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Abstract

Thesis title: Improving the specification of the target difference in the sample size

calculation of a randomised trial of treatments for osteoarthritis

Candidate name: Bethan Copsey (Pembroke College)

Thesis submitted for the degree of: Doctor of Philosophy (in Trinity 2019)

The sample size of a clinical trial is the number of participants the trial aims to

recruit. Sample size is a critical aspect of clinical trial design and has ethical and

financial implications. The sample size depends on the target difference, the difference

in outcome that the trial is powered to detect. This thesis aims to improve methods

for specifying the target difference in randomised trials of osteoarthritis.

I conducted a systematic review of sample size calculations in hip and knee os-

teoarthritis trials published in 2016. It found that most sample size calculations were

poorly reported and could not be reproduced. The target difference in the sample

size calculation was commonly justified by a published minimum clinically important

difference (MCID).

Several versions of the WOMAC (Western Ontario and McMaster Universities Os-

teoarthritis Index) were commonly used in hip and knee osteoarthritis trials. It was

often unclear which version was used, hindering interpretation of trial results.

I conducted a discrete choice experiment examining patient preferences when choosing

between osteoarthritis medications. Duration of treatment effect was shown to be

important to participants, viewed with similar importance to the amount of symptom

relief provided and risks of the treatment.

I analysed a cohort of people with osteoarthritis and showed that MCID estimates

for the WOMAC varied across different follow-up time points. However, there was no

visual trend in the change in MCID estimates over time. Longitudinal methods were

feasible to calculate MCID estimates, but did not improve precision.

A simulation study that I conducted found that the pattern of the treatment effect

(its duration and consistency) affected the optimal statistical method of analysis for

a randomised trial using the WOMAC as the primary outcome.

Future research is needed to examine whether the findings are generalisable to differ-

ent datasets, outcome measures and health conditions.
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Chapter 1

Introduction

1.1 The importance of an appropriate sample

size

The target sample size of a clinical trial is the number of participants the trial aims to

recruit. The sample size is a critical aspect of trial design. The use of an inappropriate

sample size has ethical and financial implications.

A sample size that is smaller than appropriate could lead to inconclusive or potentially

misleading trial results. Trials with insufficiently large sample sizes are more likely

to produce a statistically insignificant result, missing a true clinically meaningful

treatment effect [2]. An overly large sample size will have sufficient power to detect a

clinically meaningful effect and has the potential to change clinical practice. However,

it will be more costly and consume more resources than necessary [3].

In both cases, whether the sample size is too small or too large, a trial will consume

research-based resources and funding that were not required to improve the scientific
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integrity of the trial and some or all of the participants will be recruited unneces-

sarily. These limited resources could have been allocated to other trials designed

to appropriately answer the research question. For overly large trials, a trial could

have included fewer participants and reduced the length of the trial. Some of the

‘extra’ participants may also have unnecessarily received an inferior (and potentially

harmful) treatment. An overly large trial could also be misleading in detecting a

statistically significant treatment difference that is not clinically worthwhile.

Trials with an inappropriate sample size could even harm the evidence base. An overly

large trial will usually have longer recruitment and follow-up periods. This will delay

the publication and dissemination of the trial results. If a treatment was found to be

more effective than conventional care, the delayed dissemination could then delay the

uptake of the more effective treatment and its implementation into clinical practice.

A trial with too few participants could produce an insignificant result when a true

clinically important treatment effect exists. This could prevent or delay further trials

being conducted on the same treatment if potential researchers wrongly believe that

the overly small study provides evidence of an absence of treatment effect [4]; this

can cause contention and confusion [5]. In addition, researchers may choose not to

focus on the area considered while the small study is on-going to avoid duplication of

effort. In this way, a small underpowered study can actually diminish the evidence

base if it delays the initiation of larger confirmatory trials.

Therefore, it is undesirable to have a sample size that is either too small or too

large as it: (i) wastes research funding and resources, (ii) unnecessarily subjects

trial participants to potentially useless or harmful treatments, and (iii) delays the

implementation of effective treatments into clinical practice.
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1.2 Sample size calculation

The sample size of a randomised trial can be calculated using various methods [6],

for example:

� Using the conventional Neyman-Pearson approach (described in this section

below)

� Precision approach: Calculating the sample size, assuming known parameters

(such as standard deviation for continuous outcomes) to achieve the specified

precision of the effect estimate (e.g., width of confidence interval).

� Bayesian methods: One example of a Bayesian approach to sample size calcu-

lation assumes a joint prior distribution for the treatment difference and other

unknown parameters (e.g., the standard deviation of a continuous treatment

outcome). Simulations are used to specify a sample size that maximises the av-

erage power across this distribution. This could include adaptive trial designs.

� Value of information: This approach determines an optimal sample size based

on the ‘value’ of additional information gained compared to the cost of recruiting

additional participants. If the trial finds the ‘wrong’ result and an intervention

is incorrectly implemented (or not implemented), this would result in lost health

gain. This loss in health gain would be more likely if the trial is smaller. This

aims to find the sample size that maximises the difference between the expected

loss in health gain and the estimated cost of the trial.

By far the most common method used to calculate the sample size of a randomised

controlled trial is the conventional Neyman-Pearson approach, which is the focus for

this thesis. Equation 1.1 shows the formula based on the Neyman-Pearson approach

for a two-arm trial with a continuous primary outcome, assuming that the outcome
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is normally distributed, there is equal allocation (1:1) between treatment arms and

that the standard deviation of the outcome is known and equal in the two treatment

arms.

2σ2(zα/2 + zβ)2

(µ1 − µ2)2
(1.1)

The components necessary to conduct the calculation are the:

1. Target difference (µ1 − µ2)

2. Standard deviation (σ)

3. Significance level or type I error (α)

4. Power (1 − β), where β is the type II error

Although trials commonly collect and analyse outcomes at multiple assessment time

points, the sample size calculation is usually based on a treatment comparison at a

single time point. This implicitly assumes that the target difference in the outcome

is constant across all assessment time points, such that the study power remains high

for treatment comparisons at any time point in the follow-up period. Alternatively,

in practice, trialists may power their study for the main time point and consider the

treatment effect at other time points to be less important (especially when the effect

is likely to be smaller).

1.2.1 Specification of target differences

Although the required sample size is dependent on the outcome type, statistical pa-

rameters and planned analysis, it is typically most sensitive to the target difference,

the difference in outcome that the trial is powered to detect [7]. The choice of target
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difference can have a dramatic impact on the required sample size. Using equation

(1.1) and keeping the type I and type II errors constant, halving the target difference

that you are aiming to detect increases the target sample size by approximately four

times as many participants.

Specifying the target difference is arguably one of the most important and most

difficult decisions when designing a clinical trial [3]. In theory, we would like a trial

to be able to detect a treatment effect no matter how small. However, in practice,

this would not be feasible because it would require an infinitely large sample size.

However, when using a large target difference, it is more likely that the trial will

‘miss’ a small treatment effect that would be relevant in clinical practice. Therefore,

trialists attempt to determine the target difference that is the smallest clinically

meaningful difference between the two treatments. Pocock stated that a trial should

be designed to identify “the smallest difference that is of such clinical value that it

would be very undesirable to fail to detect it” [8].

Cook et al. reviewed methods for specifying the target difference in randomised trials

and identified the seven methods described below [9].

� Anchor: Comparing the difference in the primary outcome to an important

difference in a gold-standard measure.

� Distribution: Using solely the statistical properties of the primary outcome

measure.

� Standardised effect size: Relating the distributional variation to classifications

of standardised effect size based on Cohen’s d.

� Health economic: Selecting the target difference that corresponds to the

cost-effectiveness threshold (e.g., cost/benefit ratio) based on the associated

treatment costs.
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� Opinion seeking: Surveying the opinions of key stakeholders, for example, using

a DELPHI-style consensus-based study.

� Pilot study: Using a pilot study for the trial to inform the target difference for

a full-scale trial.

� Review of evidence base: Reviewing the treatment effects found in the literature

from previous randomised trials, meta-analyses or observational studies.

1.3 Anchor-based methodology

Anchor-based methods are the most commonly used to specify target differences [9].

The anchor-based approach specifies the target difference by calculating the difference

in the primary outcome of the trial that corresponds to an important difference in an

anchor measure.

Anchor-based methods determine the smallest difference that is considered clinically

meaningful. This corresponds directly to the concept of a minimum clinically im-

portant difference (MCID). Jaeschke defines the MCID as the “smallest difference in

score in the domain of interest which patients perceive as beneficial and which would

mandate, in the absence of troublesome side effects and excessive cost, a change in

the patient’s management” [10].

1.3.1 MCID terminology and methodology

There is currently no consensus on the optimal method to calculate an MCID estimate

[11, 12]. The anchor-based method is favoured because it incorporates patient opinion

and quantitative data [13]. The anchor-based method calculates the mean change in

the primary outcome among a group of participants who have been deemed to have

6



a small but important change. This group of participants are selected based on

the change in the ‘anchor’ measure. The anchor measure is often a patient-reported

measure of the perceived treatment benefit, but could be a clinician-reported outcome

or an objective biological measure. For example, a study using a global rating of

change (GROC) as the anchor measure may examine the change within, and between,

participants who describe their change from baseline as ‘slightly improved’ [13].

As well as dispute around the methodology for MCID calculation, there is also debate

surrounding the appropriate terminology to use to define an important difference. The

literature includes various definitions of what constitutes an MCID and these defi-

nitions are not always consistent, which can cause confusion. The term ‘minimum

clinically important difference’ could be seen as a misnomer as it may be based on

patient opinion and does not necessarily account for the opinion of a clinician. There-

fore, some researchers prefer to use the term ‘minimum important difference’ (MID)

[14, 15]. The same terms are often applied interchangeably to refer to within-person

differences and between-group differences. In practice, it is important to differentiate

between a within-person and between-group difference because a difference that is im-

portant when comparing two interventions may not be important if it is experienced

as a change over time for a single person.

The definitions used in this thesis are given below. Although I am interested in

patient opinion, I have used the abbreviation MCID as this is more commonly used

than ‘MID’, likely due to its use in Jaeschke’s seminal paper [10].

MCID (Minimum Important Difference): The MCID is defined as the smallest

between-group difference that is considered worthwhile. This is used to assess the

importance of a difference between groups of people, such as comparing treatment

arms, at a single time point.
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MCIC (Minimum Important Change): The MCIC is defined as the smallest within-

person change that is considered worthwhile. This is used to assess the importance

of a change over time of an individual person.

1.3.2 Use of MCID estimates

The usefulness of an MCID (and MCIC) as a concept is widely supported [12]. If

an intervention produces a statistically significant difference (between groups or for

a single participant), the difference may be very small and therefore not produce

a noticeable effect on the participant’s quality of life. The MCID provides a min-

imal value that the between-group difference should exceed to enact change in the

management or treatment regime of a group of people. It facilitates the evaluation of

treatment interventions by allowing us to assess whether the group of people achieved

a worthwhile difference in their condition.

As discussed above, MCID estimates can be used in trial design to specify the target

difference in the sample size calculation. As well as being applied in trial design,

MCID estimates are used in the interpretation of clinical trial results. Trials can

compare the proportion of participants who exceed an MCIC between treatment arms

[16, 17, 18, 19, 20]. The proportion of participants reaching the MCIC could also be

examined in observational cohort or case-control studies [21, 22, 23, 24, 25]. Some

studies use a participant exceeding the MCIC as a predictor of treatment success

[26, 27, 28, 29, 30, 31]. MCID estimates can also be used in the interpretation

of between-group differences in randomised trials and meta-analyses, to determine

whether the between-group mean difference is clinically meaningful [32, 33, 34, 35].

The use of MCID estimates to interpret the pooled between-group differences in meta-

analyses has been recommended to incorporate a measure of clinical relevance into

the results of systematic reviews [36].

8



1.3.3 Variability of MCID estimates

Some argue that the usefulness of an MCID is limited by its variability [12]. MCID

estimates have been shown to vary based on the calculation methods used and clinical

factors, such as the population and intervention being considered. Studies have found

that MCID estimates differ based on baseline disease severity [37, 38, 39, 40]. Others

have hypothesised that MCID estimates may vary by other participant characteris-

tics, such as age, sex, and ethnicity, but few have found strong associations [38, 41].

Whether a change in outcome is seen as clinically important may also depend on

psychological factors, such as patient expectation, optimism or mental well-being

[42, 43, 44]. The MCID estimate can also depend on co-morbidities, especially if the

intervention effects are specific to only one condition. An improvement in one condi-

tion could be obscured by symptoms such as pain and fatigue due to other conditions

[45]. The intervention being considered could also influence the MCID estimate. It

may be that a larger difference is required to be seen as worthwhile for interventions

that are more burdensome, such as surgical treatments [46]. Researchers may need

to pay careful attention to these clinical and methodological factors when selecting

which MCID estimate from the literature to apply.

Maltenfort et al. suggested that MCID values may vary based on “the timetable

of recovery” [47]. A small number of studies have examined variability in MCID

estimates over time. Some studies have found MCID estimates differ by follow-up

time point [46, 48, 49]. However, other studies have found MCID values to be similar

across follow-up time points [41, 50, 51].

Existing methods, particularly those used in economics, demonstrate that time may

be an important factor in the evaluation of treatment effectiveness. For example,

quality-adjusted life years have been used to summarise outcomes while allowing

effectiveness to vary over the participant’s lifetime. Similarly, economists often use
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discounting to reduce the weighting of health states that occur further into the future

[52]. This provides evidence that people may value treatment benefits differently

depending on when the treatment benefits occur.

1.4 Rationale for thesis

Studies commonly calculate the MCID for a disease-specific patient-reported outcome

at a single time point. For long-term conditions, the length of time that the benefit

from a treatment lasts is important. It is unclear how MCID values might vary over

time and how changes in the effect over time should be viewed. For example, a person

could find a sustained improvement below the MCID to be more meaningful than a

short-term difference that meets the MCID at a single time point but fades rapidly.

The time point at which an important difference is assessed may also have implications

for the analysis and subsequent interpretation of trials and how the scale of benefit

is appraised in trials in long-term conditions. If MCID estimates do indeed vary over

time, it is possible that MCID values are being applied inappropriately in trial design

and interpretation.

The research presented in this thesis examined the variability of MCID estimates over

time to indicate whether the assessment time point should be incorporated into the

target difference specification when calculating the sample size for a trial. It also

explored the use of longitudinal methods to incorporate time into the calculation of

MCID estimates.

