422)

SF-12 can be calculated at all time points

196 (27.68%)

234 (32.77%)

430 (30.24%)

Complete missingness — no SF-12 data

available

22 (3.11%)

23 (3.22%)

45 (3.16%)

Monotone missingness

Data available for baseline only

22 (3.11%)

25 (3.5%)

47 (3.31%)

Data available until three months

6 (0.85%)

12 (1.68%)

18 (1.27%)

Data available until one year

18 (2.54%)

12 (1.68%)

30(2.11%)

Data available until two years

13 (1.84%)

7 (0.98%)

20 (1.41%)

Data available until three years

9 (1.27%)

14 (1.96%)

23 (1.62%)

Data available until four years

30 (4.24%)

23 (3.22%)

53 (3.73%)

Total (monotone missingness)

98 (13.84%)

93 (13.03%)

191 (13.43%)

Intermittent missingness

SF-12 missing intermittently at one time point

147 (20.76%)

120 (16.81%)

267 (18.78%)

SF-12 missing intermittently at two time points

93 (13.14%)

94 (13.17%)

187 (13.15%)

SF-12 missing intermittently at three time points

65 (9.18%)

68 (9.52%)

133 (9.35%)

SF-12 missing intermittently at four time points

43 (6.07%)

46 (6.44%)

89 (6.26%)

SF-12 missing intermittently at five time points

32 (4.52%)

31 (4.34%)

63 (4.43%)

SF-12 missing intermittently at six time points

12 (1.69%)

5(0.7%)

17 (1.2%)

Total (intermittent missingness)

392 (55.37%)

364 (50.98%)

756 (53.16%)

Total

708 (100%)

714 (100%)

1422 (100%)
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SF-12 subscales - longitudinal missing data patterns

SF-12 at 3 months

SF-12 at 1 year

SF-12 at 2 years

SF-12 at 3 years

SF-12 at 4 years

SF-12 at 5 years

1422 individuals
PN Observed I Missing

Figure 3-9: SF-12 longitudinal missingness patterns - graphical representation (KAT)
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3.3.2 PD MED trial: missing data patterns

Within PD MED, 293 participants (20.84%) were confirmed to have died before their five
year assessment (18.94% of those randomised to LD, and 21.98% of those randomised to
LD sparing medications). As discussed previously, these participants are excluded from the

further analyses; 1113 participants are included in the following summaries.

3.3.2.1 PD MED: PDQ-39 missing data patterns

According to its scoring manual®, the PDQ-39 subscales and composite scores (PDQ-39-
SlI) cannot be calculated if any items have been left unanswered, with the exception that
participants without a partner are not expected to answer item 28 (Due to having
Parkinson’s disease, how often during the last month have you lacked support in the ways
you need from your spouse or partner?). For pragmatic reasons, the social support subscale
is still calculated for anyone with missing answer for item 28, provided that the other
relevant items have valid, non-missing responses. The use of an expectation maximisation
algorithm has been proposed for the imputation of missing dimension scores'; however,
these imputation techniques are not considered within this chapter.

The data in Table 3-8 shows missing PDQ-39 data, i.e. percentage of participants for whom
the PDQ-39 composite score cannot be calculated, is increasing steadily from 11.23% at
baseline to 37.11% at the five year assessment. There are no pronounced differences in
the amounts of missing data between the treatment arms, although missing data rates in

the LD arm are marginally lower until year four.

it The PDQ-39 composite score is also referred to as the PDQ-39 single index score, or short PDQ-39-SI.
However, throughout this chapter, the terminology composite score is used for consistency.
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Table 3-8: Missing PDQ-39 by treatment arm (PD MED)

Time point LD LD sparing Total
(N=428) (N=685) (N=1113)

Baseline 48 (11.21%) 77 (11.24%) 125 (11.23%)
6 months 62 (14.49%) 109 (15.91%) 171 (15.36%)
1 year 70 (16.36%) 126 (18.39%) 196 (17.61%)
2 years 88 (20.56%) 149 (21.75%) 237 (21.29%)
3 years 104 (24.3%) 167 (24.38%) 271 (24.35%)
4 years 131 (30.61%) 203 (29.64%) 334 (30.01%)
5 years 146 (34.11%) 267 (38.98%) 413 (37.11%)

Dividing data availability into the different subscales (Figure 3-10) shows the set of
guestions on activities of daily living and on emotional wellbeing are slightly more likely to

be missing than the other subscales.
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Missing PDQ-39 subscales over time by intervention
LD - randomised to LD, no LD - randomised to LD sparing drug classes
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Percentage of missing PDQ-39 subscales
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B oviity B o B Enotional well-being
_ Communication Bodily discomfort

Figure 3-10: Missing PDQ-39 subscales by treatment arm over time (PD MED)
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Table 3-9 presents the longitudinal missing data patterns of the PDQ-39-SI in the PD MED
trial. It can be seen that only 35.04% of all participants have valid PDQ-39 data for all
assessment time points. Less than 1% of participants have missing data for the PDQ-39-SI
across all assessments. Approximately 20% of the trial population follows monotone
missing data patterns, while a total of around 45% have intermitting missing data, though
the majority of those (approximately 30% of all participants) have missing PDQ-39-SI data
for one or two assessments only. The information on longitudinal missing data patterns is

shown graphically in Figure 3-11.

86



Table 3-9: PDQ-39-SI - longitudinal missingness patterns (PD MED)

Total
LD sparing
LD (N =
(N = 685)
(N =428) 1113)
160 230 390
PDQ-39-SI can be calculated at all time points (37.38%) (33.58%) (35.04%)
Complete missingness — no PDQ-39-SI data
available 5(1.17%) | 3(0.44%) | 8(0.72%)
Monotone missingness
Data available for baseline only 6 (1.4%) | 17(2.48%) | 23 (2.07%)
Data available until six months 6 (1.4%) 9(1.31%) | 15(1.35%)
Data available until one year | 7(1.64%) | 17 (2.48%) | 24 (2.16%)

Data available until two years

14 (3.27%)

18 (2.63%)

32 (2.88%)

Data available until three years

19 (4.44%)

20 (2.92%)

39 (3.5%)

Data available until four years

27 (6.31%)

57 (8.32%)

84 (7.55%)

Total (monotone missingness)

79
(18.46%)

138
(20.15%)

217
(19.5%)

Intermittent missingness

PDQ-39-SI missing intermittently at one time point

76
(17.76%)

122
(17.81%)

198
(17.79%)

PDQ-39-SI missing intermittently at two time points

48
(11.21%)

85
(12.41%

133
(11.95%)

PDQ-39-SI missing intermittently at three time points

24 (5.61%)

41 (5.99%

65 (5.84%)

PDQ-39-SI missing intermittently at four time points

19 (4.44%)

58 (5.21%)

)
)
39 (5.69%)
)
)

PDQ-39-SI missing intermittently at five time points 9(2.1%) | 22(3.21%) | 31(2.79%)
PDQ-39-SI missing intermittently at six time points 8 (1.87%) 5(0.73%) | 13(1.17%)
184 314 498
Total (intermittent missingness) (42.99%) (45.84%) (44.74%)
428 685 1113
Total (100%) (100%) (100%)
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PDQ-39-SI - longitudinal missing data patterns

PDQ-39-SI at baseline
PDQ-39-SI at 6 months
PDQ-39-Sl at 1 year
PDQ-39-SI at 2 years
PDQ-39-Sl at 3 years
PDQ-39-SI at 4 years

PDQ-39-Sl at 5 years

1113 individuals
P Observed I Missing

Figure 3-11: PDQ-39-SI longitudinal missingness patterns - graphical representation (PD MED)

3.3.2.2 PD MED: EQ-5D-3L missing data patterns

The data in Table 3-10 shows missing EQ-5D-3L data, i.e. percentage of patients for whom
the EQ-5D-3L composite scores cannot be calculated, which is increasing steadily from
1.71% at baseline to 26.33% at the five year assessment. As mentioned previously,
according to its scoring manual*®, the EQ-5D-3L composite score cannot be calculated if
any items have been left unanswered. There are no pronounced differences in the missing
data rates between the treatment arms. However, it can be seen that the rates of missing
EQ-5D-3L composite scores are around 10% lower than those for the PDQ-39-SI at each

time point.
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Table 3-10: Missing EQ-5D-3L composite scores by treatment arm (PD MED)

Time point LD LD sparing Total
(N=428) (N=685) (N=1113)

Baseline 8 (1.87%) 11 (1.61%) 19 (1.71%)

6 months 22 (5.14%) 34 (4.96%) 56 (5.03%)

1 year 33 (7.71%) 58 (8.47%) 91 (8.18%)

2 years 47 (10.98%) 66 (9.64%) 113 (10.15%)

3 years 61 (14.25%) 85 (12.41%) 146 (13.12%)

4 years 75 (17.52%) 121 (17.66%) 196 (17.61%)

5 years 111 (25.93%) 182 (26.57%) 293 (26.33%)

Figure 3-12 considers the availability of the individual items at each assessment time point.
Rates of missingness are similar for all items within the different follow-up time points; the
graph reflects the higher probability of data being missing for participants randomised to

LD at two and three years, as also observed in Table 3.10.
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Missing EQ-5D-3L composite scores over time
LD - randomised to LD, no LD - randomised to LD sparing drug classes
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I Anxiety/ depression

Percentage of missing EQ-5D-3L items

Figure 3-12: Missing EQ-5D-3L items by treatment arm over time (PD MED)

Table 3-11 presents the longitudinal missing data patterns of the EQ-5D-3L composite
scores in the PD MED trial. It can be seen that almost 64% of participants have valid EQ-
5D-3L composite scores for all assessment time points within the initial five years of follow-
up, nearly twice as many as those with valid PDQ-39-SI at all follow-up time points. Only
one participant has missing EQ-5D-3L composite scores across all assessments.
Approximately 21% of the trial population follow monotone missing data patterns, while a
total of around 15% have intermittently missing data, which is also much lower than the
figure observed for the PDQ-39 SI. The majority of those participants (almost 12% of all
participants) have missing EQ-5D-3L data for one or two assessments only. These

longitudinal missing data patterns are displayed graphically in Figure 3-13.
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Table 3-11: EQ-5D-3L composite score longitudinal missingness patterns (PD MED)

LD LD sparing Total
(N = 428) (N = 685) (N =1113)
268 439 707
EQ-5D-3L can be calculated at all time points (62.62%) (64.09%) (63.52%)
Complete missingness — no EQ-5D-3L available | 1(0.23%) 0 (0%) 1 (0.09%)
Monotone missingness
Data available for baseline only 7 (1.64%) 10 (1.46%) 17 (1.53%)
Data available until six months 9(2.1%) 11 (1.61%) 20 (1.8%)
Data available until one year 9(2.1%) 16 (2.34%) 25 (2.25%)
Data available until two years 12 (2.8%) 15 (2.19%) 27 (2.43%)
Data available until three years 15 (3.5%) 27 (3.94%) 42 (3.77%)

Data available until four years

40 (9.35%)

62 (9.05%)

102 (9.16%)

92 141 233
Total (monotone missingness) (21.5%) (20.58%) (20.93%)
Intermittent missingness
EQ-5D-3L missing intermittently at one time point 36 (8.41%) 50 (7.3%) 86 (7.73%)

EQ-5D-3L missing intermittently at two time points

19 (4.44%)

25 (3.65%)

44 (3.95%)

EQ-5D-3L missing intermittently at three time points

6 (1.4%)

10 (1.46%)

16 (1.44%)

EQ-5D-3L missing intermittently at four time points

2 (0.47%)

13 (1.9%)

15 (1.35%)

EQ-5D-3L missing intermittently at five time points

3(0.7%)

7 (1.02%)

10 (0.9%)

EQ-5D-3L missing intermittently at six time points

1(0.23%)

0 (0%)

1 (0.09%)

Total (intermittent missingness)

67
(15.65%)

105
(15.33%)

172
(15.45%)

Total

428
(100%)

685
(100%)

1113 (100%)
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EQ-5D-3L - longitudinal missing data patterns

EQ-5D-3L at baseline
EQ-5D-3L at 6 months
EQ-5D-3L at 1 year
EQ-5D-3L at 2 years
EQ-5D-3L at 3 years

EQ-5D-3L at 4 years

EQ-5D-3L at 5 years

1113 individuals
BN Observed M Missing

Figure 3-13: EQ-5D-3L composite scores longitudinal missingness patterns - graphical
representation (PD MED)
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3.3.3 PD SURG trial: missing data patterns

As discussed previously, participants are excluded from the subsequent analyses if their
death was confirmed prior to the five-year follow-up. Therefore, 41 of the 366 participants
(11.20%) are excluded (11.48% of those randomised to drugs, and 10.93% of those

randomised to surgery), and 325 participants are included in the following summaries.

3.3.3.1 PD SURG: PDQ-39 missing data patterns

Table 3-12 shows that the amount of missing PDQ-39-Sl in the PD SURG trial increases from
around 15% of scores being unavailable at baseline to almost 52% of participants having
missing data at the five year follow-up. At baseline, more missing data is observed in the
group randomised to surgery, while at three years those randomised to drugs have more
missing PDQ-39-SI data. However, missing data levels are similar at the other follow-up

time points.

Table 3-12: Missing PDQ-39-SI by treatment arm (PD SURG)

Time point Randomised to drugs | Randomised to Total
surgery
(N = 162) (N = 163) (N = 325)

Baseline 20 (12.35%) 30 (18.4%) 50 (15.38%)
1 year 41 (25.31%) 35 (21.47%) 76 (23.38%)
2 years 46 (28.40%) 45 (27.61%) 91 (28.00%)
3 years 68 (41.98%) 60 (36.81%) 128 (39.38%)
5 years 85 (52.47%) 83 (50.92%) 168 (51.69%)

Figure 3-14 breaks up the data availability into the eight PDQ-39 subscales by treatment
arm. The amount of missing data for the subscales appears to be lower than the amount
of missing data for the PDQ-39-SI score. This difference can be explained by the PDQ
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scoring algorithm, which does not allow for the composite score to be calculated if
information for any one of the subscales is missing. For example, around 48% of all
participants have information available for all subscales at the five year follow-up. For 43%
of participants, information for all subscales is missing, leaving 9% of participants with the
information for often only one or two subscales missing. Similarly, at one, two and three
years post randomisation, 10%, 11% and 10% of participants respectively have valid data

for some but not all PDQ-39 subscales, meaning that the PDQ-39-SI cannot be calculated.

Missing PDQ-39 subscales over time by intervention
D - randomised to drugs, S - randomised to surgery

50

40

30

20

10

Percentage of missing PDQ-39 subscales

o
D S D S D S D S D S
Baseline 1 year 2 years 3 years 5 years
I oty B o B Erotional well-being
P stioma I scocial support I coonitions
_ Communication Bodily discomfort

Figure 3-14: Missing PDQ-39 subscales over time by randomised treatment allocation

Table 3-13 shows longitudinal missing data patterns for thePDQ-39-SI. Only around 24% of
the total population have valid data for the PDQ-39-SI for all time points. The percentage
of participants with no PDQ-39-SI data at all is negligible with only 3 participants (less than

1% of the sample) falling into this category. Around 35% of the sample have monotone

94



missing data patterns, and approximately 41% intermittent missing data patterns. Figure
3-15 displays the longitudinal missing data patterns graphically.

Table 3-13: PDQ-39-SI - longitudinal missingness patterns (PD SURG)

Drugs
(N=162)

Surgery
(N=163)

Total

(N =325)

PDQ-39-SI can be calculated at all time points

39 (24.07%)

38 (23.31%)

77 (23.69%)

Complete missingness — no PDQ-39-SI data

available 2 (1.23%) 1(0.61%) 3 (0.92%)
Monotone missingness
Data available for baseline only | 11 (6.79%) 8(4.91%) | 19 (5.85%)
Data available until one year 7 (4.32%) 5(3.07%) 12 (3.69%)

Data available until two years

14 (8.64%)

19 (11.66%)

33 (10.15%)

Data available until three years

26 (16.05%)

23 (14.11%)

49 (15.08%)

58 55 113
Total (monotone missingness) (35.8%) (33.74%) (34.77%)
Intermittent missingness
PDQ-39-SI missing intermittently at one time point | 24 (14.81%) | 27 (16.56%) | 51 (15.69%)

PDQ-39-SI missing intermittently at two time points

14 (8.64%)

22 (13.5%)

36 (11.08%)

PDQ-39-SI missing intermittently at three time points

21 (12.96%)

11 (6.75%)

32 (9.85%)

PDQ-39-SI missing intermittently at four time points

4 (2.47%)

9 (5.52%)

13 (4%)

Total (intermittent missingness)

63
(38.89%)

69
(42.33%)

132
(40.62%)

Total

162 (100%)

163 (100%)

325 (100%)
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PDQ-39-SI - longitudinal missing data patterns

PDQ-39-5SI at baseline

PDQ-39-Sl at 1 year

PDQ-39-SI at 2 years

PDQ-39-SI at 3 years

PDQ-39-Sl at 5 years

325 individuals
PN Observed I Missing

Figure 3-15: PDQ-39-SI longitudinal missingness patterns - graphical representation (PD SURG)

3.3.3.2 PD SURG: EQ-5D-3L missing data patterns

Unlike the PDQ-39, the EQ-5D-3L was not measured at the two year follow-up. Therefore,
the following summaries consider missing data at baseline, as well as at the one, three and
five year follow-up points. The amount of missing EQ-5D-3L data increases from
approximately 4% of scores being unavailable at baseline to just over 43% missing data at
the five year follow-up, as shown in Table 3-14. At baseline, there is marginally more
missing data in the group randomised to surgery, while at one and three years more
missing EQ-5D-3L data is observed in those randomised to drugs. Missing data levels are

similar at the five year follow-up time point.
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Table 3-14: Missing EQ-5D-3L composite scores by treatment arm (PD SURG)

Time point Randomised to drugs | Randomised to | Total
(N=162) surgery (N =325)
(N=163)
Baseline 6 (3.7%) 8 (4.91%) 14 (4.31%)
1 year 27 (16.67%) 17 (10.43%) 44 (13.54%)
3 years 53 (32.72%) 46 (28.22%) 99 (30.46%)
5years 69 (42.59%) 71 (43.56%) 140 (43.08%)

Figure 3-16 breaks up the data availability into the five EQ-5D-3L items by treatment arm.

The amount of missing data for the items is similar, albeit a little lower than the amount of

missing data for the EQ-5D composite scores.

Percentage of missing EQ-5D-3L items over time
D - randomised to drugs, S - randomised to surgery
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Figure 3-16: Missing EQ-5D-3L items over time by randomised treatment allocation
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Table 3-15 shows longitudinal missing data patterns for the EQ-5D-3L composite scores.
Around 44% of the total population have valid EQ-5D-3L data for all time points. The
percentage of participants with no EQ-5D-3L data at any assessments is negligible with only
two participants (less than 1% of the sample) falling into this category. Around 39% of the
sample have monotone missing data patterns, and approximately 16% intermittent missing

data patterns.

Table 3-15: EQ-5D-3L composite scores - longitudinal missingness patterns (PD SURG)

Drugs
(N=162)

Surgery
(N=163)

Total
(N =325)

EQ-5D-3L can be calculated at all time points

70 (43.21%)

74 (45.4%)

144 (44.31%)

Complete missingness — no EQ-5D-3L data

available

0 (0%)

2 (1.23%)

2 (0.62%)

Monotone missingness

Data available for baseline only

15 (9.26%)

9 (5.52%)

24 (7.38%)

Data available until one year

19 (11.73%)

19 (11.66%)

38 (11.69%)

Data available until three years

29 (17.9%)

37 (22.7%)

66 (20.31%)

Total (monotone missingness)

63 (38.89%)

65 (39.88%)

128 (39.38%)

Intermittent missingness

EQ-5D-3L missing intermittently at one time point 18 (11.11%) 15(9.2%) | 33 (10.15%)
EQ-5D-3L missing intermittently at two time points 8 (4.94%) 4 (2.45%) 12 (3.69%)
EQ-5D-3L missing intermittently at three time points 3(1.85%) 3(1.84%) 6 (1.85%)

Total (intermittent missingness)

29 (17.9%)

22 (13.5%)

51 (15.69%)

Total

162 (100%)

163 (100%)

325 (100%)
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EQ-5D-3L - longitudinal missing data patterns

EQ-5D-3L at baseline

EQ-5D-3L at 1 year

EQ-5D-3L at 3 years

EQ-5D-3L at 5 years

325 individuals
PN Observed I Missing

Figure 3-17: EQ-5D-3L composite scores - longitudinal missingness patterns - graphical
representation (PD SURG)
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3.3.4 Comparison of missing data patterns within the three RCTs

This section summarises the information on missing data presented above. Table 3-16
shows that missing data rates, as well as the change in missing data from baseline to the
final follow-up, differ not only between trials, but also between the PROMs used within
trials.

Focussing on longitudinal missing data (Table 3-17) and using the EQ-5D-3L as an example,
the composite score can be calculated at all relevant trial assessments for approximately
62% and 64% in the KAT and PD MED trials, respectively. However, in the PD SURG trial, a
valid EQ-5D-3L composite score is available at all relevant assessment time points for
approximately 44% of participants. Similarly, within the KAT trial, the percentage of
participants with PROMs data at all assessment time points is variable (69% for the OKS,
62% for the EQ-5D-3L and 30% for the SF-12). Likewise, the percentages of participants
with intermittently missing data differs both within and between trials, while the
percentages of participants with monotone missing are more similar within the different

RCTs.
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Table 3-16: Overview of the missing PROMs dates across RCTs

KAT PDMED PD SURG

OKS EQ-5D-3L SF-12 PDQ-39-SI | EQ-5D-3L | PDQ-39-SI | EQ-5D-3L

(N=1526) | (N=1526) | (N=1422) | (N=1113) | (N=1113) | (N=325) | (N=325)
PROM missing at baseline 5.50% 7.14% 16.53% 11.23% 1.71% 15.38% 4.31%

PROM missing at three*/six** months 11.47% 13.11% 27.00% 15.36% 5.03% n/a n/a
PROM missing at one year 10.75% 12.71% 27.00% 17.61% 8.18% 23.38% 13.54%
PROM missing at two years 13.83% 15.79% 28.48% 21.29% 10.15% 28.00% n/a
PROM missing at three years 14.02% 16.19% 31.15% 24.35% 13.12% 39.38% 30.46%
PROM missing at four years 14.55% 16.84% 31.93% 30.01% 17.61% n/a n/a
16.51% 18.02% 33.33% 37.11% 26.33% 51.69% 43.08%

*KAT trial; **PD MED trial
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Table 3-17: Longitudinal missingness patterns for all RCTs and PROMs

KAT PDMED PD SURG
OKS EQ-5D-3L | SF-12 PDQ-39-SI | EQ-5D-3L | PDQ-39-SI | EQ-5D-3L
(N=1526) | (N=1526) | (N=1422) | (N=1113) | (N=1113) | (N=325) (N =325)
PROM can be calculated at all time points 69.20% 61.8% 30.24% 35.04% 63.52% 23.69% 44.31%
Complete missingness — no PROM data available 2.16% 2.16% 3.16% 0.72% 0.09% 0.92% 0.62%
Monotone missingness
PROM available for baseline only 1.90% 1.97% 3.31% 2.07% 1.53% 5.85% 7.38%
PROM available until three*/six** months 0.92% 1.05% 1.27% 1.35% 1.8% n/a n/a
PROM available until one year 2.16% 2.03% 2.11% 2.16% 2.25% 3.69% 11.69%
PROM available until two years 1.64% 1.57% 1.41% 2.88% 2.43% 10.15% n/a
PROM available until three years 1.25% 0.92% 1.62% 3.5% 3.77% 15.08% 20.31%
PROM available until four years 2.88% 3.41% 3.73% 7.55% 9.16% n/a n/a
Total (monotone missingness) 10.75% 10.94% 13.43% 19.5% 20.93% 34.77% 39.38%
Intermittent missingness
PROM missing intermittently at one time point 8.72% 12.65% 18.78% 17.79% 7.73% 15.69% 10.15%
PROM missing intermittently at two time points 3.47% 5.31% 13.15% 11.95% 3.95% 11.08% 3.69%
PROM missing intermittently at three time points 3.21% 3.93% 9.35% 5.84% 1.44% 9.85% 1.85%
PROM missing intermittently at four time points 1.31% 1.77% 6.26% 5.21% 1.35% 1% n/a
PROM missing intermittently at five time points 1.05% 1.25% 4.43% 2.79% 0.9% n/a n/a
PROM missing intermittently at six time points 0.13% 0.2% 1.2% 1.17% 0.09% n/a n/a
Total (intermittent missingness) 17.89% 25.1% 53.16% 44.74% 15.45% 40.62% 15.69%
Total 100% 100% 100% 100% 100% 100% 100%

*KAT trial; **PD MED trial
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3.4 Predictors of missing PROMs data at five years: univariate models

3.4.1 KAT trial: univariate missing data patterns

3.4.1.1 KAT: OKS univariate missing data patterns

In an attempt to identify variables that may be predictive of missing OKS data at the five year
follow-up, the trial participants were split into two categories indicating whether the OKS at
five years was missing or available. The summary in Table 3-18 shows that there may be
differences in the demographics between participants with and without missing data at the
five year follow-up, particularly with regards to gender, type of knee arthritis, previous knee
surgeries, ASA physical status (a system to assess patients’ fitness prior to surgery)°? 192 and

post-operative complications.
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Table 3-18: Patient characteristics split by availability of the OKS at 5 years

OKS at 5 years
missing
(N =252)

OKS at 5 years
available
(N =1274)

Total

(N = 1526)

Randomisation allocation patella
resurfacing vs. no patella
resurfacing*

No patella resurfacing

130 (51.59%)

628 (49.29%)

758 (49.67%)

Patella resurfacing 122 (48.41%) 646 (50.71%) 768 (50.33%)
Gender*
Female 157 (62.30%) 717 (56.28%) 874 (57.27%)
Male 95 (37.70%) 557 (43.72%) 652 (42.73%)
Weight (kg)* 78 (69, 90), (42, 80 (70, 90), (43, 80 (70, 90), (42, 195)
150) 195)
Height (cm)” 161 (155, 168), 165 (158, 172), 164 (157, 172),
(120, 190) (106, 199) (106, 199)

BMIA

29.41 (26.49, 33.79),
(17.04, 54.17)

29.07 (26.09, 32.42),
(17.15, 77.43)

29.14 (26.12, 32.46),
(17.04, 77.43)

Primary type of knee arthritis*

Rheumatoid

10 (3.97%)

49 (3.85%)

59 (3.87%)

Osteoarthritis

212 (84.13%)

1203 (94.43%)

1415 (92.73%)

Both

1(0.40%)

2 (0.16%)

3 (0.20%)

Missing

29 (11.51%)

20 (1.57%)

49 (3.21%)

Arthritis location*

Single knee 54 (21.43%) 340 (26.69%) 394 (25.82%)
Both knees 92 (36.51%) 509 (39.95%) 601 (39.38%)
General 77 (30.56%) 405 (31.79%) 482 (31.59%)
Missing 29 (11.51%) 20 (1.57%) 49 (3.21%)

Previous knee surgery*

No 151 (59.92%) 820 (64.36%) 971 (63.63%)
Yes 69 (27.38%) 432 (33.91%) 501 (32.83%)
Missing 32 (12.70%) 22 (1.73%) 54 (3.54%)

ASA physical status*®

completely fit and healthy

34 (13.49%)

244 (19.15%)

278 (18.22%)

some illness but no effect on
daily activity

125 (49.60%)

776 (60.91%)

901 (59.04%)

symptomatic illness present,
minimal restriction

48 (19.05%)

178 (13.97%)

226 (14.81%)

symptomatic illness, severe 0 (0.00%) 5(0.39%) 5(0.33%)
restriction
Missing 45 (17.86%) 71 (5.57%) 116 (7.60%)
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OKS at 5 years OKS at 5 years Total
missing available
(N =252) (N =1274) (N =1526)
Post-operative complications*
yes 38 (15.08%) 183 (14.36%) 221 (14.48%)
no 170 (67.46%) 1065 (83.59%) 1235 (80.93%)
Missing 44 (17.46%) 26 (2.04%) 70 (4.59%)
OKS* 15(11, 22),(1,39) |18(13,23),(0,44) |18 (13, 23),(0, 44)

*Frequency and percentages are displayed
AMedian, IQR and range are displayed

To further assess the potential differences between participants with and without missing
data at the five year follow-up, univariate logistic regression models were used to estimate
the odds ratio (OR) for non-response with 95% confidence intervals, with each covariate used
as a single predictor. It should be noted that some baseline data is missing. Imputation was
not performed to obtain data for the missing covariates, as reflected by the varying amount
of observations included into each univariate model (N).

The results from the univariate models are shown in Table 3-19, with statistically significant
results highlighted in bold. The reference categories are displayed with parameter estimates
equalling one and standard errors of these estimates of zero (categorical variables only). The
two most severe ASA physical status (symptomatic illness causing severe restrictions, and
moribund) have been excluded from the logistic regression models as no participants within
these categories have OKS data available at five years. The univariate analyses (Table 3-19)
indicate that especially baseline OKS, together with ASA physical status, age and height may
be predictive of the probability of outcome data being missing at the five year follow-up

assessment.
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Table 3-19: Univariate analysis to identify possible predictors of OKS data being missing at the five year assessment - KAT

Parameter | SE of Standard Lower 95% | Upper 95%
estimate parameter | normal confidence | confidence
Parameter label values N (OR) estimate deviate P-value limit limit
Randomisation allocation patella
resurfacing vs. no patella
resurfacing No patella resurfacing | 1526 1 0 1 1
Randomisation allocation patella
resurfacing vs. no patella
resurfacing Patella resurfacing 1526 0.912 0.126 -0.665 0.506 0.696 1.196
Gender Female 1526 1 0 1 1
Gender Male 1526 0.779 0.110 -1.763 0.078 0.590 1.028
Age at operation Age (years) 1482 1.029 0.010 2.956 0.003 1.010 1.049
Weight Weight (kg) 1464 0.996 0.005 -0.856 0.392 0.987 1.005
Height Height (cm) 1444 0.971 0.007 -3.870 0.000 0.956 0.985
BMI BMI 1438 1.021 0.013 1.585 0.113 0.995 1.047
Primary type of knee arthritis Rheumatoid 1477 1 0 1 1
Primary type of knee arthritis Osteoarthritis 1477 0.864 0.306 -0.413 0.679 0.431 1.731
Primary type of knee arthritis Both 1477 2.450 3.119 0.704 0.481 0.202 29.696
Arthritis location Single knee 1477 1 0 1 1
Arthritis location Both knees 1477 1.138 0.211 0.698 0.485 0.792 1.636
Arthritis location General 1477 1.197 0.230 0.936 0.349 0.821 1.744
No previous knee
Previous knee surgery surgery 1472 1 0 1 1
Previous knee surgery Previous knee surgery | 1472 0.867 0.136 -0.906 0.365 0.638 1.180
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Parameter | SE of Standard Lower 95% | Upper 95%
estimate parameter | normal confidence | confidence
Parameter label values N (OR) estimate deviate P-value limit limit
Completely fit and
ASA physical status healthy 1405 1 0 1 1
Some illness but no
ASA physical status effect on daily activity | 1405 1.156 0.239 0.701 0.483 0.771 1.734
Symptomatic illness
present, minimal
ASA physical status restriction 1405 1.935 0.474 2.696 0.007 1.198 3.127
No operative
Post-operative complications complications 1456 1 0 1 1
Operative
Post-operative complications complications 1456 1.301 0.256 1.339 0.181 0.885 1.912
OKS at baseline OKS at baseline 1442 0.956 0.010 -4.221 0.000 0.937 0.976
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3.4.1.2 KAT: EQ-5D-3L univariate missing data patterns

Following the principles outlined above, information from the univariate models to predict
the probability of the EQ-5D-3L being missing is presented in Table 3-20. Similar to the
univariate analyses modelling the missingness in the OKS at five years post randomisation,
baseline EQ-5D-3L, ASA physical status, age and height also seem to be significant in

predicting the availability of the EQ-5D-3L at the five year follow-up.
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Table 3-20: Univariate analysis to identify possible predictors of EQ-5D-3L composite score data being missing at the five year assessment - KAT

Parameter | SE of Standard Lower 95% | Upper 95%
estimate parameter | normal confidence | confidence
Parameter label values N (OR) estimate deviate P-value limit limit
Randomisation allocation patella
resurfacing vs. no patella
resurfacing No patella resurfacing | 1526 1 0 1 1
Randomisation allocation patella
resurfacing vs. no patella
resurfacing Patella resurfacing 1526 0.831 0.111 -1.384 0.166 0.640 1.080
Gender Female 1526 1 0 1 1
Gender Male 1526 0.737 0.101 -2.216 0.027 0.563 0.965
Age at operation Age (years) 1482 1.029 0.010 3.064 0.002 1.010 1.048
Weight Weight (kg) 1464 0.997 0.005 -0.739 0.460 0.988 1.006
Height Height (cm) 1444 0.970 0.007 -4.167 0.000 0.956 0.984
BMI BMI 1438 1.025 0.013 1.983 0.047 1.000 1.050
Primary type of knee arthritis Rheumatoid 1477 1 0 1 1
Primary type of knee arthritis Osteoarthritis 1477 0.976 0.346 -0.069 0.945 0.487 1.954
Primary type of knee arthritis Both 1477 2.450 3.119 0.704 0.481 0.202 29.697
Arthritis location Single knee 1477 1 0 1 1
Arthritis location Both knees 1477 1.056 0.187 0.308 0.758 0.747 1.493
Arthritis location General 1477 1.147 0.210 0.748 0.455 0.801 1.641
No previous knee
Previous knee surgery surgery 1472 1 0 1 1
Previous knee surgery Previous knee surgery | 1472 0.822 0.125 -1.289 0.198 0.611 1.107
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Parameter | SE of Standard Lower 95% | Upper 95%
estimate parameter | normal confidence | confidence
Parameter label values N (OR) estimate deviate P-value limit limit
Completely fit and
ASA physical status healthy 1405 1 0 1 1
Some illness but no
ASA physical status effect on daily activity | 1405 1.182 0.233 0.847 0.397 0.803 1.739
Symptomatic illness
present, minimal
ASA physical status restriction 1405 1.703 0.406 2.232 0.026 1.067 2.719
No operative
Post-operative complications complications 1456 1 0 1 1
Operative
Post-operative complications complications 1456 1.261 0.240 1.217 0.223 0.868 1.830
EQ-5D-3L at baseline EQ-5D-3L at baseline 1417 0.468 0.112 -3.186 0.001 0.294 0.747
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3.4.1.3 KAT: SF-12 version 2 univariate missing data patterns

Similar to the univariate models for the missingness in the OKS and EQ-5D-3L at five years
post randomisation, the availability of the SF-12 version 2 subscales also seems to be
significantly associated with ASA physical status, age and height, as well as the baseline MCS.
The baseline PCS, on the other hand, does not seem to be predictive of SF-12 version 2

subscale availability at the five year follow-up (Table 3-21).
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Table 3-21: Univariate analysis to identify possible predictors of SF-12 version 2 subscale data being missing at the five year assessment - KAT

Parameter | SE of Standard Lower 95% | Upper 95%
estimate parameter | normal confidence | confidence
Parameter label values N (OR) estimate deviate P-value limit limit
Randomisation allocation patella
resurfacing vs. no patella
resurfacing No patella resurfacing | 1422 1 0 1 1
Randomisation allocation patella
resurfacing vs. no patella
resurfacing Patella resurfacing 1422 0.904 0.102 -0.900 0.368 0.725 1.127
Gender Female 1422 1 0 1 1
Gender Male 1422 1.076 0.122 0.644 0.520 0.861 1.344
Age at operation Age (years) 1378 1.040 0.008 5.056 0.000 1.024 1.055
Weight Weight (kg) 1360 0.999 0.004 -0.299 0.765 0.992 1.006
Height Height (cm) 1340 0.985 0.006 -2.493 0.013 0.974 0.997
BMI BMI 1334 1.007 0.011 0.684 0.494 0.986 1.029
Primary type of knee arthritis Rheumatoid 1372 1 0 1 1
Primary type of knee arthritis Osteoarthritis 1372 1.405 0.443 1.079 0.280 0.758 2.606
Primary type of knee arthritis Both 1372 1 0 1 1
Arthritis location Single knee 1373 1 0 1 1
Arthritis location Both knees 1373 1.035 0.148 0.243 0.808 0.782 1.371
Arthritis location General 1373 0.962 0.146 -0.258 0.797 0.715 1.294
No previous knee
Previous knee surgery surgery 1368 1 0 1 1
Previous knee surgery Previous knee surgery | 1368 1.022 0.125 0.176 0.860 0.804 1.298
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Parameter | SE of Standard Lower 95% | Upper 95%
estimate parameter | normal confidence | confidence
Parameter label values N (OR) estimate deviate P-value limit limit
Completely fit and
ASA physical status healthy 1312 1 0 1 1
Some illness but no
ASA physical status effect on daily activity | 1312 1.309 0.208 1.695 0.090 0.959 1.786
Symptomatic illness
present, minimal
ASA physical status restriction 1312 1.892 0.376 3.210 0.001 1.282 2.793
ASA physical status 1312 1 0 1 1
No operative
Post-operative complications complications 1352 1 0 1 1
Operative
Post-operative complications complications 1352 1.294 0.206 1.616 0.106 0.947 1.767
SE-12 version 2 subscales at SF-12 PCS at baseline | 1187 1.003 0.007 0.367 0.714 0.988 1.017
baseline SF-12 MCS at baseline | 1187 0.986 0.005 -2.554 0.011 0.975 0.997

113




3.4.2 PD MED trial: univariate missing data models

3.4.2.1 PD MED: PDQ-39-SI univariate missing data patterns

Table 3-22 shows the results from the univariate analyses using the probability of the PDQ-
39-SI being missing at the five year assessment as the outcome variable. As before, the
number of observations included into each univariate model depends on the availability of
explanatory variables. The initial analyses indicate that gender, age, Hoehn & Yahn stage,
baseline PDQ-39-SI and time since initial PD diagnosis may be predictive of availability of the

PDQ-39-SI at the five-year follow-up assessment.
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Table 3-22: Univariate analysis to identify possible predictors of the PDS-39-SI data being missing at the five year assessment— PD MED trial

Parameter | SE of Standard Lower 95% | Upper 95%

estimate parameter | normal confidence | confidence
Parameter label values N (OR) estimate | deviate | P-value limit limit
Randomised treatment (LD vs. LD sparing) LD 1113 1 0 1 1
Randomised treatment (LD vs. LD sparing) LD sparing 1113 1.234 0.159 1.634 0.102 0.959 1.587
Gender Female 1113 1 0 1 1
Gender Male 1113 0.755 0.096 -2.197 0.028 0.588 0.970
Age at randomisation Age (years) 1113 1.026 0.008 3.141 0.002 1.010 1.043
Hoehn & Yahr stage Hoehn & Yahr Stage 1.0 1111 1 0 1 1
Hoehn & Yahr stage Hoehn & Yahr Stage 1.5 1111 1.114 0.199 0.603 0.546 0.785 1.580
Hoehn & Yahr stage Hoehn & Yahr Stage 2.0 1111 1.109 0.183 0.629 0.530 0.803 1.532
Hoehn & Yahr stage Hoehn & Yahr Stage 2.5 1111 0.978 0.195 -0.113 0.910 0.661 1.445
Hoehn & Yahr stage Hoehn & Yahr Stage 3.0 1111 1.734 0.467 2.042 0.041 1.022 2.941
Hoehn & Yahr stage 1111 1 0 1 1
Previous PD therapy No 1113 1 0 1 1
Previous PD therapy Less than 1 month 1113 0.977 0.438 -0.052 0.959 0.406 2.350
Previous PD therapy 1 to 3 months 1113 1.211 0.392 0.592 0.554 0.642 2.283
Previous PD therapy 3 to 6 months 1113 1.099 0.475 0.219 0.827 0.471 2.564
PDQ-39-SI at baseline PDQ-39-SI (baseline) 988 1.013 0.005 2.637 0.008 1.003 1.023
Does the participant have a regular carer? No 1113 1 0 1 1
Does the participant have a regular carer? Yes 1113 0.806 0.105 -1.654 0.098 0.624 1.041
Time since initial diagnosis of PD (years) less than one year ago 1113 1 0 1 1
Time since initial diagnosis of PD (years) 1 to 2 years ago 1113 0.631 0.097 -2.985 0.003 0.466 0.854
Time since initial diagnosis of PD (years) 2 to 3 years ago 1113 0.872 0.205 -0.583 0.560 0.549 1.383
Time since initial diagnosis of PD (years) More than 3 years ago 1113 0.906 0.236 -0.380 0.704 0.544 1.509
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3.4.2.2 PD MED: EQ-5D-3L composite score univariate missing data patterns

Table 3-23 shows the results from the univariate analyses using the probability of the EQ-5D-
3L being missing at the five year assessment as the outcome variable. The initial analyses
indicate that age, baseline EQ-5D-3L, availability of a regular carer and time since initial PD
diagnosis may be predictive of availability of the EQ-5D-3L at the five-year follow-up

assessment.
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Table 3-23: Univariate analysis to identify possible predictors of the EQ-5D-3L data being missing at the five year assessment — PD MED trial

Parameter | SE of Standard Lower 95% | Upper 95%

estimate parameter | normal confidence | confidence
Parameter label values N (OR) estimate | deviate | P-value limit limit
Randomised treatment (LD vs. LD sparing) LD 1113 1 0 1 1
Randomised treatment (LD vs. LD sparing) LD sparing 1113 1.033 0.145 0.234 0.815 0.785 1.360
Gender Female 1113 1 0 1 1
Gender Male 1113 0.932 0.131 -0.499 0.618 0.708 1.228
Age at randomisation Age (years) 1113 1.018 0.009 2.040 0.041 1.001 1.036
Hoehn & Yahr stage Hoehn & Yahr Stage 1.0 1111 1 0 1 1
Hoehn & Yahr stage Hoehn & Yahr Stage 1.5 1111 1.087 0.209 0.433 0.665 0.746 1.584
Hoehn & Yahr stage Hoehn & Yahr Stage 2.0 1111 0.918 0.166 -0.476 0.634 0.644 1.308
Hoehn & Yahr stage Hoehn & Yahr Stage 2.5 1111 0.843 0.186 -0.771 0.441 0.547 1.300
Hoehn & Yahr stage Hoehn & Yahr Stage 3.0 1111 1.225 0.357 0.696 0.487 0.692 2.168
Hoehn & Yahr stage 1111 1 0 1 1
Previous PD therapy No 1113 1 0 1 1
Previous PD therapy Less than 1 month 1113 1.062 0.514 0.124 0.901 0.411 2.742
Previous PD therapy 1 to 3 months 1113 1.315 0.451 0.798 0.425 0.671 2.576
Previous PD therapy 3 to 6 months 1113 1.000 0.480 -0.001 0.999 0.390 2.562
EQ-5D-3L at baseline PDQ-39-SI (baseline) 1094 0.304 0.084 -4.305 0.000 0.177 0.523
Does the participant have a regular carer? No 1113 1 0 1 1
Does the participant have a regular carer? | Yes 1113 0.683 0.096 -2.704 0.007 0.518 0.900
Time since initial diagnosis of PD (years) less than one year ago 1113 1 0 1 1
Time since initial diagnosis of PD (years) 1 to 2 years ago 1113 0.634 0.111 -2.597 0.009 0.450 0.894
Time since initial diagnosis of PD (years) 2 to 3 years ago 1113 1.047 0.264 0.183 0.855 0.639 1.715
Time since initial diagnosis of PD (years) More than 3 years ago 1113 1.385 0.369 1.221 0.222 0.821 2.336
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3.4.3 PD SURG trial: univariate missing data models

3.4.3.1 PD SURG: PDQ-39-Sl univariate missing data patterns

Table 3-24 shows the results from the univariate analyses using the probability of PDQ-39-SI
being missing as the outcome variable. The initial univariate analyses indicate that only
previous COMT inhibitor use (i.e. use before randomisation into the trial) may be predictive

of availability of the PDQ-39-SI at the five-year follow-up assessment.
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Table 3-24: Univariate analysis to identify possible predictors of the PDS-39-SI data being missing at the five year assessment — PD SURG trial

Parameter | SE of Standard Lower 95% | Upper 95%

estimate parameter | normal confidence | confidence
Parameter label values N (OR) estimate deviate | P-value | limit limit
Randomised treatment Drugs 325 1 0 1 1
Randomised treatment Surgery 325 0.940 0.209 -0.279 0.780 0.608 1.452
Gender Female 325 1 0 1 1
Gender Male 325 0.946 0.232 -0.227 0.820 0.584 1.531
Age at randomisation Age (years) 325 0.995 0.015 -0.342 0.733 0.966 1.025
Hoehn & Yahr Stage (categorised) Hoehn & Yahr Stage 0, 1.0 or 1.5 325 0.873 0.379 -0.313 0.755 0.373 2.045
Hoehn & Yahr Stage (categorised) Hoehn & Yahr Stage 2.0 325 1 0 1 1
Hoehn & Yahr Stage (categorised) Hoehn & Yahr Stage 2.5 325 0.946 0.259 -0.204 0.838 0.553 1.617
Hoehn & Yahr Stage (categorised) Hoehn & Yahr Stage 3.0 or 4.0 325 0.870 0.234 -0.518 0.604 0.513 1.475
PDQ-39-SI PDQ-39-SI (baseline) 275 1.007 0.009 0.827 0.408 0.990 1.024
Regular carer No 320 1 0 1 1
Regular carer Yes 320 0.911 0.241 -0.351 0.726 0.543 1.530
Time since initial diagnosis of PD (years) | 5 years ago or less 312 1 0 1 1
Time since initial diagnosis of PD (years) | 6 to 10 years ago 312 2.483 1.346 1.678 0.093 0.858 7.183
Time since initial diagnosis of PD (years) | 11 to 15 years ago 312 1.928 1.041 1.217 0.224 0.670 5.552
Time since initial diagnosis of PD (years) | More than 15 years ago 312 1.375 0.781 0.561 0.575 0.452 4.184
Previous Dopamine No 325 1 0 1 1
Previous Dopamine Yes 325 1.349 0.917 0.440 0.660 0.356 5.116
Previous Selegiline No 325 1 0 1 1
Previous Selegiline Yes 325 1.036 0.230 0.157 0.875 0.670 1.600
Previous COMTI No 325 1 0 1 1
Previous COMTI Yes 325 1.604 0.363 2.088 0.037 1.029 2.501
Previous Apomorphine No 325 1 0 1 1
Previous Apomorphine Yes 325 1.431 0.328 1.562 0.118 0.913 2.242
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Parameter | SE of Standard Lower 95% | Upper 95%

estimate parameter | normal confidence | confidence
Parameter label values N (OR) estimate deviate | P-value | limit limit
Tremor No 325 1 0 1 1
Tremor Yes 325 0.691 0.157 -1.632 0.103 0.443 1.077
Dyskinsia No 325 1 0 1 1
Dyskinsia Yes 325 0.890 0.219 -0.473 0.636 0.550 1.442
Severe on/off periods No 325 1 0 1 1
Severe on/off periods Yes 325 0.885 0.235 -0.462 0.644 0.526 1.488
Other reason for considering surgery No 325 1 0 1 1
Other reason for considering surgery Yes 325 1.013 0.422 0.032 0.974 0.448 2.293
Apomorphine prescribed (if randomised
to medical therapy) No 325 1 0 1 1
Apomorphine prescribed (if randomised
to medical therapy) Yes 325 0.922 0.241 -0.312 0.755 0.552 1.538
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3.4.3.2 PD SURG EQ-5D-3L composite score univariate missing data patterns

Table 3-25 shows the results from the univariate analysis using the probability of the EQ-5D-
3L being missing as the outcome variable. As before, the number of observations included
into each univariate model depends on the availability of explanatory variables. Similarly to
the univariate analysis for the PDQ-39-SI, the univariate models indicate that, again, only
previous COMT inhibitor use (i.e. use before randomisation into the trial) may be predictive

of availability of the EQ-5D-3L composite score at the five-year follow-up assessment.
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Table 3-25: Univariate analysis to identify possible predictors of the EQ-5D-3L composite score data being missing at the five year assessment — PD SURG

trial

Parameter | SE of Standard Lower 95% | Upper 95%

estimate parameter | normal confidence | confidence
Parameter label values N (OR) estimate deviate | P-value | limit limit
Randomised treatment Drugs 325 1 0 1 1
Randomised treatment Surgery 325 1.040 0.233 0.176 0.860 0.670 1.614
Gender Female 325 1 0 1 1
Gender Male 325 1.004 0.249 0.015 0.988 0.618 1.632
Age at randomisation Age (years) 325 0.997 0.015 -0.182 0.856 0.968 1.027
Hoehn & Yahr Stage (categorised) Hoehn & Yahr Stage 0, 1.0 or 1.5 325 0.969 0.429 -0.071 0.943 0.407 2.306
Hoehn & Yahr Stage (categorised) Hoehn & Yahr Stage 2.0 325 1 0 1 1
Hoehn & Yahr Stage (categorised) Hoehn & Yahr Stage 2.5 325 0.879 0.254 -0.446 0.656 0.499 1.548
Hoehn & Yahr Stage (categorised) Hoehn & Yahr Stage 3.0 or 4.0 325 0.696 0.198 -1.272 0.203 0.398 1.217
EQ-5D-3L EQ-5D-3L (baseline) 311 0.477 0.209 -1.691 0.091 0.202 1.125
Regular carer No 320 1 0 1 1
Regular carer Yes 320 0.815 0.216 -0.770 0.441 0.485 1.371
Time since initial diagnosis of PD (years) | 5 years ago or less 312 1 0 1 1
Time since initial diagnosis of PD (years) | 6 to 10 years ago 312 2.770 1.668 1.692 0.091 0.851 9.017
Time since initial diagnosis of PD (years) | 11 to 15 years ago 312 2.889 1.735 1.767 0.077 0.890 9.374
Time since initial diagnosis of PD (years) | More than 15 years ago 312 1.744 1.098 0.883 0.377 0.507 5.994
Previous Dopamine No 325 1 0 1 1
Previous Dopamine Yes 325 1.531 1.096 0.594 0.552 0.376 6.230
Previous Selegiline No 325 1 0 1 1
Previous Selegiline Yes 325 1.047 0.235 0.207 0.836 0.675 1.625
Previous COMTI No 325 1 0 1 1
Previous COMTI Yes 325 1.649 0.380 2.170 0.030 1.050 2.590
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Parameter | SE of Standard Lower 95% | Upper 95%

estimate parameter | normal confidence | confidence
Parameter label values N (OR) estimate deviate | P-value | limit limit
Previous Apomorphine No 325 1 0 1 1
Previous Apomorphine Yes 325 1.352 0.310 1.314 0.189 0.862 2.121
Tremor No 325 1 0 1 1
Tremor Yes 325 0.698 0.161 -1.563 0.118 0.444 1.096
Dyskinsia No 325 1 0 1 1
Dyskinsia Yes 325 0.888 0.219 -0.480 0.631 0.547 1.442
Severe on/off periods No 325 1 0 1 1
Severe on/off periods Yes 325 1.324 0.359 1.034 0.301 0.778 2.253
Other reason for considering surgery No 325 1 0 1 1
Other reason for considering surgery Yes 325 0.726 0.314 -0.741 0.459 0.311 1.694
Apomorphine prescribed (if randomised
to medical therapy) No 325 1 0 1 1
Apomorphine prescribed (if randomised
to medical therapy) Yes 325 1.012 0.267 0.045 0.964 0.604 1.696
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3.5 Predictors of missing PROMs at five years: multivariate models

3.5.1 Model selection - methodology

Following the univariate analyses presented above, multivariate logistic regression models
were devised to predict the probability of missingness in the subset of patients that are not
known to have died before the five year follow-up. Randomised intervention was kept in the
models, regardless of its statistical significance. For all other variables, backwards model
selection was utilised. Using this approach, a logistic regression model was fitted including all
possible covariates (i.e. all covariates used in the univariate analysis above). Explanatory
variables were removed iteratively if they were statistically insignificant at the 5% level and
contributed least to the model, based on the highest p-values!®31%, As significance for
categorical variables relies on the differences between a relevant category and the reference
category in the statistical model, the category used as the reference category was varied
where appropriate to confirm that a specific variable was in fact insignificant in the model
and could be removed.