The findings of this research will help trialists to understand whether the assessment

time point should be considered when specifying the target difference in a sample

size calculation and will compare different methods that could be used to account

for this. A more appropriately chosen sample size will help to ensure that trials are
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well-designed and will help to reduce waste in research and improve patient health

outcomes. The results will also raise broader issues related to how we estimate the

scale of benefit in trials in long-term conditions.

1.4.1 Simple example to demonstrate the potential impact

of different target differences

Tashjian et al. found an MCID of 1.37cm on the 0-10cm visual analogue scale (VAS)

for pain among rotator cuff repair patients [53]. We can hypothetically assume the

MCID at an alternative time point to be 1.2cm or 1.54cm. If we assume a standard

deviation of 2.5 to be constant across all time points, 90% power and 5% two-sided

level of significance:

1. Original estimate: To detect a target difference of 1.37 will require a sample

size of 142 participants

2. Estimate using a lower MCID: To detect a target difference of 1.2 will require

a sample size of 186 participants.

3. Estimate using a higher MCID: To detect a target difference of 1.54 will require

a sample size of 114 participants.

The reduction of the target difference to 1.2cm increases the sample size by 44 partic-

ipants, over 30% more than the original estimate. Similarly, in the opposite direction,

to detect a target difference of 1.54, 28 fewer participants will be required, 20% less

than the original estimate.

These variations have only adjusted the target difference by 0.17cm, which is less

than 2% of the full measurement scale. However, these differences could substantially

affect the sample size and thus the conduct of the trial, in terms of the number of

centres, length of the recruitment period and overall costings. A review by Speich
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et al. found the median costs per patient recruited to a randomised trial was $409

(ranging from $41 to $6990) [54].

The chosen MCID value could also have implications for the interpretation of trial

results. It could affect whether between-group differences are viewed as clinically

important, if they fall within the range of possible MCID values. If only the MCID

estimate of 1.37 points was available, a between-group difference of 1.3 points might

not be seen as clinically significant. However, if the MCID of 1.2 points had been

calculated, e.g., using data from a shorter follow-up period, the between-group dif-

ference of 1.3 points would have exceeded the MCID, so would have been seen as

clinically meaningful.

Small variations in the MCID value used can have important implications when using

the MCID estimate to calculate the sample size and interpreting the results of future

trials. Therefore, if MCID values vary by assessment time point, it is important

to account for these time-varying effects and apply the appropriate MCID for the

corresponding follow-up period.

1.5 Clinical application: Osteoarthritis

1.5.1 Osteoarthritis

The research presented in this thesis focuses on osteoarthritis, which is highly preva-

lent and can substantially affect people’s quality of life. There are over 25 million

people living with osteoarthritis in the US alone [55]. Osteoarthritis is associated

with significant healthcare resource use and economic costs [56]. It has also been

shown to have a high economic burden [57, 58] and is one of the leading causes of

disability, contributing 17.1 million years lived with disability in 2010 globally [59].
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In the UK, osteoarthritis is reported to be the most common cause of disability [60]

and, almost half of people aged 75 and over have sought treatment for osteoarthritis.

As the prevalence of osteoarthritis increases with age, rising life expectancy and pop-

ulation growth mean that the number of people living with osteoarthritis is expected

to increase rapidly over the next decade [61, 62].

1.5.2 Research into osteoarthritis treatments

Current treatments for osteoarthritis include surgical interventions (primarily joint re-

placement), pharmacological therapies (such as non-steroidal anti-inflammatory drugs

(NSAIDs) or hyaluronic acid) and other conservative treatments (including education

and exercise) [63, 64, 65]. However, currently available treatments largely treat the

symptoms of osteoarthritis, particularly pain and physical function, rather than the

underlying disease pathology [62]. According to the ACR Clinical Classification Cri-

teria, diagnosis of osteoarthritis is dependent on the specific joint being examined

and includes physical symptoms with or without radiographic imaging or laboratory

findings [66, 67]. However, there is no single definition for what osteoarthritis actually

is, and the mechanisms for osteoarthritis remain unclear [68, 69].

A recent update of the Osteoarthritis Research Society International (OARSI) guide-

lines found uncertainty regarding the appropriateness of many treatments for knee

osteoarthritis either generally or for specific phenotypes (for example, those with

co-morbidities or multiple joint osteoarthritis) [70]. As more is learned about the

pathology of osteoarthritis, further research could explore tailoring treatments based

on the patient’s pathology [65, 68]. Although short-term disease markers and radi-

ological outcomes may be preferred to assess the efficacy of novel treatments [68],

large, confirmatory trials can be used to ensure this translates into improvements in

the quality of life of people living with osteoarthritis.
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1.5.3 Justification of application to osteoarthritis

There is a need for clinical research on osteoarthritis due to the high prevalence,

societal impact and uncertainty surrounding the optimal treatment regimens. Os-

teoarthritis is therefore an appropriate disease area to consider to explore the method-

ology of clinical trial design.

This thesis explores the incorporation of time effects into trial design using a con-

tinuous, patient-reported primary outcome. The research is therefore relevant to

osteoarthritis and other long-term conditions with low mortality rates. For example,

long-term monitoring of osteoarthritis is recommended in clinical practice and ran-

domised trials [60, 71]. The research would be less relevant for other clinical areas.

For high mortality conditions, such as cancer, survival is of primary importance and

therefore trial design considerations will be based on survival outcomes, as opposed

to patient-reported outcomes. There is also limited applicability to acute conditions

where the patient is expected to recover quickly and thus long-term follow-up may not

be the main focus. Osteoarthritis is a suitable clinical application because trials in os-

teoarthritis commonly measure patient-reported outcomes using repeated assessment

over time.

People with osteoarthritis tend to live many years before having joint replacement

surgery; for example, Gademan et al. found that only 10% of people with early

osteoarthritis symptoms received an arthroplasty after 9 years [72]. Due to concerns

about the longevity of joint replacements, many people are encouraged to live with

symptoms for as long as possible before proceeding to surgery [72, 73]. Some people

living with osteoarthritis may never be considered suitable for surgery, due to their age

or personal preference [74]. Hence, long-term effects of treatments on osteoarthritis

symptoms are important.
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1.6 Thesis aims and objectives

Trialists commonly determine the MCID at only one time point, which does not

account for changes in effect over time and hence ignores the chronic nature of os-

teoarthritis. Increased understanding is needed about how the magnitude of difference

that participants consider to be important varies over time. Calculations of the sample

size and underlying target difference in a primary outcome need to take any time-

dependent effects into account. The existence of these effects also has implications

for analysing trial results and interpreting trial findings.

It is unclear how investigators currently specify target differences for disease-specific

patient-reported outcomes and which methods are appropriate for calculating target

differences of treatment effects with potentially long durations, such as in osteoarthri-

tis trials.

This thesis aims to explore whether it is necessary to incorporate time into sample

size calculations for trials in long-term conditions, such as osteoarthritis, and, if so,

how trialists should approach this.
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1.7 Structure of thesis

Chapter 1, this chapter, introduces the concepts of sample size calculation and

important differences, presents the aims of the thesis and justifies the application to

osteoarthritis.

Chapter 2 reviews current practice for sample size calculations in hip and knee

osteoarthritis trials. The systematic review examines the methodology, reporting and

reproducibility of the sample size calculations.

Chapter 3 reviews the use, analysis and reporting of the WOMAC Index, a com-

monly used outcome measure for hip and knee osteoarthritis trials. It uses a cohort

of hip and knee osteoarthritis trials identified from the review in Chapter 2.

Chapter 4 presents the design and results of a discrete choice experiment to evaluate

how duration of treatment benefit affects treatment preferences in people living with

osteoarthritis.

Chapter 5 assesses the stability of important differences over time and explores

the use of longitudinal methods to calculate important differences using secondary

analysis of an observational cohort study.

Chapter 6 uses simulations to compare the statistical properties of different longi-

tudinal methods to analyse trial results.

Chapter 7 summarises the over-arching results and discusses the potential implica-

tions and limitations of the findings.
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Chapter 2

Current practice regarding sample

size calculation in randomised

trials of hip and knee

osteoarthritis: a systematic review

Prior publication:

The methods and results for this chapter were published as manuscripts. Conferences abstracts

for presentations on this chapter have also been published (see Appendix F.1 for details).

Copsey B, Dutton S, Fitzpatrick R, Lamb SE, Cook JA: Current practice in methodology and

reporting of the sample size calculation in randomised trials of hip and knee osteoarthritis: a

protocol for a systematic review. Trials 2017, 18(1):466.
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2.1 Introduction

2.1.1 Importance of sample size calculation

A key component of clinical trial design is the sample size calculation. As discussed in

Chapter 1, the choice of sample size is important for ethical, practical and financial

reasons. An overly large sample size is undesirable as it increases the costs of the

trial and likely delays dissemination of the findings [3]. Too large a sample size is also

unethical as it may result in additional participants receiving a treatment when there

is already sufficient evidence to show it is inferior to an alternative [75]. A sample size

that is too small may lead to the trial not having sufficient precision and a clinically

important treatment effect, should it exist, is more likely to be ‘missed’ [2, 76].

Altman et al. emphasised the importance of justifying the sample size when reporting

the results of a trial [77]. An a priori sample size calculation encourages trialists to

explain why the number of participants recruited is smaller than the target sample

size and indicates the primary outcome of the trial. It also indicates that the trial

was properly designed [77]. The justification of the sample size of a trial is also key

to avoiding research waste.

Williamson et al. discuss the need to assess the scientific validity of a trial “Will the

research project, as designed, answer the question being asked?”. Justification of the

sample size is an important component of this [78]. When a sample size justification

is adequately reported, it allows the reader to understand what the trial was designed

to achieve. The sample size for phase III randomised trials is commonly justified

using a sample size calculation, usually done in the same way. Typically, the primary

outcome and the difference between treatments that the trial was statistically designed

to detect (the target difference) is specified, along with the assumptions made, such

18



as the anticipated magnitude of variability and effect in the control arm [79]. If well

justified, the target difference can also inform the interpretation of the trial’s findings,

clarifying the presence (or absence) of a meaningful difference. As a consequence,

appropriate calculation and reporting of the sample size calculation can help to avoid

research waste, preventing the conduct of trials that are likely to produce inconclusive

and potentially misleading results.

2.1.2 Prior literature

Reviews have previously examined the reporting of sample size calculations. A study

of peer reviewer comments found that sample size calculations were often not per-

formed or completed post-hoc [80]. Where sample size calculations have been re-

ported, many studies have found that they were reported inadequately and based

on inaccurate assumptions in both journal publications and unpublished protocols

[79, 81, 82]. For example, inadequate reporting of a sample size calculation could

mean that key components of the sample size calculation have been omitted, such as

the standard deviation being omitted from the sample size calculation for a continuous

primary outcome. Poor reporting of sample size calculations has also been found for

specific study designs including cluster-randomised and cross-over trials, even after

specific guidelines were produced aiming to improve this [83, 84, 85]. Other reviews

have examined trials of specific interventions [86, 87, 88].

Discrepancies in the assumptions for parameters in sample size calculations can affect

power [89, 90]. For instance, studies can be underpowered if the standard deviation

is underestimated [91]. This can be the case if the assumed standard deviation is

estimated using the results of a small pilot study in a more homogeneous population

[89].
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2.1.3 Potential influence of trial characteristics

Prior research has found that methodological quality and reporting are associated

with study-specific features, including funding source, type of intervention, type of

comparison treatment and the number of study centres. Studies have highlighted the

complexities of surgical trials and have highlighted their poor methodological quality

and reporting [92, 93, 94]. Trials with an active control arm may also have method-

ological differences to placebo-controlled trials, e.g., trials with an active control arm

may use a smaller target difference and thus require a larger sample size [95, 96].

Studies have also suggested that multi-centre trials may have better methodologi-

cal quality than single-centre trials [92, 97, 98]. Previous reviews have shown that

industry-funded studies may differ in terms of transparency and outcome reporting

[99, 100, 101].

2.1.4 Rationale for choice of condition

Several reviews have examined the reporting of sample size calculations in a handful

of specific conditions, including musculoskeletal conditions. In back pain, Froud et

al. found that sample size calculations were reported in only 41% of trials and that

only one-third were powered to detect a standardised mean difference ≤ 0.5 [102].

Similarly, a review of rheumatology trials published in 2001-2002 found that trials

were often underpowered and sample size calculations were poorly reported [103]. A

review of rehabilitation trials found that reporting of sample size calculations had

increased over time (from 3.4% in 1998 to 57.3% in 2008) [104]. In a more recent

review of rehabilitation trials, Castellini et al. found that the completeness of re-

porting of sample size calculations had also increased over time; however, among the

80 randomised trials that reported a power calculation, only 13 (16.3%) completely
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described the sample size calculation [105].

To review all trials of all musculoskeletal conditions would produce a highly heteroge-

neous sample. For instance, the treatments available for back pain differ greatly from

those for hand osteoarthritis. Instead, this review focuses on a single condition, where

the outcome measures and interventions used are more homogeneous, in order for the

results to be useful in practice. This review focuses solely on osteoarthritis of the

hip and knee. As discussed in Section 1.5.1, osteoarthritis is highly prevalent and the

prevalence is expected to increase in the near future [55, 61, 62]. As osteoarthritis is

such a common condition, the choice of sample size for osteoarthritis trials should be

less affected by recruitment difficulties that may be present for more rare conditions

[106].

Currently, there is no available cure for osteoarthritis (Section 1.5.2). As osteoarthritis

is a leading cause of disability [59] and has a high economic burden [57, 58], many trials

are conducted in osteoarthritis. These trials often use a patient-reported outcome

measure as a primary outcome [107].

The scope of this review was refined to include only hip and knee osteoarthritis

because the choice of intervention and outcome measures used are often specific to

the affected area of the body. The hip and knee are the most common sites to be

affected by osteoarthritis [108].

No previous systematic reviews of the sample size calculations in hip and knee os-

teoarthritis trials has been done. In general, few reviews have attempted to replicate

the sample size calculation of published trials [79, 81, 87, 109].
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2.1.5 Objectives

The primary objective of this review is to summarise current practice regarding sample

size calculation for trials of hip and knee osteoarthritis, including the sample size,

target difference, and justification of the chosen inputs.

The secondary objectives are to assess the reporting and replicability of the sample

size calculation.
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2.2 Methods

2.2.1 Identification of studies

Studies were identified by searching electronic databases (Medline, Cochrane Central

Register of Controlled Trials (CENTRAL), CINAHL, EMBASE, PsycINFO, PEDro

and AMED). An example search strategy is given in Appendix A.1. Searches were

restricted to articles published between 1 January 2016 and 31 December 2016. The

initial search was performed on 15 December 2016 and updated on 31 March 2017 to

allow for a time lag of at least 3 months between publication and database indexing.

For the search strategy, terms related to trial design were selected for individual

databases to find a combination of terms with high precision whilst also retaining high

sensitivity [110, 111, 112, 113]. The strategies used were found to be comprehensive

and detected almost all randomised trials, without identifying a large proportion of

articles that were not reporting the results of randomised trials. In all databases,

where possible, search results were limited to only include human studies.

Search terms related to osteoarthritis were compiled based on Cochrane reviews in

this area [114, 115, 116, 117, 118, 119, 120]. Terms were used if they related to

osteoarthritis. More general terms, such as musculoskeletal pain, were not included.

No restrictions were used based on the affected body part, e.g., terms specifically

related to hip or knee.
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2.2.2 Study selection

Eligibility was determined based on the criteria outlined below. All of the trials that

met the eligibility criteria were included.

2.2.2.1 Inclusion criteria

Design:

� Included trials were randomised controlled trials of two treatment arms.

� Superiority, non-inferiority and equivalence trials were eligible.

Population:

� Hip and/or knee osteoarthritis (OA)

� Trials of, for example, total knee arthroplasty were eligible only if it was clearly

stated in the article that all participants had hip and/or knee osteoarthritis.

Intervention:

� Any intervention and any comparison treatments were included.

Outcomes:

� Inclusion was not restricted based on the trial outcomes. Trials with binary,

continuous or time-to-event primary outcomes were eligible.

Article:

� Primary report of a trial

� Published in 2016
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2.2.2.2 Exclusion criteria

Design:

� Articles on non-randomised studies were excluded, including case-control and

cross-sectional studies.

� Quasi-randomised studies, or studies not stating that the allocation was ran-

domised, were excluded.

� Factorial design and cross-over trials were excluded.

� Pilot studies were excluded, as were ‘feasibility’, ‘proof of concept’ and ‘ex-

ploratory’ studies.

� Studies that intended to use their results to inform future definitive phase III

trial were not included.

Population:

� Trials with mixed populations were excluded, e.g., including both rheumatoid

arthritis and osteoarthritis.

Intervention:

� Studies that did not evaluate treatments (e.g., compare different screening meth-

ods) were excluded.

� Studies on the prevention of osteoarthritis were excluded.

Article:

� Non-English language articles were excluded.

� Articles were excluded if they were conference abstracts or study protocols.
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� Separate publications for secondary analyses were excluded, e.g., long-term fol-

low up analyses.

2.2.2.3 Conduct of study selection

Search results from each of the databases were combined and duplicates removed

(using referencing software and by hand). Abstracts and full texts were screened

independently by two reviewers according to the eligibility criteria in Sections 2.2.2.1

and 2.2.2.2. I screened 100% of the articles. The second screening was split between

three other authors (Usama Ali, Karan Vadher and Jacqueline Thompson). Dis-

agreements regarding study eligibility were resolved by discussion between the two

reviewers who assessed the paper and, where necessary, a third reviewer was involved

to achieve a majority decision.

2.2.3 Data extraction and management

Data were extracted using a standardised form. Where a study protocol was cited or

attached as an appendix, the details on the sample size calculation were also extracted

from the protocol. Where there were conflicts between the information in the protocol

and the main publication, information from the main publication was used.

The following information was extracted from each article when reported:

� Article: Country

� Design: Study design (e.g., superiority, non-inferiority)

� Population: Condition (including how osteoarthritis was defined), setting, eli-

gibility criteria (e.g., disease severity).

� Treatment: Intervention, comparison.
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� Outcome: Primary outcome measure(s)

� Sample size details: Statistical approach (conventional, other), target sample

size, method for calculation, values used and justification (e.g., effect size, target

difference, standard deviation, adjustment for loss to follow-up, sidedness of

test, significance level, power), whether sample size could be replicated, whether

sample size re-estimation was planned (e.g., using interim analysis), and whether

a sensitivity analysis was conducted to examine the impact of assumptions on

sample size. Post-hoc sample size calculations were not considered.

� Follow-up: Number of participants randomised, number lost to follow up,

and whether compliance was measured.

The data extraction form was piloted before conducting the main data extraction to

ensure all relevant information was collected and to improve clarity. Data extraction

was performed independently by a second reviewer (Usama Ali, Karan Vadher or

Jacqueline Thompson) on a sample of 20% of the included studies to check accuracy.

2.2.4 Data synthesis

Data were summarised across the studies, including the general characteristics of the

included studies, using appropriate summary statistics (e.g., n and %, median and

interquartile range).

The proportion of studies that justified the sample size and target difference and that

reported each component of the sample size calculation was calculated.
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2.2.5 Sample size replication

Core values for the sample size calculation were defined as the power, level of signifi-

cance, sidedness of test (one-tailed or two-tailed), level of attrition and:

i For continuous outcomes for superiority trials: Target difference as standardised

effect size or mean difference and standard deviation.

ii For continuous outcomes for non-inferiority trials: Non-inferiority margin, mean

difference and standard deviation.

iii For binary outcomes for superiority trials: Any two of the anticipated between-

group risk difference, effect in the intervention group and effect in the control

group.

Using the reported values, I attempted to re-calculate the target sample size. Unless

otherwise stated, it was assumed that 80% power and 5% two-sided significance level

were used, that there was no attrition and that the trial hypothesis was superiority.

For non-inferiority trials, the anticipated mean difference was assumed to be 0 if this

was not reported.

When comparing the replicated and reported target sample sizes, the ratio was cal-

culated as:

replicated value − reported value

reported value
(2.1)

The number of studies with a ratio above 1.1 and 1.3 or below 0.9 and 0.7 is pre-

sented (i.e., where the replicated value was over 10% or 30% greater or less than the

reported sample size). A calculation was determined to be replicated if the replicated

calculation produced a value within 10% as rounding errors and the use of different

statistical software could produce differences of this proportion for equivalent calcu-

lations, especially for smaller sample sizes.
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Attempts to replicate the sample size calculation were primarily conducted using

Stata IC 14 [121], following the extension of Equation 1.1 using the Student’s t-

distribution. For trials where the sample size could not be replicated (replicate value

not within 10% of the reported target sample size), the replication calculation was

conducted by a second statistician and the replication was attempted based on the

z-test and using the SampSize application [122]. Where the article referred to the

use of particular software to calculate the sample size and the sample size could

not be replicated, the calculation was repeated using the alternative software, where

available.

2.2.6 Accuracy of components

The components of the sample size were compared to the corresponding values in the

study results. The components examined were the pooled standard deviation (for

continuous outcomes) and treatment effect in the control arm (for binary outcomes).

The corresponding value in the study results for the primary time point was used.

Where a primary time point was not specified, the value for the final follow-up time

point was used. As for the replicated sample size, the number of studies where the

ratio was above 1.1 and 1.3 or below 0.9 and 0.7 is presented.

2.2.7 Subgroup analysis

Subgroup analysis was conducted to explore the associations between study-level

characteristics and key aspects of the sample size calculation: (i) observed sample

size (number of participants randomised), (ii) whether the sample size calculation

was reported, (iii) whether all core components of the sample size calculation were

reported and (iv) whether the sample size calculation could be replicated.
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For formal subgroup comparisons, the following categories were used:

� Intervention types: Surgical vs non-surgical

A trial was classified as ‘surgical’ if any study arm received a surgical inter-

vention as part of their treatment in the study. This included trials comparing

different surgical interventions and trials comparing different treatments as part

of pre-operative or post-operative care. Trials were not classified as surgical if

the outcome measurement occurred only before surgery.

� Centres: Single vs multi-centre

� Funding: Industry-funded (all or in part) vs no industry funding

� Comparator: Placebo/waitlist vs active control

The (i) target sample size was compared between groups using the median difference

and 95% confidence interval estimated using Hodges-Lehmann [123, 124].

Absolute risk differences with 95% confidence intervals are reported for (ii) reporting

of a sample size calculation, (iii) reporting of core sample size components, and (iv)

the replicated sample size being >10% larger than the reported sample size.

A two-sided significance level of 0.05 was used. As the sub-group analysis was ex-

ploratory, no adjustment was made for multiple testing.
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2.3 Results

2.3.1 Flow of studies

From the databases searches, 116 of 2955 articles were eligible for this review. The

most common reasons for exclusion at the full text eligibility stage were not being a

randomised trial (observational study or review) and not being a primary report of

a full trial (pilot study, secondary analysis or conference abstract) (Figure 2.1). The

list of included studies is presented in Appendix A.1.

Of the 116 included trials, 78 (67%) reported a power calculation (Figure 2.1).
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Figure 2.1: PRISMA flow diagram

Figure reproduced from Copsey et al. (2018) [125], published by CC BY-NC-ND.
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2.3.2 Characteristics of study sample

2.3.2.1 Characteristics of study design

The characteristics of the included studies are summarised in Tables 2.1 and 2.2.

The majority were parallel-group, superiority, single-centre trials of knee osteoarthri-

tis funded by non-industry sources. Only one trial was cluster-randomised (1%,

n=1/116) and all others were participant-randomised. The allocation ratio was 1:1

in almost all trials (98%, n=114/116). A wide variety of interventions were eval-

uated; around 18% (21/116) were surgical interventions, 28% (33/116) drugs and

19% (22/116) exercise. Although 18% assessed a surgical intervention, participants

received surgical treatment in 28% of trials (n=32/116); for example, if the trial ex-

amined different treatments as part of post-surgical care. Most studies compared the

intervention to an active treatment (65%, n=75/116).

Only 13 trials (13/116, 11%) referred to or provided access to the trial protocol, and all

of these trials reported a power calculation. The number of participants randomised

ranged from 20 to 633 (median 73). The follow-up period ranged from immediately

after treatment to 7 years (median 4 months from baseline).
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Table 2.1: Study characteristics: Design (n=116)

Reported power calculation
Yes No Total

Total N=78 N=38 N=116

n % n % n %

Study design:
Parallel 77 99% 38 100% 115 99%
Cluster 1 1% 0 0% 1 1%

Study hypothesis:
Superiority 51 65% 18 47% 69 59%
Non-inferiority 8 10% 1 3% 9 8%
Multiple 1 1% 0 0% 1 1%
Unclear 18 23% 19 50% 37 32%

Study centres:
Single centre 55 71% 28 74% 83 72%
Multi-centre 16 21% 3 8% 19 16%
Unclear 7 9% 7 18% 14 12%

Funding source:
Industry 13 17% 2 5% 15 13%
Non-industry 31 40% 9 24% 40 34%
Combination 4 5% 3 8% 7 6%
No funding 7 9% 3 8% 10 9%
Not reported 23 29% 21 55% 44 38%

Follow up assessments:
1 17 22% 15 41% 32 28%
2 24 31% 10 27% 34 30%
3 or more 37 47% 12 32% 49 42%

Patient-reported outcome measure:
Yes 75 96% 31 82% 106 91%
No 3 4% 7 18% 10 9%

Number randomised:
Median (IQR) 86.5 (55 - 150) 59 (40 - 76) 73 (50 - 120)
Range 26 - 633 20 - 140 20 - 633
n 78 37 115

Follow-up period (months):
Median (IQR) 5.5 (1.5 - 12) 3 (1.3 - 6) 4 (1.5 - 12)
Range 0 - 84 0.2 - 27 0 - 84
n 78 38 116
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Table 2.2: Study characteristics: Population (n=116)

Reported power calculation
Yes No Total

Total N=78 N=38 N=116

n % n % n %

Population
Knee osteoarthritis 69 88% 32 84% 101 87%
Hip osteoarthritis 7 9% 4 11% 11 9%
Hip or knee osteoarthritis 2 3% 2 5% 4 3%

Intervention
Drug 21 27% 12 32% 33 28%
Surgery 17 22% 4 11% 21 18%
Exercise 19 24% 3 8% 22 19%
Other 21 27% 19 50% 40 34%

Comparator
Active treatment 48 62% 27 71% 75 65%
Usual care 12 15% 5 13% 17 15%
Placebo or sham 18 23% 6 16% 24 21%

Definition of osteoarthritis
Radiological and symptomatic 27 35% 5 13% 32 28%
Radiological only 7 9% 6 16% 13 11%
Symptomatic only 11 14% 5 13% 16 14%
Unclear 33 42% 22 58% 55 47%

Restrict by previous surgery
No previous surgery 41 53% 18 47% 59 51%
Not previous surgery in specified time period 15 19% 3 8% 18 16%
Post-surgery only 1 1% 0 0% 1 1%
No 21 27% 17 45% 38 33%

Restrict by radiological findings
By Kellgren Lawrence classification 33 42% 20 53% 53 46%
Other restriction 9 12% 2 5% 11 9%
No 36 46% 16 42% 52 45%

Restrict by symptoms
Pain with stiffness and/or swelling 3 4% 3 8% 6 5%
Pain only 31 40% 11 29% 42 36%
No 44 56% 24 63% 68 59%

Restrict by primary osteoarthritis
Exclude secondary osteoarthritis 20 26% 7 18% 27 23%
No 58 74% 31 82% 89 77%
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2.3.2.2 Characteristics of study population

The majority of trials included only participants with knee osteoarthritis (87%,

n=101/116). Studies varied in how osteoarthritis was defined and this was often

not reported. When reported, the majority of studies used both symptomatic and

radiological criteria (28%, n=32/116). Several studies referred to the ACR criteria for

diagnosing osteoarthritis (41%, n=47/116) but often did not report whether they used

radiographic imaging criteria or only clinical criteria [66, 67]. To restrict eligibility

based on disease severity, several studies used pain symptoms (41%, n=48/116) or

the Kellgren-Lawrence classification system (a system classifying knee osteoarthritis

based on the presence of osteophytes, joint space narrowing and bone deformity)

(46%, n=53/116) [126].

Most studies restricted inclusion by age (76%, n=88/116). Several studies excluded

participants based on prior surgery (66%, n=77/116). Some studies excluded sec-

ondary osteoarthritis (23%, n=27/116), and few studies restricted eligibility based on

gender (6%, n=7/116) or post-traumatic disease (15%, n=17/116).

2.3.2.3 Comparison based on reporting of power calculation

Of the 116 included trials, 78 (67%) reported a power calculation. Studies which

did not report a power calculation were similar in the majority of characteristics to

those where a power calculation was reported. However, studies reporting a power

calculation were on average more likely to have a larger sample size, multiple follow-

up assessments, refer to the study protocol and report the trial funding source (Table

2.1).