To ensure comparability of the nested models, a subset of data including only participants
with data available for all possible independent variables was used in the model selection
process. The final model was refitted to the trial population using an available cases approach
excluding only those participants with missing data for the variables included in the final

model.
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3.5.2 KAT trial: multivariate predictors of missing outcome data at five years

3.5.2.1 KAT: multivariate models to predict missing OKS outcome data

In the model selection process for the KAT dataset, BMI was initially included instead of a
combination of height and weight to avoid problems with multicollinearity. After BMI was not
found to be significant, height was included as the univariate analysis had shown that this
may be potentially predictive of missing OKS at the five year follow-up.

The backwards selection process resulted in baseline OKS, age, height and ASA physical status
remaining in the final model together with the randomised intervention, which was forced to
remain in the model despite not being statistically significant. It was thought that height may
be a potential confounder for gender. However, gender remained insignificant in the model
when substituted for the height variable. Results of the final regression are shown in Table
3-26; the number of observations included reflects exclusions due to missing baseline data;

some ASA categories are omitted due to perfect predictions.
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Table 3-26: Results from the logistic regression model predicting whether OKS data is missing at
the five year follow-up (KAT)

OR SE p-value | 95% Cl

Patella resurfacing

0.939 0.151 0.694 (0.686, 1.286)

Baseline OKS

0.952 0.011 <0.001 (0.93, 0.974)
Age 1.023 0.011 0.027 (1.003, 1.044)
Height 0.976 0.008 0.005 (0.96, 0.993)

ASA physical status

completely fit and healthy vs. some illness

but no effect on daily activity 1.051 0.236 0.826 (0.676, 1.633)

symptomatic illness present, minimal
restriction vs. some illness but no effect on

daily activity 1.529 0.308 0.035 (1.03, 2.27)

Constant 3.789 6.149 0.412 (0.158,91.15)

With the given explanatory variables collected at baseline, the above results describe the
best, most parsimonious model to predict the probability of data being missing at the five
year follow-up. However, the model has low discriminative ability, as can be seen in the
histogram (Figure 3-18), i.e. the model cannot distinguish well between those with and
without missing data, shown by similar predicted probabilities for those with and without

missing outcome data.

126



Histogram assessing the model's discriminating ability
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Figure 3-18: Assessment of the model predicting missing data in the OKS at five years (KAT)
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This suggests that the probability of OKS data being missing at the five year follow-up may
also be dependent on variables other than those included in the logistic regression model.
These variables may be observed or unobserved in the RCT; a MAR assumption may not
adequately represent the true underlying missing data mechanism.

The above models have used a binary variable indicating whether the OKS is missing at the
five year follow-up. In order to more fully explore potential predictors of missingness in the
OKS, the prediction models have been repeated using the following set of different outcome
variables:

e Indicator of the OKS missing at any of the follow-up time points (binary variable)

e Indicator of the OKS missing at half the follow-up time points or more (binary variable)

e Number of missing OKS follow-up scores (ordinal variable, taking values 0 to 6)

e Number of missing OKS items across all follow-up (continuous variable, range 0 to 72)
The model selection process followed the same principles as described above. Details of the
coefficients, corresponding 95% confidence intervals and p-values are displayed in Table 3-27.
The prediction models were generated to explore possible predictors of missingness, and no
checks of model fit and their underlying assumptions have been performed. The models are
consistent in that baseline OKS and participant height seem to be predictive of OKS
missingness at follow-up. Treatment allocation is not statistically significant in any of these
additional models. Age or ASA physical status were also not statistically significant in any of

the additional models, and were removed during the selection process.
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Table 3-27: Prediction models of OKS missingness at follow-up (KAT)

Outcome variable

Missing data at 5
years

Any missing data
during follow-up

At least half of
follow-up data

Number of follow-
up scores missing

Number of items
missing across all

missing (0-7) follow-up (0-72)
Model used Logistic regression | Logistic regression | Logistic regression | Ordinal logit Continuous
regression

N 1334 1407 1407 1407 1407
Log-likelihood** -519.42 -803.04 -464.63 -1375.14 0.0179
Explanatory variables:
Patellar resurfacing vs. no OR/ regression coefficient | 0.939 1.080 1.088 1.092 0.682
resurfacing

95% Cl 0.686, 1.286 0.850, 1.371 0.773,1.531 0.863, 1.382 -0.951, 2.318

p-value 0.694 0.529 0.628 0.462 0.413
Baseline OKS OR/ regression coefficient | 0.952 0.974 0.945 0.969 -0.238

95% Cl 0.930, 0.9745 0.958, 0.990 0.922, 0.969 0.953, 0.985 -0.349, -0.127

p-value <0.001 0.002 <0.001 <.001 <0.001
Age OR/ regression coefficient | 1.023 n/a n/a n/a n/a

95% ClI 1.003, 1.044 n/a n/a n/a n/a

p-value 0.027 n/a n/a n/a n/a
Height OR/ regression coefficient | 0.976 0.988 0.981 0.987 -0.097
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Outcome variable Missing data at 5 Any missing data At least half of Number of follow- | Number of items
years during follow-up follow-up data up scores missing | missing across all
missing (0-7) follow-up (0-72)

95% ClI 0.960, 0.993 0.976, 1.000 0.964, 0.999 0.975, 0.999 -0.182, -0.013
p-value 0.005 0.056* 0.038 0.036 0.024

ASA physical status cat 1 vs. 2 OR/ regression coefficient | 1.051 n/a n/a n/a n/a
95% CI 0.676,1.633 n/a n/a n/a n/a
p-value 0.826 n/a n/a n/a n/a

ASA physical status cat 3 vs. 2 OR/ regression coefficient | 1.529 n/a n/a n/a n/a
95% Cl 1.030, 2.270 n/a n/a n/a n/a
p-value 0.035 n/a n/a n/a n/a

Constant OR/ regression coefficient | 3.789 4.067 6.833 n/a 28.165
95% Cl 0.157,91.150 0.546, 30.285 0.375,124.33 n/a 14.460, 41.870
p-value 0.412 0.171 0.194 n/a <0.001

* Was significant in selection model (complete cases), **R?(adjusted) for the continuous regression model
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3.5.2.2 KAT: multivariate models to predict missing EQ-5D-3L outcome data

In the multivariate model, baseline EQ-5D-3L, age and height were found to be predictive of
the probability of missing EQ-5D-3L outcome data at baseline. As observed previously,
treatment allocation is not statistically significant in the model. Here, ASA physical status at
baseline was not found to be statistically significant at the 5% level in the model. There seems
to be a strong association between height and gender. Gender would be statistically
significant in the final model if substituted for height, but not once the model is also adjusted
for height. The likelihood ratio test shows that the model fit is significantly improved if height
is added to a model including the other statistically significant variables (and treatment
allocation), rendering gender insignificant. The output from the logistic regression model, as
well as the other models looking at varying aspects of missingness, as discussed above, are
displayed in Table 3-28. As observed previously, the discriminative ability of the logistic

regression model is low, as demonstrated in Figure 3-19.
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Table 3-28: Prediction models of EQ-5D-3L missingness at follow-up (KAT)

Outcome variable

Missing data at 5
years

Any missing data
during follow-up

At least half of
follow-up data

Number of follow-
up scores missing

Number of items
missing across all

missing (0-7) follow-up (0-72)
Model used Logistic regression | Logistic regression | Logistic regression | Ordinal logit Continuous
regression

N 1372 1372 1.382 1372 1382
Log-likelihood** -559.06 -855.33 -492.20 -1500.02 0.016
Explanatory variables:
Patellar resurfacing vs. no OR/ regression coefficient | 0.829 0.982 1.219 1.02 0.283
resurfacing

95% Cl 0.613,1.122 0.782,1.233 0.877, 1.694 0.814, 1.269 -0.410, 0.977

p-value 0.224 0.877 0.239 0.888 0.423
Baseline EQ-5D-3L OR/ regression coefficient | 0.397 0.573 0.413 0.517 -2.338

95% Cl 0.240, 0.655 0.392, 0.838 0.240, 0.711 0.355, 0.751 -3.491, -1.186

p-value <0.001 0.004 0.001 0.001 <0.001
Age OR/ regression coefficient | 1.025 1.018 n/a 0.017 n/a

95% Cl 1.005, 1.045 1.003, 1.033 n/a 0.003, 1.032 n/a

p-value 0.013 0.020 n/a 0.020 n/a
Height OR/ regression coefficient | 0.975 0.988 0.976 0.987 -0.045
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Outcome variable

Missing data at 5
years

Any missing data
during follow-up

At least half of
follow-up data

Number of follow-
up scores missing

Number of items
missing across all

missing (0-7) follow-up (0-72)
95% ClI 0.960, 0.990 0.977,1.000 0.959, 0.992 0.975, 0.998 -0.080, -0.009
p-value 0.002 0.047 0.005 0.021 0.013
Constant OR/ regression coefficient | 3.113 1.283 9.438 n/a 11.321
95% CI 0.149, 65.264 0.131, 12.564 0.593, 150.20 n/a 5.534,17.108
p-value 0.464 0.830 0.112 n/a <0.001

* Was significant in selection model (complete cases), **R?(adjusted) for the continuous regression model
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Histogram assessing the model's discriminating ability
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Figure 3-19: Assessment of the model predicting missing data in the EQ-5D-3L at five years (KAT)

3.5.2.3 KAT: multivariate models to predict missing SF-12 outcome data

Both baseline SF-12 subscales were included in the selection model; correlations between
these variables was sufficiently low to not raise any concerns about multicollinearity. The
variable selection results in age and baseline SF-12 MCS score remaining in the final model as
statistically significant variables. The results for the different missingness models are shown

in Table 3-29. Again, low discriminatory ability of the main logistic regression model is

demonstrated in Figure 3-20.
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Table 3-29: Prediction models of missingness at follow-up in the SF-12 subscales (KAT)

Outcome variable Missing dataat | Any missing At least half of Number of Number of
5 years data during follow-up data follow-up scores | items missing
follow-up missing missing (0-7) across all follow-
up (0-72)
Model used Logistic Logistic Logistic Ordinal logit Continuous
regression regression regression regression
N 1172 1145 1172 1145 1154
Log-likelihood** -701.89 -735.68 -645.01 -1865.77 0.031
Explanatory variables:
Patellar resurfacing vs. no OR/ regression coefficient | 0.897 0.770 0.985 0.873 1.041
resurfacing
95% Cl 0.696, 1.155 0.603, 0.983 0.723,1.236 0708, 1.077 -0.760, 2.842
p-value 0.400 0.036 0.681 0.206 0.257
Baseline SF-12 MSC score OR/ regression coefficient | 0.984 0.983 0.975 0.977 -0.225
95% ClI 0.673, 0.995 0.972,0.994 0.963, 0.986 0.968, 0.986 -0.305, -0.145
p-value 0.04 0.003 <0.001 <0.001 >0.001
Age OR/ regression coefficient | 1.035 1.031 1.026 1.030
95% ClI 1.018, 1.052 1.015, 1.047 1.008, 1.043 1.017, 1.045
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Outcome variable Missing dataat | Any missing At least half of Number of Number of
5 years data during follow-up data follow-up scores | items missing
follow-up missing missing (0-7) across all follow-
up (0-72)
p-value <0.001 <0.01 0.004 <0.001
Height OR/ regression coefficient 0.983 0.986 -0.101
95% Cl 0.971, 0.996 0.986, 0.997 -0.191, -0.010
p-value 0.008 0.013 0.030
Constant OR/ regression coefficient | 0.095 9.375 0.209 36.082
95% Cl 0.028,0.331 0.866, 101.492 0.057,0.764 21.064, 51.099
p-value <0.001 0.066 0.018 >0.001

* Was significant in selection model (complete cases), **R?(adjusted) for the continuous regression model
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Histogram assessing the model's discriminating ability
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Figure 3-20: Assessment of the model predicting missing data in the SF-12 at five years (KAT)
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3.5.3 PD MED data

Similarly to the process described above in section 3.5.1, a backwards selection model was
used to identify possible predictors for the PROMs data being missing at the five year follow-
up in a multivariate logistic regression model, using a subset of participants who are alive at

the five year assessment and have available data for all relevant covariates.

3.5.3.1 PD MED: multivariate models to predict missing PDQ-39-S| outcome data

The randomised treatment, baseline PDQ-39-SI, age at randomisation and the time since
initial PD diagnosis (less than one year, one to two years, two to three years, greater than
three years) were statistically significant in the final logistic regression model using PDQ-39-
S| availability at five years as the outcome. The Hoehn & Yahr stage, which was statistically
significant in the univariate models ceased to be significant in the model once it was adjusted
for other patient characteristics. The model results for this logistic regression model, as well

as the models investigating other aspects of missingness are shown in Table 3-30.
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Table 3-30: Prediction models of missingness within the PDQ-39-SI at follow-up (PD MED)

Outcome variable

Missing data at 5
years

Any missing data
during follow-up

At least half of
follow-up data

Number of follow-
up scores missing

Number of items
missing across all

missing (0-7) follow-up (0-72)
Model used Logistic regression | Logistic regression | Logistic regression | Ordinal logit Continuous
regression

N 988 988 988 988 988
Log-likelihood** -623.85 -642.86 -473.51 -1531.68 0.044
Explanatory variables:
LD sparing vs. LD medication OR/ regression coefficient | 1.347 1.267 1.356 1.229 0.657

95% Cl 1.021,1.774 0.947.,1.616 0.970, 1.896 0.973, 1.553 -0.711, 2.025

p-value 0.035 0.118 0.075 0.084 0.346
Baseline PDQ-39-SI OR/ regression coefficient | 1.015 1.024 1.036 1.028 0.148

95% Cl 1.005, 1.025 1.014, 1.035 1.024, 1.048 1.019, 1.037 0.098, 0.199

p-value 0.003 <0.001 <0.001 <0.001 <0.001
Age OR/ regression coefficient | 1.035 1.030 1.031 1.030 n/a

95% Cl 1.017,0.054 1.013, 1.048 1.009, 0.054 1.015, 1.046 n/a

p-value <0.001 0.001 0.005 <0.001 n/a
Symptoms 1-2 years vs. <1 year | OR/ regression coefficient | 0.588 0.672 n/a 0.715 -1.669

95% CI 0.422,0.819 0.495, 0.913 n/a 0.544, 0.942 -3.257,-0.080
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Outcome variable Missing data at 5 Any missing data At least half of Number of follow- | Number of items
years during follow-up follow-up data up scores missing | missing across all
missing (0-7) follow-up (0-72)

p-value 0.002 0.011 n/a 0.017 0.040

Symptoms 2-3 years vs. <1 year | OR/ regression coefficient | 0.882 0.796 n/a 0.876 -0.403
95% Cl 0.539, 1.443 0.494, 1.282 n/a 0.571, 1.346 -2.881, 2.076
p-value 0.618 0.347 n/a 0.547 0.750

Symptoms 3+ years vs. <1 year OR/ regression coefficient | 0.982 1.064 n/a 1.242 3.128
95% Cl 0.572, 1.686 0.613, 1.850 n/a 0.770, 2.004 0.353, 5.902
p-value 0.948 0.825 n/a 0.374 0.027

Carer vs. not having a carer OR/ regression coefficient | n/a n/a n/a n/a -1.915
95% ClI n/a n/a n/a n/a -3.348, -0.481
p-value n/a n/a n/a n/a 0.009

Constant OR/ regression coefficient | 0.033 0.114 0.010 n/a 4.862
95% Cl 0.008, 0.128 0.032, 0.406 0.002, 0.054 n/a 3.020, 6.704
p-value <0.001 0.001 <0.001 n/a <0.001

* Was significant in selection model (complete cases), **R?(adjusted) for the continuous regression model
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3.5.3.2 PD MED: multivariate models to predict missing EQ-5D-3L outcome data

Using the backwards model selection approach, age, baseline EQ-5D-3L composite scores,
availability of a carer and the duration of symptoms before trial entry appear to be significant
in predicting the probability of EQ-5D-3L outcome data being available at the five year follow-
up in the main logistic regression model. Contrasting this with the model for missing PDQ-39-
Sl data, the treatment allocation is not statistically significant in predicting the availability of
the EQ-5D-3L. The results for the various models investigating aspects of missingness are

shown in Table 3-31.
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Table 3-31: Prediction models of missingness within the EQ-5D-3L at follow-up (PD MED)

Outcome variable

Missing data at 5
years

Any missing data
during follow-up

At least half of
follow-up data

Number of follow-
up scores missing

Number of items
missing across all

missing (0-7) follow-up (0-72)
Model used Logistic regression | Logistic regression | Logistic regression | Ordinal logit Continuous
regression

N 1094 1094 1094 1094 1094
Log-likelihood** -607.41 -695.79 -380.91 -1273.45 0.034
Explanatory variables:
LD sparing vs. LD medication OR/ regression coefficient | 1.065 0.941 1.043 0.980 -0.021

95% CI 0.802,1.415 0.727,1.218 0.708, 1.536 0.764, 1.257 -0.855, 0.812

p-value 0.622 0.644 0.832 0.872 0.960
Baseline PDQ-39-SI OR/ regression coefficient | 0.282 0.356 0.206 0.335 -4.280

95% Cl 0.162, 0.490 0.212,0.599 0.104, 0.408 0.205, 0.546 -5.980, -2.580

p-value <0.001 <0.001 <0.001 <0.001 <0.001
Age OR/ regression coefficient | 1.023 n/a 0.993 1.004 n/a

95% Cl 1.005. 1.042 n/a 0.969, 1.017 0.989, 1.020 n/a

p-value 0.014 n/a 0.458 0.587 n/a
Symptoms 1-2 years vs. <1 year | OR/ regression coefficient | 0.651 0.694 0.857 0.737 -0.791
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Outcome variable Missing data at 5 Any missing data At least half of Number of follow- | Number of items
years during follow-up follow-up data up scores missing | missing across all
missing (0-7) follow-up (0-72)

95% Cl 0.459, 0.879 0.509, 0.956 0.534,1.375 0.545, 0.997 -1.760, 0.177
p-value 0.016 0.021 0.523 0.048 0.109

Symptoms 2-3 years vs. <1 year | OR/ regression coefficient | 1.089 0.940 0.822 0.965 -0.181
95% Cl 0.655, 1.813 0.584,1.153 0.534, 1.780 0.609, 1.529 -1.724,1.363
p-value 0.742 0.799 0.620 0.878 0.818

Symptoms 3+ years vs. <1 year OR/ regression coefficient | 1.432 1.162 2.187 1.419 2.157
95% Cl 0.835, 2.453 0.692, 1.950 1.163, 1.780 0.859, 2.346 0.438, 3.875
p-value 0.192 0.570 0.015 0.172 0.015

Carer vs. not having a carer OR/ regression coefficient | 0.660 0.669 n/a n/a -1.336
95% Cl 0.458, 0.923 0.514,0.872 n/a n/a -2.200, -0.472
p-value 0.004 0.003 n/a n/a 0.002

Constant OR/ regression coefficient | 0.212 1.576 0.571 n/a 7.627
95% Cl 0.054, 0.838 1.005, 2.470 0.100, 3.254 n/a 6.149, 9.105
p-value 0.027 0.047 0.528 n/a <0.001

* Was significant in selection model (complete cases), **R?(adjusted) for the continuous regression model
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3.5.4 PD SURG data

3.5.4.1 PD SURG: multivariate models to predict missing PDQ-39-S| outcome data

The model selection process followed the rules outline in section 3.5.1, using the subset of
participants without missing data for all possible explanatory variables. None of the
investigated explanatory variables were statistically significant in a multivariate logistic
regression model attempting to explain the probability of the PDQ-39-SI being missing at
the five year follow-up; the final model only included the constant and the randomised
treatment, which was forced to remain in the model regardless of statistical significance.
However, when fitting the final model to the available cases population (treatment
allocation and previous COMTI use are available for all 325 participants), previous COMTI
use was statistically significant at the 5% level. This indicates that the significance of the
variables is highly dependent on the sample size of the subpopulation used. Of note, during
the model selection process, as in the previous univariate analysis, some explanatory
variables, namely time since diagnosis and baseline PDQ-39-SI had p-values of just over 5%.
The PD SURG trial was not powered for this analysis, and it is possible that some of the
explanatory variables would have met the 5% significance level in the adjusted model if a

larger sample size had been available.

3.5.4.2 PD SURG: multivariate models to predict missing EQ-5D-3L outcome data

The variable selection process to identify variables predictive of the probability of the EQ-
5D-3L composite scores being missing at five years produces results similar to the above
model for the PDQ-39. Again, use of COMTI prior to trial enrolment appeared to be the
only explanatory variable predictive of outcome data being missing; treatment allocation

is not statistically significant in the model. As mentioned previously, a larger sample size
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may have increased the likelihood of explanatory variables found to be statistically

significant in the model.

The results for these regression models are not shown as they do not add to those

presented above.
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3.6 Discussion

The work described in this chapter identified patterns of missing data within PROMs in
three different trials, with regards to item missingness, and longitudinal missing data
patterns. It is important to note that the rates and patterns of missing data differ between
PROMs as well as between trials, due to the different patient populations. Although it is
unclear if the findings are generalisable to other trials as a whole, or trials with a
comparable set-up in comparable populations, the identified patterns can be used as a
basis to inform realistic simulation models in the comparison of different approaches to
handling missing data in the statistical analysis.

The univariate and multivariate models identify variables collected at baseline that may be
predictive of the probability of outcome data being missing. Therefore, it may be important
to include these variables into the simulation of missing data, as well as MI models to
analyse missing data. It is hence recommend to undertake similar investigative work ahead
of analysing any studies with missing outcome data, in order to better understand missing
data patterns and inform potential imputation models. Researchers should also bear in
mind that a lack of evidence for a variable being statistically significantly associated with
the probability of outcome data being missing does not mean that there may not be such
a link, as the same explanatory variable may well have been statistically significant in a
larger sample. Finally, the models investigated here had low discriminatory power to
distinguish between participants with and without missing data, also indicated by the low
values for R? adjusted (Table 3-27 to Table 3-31 ). Therefore, it is possible that additional,
potentially unobserved variables play an important role in the missing data mechanism,
reiterating the need to support any primary analysis with adequate sensitivity analysis'®

107 The reasons for missing data and participant withdrawal from follow-up could also
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further support assumptions made about the missing data mechanism'%, but
unfortunately were not available for this work. These may indicate if participants withdrew
from the trial due to side effects, worsening or resolution of symptoms, which may indicate
that data are MNAR. On the other hand, if missing data is due to staffing issues at sites, or
participants being lost to follow-up due to a change of address, this may support a MAR

assumption.

147



3.7 Conclusions

Missing data rates and patterns differ widely between trials and PROMs, indicating that no
universal rules of handling missing data can be derived. Thus, it is important to investigate
each data set carefully with regards to missing data in order to make appropriate
assumptions about the underlying missing data mechanism and to evaluate which
variables should be included in any imputation mechanisms. However, it is imperative to
also remember that missing data patterns can also be associated with unobserved data,
data collected after the baseline visit. The lack of statistical significance in the prediction
models should be considered with caution, as variables may still be relevant for potential
prediction models. The sensitivity of the results with regards to the assumed missing data

mechanism should always be investigated through appropriate sensitivity analyses.
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Chapter 4 : Multiple imputation for missing patient
reported outcome measures in randomised controlled
trials: Advantages and disadvantages of imputing at the
item, subscale and composite score level

4.1 Introduction

Traditionally, research concerning missing data in PROMs has focussed on how the missing
PROMs composite scores should be handled, with multiple imputation (MI) methods
considered to be one of the most reliable methods?® 199 110 Multi-item PROM s consist of
multiple questions, referred to as items, which are combined into an overall composite
scores, and sometimes subscales” !, Therefore, different types of imputation are
possible, e.g. imputation of composite scores, subscales (where available) or separate
items, the latter of which may yield additional information and therefore improve the
accuracy of such imputations. Research has not commonly been performed on the
comparison between these approaches.

This chapter presents an overview of the research that has been performed in this area to
date. Such research is limited to specific questionnaires such as the EQ-5D-3L

112 and the Pain Coping Inventory (PCl-active), a 12-item questionnaire>2.

questionnaire
The findings from these studies are put into the context of the research performed within
the remit of this chapter, which aims to further validate the existing research, and
investigates whether the results are generalisable to a wider range of PROMs. Advantages
and limitations of multiple imputations at the item, subscale (where appropriate) and

composite score level are considered in a range of real-life scenarios for three different

PROMs, namely the OKS, EQ-5D-3L and SF-12. The impact on bias and precision of the
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different imputation approaches for handling missing PROMs outcome data, as well as on

the treatment coefficients of linear regression models in an RCT context are evaluated.

The content of this chapter follows approved and peer-reviewed guidance for simulation
studies!!3. Relevant background is presented in section 4.2, with the hypotheses for the
project, along with the research aims of this chapter outlined in section 4.3. Section 4.4
describes the rationale for using simulation, and details how the datasets and the missing
PROMs outcome data were simulated, and how the different imputation approaches were
implemented. In section 4.5, the different approaches are assessed for feasibility by
considering convergence rates, and compared using root mean square error (RMSE) and
mean absolute error (MAE).

A discussion of the methodology and results is provided in section 4.6. Here, the results
and observed trends are summarised and compared to previous research.
Recommendations on how missing PROMs outcome data in RCTs should be handled in
each of the investigated scenarios are also provided. Emphasis is also put on the
development of guidance on how to construct feasible multiple imputation models while
circumventing problems with non-convergence. Novel aspects of this research, together
with limitations are also discussed. Findings are summarised and brought together in the

chapter conclusions in section 4.7.
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4.2 Overview of the existing research

As mentioned in the introduction, very little research has been published to date
comparing the performance of applying Ml at the item versus composite score level.
Research by Simons et al'*? compared imputation at the item and composite score level
for estimating EQ-5D-3L composite scores in the presence of missing at random (MAR)
data'. Their base case simulations included 1814 observations and primarily followed a
unit-nonresponse pattern of missingness (88.7% of missing data), with low rates of item
missingness, often due to one missing item. For these base case scenarios, both Ml
approaches performed almost identically in terms of accuracy for all different proportions
of missing data investigated (i.e. 5-40% of missing EQ-5D-3L data). As the sample size was
decreased to 500 observations or fewer, both approaches performed similarly for up to
10% of missing data, however, Ml at the composite score was found to be more accurate
for 20% and 40% of missing data within these smaller sample sizes. Ml at the item level
was found to be performing better as the proportion of unit-nonresponse decreased, i.e.
more missing data was due to individual items being unavailable. The authors recommend
further research to assess generalisability of these findings to other PROMS with
potentially different psychometric properties.

Eekhout et al’? applied a number of different methods to account for missing data in the
Pain Coping Inventory (PCl), which is a 12-item PROM. In their work, the PCl was used as a
covariate in a regression model, as opposed to the outcome variable, and Ml approaches
were compared in terms of accuracy and precision of the fitted PCl regression coefficients.

In this scenario, Ml at the item level achieved the best results, while Ml applied to the

v Instead of items and composite scores, the terms domain and index are commonly used in EQ-5D-3L
research. However, for consistency, the former terminology is used throughout the chapter.
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composite scores resulted in overestimated standard errors where large percentages
(>50%) of study participants had missing data. The authors also found that complete cases
analysis (CCA), which does not impute missing data, yielded acceptable results in terms of
regression coefficients, but overestimated standard errors, especially when more than 10%
of the study population had some missing PROMs data, and therefore advised against the
use of CCA. Finally, the authors raised concerns about item mean imputation, which many
scoring manuals, including those for the Oxford scores®® 42, advise for handling data with
small amounts of missing items. In their simulation study, item mean imputation resulted
in biased estimates, particularly where more than 10% of participants had some missing

PROMs data.
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4.3 Hypotheses and objectives for this research

The existing research on the advantages and disadvantages of applying Ml at the item,
subscale or composite score level, as presented in section 4.2, is limited and stipulates the
need for further research. In particular, only two different PROMs have been considered,
which raises the question whether the conclusions are generalisable to other PROMs,
which may have additional categories within each items, more items than the EQ-5D-3L or

potentially different psychometric propertiest!?

. Furthermore, the recommendations
differ depending on whether the estimation of the PROM composite score is of interest, or

whether it is to be used as an explanatory variable in a regression model. Finally, it is

important to validate the findings in different datasets.

4.3.1 Hypotheses for this chapter
The three PROMs considered in this chapter are the OKS, EQ-5D-3L and SF-12.

For the OKS, the composite score is calculated as the unweighted sum of all 12 items?2:
— 12 .

Applying this formula produces a composite score ranging from 0 to 48. The validated pain

and function subscales are calculated similarly!?

, each from a mutually exclusive subset of
items, with the subscales being standardised to range from 0 to 100.

In essence, the SF-12 and EQ-5D-3L are scored similarly, with the addition of a constant
and weights that are applied to each of the item levels. The weights and constant are

derived from a country specific value set*? 46, An additional constant term is also added to

the EQ-5D-3L if the most severe health state was chosen for at least one item. The SF-12
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consists of 12 items which all contribute, using different weights, to the calculation of the
MCS and PCS scores, which are reported.

Generally, composite scores or subscales cannot be derived if at least one item is missing,
however, the OKS scoring manual suggests that up to two items (one from each of the
subscales) can be substituted by the mean item score of the available items'3 112,

All items contribute to the calculation of the composite scores and subscales. Therefore,
the research hypothesis is, similarly to Simons et al*'?, that where the MAR data follows an
item nonresponse pattern, imputation at the item level is superior to that at the composite
score or subscale level as the proportion of item nonresponse increases, as those later
approaches disregard some of the available data. Correspondingly, it is hypothesised that
where the MAR data follows primarily a unit-nonresponse pattern, the different Ml
approaches perform similarly, as the Ml at the item level in this case cannot utilise any
additional information that is not available to the Ml at the composite score or subscale
level.

Within this chapter, the OKS is the only PROM for which data can be considered at three
levels, i.e. the item, subscale and composite score level. Different items are used for the
calculation of either subscale, and the subscales can be used to calculate the composite
score, so it is conceivable that insufficient items are available to calculate the composite
score, but that one of the subscales can still be derived. This subscale could then be utilised
in the MI model. Therefore, imputation at the subscale level is also investigated, and it is
hypothesised that there are benefits in terms of accuracy when imputing at the subscale
level compared to imputing at the composite score level when sufficient data is available

for the calculation of one of the subscales. No benefit of applying Ml at the subscale level
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over MI at the composite score level is expected in unit-nonresponse scenarios, or where

neither of the subscales can be estimated due to missing data.

4.3.2 Objectives for this chapter

This chapter aims to compare different Ml approaches for handling missing PROMs data,

i.e. imputation at the composite score, subscale (where appropriate) or item level, while

also exploring the benefits and disadvantages of these approaches. By addressing these

research objectives, this chapter addresses outstanding questions and clarifies some of the

ambiguities around the application of Ml to PROMs outcome data.

For scenarios where the analysis includes complete baseline data and PROMs outcome

data for a single follow-up time point within an RCT context (i.e. data from the KAT study®%

%3 are utilised), this chapter aims to extend the existing research by:

Applying Ml at the item or composite score level for the OKS, SF-12 and EQ-5D-3L
Considering Ml at the subscale levels, where appropriate

Expanding the existing research to consider the impact of the different Mi
approaches on the estimate of the treatment coefficient in regression models using
a PROM as the dependent variable

Investigating whether the imputation recommendations are consistent where
either the PROMs composite scores or the treatment coefficients from a regression
model are of interest

In a regression context, assessing the advantages and disadvantages of using CCA
compared to the different imputation approaches

Considering the performance of mean imputation of up to two missing items in the
OKS in line with the scoring manual®? to using the Ml approaches for all missing data
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Consider whether results are consistent across different PROMs, or whether
findings are dependent on the PROMs used

Consider a wide range of sample sizes and proportions of missing data

Provide guidance for researchers on how to address missing PROMs outcome data
in a variety of real-life RCTs scenarios and how to balance the potentially complex

MI models with steps to improve the probability of convergence of the Ml models
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4.4 Simulation methodology

4.4.1 Rationale for using simulations

The use of a single study to generate reliable performance estimators for statistical
methods is considered insufficient, as it is unknown how reliable findings are. Instead,
simulation studies enable researchers ‘to assess the performance of current and novel
statistical methods in pre-defined scenarios’*'# in relation to a known truth!!3. Here, the
true results are calculated from a full dataset, before the simulation of missing data.
Simulations are computationally intensive processes, during which the methods under
investigation are applied repeatedly and compared to the ‘true results’, thus enabling a
comparison of different approaches.

To achieve consistency and appropriate quality within the development and reporting of
simulation studies, extensive guidance has been developed!'? and is adhered to in the

analyses.

4.4.2 General simulation procedures

All programming for this chapter is performed using the statistical software Stata version

14115.1,000 valid results are obtained for each simulation scenario, where feasible.

4.4.2.1 Simulation scenarios to be investigated

Multiple imputation at the composite score, subscale (where applicable) and item level are
simulated in the following scenarios:

The percentage of participants with missing data are set to 5%, 10%, 20%, and 40%, in line
with the missing data patterns observed in Chapter 3. The different sample sizes

considered within this simulation study are 100, 200, 500, as well as the total number of
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observations in the complete cases datasets, which varies depending on the PROMs (797

for the SF-12, 1030 for the OKS and 1160 for the EQ-5D-3L).

4.4.3 Generation of the datasets to be used in the simulation

4.4.3.1 Base case datasets

The complete cases subset of the KAT study introduced in Chapter 3 form the basis for the
simulated datasets, i.e. only the data of the participants for whom all relevant variables are
observed are utilised in the simulations, circumventing the need to impute baseline data.
This dataset is referred to as the base case dataset.

For the simulation of smaller datasets, the required numbers of observations are sampled
from the base case dataset (sampling without replacement) using the ‘sample’ command
in Stata. This means that the sample sizes investigated within this chapter are limited to
the size of the complete cases subsets for each PROM. Using the resampling approach
means that the dataset is different at each iteration of the simulation for the smaller
sample sizes. However, the use of pre-defined seeds that determine the random number

generation in Stata ensure that the datasets are reproducible.

4.4 .3.2 Simulation of missing data within the simulation datasets

Missing data are imposed onto PROMs items following the algorithm proposed by van
Buuren et al*®, Briefly, this method allows researchers to set the overall percentage of
observations with some missing PROMs data, and to specify the patterns of missing data,
as well as the MAR mechanism. The missing data patterns are simulated by specifying the
probability with which each item within the PROM is missing. The MAR mechanism is

simulated by specifying a set of variables that determine the likelihood of data being
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missing. These patterns may be based on those observed in the dataset under investigation
or related studies, as well as any other scenarios to be examined. The algorithm therefore
allows the simulation of realistic MAR scenarios, which take into consideration the complex
relationship between missing data patterns and other variables, unlike more simplistic
methods of MAR generation.

More precisely, the steps shown in Figure 4-1 are followed to impose missing data into the
relevant data set, as introduced by van Buuren®'® and also outlined in publications by Yu et
al''” and Simons et al''?2, Notation is kept consistent with that presented in existing
publications. Missing data is imposed at the item level, based on the desired missing data
patterns. The variables included in the logistic regression model (described in step 2 in
Figure 4-1) to generate missing data include treatment allocation, age, baseline PROM,
height, ASA physical status (a system to assess patients’ fitness prior to surgery)'% 192 and
centre size (three categories). The code for the generation of the observed missing data

patterns is shown in Appendix 7.
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Required:

- Cwerall proportion of incomplete cases: P

- Murberf type of missing data pattern to be simulated

[ Felative frequency of each missing data patte rn (f;)

- Size of the datasetthe missing dataisimposed on [Mpggset)

Step 1—assigning missing data pattern

- Assign each obseryation —at randorm —to a missing data patte rncwith probahility £

U

- Calculate alinear score [5) for each observations

Step 2—cal culation of a linear score

The weights for the calculation of 5 are the regre ssion coefficie nts from a logistic re gre ssion
rodel| predicting the occurrence of each missing data pattern wsing the covariate s ide ntifie d
to be predictive of missing data in chapter 3.

Step 3—assigning odds

- Within each patte rn, cases are split into subgroups based on 5

- Cdds (C) of data being missing in relation tothe lowest subgroup are assigned to
each subgroup

Here, the datais splitinto three groups of size Njbased on the 533™ and 66* percentiles in-

creasing oddsaf 1, 2, 3 have been assighed to the groups(asin ¥u et al, Simonset al).

Step 3—calculating the probability of data being missing
- Using O and P, the probability of databeing missing is calculated.
Here, the fallowing formulaintroduced by Yu et al has been used:
. Nriﬂtrzssr* G_;l' # P« fz
prob(miss) = 2
fl,{;l. ¥ }_:1{_].
Step S—imposing missing data
- The calculate d probability for each case is compared to a randomly generated num-
ber {uniform distribution)
- An obseryation is setto be missing if the calculated probability exceedsthe random
nurnber
" Missing data according to the relevant missing data pattern is imposed on the com-
plete data for the relevant observations

Figure 4-1: Depiction of the algorithm for the simulation of missing PROMs data within the
complete cases dataset
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4.4.3.3 Comments on the generation of missing data — formulae used

In the simulation model used in this chapter, whereby increasing odds of 1, 2 and 3 are
assigned to three equally spaced intervals based on the s; scores within each missing data
pattern, the formula to calculate the probability of missing data for each case can be
simplified as follows:
1) Ngataset * fi €quals the number of cases assigned to the relevant missing data
pattern (Ni)
2) N; = 3= N; as the cases within each missing data pattern are divided in three
equally spaced intervals based on the 33" and 66™ percentile of the sj scores
3) Zfﬂ 0; = 6 (based on the assigned odds being 1, 2, 3)
Applying the above listed condition, the formula for the probability of missing data within

each of the odds subgroups can be simplified as follows:

Ndataset * Oj * P x fl

prob(miss) =
N; * %71 0;
Applying 1):
prob(miss) = —————
N; * 71 0;
Applying 2):
b(miss) 3% NjxQjxP 3% 0jxP
prob(miss) = =
N; * X310 2i=10;
Applying 3):
3% 0;*P 0; P
prob(miss) = =

6 2

The simplified formula indicates that the specified overall percentage of missing data is
applied to each missing data pattern, adjusted for the odds depending on the sjscores.

These formulae clarify that on average, the required percentage of missing data is imposed
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within each missing data pattern. Here, those within the lowest odds subgroup (odds = 1)
are assigned a probability of missing data of half the rate of the overall percentage of
missing data, while those in the highest odds subgroup (odds = 3) are assigned a probability
of missing data of 1.5 times the overall percentage of missing data. The probability of
missing data for those within the middle odds subgroup (odds = 2) is the same as the
specified overall percentage of missing data.

The performance of formulae were compared in additional simulation work and sufficiently
similar results were produced, with the percentages of participants with simulated missing
data within each of the categories differing at the third or fourth decimal place. These slight
differences can stem from the fact that the use of percentiles may not always result in odds
subgroups of equal size being generated, depending on the values of s, and the impact of
this difference will be more notable within missing data pattern with a lower relative
frequency.

In other projects involving the simulation of missing data?, a different formula has been
used to calculate the probability of a specific case having missing data, resulting in slightly
different probabilities for the odds categories. Van Buuren et al*'® did not clearly specify a
formula in their paper, but conversations with the authors have shown that formulae

similar to those referred to by Brand et al were used!*,
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4.4.4 Application of multiple imputation in the datasets after the simulation of missing
PROMs data

Within this chapter, missing data is imputed using multiple imputation by chained equation
(MICE)®8, a practical approach to impute missing data for a number of variables, allowing
the imputations for each variable to draw on information imputed for missing observations
in other variables. In short, where several variables contain some missing observations,
these are initially imputed by observed values from this variable (simple random sampling
with replacement). The first variable with missing values is then regressed on all other
variables, including all other variables with missing observations and additional variables
included in the imputation model. This regression model only includes individuals with
observed data for this first variable; missing data in this variable is subsequently imputed
by draws from the posterior predictive distribution generated by the regression model.
Missing data for subsequent variables is imputed in a similar manner, each time utilising
the previously imputed data for other variables. Once imputations for all variables have
been generated in this manner, the first cycle of the imputation process has been
completed. Several cycles are repeated until the imputed values stabilise, and one set of
imputed values has been generated. This procedure is repeated until the required number
of imputations are obtained.