Among the 38 trials that did not report a power calculation, 1 trial reported a post-

hoc power calculation and 6 trials reported that a power calculation was conducted
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but did not provide any details on this calculation (e.g., stated that the sample

size was calculated based on 90% power but did not report any other information

regarding the target difference). Of the remaining 31 trials that did not report any

reference to a power calculation, 4 trials reported that the sample size was based

on the pre-defined recruitment period and 27 trials did not state anything regarding

their choice of sample size. In the 31 studies that did not report any reference to a

power calculation, 58% (18/31) mentioned the small sample size as a limitation of

the trial and an additional 10% (3/31) stated that future trials with larger sample

sizes were necessary. The lack of a power calculation was mentioned as a limitation

in 5 studies (16%, 5/31).

The results that follow (Section 2.3.3 onwards) are based on the 78 studies that

reported details of a power calculation.

2.3.3 Methods of sample size calculation

All of the included studies used conventional power calculation approaches (Neyman-

Pearson or statistical hypothesis testing) [127, 128]. None used alternative techniques

such as Bayesian approaches or simulations [129, 130, 131].

Most studies had a continuous primary outcome (97%, n=76/78) (Table 2.3). For

the primary outcome, only one trial used a binary outcome and no trial used a time-

to-event measure. The type of primary outcome was unclear in one trial: the effect

size was reported as a percentage, but it was unclear whether this related to a risk

difference in a binary outcome or a percentage change in a continuous outcome. The

one cluster-randomised trial reported the adjustment for clustering.
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Studies most commonly powered their study on a single primary outcome (91%,

n=71/78). For three studies (4%, n=3/78), the number of outcomes the study was

powered on was unclear as only the standardised effect size used was reported and

the primary outcome was not specified.

Only one trial reported planning to re-estimate their sample size during their trial if

attrition was higher than expected, but this was not found to be necessary. Unplanned

re-estimation of the sample size was conducted in three trials (4%, n=3/78) due to

poor recruitment, low attrition or post-hoc analysis.

Sensitivity analysis on the sample size calculation was conducted in nine trials (12%,

n=9/78) to assess the impact of adjusting the assumptions. This was most commonly

done to assess the power of the study for secondary outcomes (n=4). Sensitivity

analysis was also conducted to power for subgroup analysis (n=1) and examine the

assumptions on the rate of attrition (n=1), normality (n=1), target difference (n=1)

and power required (n=1).

2.3.4 Reporting of sample size calculation

Less than a quarter of studies reported all core components of the sample size calcu-

lation (21%, n=16/78). Many individual components of the sample size calculation

were well-reported, with 96% of trials reporting both the power and significance level

(n=75/78). However, the sidedness of the test (one-tailed or two-tailed) was less

well-reported with only 41% of studies reporting the value (n=32/78).

The majority of studies used 5% level of significance (88%, n=69/78) or 2.5% for

one-tailed tests (8%, n=6/78). The statistical power was at least 80% for all studies,

with most using 80% power (71%, n=55/78). It was most common to use 80% power

and 5% level of significance (65%, n=51/78).
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Table 2.3: Reporting of components (n=78)

n %
Type of primary outcome
Continuous 76 97%
Binary 1 1%
Unclear a 1 1%

Number of primary outcomes
1 71 91%
2 3 4%
3 1 1%
Primary outcome not specified 3 4%

Alpha
One-sided 8 10%

0.025 6 8%

0.05 2 3%

Two-sided 23 29%
0.05 21 27%

0.10 1 1%

Not reported 1 1%

Multiple (planned one-sided and two-sided) 1 1%
0.05 1 1%

Sidedness of test not reported or unclear 46 59%
0.05 45 58%

Not reported 1 1%

Power
0.80 55 71%
0.85 3 4%
0.90 11 14%
0.95 4 5%
Other or multiple 3 4%
Not reported 2 3%

Attrition
<5% 2 3%
5-9% 2 3%
10-14% 15 19%
15-19% 12 15%
20-24% 20 26%
≥25% 6 8%
Not reported 20 26%
Unclear 1 1%

a In 1 study, the type of primary outcome was unclear [132]. It reported a target difference of 20%
but it was unclear if this was a between-group risk difference or difference in a continuous measure.
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The level of attrition assumed was not reported in a quarter of trials (27%, n=21/78).

Where reported, the level of attrition assumed in the sample size calculation was most

commonly 10-24% (60%, n=47/78), but ranged from 2% to 44%.

For superiority trials powered on a continuous outcome, the mean difference was re-

ported by almost all trials (90%, n=61/68) and most reported the standard deviation

(66%, n=45/68) (Table 2.4). The standardised effect size was only reported in 12

trials (18%, n=12/68) but could be calculated from reported information for an ad-

ditional 42 trials (62%, n=42/68). The standardised effect size could most often not

be calculated because the standard deviation was missing. Few studies reported the

assumed effect in the control arm (6%, n=4/68).

Where reported, the standardised effect size that the study was powered to detect

was large for the majority of trials (median 0.75, IQR 0.50 to 0.86). Only one study

reported a target difference of 0.2 or less; however it is likely that this target difference

was incorrectly reported as the replicated sample size for this study was much greater

than the reported sample size [133].

All of the non-inferiority trials reported the non-inferiority margin and most reported

the standard deviation (75%, n=6/8). Around half reported the anticipated mean

difference between treatment arms (38%, n=3/8) and the effect in the control arm

(50%, n=4/8).

Only one cluster-randomised trial was included. It reported the intra-class correlation

coefficient (ICC) assumed in the power calculation to adjust for clustering. The

cluster size was reported in the methods but not in the ‘Sample size calculation’

section. A parallel-group study also reported the ICC used to adjust for clustering as

the intervention was delivered in a group format, although the cluster size was only

reported in the trial results and not in the methods section.
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For the single trial with a binary outcome, the risk difference between the two arms

was reported but the anticipated effect in the intervention or control group was not

reported.

Of the 13 trials that referred to a study protocol, 11 protocols were published in a

journal and 2 were accessible as online appendices. The sample size calculation was

reported consistently in the study protocol and results publication for the majority of

trials (77%, n=10/13). For 7 trials, the reported sample size calculation in the proto-

col was identical to the publication results. In 3 trials, there were no discrepancies but

the protocol provided additional details, such as justification for the anticipated level

of attrition. In the remaining 3 trials, there were discrepancies between the reported

sample size calculation in the protocol and the results publication. One trial reported

a lower assumed attrition rate but a higher sample size in the publication. Another

trial did not report a power calculation in the protocol and planned to recruit 140

participants, however the power calculation in the results publication gave a target

sample size of 42 participants and 46 participants were randomised. For 1 trial, it was

clear from the protocol that the reported sample size calculation in the publication

was a revised calculation that was adjusted during the recruitment period; however,

this was not apparent from the results publication alone and reasons for the revisions

were not reported in the protocol.
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Table 2.4: Reporting of components for continuous outcomes (n=76)

Superiority trials (N=68) n %

Mean difference
Mean difference reported 59 87%
Range of values reported 2 3%
Not reported 7 10%

Standard deviation
Reported 45 66%
Not reported 23 34%

Standardised effect size
Reported 12 18%
Calculated from reported information 42 62%
Insufficient information 14 21%

Effect in control arm
Reported 4 6%
Not reported 64 94%

Non-inferiority trials (N=8) a n %

Non-inferiority margin
Reported 8 100%

Mean difference
Mean difference reported 3 38%
Not reported 5 63%

Standard deviation
Reported 6 75%
Not reported 2 25%

Standardised effect size
n/a - non-inferiority trial 8 100%

Effect in control arm
Reported 4 50%
Not reported 4 50%

a Note: One study with multiple hypotheses categorised as non-inferiority. Studies where hypothesis
is unclear were assumed to be superiority
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2.3.5 Justification of components of sample size calculation

In trials with continuous outcomes, the justification for the mean difference was pro-

vided in 40 trials (53%, n=40/76). The mean difference was most commonly based

on the treatment difference found in a published trial (29%, n=22/76) or a published

MCID (18%, n=14/76) (Table 2.5).

Justification for the standard deviation used was reported in half of trials with con-

tinuous outcomes (46%, n=35/76) with most referring to a published trial (33%,

n=25/76). Although rarely reported, the anticipated effect in the control arm was

also most often based on a published trial (7%, n=5/76).

Very few trials provided a justification for the anticipated level of attrition (3%,

n=2/76).
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Table 2.5: Justification of components for continuous outcomes (n=76)

n %

Justification for mean difference
Combination (MCID and other) 1 1%
MCID 13 17%
Published trial 22 29%
Published observational study 1 1%
Uncited pilot study 3 4%
No justification 24 32%
n/a - not reported 12 16%

Justification for non-inferiority margin
Combination (MCID and other) 1 1%
MCID 3 4%
Published trial 3 4%
No justification 1 1%
n/a - not a non-inferiority trial 68 89%

Justification for standard deviation
Published trial 25 33%
Published observational study 2 3%
Systematic review 1 1%
Uncited pilot study 7 9%
No justification 16 21%
n/a - not reported 25 33%

Justification for attrition
Published trial 1 1%
Uncited pilot study 1 1%
No justification 54 71%
n/a - not reported 20 26%
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2.3.6 Replicability of sample size calculation

Of the 78 trials that reported a power calculation, the sample size was only replicated

in 41 trials (53%, n=41/78) (Table 2.6 and Figure 2.2). A quarter of trials did not

provide sufficient information for the sample size calculation to be replicated (28%,

n=22/78). The replicated calculation produced a sample size over 10% larger than

the reported value in 12% of studies (n=9/78) and over 30% larger in 6% of studies

(n=5/78) (Table 2.6 and Figure 2.3).

In trials that reported all core components (no assumptions had to be made in calcu-

lating the sample size), the sample size could not be replicated in 13% of trials (13%,

n=2/16).

Figure 2.2: Replicability of sample size calculation
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Table 2.6: Replicability of sample size calculation (n=78)

Report all core components

Replicated vs reported n Yes No Total
Total N=16 N=62 N=78

n % n % n %

Replicated >30% larger 0 0% 6 10% 6 8%
Replicated value 10-30% larger 0 0% 3 5% 3 4%
Within 10% 14 88% 27 44% 41 53%
Replicated value 10-30% smaller 0 0% 1 2% 1 1%
Replicated >30% smaller 2 13% 3 5% 5 6%
Insufficient information 0 0% 22 35% 22 28%

Four trials that could be replicated required additional assumptions to interpret the

reported information. In two of these, the reported target difference had to be trans-

lated into a different scale to replicate the sample size calculation. For example, the

sample size could be replicated using a target difference of 2 points on a 0-10 scale

when it was reported as 20% [134, 135]. In two studies, the sample size calculation

could be replicated if the unusually high attrition rate was not accounted for, such

that both the reported value and replicated value before accounting for attrition were

compared [136, 137]. For instance, one study was forced to inflate the sample size due

to national regulation on the minimum number of participants required. However,

the replicated value assuming no inflation was compared to the sample size reported

as required by the power calculation if the regulation had not been in place [136].

For two trials (3%, n=2/78), the reported sample size calculation was inappropriate

for the study design. One study used a sample size calculation for a paired sample and

the other trial used a survey-based approach to calculate their sample size [138, 139].

For both of these studies, the replicated sample size calculation assumed the use of a

two-sample independent t-test.
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Figure 2.3: Comparison of replicated and reported sample sizes (as a percentage of
reported sample size)

Note: Total number of studies: n=56. Excluded from Figure 2.3 are 5 studies where the difference
was over 50% and 4 studies where the difference was below -50%.
Figure reproduced from Copsey et al. (2018) [125], published by CC BY-NC-ND.

The absolute difference between the replicated and reported sample size in terms of

the number of participants was small for most studies (median difference 1 participant,

IQR 0 to 5). There were five studies where the difference between the replicated and

reported sample size was greater than 50 participants (9%, n=5/56). Within these

five trials, there were four trials where the sample size was underestimated (replicated

value was over 30% larger than the reported value) and one trial where the sample

size was overestimated (replicated value was at least 30% smaller than the reported

value).
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2.3.7 Accuracy of components

When the standard deviation assumed in the sample size calculation could be com-

pared to the value in the trial results, the estimate used in the sample size calculation

was accurate (within 10%) in only a quarter of studies where they could be com-

pared (31%, n=9/29) (Table 2.7). In six studies, the follow-up standard deviation

was over 30% larger than the value assumed in the sample size calculation leading to

a reduction in power.

As few studies reported the assumed treatment effect in the control arm, the accuracy

of this value was not assessed.

Table 2.7: Accuracy of the standard deviation (n=78)

Accuracy of standard deviation n %

Follow-up SD >30% larger 6 8%
Follow-up SD 10-30% larger 3 4%
Within 10% 9 12%
Follow-up SD 10-30% smaller 5 6%
Follow-up SD >30% smaller 6 8%
Assumed and follow-up SD could not be compared 47 60%
n/a - not continuous outcome 2 3%

2.3.8 Subgroup analysis

Exploratory subgroup analysis did not detect any significant differences in reporting

based on study intervention or type of comparator (Table 2.8). Multi-centre trials

and industry-funded trials had significantly larger sample sizes (in terms of number

of randomised participants).
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Table 2.8: Subgroup analysis: Reporting of power calculation

Power calculation reported:

Yes No Risk difference (95% CI)

Surgical 78% (25/32) 22% (7/32) 15.0% (-2.6% to 32.7%)
Non-surgical 63% (53/84) 37% (31/84)

Single centre 66% (55/83) 34% (28/83) -17.9% (-37.2% to 1.3%)
Multi-centre 84% (16/19) 16% (3/19)

Industry funding 77% (17/22) 23% (5/22) 12.4% (-7.6% to 32.4%)
No industry funding 65% (61/94) 35% (33/94)

Active control 64% (48/75) 36% (27/75) -9.2% (-26.5% to 8.2%)
Placebo or usual care 73% (30/41) 27% (11/41)

Report all core components:

Yes No Risk difference (95% CI)

Surgical 16% (4/25) 84% (21/25) -6.6% (-24.9% to 11.6%)
Non-surgical 23% (12/53) 77% (41/53)

Single centre 20% (11/55) 80% (44/55) -5.0% (-28.7% to 18.7%)
Multi-centre 25% (4/16) 75% (12/16)

Industry funding 12% (2/17) 88% (15/17) -11.1% (-29.7% to 7.4%)
No industry funding 23% (14/61) 77% (47/61)

Active control 17% (8/48) 83% (40/48) -10.0% (-29.0% to 9.0%)
Placebo or usual care 27% (8/30) 73% (22/30)

Replicated sample size calculation:

Yes No Risk difference (95% CI)

Surgical 48% (12/25) 52% (13/25) -6.7% (-30.4% to 17.0%)
Non-surgical 55% (29/53) 45% (24/53)

Single centre 47% (26/55) 53% (29/55) -21.5% (-47.7% to 4.8%)
Multi-centre 69% (11/16) 31% (5/16)

Industry funding 53% (9/17) 47% (8/17) 0.5% (-26.4% to 27.3%)
No industry funding 52% (32/61) 48% (29/61)

Active control 52% (25/48) 48% (23/48) -1.3% (-21.5% to 24.0%)
Placebo or usual care 53% (16/30) 47% (14/30)
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Table 2.8: Subgroup analysis: Reporting of power calculation

Sample size (number randomised):

Median sample size (IQR) Median difference (95% CI)

Surgical 75 (60-100) 5 (-11 to 19)
Non-surgical 73 (43-124)

Single centre 63 (46-100) -76 (-14 to -163)
Multi-centre 169 (74-260)

Industry funding 122 (62-169) 36 (8 to 80)
No industry funding 65 (46-100)

Active control 76 (54-110) 9 (-8 to 23)
Placebo or usual care 64 (40-122)

2.3.9 Case studies

This section provides case studies to demonstrate sample size calculations that have

been reported well or poorly. This relates to providing sufficient information on all

relevant components of the sample size calculation for the calculation to be replicated

[6].

2.3.9.1 Examples of good reporting of sample size calculations

The quote below is from the publication by Beselga et al. [140]. The sample size

calculation for this trial was well-reported because it includes the target difference,

assumed standard deviation and level of attrition, as well as the level of significance,

sidedness of the test and power. It also justifies the target difference and standard

deviation with a citation where appropriate.
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“The sample size was calculated using Ene 3.0 software (GlaxoSmithK-

line, Autonomic University of Barcelona, Spain). The calculations were

based on detecting differences of 2.0 units in the NPRS, considered as

the minimum clinical important difference (MCID) (Farrar et al., 2001),

assuming a standard deviation of 1.7 (based on pilot data), an α of 0.05,

β of 90%, and a 2-tailed t-test. The estimated sample size was calculated

to be at least 17 subjects in each group. The sample was increased to 20

subjects in each group to allow a drop out of 15%.”

Transparency and accuracy in a sample size calculation do not necessarily imply that

the sample size was calculated using appropriate inputs. It could be argued that

a target standardised effect size greater than 1 is difficult to achieve. A sample size

calculation being well-reported does not imply that the components have been chosen

appropriately. Good reporting allows the reader to judge for themselves whether they

feel the components are appropriate.

An example of a more complicated sample size calculation that is reported to a good

standard is given by Allen et al. for a cluster-randomised trial [141].

“We based our sample size of 300 patient participants on detection of

a moderate effect size of approximately 0.30 for the difference in mean

WOMAC scores between groups, with 80% power and a type I error rate

of 0.05. This translates to a 4.2-point difference at 12 months, which is

equivalent to an improvement of approximately 11% from the anticipated

mean baseline score; this allowed sufficient power to detect a clinically

relevant difference (12% to 18%, based on prior relevant literature) (37-

39). We used a 2-sample t test sample size calculation for the between-

group difference at 12 months multiplied by a factor of (1 − ρ)2, where
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ρ represents the Pearson correlation between baseline and follow-up out-

come measures (0.60) (40). This sample size was then adjusted to reflect

provider clustering using an intraclass correlation coefficient of 0.02 (41)

and was inflated to compensate for potential attrition (12%). On the basis

of our pilot work, we assumed a mean baseline WOMAC score of 38 (SD,

14).”

They provided additional information including the correlation between baseline and

follow-up measurements and the intraclass correlation as their trial was cluster-

randomised and used ANCOVA for the statistical analysis. They also translated

the target difference into the change from baseline and the standardised effect size,

which makes it easier to interpret. However, it would be more informative if the

assumed number of clusters was reported.

2.3.9.2 Example of ambiguous reporting of a sample size calculation

Bryk et al. reported the key components of the sample size calculation, except from

the assumed level of attrition. However, the target difference was reported to be a

‘20% improvement’ [134].

“Sample size was calculated assuming 80% power to detect a 20% im-

provement in pain (Numerical Pain Rating Scale - NPRS), with a standard

deviation of 2 points and a significance level of 5%. The required sample

was 17 patients per group.”

This is ambiguous because it could be interpreted in multiple ways. Although it could

represent a 20% improvement in the risk of a binary outcome, this seems unlikely as

the outcome is pain measured using a numerical rating scale. The outcome could be

a 20% improvement from the baseline score, but the mean score at baseline is not

52



reported. In fact, the 20% difference relates to the score range. The sample size can

be replicated if the target difference is taken to be 2 points (i.e., a 2-point difference

on 0-10 scale or 20-point difference on a 0-100 scale). This also causes confusion as

the reporting of the target difference suggests a 0-100 scale was used, whereas the

standard deviation is based on a 0-10 scale. Thus, although all of the key components

were reported, they were not reported in a clear and transparent way, which makes

it more difficult to interpret.

2.3.9.3 Example of poor reporting of a sample size calculation

Schinsky et al. reported that a sample size calculation was performed but did not

provide any details of the treatment effect that the trial was powered to detect [142].

“Power analysis demonstrated that this study contained a sufficient

sample size to prove non-inferiority for each of the power analysis param-

eters analyzed with an appropriate equivalence margin, 80% power, and

a significance level of 0.05.”

53



2.4 Discussion

2.4.1 Summary of findings

This systematic review summarises current practice in the methodology and report-

ing of sample size calculations of randomised trials of hip and knee osteoarthritis.

Two-thirds of the trials reported a sample size calculation and most of the remaining

one-third made no reference to their choice of sample size. Almost all sample size

justifications were based on a conventional power calculation approach using a con-

tinuous outcome. However, the sample size calculation was fully described in very

few studies, with most not reporting the anticipated level of attrition or assumed

standard deviation.

In most instances where the values were reported, the target mean difference and

assumed standard deviation used were justified. The target difference was most com-

monly based on the findings of a previous trial and/or an estimate of the MCID. The

standard deviation was most commonly based on the results of previously published

trials. It was rare for studies to justify the assumed level of attrition. The standard

deviation assumed in the power calculation was also largely inaccurate (too small or

too large) when compared with the follow-up results of the trial.

The reported sample size could often not be replicated, especially when the sample size

calculation was not fully described. Trials were only powered to detect moderate-to-

large standardised differences in study outcomes (according to Cohen’s d), suggesting

that clinically relevant treatment effects could have been missed due to insufficient

participants being included in the studies [143].
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2.4.2 Comparison with related literature

The proportion of recently published trials reporting a sample size calculation has

been found to be similar in other clinical or methodological areas, with estimates

between 50% and 70% [83, 84, 102]. Several reviews in other areas also had similar

results, indicating that around one-quarter of sample size calculations included all

core components [83, 104, 105]. However, these findings were inconsistent with the

review by Charles et al., who found the proportion of studies reporting a power

calculation to be much higher at 95%, with a higher proportion reporting all core

components. The higher quality of reporting found by Charles et al. may have been

because eligibility was restricted to journals with a high impact factor [81].

Among those trials that reported a power calculation, the findings on the reporting of

individual components (power, level of significance and target difference) were gener-

ally consistent with the results of other reviews [81, 104, 109]. However, this review

found some differences compared with the findings of Rutterford et al., who identified

lower levels of reporting for several components, including the assumed standard de-

viation, level of attrition and justification for the target treatment difference. These

differences may have been due to improved reporting over time or differences in com-

mon practice between clinical areas. In terms of the accuracy of components, Vickers

found that the majority of studies underestimated the standard deviation, whereas

this review found an equal balance between overestimation and underestimation [90].

However, both reviews highlighted that the standard deviation used in the sample

size calculation was often inaccurate.

The target difference was most commonly justified based on previous trials. This

aligns with the results of the DELTA survey and DELTA2 review suggesting that

there was a high level of awareness of this method for justification and that its use

was highly recommended by trialists [9, 82]. However, this review disagreed with the
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results of the DELTA survey in the use of pilot studies to inform the target difference.

The DELTA survey indicated that there was high awareness and usage of pilot studies

to justify a target difference, yet very few studies in this review justified their target

difference based on pilot study data [9]. The reason for this is unclear, but it may

be due to arguments that pilot studies should not be used to inform sample size

estimation because the highly selective and small samples used often produce overly

optimistic and imprecise results [144]. A more recent review of target difference

elicitation found that it was rare for HTA trials to use pilot data to inform the target

difference used in the sample size calculation, which is consistent with the findings of

this review [82].

The replicability of the sample size calculations was similar to the findings by Clark

et al. and studies in other clinical areas such as dentistry [79, 109]. Conversely, the

review by Charles et al. and a study of reporting in anaesthesia journals found fewer

discrepancies between the replicated and reported sample sizes [81, 104]. Considering

only those trials that reported all core components of the sample size calculation, the

proportion of trials where the replicated sample size was consistent with the reported

value found in this review was similar to the results found by Charles et al. Therefore,

the decreased replicability of the sample size calculations found compared to other

reviews is likely due to the lower quality of reporting of the sample size calculation in

osteoarthritis studies [81, 104]. This suggests that, in osteoarthritis trials, the issue

is that the components of the sample size calculation are less frequently reported, as

opposed to being reported inaccurately.

2.4.3 Strengths and limitations

The main strengths of this review are the systematic search strategy and restricted

eligibility criteria. The review assessed an up-to-date sample of trials that should em-
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ulate current practice in trial methodology. Although it included only 116 trials, this

is a reasonable number considering that these trials were all published in 1 year. The

focus on published trials also meant that reporting was assessed from the perspective

of the information available to a reader who is interested in the results of the trial.

Focusing only on trials of hip and knee osteoarthritis is also a key strength as this

produced a more homogeneous sample in terms of the outcome measures used and

the population from which the trials recruited. Increased variability would be more

likely between trials of different conditions because differences in the effectiveness of

currently used treatments, the rarity of the condition and the outcome measures used

would affect the target difference the trial is designed to detect and the anticipated

difficulty in recruitment. The use of a more restricted sample also allowed a more

in-depth assessment of trial design and methodology. For instance, I could examine

the justification of the components used in the sample size calculation and compare

these components with the corresponding values in the results.

However, this review has several limitations. Although the overall sample was 116

trials, some of the subgroups were quite small. As this limited the power of sub-

group analyses, especially when subgroup factors are imbalanced, the findings of these

should be interpreted cautiously. A larger sample would have enabled confirmatory

subgroup analysis to establish whether specific study characteristics were associated

with the quality of reporting.

The review only included trials published in 2016 and therefore the results cannot

establish whether there have been changes in reporting over time. Although all trials

were published in the same year, there will be variation in the time the studies were

designed, for example, due to longer follow-up assessment or recruitment period, or

even the time between submission and publication in a journal. This could explain

differences in the study methods.
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Assessment of the sample size calculation and related assumptions relied only on in-

formation reported in the articles. There was no attempt to contact the investigators

for additional information. Poor reporting does not necessarily mean poor method-

ology [145]. For example, a trial team could have used previously published studies

to inform the choice of target difference but not reported this information. However,

reliance on reported information could also lead to over-estimation of methodological

quality. There is potential for modification to the sample size calculation prior to

publication, as seen in recent findings on outcome switching [146]. If this is the case,

the reported information may not accurately reflect the a priori sample size calcula-

tion when the study was planned. It may be that post-hoc power calculations are

conducted but reported as if it was calculated a priori. In this review, study protocols

were only examined if referred to in the trial article. However, a more accurate as-

sessment of the methodology used in study design may be seen by examining uncited

trial protocols or ethics applications as in the review by Clark et al. [79, 96, 147]. The

findings are also limited in that we did not contact authors of the included studies to

establish the reasons that the sample size calculation was not replicated, for example,

whether the sample size calculation was conducted incorrectly or the input values

(e.g. standard deviation) was reported incorrectly.

There may have been relevant trials that were not identified by the searches due to

variations in terminology and subject headings [148, 149]. Studies that were indexed

into databases after March 2017 would also not have been identified. This may

have made the sample less representative as publications in lower impact journals are

likely to be indexed later [150]. As the review focused on reporting, only published

articles were included. The number of underpowered trials with small sample sizes

may have been underestimated as trials with non-significant results are less likely to

be published [151, 152]. The results of this review may not be applicable to other

clinical areas, particularly where dichotomous or time-to-event primary outcomes are

58



common.

2.4.4 Implications

There are clear areas for improvement in the reporting of sample size calculations

in trials of hip and knee osteoarthritis. There is the potential for deficiencies in the

reporting of sample size calculations more generally in randomised trials of other

disease areas. Whilst there were examples of good practice in the literature reviewed,

it is concerning that a third of the reviewed trials provided no justification for their

choice of sample size. This is also surprising as it would be expected that research

ethics committees, funding bodies and peer reviewers would ask for some justification

of the choice of sample size. In trials that did not report a power calculation, the

small number of participants or the lack of sample size calculation was often stated

as a limitation of the trial, indicating that the missing power calculations were not

due to a lack of awareness. This suggests that the sample size calculations were not

performed during the trial design stage, rather than omitted in the reporting of the

trial.

Although trialists may argue that the restrictive word count of journal articles pre-

vents the description of detailed methodology, this may become less of a hindrance as

publication of trial protocols becomes common practice and it is increasingly easy to

publish additional information in supplementary materials available as online appen-

dices [153]. Publication of trial protocols should be encouraged as standard, whether

through journal articles, as an appendix to trial publications or in free online docu-

ment repositories (e.g., figshare or arXiv) [154, 155].

When a power calculation was reported, there was often insufficient information to

allow the calculation to be re-produced. In particular, there is potential for im-

provement in the reporting of the predicted level of attrition, sidedness of the test,
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standard deviation (or control group level), and justification for the values used in the

calculation. The absence of this information prevents verification of the sample size

calculation and makes interpretation of the trial results more ambiguous. It could

be unclear whether the target difference was not achieved due to a lack of treatment

effect or because underestimation of the standard deviation led to the trial being

underpowered.

There is a role for statistical peer reviewers to ensure that details of sample size

calculations are adequately reported [78, 156]. The CONSORT statement is now

recommended by many journals and recommends stating how the sample size was

determined [157]. If sample size calculations are not reported adequately, journals

and peer reviewers could recommend the use of the DELTA2 checklist for more detail

on what should be included in the sample size calculation [6].