Predictive mean matching is used in combination with the above process®. This process
restricts the choice of imputed values to values that were observed within the relevant
variables. In the context of imputing PROMs data, predictive mean matching has the
benefit that imputed scores lie within the range of valid responses (i.e. do not go beyond
the possible range, i.e. from 0 to 48 for the OKS). Similarly, predictive mean matching

ensures that valid imputed scores are obtained (i.e. no decimal places where a PROMs
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scoring manual only results in integer scores). Predicted mean matching has also been
recommended when the imputed variable may not be normally distributed or may have a
non-linear relationship with the covariates®®. This is deemed to be important particularly
for the EQ-5D-3L, which is often bimodal*°.

Predictive mean matching can be implemented by picking the observed value that is the
closest match in terms of the predicted scores, or the imputed value can be from a random
draw of a pre-specified number of observations closest to the predicted value. In this
thesis, the former approach (nearest neighbour) is used.

In this simulation work, the imputation models include all variables used in the generation
of the MAR data (section 4.4.3.2). Additionally, gender is included in the MI models, as it is
part of the analysis model*® (described in section 4.4.5).

The baseline PROM composite scores are included in all MI models; additional data
included for imputations at the subscale and item level, as discussed below. Imputations
are performed separately by randomised treatment, where feasible. This approach allows
factors such as the distribution of outcomes, their variance and relationship with any of
the covariates to differ between treatment arms%,

The sample size of the base cases for each simulation are defined by the number of
participants for whom the relevant PROMSs scores are available at baseline and follow-up,
and therefore differ between the PROMs. For all imputation models in the base cases, the
number of imputations is set to 50. A rule of thumb proposes that the number of
imputations should be as least equal to the percentage of incomplete cases®8, while larger
numbers of imputations also generate a larger degree of reproducibility.

In the subsequent simulations performed for smaller sample sizes, described in section

4.4.2.1, the number of imputations is reduced to the percentage of missing data within the
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relevant simulation, in line with the recommendations®®. The number of imputations for
some of the exploratory simulations, which vary the observed missing data patterns, are
reduced to 10. Details on the number of imputations used are provided in the results
section.

To further reduce the length of time required to run the simulation models, the maximum
number of iterations for each imputation model was set to 1,000. The length of time
required for the simulation models to run are also discussed in the results.

All imputations are performed using Stata’s mi impute command.

4.4.4.1 Scenario considering imputation at the score level

Full PROMs scores are calculated according to the relevant scoring manuals (and also
without mean imputations for the OKS) based on the newly created PROMs items with
some simulated missing data. As such, the calculations result in some PROMs scores being
missing. An MI model for continuous data using predictive mean matching using the closest

match is applied.

4.4 4.2 Scenario considering imputation at the subscale level

Similar to the process described in section 4.4.4.1, subscales are calculated based on the
PROMs items with imposed missing data. Subscales are considered as continuous data
within this simulation study, and are imputed using a MICE approach. Imputing the
subscales jointly allows for missing subscales to be imputed based on the values of other
available or imputed subscales at follow-up. In addition to the described imputation model,

the imputation model for the subscales also includes the baseline values of each subscale.
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For the OKS, the multiply imputed subscales are combined to generate composite scores
for each of the multiply imputed datasets, in line with the proposed scoring!*l. The MCS
and PCS scores for the SF-12 are imputed jointly, but the two components are then

considered as individual composite scores.

4.4.4.3 Scenario considering imputation at the item level

Data for the levels of each PROM item are imputed. The OKS items have five levels each,
the EQ-5D-3L items have three levels each and the SF-12 items have either three or five
levels on a Likert scale. The levels are clearly related to factors such as pain and symptom
severity, or physical functioning and can be considered as ordered categories. Therefore,
ordered logit models are used to impute items, a method which was shown to have fewer
problems with convergence than a multinomial logit model in a previous study*'?, which
was confirmed in preliminary work.

As for the subscales, a MICE approach is used to allow for missing items to be imputed
based on the values of other available or imputed items. In addition to baseline composite
scores and subscales (where available) the imputation model for the composite scores
(section 4.4.4.1), the imputation model for the items also includes the baseline values of
each item, where feasible. The multiply imputed items are used to calculate the composite
PROMs scores for each of the multiply imputed datasets.

In the case of non-convergence of the imputation models, discussed in detail in section
4.4.6.4, additional simulations were run to ensure that results for 1000 valid simulations
were obtained where possible. A maximum of 11,000 iterations per simulation scenario

were performed.
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4.4.5 Data generated from the simulation models for the comparison of Ml approaches
Each simulation is programmed to store information on the sample size used, the level at
which imputations are undertaken (composite score, subscale and item), as well as the
percentage of missing data imposed and the number of imputations used.

In addition, the following data is saved to be used in the assessment of the different

approaches:

4.4.5.1 Data generated from the full dataset

For each full dataset i.e. the dataset of the relevant sample size prior to missing data being
simulated, the mean and standard error of the composite scores are calculated. In addition,
the full dataset is also used to calculate the treatment effect and associated standard error
in the regression model using the composite scores as the independent variable, adjusting
for the baseline measure of the outcome variable as well as a pre-specified set of covariates

(i.e. randomised treatment, age, gender and relevant baseline PROM).

4.4.5.2 Data generated from the dataset with imposed missing data

Means and standard errors of the composite PROMs are calculated using a CC approach.
The composite scores with the imposed missing data are used to generate the treatment
effects and associated standard errors based on a CCA regression model; the number of

observations used in the CCA is also stored.

4.4.5.3 Data generated from the multiply imputed PROMs data

Rubin’s adjusted estimates for the mean composite scores and treatment effects with

corresponding standard errors are calculated for the PROMs scores from the multiply
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imputed data for the different imputation approaches, using Stata’s mi estimate command.
To do this in the scenarios where the composite scores are calculated after Ml of the items
or subscales, these variables need to be declared to be multiply imputed data (using Stata’s
mi import command).

Instances of non-convergence were also collected for the imputations at item level.

4.4.5.4 Data generated to assess each model’s performance

Based on the data generated from each simulation, the following estimates are generated
to assess the performance of each MI approach under the different scenarios, in

accordance with recommendations by Burton et al!3;

e Root mean square error (RMSE): \/ >N (6, - )

e Mean absolute error (MAE): %Z’i\’zlﬁ - t9|
Where N denotes the number of simulations run (here 1,000 where feasible), 8 the
true value for the estimate of interest and 6; is the estimate of interest obtained
from the it simulation.
The RMSE, which ‘penalises variance as it gives errors with larger absolute values more
weight than errors with small values’*?}, is presented in the main text of the chapter; results

for the MAE are provided in Appendix 8.
4.4.6 Simulation scenarios

Separate simulation programmes were written for each of the different imputation

approaches. However, consistent seeds (dictating the use of random numbers within the
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simulations) ensure that the same underlying data is used for the different simulations and

that results are reproducible and comparable across the different scenarios.

4.4.6.1 Missing data patterns simulated

Initially, the patterns of missing data follow those observed for the five-year follow-up in
Chapter 3. For the simulations considering missing data in the OKS, the patterns of missing
data as shown in Table 4-1 are imposed on the complete cases subset of the KAT trial as
described in section 4.4.3.2. Only the eight most commonly observed patterns are used;
the other combinations of missing items relate to a total of 29 participants, with each
pattern only observed in one or two participants. Therefore, these patterns are not
commonly observed within this trial and not replicated in the simulation study. The
percentages used in the simulations are hence based on the subset of participants falling
into one of the eight relevant categories of missing data patterns (the denominator for the
calculations is 334 instead of 363 participants).

Additionally, unit-nonresponse and a scenario where 70% of missing OKS data is due to
item-nonresponse are also considered.

The above described simulation scenarios are based on the base case dataset, which
reflects the data as observed in the KAT study, which did not show a significant difference
between the two trial arms?®. One additional scenario involves the introduction of a five
point treatment effect through adding up to three points to the outcome scores in the
patellar resurfacing arm, and subtracting up to three points from the OKS outcome scores
in the no patellar resurfacing arm, as appropriate, i.e. such that the upper and lower range

of the OKS was not exceeded.
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Table 4-1: Missing data patterns imposed on the OKS in the complete cases subset of the KAT

trial
Missingness patterns Total True % % used in Cumulative %
simulation

Unit non-response 244 67.22% 73.05% 73.05%
Only item 7 missing 52 14.33% 15.57% 88.62%
Only item 4 missing 11 3.03% 3.29% 91.92%
Only item 6 missing 9 2.48% 2.69% 94.61%
Only item 9 missing 7 1.93% 2.10% 96.71%
Only item 10 missing 5 1.38% 1.50% 98.20%
Only item 1 missing 3 0.83% 0.90% 99.10%
Only item 12 missing 3 0.83% 0.90% 100.00%

Total number of observations: 1526. Of those, 363 (23.79%%) have at least one missing item
(the above patterns cover 363 cases referring to the eight most commonly observed missing data
patterns, covering 92% of participants with any missing data - other missing data patterns occurred
too infrequently to be included in the simulation work)

Using a similar approach described above, Table 4-2 and Table 4-3 show the missing data
patterns observed for the EQ-5D-3L, for which only the six most commonly observed

patterns are used in the simulation, and the SF-12 at the five year follow-up:
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Table 4-2: Missing data patterns imposed on the EQ-5D-3L in the complete cases subset of the
KAT trial

% used in
Missingness patterns Total True % Cumulative %
simulation
Unit non-response 240 87.27% 87.91% 87.91%
Only item 5 missing 14 5.09% 5.13% 93.04%
Only item 1 missing 7 2.55% 2.56% 95.60%
Only item 4 missing 5 1.82% 1.83% 97.44%
Only item 3 missing 4 1.45% 1.47% 98.90%
Only item 2 missing 3 1.09% 1.10% 100.00%
Iltems 2 and 5 missing 1 0.36% 0.00%
Iltems 4 and 5 missing 1 0.36% 0.00%

Total number of observations: 1526. Of those, 275 (18.02%) have at least one missing item
(only the above eight MD patterns observed in dataset — of those, the top six are used in the
simulation, as the other patterns were observed too infrequently and could not be used in the
logistic regression models)

Table 4-3: Missing data patterns imposed on the SF-12 in the complete cases subset of the KAT
trial data

% used in
Missingness patterns Total True % Cumulative %
simulation
Unit non-response 224 47.26% 56.14% 56.14%
Only item 2b missing 81 17.09% 20.30% 76.44%
Only item 4b missing 26 5.49% 6.52% 82.96%
Items 2b and 3b missing 18 3.80% 4.51% 87.47%
Only item 3b missing 16 3.38% 4.01% 91.48%
Items 2b, 3b and 4b missing 14 2.95% 3.51% 94.99%
Items 2b and 4b missing 13 2.74% 3.26% 98.25%
Only item 6¢ missing 7 1.48% 1.75% 100.00%

Total number of observations: 1422. Of those, 474 (33.33%) have at least one missing item
(the above patterns cover 399 cases referring to the eight most commonly observed missing data
patterns, covering 84% of participants with any missing data - other missing data patterns occurred
too infrequently to be included in the simulation work)
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4.4.6.2 MAR mechanisms simulated

116 3s discussed

The MAR mechanisms are simulated using the algorithm by van Buuren
above. In summary, logistic regression models are fitted to a binary variable indicating
whether or not a participant fell into each of the above listed missing data patterns, using
the covariates described in section 4.4.4. The regression coefficients estimated from these

logistic regression models are then used to calculate the linear scores within the algorithm

to generate missing data.

4.4.6.3 Comments on the generation of missing data — MAR checks

Checks were performed to ensure the simulated missing data followed a MAR mechanism.
Using the above described approach, missing data was simulated for the OKS data.

Table 4-4 below shows how baseline characteristics and subsequently the OKS at five years
differ within the cases assigned to the odds subgroups. It can be concluded that the
algorithm works as expected, and that MAR data with respect to the specified variables
has been generated. Additional checks showed that the proportion of participants with
missing data was in line with the specified level of overall missingness as requested within

the algorithm.
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Table 4-4: Baseline characteristics, and subsequently the OKS at 5 years, within odds subgroups (observed missing data patterns, OKS)

Odds Allocated Age (years) | Baseline Height Proportion | Proportion | Proportion | Proportion | OKS at 5
subgroup | to patellar OKS of patients | of patients | of patients | of patients | years
resurfacing with  ASA | with  ASA | at medium | at large site
grade 1 Grade 3 site
1 0.553 66.472 25.201 172.083 0.304 0.051 0.267 0.555 37.796
2 0.521 69.054 18.074 166.012 0.210 0.090 0.390 0.567 34.853
3 0.464 71.739 12.868 158.807 0.115 0.308 0.404 0.457 31.556
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4.4.6.4 Steps to reduce convergence problems for Ml at the item level

Problems with convergence for the imputation at the item level of the EQ-5D-3L have been
observed previously in the work by Simons et al*'?, especially for smaller sample sizes and
higher percentages of missing data. Therefore, it was expected that the MI models applied
at the item level for the OKS and SF-12, i.e. questionnaires with an additional seven items
and additional levels within the items, would result in a higher probability of non-
convergence.

Non-convergence is more likely to occur during the imputations at item level because these
models are more complex than the imputation models at the composite score or subscale
level, as up to 12 items are imputed simultaneously. Thus, the ordinal logit models contain
large numbers of categorical variables, leading to model estimates becoming less stable
where the categories contain small numbers; this problem is amplified when imputations
are performed separately by treatment arm or on small sample sizes.

The following steps were taken to improve the chances of convergence within the
simulation models looking at MI at the item level, but are applicable more widely in the

implementation of logistic regression models:
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Allowing for occasional instances of non-convergence:

In Ml models, missing values are initially replaced by random draws (with
replacement) from the observed values for this variable. The use of random draws
means that sometimes an iteration may not converge as outlying starting values
have been selected by chance in a low number of instances. Also, a complex model
may converge in the majority of cases, but fail in a low proportion of the required
imputations. In the current Stata code (mi impute, Stata 14.1), all valid imputations
would be discarded at the first instance of non-convergence. If, as in the base case
simulations, as many as 50 imputations are requested, this could lead to a large
number of simulations being labelled as non-convergent even if some valid
imputations could be obtained.

To circumvent the loss of valid imputation data, the Stata code has been altered in
the simulations used here. Instead of using the ‘add(50)" option within the mi
impute command to request 50 sets of imputed values, the imputation command
is run requesting only one new imputation at a time (i.e. add(1)). This command is
embedded in a loop that runs until the required number of valid imputations is
obtained. If the imputations fail for half of the iterations requested, the imputation
model for this iteration of the simulation is classed as failed.

This approach was found to generate valid imputed datasets for complex
imputation models where the conventional miimpute command would have failed

to produce valid results.
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Reducing the number of (categorical) covariates in the imputation model:
As discussed above, non-convergence may be caused by too many categorical
covariates, especially where there are small numbers in some of the categories. The
current literature suggests that categories can be combined, but this was felt to be
inappropriate if the PROMs item themselves were to be imputed.

An alternative approach is to simplify the imputation model by reducing the
amount of covariates used. Details of the simplifications are provided in the results

section (section 4.5).

Running imputations jointly for both treatment arms

Imputations were performed separately by treatment arm where feasible.
However, this effectively reduces the sample size for the imputation models, which
again can lead to convergence issues due to the inclusion of a large number of
categorical variables in the models. Therefore, not all imputations were performed
separately by treatment arm; details of the simplifications are provided in the

results section (section 4.5).
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Re-categorising variables to enhance the robustness

In all statistical models, the certainty around estimates increases with increasing
sample size. Similarly, the estimates of categorical variables, which are always
compared to a reference category are more robust if there are sufficient numbers
within this reference category. Models may also fail if low counts in the reference
category lead to perfect prediction, of if insufficient numbers are available to
determine a regression coefficient. The mi impute command in Stata chooses the
reference category by default, and there was no option to change this reference
category within the command at the time this thesis was written. Therefore, a
decision was made to change the order of the categories manually, where required.
Of course, the categories need to maintain clear ranking, i.e. maintain the
characteristics that define them as ordinal variables if they are used as the
dependent variables in the imputation model based on an ordinal logit model (i.e.
the PROMs items measured at follow-up). For this reason, the items could not
simply be re-categorised to ensure the highest number of counts would be in the
reference category; instead, data in the base case dataset was investigated and
where the category with the lowest numeric code (i.e. the variable to be used as
the default reference category) had lower counts than then category with the
largest numeric code, the <coding of the variable was inversed.
For other categorical covariates, such as baseline items or ASA grade in the
simulations considered within this chapter, the ordinal structure of the variables
does not need to be maintained, and the data can be re-categorised to ensure the

highest counts fall into the reference categories.
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Some of the proposed steps to increase convergence are applicable to all imputation
models (i.e. re-categorising variables and allowing occasional instances of non-
convergence). However, other suggestions, such as running imputations jointly for both
treatments arm, or reducing the amount of covariates in the model (thus possibly reducing
its predictive power), may affect the performance of the imputation model. Consequently,
a balance needs to be struck between making compromises in the set-up of the MI model
while achieving suitable convergence of the model. The choice in approaches depends on
the data available, as well as the researcher’s opinion on which components are

indispensable for the imputation of missing data.

178



4.4.6.5 Skipping simulations with insufficient missing data

The generation of missing data within these simulation models depends on the use of
random numbers. While the overall percentage of missing data is, on average, equal to
that specified in the simulation models, the actual percentage of cases with missing data
differs slightly between simulations, and may fall slightly above or below the specified
percentage, due to the use of random numbers.

In the analyses reported here, in some simulations for small sample sizes (n = 100) and low
percentages of missing data (5%), no unit-nonresponse missing data was generated by
chance. This caused problems with the simulation Ml code especially for the item
imputation, as the code expected some missing data in all variables to be imputed.

Therefore, these scenarios were replaced with another draw.
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4.5 Results from the simulation study

4.5.1 Number of imputations used for each simulation scenario

Table 4-5 provides an overview of the number of imputations used for each simulation. For

the simulations of primary interests, i.e. those utilising the observed missing data patterns

and observed data, 50 imputations were used for all Ml models to impute composite scores

and/or subscales, as well as for the base case item imputation models. Generally, item

imputations for the lower sample sizes were in line with the percentage of data simulated

to be missing. This principle was applied to all simulations considering a unit-nonresponse

patterns for the OKS, and 10 imputations were used for the simulations considering the

dataset with a simulated five point treatment effect in the OKS.

Table 4-5: Overview of number of imputations used in the different simulation scenarios

Score Subscale Item imputation
imputation imputation Base cases Lower sample
(all) (all) sizes

OKS — observed 50 50 50 In line with %

missing data of data missing
patterns

OKS — unit- In line with % | In line with % | In line with % | In line with %
nonresponse of data missing | of data missing | of data missing | of data missing
OKS - 70% item 50 50 In line with % | In line with %
nonresponse of data missing | of data missing
OKS — five point 10 10 10 10

treatment effect

EQ-5D-3L—complex | 50 N/A 50 In line with %
simulations of data missing
EQ-5D-3L — 50 N/A 50 In line with %
simplified of data missing
simulations

SF-12 — complex N/A 50 50 In line with %
simulations of data missing
SF12 - simplified N/A 50 50 In line with %
simulations of data missing
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4.5.2 Feasibility of the simulation models

Valid simulation results have been obtained for all simulation models imputing data at the
composite score and subscale level. However, the complexity of the item MI models was
magnified, as discussed above, and therefore increased levels of non-convergence were
observed. To achieve improved convergence rates of the models, the following
simplifications were applied:

e OKS: baseline PROMs items were excluded from the MI models, and the MI model
was not run separately by treatment arm; instead, the treatment variable was
added into the MI model as a covariate

e EQ-5D-3L: Two simulations were run, both separately by treatment arm; one
simulation included baseline PROM items, the other excluded them. Results from
the different models were compared.

e SF-12: baseline PROMs items were excluded from the MI model. Two simulations
were run — one separately by treatment arm, one including the treatment variable

in the MI model as covariate. Results from the different models were compared.
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Table 4-6 to Table 4-13 show the percentage and number of simulations during which the
imputation models failed to converge, together with the number of valid results obtained
using the conditions lined out in section 4.4.6.4. A maximum of 11,000 simulations were

run to replace simulations that did not converge.

It can be observed that increased instances of non-convergence are encountered both with
decreasing sample size and increasing percentages of missing data for every given item Ml
model. These results indicate that complex Ml at the item level may not be practically
feasible in such scenarios. Simulations skipped due to insufficient missing data (only up to
0.45% for the OKS scenario of a sample size of 100 and 5% of missing data), are not shown
separately.

In Table 4-6 to Table 4-9, the convergence rates for the item imputations of the different
OKS scenarios can be seen. Table 4-7 shows the convergence rates for the OKS imputations,
whereby the missing data follows the observed missing data patterns, i.e. approximately
73% of the missing data are due to unit-nonresponse. All missing data follows a unit-non-
response mechanism in the data underlying the simulations presented in Table 4-6. It can
be seen that non-convergence rates are lower in the latter scenario. It is possible that for
the unit-nonresponse scenarios, the imputation model converges more easily as all missing
data follow the same patterns and the ordinal logit models are therefore more predictive
of the outcomes to be imputed. Table 4-8 shows the convergence rate under a simulation
of 70% item nonresponse. Convergence rates are similar to those observed in the OKS
simulations using the observed missing data patterns.

Table 4-9 shows the convergence rate when a five point treatment difference in terms of
the OKS is simulated; the treatment effect for the patellar comparison in the KAT trial at

five years was less than one point and statistically non-significant®>. Non-convergence rates
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here are higher than in the original simulations. The reason for this is likely to be related to
the fact that by increasing five item scores by one point each, the counts within the lower
item categories decrease, thus leading to convergence problems within the ordinal logit

models.
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Table 4-6: Percentage of imputation models that failed to converge (and number of valid results

obtained) for the item imputations: OKS simulations

Sample size
% of cases with 100 200 500 1030
missing data

5% 88.22% 40.08% 21.63% 0.99%
(1,000) (1,000) (1,000) (1,000)
10% 95.62% 50.67% 24.87% 3.94%
(481) (1,000) (1,000) (1,000)
20% 99.76%* 64.48% 27.80% 12.51%
(59) (1,000) (1,000) (1,000)
40% 100%** | 99.65%* 41.42% 28.01%
(0) (38) (1,000) (1,000)

*The simulation was stopped after the initial 11000 iterations; for these scenarios, 1000
valid simulations are not available.
**No valid results were obtained.

Table 4-7: Percentage of imputation models that failed to converge (and number of valid results
obtained) for the item imputations: OKS unit-nonresponse simulations

Sample size
% of cases with 100 200 500 1030
missing data

5% 89.69% 22.72% 8.84% 0%
(1,000) (1,000) (1,000) (1,000)
10% 95.32%* 25.21% 9.34% 0.10%
(515) (1,000) (1,000) (1,000)
20% 99.55%* 32.11% 11.03% 0.40%
(50) (1,000) (1,000) (1,000)
40% 100%** 59.95% 15.97% 3.75%
(0) (1,000) (1,000) (1,000)

*The simulation was stopped after the initial 11000 iterations; for these scenarios, 1000

valid simulations are not available.

**No valid results were obtained.
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Table 4-8: Percentage of imputation models that failed to converge (and number of valid results
obtained) for the item imputations: OKS 70% item non-response simulations

Sample size
% of cases with 100 200 500 1030
missing data

5% 87.95% 35.44% 20.00% 0.70%
(1,000) (1,000) (1,000) (1,000)
10% 94.07%* 45.62% 23.37% 1.57%
(652) (1,000) (1,000) (1,000)
20% 99.12%* 56.95% 27.48% 5.21%
(97) (1,000) (1,000) (1,000)
40% 99.99%* 78.38% 28.57% 10.39%
(1) (1,000) (1,000) (1,000)

*The simulation was stopped after the initial 11000 iterations; for these scenarios, 1000
valid simulations are not available.
**No valid results were obtained.

Table 4-9: Percentage of imputation models that failed to converge (and number of valid results
obtained) for the item imputations: OKS simulations with five point treatment difference

Sample size
% of cases with 100 200 500 1030
missing data

5% 82.50% 54.15 42.46% 24.30%
(1,000) (1,000) (1,000) (1,000)
10% 92.17%* 59.89% 43.57% 30.60%
(861) (1,000) (1,000) (1,000)
20% 99.30%* 65.75% 45.12% 40.97
(77) (1,000) (1,000) (1,000)
40% 100%** | 95.34%* 53.70% 47.75%
(0) (513) (1,000) (1,000)

*The simulation was stopped after the initial 11000 iterations; for these scenarios, 1000
valid simulations are not available.
**No valid results were obtained.
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Table 4-10 and Table 4-11 show the non-convergence rates for the EQ-5D-3L item level
imputations. Initially, item level imputations included baseline items as explanatory
variables, as they were thought to be important to predict items at the follow-up time
point. However, convergence rates of the models were low, especially for sample sizes of
200 or less (see Table 4-10), and therefore further simulations were run where the baseline
items were excluded from the imputation model (Table 4-11). Both simulations run

imputations separately by treatment arm.

Table 4-10: Percentage of imputation models that failed to converge (and number of valid
results obtained) for the item imputations: EQ-5D-3L simulations adjusting for baseline items
and running simulations separately by treatment arm

Sample size
% of cases with 100 200 500 1160
missing data
5% 99.56%* 63.13% 13.79% 0.79%
(96) (1,000) (1,000) (1,000)
10% 99.93%* 74.13% 17.08% 3.57%
(8) (1,000) (1,000) (1,000)
20% 100%** 92.19% 22.78% 10.71%
(0) (1,000) (1,000) (1,000)
40% 100%** | 99.89%* 40.12% 18.96%
(0) (12) (1,000) (1,000)

*The simulation was stopped after the initial 11000 iterations; for these scenarios, 1000
valid simulations are not available.
**No valid results were obtained.
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Table 4-11 Percentage of imputation models that failed to converge (and number of valid
results obtained) for the item imputations: EQ-5D-3L simulations — simplified — no baseline
items included

Sample size
% of cases with 100 200 500 1160
missing data

5% 72.10% 19.87% 11.19% 0.30%
(1,000) (1,000) (1,000) (1,000)
10% 83.75% 25.48% 14.24% 1.86%
(1,000) (1,000) (1,000) (1,000)
20% 94.40%* 45.30% 17.29% 6.80%
(616) (1,000) (1,000) (1,000)
40% 99.86%* 85.56% 23.55% 17.36%
(15) (1,000) (1,000) (1,000)

*The simulation was stopped after the initial 11000 iterations; for these scenarios, 1000
valid simulations are not available.

Table 4-12 and Table 4-13 show the non-convergence rates for the SF-12 item level
imputations. Imputations including the baseline items were found to be infeasible and are
not presented here. Table 4-12 shows results for the imputations when the imputation
models were run separately by treatment arm. Due to issues with non-convergence, the
imputation model was simplified to include the treatment variable as a categorical variable
(Table 4-13), instead of running imputations separately by treatment arm. This improved
convergence of the models; however, sufficient numbers of results could not be obtained
for simulations with a sample size of 100, and the scenario with 40% of missing data for a

sample size of 200.
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Table 4-12: Percentage of imputation models that failed to converge (and number of valid
results obtained) for the item imputations: SF-12 simulations

Sample size
% of cases with 100 200 500 797
missing data
5% 100%** | 99.42%* 51.53% 4.58%
(0) (56) (1,000) (1,000)
10% 100%** | 99.94%* 72.78% 9.99%
(0) (7) (1,000) (1,000)
20% 100%** 100%** 90.84% 29.58%
(0) (0) (1,000) (1,000)
40% 100%** 100%** | 99.71%* 81.08%
(0) (0) (32) (1,000)

*The simulation was stopped after the initial 11000 iterations; for these scenarios, 1000
valid simulations are not available.
**No valid results were obtained.

Table 4-13: Percentage of imputation models that failed to converge (and number of valid
results obtained) for the item imputations: simplified SF-12 simulations, i.e. imputations not
run separately by treatment arm

Sample size
% of cases with 100 200 500 797
missing data

5% 91.87%* 52.06% 3.47% 0%
(663) (1,000) (1,000) (1,000)
10% 98.17%* 69.58% 6.28% 0.20%
(198) (1,000) (1,000) (1,000)
20% 99.85%* 87.19% 12.82% 1.09%
(16) (1,000) (1,000) (1,000)
40% 100%** | 99.28%* 34.73% 8.42%
(0) (79) (1,000) (1,000)

*The simulation was stopped after the initial 11000 iterations; for these scenarios, 1000

valid simulations are not available.

**No valid results were obtained.

Simulations vyielding fewer than 1000 valid results are excluded from the following

comparisons.
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4.5.3 Comparison of the different Ml approaches

In this section, the results of the different imputation approaches are presented. Mostly,
the comparisons focus on the RMSE, and the presentation of the standard errors (SEs) of
these estimates compared to those from the full dataset without any missing data. The
graphs show the RMSE (or SEs) on the y-axis. The x-axis shows the different sample size
scenarios simulated, and the differently shaded lines on the graphs represent results for
the different approaches to handling missing data, i.e. Ml at the composite score level,
subscale level (where appropriate) and item level. For the RMSE of the treatment
coefficients, the RMSEs for a CCA are also shown. Separate graphs present the different
percentages of missing data that were simulated. Similar graphs showing summaries of the
MAE for the different Ml approaches are shown in Appendix 8.

A trend that can be observed in all of the results is that the RMSE (and MAE) increases with
increasing percentages of missing data, as well as with decreasing sample size. This again
emphasises the importance of preventing the occurrence of missing data prospectively?.

Results for the different PROMs measures and Ml approaches are presented below.

4.5.3.1 Results for the OKS simulations — using the observed missing data patterns

In this section, the results for the different imputation approaches for missing OKS at five
years are presented. Different simulation scenarios varying the sample size and overall
percentage of missing data are considered, based on the missing data patterns shown in

Table 4-1.
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Considering the OKS composite score estimates

Table 4-14 shows the simulation results for the OKS scenario base cases, i.e. a sample size
of 1030. For each scenario considering a different proportion of missing data, the smallest
RMSE and MAE is highlighted in bold. Generally, for this sample size there is little difference
in the RMSEs and MAEs between Ml at the composite score, subscale and item level, with
a very small advantage of Ml at the subscale level for all scenarios. Differences between
the different approaches are amplified as the proportion of missing data increases.

The OKS scoring manual recommends the mean item imputation for up to two missing
items; scores cannot be calculated if more than two items are missing®2. Similarly, one
missing item for subscales can be substituted via mean imputation. In this simulation, the
scoring manual was followed, but a variation of the simulations was also run whereby
composite scores and subscales were considered missing when any items were
unavailable.

It can be seen that marginally more accurate results are obtained for the composite score
imputation for 5% and 10% of missing data when following the scoring manual. However,
for scenarios of 20% of missing data or more, better results are achieved when not using
item mean imputation. When imputing at the subscale level, not utilising mean imputation
always results is slightly lower bias in terms of RMSE and MAE.

As mentioned above, the differences observed between the true OKS values and those
obtained from the various imputation approaches are small. The maximum differences
displayed in Table 4-14 are less than one point on the OKS, which ranges from 0 to 48. The
observed differences are lower than the between group minimal important difference and

the smallest possible detectable change, which are estimated to be five and four points,
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respectively!?, and are therefore unlikely to be clinically relevant. The potential impact of

these differences on the trial results is further discussed in section 4.6.1.
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Table 4-14: Estimated OKS, RMSE and MAE for the OKS base case simulations (sample size =
1030): results and bias introduced for the PROMs composite score estimates

Mean SE MAE RMSE
True OKS 34.686 0.325
5% missing data
Score imputation - in line with scoring manual 34.707 0.333 0.0611 0.0756
Score imputation - no mean imputation 34.690 0.336 0.0667 0.0836

Subscale imputation - in line with scoring manual | 34.710 0.333 0.0609 0.0760

Subscale imputation - no mean imputation 34.686 0.334 0.0581 0.0724

Iltem imputation 34.761 0.332 0.0853 0.1040

10% missing data

Score imputation - in line with scoring manual 34.734 0.342 0.0927 0.1145

Score imputation - no mean imputation 34.697 0.347 0.0989 0.1227

Subscale imputation - in line with scoring manual | 34.737 0.341 0.0929 0.1139

Subscale imputation - no mean imputation 34.687 0.342 0.0831 0.1038

Item imputation 34.824 0.339 0.1485 0.1750

20% missing data

Score imputation - in line with scoring manual 34.799 0.360 0.1573 0.1958

Score imputation - no mean imputation 34.718 0.373 0.1546 0.1924

Subscale imputation - in line with scoring manual | 34.810 0.359 0.1640 0.2021

Subscale imputation - no mean imputation 34.691 0.361 0.1302 0.1628

Item imputation 34.897 0.358 0.2427 0.2854

40% missing data

Score imputation - in line with scoring manual 35.015 0.412 0.3649 0.4380

Score imputation - no mean imputation 34.813 0.456 0.3114 0.3902

Subscale imputation - in line with scoring manual | 35.043 0.407 0.3833 0.4559

Subscale imputation - no mean imputation 34.695 0.412 0.2379 0.2966

Item imputation 34.812 0.423 0.3889 0.4793

Figure 4-2 shows the RMSE introduced into the estimate of the OKS composite score
following the different Ml approaches. It can be observed that imputation at the composite

score and subscale level perform similarly in terms of RMSE. For larger proportions of
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missing data, and smaller samples, imputation at the item level introduces more bias than
the alternative MI approaches. Of note, a dip in the RMSE for the item imputation
simulation scenario of 5% missing data and a sample size of 100 is shown in the graph. This
is likely to be related to the high failure rate for these imputations (almost 90%); this
resulted in a very selective sample being used, which differs from those for imputation at
the composite score and item level by a lower mean OKS. Therefore, the observed dip is
likely to be a consequence of the selective sampling, rather than a true benefit of Ml at the
item level. Similar features can be observed for the other simulation scenarios.
Insufficient results have been obtained for the item imputation for a sample size of 100,
with 20% and 40% of missing data, as well as for the scenario considering a sample size of
200 with 40% of missing data.

The MAE, plots shown in Appendix 8.1 confirm these findings.
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Figure 4-2: RMSE in the OKS composite score estimates
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Figure 4-3 shows the SEs associated with the OKS composite score estimates following the
different imputation approaches compared to the true SE, shown in black. SE estimates for
the different imputation approaches are similar to the true estimates for 5% and 10% of
missing data, but the Ml estimates are larger compared to the true SE for 20% and 40% of
missing, to account for the uncertainty around the imputed values. The SE estimates for
the MI at the item level are slightly larger than those for the imputation at the composite
score or subscale level for large proportions of missing data, where available. SEs for the

subsequent simulation scenarios show similar patterns and are not shown separately.
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194



Considering the treatment coefficient for the regression on the OKS composite score

estimates

Table 4-15 shows the base case simulation results for the estimates of the treatment effect
obtained from the different Ml approaches of handling missing data in the simulation
dataset. Again, differences in terms of the RMSE and MAE are small for this sample size.
Here, however, the treatment coefficients are marginally more accurately estimated when
using item imputation. Also, in these scenarios, using mean imputation by following the
scoring manual offers marginally better results than imputing at the composite score and
subscale level. CCA performs similarly to the other approaches.

As for the composite score simulation results, the biases introduced in the estimates for
the treatment coefficients (i.e. treatment effects) produced by the various approaches to
handling missing data are small. The biggest bias observed is 0.2 (CCA for 40% missing
data). Again, this difference is unlikely to be clinically relevant, as it much lower than the
between group minimal important difference and the smallest possible detectable change,
which are estimated to be five and four points, respectively!?. The potential impact of these

differences on the trial results is further discussed in section 4.6.1.
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Table 4-15: Estimated treatment coefficients, RMSE and MAE for the OKS base case simulations
(sample size = 1030): results and bias introduced for the treatment coefficient in the linear
regression mode

Mean SE MAE RMSE
True treatment coefficient 0.456 0.619
5% missing data
Score imputation - in line with scoring manual 0.452 0.635 0.1233 0.1551
Score imputation - no mean imputation 0.455 0.641 0.1414 0.1793

Subscale imputation - in line with scoring manual | 0.447 0.635 0.1214 0.1526

Subscale imputation - no mean imputation 0.457 0.636 0.1236 0.1550
Item imputation 0.466 0.632 0.1189 0.1501
Complete case analysis 0.468 0.634 0.1207 0.1521

10% missing data

Score imputation - in line with scoring manual 0.455 0.653 0.1739 0.2208

Score imputation - no mean imputation 0.463 0.665 0.2014 0.2522

Subscale imputation - in line with scoring manual | 0.446 0.652 0.1724 0.2167

Subscale imputation - no mean imputation 0.464 0.653 0.1750 0.2208
Item imputation 0.482 0.647 0.1665 0.2117
Complete case analysis 0.489 0.651 0.1707 0.2180

20% missing data

Score imputation - in line with scoring manual 0.459 0.692 0.2709 0.3360

Score imputation - no mean imputation 0.466 0.720 0.3128 0.3898

Subscale imputation - in line with scoring manual | 0.443 0.691 0.2651 0.3270

Subscale imputation - no mean imputation 0.476 0.693 0.2721 0.3374
ltem imputation 0.511 0.684 0.2610 0.3211
Complete case analysis 0.539 0.690 0.2644 0.3287

40% missing data

Score imputation - in line with scoring manual 0.458 0.801 0.4691 0.5800

Score imputation - no mean imputation 0.464 0.895 0.5910 0.7365

Subscale imputation - in line with scoring manual | 0.415 0.792 0.4576 0.5703

Subscale imputation - no mean imputation 0.477 0.800 0.4904 0.6061
Item imputation 0.625 0.786 0.4356 0.5394
Complete case analysis 0.653 0.793 0.4476 0.5472
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Figure 4-4 shows the RMSE introduced into the treatment coefficients in the regression
model on the imputed OKS composite scores, as well as from a CCA. All approaches to
handling missing data performed similarly, with a very subtle advantage of CCA in terms of
RMSE for 40% of missing data and small samples. The MAE, plots shown in Appendix 8.1

confirm these findings.
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Figure 4-4: RMSE in the treatment coefficient estimates using the imputed OKS composite scores
as the outcome variable in the regression model

Figure 4-5 shows the SEs associated with the treatment coefficient estimates for the
different approaches to handling missing data, with the true SEs shown in black.
Departures from the true SE estimates can be observed for larger proportions of missing

data, and the SEs observed for the Ml approaches are similar to those obtained from CCA.
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SE of the estimated treatment coefficients
using the observed missing data pattern
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Figure 4-5: SE of the treatment coefficient using the imputed OKS composite scores as the
outcome variable in the regression model
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4.5.3.2 Results for the OKS simulations — simulating a unit nonresponse MAR mechanism

This section shows results for the different imputation approaches applied to the OKS
under a unit-nonresponse MAR mechanism. For this scenario, convergence rates are
improved compared to the simulations discussed in section 4.5.3.1; yet results for the item
imputation for the simulations of a sample size of 100 and 20%, as well as 40% of missing

data are not available due to non-convergence.

Considering the OKS composite score estimates

Figure 4-6 shows the RMSE introduced into the estimate of the OKS composite score under
a unit nonresponse MAR mechanism. The different imputation approaches yield very
similar results throughout almost all of the different simulation scenarios. However, more
bias is introduced into the results when item imputation is used in small sample sizes and
large proportions of missing data, i.e. in the scenario of 40% of missing data and a sample

size of 200. The MAE plots shown in Appendix 8.1 confirm these findings.
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RMSE of the estimated OKS composite scores

Unit-nonresponse simulations

5% MAR 10% MAR

16 2
156 2

RM SE [composite score)
511
RM SE (composite score)

1

3
{3

> g

o
b . e

0

""“-’-_._____ &
hd L 4
T T

0 200 400 600 800 1000 0 200 400 600 800 1000
Sample size of the simulation dataset Sample size of the simulation dataset

0

20% MAR 40% MAR

8 &
8 &

3

0
o 5

— .

0 200 400 600 800 1000 0 200 400 600 800 1000
Sample size of the simulation dataset Sample size of the simulation dataset

RMSE [composite score)
1

RMSE (composite score)
1
*

—&— ScoreMI| ----4--- Subscale Ml —-%—- [tem MI

Figure 4-6: RMSE in the OKS composite score estimates (unit-nonresponse simulations)
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Considering the treatment coefficient for the regression on the OKS estimates

Figure 4-7 shows the RMSE introduced into the treatment coefficient through the different
approaches of handling missing data. All approaches yield very similar results for all sample
size scenarios and up to 20% of missing data. Under a unit-nonresponse scenario, there is
a small benefit of item imputation and CCA over imputation at the composite score and
subscale level for sample sizes of 500 or less with 40% missing data. The MAE plots shown

in Appendix 8.1 confirm these findings.
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Figure 4-7: RMSE in the treatment coefficient estimates using the imputed OKS as the outcome
variable in the regression model (unit-nonresponse simulations)
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4.5.3.3 Results for the OKS simulations — simulating 70% item missingness

This section shows results for the different imputation approaches applied to the OKS when
70% of missing data is due to item-nonresponse. For this scenario, results for the item
imputation for the simulations combining a sample size of 100 with 20% and 40% of missing

data are not available due to non-convergence.

Considering the OKS composite score estimates

Figure 4-8 shows the RMSE introduced into the estimate of the OKS composite score in the
presence of 70% item-nonresponse. The different approaches perform similarly for large
sample sizes and small amounts of missing data. However, for larger proportions of missing
data, there appears to be an advantage of imputation at the subscale level over imputation
at the composite score level, possibly because imputation at the subscale can utilise
information that is discarded in Ml at the composite score level. Item imputation appears
to perform worse than the two alternative methods for combinations of large proportions
of missing data and small sample sizes. The MAE plots shown in Appendix 8.1 confirm these

findings.
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RMSE of the OKS composite score estimates
70% item-nonresponse simulations
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Figure 4-8: RMSE in the OKS composite score estimates (70% item non-response simulations)
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Considering the treatment coefficient for the regression on the OKS estimates

Figure 4-9 shows the RMSE introduced into the treatment coefficient through the different
approaches of handling missing data. Here, both imputation at the item and subscale level
yield less bias in terms of RMSE compared to Ml at the composite score level and CCA. The

MAE plots shown in Appendix 8.1 confirm these findings.
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Figure 4-9: RMSE in the treatment coefficient estimates using the imputed OKS as the outcome
variable in the regression model (70% item missingness simulations)

204



4.5.3.4 Results for the OKS simulations — introducing a five point treatment effect

This section shows results for the different imputation approaches applied to the OKS after
simulating a five point treatment effect in the base case dataset. For this scenario,
insufficient results for the item imputation are available for all simulations combining 10%
of missing data or more and a sample size of 100, as well as the scenario considering 40%

of missing data in a sample of 200.

Considering the OKS composite score estimates

Figure 4-10 shows the RMSE introduced into the estimate of the OKS composite score
when the treatment difference between the groups has been increased to five points.
Here, imputation at the item level performs notably worse than the other approaches in
terms of RMSE for sample sizes of 500 of less. The MAE plots shown in Appendix 8.1

confirm these findings.
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RMSE of the estimated OKS composite scores
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Figure 4-10: RMSE in the OKS composite score estimates (introducing a five point treatment
effect)
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Considering the treatment coefficient for the regression on the OKS estimates

Figure 4-11 shows the RMSE introduced into the treatment coefficient through the
different approaches of handling missing data. For 10% of missing data or more, there is a
disadvantage when imputing at the item level compared to imputation at the composite
score or subscale level and CCA. However, these differences in bias decrease with

decreasing sample size. The MAE plots shown in Appendix 8.1 confirm these findings.
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Figure 4-11: RMSE in the treatment coefficient estimates using the imputed OKS as the outcome
variable in the regression model (introducing a five point treatment effect)
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4.5.3.5 Results for the OKS simulations — Comparing scoring in line with the scoring manual

versus no mean imputations

This section compares the bias introduced into the results when either following the OKS
scoring manual, whereby up to two items can be replaced by the mean of the available
items vs. not using mean imputation (i.e. classifying composite scores as missing when one

or two missing items are unavailable).

Considering the OKS composite score estimates

In terms of RMSE, there is little difference between following the scoring manual versus
not applying any mean imputation when multiply imputing at the composite score level,
perhaps with the exception of 20% and 40% of missing data in a sample size of 100, where
following the scoring manual provides marginally better results (Figure 4-12). Considering
imputations at the subscale level, avoiding mean imputations offers a benefit for

combinations of 40% of missing data and sample sizes of 200 and above (Figure 4-13).
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Figure 4-12: RMSE in the OKS composite score estimates comparing the effect of following the
scoring manual vs. not using mean imputation for Ml at the composite score level (using the

observed missing data patterns)
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RMSE of the estimated OKS subscales
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Figure 4-13: RMSE in the OKS composite score estimates comparing the effect of following the
scoring manual vs. not using mean imputation for Ml at the subscale level (using the observed

missing data patterns)
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Considering the treatment coefficient for the regression on the OKS estimates

The above observed effect is reversed, with the treatment coefficients for 40%, as well as
for combinations of 20% of missing data and small sample sizes being more accurately
estimated when the scoring manual is followed when Ml was performed at the composite
score level (Figure 4-14), but little difference being observed when Ml is applied to the
subscale level (Figure 4-15).

The graphs showing the MAE are presented in Appendix 8.1, and confirm these findings.
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Figure 4-14: RMSE in the treatment coefficient estimates comparing the effect of following the
scoring manual vs. not using mean imputation for Ml at the composite score level (using the
observed missing data patterns)
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RMSE of the estimated treatment coefficient (OKS)
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Figure 4-15: RMSE in the treatment coefficient estimates comparing the effect of following the
scoring manual vs. not using mean imputation for Ml at the subscale level (using the observed
missing data patterns)
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4.5.3.6 Results for the EQ-5D-3L simulations

This section examines the comparative performance of Ml at the composite score vs. item
level when applied to the EQ-5D-3L. The main portion of this section focuses on the results

obtained from the simplified EQ-5D-3L item imputation model.

Considering the EQ-5D-3L composite score estimates

Table 4-16 shows the mean EQ-5D-3L composite scores, their SEs, together with the MAR
and RMSE for the base case simulations. For 10% of missing data, the composite scores are
slightly overestimated for imputations at the composite score and underestimated for
imputations at the item level, with differences becoming more pronounced as the
proportion of missing data increases. Comparable standard errors are produced by both
imputation approaches.

Here, imputation at the composite score level consistently performs better than
imputation at the item level in terms of MAE and RMSE. The differences in bias are very
small overall, but become more pronounced with increasing amounts of missing data

within the dataset.
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Table 4-16: Estimated EQ-5D-3L composite score, RMSE and MAE for the EQ-5D-3L base case
simulations (sample size = 1160): results and bias introduced for the composite score estimates
EQ-5D-3L base cases Mean SE MAE RMSE

True EQ-5D-3L 0.709 0.008

5% missing data

Score imputation 0.709 0.008 0.0014 0.0017

Iltem imputation 0.708 0.008 0.0015 0.0019

10% missing data

Score imputation 0.710 0.008 0.0020 0.0025

Iltem imputation 0.707 0.008 0.0026 0.0032

20% missing data

Score imputation 0.710 0.008 0.0031 0.0039

Iltem imputation 0.705 0.009 0.0050 0.0059

40% missing data

Score imputation 0.711 0.010 0.0054 0.0068

Item imputation 0.698 0.011 0.0111 0.0126

Following on from the base cases presented in Table 4-16, Figure 4-16 shows the RMSE
introduced into the estimate of the EQ-5D-3L composite score following the two
imputation approaches. Very little difference can be observed for the performance of
either imputation approach for 5% of missing data for any sample size. It can be observed
that the lines indicating the RMSE drift further apart both with decreasing sample size and
increasing proportions of missing data, showing that the comparative benefits of
imputation at the composite score level increase in these scenarios. The MAE, plots shown

in Appendix 8.2 confirm these findings.
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RMSE of the estimated EQ-5D-3L composite scores
Simplified EQ-5D-3L imputations
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Figure 4-16: RMSE in the EQ-5D-3L composite score estimates

Figure 4-17 shows the SEs associated with the EQ-5D-3L estimates for the different

simulation scenarios, with the true SEs shown in black. SEs for all sample sizes appear

similar for low proportions of missing data. However, the SEs for the imputation

approaches is larger than the true SE for larger proportions of missing data, to account for

the uncertainty around the imputed data. Imputation at the item level produces larger SEs

than imputation at the composite score level.
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SE of the estimated EQ-5D-3L composite scores
Simplified EQ-5D-3L imputations

= 5% MAR

o8

® <

(=]

o 0

[ .\’\’\.

o

Lo

L T T T T

w 0 500 ~ 1000 1500
Sample size of the simulation dataset

T 20% MAR

O w

=]

L=

o

o 0

£E= M

o

Lo

L T T T T

i 0 1500

Sample size of the simulation dataset

z 10% MAR

08

® <

(=]

o0

o

Lo

L T T T T

w 0 500 ~ 1000 1500
Sample size of the simulation dataset

T 40% MAR

O ep

=]

L=

o

o0 ——

£ = Tee———

o

Lo

L T T T T

e 1000 1500

Sample size of the simulation dataset

—&— True SE

—&— SE - score Ml

——& —- SE - item MI

Figure 4-17: SE of the EQ-5D-3L composite score estimates
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Considering the treatment coefficient for the regression on the EQ-5D-3L estimates

Table 4-17 shows the mean regression coefficients, their SEs as well as the MAR and RMSE
associated with the estimates for the base case simulations. The mean coefficient
estimates for the imputation at the composite score level averaged over the 1,000
simulations is closest to the actual EQ-5D-3L, however, individual results from each
imputation at the composite score level are slightly more biased that those based on
imputation at the item level or CCA, as indicated by the RMSEs and MAEs. Bias introduced
into the treatment coefficient in terms of the MAR and RMSE indicate that for up to 10%
of missing data, the different imputation approaches perform similarly, but CCA provides
a small benefit over the imputation approaches for larger proportions of missing data in

this scenario.
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Table 4-17: Estimated treatment coefficients, MAE and RMSE for the EQ-5D-3L base case
simulations (sample size = 1160): results and bias introduced for the treatment coefficient in
the linear regression model

EQ-5D-3L base cases Mean SE MAE RMSE

True EQ-5D-3L

treatment coefficient 0.014 0.015

5% missing data

Score imputation 0.014 0.015 0.0028 0.0035
Item imputation 0.014 0.015 0.0027 0.0034
Complete case analysis 0.014 0.015 0.0027 0.0034

10% missing data

Score imputation 0.014 0.016 0.0041 0.0051
Item imputation 0.013 0.016 0.0040 0.0049
Complete cases 0.015 0.016 0.0040 0.0050

20% missing data

Score imputation 0.014 0.017 0.0060 0.0075
Iltem imputation 0.012 0.017 0.0062 0.0077
Complete case analysis 0.015 0.016 0.0057 0.0071

40% missing data

Score imputation 0.014 0.019 0.0100 0.0125
Iltem imputation 0.011 0.021 0.0104 0.0131
Complete case analysis 0.017 0.019 0.0093 0.0115
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Figure 4-18 shows the RMSE introduced into the treatment coefficient in the regression
model on the EQ-5D-3L scores obtained via the different imputation approaches, as well
as from a CCA. This figure shows that all three approaches provide similar results for the
scenarios with 5% and 10% of missing data. For 20% of missing data, an increased level of
bias in the RMSE can be observed for a sample size of 200 for the item imputation, and Ml
at the item level performs worse than the other two approaches for a sample size of 200
and 500 when 40% of MAR data are simulated. A number of insufficient valid results were
obtained for the item level imputation simulations for a sample size of 100 for 20% or more

missing data. The MAE, plots shown in Appendix 8.2 confirm these findings.

RMAE of the estimated treatment coefficients
Simplified EQ-5D-3L imputations

5% MAR 10% MAR

02 .04 .06
02 04 06

Peno

i - —_— —_—— PN

]
0

0 200 400 600 800 1000 1200

RMSE (treatment coefficient)

200 400 600 800 1000 1200

=

RM SE (treatment coefficient)

Sample size of the simulation dataset Sample size of the simulation dataset
= =
- 20% MAR = 40% MAR
58 58
3 3
£33 23 *. =
£ * £ N
5O \&::_:-__ R S
£ T s B
go T T T T T T T % < T T T T T T T
= 0 200 400 600 800 1000 1200 = 0 200 400 GO0 800 1000 1200
' Sample size of the simulation dataset id Sample size of the simulation dataset

—&— Score M| ——&—- ltem MI CCA

Figure 4-18: RMSE in the treatment coefficient estimates using the imputed EQ-5D-3L as the
outcome variable in the regression model

Figure 4-5 shows the SEs associated with the treatment coefficient estimates for the

difference simulation scenarios, with the true SEs shown in black. Larger SEs are produced
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for larger proportions of missing data in both imputation approaches, as well as the CCA.

Imputation at the composite score level and CCA produce similar SEs, while the SEs for the

imputation at the item level are slightly larger.
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Figure 4-19: SE of the treatment coefficient using the imputed EQ-5D-3L as the outcome variable

in the regression model
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4.5.3.7 Results for the EQ-5D-3L simulations — comparison of the complex and simplified

item-level imputations

The item imputation simulation for the EQ-5D-3L were run using a complex model
adjusting also for baseline items, as well as due to issues with non-convergence, their
simplified versions not adjusting for baseline items. Both imputation models were adjusted
for baseline EQ-5D-3L composite score as well as relevant baseline characteristics, and run
separately by treatment arm. Here, the bias introduced into both models is compared
where 1,000 valid results were obtained.

Figure 4-20 shows the different RMSE in the EQ-5D-3L composite scores when using the
complex and simplified imputation model. It can be observed that the more complex model

introduces a higher level of bias.
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Figure 4-20: RMSE in the EQ-5D-3L composite score estimates — comparing the complex and
simplified item imputation model
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Figure 4-21 shows the RMSE in the treatment coefficient estimates. Here, very little
difference can be observed between the two approaches; the more complex model does
not offer an advantage over the simplified item MI model, but yields more convergence

problems. The graphs for the MAE, shown in Appendix 8.2 support these findings.
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Figure 4-21: RMSE in the treatment coefficient estimates using the imputed EQ-5D-3L as the
outcome variable in the regression model — comparing the complex and simplified item
imputation model
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4.5.3.8 Results for the SF-12 simulations

This section examines the comparative performance of Ml at the subscales vs. item level
in terms of bias introduced into composite scores and treatment coefficients when applied
to the SF-12. The main portion of this section focuses on the results obtained from the
simplified SF-12 item imputation model, i.e. the imputations not performed separately by

treatment arm.

Considering the SF-12 composite score estimates

Table 4-18 and Table 4-19 show the mean SF-12 composite scores, their SEs, together with
the MAR and RMSE for the base case simulations. For both the MCS and PCS scores, Ml at
the composite score level offers a small benefit in terms of RMSE and MAE when at least
10% of data are MAR.

Table 4-18: Estimated SF-12 MCS score, RMSE and MAE for the SF-12 base case simulations
(sample size = 797): results and bias introduced for the PROMs composite score estimates
SF-12 base cases:

MCS score Mean SE MAE RMSE

True MCS score 50.801 0.366

5% missing data

Score imputation 50.800 0.374 0.0617 0.0779

[tem imputation 50.834 0.372 0.0616 0.0776

10% missing data

Score imputation 50.806 0.382 0.0883 0.1114

[tem imputation 50.877 0.379 0.0990 0.1234

20% missing data

Score imputation 50.815 0.400 0.1343 0.1691

Item imputation 50.944 0.394 0.1730 0.2106

40% missing data

Score imputation 50.853 0.444 0.2332 0.2900

Item imputation 51.091 0.432 0.3373 0.4002
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Table 4-19: Estimated SF-12 PCS score, RMSE and MAE for the SF-12 base case simulations
(sample size = 797): results and bias introduced for the PROMs composite score estimates
SF-12 base cases:

PCS score Mean SE MAE RMSE

True PCS score 39.409 0.386

5% missing data

Score imputation 39.414 0.395 0.0695 0.0872

Item imputation 39.448 0.393 0.0682 0.0852

10% missing data

Score imputation 39.427 0.404 0.1009 0.1239

Item imputation 39.491 0.400 0.1073 0.1322

20% missing data

Score imputation 39.448 0.424 0.1529 0.1894

Iltem imputation 39.579 0.416 0.1956 0.2354

40% missing data

Score imputation 39.522 0.474 0.2549 0.3222

Iltem imputation 39.811 0.457 0.4190 0.4781

Figure 4-22 and Figure 4-23 show the RMSE introduced in the SF-12 MCS and PCS scores
for various sample size and missing data scenarios. For the SF-12 MCS score simulations,
item imputation tends to perform worse for larger proportions of missing data and smaller
sample sizes. For the SF-12 PCS score, very little differences can be detected between the
imputation approaches, with the exception of the 40% missing data scenario, where the
item Ml approach yields more bias.

These results are confirmed by plots of the MAE, shown in Appendix 8.3.
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Figure 4-24 and Figure 4-25 show the SEs associated with the SF-12 MCS and PCS scores.
As before, the SEs for the two imputation approaches are larger than the true SEs for larger
proportion of missing data, to account for uncertainty around the imputed data. Again, the
SEs for the item imputation are slightly higher than those for the imputation at the
composite score level, although few valid results were obtained for larger percentages of

missing data and smaller sample sizes.
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Considering the treatment coefficient for the regression on the SF-12 estimates

Table 4-20 and Table 4-21 show the mean regression coefficients, their SEs and the MAR
and RMSE associated with the estimates. For the base cases, i.e. a sample size of 797,
imputation at the item level consistently outperforms both imputation at the subscale level

and CCA.

Table 4-20: Estimated treatment coefficients, MAE and RMSE for the SF-12 base case
simulations (sample size = 797): results and bias introduced for the treatment coefficient in the
linear regression model for the MCS score

SF-12 base cases:

MCS score Mean SE MAE RMSE

True MCS treatment

coefficient 0.459 0.665

5% missing data

Score imputation 0.454 0.683 0.1215 0.1523
Item imputation 0.465 0.679 0.1074 0.1366
Complete cases analysis 0.456 0.681 0.1208 0.1514

10% missing data

Score imputation 0.452 0.701 0.1801 0.2239
Item imputation 0.474 0.694 0.1519 0.1920
Complete cases analysis 0.461 0.699 0.1796 0.2226

20% missing data

Score imputation 0.452 0.743 0.2702 0.3352
Item imputation 0.489 0.726 0.2249 0.2852
Complete cases analysis 0.471 0.740 0.2703 0.3356

40% missing data

Score imputation 0.436 0.854 0.4157 0.5215
Item imputation 0.530 0.805 0.3394 0.4305
Complete cases analysis 0.469 0.851 0.4221 0.5291
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Table 4-21: Estimated treatment coefficients, MAE and RMSE for the SF-12 base case
simulations (sample size = 797): results and bias introduced for the treatment coefficient in the
linear regression model for the PCS score

SF-12 base cases:

PCS score Mean SE MAE RMSE

True PCS treatment

coefficient 0.556 0.730

5% missing data

Score imputation 0.537 0.752 0.1356 0.1751
Iltem imputation 0.533 0.746 0.1208 0.1500
Complete cases analysis 0.547 0.749 0.1317 0.1688

10% missing data

Score imputation 0.508 0.776 0.2006 0.2540
Item imputation 0.509 0.763 0.1727 0.2199
Complete cases analysis 0.539 0.769 0.1909 0.2397

20% missing data

Score imputation 0.469 0.827 0.2947 0.3697
Item imputation 0.438 0.799 0.2610 0.3264
Complete cases analysis 0.530 0.817 0.2819 0.3567

40% missing data

Score imputation 0.363 0.952 0.5086 0.6321
Item imputation 0.321 0.884 0.4103 0.5183
Complete cases analysis 0.482 0.945 0.4968 0.6227
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Figure 4-26 and Figure 4-27 show the RMSE introduced into the treatment coefficient in

the regression model on the SF-12 subscales obtained via the different imputation

approaches, as well as from a CCA. From the figure, it can be seen that all three approaches

provide similar results for the scenarios with 5% and 10% of missing data. For 20% of

missing data or more, a small benefit of imputation at the item level can be observed where

these imputations are feasible. The MAE plots shown in Appendix 8.3 confirm these

findings.
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Figure 4-28 and Figure 4-29 show the SEs around the treatment coefficients. Similar

patterns to those described previously can be observed, with CCA and MI producing

somewhat larger errors compared to the true SEs.
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variable in the regression model
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Comparison of the complex and simplified item imputation model

As for the EQ-5D-3L, the item imputation simulation for the SF-12 were run using a complex
model and, due to issues with non-convergence, as a simplified versions. For the SF-12, the
complex model refers to the imputation models being run separately by treatment arm,
and the simplified version included treatment as a categorical covariate into the
imputation model instead. Here, the bias introduced into both models is compared where
1,000 valid results were obtained.

Figure 4-30 and Figure 4-31 show the RMSEs in the SF-12 composite scores when using the
complex and simplified item imputation model. Very little difference between two
imputation models can be observed for the PCS score, however, the estimation of the MCS
score appears lightly more biased for larger proportions of missing data and sample sizes
of 500 when the more complex model is used. The corresponding MAE plots, presented in

Appendix 8.3, confirm these findings.
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RMSE of the estimated SF-12 MCS scores

Comparison of the complex and simplified item imputation models
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RMSE of the estimated SF-12 PCS scores
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Figure 4-32 and Figure 4-33 show the RMSE in the treatment coefficient estimates for Ml
at the item level. Here, some small difference can be observed between the two
approaches; the more complex models induce slightly more bias for large proportions of
missing data, while also incurring more convergence problems. The graphs for the MAE,

shown in Appendix 8.3 support these findings.
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Figure 4-32: RMSE in the treatment coefficient estimates using the imputed SF-12 MCS scores as
the outcome variable in the regression model — comparing the complex and simplified item
imputation model
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Figure 4-33: RMSE in the treatment coefficient estimates using the imputed SF-12 PCS scores as
the outcome variable in the regression model — comparing the complex and simplified item
imputation model
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4.5.3.9 Assessments of the results compared to simulations using a larger number of

iterations

Additional numbers of iterations can add to the robustness of simulation results. In the
existing research®> 112, 500 to 1,000 simulations were used. To maximise the robustness of
the simulation results, while balancing the time available to run the simulations, 1,000
simulations were used throughout this chapter, as described in the methods section, 4.4.2.
To assess the possible limitations of not opting for a higher number of simulations, the EQ-
5D-3L simulation for a sample size of 500 with 10% of missing data were re-run for the Ml
at the composite score level, this time generating 5,000 simulations. Very subtle
differences were observed in the simulation results. However, the key results used in the
assessment of the different approaches to handle missing data, namely the RMSEs, MAEs
and SEs, figures differed only at the third decimal place for the RMSE of the treatment
coefficient for the item imputation and CCA, and at the fourth decimal place for all other
estimates.

Therefore, it is believed that the results presented here are robust, and that the number

of iterations used in the simulation study was sufficient.
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4.5.4 Length of time needed for the simulation work to complete

For the EQ-5D-3L and SF-12 simulations, running time was measured for each simulation
iteration, including the generation of missing data, the Ml process and the generation of
results. Of note, the timings are not entirely consistent, as they are also influenced by
unrelated simulations running simultaneously, other computer usage and the computer
they were run on.

Generally, the running time for the different imputation approaches varied, with
imputations at the composite score and subscale levels running much faster. On average,
the simulations for the SF-12 subscale level imputations took 11 seconds to run for a
sample size of 797 and 40% of missing data, with running time decreasing for smaller
proportions of missing data and smaller samples. The maximum average running time was
estimated to be around 30 minutes for one simulation iteration for Ml at the item level. As
such, complex Ml imputations at the item level in an analysis of an RCT with comparable
characteristics in terms of sample size and proportion of missing data, and a similar PROM
are likely to be performed within 30 minutes. Therefore, the additional running time of
these simulations is not considered prohibitive in scenarios where these imputation
approaches are considered appropriate.

Additional details on the running times of selected simulations are provided in Figure 4-22

to 4-25.
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Table 4-22: Average running time (in seconds) for the EQ-5D-3L simulations — imputation at the
composite score level

Sample sizes of simulated datasets
100 200 500 1160
5% 10.1 8.3 5.2 4.0
% of (4.0, 30.24) (4.0,12.3) (5.0,8.2) (3.5,7.1)
missing 10% | 12.2 6.8. 6.1 4.6
data in (4.6, 17.0) (4.6, 15.2) (4.9,9.0) (4.2,7.6)
simulated | 20% | 11.5 4.8 5.7 5.4
dataset (4.5, 44.0) (4.5,11.1) (5.0, 20.5) (4.1, 12.0)
40% | 9.0 5.0 5.2 8.4
(4.4,12.4) (4.6, 19.5) (5.0,12.7) (5.2,14.4)

Table 4-23: Average running time (in seconds) for the EQ-5D-3L simulations — imputation at the
item level

Sample sizes of simulated datasets
100 200 500 1160
5% n/a 3.1 12.2 Not recorded
% of (0.6, 3.5224) (1.4, 41.
missing 10% | n/a 5.9 39.6 Not recorded
data in (1.0, 63.2) (2.4, 139.3)
simulated | 20% | n/a 17.4 82.2 Not recorded
dataset (1.9, 222.9) (4.3,464.9)
40% | n/a n/a 428.9 Not recorded
(6.6, 938, 4)

Table 4-24: Average running time (in seconds) for the SF-12 simplified simulations — imputation
at the composite score level

Sample sizes of simulated datasets
100 200 500 1160
5% 2.8 6.4 8.1 7.2
% of (0.1,7.9) (6.4,6.4) (8.2,8.2) (7.2,7.2)
missing 10% | 8.1 7.7 7.5 7.6
datain (8.1,8.1) (7.7,7.7) (7.5,7.5) (7.6,7.6)
simulated | 20% | 8.2 6.9 6.8 10.7
dataset (8.2, 8.2) (6.9, 6.9) (6.8, 6.8) (10.7, 10.7)
40% | 6.7 7.3 6.9 10.6
(6.7,6.7) (7.3,7.3) (6.9, 6.9) (10.6, 10.6)
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Table 4-25: Average running time (in seconds) for the SF-12 simplified simulations — imputation

at the item level

Sample sizes of simulated datasets

(980.1, 3515.7)

100 200 500 1160

5% 8.2 49.1 1254 810.8
% of (6.5,33.8) | (7.9,213.1) (8.6, 234.0) (56.6, 1201.2)
missing 10% | 17.6 180 3374 1723.7
datain (13.9,21.8) | (15.2,422.8) (20.2, 496.7) (117.6, 2528.8)
simulated | 20% | n/a 311.0 654.4 843.5
dataset (19.2,485.3) (35.6,1122.9) (797.9, 1105.3)

40% | n/a n/a 1698.9 484.4

(755.9,1251.1)
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4.6 Discussion

This chapter aimed to compare different approaches to multiply imputing missing PROMs
outcome data, i.e. imputing at either the composite score, subscale or item level, and to
assess the benefits and disadvantages of these approaches.

While convergence issues have been observed for the more complex item imputation
models for small samples, the models have been shown to be feasible for larger sample
sizes. Steps to improve the convergence of these models, which can be easily applied with
standard statistical software have been implemented and presented. Therefore, item
imputation can be considered a possible alternative to imputation at the composite score
level in many scenarios. However, the question remains whether it offers any benefits over
Ml applied to the composite scores; how imputation at the subscale level (where available)
compares to both approaches; and how CCAs compare to imputations in the context of
regression analysis. The results of this chapter shed some light on this question, but the
choice of which approach should be used depends on a multitude of factors, which are

discussed in more detail in the following section.

4.6.1 Choice of imputation approach

Ml is considered to be one of the most appropriate methods to handle missing data.
Therefore, it should be noted that whilst CCA was not shown to be performing considerably
worse than the different Ml approaches for the estimation of the treatment coefficients,
MI may still be preferable. The reason for there being little difference between Ml and CCA
in this study is likely to be related to the generation of missing data, and the
implementation of the MAR algorithm. Many of the variables included in this algorithm

were also part of the analysis models, and were hence adjusted for in the CCA. In reality, it
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is possible that the MAR mechanism is related to more variables outside of the analysis
model. In these scenarios, Ml is preferable to CCA, as it offers the opportunity to adjust the
imputed data for many variables plausibly both related to the probability of data being
missing, and predictive of the missing data values themselves.

As expected, the different M| approaches yielded similar results in certain scenarios;
however, differences were observed in some settings. These differences were generally
small, i.e. in the treatment coefficient in the OKS regression models, differences of up to
one point were observed. The OKS score ranges from 0-48, and differences up to one point
lie within the measurement error of the PROM, and also do not exceed the minimal
important difference, which are estimated to be four points and five points, respectively!?.
Therefore, the potential for a reduction in bias for the different approaches for handling
missing data may not be clinically relevant per se. However, RCTs are often powered to
detect small differences in outcome, particularly when two established procedures are
compared, and researchers would only expect to observe a small improvement. For
instance, the KAT study was powered to detect a 1.5 point difference in the OKS for the
patella resurfacing®®. Thus, even the small differences introduced by choosing one
imputation approach over the other could affect the trial conclusions. Therefore, it is
important to carefully consider the most appropriate Ml approach, taking the following
considerations into account. Guidance is provided with regards to four areas of interest,
namely the combination of sample size and proportion of missing data, missing data

patterns, feasibility of the imputation approach and the planned analysis.
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4.6.1.1 Sample size and proportion of missing data

Generally, all Ml approaches yielded similar results for large sample sizes. Exceptions to
this were the simulations of the SF-12, where item imputation yielded slightly less biased
results for the treatment coefficients for both subscales, and also for the MCS score,
particularly for larger percentages of missing data.

For combinations of smaller sample sizes (100 — 500 observations) and low percentages of
missing data (up to 10%), all Ml approaches performed similarly. However, when the
amount of missing data was increased to 20% or more, imputation at the composite score
and / or subscale level performed better for the OKS simulations using the observed
missing data patterns, as well as for the scenarios considering a unit-nonresponse
mechanism and a five point treatment difference, as well as for the EQ-5D-3L simulations,
in line with previous research''?. Exceptions to this were the OKS simulations with a
simulated missing data patterns of 70% item non-response, where item imputation yielded
best results in terms of the treatment coefficient, and the subscale imputation produced
the least bias when considering the PROM composite score. Similar results were obtained

for the SF-12, for which a high proportion of item missingness was observed.

4.6.1.2 Observed missing data patterns

In line with the hypotheses, all imputation approaches performed similarly for the unit-
nonresponse scenario, as well as the scenarios where the missing data patterns followed
primarily a unit-nonresponse missing data pattern, i.e. the observed missing data patterns
within the OKS (73% simulated unit-nonresponse) and the observed missing data patterns

for the EQ-5D-3L (approximately 88% simulated unit-nonresponse).

245



When the amount of item missingness was increased, item imputation was more likely to
be beneficial, especially for smaller sample sizes and larger amounts of missing data. Here,
this was shown for the OKS simulations using 70% of item missingness, as well as some of
the SF-12 results, where the observed missing data patterns yielded around 44% item

missingness.

4.6.1.3 Feasibility of the relevant imputation models

The results of this chapter have shown that imputation at the item level may not be feasible
if the MI model is too complex, and the sample size is small, and/or the proportion of
missing data is high. However, the results for the EQ-5D-3L and SF-12 show that more
complex models do not necessarily yield less biased results. Therefore, simplification of the
models to allow imputations at either the subscale or item level are possible. However,
simplification should be considered carefully. The exclusion of baseline PROM items may
be acceptable where baseline composite scores and/or subscales are included. Similarly,
the SF-12 simulations showed no benefit in terms of accuracy when running simulations
separately by treatment arm. However, this is likely to be related to the fact that the KAT
study showed no statistically significant treatment effect with regards to the patellar
resurfacing randomisation®3. However, where such an effect may exist, where the variance
around the imputed variable or the relationship between the imputed variable and
covariates may vary between treatments, or where a subgroup analysis including the
treatment allocation is important, imputations should be performed separately by
treatment arm>8 120,

The running time of the imputation models may also be a consideration. Imputation at the

item level can be much more time consuming, depending on the complexity of the model,
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as well as the number of imputations required. However, the maximum time to run a single
imputation model, as opposed to a large number of imputation within a simulation context,

is unlikely to be considered prohibitive considering the computer power available.

4.6.1.4 Planned analyses

While imputation at the item or subscale level does often not offer a distinct benefit in
reducing the bias in the estimates obtained, there may still be cases where imputation at
the item or subscale level, as opposed to the score level, is beneficial. This applies to cases
where the planned analysis, for RCTs often in the form of a pre-specified statistical analysis
plan, includes not only the analysis of the composite scores, but also of the subscales
(where applicable) or even the PROM items. If feasible, imputation at the item or subscale
level ensures that a common imputation dataset can be used for all analyses related to the
relevant PROM. This means that all key analyses are based on the same dataset and make

the same assumption about missing data.

While the best choice of imputation approach limits the amount of bias introduced in the
study results, increasing amounts of missing data, as well as small sample sizes open up
any study to the introduction of considerable bias. Therefore, even the best imputation
approach cannot eliminate bias from the study results, and the prospective limitation of
missing data within any RCT remains vital, as recommended in the current literature®” &
40,51 Sensitivity analyses remain imperative to understand how the trial results change with
varying assumptions about the underlying missing data mechanism. The use of sensitivity
analysis to assess the robustness of RCT results following analyses adjusting for missing

data are discussed further in Chapter 6.
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4.6.1.5 Recommendations for choice of Ml approach

The following recommendations are based on the above listed considerations:

Where the estimate of the treatment coefficient is of interest: Imputation at the

item level should be used in scenarios with a high proportion of missing data due
to item-nonresponse and missing data in 20% of participants or more. Similarly,
where applicable, imputation at the subscale level should be used instead of
imputation at the composite score level where the missing data pattern in a
primarily item-nonresponse scenario allows the calculation of some of the
subscales.

Where the unadjusted estimates of the composite PROMs scores are of interest:

item imputation should be avoided for combinations of large proportions of
participants with missing data and small sample sizes if missing data is primarily due
to unit-nonresponse.

The choice of the imputation approach in scenarios not covered above should
depend on practical considerations. Where little difference exists in the
performance of the Ml approaches, imputation of the item or subscale level should
be performed if subsequent analyses require such data. Otherwise, imputation at
the composite score level should be performed as they are more efficient, i.e. their
completion time is faster and the risk of non-convergence is lower.

As per recommended best practice, all variables included in the analysis model,
including treatment allocation, and those related to the missing data mechanism

and to predict missing outcomes are to be included in the imputation models. To
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improve feasibility of the models, baseline PROMs items should not be included in

the imputation models.

4.6.2 Novel aspects and limitations of this research

4.6.2.1 Contribution to the literature

The work presented in this chapter validates and expands existing research. Simons et al*'?
concluded that imputation at the EQ-5D-3L items and composite scores perform similarly
in most scenarios. However, they found that composite score Ml was beneficial for small
samples and larger percentages of missing data. Also, in scenarios with increased levels of
item missingness as opposed to missing data patterns dominated by unit-nonresponse,
item imputation was preferable. This chapter replicated these findings for additional
PROMs and in a separate dataset. In addition, the benefits and disadvantages of imputation
at the subscale level for the OKS were also evaluated.

This research was then extended to investigating the effect of the different imputation
approaches, as well as CCA, have on the treatment coefficient (i.e. treatment effect), which
is of primary importance in the analysis of RCTs. Hereby, it was shown that imputation at
the item level was more beneficial, particularly when higher proportions of data were
missing due to item nonresponse. This chapter adds to the findings by Eekhout et al*?, who
investigated the effect of imputation on the treatment coefficient of the PROM used as a
covariate in a regression model. Therefore, this chapter offers additional information and

guidance to researchers faced with missing PROMs data in RCTs.

It was also shown that when Ml is applied at the composite score level, using item mean

imputation for up to two missing items does not offer benefits in terms of the RMSE over
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not using item imputation for the estimation of composite scores, while the treatment
coefficients are slightly less biased for large proportions of missing data when mean
imputation is avoided. For Ml at the subscale level and large percentages of missing data,
estimates of the composite scores benefit from avoiding mean imputation, while

treatment coefficients are less biased when the scoring manual is followed.

4.6.2.2 Limitations of this research

Although every effort was made to conduct this simulation study as thoroughly and
completely as possible, it is not without limitations.

Firstly, a limited amount of missing data scenarios are considered. Maximum sample sizes
were restricted to the number of observations in the base cases; however, sample sizes
ranging from 100 to over 1,000 participants are thought to be representative of the vast
majority of RCT. Future work will consider larger sample sizes, which may increase
generalisability of these findings to larger-scale epidemiological research. Arguably,
different missing data scenarios, particularly other missing data patterns could also have
been investigated. However, the missing data patterns used are based on those observed
in the RCTs investigated in Chapter 3. It is believed that these are realistic missing data
patterns, which included variations in the amount of unit-nonresponse for the OKS
simulations. Additionally, the PROMs used in this chapter are carefully developed and
validated questionnaires and are commonly used in clinical research. They generally tend
to be completed well, and it was therefore felt that additional item missingness patterns
would not contribute much to the practical guidance this chapter aims to provide, as these

patterns would be unlikely to be observed in practice.
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The simulation models are limited to the KAT dataset. Validation in additional datasets
would have been a valuable addition to this chapter, however, access to suitably large RCT
or observational datasets utilising similar PROMs could not be obtained within the remit of
this thesis. Furthermore, the use of additional PROMs in this validation study might have
further confirmed the generalisability of these findings. However, findings are believed to
be generalisable to comparable PROMs, based on the fact that findings by Simons et al*?

were replicated, and also confirmed these in additional questionnaires.

The findings are limited to PROMs with up to 12 items, and the PDQ-39, which was
considered in Chapter 3 was not used in this simulation study. This is because item
imputation was not considered feasible for such a large number of items. Arguably,
uncertainty still exists as to the maximum number of items within a PROM for which item
imputation would still be considered feasible, which is likely to be related to both the

construct of the PROM, as well as the sample size.

MNAR mechanism and misspecification of Ml models were not considered in this chapter,
although Simons et al*'? reported benefits of Ml at the item level over Ml at the composite
score level for the latter scenario. However, it was felt that Ml levels could be misspecified
in a number of ways, and that the results from selected misspecifications may not be
generalisable to misspecification in general. This is because some variables are much more
predictive of the missing data than others. The same principle applies to MNAR scenarios,
which could be considered as misspecified MI models, as they are unable to account for
important factors that are predictive of data being missing as well as the missing
observations themselves. MNAR analysis are best addressed as part of a sensitivity

analysis'?%1?4 details of which are further discussed in Chapter 6.
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In addition, it was aimed to keep the simulation scenarios comparable across the different
approaches by using consistent seeds. This means that the nt" imputation for each scenario
is based on the same underlying dataset, using the same random numbers. Since some
simulations were skipped due to non-convergence of the item imputations, this intra-
comparability does not apply any longer. However, as each simulation estimates the true
results, as well as the results obtained from the imputation approaches, the RMSE and MAE
directly compare the true results with the imputation estimates, this is not anticipated to
have affected the results. Some bias may have been introduced into the results due to the
fact that non-convergence may be more likely to occur in datasets with certain
characteristics, thus introducing a systematic selection bias into the results for the item
imputation. However, this is thought to have an effect only for simulations with very high
non-convergence rates (approximately 90% or higher), as discussed in section 4.5.3.1. For
these cases, it could be seen that the ‘true’ OKS scores for the simulations with valid item
results are slightly smaller than those obtained for the simulations that did not converge
for the item imputations. The reverse was observed for the ‘true’ treatment coefficients,
suggesting some difference in the datasets underlying the composite score and subscale
imputations vs. the item imputations. Simulations with higher convergence rates are not

thought to be affected.

Some of the non-convergence rates observed in the results are very high. This is likely to
be a result of the fact that the Ml models were constructed using the full base case
datasets, as opposed to smaller sample sizes, for which they may be too complex. The Ml
models were kept consistent to allow a direct comparison of performance between the

scenarios considering different sample sizes and proportions of missing data. In reality, Ml
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models should be generated so that they are relevant to the dataset under consideration,
and take adjust their complexity based on the type of data collected, as well as the amount

of data available.

Finally, there is a school of thought that recommends larger numbers of simulations are
beneficial. However, as shown in section 4.5.3.9, only very small differences were observed
between the simulations run 1,000 times vs. 5,000 times. Therefore, the benefit of running
additional simulations was small, and it was not thought that the use of additional

simulations would have changed the results of this chapter.
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4.7 Conclusions

This chapter compared the performance of Ml applied at either the composite score,
subscale (where appropriate) or item level for handling missing PROMs outcome data.
Advantages and disadvantages of these approaches were also discussed. A number of
factors need to be taken into account when deciding on an imputation approach. These
include the missing data patterns, sample size and overall percentage of participants with
missing data, but also elements such as the planned analysis and PROMSs characteristics.

The choice of the most appropriate Ml approach helps to limit the bias introduced into the
trial results, but does not lessen the need to take steps to limit missing data occurrence
within RCTs. Appropriate sensitivity analysis to assess the impact of missing data on the
trial results when changing the underlying assumptions about the missing data mechanism

remains imperative.
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Chapter 5 : A comparison of statistical approaches for
analysing missing longitudinal patient reported outcome

data in randomised controlled trials

5.1 Introduction

Most RCTs assess participants’ outcomes at multiple follow-up assessments after baseline,
as also shown in Chapter 23°. Appropriate statistical analysis, such as mixed-effects linear
regression, can handle such longitudinal data. These statistical models adequately account
for the fact that multiple observations are obtained from each of the participants, and are
likely to be more correlated than the values between different individuals'>>-127,

For some RCTs, it is appropriate to select a primary analysis time point, and perform a
cross-sectional analysis of the outcomes at this time point, similar to the analyses
considered in Chapter 4. However, even where the primary analysis of an RCT requires a
cross-sectional analysis, often the secondary analyses includes longitudinal analyses.
Longitudinal data analyses are therefore an important tool in medical research, however
they can also be affected by missing data. Indeed, longitudinal follow-up data can be
subject to both monotone missingness, where no additional observations are available for
a participant after a specific follow-up time point (e.g. arising from drop-out or withdrawal
from the trial), and intermittent missingness, whereby some observations are unavailable
followed by subsequent obtained data?®. These factors mean that often only a small subset
from a longitudinal dataset can be used in a CCA. Therefore, it is important to understand
which statistical approaches are most appropriate for the analysis of longitudinal RCT data,
particularly with a focus on PROMs, and this chapter aims to further explore this issue.

Similarly to any analysis with missing data, approaches such as listwise/ pairwise deletion
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and simple imputation methods, including LOCF, are known to be likely to introduce bias
into the study results, and are therefore discouraged?® 128130, This chapter explores the
benefits and disadvantages of common approaches to handling missing data®® 13!, namely
multiple imputation, maximum likelihood methods and inverse probability weighting.
Bayesian approaches to handling missing data are beyond the scope of this project and

therefore not discussed further.

This chapter is structured as follows: the statistical approaches to handle missing outcome
data in longitudinal settings used in this chapter, i.e. maximum likelihood, multiple
imputation and inverse probability weighting are introduced in section 5.2. Also, an
overview of the existing literature reviewing and assessing the comparative performance
of these methods is presented. Following on from this background of the topic area, the
hypotheses and objectives of this chapter are detailed in section 5.3.

Section 5.4 presents a ‘motivating example’, i.e. a case study in which the different
statistical approaches are applied to an example dataset to demonstrate how results are
affected by the choice of different statistical methods to address missing data within a
longitudinal follow-up.

The methodology and set-up of the simulation study are described in section 5.5, and
results presented in section 5.6. The impact of this research, together with its strength and
limitations is discussed in section 5.7, and the conclusions of this chapter are summarised

in section 5.8.
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5.2 Statistical methods for analysing longitudinal RCT data and their

comparative performance

As stated previously in this thesis, many RCTs collect outcome information repeatedly over
the follow-up period. A review by Bell et al?> suggests this number is close to 80%, and the
review performed for Chapter 23° confirms this, reporting that 82.3% of reviewed RCTs
measured outcomes repeatedly. However, the primary analysis for many RCTs commonly
only uses a single follow-up measure. Indeed, Bell at el?® estimate that only 18% of RCTs
account for longitudinal outcomes in their analysis.

Bell et al?, Ibrahim et al*3?, Enders et al'?® and others?® 62 67 133 provide useful overviews
of statistical methods available for the analysis of longitudinal data with missing
observations. They strongly discourage ad hoc missing data methods such as deletion
methods, where observations with missing data are discarded, or single imputation
methods, which are likely to cause bias and generate overly precise standard errors.
However, reviews of the literature indicate that these methods are commonly used in the
analysis of RCTs in general, and also for those with longitudinal follow-up data?3 2> 3% 58,62
9,128 |nstead, the authors propose the use of model based approaches, assuming MAR
data, including maximum likelihood estimation (ML), multiple imputation (Ml), and inverse

probability weighting (IPW), which are considered further in this chapter.
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5.2.1 Review the statistical methods covered in this chapter

This section aims to introduce the different approaches to handling missing longitudinal
data which are to be considered within this chapter, namely ML, Ml and IPW. Notably, each
of these approaches could be applied in a number of different ways. Therefore, the general
ideas underlying each approach are introduced, together with the implementations
considered within this chapter, whereby emphasis is put on implementation using
established commands in standard statistical software. Extensions to the approaches
considered in this chapter have been discussed in the literature, but they are not available
in standard statistical software!34.

Following the overview of the different methods, their perceived benefits and
disadvantages, as referred to in the current literature, are discussed, together with their
comparative performance based on previous studies, where available.

The statistical analysis of longitudinal data needs to take into account the correlation
between follow-up measures within individuals. The follow-up measures are likely to be
more closely correlated within than across individuals, and not taking into account this
model structure results in the derivation of misleading standard errors, and hence study
results!?> 127,

In the literature, these models are referred to by various names, including repeated
measures models, multilevel mixed-effects linear regression models, population average
models or growth curve models?%, depending on context and different terminology in the
research field. Within this chapter, the term multilevel mixed-effects linear regression
model (i.e. multilevel mixed-effects model) is used to refer to the analysis of longitudinal
data. Stata, as well as other statistical software packages, offer a range of commands to

appropriately analyse longitudinal data.
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The statistical approaches to address missing data investigated in this chapter are ML, Ml
and IPW. These approaches were chosen due to their robust underlying methodology, ease
of implementation in standard statistical software (such as Stata), and their use in RCT
analyses to date, as shown in past reviews?> 3% 9, Therefore, it is assumed that researchers
and statisticians are more familiar with these approaches and more comfortable using
them, but would benefit from a direct comparison of those methods specifically within a

PROMs and RCT context.

5.2.1.1 Maximum likelihood

Within a ML framework, parameter estimates are obtained through an iterative process so
as to maximise the likelihood of producing the sample data?. In the presence of missing
observations, the information from the available data points are utilised to make
inferences about the missing data, i.e. to ‘implicitly impute the unobserved data’?? in order
to estimate the model parameters in the maximum likelihood approach? > 128 As such,
this approach assumes that the missing data is following a MAR mechanism, taking into
account the covariates included in the multilevel mixed-effects model. The analysis model
and the model for addressing the missing data are implemented simultaneously. This has
been described as one of the advantages of ML methods over other statistical approaches
for handling longitudinal missing data. The simultaneous modelling also means that ML can
have increased efficiency over MI, which imputes data and fits the analysis model in two
separate steps and IPW, which firstly models the missingness model and then applies the
weighted analysis model3°. Also, the simultaneous modelling means that the information
contained in the data is not overestimated, and therefore true estimates for the standard

errors are obtained'?2. However, this process also means that the modelling of the missing
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data is restricted to the variables included into the analysis model. For RCTs, the analysis
models are typically limited to baseline PROMs measurements and key baseline data,
possibly also used in the randomisation procedure, which restricts the MAR assumption to
those variables. It is possible to take into account auxiliary variables outside the analysis
model to better model the missing data mechanism®% 134; however, these approaches are
not commonly implemented in standard software®?, and therefore not considered within
this chapter.

In Stata’s ‘mixed’ command for multilevel mixed-effects linear regression analysis, models
are fitted by default using the ML approach, and the ML approach to handle missing data
in a longitudinal setting is therefore straightforward to implement using standard statistical
software.

The maximum likelihood estimation assumes a normal distribution when estimating

parameters from incomplete data'?® and performs best when this condition is met.

5.2.1.2 Multiple imputation

The methodology and advantages of MI°® %8, especially its ability to take into account
auxiliary variables that may affect the probability of data being missing, but which are not
included in the analysis model, have been described in the previous chapters.

Following on from Chapter 4, the Ml approach could easily be extended from the cross-
sectional setting to simultaneously impute missing longitudinal outcome data, thus
incorporating the information from other follow-up points into the estimation of missing
data where available.

There has been some research on utilising Ml to handle missing longitudinal data, and the

key findings and opinions are summarised here. Generally, it is found that Ml is a feasible
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approach for handling missing longitudinal data, and has been applied in a number of case
studies and comparative methodological work®® 132136 |t is described as one of the most

137 and has been found to be able to

commonly applied modern missing data methods
handle non-monotone missing data patterns well*38. As discussed previously, Ml allows,
where appropriate, for a large number of auxiliary variables to be included into the
imputation model?®. Hence, in contrast to the ML model, modelling the missing data
mechanism is not restricted to only those variables included in the analysis model, meaning
the MAR assumption is more likely to be met®. However, some caution is recommended
when applying multiple imputation to longitudinal missing data, as this approach can be
very computationally intensive and may ‘break down because of co-linearity and over-
fitting’13°. Consequently, some researchers propose utilising only adjacent follow-up time
points in their imputation models!3® 49, However, this may be less prohibitive for the use
of Ml in RCTs, which often have a limited number of follow-up time points compared with
studies consisting of routinely collected clinical data or large cohort studies.

A potential disadvantage of applying Ml to longitudinal missing data is that standard
statistical software does not currently allow Ml to formally account for a multilevel
structure (i.e. longitudinal data clustered within individuals). However, such imputations
are possible in specialist statistical software, such as MLWin4!, Within this chapter,
multiple imputation by chained equation (MICE) is used, as in Chapter 4. By simultaneously
imputing the missing data for the different follow-up time points, the correlation between
these longitudinal measurements can be taken into account. It is anticipated that this

approach adequately models the multilevel structure of the data. SEs derived from this

approach will be considered in subsequent simulation work.
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The findings from Chapter 4 show that multiple imputation at the item level can be
advantageous within a cross-sectional analysis in certain scenarios. However, this previous
work also showed that multiple imputation models can be problematic when too many
values are imputed simultaneously, and that convergence may not be achieved when
categorical data to be imputed has a low number of counts in some of the categories.
Therefore, it was deemed infeasible to attempt imputation at the item level in a
longitudinal context with several follow-up times points, and this chapter implements on

MI at the composite score level for the relevant PROMs.

5.2.1.3 Inverse probability weighting

Traditionally, inverse probability weighting has been used in survey studies. Observations
with a low probability of being included in the survey are given a higher weight in the
analysis model to mitigate against bias introduced by the sampling design4? 143,

However, the technique has also gained popularity in the handling of missing datal3> 144
145 The rationale for using inverse probability weighting (IPW) in the presence of missing
data is that the subset of participants with complete data may not be representative of the
full dataset. Under IPW, a complete cases subset of the data is analysed with cases
weighted differentially so as to adjust for the bias introduced by a conventional CCA?L. This
is similar to the way survey data is adjusted for the probability of individuals with certain
characteristics being included in the sample. As such, complete cases that have a low
probability of being observed due to missing data in comparable participants are given a
higher weight in the analysis compared to those with a high probability of being observed.
This accounts for the participants that cannot be included into the analysis model due to

missing data.
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In implementing IPW models the full dataset is first used to estimate the missingness
model, i.e. the probability of each case having complete data is estimated using a logistic
regression model using appropriate data as covariates. These variables are chosen in line
with the assumed MAR mechanism. The complete case analysis is then weighted by the
inverse of these fitted values, i.e. cases which are less likely to provide complete data are
given more weight in the analysis'3> 144, Robust standard errors are recommended in order
to account for the uncertainty around the weights!*4. It should be noted though that the
use of the complete cases stipulates that some observed data are discarded for the analysis
model, a potential disadvantage compared to ML and MI, which utilise all observed data.