The results highlighted the problem of inaccuracy in the components of the sample

size calculation. While all studies calculate the sample size to achieve at least 80%

power, studies may not achieve sufficient power as the standard deviation is often

underestimated. To enable identification of this issue, trialists should pre-specify the

target difference in terms of the between-group mean difference in the original scale

of the primary outcome measure and corresponding standard deviation, rather than

specifying only the standardised effect size. If there is uncertainty in the predicted

standard deviation, sensitivity analysis should be conducted before the trial to indi-

cate how adjusting the estimate of the standard deviation would affect the power of

the study.

For some trials, the value produced by attempting to replicate the sample size cal-

culation was very different to the sample size reported in the trial publication. This

may have been driven by misleading or inaccurate information in the articles, in

which case trials should be more explicit in the methodology used (e.g., accounting
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for repeated measures). Alternatively, it could have been due to fundamental error

when undertaking the calculation; this was the case for at least a few trials where the

calculation was clearly inappropriate for the design. This is a more problematic issue

as it should ideally have been checked by the trial team, funding panel (if grant-based

funding was used), ethics committee and journal peer reviewers.

The overarching implication is that poor reporting and lack of replicability of sample

size calculations is contributing to increased research waste [158, 159]. The issue

of research waste applies to sample size calculations in three main areas: lack of

transparency in the study design, conduct of underpowered trials and difficulties in

the interpretation of trial results. Regarding transparency, the reporting of a power

calculation ensures that trialists specify their primary outcome and the treatment

effect that they believe to be clinically meaningful [78, 160]. An a priori power

calculation during the trial design stage can prevent underpowered trials from being

carried out if they are likely to be uninformative, allowing the resources that would

have been allocated to that trial to be used in trials that have been designed with

the ability to answer the proposed research question. A well-reported sample size

calculation allows the reader to interpret the trial results alongside the initial aims of

the trialists, so the reader can decide for themselves the likelihood of a false result and

the clinical relevance of the findings. Although reporting guidelines have attempted

to improve reporting quality, there is a clear need for peer review by statisticians

and methodologists of trial protocols, funding applications, ethical approval and trial

results publications [159]. Trial teams should be encouraged to involve members with

formal training in statistics and research design early on in their trials [159].
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2.4.5 Future research

Future research could explore the reasons for the lack of replicability of sample size

calculations, for example, by contacting trial teams for further information on the

methods used to calculate the sample size and whether the components were accu-

rately reported. Future work could also explore other factors that may be associated

with high quality reporting of the sample size calculation, such as whether the article

was peer-reviewed by a statistician [161, 162, 163]. It could also explore whether

the reporting of a power calculation is indicative of other methodological quality, for

example, by examining the association with the study’s risk of bias assessment [164]

or level of pragmatism [165].

Future studies could examine the values of components used in sample size calcu-

lations in more detail. This review has not considered the appropriateness of the

target differences used in the sample size calculations. The target difference could

be compared to the MCIDs given in the literature for the corresponding outcome

measure. It may be that studies are adequately powered based on the reported target

difference but that clinically important differences could be missed if the reported

target difference is larger than the MCID.

Another area where additional research would be beneficial is improving methods to

predict the variability in study outcomes to more accurately predict the standard

deviation used in the power calculation. For example, components of sample size cal-

culations estimated using pilot studies could be compared to actual trial results (e.g.,

standard deviation) to assess the level of accuracy [91, 166]. It could be interesting

to explore reasons for inaccuracy of the parameters, for example, differences in the

study populations when the parameters are estimated based on the results of previous

trials.
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Future work in later chapters of this thesis build on this review. Chapter 3 reviews

randomised trials using a single outcome measure, the WOMAC Index, and includes

a summary of the use of the WOMAC in sample size calculations. Focusing on a

single outcome measure allows more in-depth assessment of the components included

in the sample size calculation, including whether the sample size calculation aligns

with the statistical methods used to analyse trial results. Target differences and their

justification can be compared more easily when the same scale is used across trials.

This review also highlights that sample size calculations in osteoarthritis trials do

not account for the assessment time point or follow-up duration in the sample size

calculation. Chapters 4 and 5 explore whether the duration of treatment effect is im-

portant in terms of the patient perspective and clinical importance, providing insight

into whether follow-up duration should be considered in the sample size calculation

and target difference specification. Chapter 6 uses simulations to examine the sta-

tistical properties of different methods for analysing randomised trials, including the

implications for the statistical power.

2.4.6 Conclusion and recommendations

It was common for sample size calculations in trials of hip and knee osteoarthritis to

be reported inadequately. Even when the sample size calculation was reported, the

calculation frequently could not be replicated. This raises concerns about whether the

sample size calculation was performed correctly and whether the trial was appropri-

ately designed to achieve its primary objective. It also makes it difficult to establish

how likely it is that a meaningful difference between the treatments exists. Clear and

accurate reporting of a sample size calculation (or sample size justification) should be

mandated by journal editors and peer reviewers for grant applications, study protocols

and results publications.
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Chapter 3

A systematic review of the

collection, analysis and reporting

of the WOMAC in hip and knee

osteoarthritis trials

Prior publication:

The results for this chapter were published as a manuscript. Conferences abstracts for presen-

tations on this chapter have also been published (see Appendix F.1 for details).

Copsey B, Thompson JY, Vadher K, Ali U, Dutton SJ, Fitzpatrick R, Lamb SE, Cook JA:

Problems persist in reporting of methods and results for the WOMAC measure in hip and knee

osteoarthritis trials. Quality of Life Research 2019, 28(2):335-343.
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3.1 Introduction

Chapter 2 reported the findings of a literature review that highlighted the poor re-

porting of sample size calculations in randomised trials in osteoarthritis populations.

However, this review included a heterogeneous sample of trials that used a variety of

outcome measure. The Western Ontario and McMaster Universities Arthritis Index

(WOMAC) is a disease-specific outcome measure designed for use in people with os-

teoarthritis [167]. The WOMAC is a commonly used outcome in osteoarthritis trials.

This chapter builds on the previous review by examining the use of the WOMAC.

Interpretation of the results of clinical trials can be hindered if outcome measures

are used inconsistently across trials [168, 169]. This chapter examines the use of the

WOMAC in sample size calculations and other aspects, including data collection,

statistical analysis and reporting of trial results.

The WOMAC is one of the most widely-used outcome measures for hip/knee os-

teoarthritis [170, 171, 172] and has been used in clinical trials to evaluate the efficacy

of surgical and pharmacological treatments [173, 174, 175, 176]. The FDA (United

States Food and Drug Administration) and EMA (European Medicines Agency) have

recommended the use of the WOMAC as an efficacy endpoint in medical research

[176, 177, 178, 179].

The measurement properties of the WOMAC have been extensively reviewed [180].

Although it is limited for some psychometric aspects [181, 182], many studies have

recommended the WOMAC as the superior outcome measure for knee and hip os-

teoarthritis in terms of reliability, validity, responsiveness and interpretability [183,

184]. A recent review found the WOMAC to be the “best-performing lower limb mea-

sure for hip/knee patients” undergoing arthroplasty and “the second most promising

measure” when considering more specific populations of only hip replacement or only
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knee replacement [185]. However, there are different versions of the WOMAC out-

come measure and the WOMAC outcome score can be measured and calculated in

different ways [186].

The WOMAC is made up of 24 items over 3 subscales (5 for pain, 2 for stiffness

and 17 for function) and, for each item, participants report their difficulty with an

activity, for example, climbing stairs. There are variations in how the items are rated.

For example, items can be rated on a Likert scale (0=no difficulty to 4=extremely

difficult) or using a 0-100mm visual analogue scale (VAS) or an 11-point numerical

rating scale (NRS). The Likert scale version of the WOMAC questionnaire is given

in Appendix B.

A user guide for the WOMAC is not freely available and requires the user to submit

a request to www.womac.org [187]. The user guide includes information on how the

WOMAC was derived, calculation of scores, and specific clinimetric and statistical

issues. To obtain the user guide, users (researchers or clinicians) are required to

submit a request to the developer of the WOMAC via the website www.womac.org,

including their personal details and information on the intended use of the WOMAC

measure.

The seminal paper did not provide the wording for the individual questions used in

the questionnaire. The Likert scale and VAS have been found to be highly correlated

[188] but these different approaches can cause confusion because the possible range of

scores can be different for the two scales [189]. There are also variations in how scores

are combined; for example, some studies calculate the overall score for the WOMAC

scale as the sum of the individual items scores, while others calculate the average

(mean) of the item scores. In a trial that reports that the WOMAC was used as an

outcome measure, if the version of the WOMAC used is not reported, readers may

assume the score for the pain subscale ranges from 0 to 20 points (using the sum of
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Likert scale items), when in fact it could range from 0 to 10 points (using the average

of a 0-10 NRS). This could lead to overestimation of the clinical significance of the

results.

The effect on the total score range of the different options for scoring and combining

individual items of the WOMAC are shown in Table 3.1.

Table 3.1: Score range for the WOMAC measure using different versions and methods
to combine 24 individual item scores

Combine 24 item scores using:
Version used for item scores: Total Average Percentage

Likert scale (item 0-4) 0-96 0-4 0-100
Numerical rating scale (item 0-10) 0-240 0-10 0-100
Visual analogue scale (item 0-100) 0-2400 0-100 0-100

Patient-reported quality of life measures are increasingly being used, if not as the

primary outcome, then as one of the key outcomes collected within randomised trials

across a range of conditions [190, 191, 192]. The WOMAC is a useful outcome measure

to focus on when examining the use of patient-reported outcomes in randomised trials,

as it is one of the most commonly used outcome measures in osteoarthritis [193].

A previous review by Woolacott et al. examined the use and reporting of the WOMAC

and found poor reporting on the WOMAC Index total scale and pain subscale in

trials of physical therapies [189]. The review included studies published until 2010.

Since then, there have been considerable efforts to improve the quality of reporting

in clinical trials [157], which may have encouraged trialists to more clearly describe

the outcome measurement using the WOMAC.

As well as examining more recent use of the WOMAC, the review presented in this

chapter adds to the existing literature by synthesising information on the WOMAC

that has not been assessed previously, including its use in study design, statistical

analysis and how the results of the WOMAC score were reported and interpreted.
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3.1.1 Aims and objectives

Using a sample of published osteoarthritis trials, this review examines the use of

WOMAC as a case study to explore issues in quality of life outcome measurement in

randomised trials of any intervention (primarily around their analysis and input into

study design).

The primary objective is to examine the statistical analysis methods used for the

WOMAC outcome.

The secondary objectives are to i) review the data collection methods, ii) review the

reporting of the study results of the WOMAC and, iii) where the WOMAC is used as

a primary outcome, to examine the target difference and its justification. The final

of these was carried out in preparation for the analysis presented in Chapter 5.
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3.2 Methods

3.2.1 Identification of studies

Studies were identified from a cohort of trials included in a prior systematic review

of sample size calculations for osteoarthritis trials (Chapter 2). In the previous re-

view, several databases (Medline, Cochrane Central Register of Controlled Trials

(CENTRAL), CINAHL, EMBASE, AMED, PsycINFO and PEDro) were searched

for articles that reported the results of clinical trials of osteoarthritis. An example

search strategy is given in Appendix A.1.

3.2.2 Eligibility criteria of previous review

The information below summarises the eligibility criteria of the original review. This

is described in more detail in Chapter 2.

� Design: Randomised controlled trial of two or more treatments.

� Condition: Hip and/or knee osteoarthritis

� Exclusions: Study protocols, factorial, multi-arm, crossover, non-randomised,

feasibility or pilot studies.

3.2.3 Additional eligibility criteria

Outcomes: Studies were included if they used the WOMAC Index or any one of the

WOMAC subscales - pain, stiffness or physical function - as an outcome. Studies that

only measured the WOMAC at baseline were excluded.
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3.2.4 Selection of studies

Eligibility screening was conducted independently by pairs of reviewers.

3.2.5 Data Extraction and Management

Study characteristics were previously extracted for the earlier review in Chapter 2,

including study design, population, primary outcome, sample size, and follow-up

assessment. Data extraction for the previous review was conducted independently by

a second reviewer for 20% of the included studies.

Where the WOMAC was the primary outcome, I had previously extracted the target

difference and anticipated variability in the sample size calculation, including any

justification for those values for the review in Chapter 2.

I extracted additional information using a standardised form, with no second author

check.

The additional information extracted was:

� Study characteristics including eligibility criteria based on the

WOMAC, follow-up assessment time points and baseline demographics (e.g.,

WOMAC mean score).

� Data collection methods: Version of pain score used (VAS, NRS, or Likert

scale), how subscales were combined (using average, sum or other method),

score range.

� Statistical analysis methods used to evaluate the WOMAC for the main study

results, including whether results were analysed as post-treatment or change

scores, statistical technique (e.g., mixed effects regression, t-test), dichotomi-
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sation using WOMAC score (e.g., >20% improvement), covariate adjustment,

handling of missing data (e.g., intention-to-treat or complete case).

� Statistical results reported: Within-group (mean score, mean change, per-

centage change, median), variability (standard deviation, confidence interval,

range), between-group comparison (mean difference, p-value, standardised mean

difference), binary outcomes (proportion, odds ratio, NNT (number needed to

treat)).

� Clinical interpretation: Any reference to the clinical importance of the differ-

ence in the WOMAC (in design or discussion of results, e.g., MCID (minimum

clinically important difference)).

3.2.6 Data Synthesis

Characteristics of the included studies were summarised using the number and pro-

portion within each category, or the median and interquartile range for continuous

outcomes.

For the data collection methods, analysis techniques and reporting of results, the num-

ber and proportion of studies in each category were reported. Data were summarised

within subgroups based on the scale (or subscale) used.
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3.3 Results

3.3.1 Characteristics of included studies

The identification of studies is presented in a flow diagram in Chapter 2 (Figure 2.1).

The original cohort of trials included 116 studies that were two-arm randomised trials

of hip and/or knee osteoarthritis. Of the 116 trials included in the previous review, 62

reported using the WOMAC outcome measure and were included in this review. The

characteristics of these 62 trials are summarised in Table 3.2. The majority of the

included trials were single-centre superiority trials of drug or exercise interventions

for knee osteoarthritis. Only one trial was cluster-randomised (2%, n=1/62).

The WOMAC total score was reported in 41 trials (66%, n=41/62), and it was used

as the primary outcome in 22% of these trials (n=9/41) (Figure 3.1). The pain and

function subscales were reported in 39 trials (63%, n=39/62) (Figure 3.1). However,

only 30 trials reported the stiffness subscale (48%, n=30/62).
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Figure 3.1: Reporting of WOMAC total and subscales as a trial outcome measure

Total number of studies: n=62.