Through the inclusion of a separate missingness model, similarly to MI, the assumed MAR
mechanism is made more realistic as auxiliary variables outside of the analysis model can
be included. However, especially when many follow-up time points are included in the
study, and a combination of monotone and intermittent missing data patterns are
observed, the complete cases subset used for analysis may only include a small proportion
of the original dataset. Additionally, if the missingness model differentiates only between
those participants with all follow-up completed versus those with at least one incomplete
follow-up time point, it is restricted to the baseline information only. Especially if the
relationship between responsiveness and missingness changes over time, any such
missingness model would be suboptimal. Also, the above described IPW does not account
for potential differences in cases with different missing data patterns; i.e., it is feasible that
those with intermittent missing data differ from those with monotone missing data, i.e.
those who withdraw from the trial or are lost to follow-up. To address this limitation,
stratification of the IPW approach have been suggested'®, but this is only thought to be

appropriate if the number of missingness patterns are small, as sufficient numbers of
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participants are needed within the strata to estimate the missingness model. Therefore,
the stratification approach to IPW may be less feasible for RCTs than epidemiological
studies, which often include larger patient populations or more auxiliary variables to
adequately distinguish between individuals with different missingness patterns. Also, it is
thought that IPW may produce biased estimates if a small amount of participants have very
low probabilities of being observed, resulting in large weights being attributed to them®’.

For these reasons, stratified IPW are considered further in this chapter.
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5.2.2 Comparative performance of the methods based on the literature

The literature offers few direct comparisons between ML, Ml and IPW, and some papers
which do compare them use a case study approach, applying the different approaches to
an example dataset, rather than evaluating their comparative performance in relation to a
known truth using a simulation study. This section aims to provide an overview of the
literature on the comparative performance of ML, Ml and IWP.

In the context of missing longitudinal PROMs data in RCT settings, Kang et al**¢ compared
repeated measures analysis of variance (whereby all participants with incomplete cases
were dropped), generalised estimating equations (GEE), and a mixed-effect model
repeated measures approach without using ML estimation. They concluded that the mixed
effect model repeated measures approach appeared to provide the most appropriate
results in terms of accuracy and SEs. However, their study is lacking a comparison of
alternative methods for handling missing data, such as Ml or IPW.

MI and ML methods were compared in their ability to predict missing QoL data that was
initially missing but subsequently recovered through additional data chasing, by Fielding et
al'36, The authors reported that MI methods (particularly predictive mean matching)
performed better in terms of bias than the ML methods in the majority of cases considered.
Ferro et al'*” compared MI and ML methods with listwise deletion in a simulation study.
They raised concerns that longitudinal Ml may not be feasible for studies with many follow-
up time points, and found that ML methods and cross-sectional Ml provided comparable
results. However, their paper focussed on intermittently missing data and large sample
sizes (N > 5,000) and it is unclear if these conclusions are appropriate for RCT analyses,

which often consider much smaller sample sizes.
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Twisk et al'*® compared the performance of mixed-effects linear regression models to M,
and found that MI offered no “obvious gains” over mixed-effects linear regression.
However, their Ml model only accounted for variables in the analysis model, and benefits
may be observed for MI models taking into account additional variables.

Kadengye et al**° compared direct likelihood methods to simple and multiple imputation
approaches in a multilevel context. They reported that the direct likelihood methods
produced almost unbiased estimates under MCAR and MAR, and concluded that they
performed better than the imputation methods when item scores are missing in a
multilevel setting. The authors also raised concerns about the ability of imputation
methods to adequately account for multilevel or clustering characteristics of the dataset,
a limitation that may also apply to longitudinal data. They commented on the ease of
implementation of the likelihood approach, but conceded that imputation methods are
beneficial in certain situations, specifically when confronted with a combination of missing
outcome and explanatory data.

Carpenter et al'*® reviewed methods to increase the efficiency of IPW, namely doubly-
robust methods, i.e. methods which are still valid for some misspecification of the
missingness model under certain conditions, and compared these to multiple imputation
in a simulation study. They concluded that Ml and doubly-robust IPW perform similarly
when both the missingness model and imputation model are specified correctly. However,
IPW is less sensitive to some misspecification in the models (i.e. either the missingness
model or the analysis model) and may therefore be more appropriate in some scenarios.
The authors also concluded that both Ml and IPW are likely to outperform ML approaches

if not all variables needed for the MAR assumptions are included in the analysis model.
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Kenward and Carpenter?® argued in their discussion that MI may offer little advantage over
ML based methods for longitudinal missing data under the MAR assumptions. However,
they reiterated that Ml has some distinct advantages over ML, in that it can handle very
complex patterns of missingness, while also being able to take into account variables
outside the analysis model. Finally, M|l was also recognised to be a convenient tool for
suitable MNAR sensitivity analyses.

Instead of considering their comparative performance, much of the existing literature has
focussed on assessing the value of modifications or extensions to each methods in terms
of its ability to handle missing (outcome) data in a longitudinal context. For instance,
Plumton et al**°, who considered simplified MI models where the theoretical best Ml
model is computationally infeasible due to large numbers of variables or items to be
included into the model. Eekhout et al®® similarly proposed that while item imputation has
been shown to be beneficial in some circumstances®® 112, there are occasions when
summary information is preferable so as to not overcomplicate the imputation model in a
longitudinal context.

In their research, Biering et al'*® and Carpenter et al?® focussed on the implementation of
MI methods for longitudinal data. Biering et al**° proposed the use of observations
adjacent to the missing data to be included in the imputation model, and explored different
approaches of handling death during the follow-up, an indicator for which can be added to
the MI model. Carpenter et al?® focused on the handling of protocol deviations, namely
withdrawal and noncompliance, which resulted in missing data, considering treatment
effects in a best-case scenario (de jure estimand) and pragmatic scenarios representing

real practice (de facto estimand).
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Donneau et al’3® compared different approaches to Ml, namely joint modelling and fully
conditional specification approaches, for binary and PROMs data. They concluded that
modelling approaches based on a multivariate normal model can be used for the
imputation of binary data, although the fully conditional specification approach performed
better in some circumstances.

Reviewing the benefits and drawbacks of using IPW for handling missing data, Seaman et
al*** suggested weight stabilisation and augmentation (where some of the missing data is
imputed) to improve efficiency of the IPW process. Seaman et al'* extended the
augmented IPW models further in an additional publication, in which they acknowledge M
and IPW as two commonly used approaches. While they consider Ml to be more efficient,
they acknowledged that in situations where many data points are missing for an individual,
researchers may feel more confident using IPW. As an alternative, they suggested using a
combination of Ml and IPW. They found this approach useful in the presence of large
proportions of missing data following different missing data pattern, as it offered
advantages over the sole use of Ml or IPW when the imputation models were misspecified.
Doidge®*> compared and discussed different approaches to IPW, specifically stratified and
stepped IPW, as also discussed in section 5.2.1.3.

The search strategy used to identify the publications discussed above is presented in

Appendix 9.
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5.3 Research hypothesis and objectives

Based on the methodology and literature discussed above, hypotheses and aims for this

chapter are presented in this section.

5.3.1 Hypothesis for this chapter

As described above, ML approaches have been found to perform well for MAR data where
the analysis model includes all variables required to meet the MAR assumption. However,
the results of Chapter 3 have demonstrated that missing data mechanisms can be complex
and difficult to disentangle. Therefore, it is likely that additional variables beyond the
analysis model explain missingness, a fact that could introduce bias into the ML model. For
this reason, it is hypothesised that the MI model, as well as the missingness model utilised
in IPW have a better chance of adhering to the MAR assumption. However, the IPW models
used in this chapter are set up such that they cannot distinguish between participants
without any follow-up data, and those with monotone missing follow-up data, or with
intermittently missing follow-up data. Therefore, they are at risk of not utilising some
available information, rendering them less efficient. Also, the missingness model for the
IPW is based on a logistic regression model, which may fail to converge, especially for small
datasets and where categorical explanatory variables have low counts in some of their
categories.

For the Ml models, no concerns about convergence exist, as the PROMs data is imputed at
the composite score level, and linear regression models are very likely to be fitted

adequately'. For the reasons outlined above, it is hypothesised that the MI models to

vV Alternatives to linear regression models can be implemented in MI, but are not the focus of this chapter.
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address missing longitudinal data are least biased, as they are more likely to account for
the missingness mechanism, and utilise all available data. It is hypothesised that the ML
models yield more bias than the Ml approaches, as they may not be able to fully account
for the MAR assumptions. However, as they utilise all data available, the hypothesis is that
they produce less biased estimates, particularly for larger proportions of missing data, than
the IPW approach. While IPW is able to account more fully for the MAR assumptions than
ML, it may discard large proportions of the available data, as its main analysis focusses on
those trial participants with complete follow-up data.

Similarly, it is hypothesised that ML and Ml produce unbiased standard errors, particularly
for small to moderate amounts of missing data. Due to the loss of potentially large amounts

of data in IPW, it is hypothesised that the IPW SEs are overestimated.
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5.3.2 Objectives for this chapter
This chapter aims to compare the performance of the following approaches for handling
missing longitudinal PROMs in RCT analyses:

e Maximum likelihood (ML)

e Multiple imputation (Ml)

e Inverse probability weighting (IPW)
Performance is assessed by considering the amount of bias introduced into the treatment
coefficients of the analysis model, presented as RMSE and MAE.
Within this research, performance of the different analysis approaches is considered for a
wide range of sample sizes, changes in the prevalence of missing data, and differences in
missing data mechanisms.
This chapter also aims to provide guidance for researchers on how to handle missing
PROMs outcome data in longitudinal analyses based on simulation studies reflecting real-

life RCTs.

271



5.4 Motivating example

In this motivating example, the three above described statistical approaches for handling
longitudinal PROMs data with some missing follow-up are applied to a subset of the KAT
study. The analysis approaches are expected to produce different results, thus
reemphasising the need to further investigate the advantages and disadvantages of the
different approaches.

The KAT trial has previously been introduced in Chapter 3. Briefly, this is an RCT assessing
the clinical and cost effectiveness of new developments in knee replacement®* 23, in which
a number of PROMs, including the OKS, the EQ-5D-3L and SF-12, were collected at baseline,
three months, one year and yearly thereafter. In this example, the above described
approaches for handling missing longitudinal data are applied to a subset of the KAT trial
including data for the initial five years of follow-up. The subset of data used is not

representative of the full trial dataset and is not aiming to reproduce the trial analysis.

5.4.1 Analysis population

The KAT subset to be used in this exploratory work contains 1334 observations, and is the
subset of participants with complete data for the baseline variables which are to be
included in either the analysis models or the missingness models (i.e. the imputation model
or the model to determine the weights to be used in IPW). These variables are baseline
OKS, age, gender, BMI, height, ASA physical status (a system to assess patients’ fitness prior
to surgery)'%t 192 and size of recruiting centre.

Missing data patterns have been described previously in Chapter 3, and were found to be
a mixture of monotone and intermittent missing data, with the percentage of missing

PROMs scores at each follow-up time point increasing with time. In the full dataset,
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approximately 30% of participants had some missing follow-up data. Within this subset,
approximately 26% of participants have some missing follow-up data. Additional details

can be found below.

5.4.2 Analysis model used

The multilevel mixed-effects linear regression model aims to compare the OKS over time
between the treatment groups. It includes a random intercept and a random slope, thus
allowing the intercept and slope to differ between individuals, which was a more
appropriate fit than the random intercept model alone. The model is fitted using a
maximum likelihood approach and use an unstructured covariance structure.

The model is adjusted for randomisation allocation, baseline OKS, gender and age, and
follow-up time point (implemented as a dummy variable for each year, using the one-year
follow-up as the reference category). Non-linear terms or interactions are not included into
this model, although the KAT trial analysis included interactions between treatment and
time®3. This is because in this chapter, the main focus is on the bias introduced into the
treatment coefficient by the different analyses.

This repeated measures model is used as the analysis model for all three approaches to
handle missing data. In addition to the covariates in the analysis model, the Ml and
missingness model for the IPW also include for ASA physical status, BMI (instead of height,
which was previously used), and size of the randomising centre. These variables were
found to be associated with the probability of data being missing in the exploratory work
in Chapter 3, as well as outcomes, and were used as part of the MAR mechanism and Ml
models in the simulation work in Chapter 4. The Ml and IPW models additionally adjust for

two post randomisation variables: whether or not the participants received their allocated
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intervention (coded as yes vs. no/not specified) and whether the participants experienced
complications during their operation (coded as yes vs. no/not specified). As the imputation
uses a MICE approach, missing data for each follow-up OKS is also based on OKS values
collected at the other follow-up time points. 25 imputations were used in this example for
the MI model.

The weights for the IPW model were derived by firstly generating a binary variable
indicating if participants either completed follow-up vs. having some missing data over the
follow-up. Then, a logistic regression model adjusting for the above mentioned variables
was then fitted to this indicator variable to establish the probability of complete follow-up
being available for each participant. The inverse of these probabilities is then used as
weights in the analysis model, which is fitted to the subset of complete cases (i.e.
participants for whom all follow-up data is available). Robust standard errors are used for
the analysis model for the IPW.

Stata’s mixed and mi impute commands were used to implement the models. The code for

each analysis is presented in Appendix 10.
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5.4.3 Results from the different analyses

Table 5-1 shows the percentage of missing OKS data at each relevant follow-up time point

overall and by treatment arm. In this subset of the trial data, all baseline data is non-

missing.

Table 5-1: Missing OKS data by treatment arm in the subset used in this exploratory analysis

OKS cannot be calculated/ is missing

Time point No patellar Patella resurfacing Total
resurfacing (N = 660) (N=674) (N =1334)

Baseline 0 (0%) 0 (0%) 0 (0%)
3 month 33 (5%) 51 (7.57%) 84 (6.3%)
1 year 42 (6.36%) 43 (6.38%) 85 (6.37%)
2 years 65 (9.85%) 82 (12.17%) 147 (11.02%)
3 years 76 (11.52%) 81 (12.02%) 157 (11.77%)
4 years 75 (11.36%) 83 (12.31%) 158 (11.84%)
5 years 96 (14.55%) 92 (13.65%) 188 (14.09%)

As described above, Figure 5-1 reiterates that a wide range of missing data patterns have

been observed within the KAT trial, covering both intermittent and monotone missing data

patterns.
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OKS - longitudinal missing data pattern

OKS at 3 months

OKS at 1 year

OKS at 2 years

OKS at 3 years

OKS at 4 years

OKS at 5 years

1334 individuals
I observed I Missing

Figure 5-1: Longitudinal missing data pattern in the subset of the data used in the motivating
example

Table 5-2 shows the OKS values observed in the KAT data subset over time by treatment
arm and overall. A pronounced increase in the OKS is observed from baseline to the three
month follow-up. The OKS increases further to one year; change thereafter is less marked,
and a slight decrease in the OKS can be observed after year two. However, all the average
changes after one year are small and unlikely to be clinically relevant. This data also suggest

that the difference between the treatment arms is small.
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Table 5-2: OKS over time in the subset of KAT data

No patellar Patellar resurfacing | Total

resurfacing

[mean (95% Cl)] [mean (95% ClI)] [mean (95% Cl)]
Baseline 18.16 (17.57, 18.74) 18.54 (17.98, 19.10) 18.34 (17.95, 18.75)
3 month 30.92 (30.18, 31.67) 31.62(30.85, 32.39) 31.27 (30.74, 31.80)
1 year 34.77 (33.97, 35.56) 35.02 (34.25, 35.78) 34.90 (34.34, 35.44)
2 years 35.60 (34.77, 36.43) 35.98 (35.17, 36.78) 35.79 (35.21, 36.37)
3 years 34.97 (34.12, 35.82) 35.67 (34.86, 36.48) 35.32 (34.74, 35.91)
4 years 34.52 (33.68, 35.36) 35.14 (34.28, 36.00) 34.83 (34.23, 35.43)
5 years 34.83 (33.80, 35.65) 35.15 (34.29, 36.00) 34.97 (34.37 ,35.58)

The results and parameter estimates from the three different models to handle the missing
PROMs data in the longitudinal context of the KAT trial are shown in Table 5-3. The
estimates of the treatment coefficients derived from the different analysis approaches,
which is the key focus of any RCT analysis, did not differ statistically significantly from zero
for any of the analyses, in line with the main trial analysis®% 3. The estimates from the ML
and Ml analysis appear similar in their magnitude, while that derived from the IPW analysis
is smaller, although not significantly different. The number of participants, the total
number of observations and observations per participant included in the model also
depend on the modelling approach chosen. This reiterates the fact that Ml includes all
randomised participants into the model, ML includes all those for whom data has been
collected for at least one follow-up time point, and IPW utilises only complete cases. Here,
the IPW approach only includes 985 out of 1335 participants (73.78%), while also

discarding some of the observed information.
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Table 5-3: Model results for the different analysis approaches

Coefficient, SE, (95% Cl)

(18.056, 26.298)

(17.794, 26.02)

ML model MI model IPW model
(robust standard
errors)
Participants included 1320 1334 983
Observations  included 7185 8004 (6) 5898 (6)
(per participants) (5.4 — average)
Randomised intervention 0.369, 0.459, 0.339, 0.461, 0.087, 0.526,
(patella resurfacing) (-0.529, 1.268) (-0.563, 1.242) (-0.944, 1.119)
Baseline OKS 0.46, 0.032, 0.463, 0.032, 0.434,0.041,
(0.397,0.523) (0.4,0.526) (0.353,0.514)
Time
3 months vs. 1 year -3.409, 0.188, -3.389, 0.193, -3.513, 0.223,
(-3.776, -3.041) (-3.767, -3.011) (-3.95, -3.075)
2 years vs. 1 year 0.57,0.191, 0.537, 0.191, 0.66, 0.183,
(0.195, 0.946) (0.162,0.911) (0.302, 1.018)
3 yearsvs. 1 year 0.102, 0.204, 0.088, 0.208, 0.243, 0.219,
(-0.297, 0.502) (-0.32, 0.497) (-0.186, 0.671)
4 years vs. 1 year -0.444,0.222, -0.446,0.219, -0.316, 0.247,
(-0.88, -0.008) (-0.876, -0.015) (-0.799, 0.168)
5 vyearsvs. 1 year -0.502,0.247, -0.423,0.245, -0.347, 0.25,
(-0.987, -0.018) (-0.903, 0.057) (-0.838, 0.144)
Gender (male) 0.267,0.484, 0.244, 0.486, 0.161, 0.56,
(-0.682, 1.215) (-0.709, 1.197) (-0.936, 1.259)
Age 0.054, 0.029, 0.057, 0.029, (0, 0.042, 0.037,
(-0.003, 0.112) 0.115) (-0.031, 0.115)
Constant 22.177,2.103, 21.907, 2.098, 24.353, 2.705,

(19.052, 29.654)

Unstructured covariance

(Residuals)

(4.495, 4.683)

(4.533, 4.74)

matrix
Standard deviation (time) 0.014, 0.001, 0.014, 0.001, 0.013, 0.001,
(0.013, 0.015) (0.013, 0.015) (0.012,0.014)
Standard deviation 8.109, 0.191, 8.145, 0.194, 8.014, 0.218,
(Intercept) (7.743, 8.492) (7.773, 8.535) (7.598, 8.452)
Correlation -0.186, 0.04, -0.193, 0.039, -0.199, 0.045,
(Time, intercept) (-0.263, -0.107) (-0.268, -0.115) (-0.286, -0.11)
Standard deviation 4.588,0.048, 4.635,0.053, 4.505, 0.098,

(4.316, 4.702)
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The results between the ML and MI model are likely to differ because the Ml includes
variables beyond the analysis model, including post-operative complications, and whether
or not the allocated procedure was received. These variables are related to both the
probability of data being missing, as well as the OKS outcomes, and may therefore
contribute to different model results being obtained. The IPW model uses considerably
fewer observations than both of the other models. The inclusion of only participants who
have completely observed follow-up data creates a biased subset, as these participants
have higher OKS scores at all follow-up time points compared to those participants with
some missing follow-up data. This is reflected in the increased values of the estimate of the
constant in the model. The weights used in the IPW model may not be able to fully
compensate for the selection bias introduced by focussing on the subset of participants
without missing follow-up data.

In conclusion, the data presented in Table 5-3 demonstrate that the different statistical
approaches produce different results, including different magnitudes for the treatment
coefficient, on which decision making for health care pathways may be based. Although it
is true that the differences in the treatment coefficients for this example are unlikely to be
of clinical significance, other RCT scenarios may vyield very different results. From this
example alone, it is impossible to conclude which results are the most appropriate. It is
unknown which of the parameter estimates are closest to the true parameter estimates.
In addition, the true underlying missing data mechanism is unknown, and therefore it is
impossible to determine if the assumptions made for each model are appropriate, or if bias
has been introduced through inappropriate assumptions. Therefore, a simulation study

further investigates the advantages and disadvantages of the different approaches.
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5.5 Simulation methodology

5.5.1 Rationale for performing a simulation study

As discussed in Chapter 4, a simulation study is performed to assess the performance of
the different statistical approaches in relation to a known truth!!3, and investigate the
benefits and drawbacks of the different statistical approaches to handling missing
longitudinal PROMSs data for different scenarios, varying the sample size and overall
percentage of participants with missing data. The work in this chapter also follows relevant
guidance on simulation studies'3, as described in Chapter 4, to produce reproducible and

robust results.

5.5.2 General simulation procedures
All programming for this research is performed using the statistical software Stata version
14. The code for the relevant programmes can be found in the Appendix 11. 1000 iterations

of the simulation are run for each scenario considered.

5.5.2.1 Simulation scenarios to be investigated

This simulation study uses data from the KAT study®3, focussing on participants who
consented to the patellar resurfacing randomisation. Of the 1715 participants randomised
to this comparison, 983 participants have complete data for the clinical baseline covariates
utilised in this simulation study, as well as for the OKS at baseline and all follow-up visits to
five years. The data for these 983 participants is considered to be the base case dataset,

and forms the basis for this simulation study.
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Sample sizes considered

The performance of the ML, Ml and IPW are compared for a range of sample sizes, namely
100, 250, 500, 750 and 983 participants, whereby the latter is the total number of
participants in the base case. For each simulation, datasets of the relevant size are

subsampled from the base case dataset, as in Chapter 4.

Proportions of missing data considered

As well as different sample sizes, the simulation study also investigates model performance
based on different proportions of missing data. MAR data are imposed on 10%, 20%, 30%,

40%, 50% and 60% of the population for each of the sample size scenarios.

Missing data patterns, mechanisms and treatment effects investigated

All missing data generated within this simulation study follows a MAR mechanism. For most
simulations, the missing data pattern implemented follows the eight most frequently
observed data patterns, as identified in section 4.4.3.2, which are a mixture of intermittent
and monotone missingness. Additional scenarios consider monotone missingness only, as
well as a ‘stronger’ MAR mechanism, which is simulated by making the variables outside
the analysis model more predictive of the probability of outcome data being missing. More
detail of the simulation of these MAR mechanisms is provided in section 5.5.3.

The above described simulation scenarios are generated from the base case dataset, which
reflects the data as observed in the KAT study. One additional scenario involved the
introduction of a five point treatment effect, as the KAT trial did not show a significant
difference between the two trial arms?®. By adding up to three points to the outcome

scores in the patellar resurfacing arm, and subtracting up to three points from the OKS
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outcome scores in the no patellar resurfacing arm, as appropriate, i.e. such that the upper
and lower range of the OKS was not exceeded, an overall treatment effect of approximately
five points was generated.

A final set of simulations assesses the effect of including other PROMs data that are
correlated with the OKS outcome variable in the Ml and IPW models. Here, the SF-12 and
EQ-5D-3L data are added at baseline, as well as for all follow-up assessments. In order to
keep the sample size of the base case dataset at 983, missing data in the SF-12 and EQ-5D
was imputed using Stata’s mi impute command utilising baseline and PROMs follow-up
data to produce a single imputation for each missing value.

Details of the generation of the base case dataset and the missing data mechanism

imposed on the full dataset are provided in section 5.5.3.

5.5.3 Generation of the datasets to be used in the simulation

5.5.3.1 Base case dataset

All simulations are based on a complete cases subset of the KAT participants included in
the patella resurfacing comparison, consisting of participants with complete data for the
relevant baseline variables (treatment allocation, baseline OKS, age, gender, BMI, ASA
physical status, centre size, post-operative complications and an indicator for delivery of
the allocated intervention) and no missing data for the relevant PROMs follow-up data up

to the five year assessment. This dataset contains 983 observations.
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5.5.3.2 Simulation of missing data within the simulation datasets

Of 1526 participants randomised to the patella resurfacing vs. no patella resurfacing and
not reported to have died at the five-year follow-up, 30% (459) had some missing follow-
up data for the OKS. Within these 459 participants, a large number of different missing
data patterns were observed, as demonstrated in Figure 5-2.

The longitudinal missing data patterns shown in Table 5-4 are the most commonly

observed patterns.

OKS - longitudinal missing data pattern

OKS at 3 months

OKS at 1 year

OKS at 2 years

OKS at 3 years

OKS at 4 years

OKS at 5 years

459 individuals
P Observed M Vissing

Figure 5-2: Observed longitudinal missing data pattern for the OKS in the KAT trial
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Table 5-4: Missing data pattern imposed on the complete cases subset of the KAT trial data —
missing the OKS

Missingness pattern Total True % % used in Cumulative %
simulation
No follow-up data available 62 13.51% 22.06% 22.06%
Only three month data
missing » 10.68% 17.44% 39.50%
Only five year data missing 46 10.02% 16.37% 55.87%
Data available to year one 34 7.41% 12.10% 67.97%
Data available to year two 26 5.66% 9.25% 77.22%
Only four year data missing 23 5.01% 8.19% 85.41%
Only three year data missing 22 4.79% 7.83% 93.24%
Data available to year three 19 4.14% 6.76% 100.00%

Replication of the observed missing data mechanism

The eight most commonly observed missing data patterns reported in Table 5-4 are
imposed onto the complete cases dataset, according to the relative frequency of each,
using an algorithm based on that presented by van Buuren et al'*®, and described in detail
in Chapter 4. In brief, this algorithm allows the simulation of realistic MAR data, enables
the user to vary the overall percentage of missing data, and specify the missing data
pattern, as well as the MAR mechanism. Within the algorithm, the variables included in the
MAR mechanism are used to predict each participant’s probability of having missing data.
The coefficients for this equation were obtained in exploratory work whereby eight logistic
regression models were fitted (one for each pattern of missing data). The outcome variable
used was a binary variable indicating whether or not a participant exhibited the relevant
pattern of missing data. The coefficient estimates for each covariate were used in the

algorithm to generate missing data. The code for this algorithm is shown in Appendix 11.1.
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Simulation of a ‘stronger’ MAR mechanism

One variation of the simulation considers a ‘stronger’ MAR mechanism, whereby the
influence of variables on the probability of follow-up data being missing is increased for
variables outside the analysis model, and decreased for variables contained in the analysis
model. This is done by increasing the magnitude of their coefficients. Specifically, the
coefficients for the covariates outside the analysis model are increased three-fold, while
those contained in the analysis models are halved. The coefficients used in this algorithm

for each missing data pattern can be seen in Appendix 11.2.

Simulation of monotone missingness only

Finally, a scenario of solely monotone missingness, i.e. whereby missing data is due to
participants dropping out of follow-up or being lost to follow-up, is also generated. The
KAT trial data used for this chapter comprises a total of six follow-up points; in this
simulation scenario, participants are equally likely to drop out of the follow-up at any one
of these time points. The regression model used in previous simulations to estimate the
likelihood of participants having no observed follow-up (first missing data pattern in Table
5-4) is used for all drop-out patterns. The Stata code used to generate these drop-out

pattern can be seen in Appendix 11.3.
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General consideration when simulating missing data

As mentioned in Chapter 4, the mi impute code for the MI model requires some missing
data in all variables to be imputed, i.e. here all follow-up OKS data. Therefore, if by chance
(likely only in small datasets with very low percentages of missing data) no cases of
complete loss to follow-up are generated, one such case is added to ensure that the Ml

code runs without error.

5.5.3.3 Statistical models implemented

Analysis models

The analysis model for the ML, Ml and IPW approach is the multilevel mixed-effects linear
regression model described in section 5.4.2. The same analysis models are used for all the

different simulation scenarios.

MI model

The variables included in the MI model have been described in section 5.4.2. The OKS data
for the different follow-up time points are imputed simultaneously using a MICE approach
with predictive mean matching using the nearest neighbour approach. All covariates
associated with the MAR mechanism are included in the imputation models, which are run
separately by treatment arm, where feasible>® 12,

For the simulation scenario where SF-12 PCS score and EQ-5D-3L data are added to the Ml
and IPW models, the MI models include all baseline and follow-up data for these PROMs.
As all of the additional PROMs data are complete, the data at each follow-up time points

are added to the explanatory variables of the MI model to inform the imputation of missing

OKS data. The additional variables increase the complexity of the Ml models, and thus the
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risk of non-convergence. To prevent non-convergence as far as possible, Ml models for the
simulation scenarios with a total sample size of 100 are simplified, i.e. the Ml model uses
randomised treatment as a covariate, instead of running separate models by treatment.

The Stata code for the MI models can be seen in Appendix 12.

IPW model to calculate weights

The implementation of the IPW model approach has been described in section 5.4.2. All
variables associated with the MAR mechanism are included in the logistic regression model
to calculate the weights. For the simulation scenario where SF-12 PCS score and EQ-5D-3L
data are added to the MI and IPW models, the calculation of the weights reflects this
additional information. The PCS score and the EQ-5D-3L composite score at baseline and
five years are added to the logistic regression model used to calculate probabilities of
participants having complete outcome data.

Depending on the distribution of data, particularly within the categorical variables and
percentages of missing data simulated, the logistic regression models do not always
converge. Therefore, for some of the iterations of the simulation study, no valid results
could be obtained for the IPW model. The Stata code for the IPW models can be seen in

Appendix 12.
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5.5.4 Data generated from the simulation to assess the comparative performance of the
statistical approaches to handling missing data

5.5.4.1 Data generated from base case dataset and observations with imposed missing

data

In this chapter, the emphasis lies on the bias introduced into the treatment coefficient
within the multilevel mixed-effect models. Therefore, the treatment coefficients, as well
as their standard errors are recorded for the full dataset, as well as the ML, Ml and IPW
analyses.

In addition, the number of instances where no valid results can be obtained from the IPW
model, due to non-convergence of the underlying logistic regression model are collected,

together with instances where the Ml model does not converge.

5.5.4.2 Data generated to assess each model’s performance

As in Chapter 4, the performance of each analysis approach compared to the true results
(i.e. the results from the datasets without missing data) is assessed using the root mean
square error (RMSE) and mean absolute error (MAE). Calculations are in line with those

presented in Chapter 4.
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5.6 Results

This section presents the results of the simulation study considering different analysis
approaches when confronted with missing data in a longitudinally collected PROMs.
Results are presented here for RMSE, and corresponding graphs showing the MAEs are
shown in Appendix 13. The x-axis of the graphs presents the different sample size
scenarios, while the y-axis shows the RMSE or MAE. For clarity, separate plots are provided
for the different proportions of missing data.

As in Chapter 4, a general trend that can be observed is that bias in terms of both RMSE
and MAE increases both with increasing proportions of missing data, as well as decreasing
sample size for each analysis approach. Uncertainty around the results, as measured by the
SE of the treatment coefficient, also increases with larger proportions of missing data and
smaller sample sizes. Results for the individual simulation scenarios are presented under

the relevant headings below.

5.6.1 Feasibility of the different analysis approaches

The ML approach was able to obtain valid results for the multilevel mixed-effects linear
regression model in each simulation iteration. Negligible proportions of the MI models did
not converge, and no valid results were obtained for these instances (shown in Appendix
13.1). As discussed above, the MI model was simplified for the simulations considering
sample sizes of 100 when additional data for the SF-12 and EQ-5D-3L were included into
the MI models, and information on non-convergence is provided in Appendix 13.1.
Problems, however, were encountered in the estimation of the weights used in the IPW
approach, where the logistic regression models did, on occasion, not converge. Table 5-5

shows the percentage of simulations (out of 1,000) for which no valid results could be
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obtained for the IPW approach for the scenarios based on the observed data and MAR
mechanism. It can been seen that valid results could not be obtained for approximately
21% of the simulation scenarios with a sample size of 100 and 10% of missing data.
However, the percentage of non-valid results are 3.2% for the scenarios with 20% missing
data and a sample size of 100, and 1.5% with 10% of missing data and a sample size of 250.
The failure rates for all other scenarios are below 1% or 0. All IPW models for sample sizes

above 250 yielded valid results (not shown in this table).

Table 5-5: Percentage of simulations for which no valid results for the IPW approach could be
obtained - simulation using the observed data and observed MAR mechanism

Percentage of participants Sample size
with simulated missing 100 250

data

10% 20.9% 1.5%
20% 3.2% 0%
30% 0.8% 0%
40% 0.1% 0%
50% 0.1% 0%
60% 0.4% 0%

Similar pattern of failure rates were observed for the simulations considering different

MAR mechanisms and underlying data; they are shown in Appendix 13.2.
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5.6.2 Simulations using the observed data and observed MAR mechanism

The first simulation scenario considered the observed patterns of missing data and
observed MAR mechanism. Figure 5-3 shows the RMSE for the treatment coefficient. Both
the ML and the MI approaches perform very similarly irrespective of the sample size or
proportion of missing data. The IPW approach performs consistently worse than both ML
and Ml in terms of RMSE, with differences more pronounced for smaller sample sizes.
Similar results are seen for MAE, as presented in Appendix 14.

Figure 5-4 shows the SEs around the different analysis approaches and different simulation
scenarios. For smaller proportions of missing data, the SEs estimated from the ML and M
models are almost identical to the true SEs calculated from the full datasets without
missing data. They increase only slightly compared to the true SE even when up to 60% of
participants have some simulated missing data. The SE obtained for the IPW approach is
similar to the true SE for 10% of missing data, and also for 20% when the sample size is
large. In the other scenarios, the SE for the IPW is consistently higher than the true SE and
those obtained from ML and MI. As with the RMSE, discrepancies in the SE from the IPW

approach are also more pronounced for smaller sample sizes.
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Figure 5-3: RMSE of the estimated treatment coefficient — simulations using the observed missing data pattern
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SE of the estimated treatment coefficient (OKS)
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Figure 5-4: SE of the estimated treatment coefficient — simulations using the observed missing data pattern
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5.6.3 Simulations using a five point treatment effect and observed MAR mechanism

Figure 5-5 shows the RMSE for the simulations introducing a five point treatment effect
into the dataset; the other simulation parameters are the same as those described in
section 5.6.2. This change in the underlying data does not appear to affect the performance
of either of the analysis approaches, and results are very much in line with those presented
above, both for the RMSE, as well as for the SE, as shown in Figure 5-6. Comparison of

models by MAE show similar patterns (Appendix 14).
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Figure 5-5: RMSE of the estimated treatment coefficient — simulations using the observed missing data pattern and a five point treatment effect
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Figure 5-6: SE of the estimated treatment coefficient — simulations using the observed missing data pattern and a five point treatment effect
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5.6.4 Simulations using the observed data and a stronger MAR mechanism

Here, the comparative performance of the different analysis approaches is considered
when a stronger MAR mechanism is applied to the observed data, as described in section
4.4.3.2. Figure 5-7 shows the RMSEs observed in the treatment coefficients for this
simulation scenario. Again, the patterns observed previously remain generally unchanged,
although the RMSE for the IPW approach has decreased marginally, particularly for small
samples and larger proportions of missing data. The MAE plots in Appendix 14 support
these findings.

Figure 5-8 shows the SEs associated with each approach of handling missing outcome data.

Again, the patterns are similar to those reported above.
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Figure 5-7: RMSE of the estimated treatment coefficient — simulations using the observed missing data pattern and a stronger MAR mechanism
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Figure 5-8: SE of the estimated treatment coefficient — simulations using the observed missing data pattern and a stronger MAR mechanism
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5.6.5 Simulations using the observed data, observed MAR mechanism and an additional
outcome variables in the M| & IPW models

Here, the comparative performance of the different analysis approaches is considered
when additional information for other PROMs is added to the MI and IPW models, as
described above. The additional auxiliary variables are the SF-12 and EQ-5D-3L.

Figure 5-9 shows the RMSE in the treatment coefficients. The bias in treatment coefficients,
as represented by RMSE, obtained from the Ml is reduced in this scenarios. The benefits of
the MI model in this scenario are more pronounced when larger proportions of participants
have missing outcome data. The bias introduced into the IPW model does not appear to
have been decreased through the inclusion of this additional information. In fact,
compared to the original simulations, the RMSE has increased very slightly across the
simulation scenarios. Comparison of models by MAE show similar patterns (Appendix 14).
Inclusion of the additional PROMs estimation has no impact on the SEs. Figure 5-10 shows

the SEs for this simulation scenario, which are in line with those observed previously.
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Figure 5-9: RMSE of the estimated treatment coefficient — simulations adding the SF-12 and EQ-5D-3L to the Ml and IPW mechanisms
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Figure 5-10: SE of the estimated treatment coefficient — simulations adding the SF-12 and EQ-5D-3L to the Ml and IPW mechanisms
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5.6.6 Simulations considering monotone missingness (i.e. drop-outs) only

As in the previous scenario, this analysis incorporates auxiliary SF-12 and EQ-5D-3L data.
However, in this scenario, only monotone missingness, i.e. drop-outs from follow-up are
considered, as described in section 4.4.3.2.

Figure 5-11 shows the RMSE in the treatment coefficients for this scenario. As in the
previous scenario allowing for auxiliary variables, a small benefit of Ml over ML is observed
across all the different proportions of missing data; however, these differences are smaller
than those observed in the previous simulation scenario. The bias introduced into the IPW
model is increased slightly in comparison to the previous scenario. The graphs showing the
MAE (Appendix 14) are consistent with these findings.

Figure 5-12 shows the SEs for this simulation scenario, which are in line with those

observed previously.
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Figure 5-11: RMSE of the estimated treatment coefficient — simulations adding the SF-12 and EQ-5D-3L to the Ml and IPW mechanisms while considering
dropout only
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Figure 5-12: SE of the estimated treatment coefficient — simulations adding the SF-12 and EQ-5D-3L to the MI and IPW mechanisms while considering

dropout only
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5.7 Discussion

The aim of this chapter was to discuss and compare the performance of three different
methods for analysing longitudinal PROMs outcomes with some missing data. ML, Ml and
IPW were investigated in this chapter, as they are widely considered to be appropriate
methods to handle missing data in a longitudinal context, and are straightforward to

implement using standard statistical software such as Stata.

The methodology underlying each approach was discussed in section 5.3, together with
potential benefits and disadvantages of each, and the existing literature on the
comparative performance of the methods was presented. The application of each
approach was then demonstrated in a case study (section 5.4). This case study was also
used as a ‘motivating example’, to show that the results obtained when applying the
different approaches can differ, thus stipulating the need for further direct comparisons of
the methods with a focus on RCT and PROMs data. The subsequent simulation study
(section 5.5) then offered a direct comparison of the three different approaches under a
number of different MAR scenarios, considering a range of sample sizes and proportions

of participants with missing data.

The simulation study showed that results obtained for the ML and Ml approach were very
similar under MAR where the Ml model took into account baseline data and data collected
very early on in the trial only. This finding was not unexpected, especially as the most
important predictors of the outcome were also included in the analysis model, and
therefore taken into account in the ML estimation, and is in line with current literature?®
7. However, where other follow-up PROMs data was used to inform the MI model, a

benefit of Ml over ML could be observed. This benefit is likely to be due to the fact they
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offer additional post-randomisation data which is correlated with the outcomes, and thus
helps in predicting the missing values under a plausible MAR assumption. This is a very
important finding which has the potential to contribute to decreasing the bias contained
in results from RCT analyses. While it is true that the simulation study considered an ideal
scenario, whereby full follow-up information was available for additional PROMs
measures, which may not be realistic in many RCT settings, this approach is still likely to
produce beneficial results for the Ml analyses in practice. This is because most RCTs collect
information on a number of different PROMSs, which have different completion rates (see
Chapter 3). More resources are likely to be devoted to ensuring high completion rates for
PROMs used as a primary or key secondary outcome, for example by following patients up
using phone calls when the relevant questionnaire was incomplete after the clinic visit or
postal follow-up, and these data are therefore more likely to be complete compared to
other PROMs collected. Also, it is possible that RCT participants may be more likely to
complete questionnaires that are shorter, or considered more relevant to them, thus
leaving only certain PROMs incomplete. Alternatively, PROMs may be collected at different
time intervals, e.g. so that while no PROMs data may have been obtained at the time point
of interest, other data for another PROMs may have been obtained at another follow-up
visit at which only a subset of all PROMSs was collected. In addition to PROMs, the follow-
up data may include information on clinical assessments, re-admissions, further
treatments or complications. In short, other follow-up information, both in the form of
PROMs or clinical data is likely to be available and may yield valuable information on the
missing data of the PROM data of primary interest. Even more importantly, including this
post-randomisation information into the MI model also yields the possibility of making the

MAR mechanism more plausible>!. Especially when some of the missing data is related to

307



a change in health states, the use of additional PROMs outcome data may shift the
underlying missing data mechanism from MNAR to MAR if the additional PROMs data is
closely correlated to the missing PROMs data>®. Therefore, where available, it is
recommended that other relevant follow-up information should always be added to the
MI model as this additional information can be informative of the missing PROMs data and

makes the MAR assumption more realistic.

In all the scenarios, IPW performed notably worse than its comparators both in terms of
bias introduced, as well as in variability around the treatment coefficient estimates,
particularly for larger proportions of missing data. As demonstrated in the motivating
example, this can partly be attributed to the fact that the IPW approach only utilises a
subset of the data in the analysis, and that the weighting approach may not fully account
for the missing data and the mechanism responsible for it. Therefore, one of the
conclusions of this chapter is that IPW as utilised here is not recommended for the analysis
of RCTs with some missing data in their longitudinal follow-up. This is in line with previous
literature, which also does not recommend IPW, particularly when data for several

variables are missing, and missing data are non-monotone!*?,

Finally, the last two simulation scenarios compared and contrasted bias introduced by the
same approaches for monotone vs. intermittent missingness. Bias introduced into the
treatment coefficients increased slightly in the scenario considering monotone
missingness. This again emphasises the importance of including all collected data into the

analysis, and adds to the evidence against using IPW in these settings.
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5.7.1 Feasibility of the three different approaches

The findings presented in this chapter have shown that valid results can be obtained for all
ML approaches and the vast majority of Ml models for the simulation scenarios considered.
The IPW approach, however, failed to converge in approximately 20% of simulations for
the combination of a sample size of 100 and 10% of missing data. Failures for combinations
of other sample sizes and proportions of missing data were much less frequent, or not
observed at all, as discussed above. The logistic regression model used to estimate the
weights for the IPW approach relies on sufficient numbers of observations being available
within all categories of the categorical explanatory variables for participants with and
without complete follow-up data. Especially where missing follow-up data is simulated in
only 10% of participants, the data distribution is more likely to be such that the logistic
regression model does not converge. Where IPW is applied during the analysis of PROMs
data, the logistic regression model should be constructed in a way that is appropriate for
the underlying data. However, it was not possible to customise the model within this
simulation study, as all factors needed to be kept constant to ensure comparability
between the different simulations and simulation scenarios.

The complex MI models including additional PROMs follow-up data also failed in a low

number of cases.
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5.7.2 Novel aspects and limitations of this research

5.7.2.1 Contribution to the literature

This is the first simulation study directly comparing ML, Ml and IPW in the context of RCTs
focussing on missing PROMs data while utilising complex and realistic MAR mechanisms
and missing data patterns. Therefore, the research in this chapter is an important
contribution to the literature, providing important guidance to statisticians analysing
PROMs data from RCTs. The simulation work covers a wide range of realistic missing data

scenarios, and is therefore applicable to a wide range of medical research.

5.7.2.2 Limitations of this research

Although every effort was made to conduct this research as thoroughly and completely as
possible, it is not without its limitations.

Firstly, similar to the research presented in Chapter 4, this simulation study considers a
limited number of missing data scenarios. Maximum sample sizes were limited by the
number of observations in the base case; however, as before, sample sizes ranging from
100 to around 1,000 participants are deemed representative of the vast majority of RCTs.
The majority of the simulation studies consider the same missing data pattern, comprising
a mixture of intermittent and monotone missingness. The simulation scenarios presented
here could arguably have been extended to include other missing data patterns. Indeed,
the longitudinal missing data patterns explored in Chapter 3 varied between trials, and to
a smaller extend between PROMs regarding the number of participants that represent
specific missing data patterns. However, there is consistency in that both monotone and
intermittent missing data have been observed for all trials and PROMs observed.

Therefore, the longitudinal missing data pattern used in the simulation study are realistic
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missing data patterns, and are expected to be generalisable to a large proportion of RCTs.
The simulation studies have also been extended to consider only a monotone missing data

pattern.

As in Chapter 4, the simulation models are limited to the KAT dataset and also the OKS.
While validation in other datasets, and for other PROMs would be beneficial, it is believed
that the results from this research are generalisable for the following reasons. The OKS is
used as a continuous score, in line with composite scores for many PROMs. Baseline
variables have only limited predictive ability of the follow-up OKS data, and there is
moderate correlation between the OKS and other PROMs collected at the follow-up
assessments. This is in line with other PROMs, and it is therefore not expected that the use
of other PROMs would have yielded different conclusions on the comparative performance

of ML, Ml and IPW.

In line with Chapter 4, MNAR mechanisms were not considered in this chapter. Again, this
is because MNAR could be present in a number of ways, either limited to a specific
treatment arm or relevant to all treatment groups, and resulting in either increased or
decreased treatment effects. As such, findings from simulation studies considering MNAR
mechanisms are unlikely to be generalisable because an approach that performs well
under a specific MNAR mechanism may be an inappropriate choice in another MNAR
scenario. This could lead to bias introduced through missing data being underestimated,
as it is impossible to determine the MNAR mechanism based on the available data. For this
reason, MNAR scenarios were omitted from this chapter. This is in line with other authors,
who acknowledge that any MNAR analysis makes many additional assumptions, and should

therefore be considered in the framework of sensitivity analysis'?>124 153, which is further
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discussed in Chapter 6. Including auxiliary follow-up information, in the form of PROMs as
well as other data collected during the follow-up, should render MAR assumption more
realistic and minimises bias® 1°3-1°¢_Still, the results from any analysis including missing
data should be subject to appropriate sensitivity analysis, investigating potential
departures from MAR, and this is further discussed in Chapter 6.

The analysis model used in this simulation study was a multilevel mixed-effects linear
regression model. Alternative choices of longitudinal analysis models, such as marginal
models with coefficients estimated by GEE were not considered within this work. The
choice of model was guided by the pre-specified analysis model in the KAT study, the data
of which formed the basis for this methodological work®3. The interpretation of results for
multilevel mixed-effects linear models and marginal models, also referred to as population
average models differs. Marginal models produce the expected outcomes across all
clusters (given the covariates), whereas multilevel mixed-effects linear regression models
can also produce the effect of the covariates on individuals. In the context of this simulation
work, the treatment effect in the RCT produced by the analysis model is of primary interest.
This estimate can be derived from both approaches, and the literature demonstrates that
both GEE and multilevel mixed-effects linear regression models give very similar results for
continuous outcome variables'®’. Furthermore, research by Kang et al'*® (discussed in
section 5.2.2) demonstrated that multilevel mixed-effects linear regression models
produced better results in terms of accuracy and SEs than GEE in the presence of missing
data, and multilevel mixed-effects linear regression models were therefore used in this

simulation study.
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The multilevel mixed-effects linear regression models used in this simulation work were
fitted via maximum likelihood, which is the default in Stata’s ‘mixed’ command. An
alternative estimation approach is the restricted maximum likelihood estimation (REML).
Both are well-established approaches, with REML thought to provide unbiased estimates
of the likelihood although differences between the approaches are described as negligible
for large samples, while the ML approach is thought to be more appropriate for small
samples!>®1%0 Therefore, both approaches were considered appropriate for the purposes
of the simulation study performed in this chapter. As such, the choice of the ML estimation
approach over REML was influenced primarily by practical reasons: In Stata’s ‘mixed’
command, the ML estimation has more functionality than the REML estimation (see Stata
14 documentation: Multilevel mixed-effects reference manual). This additional
functionality includes the use of robust variance-covariance matrices and weighted
estimations, both of which were utilised in the IPW approach. It is for those reasons that

ML estimators were utilised in this simulation work.
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5.8 Conclusion

The research performed in this chapter presents a direct comparison of ML, Ml and IPW
when applied to RCT datasets with some missing PROMs follow-up data in a longitudinal
context. The results of the simulation study show that the IPW model introduces more bias
than the alternative approaches, and should therefore not be used for the analysis of
similarly small RCT datasets, especially when some missing outcome data is observed for
30% of participants or more.

ML and MI perform similarly under MAR when no additional follow-up data is available.
However, where auxiliary PROMs or other data have been more completely observed
during the follow-up, or other post-randomisation data is available, then Ml offers benefits
in terms of bias reduction and should be favoured over non-imputation based ML
approaches. As both approaches assume data being MAR, additional sensitivity analyses

considering MNAR scenarios remain imperative to supplement the primary analysis.
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Chapter 6 : On the importance of sensitivity analysis to
investigate the robustness of randomised controlled trials

results with regards to missing outcome data

6.1 Introduction

The work in this thesis has compared different analysis approaches for RCTs with missing
PROMs outcome data where the planned analysis takes into account either a single follow-
up time point (Chapter 4) or longitudinal follow-up (Chapter 5). The comparative
performance of the different approaches was reported in terms of bias and precision for a
number of scenarios considering different sample sizes and proportions of missing data,
and relevant guidance and advice were derived. However, the results of any of these
models rely on a number of assumptions, including firstly that the missing data pattern
truly is missing at random (MAR) for many analyses, and secondly that the analysis model
or Ml model can capture all the relevant variables in the MAR mechanism.

Within a simulation study, these factors can be set by the researcher. The missing data in
Chapters 4 and 5 were simulated to be MAR, and therefore the MAR assumption was
appropriate. In reality, however, the true underlying missing data mechanism cannot be
known, as the assumptions made about the underlying missing data mechanism are
untestable given the available data. Researchers can make an educated guess about the
underlying missing data mechanism based on the patterns of missingness observed, other
available data, as well as reasons clarifying why data are unavailable. However, they can
never be certain that their assumptions are correct!” 18 59,122,161 and that all the relevant

variables are taken into account when adjusting for missing data.
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Of course, the use of inappropriate assumption can lead to biased results. Therefore,
results based on data containing some missing outcomes should always be investigated for
robustness with regards to varying the assumptions made about the underlying missing
data mechanism, including the possibility that data is missing not at random (MNAR). This
process is referred to as sensitivity analysis'> 18 162-164 The addition of sensitivity analysis
to the primary analysis of any RCT is crucial to reassure clinicians, researchers and
regulatory bodies that the trial results are robust and conclusions are unlikely to vary due
to a change in the way missing data were handled.

An overview of the literature on guidance provided on appropriate sensitivity analysis with
regards to missing data, defined as analyses considering MNAR mechanisms, is presented
in section 6.3. Two approaches to applying MNAR sensitivity analysis that are
straightforward to implement using standard statistical software are presented in section
6.4. A case study, described in section 6.5, is used to demonstrate the application of two
intuitive and easily implementable sensitivity analyses. The results from these two
sensitivity analyses, and their conclusions about the robustness of the underlying trial
results will also be discussed. Findings from this chapter are discussed in section 6.6, and

conclusions are provided in section 6.6.
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6.2 Objectives for this research

The aims of this chapter are to:
e Provide an overview of the recommendations for sensitivity analysis in the current
literature with regards to investigating the possibility of data being MNAR
e Present two intuitive and easily implementable approaches to performing MNAR
sensitivity analysis that already exist in the literature, and discuss their
implementation and implications on the trial results using a case study
e Emphasise the importance of sensitivity analysis when carrying out any statistical

analysis in the presence of missing data

317



6.3 Advice on sensitivity analysis in the current literature

The importance of sensitivity analysis has been recognised by methodologists and
regulators, with Li et al stating that “Examining sensitivity to the assumptions about the
missing data mechanism (i.e., the sensitivity analysis) should be a mandatory component
of the study protocol, analysis, and reporting. This standard applies to all study designs for
any type of research question.”!8, with others, including the authors of the CONSORT
(Consolidated standards of reporting trials) statement, echoing this sentiment!> 17, 80, 162,
163, 165.

Regulatory bodies, such as the European Medicines Agency (EMA) and the U. S. Food and
Drug Administration (FDA), also incorporate the use of sensitivity analysis into their
guidance. The EMA states that “sensitivity analyses should show how different
assumptions influence results obtained” and “because the performance of any analysis
presented (in terms of bias and precision) cannot be fully elucidated, presentation of trial
results without adequate investigation of the assumptions made for handling missing data
cannot be considered comprehensive”®. The FDA adds that “sensitivity analysis should be
part of the primary reporting of findings form clinical trials, and that examining sensitivity
to the assumptions about the missing data mechanism should be a mandatory component
of reporting”#°. The FDA clarifies that “sensitivity analysis [should] assess the impact of
missing data on estimates of treatment differences”, but also recommends that more
research is still needed on methods of sensitivity analysis and decision making arising from
sensitivity analysis®.

The FDA and EMA provide guidance on the scope and documentation of sensitivity analysis,
proposing that “each sensitivity analysis should be designed to assess the effect on the

results of the particular assumption made to account for the missing data. The sensitivity
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analysis should be planned and described in the protocol and / or in the statistical analysis
plan and any changes must be documented and justified in the study report”®®. Specifically,
the EMA proposes that MNAR sensitivity analysis should, where possible, take into account
reasons why data are missing, and adds that a clear explanation should be provided for the
values imputed. The EMA also states that “MI| methods including a pattern mixture
approach may be appropriate”®. Further, the EMA suggests considering also a worst case
scenario: “assigning the best possible outcome to missing values in the control group and
the worst possible outcome to those of the experimental group. If this extreme analysis is
still favourable then it can be confidently concluded that the results are robust to the

handling of missing data”.

The advice in these guidelines is very broad and lacks practical advice on
implementation?3!, which may contribute to the low proportion of existing studies
implementing appropriate sensitivity analysis that considers MNAR scenarios, as found in
Chapter 2%°. The implementation of sensitivity analysis is not discussed in other guidance
documents, such as the Consolidated Health Economic Evaluation Reporting Standards
(CHEERS) statement?'6 167,

Methodologists and researchers in the field of statistics and health economics have
addressed some of the uncertainty around the implementation of sensitivity analysis.
Apart from Bayesian approaches'®®17!, which are not considered within this thesis, two
frameworks for sensitivity analysis, namely pattern-mixture models and selection
models>? 66, 67,131, 164,169, 172-174 haye received much attention in the recent literature, and

were referred to in the EMA and FDA guidance documents discussed above.
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Generally, pattern-mixture models facilitate sensitivity analysis by allowing for differences
in the distribution of data between the distinct groups, or pattern, within the dataset. As
such, while outcomes for participants with and without complete data that are assumed
to be similar under MAR (subject to other variables), these outcomes are allowed to differ
within the pattern-mixture model. Different MNAR assumptions for participants with
missing data by treatment arm, or different patterns of missing data, can also be
implemented in the pattern-mixture model. The difference, or 6, between observed and
unobserved data is specified. The choice of § should be specific to the study being analysed,
and could consist of a “jump to reference” whereby those with missing data in the active
intervention are assumed to follow the distribution of those with observed data in the
control arm?® 161, |n other examples, & may be chosen as a clinically plausible value that is
added to or deducted from imputed values estimated under MAR. For example, this value
might differ based on time since randomisation in longitudinal studies®” %7, where
appropriate. The literature shows a variety of implementations of pattern-mixture models,
including cases where & is applied to specific imputations after Ml, or during the Ml process
for longitudinal data, so that imputations for later time points can take into account

corrections at earlier time points based on MNAR assumptions®4,

Selection models also acknowledge that participants with missing data differ from those
with observed data. However, here the MNAR assumptions are applied by using a joint
model for both the complete data and the missingness mechanism. Again, a parameter 6
is defined, which in the context of selection models represents the departure from the
MAR assumption, thus representing a MNAR setting. Selection models can be

implemented by applying a weighting approach to the imputed values after Ml under MAR,
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giving imputations that are more likely to stem from the assumed MNAR mechanism a
higher relative weight in the chosen analysis model. Based on §, the weight is calculated
for each of the imputed datasets. Subsequently, these weights are used in the calculation

of the estimates and variances of the Ml approach®” 174175,

The value of 6 in both the pattern-mixture and selection model should be based on clinical
or expert opinion® 74 Alternatively, researchers may choose to consider a range of
possible 6 values in order to assess how plausible the assumptions that can cause a change
in the study conclusions are i.e. at what point results that are statistically significant under
MAR move to being statistically insignificant, and vice versa. This is also referred to as
tipping point analysis'3% 164176 Thjs can be used to interpret how robust the results are to
varying assumptions about the missing data. If only a very large departure from MAR
results in a change in conclusions, this may assure researchers that the results are robust
to plausible departures from MAR'’’. Carpenter at al?® stress that the assumptions need to
be accessible and relevant.

Both pattern-mixture and selection models can be used to generate single imputations, or
be applied after MI'’8, There are disadvantages of generating single rather than multiple
imputations, particularly their inability to adequately account for the uncertainty around
the missing values'®4, which can affect sensitivity analysis investigating the robustness of
trial conclusions'’®. However, the implementation of both approaches, especially in an MI
setting, can be computationally demanding and there is a distinct lack of software to apply
appropriate MNAR sensitivity analysis, especially after MI. It is thought that this may deter
some researchers from implementing such sensitivity analysis'’> 8, Since appropriate

considerations of sensitivity form a crucial component of comprehensive RCT reporting,
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this chapter focusses on two approaches to performing MNAR sensitivity analysis that
already exist in the literature. These approaches can be easily implemented after any
primary analysis that makes a MAR assumption by either including available cases and
adjusting for relevant covariates, or performing Ml and are described in the following
section.

The search strategy implemented to identify the relevant publications discussed above is

presented in Appendix 15.
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6.4 Exploration of approaches to conduct MNAR sensitivity analysis

In this section, two approaches to conducting sensitivity analysis with a focus on MNAR

assumptions are explored.

6.4.1 Stata’s rctmiss command

The rctmiss command has been written by lan White at the MRC Biostatistics Unit in
Cambridge, and can be obtained by typing ‘net from http://www.mrc-
bsu.cam.ac.uk/IW_Stata/’ into Stata. It is designed to allow researchers to investigate the
effect of MNAR assumptions during the analysis of RCTs. Specifically, researchers can
assess the effect on the treatment coefficient within their analysis model under a range of
MNAR scenarios specifying either a selection model or pattern-mixture model approach;
here, the focus is on the latter. The researcher can specify §, which represents the MNAR
assumption to be investigated, i.e. it represents the difference in missing outcomes under
MAR and MNAR. For example, under the pattern-mixture approach a & of -5 would
investigate the MNAR scenario whereby missing outcomes are assumed to be five points
worse on a PROM s scale than they are assumed to be under MAR. The value of 6 depends
on the outcome measure used, the range of the score, as well as what is considered a
clinically relevant or plausible difference. This MNAR assumption can be applied to either
one or both of the trial arms, and researchers can investigate either a single departure from
MAR, or a range of different MNAR scenarios.

The rctmiss command works for both continuous and binary outcomes and can also handle
missing baseline data; however, in this chapter, the focus is on continuous outcomes

without missing baseline data.
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The command generates the treatment coefficients under the specified MNAR scenario,
i.e. the estimates obtained under MAR are modified in line with the MNAR assumptions
expressed in §. Results are provided either in table form, listing the trial arm(s) to which
the MNAR assumption is applied, the treatment coefficient estimated under MNAR and
the corresponding standard error. When a range of MNAR assumptions are investigated, a
graphical representation of the MNAR sensitivity analysis results shows the values of delta
on the x-axis and the MNAR treatment coefficient with a 95% Cl on the y-axis.

By being able to show the results from a range of MNAR analyses, the graph as well as the
listing of results can also be used for a tipping point analysis, as discussed above.

Within its documentation, the fact that rctmiss only works for two-arm RCTs is listed as a
limitation, meaning that it cannot be used for sensitivity analysis of multi-arm comparisons
in multi-arm RCTs. Also, the command documentation gives examples for implementation
where the analysis model is based on a linear or logistic regression model. Currently, for
example, the rctmiss command cannot be used for the multilevel mixed-effects models
implemented by the ‘mixed’ command in Stata. Therefore, the rctmiss command may not
be applicable for sensitivity analysis in all RCT contexts. This highlights the need for
alternative approaches to sensitivity analysis that offer this additional flexibility to allow
for additional trial arms or analysis models to be included in the sensitivity analysis, and is

further discussed in section 6.4.2.
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6.4.2 Manually changing the Ml imputations according to MNAR

Ml is considered a good basis for sensitivity analysis. Particularly where the main analysis
is based on MI, MNAR scenarios can be investigated by manually changing the imputed
values for participants with missing datal®” 8!, This approach can be considered an
application of the pattern-mixture model, as the expected outcomes for certain groups of
participants are modified.

This sensitivity analysis could be applied to a trial analysis with any number of trial arms or
follow-up time points. The imputed values can be changed in line with the required
sensitivity analysis scenario, i.e. imputed outcomes for participants in one trial arm could
be decreased by a specified 6 (similar to the approach using the rctmiss command), while
imputed values in the other trial arm are kept unchanged, assuming that these participants
follow the MAR mechanism. Alternatively, changes could be applied to both arms equally,
or researchers may take into account the reasons for missing data, as proposed by White
et al*%’, For example, participants who withdrew from the trials due to deteriorating health
conditions or adverse reactions to the intervention could be assigned a larger change from
MAR, while those who are lost to follow-up due to relocation and a lack of time to attend
follow-up assessments may be assigned values that are closer to MAR. Generally, changes
can be applied by either adding or subtracting a constant value to / from the imputed
values, or applying changes based on a statistical distribution, i.e. a normal distribution
with a specified mean and variance. Whether 6 is positive or negative depends on the
direction of the score (i.e. do higher scores indicate positive changes such as better
functioning, or negative changes, such as higher levels of pain) and on the MNAR made (i.e.
are participants with missing data assumed to have better or worse outcomes than those

with available data). For longitudinal data, changes to the imputed values can also depend
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on time since randomisation. A different 6 can be applied to subgroups depending on
randomisation allocations and/or reasons for loss to follow-up. Compared to rctmiss, this
approach also gives researchers the option to implement relevant limits to the changes,
such as ensuring that the imputed data, e.g. PROMs scores, do not fall outside their
relevant range after applying the MNAR changes; i.e. the OKS can only range from 0 to 48.

This option is not possible within rctmiss.

326



6.5 Application and interpretation of both sensitivity analysis approaches

In this section, the above described MNAR sensitivity analysis approaches are applied to a
case study. Results for a complete case analysis, a Ml model with imputation at the

composite score level, as well as different MNAR scenarios are provided.

6.5.1 Datasets used in this case study

Within this case study, two RCT datasets of sample sizes 200 and 1000 are considered, with
20% missing outcome data at a single follow-up time point. The datasets are generated in
line with the method described for the simulation work in Chapter 4, whereby the required
number of observations are sampled from the KAT participants®% 23 with complete data for
relevant baseline variables and complete OKS follow-up data at five years. Missing data are
imposed onto these datasets using the algorithm described in Chapter 4, generating

approximately 20% of MAR data based on the missing data patterns observed in the trial.

6.5.2 Results of the CCA and MI assuming data are MAR

Table 6-1 provides information on the datasets used in this case study. They are random
subsamples of the KAT participants randomised to patellar resurfacing vs. no patellar
resurfacing; this is the reason why the treatment coefficients show different trends.
Roughly equal numbers are allocated to each arm; approximately 20% of the participants
in both samples and either trial arms have missing outcome data.

Data are analysed using a regression model with the OKS at five years as the outcome
variable adjusted for treatment allocation, baseline OKS, age and gender. In addition to the
covariates, the MI model also accounts for ASA physical status, height and size of

randomising centre.
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Table 6-1: Information about the CCA datasets

Sample size: 200 Sample size: 1000
No patellar | Patellar Total No patellar | Patellar Total
resurfacing | resurfacing resurfacing | resurfacing
Participants 94 106 200 482 518 1000
randomised | (47.00%) | (53.00%) | (100%) | (48.20%) | (51.80%) | (100%)
Participants 19 23 42 99 97 196
with missing | (20.21%) (21.70%) (21.00%) | (20.54%) (18.73%) (19.60%)
OKS data
Regression coefficient of patellar | Regression coefficient of patellar
resurfacing vs. no  patellar | resurfacing vs. no patellar
resurfacing (95% Cl): resurfacing (95% Cl):
CCA -1.164 (-4.495, 2.166) 0.878 (-0.485, 2.241)
MI (MAR) -0.924 (-4.247, 2.399) 0.858 (-0.489, 2.205)

The CCA and MI treatment estimates vary, more so in the smaller sample, which reflects
that the Ml approach may be able to account for additional variables relevant to the MAR
mechanism.

In an RCT context, as opposed to a simulation study, the MAR assumption cannot be
verified using the available data. Therefore, it is important to perform MNAR sensitivity
analyses investigating how changes to the assumed missing data mechanism would affect
the results, and the two approaches discussed in section 6.4 are applied to the two

datasets.

6.5.3 Considering MNAR scenarios using the rctmiss command
For the sensitivity analysis using the rctmiss command, the pattern-mixture approach is

used. Initially, MNAR scenarios for deviations from the MAR assumption of up to 10 OKS
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points are considered for the sample with 200 observations. The results of the CCA and Ml
analysis for this dataset are presented in Figure 6-1. The y-axis shows the magnitude of the
treatment coefficient, while the x-axis indicates the departures from MAR. The treatment
coefficient, which is the difference in the OKS outcome scores between the two treatment
groups, and corresponding 95% confidence interval from the CCA can be seen at the centre
of the graph, where zero is indicated on the x-axis, i.e. no MNAR assumptions have been
applied to the participants with missing data. The differently coloured lines indicate the
effect on the treatment coefficient when the MNAR assumption is applied to either only
the patellar resurfacing group (blue line — abbreviated “PR only”), the no patellar
resurfacing group only (green line — abbreviated “No PR only”) or both arms (red line).
The red line shows the effect on the treatment coefficient when the same departure from
MAR is applied to both arms. Here, the change in the treatment coefficient is very small,
indicated by the almost horizontal red line that joins the treatment coefficients for the
different MNAR scenarios. The treatment coefficient adjusted for covariates in the analysis
model does not change much because both trial arms have approximately the same
proportion of missing data, meaning they are equally affected by departures from MAR in
this MNAR scenario. For trials with different proportions of missing by treatment arm, the
effect on the treatment coefficient is inflated*>™.

The blue line shows that the treatment coefficient increases if only participants with
missing data in the patellar resurfacing arm are assumed to have higher scores than under
MAR, and also that the treatment coefficient decreases when these participants are
assumed to have worse outcomes than under MAR. Vice versa, the green lines show that
the treatment coefficient decreases if only participants with missing data in the no patellar

resurfacing group are assumed to have better outcomes than under the MAR assumption,
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and conversely the treatment coefficient increases if these participants are assumed to
have lower OKS scores than under MAR.

The results from the CCA in Table 6-1 indicate that there is no evidence of a treatment
difference between the trial arms, with the 95% CI crossing zero. Similarly, for the MNAR
scenarios presented in Figure 6-1, the Cls still cross zero, perhaps with the exception of the
scenario considering the imputation of missing outcome scores of 10 points lower than
under MAR in the patellar resurfacing arm only, which may be borderline significant. These
results should be discussed with the clinicians involved in the trial. If the clinical opinion
suggested suggest that a 10 point departure from MAR in only one trial arm is very large,
and therefore an unlikely scenario, it could be concluded that the analysis for this trial is
robust to plausible departures from MAR. As such, the trial results are robust to the
variation in the assumptions about the underlying missing data mechanism tested here.
Therefore, the trial results are unlikely to be affected by the way missing data were

handled.
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Figure 6-1: Results of the MNAR sensitivity analysis using rctmiss, sample size = 200

The results of the sensitivity analysis for the data set with 1000 observations are shown in
Figure 6-2. Again, the proportions of missing data in both treatment arms are very similar
(Table 6-1), and therefore the effect of applying the same MNAR assumptions to both arms
would not have much of an effect on the treatment coefficient. This MNAR scenario is
therefore excluded from the graph.

Again, there was no evidence to suggest that the treatment coefficients from the CCA and
under Ml are significantly different from zero under the MAR assumption. Figure 6-2,
however, shows that this treatment coefficient changes to being greater than zero (here
shown by the 95% Cl no longer crossing zero) under certain assumptions about the missing
data. Specifically, a change in conclusions is observed when participants with missing
outcome data in the no patellar resurfacing group have OKS outcome scores at least three

points worse than assumed under MAR (green line). Vice versa, conclusions also change
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when those with missing data in the patellar resurfacing arm are assumed to have OKS
outcome scores at least three points better than assumed under MAR (blue line). Both
scenarios assume that missing data in the other trial arm assumed to be MAR.

A three point difference in the OKS falls below what is defined as the “smallest possible
detectable change for [this] instrument, thus indicating it would fall within measurement
error”12, For this reason, this departure from MAR may be much more plausible than the
difference of 10 points or more discussed above, and means that the results may not be
robust to varying the assumptions about the underlying missing data mechanism. From
this it can be concluded that the analysis results from this dataset are a lot less robust to
missing data, and researchers, clinicians and regulators should be more cautious in

accepting the findings without additional research.
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Figure 6-2: Results of the MNAR sensitivity analysis using rctmiss, sample size = 1000
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6.5.4 Considering MNAR scenarios by manipulating the Ml imputations

Table 6-2 contains the results for the treatment coefficients from a CCA, an Ml approach,
as well as of two MNAR sensitivity analyses based on MI. MNAR is implemented by
changing the imputed values for the relevant treatment group in line with the MNAR
assumptions made, as discussed above.

The results from the CCA and MI are consistent and lead to the same conclusions as in
section 6.5.2, i.e. there is no evidence that the treatment coefficient is statistically
significantly different from zero.

In line with Figure 6-1 produced by Stata’s rctmiss command, the treatment coefficient
estimates change by approximately one point when the outcomes of participants in the
patellar resurfacing group are assumed to be five points better or worse than under MAR
for the data set with 200 observations. However, here neither of these MNAR assumptions
results in changing the treatment coefficients to be statistically significantly different from
zero, as shown in Table 6-2. The trial conclusions would therefore remain the same, and
be robust to the tested MNAR assumptions.

For the case study using the data set of sample size 1000, the treatment coefficients change
to being statistically significantly greater than zero under the MNAR scenario assuming that
either participants with missing data in the patellar resurfacing arm have outcomes that
are five points better than under MAR, or that participants with missing data in the no
patellar resurfacing group have outcomes that are five points worse than under MAR. This,
again, indicates that this dataset is much less robust to varying the assumptions made

about missing data, as discussed in section 6.5.3.
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Table 6-2: Results from the MNAR sensitivity analysis whereby MNAR assumptions are applied
to the multiply imputed values for the relevant treatment group

Sample size: 200

Sample size: 1000

Regression coefficient of
patellar resurfacing vs.
no patellar resurfacing

(95% Cl):

Regression coefficient of
patellar resurfacing vs.
no patellar resurfacing

(95% Cl):

CCA

-1.164 (-4.495, 2.166)

0.878 (-0.485, 2.241)

MI —assuming MAR

-0.924 (-4.247, 2.399)

0.858 (-0.489, 2.205)

MI after adding 5 points to imputed
OKS scores for patella resurfacing

arm only

0.090 (-3.179, 3.359)

1.603 (0.209, 2.997)

MI after subtracting 5 points from
imputed OKS scores for patella

resurfacing arm only

-2.199 (-5.446, 1.048)

-0.181 (-1.602, 1.240)

MI after adding 5 points to imputed

OKS scores for no patella resurfacing

arm only

0.514 (-2.779, 3.808)

1.716 (0.332, 3.100)

This analysis could be repeated to identify the smallest departure from MAR that would

lead to a change in the trial conclusion, similar to the way the graph obtained from Stata’s

rctmiss command can be used.

The code for the manipulation of the imputed values can be found in Appendix 16. The

advantage of using this method over using the rctmiss command is that the researcher can

decide on the assumed MAR mechanism, which can include variables in addition to those

in the analysis model. It can be easily amended to also apply the MNAR assumption to

longitudinally imputed data, and is therefore more widely applicable. The very useful
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graphical representation of the effects on the treatment coefficient for a range of MNAR

assumption could also be replicated.
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6.6 Discussion

In this chapter, the importance of performing sensitivity analysis investigating MNAR
scenarios was reiterated based on the current literature, and advice on the content of such
sensitivity analyses by both EMA and the FDA, as well as recommendations by a range of
researchers and methodologists, was presented. Following on from this overview, two
approaches of applying MNAR sensitivity analysis in Stata were described. These methods
were then applied to two datasets of different sample sizes with 20% missing data, and
findings were discussed. In one example, even modest departures from MAR led to a
change in the trial conclusions. This could have implications for the implementation of new
interventions, which may be inappropriately implemented, continued or stopped from
being used more widely, depending on the trial results, if appropriate sensitivity analysis is
not performed. The strength of the examples presented is that they focus on easily
implementable sensitivity analysis based on accessible and plausible assumptions about
departures from the MAR assumption.

In line with the advice on sensitivity analysis provided by the EMA®®, there is no concern
about missing data if the results from the primary analysis and a wide range of appropriate
sensitivity analyses are consistent in either providing or not providing evidence of a
treatment effect. However, where the results from the sensitivity analyses are
inconsistent, their effect on the conclusions must be discussed. In fact, the EMA states that
“in certain circumstances, the influence of missing data is so great that it might not be
possible to reliably interpret the results from the trial”®. Therefore, limiting the amount
of missing data within the follow-up of clinical trials remains the most reliable way of
producing unambiguous results that are not affected by missing data. This belief is

reiterated in the literature!’” 182183 amongst others by Li et al'® and Little et al'’, who
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suggest that “No matter what approach is taken, there is no way to adequately test the
robustness of the assumptions about the missing data required by the analysis. This need
to rely on untestable assumptions regarding missing data reinforces the importance of
preventing missing data in the first place. The key is to design and carry out the trial in a

way that limits the problem of missing data.”
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6.7 Conclusions

Carrying out of a range of sensitivity analyses, including investigations of MNAR, is crucial
to assess the robustness of any primary analysis in the light of the untestable assumptions
made about the underlying missing data mechanism. Vital MNAR sensitivity analysis, using
plausible departures from MAR, can easily be implemented after any type of primary
analysis, including those that utilise Ml approaches. The use of a wide range of sensitivity
analyses can either reassure researchers of the robustness of the trial results with regards
to the way missing data are handled, or may indicate the need for further studies to

support the trial conclusions.
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Chapter 7 : Conclusions

Introduction

This final thesis chapter presents a summary of the research findings. Limitations of the
research are discussed, and the implications of this work, in terms of contributions to the
literature, as well as the generalisability of the findings are clarified. Finally, areas for future

research are outlined.

7.1 Overview of thesis findings

The thesis started by reviewing current recommendations for the handling, analysis and
reporting of missing PROMs outcome data in RCTs, and assessed current RCT reports for
their adherence to these standards (Chapter 2). This review provided evidence of
considerable discrepancies between methodological guidance and current practice, and
called for the need to generate greater awareness of the potential bias introduced through
the occurrence and inappropriate handling of missing data. Areas for improvement were
identified across the entire RCT lifecycle, including missed opportunities to reduce missing
data prospectively, methods to take missing data into account during the analysis, lack of
clarity in reporting the quantity of missing data, and assumptions made in the analysis, as
well as insufficient assessment of the robustness of these assumptions and hence the
validity of the RCT results. Particular points identified in the review were the low uptake of
MiI, generally considered to be one of the most appropriate methods of handling missing
data, the preference of focussing on a single follow-up time point over utilising the
longitudinal structure of the data, where applicable, as well as a lack of appropriate

sensitivity analysis. The lack of adherence to current methodological guidance with regards
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to these aspects in particular was considered an important area for further research and
was therefore chosen to be the focus of the following chapters.

Rates and patterns of missing data within a number of PROMs and RCTs, as well as possible
predictors of missing data were investigated in Chapter 3. This work was important in its
own right to generate a greater understanding of missing PROMs data in RCTs, but was also

utilised to inform the subsequent simulation work.

Different approaches to the Ml of PROMs outcome data where the relevant analysis
considers a single follow-up time point were considered in Chapter 4. Here, the question
whether Ml should be applied to the composite score, subscale (where available) or item
level was addressed using a comprehensive set of simulation studies considering a range
of sample sizes, proportions of missing data and different missing data patterns. For
missing data following primarily a unit-nonresponse pattern, and large sample sizes, as well
as smaller sample sizes where the proportion of missing data is low, imputation at the
composite score, subscale and item level tended to perform similarly. However, in a MAR
context, imputation at the subscale and/ or score level was preferable for smaller samples
with large proportions of missing data. Imputation at the item level became more
beneficial as the proportion of item missingness increased. In addition, the work in Chapter
4 also addressed other factors, such as the feasibility of the relevant imputation approach,
and the planned analyses, that should be taken into account when deciding on an Mi

approach to address missing PROMs outcomes data in RCTs.

Chapter 5 assessed the comparative performance of established and validated statistical
analysis approaches for handling incomeplete outcomes in longitudinal data in a PROMs

and RCT context, namely maximum likelihood (ML), multiple imputation (Ml) and inverse

340



probability weighting (IPW). Simulation studies were used to investigate a number of
scenarios which differed with respect to sample sizes, proportions of participants with
missing outcome data, as well as different MAR mechanisms. This work showed that IPW
is not recommended for handling missing PROMs data in RCT analysis for sample sizes of
up to approximately 1,000 participants. ML and Ml were found to perform similarly overall
in terms of bias introduced into the treatment coefficients under MAR when the MI model
adjusted only for data collected at the beginning of the trial. However, Ml offered benefits
over ML in terms of reducing bias in the treatment coefficient if additional outcome data
could be added to the MI model. Such additional data could be other, more completely
collected PROMs, or PROMs collected at additional time points, as well as clinical follow-
up data. The addition of such follow-up information can be very effective in reducing bias
due to missing data in the treatment coefficients. It can also contribute to making the MAR

assumption more plausible, and help in creating more robust RCT results.

Throughout the thesis, culminating in Chapter 6, the importance of reducing missing data
prospectively, was reiterated, as no statistical analysis can ever make up for the
information lost due to missing data. The untestable assumptions underlying all analyses
with missing data, including those discussed in Chapters 4 and 5 were emphasised, and the
use of appropriate sensitivity analysis was defined as an essential component of any RCT
reporting. In Chapter 6, the recommendations for appropriate sensitivity analysis to assess
the robustness of RCT analyses in the light of missing data, including MNAR, were therefore
reviewed and summarised. In a case study, two approaches to sensitivity analysis

considering MNAR, which are easily implementable with standard statistical software,
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were then demonstrated. The interpretation and implications of these sensitivity analyses

on the study report were subsequently discussed.
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7.2 Limitations of this research

The limitations of this research have been discussed in each chapter, and centre mainly
around potential concerns regarding generalisability.

The review of the handling and reporting of missing PROMs outcome data in RCTs focussed
on publications reporting on RCTs which used at least one of eight pre-specified PROMs.
Therefore, there may be a concern as to whether these trials are representative of RCTs
utilising PROMs more generally. However, this selection approach was the result of a
compromise between limiting the number of PROMs but including a wide range of journals,
or including all PROMs, but restricting the review to a low number of academic journals.
Both approaches have their benefits and drawbacks in terms of generalisability of results.
Changes in reporting standards over time, as well as the reporting of sensitivity analyses
that yielded potentially different results from the main analyses, could not be assessed in
this review, but form the basis of future work.

A limited number of PROMs and RCTs were investigated in Chapter 3, which identified
common missing data patterns and potential predictors of missing data. The exploration
of further datasets and PROMs would have yielded additional information, but without
such further research it is impossible to ascertain whether this would lead to any different
conclusions.

The research into benefits and disadvantages of multiply imputing missing PROMs data at
either the item, subscale or composite score level, as presented in Chapter 4, solely utilised
data from the KAT study, and therefore was limited to three different PROMs. Therefore,
no guidance could be derived for the most appropriate imputation approach for PROMs
with more than 12 items, although item imputation in those cases may yield convergence

problems. It is also possible that using a different underlying dataset might have produced
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different results, and a validation of the findings in a different setting would be valuable.
However, the fact that results from earlier research could be reproduced is reassuring and
makes it likely that findings from this work are further generalisable.

The simulation work in Chapter 5 was also based exclusively on the KAT dataset, and
considered the different approaches for handling missing longitudinal PROMs data for the
OKS only, which may raise concerns about the generalisability of the findings. However, it
was argued that the use of the OKS as a continuous score makes generalisability more
likely. Also, only a limited number of methods to address missing longitudinal PROMs data
were considered. Notably, alternative, and possibly more sophisticated, approaches have
been suggested in the literature, and were discussed in the chapter. These were not
included in the simulation study due to the fact that they are not readily available in
standard software, which prevents them from being used more widely at this point in time.
However, it is acknowledged that some of these methods may be more beneficial in
minimising bias arising from the analysis of missing longitudinal PROMs data. Their
omission, although justifiable on practical grounds, is a limitation of this research.
Similarly, the presentation of sensitivity analyses focussed on appropriate, yet easily
implementable sensitivity analyses that can be readily appreciated by the wider RCT team
and others for whom the trial results are of relevance. Arguably, other, possibly more
advanced, methods may allow for the assessment of more realistic and varied sensitivity

scenarios.
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7.3 Implications of this research

7.3.1 Contribution to the literature
This thesis has contributed to the literature as follows:

1. By establishing current practice in the handling, analysis and reporting of missing
PROMs outcome data in RCTs;

2. By generating a better understanding of missing data rates, patterns and
mechanisms in PROMs collected within RCTs.

3. By validating and expanding the evidence base regarding whether Ml should be
applied at the composite score, subscale (where available) or item level when
addressing missing PROMs outcome data in RCTs.

4. By evaluating the comparative performance of established statistical methods for
analysing longitudinal outcome data, namely ML, Ml and IPW, when handling
repeatedly measured PROMs outcome data with missing observations in RCTs.

5. By reviewing recommendations for sensitivity analysis to assess the robustness of
trial results in the light of missing data, and presenting two intuitive and easily
implementable approaches of performing sensitivity analysis considering MNAR

data.

To address the first aim, current RCT publications were reviewed, considering adherence
to existing methodological guidance. Existing reviews on this topic were added to by
reviewing recently published papers and considering steps taken to minimise missing data
occurrence, as well as observing the use of appropriate sensitivity. The review focused RCTs
utilising eight pre-specified PROMs. Since larger numbers of specific PROMs were identified

than in previous reviews, the findings for the standards of handling and reporting missing
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data within these PROMs are more robust and generalisable. This research has been
presented at a number of conferences, both national and internationally, and has been

published in a peer reviewed journal®®.

A better understanding of missing data in RCTs, including rates and patterns of missing
data, as well as possible predictors of missing data has been generated within Chapter 3.
Through the detailed investigation of missing data patterns across a number of trials,
typical missing data patterns were identified. These varied between trials, possibly related
to the patient population, to the particular PROMs, or due to differences in their
complexity and perceived relevance. However, similarities in terms of higher levels of unit-
nonresponse compared to item missingness were identified on a cross-sectional level.
Longitudinally, mixtures of intermittent and monotone missingness were identified. This

work thus contributes to a better understanding of missing data in PROM:s.

The third aim, extending existing research regarding the level at which Ml for PROMs data
should be applied is also an important contribution to the existing methodological
literature and provides researchers with important guidance in the analysis of RCTs, which
increasingly utilise PROMSs. This is an important contribution to the literature, as the
literature review performed in Chapter 2 identified low rates of Ml being performed in the
RCT analyses of PROMs outcome data. This research reiterated that Ml is a very
appropriate method of handling missing PROMs outcome data under MAR, and also
clarifies whether imputations should be performed at the composite score, subscale or
item level, depending on the characteristics of the dataset and missing data within it.

Therefore, it is hoped that this work will help to raise reporting standards.
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The fourth aim, investigating the comparative performance of established longitudinal
analysis methods for PROMs data, was addressed in Chapter 5. This is the first simulation
study directly comparing the performance of ML, Ml and IPW focussing on PROMs data in
an RCT context. Therefore, the findings presented answer important methodological

guestions, providing guidance to researchers analysing PROMs data.

Chapter 6 focussed on providing guidance on the performance of adequate sensitivity
analysis investigating the effect of missing data on trial results. The work in Chapter 2 has
identified a distinct lack of appropriate sensitivity analysis in RCT publications. By reviewing
the recommended components of sensitivity analyses for missing data and providing
examples of easily implementable sensitivity analyses for data MNAR, as well as discussing
their interpretation and implications, important guidance is derived for researchers

wanting to perform such analyses.

7.3.2 Generalisability of findings

Despite some of the limitations of this research, the findings presented in this thesis are
important and largely generalisable.

The review of the current practice of the handling and analysis of missing PROMSs outcome
data did not restrict the journals included in the review and is therefore, as a minimum,
generalisable to analysis and reporting standards of RCTs utilising the eight PROMs used
within this review. Also, the findings of the review are in line with results from similar
reviews that did not restrict the type of PROMSs used, and it can therefore be concluded
that the review represents current practice of the handling and reporting of missing PROMs

data within RCTs more generally.
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The key findings from Chapter 3, mainly that missing data is prevalent in RCTs, but that
there is variation between different trials as well as between PROMs, in terms of missing
data rates and pattern, and that the identification of possible missing data mechanisms is
challenging, are thought to be generalisable beyond the three trials considered.

Although the research on the comparison of different imputation approaches, i.e. applying
Ml at the item, subscale or composite score level (Chapter 4), was limited to a single RCT
data set and three questionnaires, the research is thought to be generalisable to a wider
range of similar PROMs. This is because, firstly, findings from previous research were
reproduced in the KAT data sets. Also, a range of different missing data patterns, ranging
from unit-nonresponse to patterns consisting primarily of item-nonresponse were
investigated. These patterns will be relevant for other RCTs and PROMs, and conclusions
for the PROMs investigated here were consistent under similar scenarios. This consistency
leads to the assumptions that comparable PROMs will also yield similar results under
corresponding settings, and that findings are therefore likely to be generalisable more
widely.

The same principle applies to the research presented in Chapter 5 on different statistical
approaches to handling missing longitudinal PROMs data. Although only one dataset and
one PROM, namely the OKS, was used, findings are thought to be generalisable due to a
number of factors. Firstly, the OKS was used as a continuous score, which is in line with the
analyses of many PROMs. Secondly, a range of missingness patterns was investigated,
considering not only a range of monotone and intermittent missingness patterns, but also
different MAR mechanisms. Therefore, the findings are expected to be generalisable to any
RCT settings where a missing PROMs pattern can be likened to one of the investigated

scenarios.
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Finally, the proposed sensitivity analyses presented in Chapter 6 are easily implementable
using standard statistical software, and can be applied to a wide range of trial analyses,
which makes them generalisable to most PROMs analyses conducted within the context of

clinical trials.
In conclusion, the research presented in this thesis is expected to be valuable and

generalisable to a wide range of clinical trial settings.
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7.4 Future research

Future research will expand and validate the work performed within this thesis by using
data from the national PROMs study and the Hospital Episode Statistics (HES). This data
combines information from PROMs with clinical data and a large amount of demographic
information and patient characteristics for a high proportion of patients undergoing
elective hip or knee surgery in England. These data are considered valuable in generating
a more in-depth understanding of the relationship between missing outcome data and
baseline data, as the large numbers of patients included in this dataset are likely to enable
the identification of more subtle correlations. This work, which is planned to be undertaken
over the next year, will also extend and validate the simulation studies considering
imputation at the composite score, subscale and item level, as presented in Chapter 4.
Specifically, larger sample sizes will be considered, and findings will be validated using a

separate and larger dataset.

The work on improving the handling and reporting of missing PROMs outcome data, and
missing data more generally, is also continuing, with additional reviews into this area
having been published by other authors since the work on Chapter 2 concluded®. The
impact of the guidance generated here, together with other guidance in the existing
literature, on the importance of minimising missing data, appropriate analyses, accounting
for the uncertainty around the imputed values where imputation approaches are used, the
clear reporting of assumptions made about missing data in the analysis, as well as the use
of appropriate sensitivity analysis, is of great interest. Therefore, additional reviews are
planned to assess whether reporting standards change over time with regards to these

important factors.
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7.5 Concluding remarks

Missing data is widely recognised as a potential source of major bias in the analysis and
reporting of RCTs. Health care decisions that are based on RCT results which are biased
due to the inappropriate handling of missing data can negatively impact patient care.
Therefore, research in this area is of high importance. Through detailed investigations of
RCT data and a review of the current literature, this thesis confirms that missing data is
prevalent in RCTs, and that there are considerable discrepancies between current and best
practice in the handling and reporting of missing data. Additional work presented in this
thesis offers guidance on analytical approaches to minimise bias in the analysis of RCT data
with missing PROMSs outcome data, both for analyses utilising Ml for a single follow-up time
point, and for analyses considering longitudinal follow-up. The importance of sensitivity
analyses to assess the robustness of results based on untestable assumptions made about
the missing data is also reiterated. Practical and easily implementable proposals to
implement such sensitivity analyses are provided. Throughout the thesis, it is
acknowledged that while some missing data is unavoidable in RCTs, and that the analysis
approaches proposed are important to address this missing data, emphasis also needs to
be put on methods to prospectively minimise missing data occurrence. Both appropriate
methodologies for handling missing data, and limiting missing data prospectively are vital
factors in the generation of robust RCT results. The potential impact of any remaining

missing data should always be assessed in comprehensive sensitivity analyses.
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Appendix 1: Database search strategy for the review of the

literature in Chapter 2

This appendix shows the database search strategy used for the review looking at the
current practice of handling, analysis and reporting of missing PROMs outcome data in
RCTs. PubMed, EMBASE, Web of Science and NHS EED (for EQ-5D-3L and HUI only) were
searched. Search terms used, and final number of papers identified from each search are
shown below.

Of note, the tables below show the number of identified searches overall, while the
PRISMA diagram only includes publications for the pre-specified years.