Number of trials shown in graph bars, percentage of trials shown on y-axis. Figure adapted from

Copsey et al. (2019) [194], published by CC BY 4.0.

Of the 41 trials reporting the WOMAC total score, less than half reported the results

for all three individual subscales (pain, stiffness and function) (37%, n=15/41). Of the

62 included trials, 15 reported the total score and all WOMAC subscales, 15 reported

all WOMAC subscales without the total score and 22 reported only the total score.

The remaining 10 trials that did not report all subscales mostly reported the pain

and function subscales only, excluding the stiffness subscale (without or without the

total score) (Table 3.3).

Only 4 of the 62 trials restricted eligibility of the trial participants using the WOMAC

measure. For example, 1 trial only included participants >300 on a 0-500 scale for

the WOMAC pain subscale. An alternative version of the WOMAC was used in 12

trials; 8 used a translated version, 1 used a shortened version, 2 combined only two

of the three subscales and 1 used one used metric scaling to weight the items. For

the individual subscales, 5 trials used a translated version.
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Table 3.2: Characteristics of included studies (n=62)

n %

Study hypothesis:
Superiority 40 65%
Non-inferiority 3 5%
Multiple 1 2%
Unclear 18 29%

Study centres:
Single centre 46 74%
Multi-centre 9 15%
Unclear 7 11%
Funding source:
Industry 8 13%
Non-industry 25 40%
Combination 3 5%
No funding 4 6%
Not reported 22 35%

Population:
Knee osteoarthritis 57 92%
Hip osteoarthritis 4 6%
Hip or knee osteoarthritis 1 2%

Intervention:
Drug 19 31%
Surgery 4 6%
Exercise 14 23%
Othera 25 40%

Comparator:
Active treatment 41 66%
Usual care 8 13%
Placebo or sham 13 21%

Number randomised:
Median (IQR) 75 (50 - 148)
Range 20 - 606
n 61

Follow-up period (months):
Median (IQR) 4.5 (1.5 - 6)
Range 0 - 36
n 62

a Other interventions included laser therapy, kinesio taping, acupuncture and ultrasound.
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Table 3.3: Reporting of WOMAC total and subscales (n=62)

n %

Reported WOMAC total score: 41 66%
Total and all 3 subscales 15 24%
Total and 2 subscales (pain and function) 4a 6%
Total only 22 35%

Did not report WOMAC total score: 21 34%
3 individual subscales 15 24%
2 subscales (pain and function) 4 6%
1 subscale 2b 3%

a For 1 study, the total score used was the sum of the pain and function subscales only. For 3 studies,

the stiffness subscale was used to calculate the total score but results on the stiffness subscale were

not reported separately.
b 1 study reported the pain subscale only and 1 study reported the function subscale only.

None of the trials made the WOMAC questionnaire available or provided details of

the wording of individual items as part of the results publication. Of the 10 trials

which referred to a published protocol, 1 trial provided the WOMAC questionnaire

used as an appendix to the study protocol [195].

The Knee injury and Osteoarthritis Outcome Score (KOOS) and Hip disability and

Osteoarthritis Outcome Score (HOOS) are both longer joint-specific measures based

on the WOMAC. One advantage of using the KOOS or HOOS is that the WOMAC

score can be calculated using a subset of the included items [196, 197]. However,

none of the 62 trials that reported the WOMAC used the KOOS or HOOS outcome

measures.

Where reported, trial publications stated that the WOMAC was completed by the

participant (34%, n=21/62) or by the participant with a clinician assessor (34%,

n=21/62). No trial reported that the WOMAC was collected by a proxy for the

participant. However, 1 trial noted that the questionnaire was read by the investigator

for illiterate participants [198].
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3.3.2 Measuring the WOMAC

The majority of the studies used a 5-point Likert scale to measure the items of the

WOMAC measure, with fewer studies reporting the 0-10 numerical rating scale or

0-100 visual analogue scale (Figure 3.2). The item range was unclear for a quarter

of studies reporting the WOMAC total score (Table 3.4). The most common range

for the total WOMAC score was 0-96 (41%, n=17/41). A range of 0-96 corresponds

to summing the score for a 0-4 Likert scale for all 24 items. However, the total score

range was as small as 0-10 (averaging item scores using a 0-10 scale) and as large as

0-2400 (summing item scores using a 0-100 scale).

Figure 3.2: An overview of measurement of the WOMAC
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Table 3.4: Measurement of the WOMAC

Total Pain Function Stiffness

Denominator n = 41 n = 39 n = 39 n = 30

n % n % n % n %

Scoring version:
Likert scale 17 41% 25 64% 24 62% 18 60%
NRS 3 7% 3 8% 3 8% 1 3%
VAS 3 7% 4 10% 4 10% 4 13%
Unclear 18 44% 8 21% 8 21% 7 23%

Item range:
0-4 21 51% 25 64% 25 64% 19 63%
0-10 7 17% 7 18% 7 18% 5 17%
0-100 2 5% 5 13% 5 13% 5 17%
1-4 1 2% 0 0% 0 0% 0 0%
Unclear 10 24% 2 5% 8 21% 1 3%

Maximum of scale:
Median (IQR) 96 (96-100) 20 (20-50) 68 (68-150) 8 (8-20)
Range 10-2400 10-500 10-1700 8-200

Method to combine subscales:
Sum 31 78% n/a n/a n/a
Average 3 8% n/a n/a n/a
Sum and convert 1 3% n/a n/a n/a
to percentage
Unclear 5 13% n/a n/a n/a

The details of measuring the WOMAC score were often not reported and required

assumptions based on other reported information. For the WOMAC total score, the

version used for data collection (e.g., Likert scale, VAS or NRS) was only reported by

56% of trials (n=23/41). The range used for a single item of the WOMAC score was

reported by half of trials. The item range was assumed based on reported information

for a quarter of trials, most commonly assumed from the mean score in the trial

results. Although the range of a single item suggested the use of a particular version

(e.g., 0-4 for a Likert scale), the item range was not used to make assumptions about
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the version used. For example, an item score ranging from 0-10 could be collected

using a Likert scale, numerical rating scale or visual analogue scale.

The range for the combined score and method used to combine items for the WOMAC

total scale were not reported in most studies. Although the range of the combined

total score could often be assumed from the mean score or range of a single item, it

was still unclear for 20% of trials (n=8/41). The level of reporting was higher for the

individual subscales, with around 75% of trials reporting the version used and the

range for a single item. Although 50% of trials reported the combined range for each

subscale, it could be assumed for the remaining trials based on the mean score or the

item range. It was more difficult to make assumptions on the combined range of the

total score because it was difficult to differentiate between a 0-96 and 0-100 range

using only the reported mean values in the trial results.

For the study results, four of the included studies categorised participants based on

their WOMAC score (two using the WOMAC total score and two using the WOMAC

pain subscale). Dichotomisation was based on their post-treatment score in one study

[199] and based on their percentage change score in three studies [200, 201, 202]. Two

studies used a combination of the WOMAC post-treatment score, WOMAC change

score and participant global assessment score to define a treatment responder based

on the OARSI responder criteria [201, 203, 204]. One study categorised participants

into subgroups based on their baseline WOMAC score [205].
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3.3.3 Analysing the WOMAC

The methods of analysis were similar between the different subscales. The majority

of studies used a t-test, repeated-measures ANOVA or mixed effects model (Table

3.5). The proportion of trials using covariate adjustment ranged from 27% for the

WOMAC total score to 46% for the pain subscale. For the trials that adjusted for

baseline covariates, the most common covariates to adjust for were baseline score

(13 trials), BMI (7 trials), sex (6 trials) and age (5 trials). Only two-thirds of trials

reported the methods used to handle missing outcome data, with around a quarter

using complete case analysis and a quarter using imputation.

Table 3.5: Analysis of the WOMAC

Total Pain Function Stiffness

Denominator n = 41 n = 39 n = 39 n = 30

n % n % n % n %

Statistical analysis method:
t-test 13 33% 11 28% 11 28% 10 33%
Repeated measures ANOVA 9 23% 7 18% 8 21% 6 20%
Mixed effects 8 20% 10 26% 10 26% 7 23%
ANCOVA 3 8% 5 13% 4 10% 4 13%
Mann-Whitney U-test 6 15% 4 10% 4 10% 3 10%
Other 1 3% 2 5% 2 5% 0 0%

Adjusted for covariates:
Yes 11 27% 18 46% 17 44% 12 40%
No 26 63% 21 54% 22 56% 18 60%
Unclear 4 10% 0 0% 0 0% 0 0%

Method to handle missing data:
Complete case 10 24% 10 26% 10 26% 7 23%
Multiple imputation 3 7% 5 13% 5 13% 4 13%
Single imputation (e.g., LVCF) 3 7% 5 13% 5 13% 3 10%
Mixed model without imputation 5 12% 5 13% 5 13% 3 10%
No missing data 4 10% 2 5% 2 5% 2 7%
Unclear 16 39% 12 31% 12 31% 11 37%
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A quarter of studies measured the WOMAC at only a single follow-up time point, i.e.,

once at baseline and once immediately after the end of treatment (26%, n=16/62).

Nearly half of trials measured the WOMAC at three or more follow-up time points

post-randomisation (42%, n=26/62). The longest follow-up assessment period was 3

years.

Of the trials with more than one follow-up assessment, 26 trials used a longitudinal

analysis method (42%, n=26/62), 18 conducted multiple analyses each using data

from a single time point (39%, n=18/62) and 2 trials only conducted between-group

analysis at the final assessment time point (4%, n=2/62).

3.3.4 Interpreting results from the WOMAC

The majority of studies reported the within-group mean post-treatment score (88%,

n=36/41 for WOMAC total) (Table 3.6). Some reported the mean change and post-

treatment score (20%, n=8/41 for WOMAC total). Most studies also reported the

corresponding standard deviation (88%, n=36/41 for WOMAC total). The level of

reporting of the mean difference and standard deviation were similar for the individual

WOMAC subscales. For the WOMAC total score, only one-third of studies reported

the mean difference between the treatment arms (32%, n=13/41 for WOMAC total).

The proportion of studies reporting the between-group difference was higher for the

WOMAC subscales but still remained below half. Where the between-group difference

was not reported, trials often reported only the p-value for the between-group analysis.
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Table 3.6: Reporting of the WOMAC results

Total Pain Function Stiffness

Denominator n = 41 n = 39 n = 39 n = 30

n % n % n % n %

Group summary score:
Mean post-treatment score 28 68% 18 46% 20 51% 15 50%
Mean change score 2 5% 3 8% 3 8% 3 10%
Mean post-treatment and 8 20% 13 33% 12 31% 7 23%
change scores
Median post-treatment score 1 2% 2 5% 2 5% 2 5%
Median change score 0 0% 0 0% 0 0% 0 0%
Median post-treatment and 0 0% 0 0% 0 0% 2 5%
change scores
Multiple reported 1 3% 2 5% 1 3% 1 3%
None reported 1 3% 1 3% 1 3% 0 0%

Within-group variation:
Standard deviation 26 61% 22 56% 22 56% 17 57%
Standard error 0 0% 1 3% 1 3% 0 0%
95% confidence interval 5 12% 6 15% 6 15% 4 13%
Range 1 2% 0 0% 0 0% 1 3%
Standard deviation and 2 5% 4 10% 4 10% 4 13%
95% confidence interval
Other reported 0 0% 1 3% 1 3% 1 3%
Multiple reported 1 2% 1 3% 1 3% 1 3%
None reported 7 17% 4 10% 4 10% 2 7%

Between-group score:
Mean difference 13 32% 18 46% 18 46% 12 40%
None reported 28 68% 21 54% 21 54% 18 60%

Between-group variation:
95% confidence interval and 10 24% 12 31% 12 31% 10 33%
p-value
95% confidence interval 3 7% 5 13% 5 13% 2 7%
p-value 20 49% 19 49% 18 46% 16 53%
p-value interval (e.g p<0.05) 6 15% 3 8% 3 8% 2 7%
None reported 2 5% 0 0% 1 3% 0 0%

81



All four studies that dichotomised participants based on the WOMAC score reported

the proportion of participants achieving the dichotomised score. Of these, one study

also reported the corresponding odds ratio and two studies reported the corresponding

p-value. Two studies dichotomised participants based on the percentage change in the

WOMAC (or its subscales): Allen et al. used cut-offs of 12% and 18% improvement in

the WOMAC total score and Jin et al. used cut-offs of 20% and 50% improvements

in the WOMAC pain subscale [201, 206]. Losina et al. dichotomised participants

based on whether they achieved the MCID of 10 points in the WOMAC function

score [199]. Yuan et al. categorised participants based on whether the WOMAC

total score decreased by ≥ 2
3
, ≥ 1

3
or < 1

3
[202].

One additional study used dichotomisation of the WOMAC as part of a wider def-

inition of clinical response. If participants had at least 50% improvement and an

absolute change of at least 20 points on the WOMAC pain or function subscales,

Wang et al. defined this group as ‘clinically improved’ [203].

3.3.5 Sample size calculations using the WOMAC

Among the 41 studies that reported a power calculation, 17 studies estimated the

sample size based on the WOMAC scale or one of its subscales. Among these 17

studies, 7 studies were powered on the WOMAC total score, 6 studies on the pain

subscale and 4 studies on the function subscale. The target sample size ranged from 40

to 376 for the WOMAC total score and 60 to 300 for the WOMAC function subscale.

The sample size was generally higher for the WOMAC pain subscale, ranging from

200 to 560. The information from the sample size calculations is presented in Table

3.7.

The components of the sample size calculation were difficult to compare due to the

different scale ranges across trials, as discussed in section 3.3.2. There was variation in
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the values used for the target difference and assumed standard deviation, even within

studies that used the same scale range. For example, the target difference ranged from

2 to 15 for trials where the sample size was estimated based on the WOMAC total

score using a 0-96 scale. Where a justification was provided, the standard deviation

assumed in the sample size calculation was justified based on a published trial (n=7),

an uncited pilot study (n=1) or both (n=1). The target difference was justified based

on a published estimate for an MCID (n=5) or a published trial (n=4).