Table 1: PubMed search strategy

Search Search Terms Number of results
18 Search (#1 AND #2 AND #10) 2591
17 Search (#1 AND #2 AND #9) 225
16 Search (#1 AND #2 AND #8) 369
15 Search (#1 AND #2 AND #7) 3462
14 Search (#1 AND #2 AND #6) 1055
13 Search (#1 AND #2 AND #5) 354
12 Search (#1 AND #2 AND #4) 55
11 Search (#1 AND #2 AND #3) 1456
10 Search (HUI OR "Health Utilities Index" OR "Health 21074
Utility Index")
9 Search ("PDQ-39" OR "PDQ 39" OR "PDQ39" OR "PDQ- 904

8" OR "PDQ 8" OR "PDQ8" OR PDQ OR "Parkinson's
Disease Questionnaire" OR "Parkinsons Disease
Questionnaire" OR "Parkinson Disease Questionnaire")

8 Search ("QLQ-C30" OR "QLQ C30" OR "QLQC30") 1126
7 Search ("SF-36" OR "SF 36" OR "SF36") 10501
6 Search ("SF-12" OR "SF 12" OR "SF12") 2870
5 Search (OHS OR "oxford hip score") 3448
4 Search (OKS OR "oxford knee score") 398
3 Search ("EQ-5D" OR "EQ5D" OR "EQ 5D") 3111
2 Search (clinical®* OR trial OR RCT) 1480503
1 Search random* 427289
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Table 2: EMBASE search strategy

Search Search Terms Number
of results

34 18 not 26 146
33 17 not 25 135
32 16 not 24 472
31 15 not 23 3170
30 14 not 22 426
29 13 not 21 82
28 12 not 20 61
27 11 not 19 813
26 18 and "Journal: Conference Abstract" [Publication Type] 29
25 17 and "Journal: Conference Abstract" [Publication Type] 91
24 16 and "Journal: Conference Abstract" [Publication Type] 300
23 15 and "Journal: Conference Abstract" [Publication Type] 880
22 14 and "Journal: Conference Abstract" [Publication Type] 137
21 13 and "Journal: Conference Abstract" [Publication Type] 17
20 12 and "Journal: Conference Abstract" [Publication Type] 4
19 11 and "Journal: Conference Abstract" [Publication Type] 363
18 1land 2and 10 175
17 land2and9 226
16 land2and8 772
15 land2and? 4050
14 land2and6 563
13 land2and5 99
12 land2and4 65
11 land2and3 1176
10 (HUI or "Health Utilities Index" or "Health Utility Index").mp.

[mp=title, abstract, subject headings, heading word, drug trade 1757

name, original title, device manufacturer, drug manufacturer,

device trade name, keyword]
9 ("PDQ-39" or "PDQ 39" or "PDQ39" or "PDQ-8" or "PDQ 8" or

"PDQ8" or PDQ or "Parkinson's Disease Questionnaire" or

"Parkinsons Disease Questionnaire" or "Parkinson Disease

Questionnaire").mp. [mp=title, abstract, subject headings, 1272

heading word, drug trade name, original title, device

manufacturer, drug manufacturer, device trade name,

keyword]
8 ("QLQ-C30" or "QLQ C30" or "QLQC30").mp. [mp-=title, 3757

abstract, subject headings, heading word, drug trade name,
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original title, device manufacturer, drug manufacturer, device
trade name, keyword]

("SF-36" or "SF 36" or "SF36").mp. [mp=title, abstract, subject
headings, heading word, drug trade name, original title, device
manufacturer, drug manufacturer, device trade name,
keyword]

19675

("SF-12" or "SF 12" or "SF12").mp. [mp=title, abstract, subject
headings, heading word, drug trade name, original title, device
manufacturer, drug manufacturer, device trade name,
keyword]

3445

(OHS or "oxford hip score").mp. [mp-=title, abstract, subject
headings, heading word, drug trade name, original title, device
manufacturer, drug manufacturer, device trade name,
keyword]

1321

(OKS or "oxford knee score").mp. [mp=title, abstract, subject
headings, heading word, drug trade name, original title, device
manufacturer, drug manufacturer, device trade name,
keyword]

460

("EQ-5D" or "EQ5D" or "EQ 5D").mp. [mp=title, abstract,
subject headings, heading word, drug trade name, original title,
device manufacturer, drug manufacturer, device trade name,
keyword]

5146

(clinical® or trial or RCT).mp. [mp=title, abstract, subject
headings, heading word, drug trade name, original title, device
manufacturer, drug manufacturer, device trade name,
keyword]

4844039

random*.mp.

862922
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Table 3: Web of Science search strategy

Search

Search Terms

Number
of results

26

#10 AND #2 AND #1

Refined by: [excluding] DOCUMENT TYPES=( PROCEEDINGS
PAPER)

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

110

25

#9 AND #2 AND #1

Refined by: [excluding] DOCUMENT TYPES=( MEETING
ABSTRACT )

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

103

24

#8 AND #2 AND #1

Refined by: [excluding] DOCUMENT TYPES=( MEETING
ABSTRACT OR PROCEEDINGS PAPER )

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

560

23

#7 AND #2 AND #1

Refined by: [excluding] DOCUMENT TYPES=( MEETING
ABSTRACT OR PROCEEDINGS PAPER )

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

2,779

22

#6 AND #2 AND #1

Refined by: [excluding] DOCUMENT TYPES=( MEETING
ABSTRACT OR PROCEEDINGS PAPER )

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

318

21

#5 AND #2 AND #1

Refined by: [excluding] DOCUMENT TYPES=( MEETING
ABSTRACT )

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

65

20

#4 AND #2 AND #1

Refined by: [excluding] DOCUMENT TYPES=( PROCEEDINGS
PAPER)

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

40

19

#3 AND #2 AND #1
Refined by: [excluding] DOCUMENT TYPES=( PROCEEDINGS
PAPER OR MEETING ABSTRACT )

699
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Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

18

#10 AND #2 AND #1
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

118

17

#9 AND #2 AND #1
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

105

16

#8 AND #2 AND #1
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

606

15

#7 AND #2 AND #1
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

2,933

14

#6 AND #2 AND #1
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

330

13

#5 AND #2 AND #1
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

67

12

#4 AND #2 AND #1
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

41

11

#3 AND #2 AND #1
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

720

10

TOPIC: (HUI OR "Health Utilities Index" OR "Health Utility
Index")

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

1,952

TOPIC: ("PDQ-39" OR "PDQ 39" OR "PDQ39" OR "PDQ-8" OR
"PDQ 8" OR "PDQ8" OR PDQ OR "Parkinson's Disease
Questionnaire" OR "Parkinsons Disease Questionnaire" OR
"Parkinson Disease Questionnaire")

Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

824

TOPIC: ("QLQ-C30" OR "QLQ C30" OR "QLQC30")
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

2,274

TOPIC: ("SF-36" OR "SF 36" OR "SF36")

15,325
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Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

6 TOPIC: ("SF-12" OR "SF 12" OR "SF12") 2,089
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

5 TOPIC: (OHS OR "oxford hip score") 1,229
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

4 TOPIC: (OKS OR "oxford knee score") 452
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

3 TOPIC: ("EQ-5D" OR "EQ5D" OR "EQ 5D") 3,176
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

2 TOPIC: (clinical* OR trial OR RCT) 2,608,443
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

1 TOPIC: (random*) 1,114,195
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S,
BKCI-SSH, CCR-EXPANDED, IC Timespan=All years

Table 4: NHS EED search strategy

2 (HUI) OR ("Health Utilities Index") OR ("Health Utility 139
Index") IN NHSEED
1 ("EQ-5D") OR ("EQ5D") OR ("EQ 5D") IN NHSEED 606
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Appendix 2: Data extraction for the review of the literature

in Chapter 2

This appendix lists the information that was extracted from each eligible paper, together

with options for categorical data in (Table 5).

Table 5: List of items extracted from the identified articles

Variable name

Description

Possible answers

Pro

The paper was identified in the search for
which PRO?

EQ-5D/ HUI/ OHS/ OKS/
PDQ-8/ PDQ-39/ QLQ-
C30/ SF-12/ SF-36

outcomes or health economics

Author Lead author of the publication
Year Year of publication 2009-2013
Disease area What is the main disease area/ characteristic
by which the study population can be
described?
Type of analysis | The focus of the analysis is on clinical | Clinical/ HE

into month)

Primary/ Is the PRO a primary or secondary outcome | Primary/ secondary
secondary in the context of this paper

Primary What is the primary outcome time point for | Time in months
outcome time the relevant PRO? (all converted into month)

point

Maximum Until what time from randomisation is the | Time in months
follow-up relevant PRO measured to? (all converted

FUP assessment

Are follow-up data measured repeatedly, or

Single/ repeated

review for trials with more than two arms)

time points only once?
Strategies Are any steps mentioned in the article to | Yes/ no
mentioned to reduce the occurrence in missing data in the
avoid missing relevant PRO measure?
data in PRO
Details of Details of the strategy to reduce the | Free text
strategy occurrence in missing data in the relevant

PRO measure (if appropriate)
Total N Total number of participants randomised | N
randomised into the trial (to the two arms used in this

Randomised into

Number of participants randomised into the

active arm active comparison arm
Randomised into | Number of participants randomised into the
control arm control arm of the study
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Variable name

Description

Possible answers

Is it clear how Isit clear how much data for the relevant PRO | Yes/ no
much data is is available at the primary follow-up times
available at point?
follow-up
Total N with data | Total number of participants with available
collected at PRO data at the primary follow-up time point
follow-up
Active Number of participants in the active
participants with | treatment arm with available PRO data at the
data collected at | primary follow-up time point
follow-up
Control Number of participants in the control
participants with | treatment arm with available PRO data at the
data collected at | primary follow-up time point
follow-up
Reasons for Have reasons been provided for why data is
missing data missing, beyond withdrawals and death?
given
Distinction Does the article distinguish between | Yes/ no
between complete missingness, and missing items
complete and within a partly completed questionnaire?
partial
missingness
Differential Has differential missingness been assessed, | Yes/ no
missingness i.e. has the baseline (or other) data been
assessed compared between those with complete and

missing outcome data?
Analysis Which is the primary analysis population for | Modified ITT/ ITT/ PP/
population the PRO? unclear
Missing data Has missing data been mentioned in the | Yes/ no

mentioned in
methods section

method or analysis section

Assumed missing
data mechanism

What details are provided on the assumed
missing data mechanism?

MCAR/ MAR/ MNAR/
not described

Primary What is the primary imputation methods | CC/ LOCF/ mean
imputation used in the analysis? imputation/ repeated
method measures/ MI/ unclear
Justification for Is any justification provided in the article | Yes/ no

imputation regarding the chosen primary imputation

method method?

Sensitivity Was any sensitivity analysis performed in the | Yes/ no

analysis done context of the PRO analysis?

Sensitivity Assumption about the missing data | MCAR/ MAR/ MNAR/
analysis mechanism in the sensitivity analysis not described/ N/A
assumption
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Variable name

Description

Possible answers

Sensitivity What did sensitivity analysis include

analysis detail

Potential Has the potential impact of the missing data | Yes/ no
influence of on the trial results been mentioned?

missing data

mentioned
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Appendix 3: Details of keywords used in literature review

(Chapter 2)

This appendix details the terms used in the keyword search of articles. As a minimum, title,
abstract and methods sections were read in full; CONSORT diagrams and tables (where
available) were considered to identify available data at the relevant analysis time points.
Key word searchers were used to identify other relevant information, and the terms used

for this are shown in Figure 1.
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Identify primary endpoint as assessment schedule
e Primary / outcome/ endpoint
e Month/year/ week

Check for info on reducing the amount of missing data
e Phone
e Letter/ (e)mail
e Post
e Sent/send
e home
e Remind(er)
e  Minimise/ minimize — maximise/ze
o Limit
e Avoid
e Reduc(e) —increase(e)
e Missing
e Responders
e Complete/ Incomplete
e Available
e Loss/ lost
e Follow
e Compliance/comply
e Withdraw(al) / attrition

Information on missingness: (also search tables and CONSORT)

e Baseline
e Differ
e Similar

e Assume/ assumption
e [tem
e question

Assess sensitivity analysis in paper:
e Intention (to treat)
e Imput(ation), replace
e dropout
e Sensitivity
e secondary

Figure 1: Terms used for the key word search of identified articles
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Appendix 4: Relevant CRFs from the KAT study

This appendix includes extracts from the KAT case report forms (CRFs) relevant to the
analyses presented in Chapter 3, and also used in the simulation studies presented in
Chapters 4 and 5.

A sample copy of the EQ-5D-3L, including the copyright statement as per EurpoQol
guidelines, is also reproduced. Information on the numbering of items for the OKS and SF-

12, as referred to in the chapter, is added in red.
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Kat

Knee Arthroplasty Trial

Study Centre No Patient Study No

[ ]

CONFIDENTIAL

KAT STUDY

PARTICIPANT DETAILS FORM

For completion by local KAT researcher

This study is funded by the NHS Research and Development Health Technology
Assessment Programme.
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PERSONAL INFORMATION
Please check faxed patient information and write amendments below, if necessary.

Title (Mr, Mrs etc)  Surname

L | ]

First Names

L |

Date of Birth Day Month Year

I 1]

House Name | |

House Number |:|

Street Name

District

County

Postcode

|
|
Town/City |
|
|
|

Telephone No
(including code)

Place of Birth (including county)| |

L |

Marital Status Single Married Divorced Widowed

Sex Maiden name if female and ever married

Male |:| Female |:| | |
NHS Number Hospital Number (if known)

L 1L |

CHI Number (Scofland only)

L Il
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DESCRIPTIVE INFORMATION ABOUT THE PARTICIPANT

1. Weight kgs

[ ]
2. Height |:| cms

3. Type of knee arthritis? Osteoarthritis (Cross X one box)

Rheumatoid

4. Is the arthritis in? Single knee
Both knees

General

o

5. Are there any other conditions which are affecting
the participant’s mobility? No |:|

If Yes, please specify

6. Has the participant had any previous knee surgery? No |:|

If Yes, was it
Ipsilateral osteotomy |:|

Ipsilateral patellectomy |:|

Contralateral previous knee replacement |:|

Other |:|

If Other, please specify

Please send this completed form, together with the participant entry questionnaire, the
surgeon’s form, and the hospital care form, to the KAT co-ordinating office, when the
participant leaves hospital. Prepaid envelopes are provided.
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The EQ-5D-3L

By placing a tick in one box in each group below, please indicate which statements best
describe your own health state today.

Mobility

| have no problems in walking about a
| have some problems in walking about a
| am confined to bed a
Self-Care

| have no problems with self-care a
| have some problems washing or dressing myself a
| am unable to wash or dress myself a
Usual Activities (e.g. work, study, housework, family or leisure activities)

| have no problems with performing my usual activities a
| have some problems with performing my usual activities a
| am unable to perform my usual activities a
Pain / Discomfort

| have no pain or discomfort a
| have moderate pain or discomfort a
| have extreme pain or discomfort a
Anxiety / Depression

| am not anxious or depressed a
| am moderately anxious or depressed a
| am extremely anxious or depressed a

2

UK (English) © 1990 EuroQol Group EQ-5D™ s a trade mark of the EuroQol Group
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The SF-12

YOUR GENERAL HEALTH

The following questions ask for your views about your health, how you feel and how well
you are able to do your usual activities.

If you are unsure about how to answer any questions please give the best answer you can
and make any of your own comments if you like. Do not spend too much time in answering
as your immediate response is likely to be the most accurate.

2. In general, would you say your health is: (Please X one box)
Excellent Venf Good Good Fair Paor

L] L] L]

SF-12 item 1

3. The following questions are about activities you might do during a typical
day. Does your health now limit yvou in these activities? If so, how much?
(Please X one box on each line)

Yes, Yes, No, not
limited limited limited
alot a little at all
. Moderate activities, such as moving a table
SF-12 item 2 ' ’
tem <4 pushing a vacuum cleaner, bowling or playing golf |:| |:| |:|
SFE-12 item 2b Climbing several flights of stairs |:| |:| |:|

4. During the past 4 weeks, have you had any of the following problems with
your work or other regular daily activities as a result of vour physical health?
(Please X one box on each line)

All Most Some A little None
of the of the of the of the of the
time time time time time

SF-12 item 3a Accomplished less than you
would like |:| |:| I:I D I:'
. Were you limited in the kind of
SF-12item 3b o or other activities |:| |:| |:| |:| |:|

Study Centre No Patient Study No

[ ]
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5.

SF-12 item 4a

SF-12 item 4b

SF-12 item 5

SF-12 item 6a

SF-12 item 6a

SF-12 item 6a

SF-12 item 7

During the past 4 weeks, have you had any of the following problems with your
work or other regular daily activities as a result of any emotional problems (such
as feeling depressed or anxious)? (Please X one box on each line)

All Most Some Alittle None
of the of the of the of the of the
time time time time time

Accomplished less than you
would like

O O o O
I I I e B A

Didn’t do work or other activities
as carefully as usual

During the past 4 weeks how much did pain interfere with your normal work
(including work both outside the home and housework)? (Please X one box)
Not at all Alittle bit Quite a bit

Moderately Extremely

These questions are about how you feel and how things have been with you during
the past 4 weeks. For each question, please give the one answer that comes
closest to the way you have been feeling. (Please X one box on each line)

How much time during the past 4 weeks:

All Most Some Alittle None
of the of the of the of the of the
time time time time time

Have you felt calm
and peaceful?

I I I B B B I
L O O o O
I I I B B B I

During the past 4 weeks, how much of the time has your physical health or
emotional problems interfered with your social activities (like visiting with friends,
relatives, etc)? (Please X one box)

Did you have a lot
of energy?

Have you felt
downhearted and low?

All of Most of Some of A little of None of
the time the time the time the time the time
4
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The OKS

HEALTH PROBLEMS CAUSED BY YOUR KNEE

The following questions ask about problems which may have been caused by your right
knee during the past 4 weeks. (Please X one box for each question.)

9. During the past 4 weeks how would you describe the pain you have from your

right knee?
None Very mild Mild Moderate Severe
oKs Q1 h
10. During the past 4 weeks have you had any trouble with washing and drying
yourself (all over) because of your right knee?
No trouble Very little Moderate Extreme Impossible
at all trouble trouble difficulty to do
OKS Q2

11. During the past 4 weeks have you had any trouble getting in and out of a car
or using public transport because of your right knee? (whichever you tend to
use).

No trouble Very little Moderate Extreme Impossible
at all trouble trouble difficulty to do

OKS Q3 [] L] [] [] L]

12. During the past 4 weeks for how long have you been able to walk before the pain
from vour right knee becomes severe? (with or without a stick).

No pain at all, Not at all -
or no pain for 16 to 5to Around the pain severe
more than 30 mins 30 mins 15 mins house only on walking

OKS Q4 [] [] []

13. During the past 4 weeks after a meal (sat at a table), how painful has it been for
you to stand up from a chair because of vour right knee?

Not at Slightly Moderately Very
all painful painful painful painful Unbearable
OKS Q5 h
5
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14. During the past 4 weeks have you been limping when walking, because of your

right knee?
Rarely/ Sometimes or Often, not Most of All of
never just at first just at first the time the time
OKS Q6
15. During the past 4 weeks could you kneel down and get up again afterwards?
(thinking of your right knee)
Yes, With little With moderate With extreme No,
easil difficulty difficulty difficulty impossible
oKs @7 O]

16. During the past 4 weeks have you been troubled by pain from vour right knee in
bed at night?

No Only 1 or Some Most Every

nights 2 nights nights nights night
oxs as (] ] N

17. During the past 4 weeks how much has pain from your right knee interfered with
your usual work (including housework)?

Naot at all A little bit Moderately Greatly Totally
OKS Q9
18. During the past 4 weeks have you felt that your right knee might suddenly ‘give
way’ or let you down?

Rarely/ Sometimes, or Often, not Most of All of

never just at first just at first the time the time
OKS Q10

6
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19. During the past 4 weeks could you do the household shopping on your own?
(thinking of your knee)

Yes, With little With moderate With extreme No,
easil difficulty difficulty difficulty impassible
OKSs Q11 Dy
20. During the past 4 weeks could you walk down one flight of stairs? (thinking of
your knee)
Yes, With little With moderate With extreme No,
easil difficulty difficulty difficulty impossible
OKs Q12 |:|y

Thank you again!
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Information collected during the surgery

Study Centre No I t Patient Study No

Knee Arthroplasty Trial
Patient Name |
Date of birth Day Month Year
L 1L 11 |
Date of operation Day Month Year

LI ]

Confirmation of treatment allocated by randomisation (mark each line with a cross X)

A: Metal backed |:| Non-metal backed |:| Not randomised |:|
B: Patellar No patellar Not randomised
Resurfacing D resurfacing |:| D

C: Mobile bearing |:| Fixed bearing |:| Not randomised D

D: Uni-compartmental Total knee Not randomised
arthroplasty D replacement |:| l:l

Please attach stickers for all components used for the operation or fill in the appropriate

information:
CAT. NO. CAT. NO.
Component Component
CAT. NO. CAT. NO.
Component Component
RIGHT KNEE PTO FOR SURGEON’S FORM
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kat SURGEON’S FORM

e Arhropizsty e Please complete straight after the operation by marking

boxes with a cross (X) or giving details as requested

Pre-operative
The study knee is the right knee
Fixed flexion deformity No |:| Yes D—»How many degrees? |:|°
Valgus/Varus deformity No |:| Yes |:|—>Varus |:| Valgus |:|
Was the deformity? Mild I:l Moderate |:| Severe |:|

Was it correctable? No |:| Yes |:|

Intra-operative
Patella
Normal |:| Partial loss Full thickness Less than More than

of cartilage cartilage loss 5mm bone loss 5mm bone loss
Anterior cruciate ligament  Intact [ ] Damaged [ ] Absent [ ]
Posterior cruciate ligament  Intact |:| Recessed or damaged |:| Divided |:|
Lateral retinacular release No |:| Yes |:|

Was cement used for:
Tibia No |:| Yes I:l Femur No |:| Yes |:| Patella No |:| Yes |:|

Intra-operative complications? No |:| Yes |:|
If ‘yes’, Patella fracture |:| Other |:|

If other, please specify | |

Was the consultant’s usual surgical technique followed? No |:| Yes |:|

If ‘no’, please give details | |

Did the patient receive the allocated procedure? No |:| Yes |:|

If ‘no’, please give details | |

At end of operation
Fixed flexion deformity No |:| Yes |:|—>How many degrees? |:|°

Name of surgeon performing operation

Grade of operator
Consultant |:| Associate specialist/staff grade |:| SPR |:| SHO |:|

Grade of senior surgeon present
Consultant I:‘ Associate specialist/staff grade D SPR I:‘

RIGHT KNEE PTO FOR THEATRE FORM
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The hospital readmission form

Kat

Knee Arthroplasty Trial

THE KAT STUDY
HOSPITAL RE-ADMISSION FORM

Patient Study No The re-admission is related to:

Knee Surgery Not Other
replacement in general related

Fistname | [ [ | [ [ [ [ [ | [swmame [ [ [[][[]]]]

Hospital | |

Date of Admission Day  Month Year
BV

Date of Discharge Day  Month Year
R

Discharged home |:|

Transferred to a rehabilitation unit |:| Name of unit ‘

If Other, please specify

Reason for Readmission (Please cross as appropriate)

Surgical |:| Medical |:|

Please give details below

Other |:|

Please continue over the page.

This study is funded by the NHS Research and Development
Health Technology Assessment Programme.
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Did the patient require any further knee surgery? NO ]
YES | |
If Yes, what? -
Manipulation under anaesthesia Washout ]
Debridement Aspiration
1st stage revision 2nd stage revision ]
Revision 1st patella resurfacing L
Above knee amputation Other ]

If Other, please specify (Eg excision arthroplasty, arthrodesis or internal fixation of fractures)

If revision procedure or 2nd stage revision procedure please specify which component

Patella revision Tibial revision Femur revision |:|
What was the reason for revision? Infection
Loosening
Pain

Mechanical failure/ fracture

Dislocation

Other

If Other, please specify

Please attach stickers for all components used for the operation or fill in the
appropriate information and attach a photocopy of the participant’s operation

notes!
Cat No Cat No
Component Component
Cat No Cat No
Component Component
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Appendix 5: Relevant CRFs from the PD MED study

This appendix includes copies of the CRFs from the PD MED trial that are relevant to the

analyses presented in Chapter 3.

RANDOMISATION NOTEPAD Appendix H

Prepare for the randomisation questions by filling in sections A, B, C, D, E and F on this pad before
telephoning the toll free randomisation service on 0800 953 0274 for immediate randomisation, or
fax form te 0121 415 9135 for allocation by next working day.

PART A: [IDENTIFYING DETAILS

Randomising Consultant..................oo Hospital Name.. ...
Patient’s Full name:.............. [ Gender: Male D Female D Title: Mr/Mrs/Ms/Miss/Other........... .
PART B: ELIGIBILITY

Is the patient demented? No I:l Yes I:l

Is the patient able to complete the questionnaire? No D Yes I:I (with help, if necessary)

Has the patient given written informed consent? No I:‘ Yes I:I

PART C: PATIENT’S MEDICAL DETAILS
Date of initial diagnosis of PD (month/year) ...../..... Yoehn & Yahr Stage ....... (see protocol, appendix A)
Stage of PD Early D Later D

If Early: Any previous PD therapy? NnD <1 month D 1 - 3 months D 3 — 6 months I:l > 6 months D
If previous therapy, please specify...........oooii

If later: Patient previously entered in PD MED trial? No D Y::-SD if yes, PD MED trial number..........
Current therapy: DA: Yes[l NOD MAOBI: YesD .\]'CD COMTL YesD NOD

PART D: TREATMENT DETAILS

Willing to randomise to MAOBI: No I:l Yes I:l Willing to randomise to LD alone (early PD only): NOD Yes D

If allocated DA, which DA will be prescribed?..

It allocated MAOBI, which MAOBI will be prescribed?

It allocated COMTI, which COMTI will be prescribed?............ccocoiiiiiicececceeeeea (later PD only)
PART E: QUESTIONNAIRES

Has the patient completed? PDQ39: NOD Yes D Euroqol EQ-5D: No D Yes D

Has the MMSE been administrated? NoI:l Yes I:l

PART F: CARER DETAILS

Does the patient have a regular carer? NoD YesD If yes, name of principal carer.................ooeeeene
Has the carer completed the SF-367 NOD Yes[l Relationship...........ooooo

If No, reason (eg no carer, carer declined 10 take Part).........c.vuiiiiiiiiniii e
PART G: TREATMENT ALLOCATION from RANDOMISATION SERVICE 0800 953 0274

Early PD LD only D Dopamine agonist I:l MAOB inhihitorD

Later PD Dopamine agonist L] MAOB inhibior L] comT inbibitor[_]

Contact PErsON........ooivii i FaxNo: ... Telephone No:.........oiiin

(for queries or fax allocations)

Please file the top copy of this form in the patient notes, and return the bottom copy along with the questionnaires listed in Part E
(and F if applicable) and consent form within one week of trial entry to the PD MED Trial Office. A Freepost envelope is supplied
for return to The University of Birmingham, Birmingham Clinical Trials Unit, Division of Medical Sciences, Robert Aitken Institute,

FREEPOST RRKR-JUZR-HZHG, Birmingham B15 2TT
21 PD MED Randomisation Netepad Version 8 Aug 2010
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ANNUAL FOLLOW-UP FORM Appendix K
EARLY DISEASE

Part A: Identification Details To be completed by patient's hospital doctors

Patient's initials: I:l |:| PD MED Trial No E |:| |:| |:| |:|

Date of birth: / / Hospital number:
Hospital

Is the diagnosis still idiopathic Parkinson's Disease? No D Yes[l

If not, what is the most likely diagnosis?

N.B. The patient will still be followed up within PD MED
R . r Hoehn and Yahr Stages
Part B: Current Disease Status Stage 1.0 Unilateral involverment only
Stage 1.5 Unilateral and axial involvement
- Stage 2.0 Bilateral involvement without impairment of balance
Date of assessment: / / Stage 2.5 Mild bilateral involvement with recevery on retropulsion (pull) test
Stage 3.0 Mild to moderate bilateral involvement, some postural instability but physically independent
Stage 4.0 Severe disability, still able to walk and to stand unassisted

Patient's current Hoehn & Yahr stage: |:| Stage 5.0 Wheelchair bound or bedridden urless aided

Please ask the patient if they have suffered (a) any involuntary movements, other than tremor, and demonstrate
typical athetoid dyskinesia to them or (b) wearing off of one dose of medication before the next is due. If the
reply is affirmative, or if you or the carer have witnessed these phenomena, please record the findings below.
Has the patient developed motor complications? No D Yes D

What type of motor complications have developed?

Dyskinesia No I:l Yes I:l If Yes, date started (mo/yr): /
Fluctuations No D Yes |:| If Yes, date started (molyr): /
Has the patient developed dementia? No |:| Yes |:| If Yes, date of diagnosis (mofyr) /

{as defined by the clinician’s usual criteria}
Has the patient been institutionalised? No|:| Yes D If Yes, date admitted (mo/yr) /

Type of home: Nursing |:| Residential |:|
Has the patient died? No |:| Yes|:| If Yes, date of death: / /

Cause of death:

ff the patient has died, please give details of therapy prior to death in Part C.

Part C: Current Therapy —~ -
X . . / Example of patients current drug therapy
Please give details of the patient's current drug therapy ([ brug Dose Total daily dose (mg) ~ Date Starfed
H H Sinemet Plus  100mg x 5 daily 500 5/10/00
for PD including t_reatment relatgd to PD \ Bromosripine  10me + Sme + 10mg % 2100
{e.g. anti-depressants, anti-psychotic}): . 9 i
Drug Dose Total daily dose {(mg) Date Started
/ /
/ /
/ /
/ /

If the medication has changed since the last follow-up, please record the changes and reasons
on the reverse side to this form
Assessor; Signature: Date: / /

Please return this form to: PD MED Trial Office, The University of Birmingham, Birmingham Clinical Trials

Unit, Robert Aitken Institute, FREEPOST RRKR-JUZR-HZHG, Birmingham, B15 2TT
PD MED Annual Review Early Disease Version 8 Aug 2010
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Please complete the following

Appendix E

PDQ-39 QUESTIONNAIRE

Due to having Parkinson’s disease,

how often during the last month
have you....

1

Had difficulty doing
the leisure activities which
you would like to do?

Had difficulty looking after
your home, e.g. DIY,
housework, cooking?

Had difficulty
bags of shopping?

carrying

Had problems walking half
a mile?

Never

Occasionally

Please tick one box for each question

Sometimes

[]

Often Always
or cannot do
atall

L]

Had problems walking 100
yards?

Had problems getting
around the house as easily
as you would like?

Had difficulty getting
around in public?

Needed someone else to
accompany you when you
went out?

Felt frightened or worried
about falling over in
public?

Been confined to the
house more than you
would like?

Had difficulty washing
yourself?

Had difficulty dressing
yourself?

Had problems doing up
buttons or shoe laces?

OO o) oo oo

11

OO o) oo o
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Please check that you have ticked one box for each question before going on to the next page
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Due to having Parkinson’s disease,
how often during the last month

If you do not have a spouse or
partner tick here

have you....

14 Had problems writing
clearly?

15 Had difficulty cutting up
your food?

16 Had difficulty holding a
drink without spilling it?

17 Felt depressed?

18 Felt isolated and lonely?

19 Felt weepy or tearful?

20 Felt angry or bitter?

21 Felt anxious?

22 Felt worried about your
future?

23 Felt you had to conceal
your Parkinson's from
people?

24 Avoided situations which
involve eating or drinking
in public?

25 Felt embarrassed in public
due to having Parkinson's
disease?

26 Felt worried by other
people's reaction to you?

27 Had problems with your
close personal
relationships?

28 Lacked support in the
ways you need from your
spouse or partner?

29 Lacked support in the

ways you need from your
family or close friends?

Never

U0 O Oddoooo. O

]

]

Please tick one box for each question

Occasionally Sometimes

]

Oy O 4Uo o Uaoodooo 4
O U0 0O O Homodood

]

Often Always
or cannot do

at all

]
]

O OO 0O O oomoddoU
O OO 0O OHbomoddod

L

Please check that you have ticked one box for each question before going on to the next page

12
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Due to having Parkinson’s disease,

how often during the last month
have you....

30

31

32

33

34

35

36

37

38

39

Unexpectedly fallen asleep
during the day?

Had problems with your
concentration, e.g. when
reading or watching TV?

Felt your memory was
bad?

Had distressing dreams or
hallucinations?

Had difficulty with your
speech?

Felt unable to
communicate with people
properly?

Felt ignored by people?

Had painful muscle
cramps or spasms?

Had aches and pains in
your joints or body?

Felt unpleasantly hot or
cold?

Never

I N I A e I N R B e

Occasionally Sometimes

Please tick one box for each question

0 O O O oo O

]

RN

Often Always
or cannot do

atall

1 U

OO0 O OoQd
0 U O O oo

Please check that you have ticked one box for each question before going on to the next page

Thank you for completing the PDQ 39 questionnaire
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EuroQoL EQ-5D Appendix F

Please answer the questions by ticking one box in each group.

Please indicate which statement best describes your own health today.

1 Mobility Do not tick more than one box in each group.

| have no problems walking about

| am confined to bed

| have some prablems in walking about I:‘

2 Self care
| have no problems with self-care
| have some prablems washing or dressing myself

| am unable to wash or dress myself

I

3 Usual activities (e.g. work, study, housework, family or leisure activities)
| have no problems with performing my usual activities

| have some prablems with performing my usual activities

I

| am unable to perform my usual activities

4 Pain / Discomfort
| have no pain or discomfort

| have moderate pain or discomfort

]

| have extreme pain or discomfort

5 Anxiety/ Depression
| am not anxious or depressed

| am moderately anxious or depressed

IO

| am extremely anxious or depressed

© EuroQol Group

Please continue overleaf
PD MED EQ5D Version 8
Aug 2010

14
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Your own health state today
e N\ Best
To help people say how good or bad their imaginable
health state is, we have drawn a scale health state
(rather like a thermometer) on which the
best state you can imagine is marked by 100
100 and the worst state you could imagine
is marked by 0
90
We would like you to indicate on the scale
how good or bad your own health is today,
in your opinion. Please do this by drawing
a line from the box to whichever point on 80
the scale indicates how good or bad your
current health state is.
70
L //
60
Your own
health state
today 50
40
30
20
10
o
Worst
Please complete the following "\ imaginable
PD MED Trial Number health state
Patient Inifials. ..............
Date of Birth: ........ f o [
Date Completed: ..o /e o Baseline 6 month 1yr 2yr 3yr 4yr 5yr
Trial office use only : :
Date Sent: ; J (please circle as appropriate)
Date Received: .o /oo /e,
Date Entered: ........ fons AR /
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Appendix 6: Relevant CRFs from the PD SURG study

This appendix contains extracts from the PD SURG trial CRFs that are relevant to the
analyses presented in Chapter 3. The PDQ-39 and the EQ-5D-3L are shown in Appendix 5

and are not reproduced here.

APPENDIX D: RANDOMISATION NOTEPAD

Prepare for the randomisation questions by filling in sections A, B C and D on this pad
before telephoning the toll free randomisation service on 0800 953 0274 for immediate
randomisation, or fax form to 0121 415 9135 for allocation by next working day.

PART A: IDENTIFYING DETAILS

Randomising consultant: Hospitalname:
Patient’s full name: Sex: Male |:| Female |:|
Date of birth: Hospital number:

PART B: PATIENT'S MEDICAL DETAILS
Date of initial diagnosis of PD (mo/yr):

Has the patient previously received?

Dopamine agonist No O Yes[]
Selegiline No O Yesd
COMT inhibitor No O YesO
Apomarphine No I Yes[]

Reasaon for considering surgery (maore than ane box may be ticked):
Tremor [0  Dyskinesia[] Severe “off” periods"[] ~ Other, specify:

PART C: PLANNED TREATMENT
If allocated to surgery, which operation will be performed?

STN Stimulation[] STN Lesion]
GPi Stimulation 0 GPi Lesion O
If allocated to medical therapy, will apomorphine be prescribed? No[] Yes[]

PART D: QUESTIONNAIRES These must be completed prior to randomisation.
Has the patient completed the following:

PDQ-39 NoE YesUEuroQol EQ-5D  Nol Yes[
UPDRS performed in ON state: No[l Yes[]In OFF state: No@ Yes[
Has DRS2 been performed: Nol Yes[]
Has the patient given written informed consent? Nod Yes[]

PART E: TREATMENT ALLOCATION
Treatment: Immediate Surgery[] Medical Management []

PD SURG frial number:  S[_ [ | |

PART F: CARER DETAILS
Does the patient have a regular carer? No[] Yes[]

If yes, name of principal carer:;

Has the carer given written informed consent? No[] Yes[]
Has the carer completed the SF367 No[d Yes[O
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APPENDIX I: HOEHN & YAHR STAGING SYSTEM

Stage 0

Stage 1.0
Stage 1.5
Stage 2.0
Stage 2.5
Stage 3.0

Stage 4.0
Stage 5.0

No signs of Parkinson's disease

Unilateral involvement only

Unilateral and axial involvement

Bilateral involvement without impairment of balance

Mild bilateral involvement with recavery on retropulsion (pull) test

Mild to moderate bilateral involvement, some postural instability but
physically independent

Severe disability, still able to walk and to stand unassisted
Wheelchair bound or bedridden unless aided

42
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APPENDIX L: POST-OPERATIVE FORM

Surgeon Date of Admission

Date of Surgery Date of Discharge

PART A: PRE-OPERATIVE ASSESSMENT
Number of clinic visits prior to surgery

Please identify the staff who were present at these visits to assess the patient (please fick
all who were present)

Neurosurgeon|:| Neurologist |:| PD Nurse |:|
Neuropsychologistlj Neuropsychology assistantD Other |:| SPECITY s
Did the patient stay in hospital for any pre-operative assessment  Yes D No|:|

If yes, how many days hospital stay was the pre-operative assessment ... days

Please state how many tests/ procedures were used/ carried out during the pre-operative
assessment

EMG .. CT scan .. MRI scan. ... CT-MRI fusion.......o X-ray e
PART B: THEATRE
Was the theatre dedicated to the PD surgery for the entire day? Yes|:| No |:|
If no, please state the duration of theatre time required for the preparation, procedure
and recovery.... hours s minutes

Did you use a planning station for the planning of the operation? Yes|:| No|:|
If yes, which type? Stealth|:| Radionics |:| Brain Lab|:| Zeiss|:|

Please state the number of each of the following staff present in theatre for preparation,
procedure and recovery

Surgeon . Neurosurgical technician . Anaesthetist .

Theatre Nurse
Electrophysiologist ... Electrophysiology Technician

Other, please state grade and number

Was a robotic arm used in this procedure? Yes |:| No |:|

What type of stereotactic frame did you use?

CRW (Radionics)D Lecksell-G (EIectra)D LeibengerD Other|:| specify

PART C: PROCEDURE

Note; if staged procedure, a form needs completing for each procedure

Bilateral simultaneous |:| Bilateral staged |:| If staged: First|:| Second|:|

Unilateral |:|

Target STND GPi |:| Technique Left Stimulation|:| Lesion|:|
Right Stimulation|:| Lesion|:|

Number of tracts
Surgery abandoned N0|:| Yes|:| If yes, state reason:

48
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PART D: LOCALISATION
Localisation during surgery; please state number of times each test used

(O JE=To7: | PR————— MRI scan . Visual field test e, Ventriculography .......
|01 € F— XTAY i Other radiological (state)

Externalisation of electrode for test period prior to implantation of pulse generator
Microelectrode ... Semi microelectrode ... Impedance ...
Microstimulation ... Macrostimulation ...

Other electrophysiological (state)

PART E: STIMULATOR MODEL NUMBERS
Number used Make and odel number (if known) or use stickers

Implantable pulse generator
DBS Electrode
Extension Lead @ 000

Therapy Controller s

Accessory Kit e

PART F: POST OPERATIVE MANAGEMENT
Please state the number of times each test was used in the days following surgery:

CT SCAN i MRI scan ... Visual field test e
ECG P -V — Other radiological (State) .
Please note MRI images may be reviewed centrally.

Fallowing surgery and pre-discharge, which staff been involved in turning stimulator on,
testing electrode, adjusting voltage etc. Approximately how long in total have they been
involved?

Neurosurgeon Yes |:| NOD
Neurosurgical technician Yes D No|:|
Neurologist Yes D NOD
Registrar Yes |:| No|:|
PD Nurse Yes |:| No|:|
Theatre nurse Yes |:| No|:|

PART F: INTRA AND POST OPERATIVE ADVERSE EVENTS
Please indicate any adverse events by ticking the appropriate box(es) below.

Death |:| Intracerebral haematomaD HemiparesisD Infection|:|
Hemiballism|:| Dystonia |:| Confusion |:| Seizure |:|
Drowsiness |:| Eyelid apraxia |:| Diplopia |:|

Problem with Frame (specify):

Anaesthetic Complications (specify):

Other (specify):

Did the adverse event prolong hospitalisation? No|:| Yes|:|If yes, for how long days ...

49 Version 4
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APPENDIX M: SIX MONTH POST-OP FORM

Surgeon

Date of Surgery

PART A: POST OPERATIVE ADVERSE EVENTS
Please indicate any adverse events by ticking the appropriate box(es) below.

Remember to ask about admissions to other hospitals.

Device related

L]

Electrode malplacement |:| Electrode displacement|:| Electrode fracture
Lead fracture |:| Infection |:| Battery malfunction
Skin erosion |:|

Other |:| (specify):

Side Effects of Stimulation (with optimum anti PD effects)

Hemiballism [[] Dystonia ] Parasthesia
Worsening motor function |:| Memory impairment |:| Depression/anxiety
Personality change |:| Diplopia D Eyelid apraxia
Confusion D Dysarthria |:| Aphasia

.

Other|:| (specify):

Did the adverse event require hospitalisation? N0|:| Yes|:| If yes, for how long......days
PART C STIMULATION PARAMETERS

Pulse width

Rate

LEFT Channel 1 RIGHT Channel 2

Electrodes in use o|:| 1|:| 2|:| 3|:| 4|:| 5|:| 6|:| 7|:|

Amplitude (volts)

Range (if applicable)

PART B CURRENT PD MEDICATION
Drug Total daily dosage (mg) Date started (if new)

If the patient has ceased taking any PD medication since surgery, please state below:

Drug Date Stopped

50 Version 4
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Appendix 7: Stata code to generate MAR data

This appendix shows the Stata code used to impose MAR data following onto the complete
cases subset of the KAT trial. Here, the missing data pattern observed for the OKS in the
KAT trial are reproduced. The overall percentage of participants with some missing
outcome data (‘miss_loop’), the sample size ('ss_loop’) are defined as local macros at the

start of the program.

clear all

*set all parameters that can be changed

local n = 1001 // number of samples + 1

local ss = “ss_loop' // sample size of simulated dataset

*indicate % of observations with missing data (i.e. 20 for 20%)

local miss perc = ‘miss loop'

local imps = "miss_loop' // specify number of imputations to be performed
*i.e. for non-basecases, have number of imputations == % of data missing,
*as per White recommendations

*dataset prepared in KAT simulation data prep programme

use "Sdatal\kat sim", clear

*take a random sample of the pre-defined sample size

sample “ss', count

gen p = ‘miss perc' / 100 // percentage of missing data

*as the OKS can still be calculated when up to two items are missing, scale up
*the percentage in line with missing data pattern:

replace p = p/0.7305

noisily di as text “c¢' " out of " 'n'-1
set more off

sort id

** IMPOSING MISSING DATA ON FULL DATASET

// 1. Generate a random variable, X, from the uniform distribution (i.e.
U[o,11).

// Then assign the patients to 1 of the observed missing patterns by

// comparing X with the cumulative probabilities

// observed for each MD pattern:

/* simplify use the following pattern:

[T) o)

Missingness pattern Total True % % used in simulation Cumulative %

Unit non-response 244 67.22% 73.05% 73.05%
Only item 7 missing 52 14.33% 15.57% 88.62%
Only item 4 missing 11 3.03% 3.29% 91.92%
Only item 6 missing 9 2.48% 2.69% 94.61%
Only item 9 missing 7 1.93% 2.10% 96.71%
Only item 10 missing 5 1.38% 1.50% 98.20%
Only item 1 missing 3 0.83% 0.90% 99.10%
Only item 12 missing 3 0.83% 0.90% 100.00%

*/

local seed2 ="c'*( c'+ 35211)

set seed “seed?2’

gen x = uniform()

gen mpattern = 1 if x>=0 & x<=0.7305

replace mpattern = 2 if x>0.7305 & x<=0.8862
replace mpattern = 3 if x>0.8862 & x<=0.9192
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replace
replace
replace
replace
replace

mpattern = 4 if x>0.9192 & x<=0.9461
mpattern = 5 1if x>0.9461 & x<=0.9671
mpattern = 6 1f x>0.9671 & x<=0.9820
mpattern = 7 if x>0.9820 & x<=0.9910

mpattern = 8 if x>0.9910 & x<=1

*percentages of MD pattern when taking into account only participants with the
* 8 most common MD pattern

/] 2.

Create a linear score for all patients using the beta coefficients in

// Table 2 according to the missing pattern assigned

*focus on pattern that refer to participants with some missing data
gen lscore = .7758 -.0627762*comp_b alloc + .0245076*age ///
-.0503112*0ks_bl -.0233877*height ///

+ .024583*asal + .4514279* asa3 ///

+ .3692998*site size m + .2606951*site size 1 if mpattern==

replace

lscore = -2.725454 -.001319*comp b alloc -.0097468*age ///

+ .061564*0ks bl -.0008646*height ///
-.2032481*asal -1.007218* asa3 ///
-1.14821*site size m -.8104573*site size 1 if mpattern==

replace

lscore = -10.56717 -.406437*comp b alloc + .0638233*%age ///

+ .0536308*0ks bl -.0014529*height ///
-.4217216*asal + 1.325208* asa3 ///
+ .5651921*site size m + O*site size 1 if mpattern==

replace

lscore = -20.19695 -1.184716*comp b alloc + .1151257*age ///

-.0592787*0cks bl +.0562759*height ///
-.5103956*asal -.6014382* asa3 ///
-.9228536*site size m -1.216499*site size 1 if mpattern==

replace

lscore = -11.7455 -.2835892*comp b alloc + .1199281*age ///

+ .0257165*0ks bl -.0169899*height ///
+ .7655309*asal + .0634544* asa3 ///
+ .0977824*site size m + O*site size 1 if mpattern==

replace

lscore = -3.283268 -1.396968*comp b alloc + .0550662*age ///

+ .0106849*%0ks bl -.0355495*height ///
+ O*asal -.003731* asa3 ///
+ .2043287*site size m + O*site size 1 if mpattern==6

replace

lscore = -9.671319 -.753164*comp b alloc -.0144333 *age ///

+ .0656632*%0ks bl +.0242518*height ///
+ O*asal + 0* asa3 ///
+ .0294031*site size m + O*site size 1 if mpattern==

replace

lscore = -11.56452 -.7392675*comp_b alloc + .0879289%*age ///

+ .0052501*oks bl -.0011796*height ///

+ O*asal + 0* asa3 ///

-.0657889%9*site size m + O*site size 1 if mpattern==8
*updated based on logistic regression

// 3.

centile lscore if mpattern==1, centile (33 66)

gen oddsmiss = 1 if mpattern==1 & lscore<=r(c_1)

replace oddsmiss = 2 if mpattern==1 & lscore>r(c_ 1) & lscore<=r(c_2)
replace oddsmiss = 3 if mpattern==1 & lscore>r(c_2)

centile lscore if mpattern==2, centile (33 66)

replace oddsmiss = 1 if mpattern==2 & lscore<=r(c_1)

replace oddsmiss = 2 if mpattern==2 & lscore>r(c 1) & lscore<=r(c_2)
replace oddsmiss = 3 if mpattern==2 & lscore>r(c_2)

centile lscore if mpattern==3, centile (33 66)

replace oddsmiss = 1 if mpattern==3 & lscore<=r(c_1)

replace oddsmiss = 2 if mpattern==3 & lscore>r(c 1) & lscore<=r(c_2)
replace oddsmiss = 3 if mpattern==3 & lscore>r(c_2)
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centile lscore if mpattern==4, centile (33 66)

replace oddsmiss = 1 if mpattern==4 & lscore<=r(c_1)

replace oddsmiss = 2 if mpattern==4 & lscore>r(c 1) & lscore<=r(c_2)
replace oddsmiss = 3 if mpattern==4 & lscore>r(c_ 2)

centile lscore if mpattern==5, centile (33 66)

replace oddsmiss = 1 if mpattern==5 & lscore<=r(c_ 1)

replace oddsmiss = 2 if mpattern==5 & lscore>r(c 1) & lscore<=r(c_2)
replace oddsmiss = 3 if mpattern==5 & lscore>r(c_2)

centile lscore if mpattern==6, centile (33 66)

replace oddsmiss = 1 if mpattern==6 & lscore<=r(c_1)

replace oddsmiss = 2 if mpattern==6 & lscore>r(c 1) & lscore<=r(c_2)
replace oddsmiss = 3 if mpattern==6 & lscore>r(c_2)

centile lscore if mpattern==7, centile (33 66)

replace oddsmiss = 1 if mpattern==7 & lscore<=r(c_1)
replace oddsmiss = 2 if mpattern==7 & lscore>r(c 1) & lscore<=r(c_2)
replace oddsmiss = 3 if mpattern==7 & lscore>r(c_ 2)

centile lscore if mpattern==8, centile (33 66)

replace oddsmiss = 1 if mpattern==8 & lscore<=r(c_1)

replace oddsmiss 2 if mpattern==8 & lscore>r(c 1) & lscore<=r(c_2)
replace oddsmiss 3 1f mpattern==8 & lscore>r(c_2)

*4 .Calculate the number in each ODDSMISS subgroup within each pattern, noddmiss
sort mpattern id, stable

by mpattern: egen x1 = count (oddsmiss) if oddsmiss==

by mpattern: egen x2 count (oddsmiss) if oddsmiss==

by mpattern: egen x3 count (oddsmiss) if oddsmiss==

egen noddmiss = rsum(xl x2 x3)
drop x1 x2 x3

// 5. Calculate the probability of being missing for each subject,

* PMISS, based on a total % of missing P

* oodsmiss - probability of having observed MD pattern

* p - previously defined overall percentage of participants with missing data

* ss - number of participants in dataset - consider to make this a variable

* that can be changed later on to assess effect of imputation on smaller

*  samples I R
gen pmiss = (oddsmiss*p* ss'*0.7305)/ (6*noddmiss) if mpattern==1

replace pmiss = (oddsmiss*p* ss'*0.1557)/ (6*noddmiss) if mpattern==

)
replace pmiss = (oddsmiss*p* ss'*0.0329 6*noddmiss) if mpattern==3
replace pmiss = (oddsmiss*p* ss'*0.0269 6*noddmiss) if mpattern==
6*noddmiss) if mpattern==5

replace pmiss oddsmiss*p* ss'*0.0150
replace pmiss oddsmiss*p* "ss'*0.0090
replace pmiss = (oddsmiss*p* ss'*0.0090

6*noddmiss) if mpattern==
6*noddmiss) if mpattern==
6*noddmiss) if mpattern==

(

( /

( /
replace pmiss = (oddsmiss*p* ss'*0.0210)/

( /

( /

( /

(
(
(
(
(
(

// 6. Generate another random variable, Y, from a uniform distribution (i.e.
U[o,11)

local seed3 = (‘c¢'*187)+ c'

set seed “seed3'

gen y = uniform()

gen missing = 0

replace missing = 1 if y<pmiss

// 7. Create new data set
gen oksl miss = oksl 5y

replace oksl miss=. if (mpattern==1 & missing==1) | (mpattern==7 & missing==1)
gen oks2 miss = oks2 5y
replace oks2 miss= . if mpattern==1 & missing==

gen oks3 miss = oks3 5y

replace oks3 miss=. if mpattern==1 & missing==1

gen oks4 miss = oks4 Sy

replace oks4 miss=. if (mpattern==1 & missing==1) | (mpattern==3 & missing==1)
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gen oks5 miss = oks5 by

replace oks5 miss=. if mpattern==1 & missing==1

gen oks6 miss = oks6 5y

replace oks6 miss=. if (mpattern==1 & missing==1) | (mpattern==4 & missing==1)
gen oks7 miss = oks7 by

replace oks7 miss=. if (mpattern==1 & missing==1) | (mpattern==2 & missing==1)
gen oks8 miss = oks8 by

replace oks8 miss=. if mpattern==1 & missing==1

gen oks9 miss = oks9 by

replace oks9 miss=. if (mpattern==1 & missing==1) | (mpattern==5 & missing==1)
gen oksl0 miss = oksl0O 5y

replace oksl0 miss=. if (mpattern==1 & missing==1) | (mpattern==6 & missing==1)
gen oksll miss = oksll 5y

replace oksll miss=. if mpattern==1 & missing==

gen oksl2 miss = oksl2 5y

replace oksl2 miss=. if (mpattern==1 & missing==1) | (mpattern==8 & missing==1)

*in the dataset with missing values:

*calculate OKS - or create missing values where scoring manual does not
* allow calculations due to missing values

egen oks num miss = rowmiss (oksl miss - oksl2 miss)

egen oks rowtotal miss = rowtotal (oksl miss - oksl2 miss)

egen oks_ rowmean miss = rowmean (oksl miss - oksl2 miss)

gen oks miss = oks rowtotal miss if oks num miss==

replace oks miss = oks rowtotal miss + round(oks rowmean miss) ///
if oks _num miss==1

replace oks miss = oks rowtotal miss + 2*round(oks rowmean miss) ///
if oks num miss==

replace oks miss = . if oks num miss > 2

*calculate subscales:
/* in line with email received from David Churchman at ISIS
(email received on 10/11/2015, 12:41):
One missing per subscale is allowed. If one item (per subscale) is missing then
use mean value of other items in that subscale to fill in the missing value.
Advice received from Jill Dawson via ISIS
*/
*pain subscale
egen oks_num miss p = rowmiss (oksl miss oks4 miss oks5 miss oks6 _miss ///
oks8 miss oks9 miss oksl0 miss)
egen oks_rowtotal miss p = rowtotal (oksl miss oks4 miss oks5 miss oks6 miss ///
oks8 miss oks9 miss oksl0 miss)
egen oks_rowmean miss p = rowmean (oksl miss oks4 miss oks5 miss oks6 miss ///
oks8 miss oks9 miss oksl0 miss)
gen oks pain miss = (oks_rowtotal miss p)/28*100 if oks num miss p==
replace oks_pain miss = ///
(oks_rowtotal miss p + round(oks rowmean miss p))/28*100 ///
if oks num miss p==
replace oks pain miss

if oks num miss p > 1

*function subscale
egen oks_num miss f = rowmiss (oks2 miss oks3 miss oks7 miss oksll miss ///

oksl2 miss)
egen oks_rowtotal miss f = rowtotal (oks2 miss oks3 miss oks7 miss oksll miss ///
oksl2 miss)
egen oks_rowmean miss_ f = rowmean (oks2 miss oks3 miss oks7 miss oksll miss ///
oksl2 miss)
gen oks func miss = (oks_rowtotal_miss_f)/20*100 if oks num miss f==0
replace oks_ func miss = ///

(oks_rowtotal miss f + round(oks rowmean miss f))/20%¥100 ///

if oks num miss f==
replace oks func miss

if oks num miss f > 1

label var oks_pain miss "OKS pain subscale with simulated missing data"
label var oks_func miss "OKS functino subscale with simulated missing data"

label variable oks miss "OKS with simulated missing data"
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label variable oksl miss "Missing OKS Q1"
label variable oks2 miss "Missing OKS Q2"
label variable oks3 miss "Missing OKS Q3"
label variable oks4 miss "Missing OKS Q4"
label variable oks5 miss "Missing OKS Q5"
label variable oks6 miss "Missing OKS Q6"
label variable oks7 miss "Missing OKS Q7"
label variable oks8 miss "Missing OKS Q8"
label variable oks9 miss "Missing OKS Q9"
label variable oksl0 miss "Missing OKS Q10"
label variable oksll miss "Missing OKS Q11"
label variable oksl2 miss "Missing OKS Q12"
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Appendix 8: MAE plots for the comparison of applying Mi

at the composite score, subscale or item level

This appendix contains graphs showing the MAE of the different M| approaches, i.e.
imputing either at the composite score, subscale or item level. The graphs supplement the

assessment of the Ml approaches using the RMSE as presented in Chapter 4.

8.1 Comparative performance of the different Ml approaches: OKS

8.1.1 Results for the OKS simulations — using the observed missing data pattern

MAE of the estimated OKS composite scores
using the observed missing data pattern

5% MAR 10% MAR

MAE (composite score)
511562

MAE (composite score)
156 2

1

05
!

05

..==‘:____ . ol _
- +* v —§
T T

200 400 600 800 1000 0 200 400 600 800 1000
Sample size of the simulation dataset Sample size of the simulation dataset

=

20% MAR 40% MAR

15 2

152
»

o5
4

|

|

|

{

I

I

I

MAE (composite score)
1
s
MAE (composite score)
0 51
¢
|
!
I

200 400 600 800 1000 0 200 400 600 800 1000
Sample size of the simulation dataset Sample size of the simulation dataset

=

—&— Score Ml ----#--- Subscale MI
——&—- |tem Ml

Figure 2: MAE in the OKS composite score estimates
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MAE of the estimated treatment coefficients (OKS)
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Figure 3: MAE in the treatment coefficient estimates using the imputed OKS as the outcome
variable in the regression model
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8.1.2 Results for the OKS simulations — simulating a unit nonresponse MAR mechanism

MAE of the estimated OKS composite scores
Unit-nonresponse simulations
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Figure 4: MAE in the OKS composite score estimates (unit-nonresponse simulations)
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MAE of the estimated treatment coefficients
OKS - unit-nonresponse simulations
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Figure 5: MAE in the treatment coefficient estimates using the imputed OKS as the outcome
variable in the regression model
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8.1.3 Results for the OKS simulations — simulating 70% item missingness
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MAE of the estimated treatment coefficients (OKS)

70% item-nonresponse simulations
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Figure 7: RMSE in the treatment coefficient estimates using the imputed OKS as the
outcome variable in the regression model (70% item missingness simulations)
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8.1.4 Results for the OKS simulations — introducing a five point treatment effect

MAE of the estimated OKS composite scores
Introducing a five point treatment effect
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Figure 8: MAE in the OKS composite score estimates (introducing a five point treatment effect)
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MAE of the estimated treatment coefficients (OKS)
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Figure 9: MAE in the treatment coefficient estimates using the imputed OKS as the outcome
variable in the regression model (introducing a five point treatment effect)
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8.1.5 Results for the OKS simulations — Comparing scoring in line with the scoring

manual versus no mean imputations

MAE of the estimated OKS composite scores
scoring in line with the manual vs. no mean imputations - M| of composite scores
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Figure 10: MAE in the OKS composite score estimates comparing the effect of following
the scoring manual vs. not using mean imputation for Ml at the composite score level

(using the observed missing data patterns)
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MAE of the estimated OKS subscales

scoring in line with the manual vs. no mean imputations - Ml of subscales
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Figure 11: MAE in the OKS composite score estimates comparing the effect of following
the scoring manual vs. not using mean imputation for Ml at the subscale level (using the

observed missing data patterns)
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MAE of the estimated treatment coefficient (OKS)

scoring in line with the manual vs. no mean imputations - M| of composite scores
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Figure 12: MAE in the treatment coefficient estimates comparing the effect of following
the scoring manual vs. not using mean imputation for Ml at the composite score level

(using the observed missing data patterns)

416



MAE of the estimated treatment coefficient (OKS)

scoring in line with the manual vs. no mean imputations - Ml of subscales
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Figure 13: MAE in the treatment coefficient estimates comparing the effect of following
the scoring manual vs. not using mean imputation for Ml at the subscale level (using the

observed missing data patterns)
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8.2 Comparative performance of the different Ml approaches: EQ-5D-3L

8.2.1 Results for the EQ-5D-3L simulations — simplified item-level imputations

MAE of the estimated EQ-5D-3L composite scores
Simplified EQ-5D-3L imputations
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Figure 14: MAE in the EQ-5D-3L composite score estimates
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MAE of the estimated treatment coefficients
Simplified EQ-5D-3L imputations
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Figure 15: MAE in the treatment coefficient estimates using the imputed EQ-5D-3L as the
outcome variable in the regression model
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8.2.2 Results for the EQ-5D-3L simulations — simplified item-level imputations

MAE of the estimated EQ-5D-3L composite scores

Comparison of the complex and simplified item imputation models
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Figure 16: MAE in the EQ-5D-3L composite score estimates — comparing the complex and
simplified item imputation model
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MAE of the estimated treatment coefficients (EQ-5D-3L)

Comparison of the complex and simplified item imputation models
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Figure 17: MAE in the treatment coefficient estimates using the imputed EQ-5D-3L as the
outcome variable in the regression model — comparing the complex and simplified item
imputation model
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8.3 Comparative performance of the different Ml approaches: SF-12

8.3.1 Results for the EQ-5D-3L simulations — simplified item-level imputations
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Figure 18: RMSE in the SF-12 MCS score estimates
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MAE of the estimated SF-12 PCS score estimates
Simplified SF-12 imputations
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Figure 19: RMSE in the SF-12 PCS score estimates
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MAE of the estimated treatment coefficients
Simplified SF-12 imputations - MCS score
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Figure 20: RMSE in the treatment coefficient estimates using the imputed SF-12 MCS score as the
outcome variable in the regression model
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MAE of the estimated treatment coefficients
Simplified SF-12 imputations - PCS scores
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Figure 21: MAE in the treatment coefficient estimates using the imputed SF-12 PCS score as the
outcome variable in the regression model
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8.3.2 Comparison of the complex and simplified item imputation model
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Figure 22: MAE in the SF-12 MCS score estimates — comparing the complex and simplified item
imputation model
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MAE of the estimated SF-12 PCS score

Comparison of the complex and simplified item imputation models
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Figure 23: MAE in the SF-12 PCS score estimates — comparing the complex and simplified item
imputation model
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MAE of the estimated treatment coefficients (SF-12 MCS)

Comparison of the complex and simplified item imputation models
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Figure 24: MAE in the treatment coefficient estimates using the imputed SF-12 MCS score as the
outcome variable in the regression model — comparing the complex and simplified item
imputation model
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Figure 25: MAE in the treatment coefficient estimates using the imputed SF-12 PCS score as the
outcome variable in the regression model — comparing the complex and simplified item
imputation model
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Appendix 9: Search strategy used to identify relevant
literature on approaches to handle longitudinal missing

data

PubMed was searched to identify publications that considered the handling of missing data
in longitudinal datasets. The following search strategy was used, and rerun in October
2016:

PubMed Search strategy used:
((((missing*[Title/Abstract] OR incomplete[Title/Abstract] OR
attrition[Title/Abstract] OR drop-out[Title/Abstract] OR drop-out[Title/Abstract]))
AND (longitudinal*[Title/Abstract] OR repeated[Title/Abstract]))) AND
((baye*[Title/Abstract] OR imputation[Title/Abstract] OR "maximum
likelihood"[Title/Abstract] OR "pattern mixture"[Title/Abstract] OR "selection
model"[Title/Abstract]))
The search identified a total of 584 results. 54% of the identified studies were deemed to
be not relevant to this chapter, as they were study reports, rather than methodological
evaluations or assessments of statistical approaches for handling missing longitudinal data,
or referred to unrelated methodology. A further 5% of publications focussed on Bayesian
statistics, which were not further discussed in Chapter 5.

The remaining studies (41%) often matched more than one of the following categories, but

were categorised as follows, in line with the most prominent feature of the publications:

e Simulation studies (8%)
e Papers considering sensitivity analysis or MNAR data (9%)
e Reviews (3%)

e Case studies (21%)
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Many of the identified papers considered single imputation techniques, including LOCF,
which are not considered in this chapter, as they are known to be inferior to the
approaches discussed in the chapter, i.e. ML, Ml and IPW.

Publications that were most representative of the research on statistical methods for
handling missing longitudinal data are referenced in Chapter 5. These were chosen because
they assessed the comparative performance of different approaches, or summarised
existing research.

Google Scholar was used to identify publications that were cited by, as well as cited the
relevant papers to ensure that a thorough overview of the current methodological

background on the handling of missing longitudinal data could be provided in this chapter.
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Appendix 10: Stata code used in the ‘motivating example

case study

This appendix shows the Stata code used to obtain the results presented in the
motivating example. Global macros are used to link to the location where the data is

stored; the data set used in this analysis has been described in the main text.

*set up global macros to link to stored data
global temp "P:\Research datasets\KAT\Stata data\Temporary"

Ak Ak hkkhkh Ak kA hhk Ak hhkrhhkhkh Ak kA hhkhkhhkrhkhkhkhhkhkhkrhhkhkhkhkrhkhkhkhhAhkhkrhhkhkhhkrhkhkhkhhkhkhkrhkhkhkhhkrkhkkxkkxkx*k

*** ML repeated measures approach it
KA AR AR AR AR AR AR A AR AR A AR AR AR AR A A AR A A AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR A A A Ak kK

use "Stemp/LongMethExplore analysis", clear

*check numbers in trial population:

misstable patterns oks25 oksl00 oks200 oks300 oks400 oks500, freq

misstable patterns oks25 oks100 oks200 oks300 oks400 oks500

*14 individuals without any follow-up data - this explains the difference in
* "number of groups"

*adjust for same variables as the analysis model used in the simulations
reshape long oks, 1i(id) j(time)

*Analaysis model:
mixed oks i.comp b alloc oks bl bl00i.time i.sex age || id: time , ///
mle cov(unstructured) stddev

ok hhkhkhkhkhkhhk A hhkhhhkrhkhkhkhhAhhkdrhhk bk hhkhhkhkhkhhkhhkrhhkhhkhkrhkhkhkhhkhhkrhhkhkhhkrhkhkhhrhkhkrhkkhkhhkrkxhkkhkxx*k

*** MI approach el
AR AR AR AR AR AR AR AR AR A AR A AR AR AR A AR AR AR AR AR AR AR AR AR AR A R AR AR AR AR AR AR AR AR AR AR AR AR A A A Ak k kK

use "S$temp/LongMethExplore analysis", clear

*Set data to be mix*

*mi set flong

mi set wide

*need to double-check later if any of them need to be transformed

mi register regular comp b alloc age sex diseaseplace bmi ASAGrade ///
oks bl site size OpComps AlloProc

*Register Imputed values
mi register imp oks25 oksl00 oks200 oks300 oks400 oks500
mi impute chained (pmm, knn(l)) ///
0ks25 0ks100 oks200 oks300 oks400 oks500 = ///
i.comp b alloc oks bl age i.sex ///
bmi i.ASAGrade i.site size ///
i.0pComps i.AlloProc, ///
add (25) by (comp b alloc)

sort id mi m
mi reshape long oks, 1(id) J(time)
mi estimate: mixed oks i.comp b alloc oks bl bl00i.time i.sex age ///

|| id: time , mle cov(unstructured)

ok rhkhkhkhhkhk A hhkhhkhkhhkhkhkhhkhhkdhhk bk hhkrhkhkhkhhkhhkrhhkhhhkrkhkhhhkh kA hhkhkhhkrhkhkhhhkhkrhhkrhkhkrkkkkhkkxx*k

*** IPW approach xR *x
R R R R R I b b R I b b b b b b b b b b R b b b b b b b b b b b b b b b b b b b b b b b b E b b b b b b b b b b b b b b b b b b b b b b b b b b b b b I
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use "Stemp/LongMethExplore analysis", clear

*firstly, generate probability of participants having complete fup data

gen full fup = 1 if oks calc 3m == 1 & oks calc lyr == 1 & oks calc 2yr == /17
& oks calc 3yr == 1 & oks calc 4yr == 1 & oks calc bSyr ==

replace full fup = 0 if oks calc 3m == | oks calc lyr == /77

oks calc 2yr == | oks calc 3yr == | oks calc 4yr == | oks calc 5yr == 0

*compare treatment allocation in full data set and IPW subset:
tab comp b alloc
tab comp b alloc if full fup ==

logit full fup oks bl age i.sex ///
bmi i.ASAGrade i.site size ///
i.0pComps i.AlloProc

predict pr

*calculate the inverse of the probability of having follow-up data:
gen ipw = 1/pr

reshape long oks, i(id) j(time)
*now apply to the complete cases only - i.e those with complete follow-up data
drop if full fup ==

mixed oks i.comp b alloc oks bl bl00i.time i.sex age || id: time , ///
mle cov (unstructured) stddev pweight (ipw) wvce (robust)
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Appendix 11: Stata code for the generation of missing data

within the longitudinal OKS follow-up data

This appendix shows the Stata code used to simulate the probability of data being missing
to each of the observations. The code is shown for the simulation of MAR data following
the observed missing data mechanism, as well as a ‘stronger’ MAR mechanism, which gives
more weight to variables outside the analysis model. The remainder of the code is in line
with the information presented in Chapter 4, and not reproduced here. Global macros are
used to link to the location where the data is stored, and local macros are used to store the

newly generated datasets intermittently.

11.1 Stata code for the generation of missing data following the observed missing data
mechanism

This appendix shows the Stata code used to impose the observed missing data pattern

onto the longitudinal follow-up of participants with completely observed data.

use "Swork/full oks sf&eq “ss loop' 'miss loop'", replace

** IMPOSING MISSING DATA ON FULL DATASET

// 1. Generate a random variable, X, from the uniform distribution (i.e. U[0,1]).

// Then assign the patients to 1 of the observed missing patterns by

// comparing X with the cumulative probabilities

// observed for each MD pattern:

/* simplify use the following pattern for missing data at the different
follow-up time points

Missingness pattern Total True % %used in sim Cumulative$
No follow-up data available 62 13.51% 22.06% 22.06%

Only three month data missing 49 10.68% 17.44% 39.50%

Only five year data missing 46 10.02% 16.37% 55.87%

Data available to year one 34 7.41% 12.10% 67.97%

Data available to year two 26 5.66% 9.25% 77.22%

Only four year data missing 23 5.01% 8.19% 85.41%

Only three year data missing 22 4.79% 7.83% 93.24%

Data available to year three 19 4.14% 6.76% 100.00%

*/

local seed2 ="c'*('c'+ 35211)

set seed “seed2’

gen x = uniform()

gen mpattern = 1 if x>=0 & x<=0.2206
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replace mpattern = 2 if x>0.2206 & x<=0.3950
replace mpattern = 3 if x>0.3950 & x<=0.5587
replace mpattern = 4 if x>0.5587 & x<=0.6797
replace mpattern = 5 if x>0.6797 & x<=0.7722
replace mpattern = 6 if x>0.7722 & x<=0.8541
replace mpattern = 7 if x>0.8541 & x<=0.9324

replace mpattern = 8 if x>0.9324 & x<=1
*percentages of MD pattern when taking into account only participants with the
* 8 most common MD pattern

// 2. Create a linear score for all patients using the beta coefficients in
// Table 2 according to the missing pattern assigned

*build logistic regression models to decide on the factors (and their magnitude)
* to be included into the MAR mechanism

*HERE: COMPARE THOSE WHO FALL IN THE RELEVANT MD PATTERN ONLY TO THOSE WITH

* NO MISSING FUP DATA

gen lscore = -3.853986 -.0956438*comp b alloc -.0965764*oks bl ///
+.0351526%age -.4247348*sex -.0138832*bmi -.1847268*asal -.6939582*asa3 ///
+.5949436*site _size m + O*site size 1 +.9036195*OpComp_sim ///

- 1.083149*AlloProc if mpattern==

replace lscore = -6.084773 +.311389 *comp b _alloc +.0297232*cks bl ///

+.0264918*age +.4605087*sex +.0696749*bmi +.5884773*asal -.2168361l*asa3 ///
-.905378 *site size m -2.089013*site size 1 -.4155457*OpComp sim ///
-1.386952*AlloProc if mpattern==2

replace lscore = -4.834719 -.0181203*comp b alloc -.019513 *oks bl ///
+.0011325*age +.1987929*sex +.0429858*bmi -.4421613*asal +.2135848*asa3 ///
+.921554 *site size m +1.013083*site size 1 +.1958116*OpComp sim ///
-.1832821*AlloProc if mpattern==

replace lscore = -.9763687 +.1170064*comp b alloc -.0824726*cks bl ///
+.0170368*age -.3370247*sex —-.0910559*bmi +.6720494*asal +1.175718*asa3 ///
-.0243828*site size m -.5187048*site size 1 +.4715631*0OpComp sim ///
-.0907714*AlloProc if mpattern==

replace lscore = -9.54153 -.5000946*comp b alloc -.122736 *oks bl ///
+.0927622*age —-.3297777*sex +.0704717*bmi -.405749 *asal -.4241179*asa3 ///
-.4246207*site _size m -.554603 *site size 1 +.1991558*0OpComp sim ///
+.1689976*AlloProc if mpattern==

replace lscore = -5.966279 -.2545011*comp b alloc +.0350849*cks bl ///
+.0068547*age -.126535 *sex +.0308315*bmi +1.890293*asal + /17

O*asa3 +.0676068*site size m -.7328085*site size 1 +.8068883*OpComp sim ///
-1.461439*A11loProc if mpattern==

replace lscore = -5.848963 -.4876504*comp b _alloc -.0353161*cks bl ///
+.0207439*age +.1186497*sex +.0260797*bmi +.6771494*asal +.9572947*asa3 ///
-.0789474*site size m + O*site size 1 +.5359108*OpComp_sim ///
-.1063515*A11oProc if mpattern==7

replace lscore = -9.155526 -.0802481*comp b alloc -.0004742*cks bl ///

+.0915319*age -1.003634*sex -.0317177*bmi -.0287499*asal -.3722173*asa3 ///
-1.692288*site size m -.7686751*site size 1 +.1089205*OpComp sim ///
+.887177* AlloProc if mpattern==

*updated based on logistic regression
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11.2 Stata code for the generation of missing data following a ‘stronger’ missing data
mechanism

This appendix shows the regression model determining the probability of participants

having missing data under the ‘stronger’ missing data mechanism.

*for this scenario, devide predictors of missingness by 2 if in analysis model,
*and times by 3 if not in analysis model

gen lscore = 0.5%-3.853986 -0.5*.0956438*comp_b _alloc ///
-0.5*%.0965764*0ks bl +0.5*%.0351526%age -0.5%.4247348*sex -3*.0138832*bmi ///
-3%.1847268*%asal -3*.6939582*asa3 +3*.5949436*site size m + ///
O*site size 1 +3%.9036195*%0pComp_sim -3*1.083149*AlloProc if mpattern==1
replace lscore = 0.5%-6.084773 +0.5*.311389 *comp b alloc ///

+0.5*%.0297232*%0ks_bl +0.5*%.0264918*%age +0.5*%.4605087*sex ///

+3%.0696749*bmi +3*.5884773*asal ///

-3*%.2168361*asa3 -3*.905378 *site size m -3%*2.089013*site size 1 ///
-3*.4155457*0pComp_sim -3*1.386952*AlloProc if mpattern==

replace lscore = 0.5*-4.834719 -0.5*.0181203*comp b alloc ///

-0.5%.019513 *oks bl +0.5*.0011325%age +0.5%.1987929*sex ///

+3*%.0429858*bmi -3*.4421613*%asal +3*.2135848%asa3 ///

+3%.921554 *site size m +3*1.013083*site size 1 ///

+3%.1958116*0OpComp_sim -3*.1832821*AlloProc if mpattern==

replace lscore = 0.5%-.9763687 +0.5*.1170064*comp b alloc ///
-0.5%.0824726%0ks_ bl +0.5*.0170368*%age -0.5%.3370247*sex ///

-3*%.0910559*bmi +3*.6720494*asal +3*1.175718%asa3 -3*.0243828*site size m ///
-3%.5187048*site size 1 +3*.4715631*0OpComp sim -3*.0907714*AlloProc ///

if mpattern==4

replace lscore = 0.5%-9.54153 -0.5*.5000946*comp b alloc ///

-0.5%.122736 *oks bl +0.5*.0927622*%age -0.5*.3297777*sex ///

+3*%.0704717*bmi -3*.405749 *asal -3*%.4241179*asa3 -3*.4246207*site size m ///
-3*%.554603 *site size 1 +3*.1991558*OpComp sim +3*.1689976*AlloProc ///

if mpattern==

replace lscore = 0.5%*-5.966279 -0.5*.2545011*comp b alloc ///
+0.5*.0350849%0ks bl +0.5*.0068547*age -0.5*.126535 *sex +3*.0308315*bmi ///
+3*%1.890293*%asal +3* O*asa3 +3*.0676068*site size m ///

-3%.7328085*site size 1 +3*.8068883*0OpComp sim -3*1.461439*AlloProc ///
if mpattern==6

replace lscore = 0.5*-5.848963 -0.5*.4876504*comp b alloc ///
-0.5%.0353161*0ks bl +0.5*.0207439%9*%age +0.5%.1186497*sex ///
+3*%.0260797*bmi +3*.6771494*asal +3*.9572947*asa3 ///

-3*%.0789474*site size m + O*site size 1 +3*%.5359108*OpComp sim ///
-3*%.1063515*A11loProc if mpattern==
replace lscore = 0.5%-9.155526 -0.5*%.0802481*comp b alloc ///

-0.5%.0004742%0ks_bl +0.5*.0915319%age -0.5*%1.003634*sex -3*.0317177*bmi - ///
3%.0287499*asal -3*.3722173*%asa3 -3*1.692288*site size m ///
-3*%.7686751*site size 1 +3*.1089205*OpComp sim +3*.887177* AlloProc ///

if mpattern==

*updated based on logistic regression
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11.3 Stata code for the assigning participants to their drop-out pattern

This appendix shows the Stata code used to assign participants to their drop-out patterns

in the simulation scenario considering monotone missingness only.

gen mpattern = 1 1if x>=0 & x<=0.1667

replace mpattern = 2 if x>0.1667 & x<=0.3334
replace mpattern = 3 if x>0.3334 & x<=0.5001
replace mpattern = 4 if x>0.5001 & x<=0.6668
replace mpattern = 5 if x>0.6668 & x<=0.8335
replace mpattern = 6 if x>0.8335 & x<=1
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Appendix 12: Ml and IPW models used in Chapter 5

This appendix shows the Stata code for the MI models and generation of the weights for
the IPW models. Identical coding is used for the simulations using the observed MAR
mechanism, a ‘stronger’ MAR mechanism, and the simulation using data with a simulated
treatment effect. The code is extended for the simulation study that also utilises SF-12
(MCS and PCS scores) and EQ-5D-3L data.

Code for the MI model excluding SF-12 and EQ-5-3L

cap: mi impute chained (pmm, knn(l)) ///

miss oks25 miss oksl00 miss oks200 miss oks300 miss oks400 miss oks500 = ///
oks bl age i.sex ///

bmi i.ASAGrade i.site size ///

i.0pComp_sim i.AlloProc, ///

add(‘miss_perc') by (comp b alloc)

Code for the MI model excluding SF-12 and EQ-5-3L

cap: mi impute chained (pmm, knn(1l)) ///

miss oks25 miss oksl00 miss oks200 miss oks300 miss oks400 miss oks500 = ///
oks bl age i.sex ///

bmi i.ASAGrade i.site size ///

i.0pComp_sim i.AlloProc ///

AGG_PHYSO full AGG PHYS25 full AGG PHYS100 full AGG PHYS200 full ///
AGG_PHYS300 full AGG PHYS400 full AGG PHYS500 full eq indO_full ///
eq ind25 full eq indl100_ full eq ind200_ full eq ind300 full ///

eq ind400 full eq ind500 full, ///

add('miss _perc') by (comp b alloc)

Code for the IPW weights excluding SF-12 and EQ-5-3L
use "Swork/miss oks'ss_loop' 'miss loop'", clear
* for testing: use "$work/miss oks test", clear

*firstly, generate probability of participants having complete fup data

gen full fup = 1 if miss _oks25 != . & miss oksl00 != . & miss oks200 != . ///
& miss 0oks300 != . & miss oks400 != . & miss oks500 != .
replace full fup = 0 if miss oks25 == . | miss oksl00 == . | ///

miss 0ks200 == . | miss oks300 == . | miss 0oks400 == . | miss 0oks500 ==

tab full fu

*sometimes, not even this model converges:
cap: logit full fup oks bl age i.sex ///
bmi i.ASAGrade i.site size ///
i.comp b _alloc ///
1.0pComp sim i.AlloProc
predict pr
gen ipw = 1/pr

Code for the IPW weights including SF-12 and EQ-5-3L
*TPW:
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use "Swork/miss oks sf&eq “ss_loop' miss loop'", clear
* for testing: use "S$work/miss_oks test", clear
*firstly, generate probability of participants having complete fup data

gen full fup = 1 if miss oks25 != . & miss 0ksl00 != . & miss oks200 !=
& miss oks300 != . & miss oks400 != . & miss oks500 !=
replace full fup = 0 if miss oks25 == . | miss oksl00 == . | ///

miss 0ks200 == . | miss 0ks300 == . | miss o0ks400 == . | miss oks500 ==

cap: logit full fup oks bl age i.sex ///
bmi i.ASAGrade i.site size ///
i.0pComp_ sim i.AlloProc ///
i.comp b alloc ///
AGG_PHYS500 full eq ind500 full
predict pr
gen ipw = 1/pr
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Appendix 13: Feasibility of the Ml and IPW approaches —

instances where no valid results could be obtained

This appendix provides additional information on the feasibility of the Ml and IPW

models.

13.1 Feasibility of the MI models
In this appendix, the percentages of MI models that did not converge are summarised for
the different simulation scenarios.

Table 10: Percentage of simulations for which no valid results for the Ml approach could be
obtained - simulation of a observed MAR mechanism

Percentage of Sample size
participants 100 250 500 750 983
with simulated
missing data
10% 0% 0% 0% 0% 0%
20% 0% 0% 0% 0% 0%
30% 0% 0% 0% 0% 0%
40% 0% 0% 0% 0% 0%
50% 0% 0.1% 0% 0% 0%
60% 0% 0% 0% 0% 0%
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Table 11: Percentage of simulations for which no valid results for the Ml approach could be
obtained - simulation utilising the observed MAR mechanism and data with a simulated five
point treatment difference

Percentage of Sample size
participants 100 250 500 750 983
with simulated
missing data
10% 0% 0% 0% 0% 0%
20% 0% 0% 0% 0% 0%
30% 0% 0% 0% 0% 0%
40% 0% 0% 0% 0% 0%
50% 0% 0% 0% 0% 0%
60% 0% 0% 0% 0% 0%

Table 12: Percentage of simulations for which no valid results for the Ml approach could be
obtained - simulation of a stronger MAR mechanism

Percentage of Sample size
participants 100 250 500 750 983
with simulated
missing data
10% 0% 0% 0.4% 2.7% 0%
20% 0% 0% 5.5% 4.0% 0%
30% 0% 0% 0% 0% 0%
40% 0% 0% 0.1% 0% 0%
50% 0% 0% 0% 0% 0%
60% 0% 0% 0.1% 0.8% 0%
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Table 13: Percentage of simulations for which no valid results for the Ml approach could be

obtained - simulation utilising information from the SF-12 and EQ-5D-3L

Percentage of Sample size
participants 100* 250 500 750 983
with simulated
missing data
10% 0% 0% 0.9% 1.3% 0%
20% 0% 0% 1.3% 0% 0%
30% 0% 0.1% 0% 0.1% 0%
40% 0% 0% 0% 2.3% 1.3%
50% 0% 0% 0% 4.6% 2.6%
60% 0% 0% 6.2% 2.9% 0%

*these MI models were simplified, i.e. randomised treatment was included as a covariate
(instead of running separate models by treatment arm)

Table 14: Percentage of simulations for which no valid results for the Ml approach could be
obtained - simulations considering drop-outs only and including additional data from the SF-12

and EQ-5D

Percentage of Sample size
participants 100* 250 500 750 983
with simulated
missing data
10% 0% 0% 0% 0% 0%
20% 0% 0% 0% 0% 0%
30% 0% 0% 0% 0% 0%
40% 0% 0% 0.1% 0% 0.1%
50% 0% 0% 0% 0.2% 0.2%
60% 0% 0% 0.1% 0% 0%

*these MI models were simplified, i.e. randomised treatment was included as a covariate
(instead of running separate models by treatment arm)
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13.2 Feasibility of the IPW models

The main text of this thesis, Chapter 5, tabulates the cases in which no valid results could
be obtained for the IPW models for the simulation using the observed data and observed
missing data mechanism. Similar summaries for the other simulation studies are shown
below.

Table 15: Percentage of simulations for which no valid results for the IPW approach could be

obtained - simulation utilising the observed MAR mechanism and data with a simulated five
point treatment difference

Percentage of Sample size
participants 100 250 500 750 983
with simulated
missing data
10% 20.8% 1.5% 0% 0% 0%
20% 3.2% 0% 0% 0% 0%
30% 0.8% 0% 0% 0% 0%
40% 0.1% 0% 0% 0% 0%
50% 0.1% 0% 0% 0% 0%
60% 0.5% 0% 0% 0% 0%

Table 16: Percentage of simulations for which no valid results for the IPW approach could be
obtained — simulation of a stronger MAR mechanism

Percentage of Sample size
participants 100 250 500 750 983
with simulated
missing data
10% 19.7% 1.3% 0% 0% 0%
20% 3.2% 0% 0% 0.1% 0%
30% 0.5% 0% 0% 0% 0.1%
40% 0% 0% 0% 0% 0%
50% 0.1% 0% 0% 0% 0%
60% 0.9% 0% 0% 0% 0%
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Table 17: Percentage of simulations for which no valid results for the IPW approach could be

obtained - simulations including additional data from the SF-12 and EQ-5D-3L

Percentage of Sample size
participants 100 250 500 750 983
with simulated
missing data
10% 21.3% 1.5% 0.1% 0% 0%
20% 3.2% 0% 0% 0% 0%
30% 0.8% 0% 0% 0% 0%
40% 0.2% 0% 0% 0% 0%
50% 0.2% 0% 0% 0% 0%
60% 0.3% 0% 0.1% 0.1% 0%

Table 18: Percentage of simulations for which no valid results for the IPW approach could be
obtained - simulations considering drop-outs only and including additional data from the SF-12

and EQ-5D-3L
Percentage of Sample size
participants 100 250 500 750 983
with simulated
missing data
10% 15.8% 0.8% 0% 0% 0%
20% 2.4% 0.1% 0% 0% 0%
30% 0.3% 0% 0% 0% 0%
40% 0.1% 0% 0% 0% 0%
50% 0.5% 0% 0% 0% 0%
60% 1.8% 0.1% 0% 0% 0%
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Appendix 14: MAE plots for the comparison of statistical
methods to handle missing PROMs data in a longitudinal

setting

This appendix contains graphs showing the MAE of the different analysis approaches to
handle missing PROMs outcome data in a longitudinal setting, i.e. ML, Ml and IPW. The
graphs aim to supplement the assessment of the approaches using the RMSE, which was

presented in Chapter 5.
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Figure 26: MAE of the estimated treatment coefficient — simulations using the observed missing data pattern



MAE of the estimated treatment coefficient (OKS)

using the observed missing data pattern & 5 point simulated treatment effect
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Figure 27: MAE of the estimated treatment coefficient — simulations using the observed missing data pattern and a five point treatment effect
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MAE of the estimated treatment coefficient (OKS)

increasing the influence of MAR variables outside analysis model
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Figure 28: MAE of the estimated treatment coefficient — simulations using the observed missing data pattern and a five point treatment effect
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MAE of the estimated treatment coefficient (OKS)
adding SF-12 and EQ-5D-3L to the MI and IPW mechanisms
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Figure 29: MAE of the estimated treatment coefficient — simulations adding the SF-12 and EQ-5D-3L to the Ml and IPW mechanisms
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MAE of the estimated treatment coefficient (OKS)

Considering dropout only (auxiliary variables used in Ml & IPW models)
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Figure 30: MAE of the estimated treatment coefficient — simulations adding the SF-12 and EQ-5D-3L to the MI and IPW mechanisms while considering
dropout only
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Appendix 15: Search strategy used to identify relevant

literature on sensitivity analysis

PubMed was searched to identify publications that considered sensitivity analysis for
missing/incomplete data for RCTs. Broad search terms were used to avoid missing
potentially relevant articles, although this resulted in a large number of papers being
identified that were not relevant in this context. The following search strategy was used,
and rerun in October 2016:

PubMed Search strategy used:

((((missing[Title/Abstract] OR incomplete[Title/Abstract])) AND

sensitivity[Title/Abstract])) AND trial*[Title/Abstract]
The search identified a total of 620 results. Of these, 81% were excluded as they did not
focus on the methodological aspects of sensitivity analyses, instead comprising RCT
publications including sensitivity analyses (71%), focussing on meta-analyses (6%), or were

spuriously picked up in the literature search due to the use of sensitivity in a different

context or not in-human studies (4%).

The remaining 19% of identified publications were classified as follows:

e 4% were reviews, either assessing current practice in the handling of missing data,
or comparing different analysis approaches for handling missing data. Sensitivity
analysis was mentioned as an important component of such analyses, but no
detailed discussions of such analyses were provided

e 10% were classified as case studies, demonstrating the application of approaches

to sensitivity analysis
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e 1% of publications considered binary endpoints or time to event outcomes, which
were not relevant for Chapter 6.

e 4% of papers were classed as methodological work on sensitivity analysis, including
MI, pattern mixture models, weighting approaches, Bayesian methods, tipping
point analyses, as well as comparisons between different approaches.

Publications that were most representative of the research on sensitivity analysis were
referenced in Chapter 5. These were chosen because they assessed the comparative
performance of different approaches, were considered key papers for this research, or
because they picked up on previously published publications.

Google Scholar was used to identify publications that were cited by, as well as cited the
relevant papers to ensure that a thorough overview of the current methodological

background on the handling of missing longitudinal data could be provided in this chapter.
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Appendix 16: Stata code for the generation of missing data

within the longitudinal OKS follow-up data

This appendix shows the Stata code used to implement the sensitivity analyses discussed

in Chapter 6.

*setting global directories

global data "P:\Research datasets\KAT\Stata data\Temporary"

global store "P:\Research datasets\KAT\Output\Simulations"

global graphs "P:\Chapters\Chapter 6 -Sensitivity analyses\Graphs"

*these are the two datasets used in the case study
* use them in turn to run the sensitivity analysis
use "S$data/SensAnalysisData ss200 miss20", clear

*use "$data/SensAnalysisData ss1000 miss20", clear

*check treatment allocations:
tab comp b alloc

*check missing data
gen miss = 1 if oks miss ==
replace miss = 0 if oks miss !=

tab miss comp b alloc, col

*CCA
regress oks miss i.comp b alloc oks bl i.sex age

*change labelling

label define rand 0 "No resurfacing" 1 "resurfacing”
label define randl 0 "No PR" 1 "PR"

label values comp b alloc randl

rename comp b alloc treatment allocation
label values treatment allocation randl

*RCT miss analysis
xi: rctmiss , sens(treatment allocation) pmmdelta (-5/5) stagger (0.1) ///
list listopt (sepby(delta)) ///

color (blue red green) senstype(one): ///

reg oks miss treatment allocation oks bl i.sex age

graph export "S$Sgraphs/SensAn rctmiss ss1000.png", replace
graph export "S$Sgraphs/SensAn rctmiss ss200.png", replace

khkkhkkhkhkhkhkkhkhkhkhkhhkhkhkhrhkhkkhkhkhkhhkkhkhkrhhkhhhhhkhhkhrhhkhhhhhkkhhkhrhhkhkhkhhhkkhhkhrhkhkkhdhhrhkkhkhkhrhkhkkhkhhrhkhkhdxhxk*x
khhkkhkhkhkhkkhkhkhkhkhhkkhkhkhrhkhkkhkhkhkhhkkhkhkrhhkhkhkhhhkhhkhrhhkhhhhhkhhkhrhhkhhkhhhkkhhkhhhkkhdhhkrhkkhhkhrhkhkkhkhhrhkhkhdxhxxk*x
*Manipulate imputations

use "Sdata/SensAnalysisData ss200 miss20", clear

use "S$data/SensAnalysisData ss1000 miss20", clear

*Set data to be mi*
mi set wide
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*need to double-check later if any of them need to be transformed

mi register regular comp b alloc age sex diseaseplace height ASAGrade oks bl ///
site size

mi register imp oks miss

mi impute chained (pmm, knn(l)) oks miss = ///
age i.sex i1i.ASAGrade oks bl height i.site size, add(20) by (comp b alloc)

mi estimate: regress oks miss i.comp b alloc oks bl i.sex age
regress oks miss i.comp b alloc oks bl i.sex age

*now add 5 points to imputation estimates in patella resurfacing group where
* data is missing

forvalues 1 = 1(1)20 {

*generate the maximum score that can be added to outcomes

gen max i' = 48 - "i' oks miss

replace max 'i' = 5 if max'i' > 5

replace "i' oks miss = "i' oks miss + max'i' ///
if comp b alloc == 1 & mi miss ==

drop max i’

}

*analyse manipulated MI results:
mi estimate: regress oks miss i.comp b alloc oks bl i.sex age
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