The commonly referenced MCID estimates were those published by Angst et al. in

2001 and 2002 and by Tubach et al. in 2005 [39, 193, 207]. None of the MCID

estimates were calculated based on the same scale range as the scale range used in the

trial. For example, Hinman et al. used the 0-68 function subscale but cited the MCID

publication by Tubach et al. published in 2005 based on the 0-100 function subscale

[39, 208]. Allen et al. used the 0-96 total scale but cited the MCID publication from

Angst et al. based on the 0-10 total scale. However, Allen et al. justified the target

difference by translating it into the percentage change from baseline [193, 200, 206,

207].
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Table 3.7: Sample size calculation information for trials powered on WOMAC

Trial Range Target NIM Assumed Target Target Justifications: Alpha Power
difference standard SES sample Target Standard

deviation size difference deviation

Total scale
Allen (a) 0-96 4.2 n/a 14 0.3 r 300 MCID Pilot 0.05 0.80
Allen (b) 0-96 2 n/a NR 0.27 r 376 MCID n/a 0.05 0.80
Bagnato 0-240 10 n/a NR NR 66 NR n/a 0.05 0.80
Bisicchia Unclear 6 n/a 12 0.5 c 150 NR NR 0.05 0.80
Calatayud 0-96 10 n/a 11 0.91 c 40 NR Trial 0.05 0.80
Rahimzadeh 0-96 8.5 n/a 5.2 1.63 c 42 Trial Trial 0.05 0.95
Simental 0-96 15 n/a 20 0.75 c 65 Trial Trial 0.05 0.95
-Mendia

Pain subscale
Wadsworth 0-20 1.3 n/a 4.5 0.29 c 260 Trial Trial 0.10 0.80
Jin 0-500 20 n/a NR NR 400 Trial n/a 0.05 0.80
Conrozier 0-20 NR 1.35 NR n/a 208 n/a n/a 0.05 0.80
Wang (b) 0-500 NR 20 100 n/a 180 n/a Trial 0.05 0.80
Hochberg 0-500 NR 8 26 n/a 560 n/a Trial 0.025 0.90
Hill 0-50 NR n/a NR 0.4 r 200 n/a n/a 0.05 0.80

Function subscale
Hinman 0-68 6 n/a 10.5 0.57 c 164 MCID Pilot and NR 0.90

trial
Losina 0-100 10 n/a NR 0.5 r 300 MCID & SES n/a 0.05 0.8
Monaghan 0-68 10.4 n/a 13.6 0.76 r 60 MCID Trial 0.05 0.80
de Rooij 0-68 NR n/a NR 0.4 r 154 NR n/a 0.05 0.80

SES: standardised effect size, NIM: non-inferiority margin, NR: not reported. c SES calculated from reported values r SES reported.
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3.4 Discussion

3.4.1 Summary of findings

The WOMAC measure is widely used in trials of hip and knee osteoarthritis, with

around half of trials using the WOMAC or at least one of its corresponding subscales.

This review found that poor reporting on the measurement of the WOMAC scale

remains a problem. There was also high variability in the version of the WOMAC

scale that was used and how the individual items or subscales were combined. This

high variability makes it difficult to elicit information on the range of the scale when

it is not reported. In the majority of trials, the scoring range for the WOMAC total

score was 0-96. However, for some trials, the range was as small as 0-10 or as large

as 0-2400. The problems of poor reporting and lack of clarity on how the scale was

measured apply to both the WOMAC total score and the individual pain, function

and stiffness subscales.

It was common for trials to use a t-test, repeated measures ANOVA or mixed effects

model to analyse the WOMAC score. In the analysis of the results, most trials

did not use baseline covariate adjustment and one-third of trials did not report how

missing data were handled. The majority of trials reported the mean score and

standard deviation (or equivalent) within each treatment arm. However, only one-

third of trials reported the between-group difference for the WOMAC score (total or

subscale), hindering the interpretation of trial results.

3.4.2 Comparison with existing literature

In recent years, there has been increasing awareness of the need for high-quality

reporting of the methods and results of randomised trials. However, despite examining
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an up-to-date sample of trials, this review found little evidence of improvement in the

consistency or reporting of how the WOMAC was measured.

The poor reporting and variability in measurement of the WOMAC align with the

findings of Woolacott et al. [189]. Both reviews found that the majority of studies

used the 5-point (0-4) Likert scale. Woolacott and colleagues found that around half

of trials reported the type of scale and the score range for the pain subscale. They also

found that the range and type of scale could not be assumed based on the reported

data for 20% and 10% of trials respectively. These results are similar to those found

in this review. The literature also shows that lack of information on how missing

data are handled is a common problem, not restricted to the WOMAC outcome or

osteoarthritis trials [209, 210, 211, 212].

A key difference in this review compared to the review by Woolacott et al. was

that most trials reporting the WOMAC pain subscale also reported the function

and stiffness subscales, whereas Woolacott et al. found that the function subscale

was rarely reported. This seems counter-intuitive when the review by Woolacott et

al. was restricted to physical therapy interventions. This difference may be due

to changes in common practice over time. However, both reviews showed that many

trials reported the results using the WOMAC total score without reporting the results

of the component subscale scores.

Some trials used published MCID estimates to justify their choice of target differ-

ence. However, in all cases, the MCID was calculated based on a different version of

the WOMAC scale to the version used in the randomised trial. A recent review of

published MCID estimates in degenerative knee disease outcomes found only three

studies that produced ‘credible’ MCID estimates, none of which were used in the

sample size calculations of the included trials [213].
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3.4.3 Strengths and limitations

This review examines the use and reporting of the WOMAC up-to-date sample of

trials identified using a systematic search strategy. This is the first review to examine

the WOMAC subscales of function and stiffness, as well as the pain subscale and

total score. Eligibility for inclusion in this review was not restricted by intervention,

thus making the results relevant to trials of interventions including physical therapies,

surgery and pharmacological treatments.

The key limitation of this review is that the included studies were restricted to pub-

lication during 1 year (January - December 2016). The results do not provide infor-

mation on the trends in the use and reporting of the WOMAC over time. The use of

the WOMAC is likely to differ in observational studies or multi-arm trials, compared

to two-arm randomised trials; however, this was outside the scope of this review.

3.4.4 Implications

The results of this review indicate that the problems of poor reporting of information

on the measurement of the WOMAC scale highlighted by Woolacott et al. persist in

osteoarthritis trials [189]. The less restrictive eligibility criteria used in this review

also demonstrate that the issues of poor reporting and unclear measurement methods

apply to the WOMAC subscales and trials evaluating various types of interventions.

The key implication of these results is that the lack of clarity in how the WOMAC

was measured hinders the interpretation of trial results. When the range of the scale

is ambiguous, it is difficult to interpret both the treatment effect and level of disease

severity. For example, a 20-point change on a 0-96 scale would be seen as much

more important than the same difference on a 0-2400 scale. Poor reporting of the

effect estimates from between-group analyses could also hinder the interpretation of
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study results. The inconsistency in the version of the WOMAC scale used and how

the items are combined makes it difficult to compare the results of different trials.

Although some research has suggested that the different versions of the WOMAC

produce correlated results, there could still be discrepancies due to the methods used

[188].

Variation in how the WOMAC is scored also makes it more difficult to assess the clin-

ical importance of treatment effects when the results between trials cannot be directly

compared. MCIDs can be used to provide a uniform method of assessing whether a

treatment effect is considered worthwhile. WOMAC measure, for instance, assessing

the psychometric properties. This research, as well as methogological research on the

psychometric properties of the measure, would need to be repeated for all versions of

the WOMAC measure. For example, when assessing validity and responsiveness, the

sensitivity of a 0-4 Likert scale, 0-10 numerical rating scale and 0-100 visual analogue

scale are likely to be very different. Until further research has been conducted on the

psychometric properties of each version, researchers should choose the 0-4 point Lik-

ert scale version as it appears to be the most commonly used version of the WOMAC

in osteoarthritis trials.

Although the reporting of individual subscales has improved since the review by

Woolacott et al., there are still several studies that report the WOMAC total score

without reporting the individual subscales for pain, function and stiffness. It would

be judicious to report the results for all three domains, as this would allow readers

to see which domains are generating the treatment effects. An intervention may

produce different effects across the three domains, which may not be clear when

the subscales are combined. For example, an intervention may significantly improve

function but increase pain compared to the control. Although there would be no

difference in the WOMAC total score, the differences in individual domains would be
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useful information for choosing between the two treatments. Presenting the results

of the individual subscales would be useful when the changes in some domains are

more desirable than others due to patient preference or the hypothesised treatment

mechanisms [214]. Reporting the results of individual subscales as well as the total

score would also facilitate comparison of the trial results with other trials where only

individual subscales are reported without the total score.

There is a clear need for improved reporting of how the WOMAC is measured to

facilitate the interpretation of study results and comparison of results across trials.

3.4.5 Future research

Future research should look further into the most appropriate version of the WOMAC

measure to use for particular situations. Studies have found that the different ver-

sions are correlated, however it is unclear whether the psychometric properties are

similar [188]. For example, there are likely to be differences in the sensitivity of a

0-4 Likert scale, 0-10 numerical rating scale and 0-100 visual analogue scale formats.

Future studies should examine the validity, responsiveness and usability of measures

in specific settings. Along with existing evidence, this could then be used to pro-

duce recommendations on how to measure and analyse the WOMAC scale and its

subscales. This could help to improve the consistency in how the WOMAC is scored.

Future studies could assess whether ‘translating’ the scores measured using one ver-

sion of the WOMAC into another version produces comparable results. Researchers

could then explore whether it is appropriate to standardise the results of different

versions of the WOMAC onto the same scale (e.g., converting all versions to a 0-

100 scale, equivalent to the percentage of the maximum possible score). This would

facilitate the comparison and synthesis of trial results.
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Future clinical trials in knee osteoarthritis should use the 5-point Likert scale version

of the WOMAC and calculate scores by summing individual items, especially when

trialists feel it is important to compare their results with previous studies. Trial-

ists who decide to measure the WOMAC using lesser-used versions should provide

sufficient justification for doing so.

Future reviews could examine the characteristics of the sample used to calculate the

MCID of the WOMAC and compare this to the characteristics of randomised trials

where the MCID estimates have been applied. This was not completed in this review

due to the small number of studies that justified the target difference using an MCID

estimate. Future studies could also examine the generalisability of MCID estimates

for the different versions of the WOMAC measure, for example, to see whether it is

appropriate to translate an MCID calculated for the Likert scale version into the VAS

version. This would provide more information on the applicability of MCID estimates

in sample size calculations.

As the 0-4 point Likert scale was found to be the most commonly used in this re-

view, this version was used in the work in subsequent chapters (secondary analysis in

Chapter 5, discrete choice experiment in Chapter 4 and simulation study in Chapter

6). This review also found that several trials measured individual subscales of the

WOMAC. Chapter 4 builds on this by examining how people living with osteoarthri-

tis value the different domains of the WOMAC measure and explores whether the

WOMAC adequately captures what is important to people with osteoarthritis.

Several trials included in this review used published MCID estimates for the WOMAC

to inform the specification of the target difference in their sample size calculation.

Chapter 5 explores whether it is appropriate to use MCID estimates to inform the

design of trials using different follow-up time points. Chapter 5 estimates the MCID

for the WOMAC using secondary analysis of a cohort dataset at different follow-up
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time points to assess whether the MCID estimate is consistent over time. This review

found that different methods were used to analyse the WOMAC outcome data. Chap-

ter 6 compares the statistical properties of some of these methods using simulated

data for the WOMAC. The data collected on the mean and standard deviation of the

treatment effect estimates and baseline outcome scores informed the data generating

mechanism using in the simulation study in Chapter 6.

3.4.6 Conclusion

This review found that the WOMAC measure was widely used in randomised trials of

hip and knee osteoarthritis. However, there was large variation in the version of the

scale used and how the data were analysed. There was poor reporting of the study

methodology and results for the WOMAC score and its subscales. The interpretation

of findings and comparisons with other studies was hindered by limitations, such as

the ranges of the outcome scales being unclear, not reporting an effect size estimate,

or not exploring the effects of assumptions on missing data mechanisms.

The version of the WOMAC used, how the item scores were combined and the range

of the scale (and subscales) should be reported in the methods of the published pa-

pers. The between-group difference and corresponding confidence interval should

be reported in the results when between-group analyses are conducted. When the

WOMAC total score is analysed, the results for the individual subscales (pain, func-

tion and stiffness) should also be reported. This would allow readers to assess whether

the treatment effect on the total score is mainly due to a change in a single domain.

Future research should examine which version of the WOMAC measure has optimal

properties in different situations. Increasing consistency between trials and clear

reporting of the measurement of the WOMAC would facilitate clinical interpretation

and comparison of trial findings.
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Chapter 4

How important is duration of

treatment effect to people living

with osteoarthritis? A discrete

choice experiment

Prior publication:

The results for this chapter were published as a manuscript. Conferences abstracts for presen-

tations on this chapter have also been published (see Appendix F.1 for details).

Copsey B, Buchanan J, Fitzpatrick R, Lamb SE, Dutton SJ, Cook JA: Duration of treatment

effect should be considered in the design and interpretation of clinical trials: Results of a discrete

choice experiment. Medical Decision Making 2019, 39(4):461-473.
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4.1 Introduction

This chapter reports a stated preference study exploring whether the duration of the

treatment effect is an important aspect for people with osteoarthritis and therefore

whether it should be accounted for in clinical trial design. Chapter 2 showed that

randomised trials did not account for the longitudinal nature of data collection in

their sample size calculations. If the duration of the treatment effect is important to

people with osteoarthritis, this could justify accounting for duration in the design and

analysis of osteoarthritis trials. The stated preference study considered the duration of

treatment effect on three different domains of osteoarthritis symptoms: pain, stiffness

and function. These three domains align with the three subscales of the WOMAC

Index, the patient-reported composite outcome measure reviewed in Chapter 3. This

stated preference study builds on Chapter 3 to explore the differences in how people

with osteoarthritis value symptom relief in each of the three areas, using the most

common version of the WOMAC.

4.1.1 Motivation

There has been increasing attention on ensuring that both clinical practice and med-

ical research are patient-focused [215, 216]. In clinical practice, there has been a shift

towards shared decision-making, where the person is informed about their treatment

choices and involved in decisions about their care [217, 218, 219, 220]. In medical

research, patients and the public are increasingly involved in prioritising research

questions, designing and selecting patient-reported outcome measures, and dissemi-

nating findings to a wider audience [221, 222, 223, 224].

When considering the impact on time in clinical trial design and interpretation, it

is important to explore how the duration of treatment effect affects preferences for
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treatment from a patient or participant perspective. Lasting symptom relief is an

attractive characteristic for medications [225]. Randomised trials often find that that

short-term treatment effects are not sustained over time and do not always translate

into long-term effects [226, 227, 228]. Providers are aware that it is desirable for

medication effects to be quick, strong and long-lasting [229]. For chronic conditions,

long-term follow-up assessment is advocated to evaluate whether treatment effects are

sustained over time [71, 230, 231, 232]. Clinicians have suggested that it is more likely

that medications will be adopted if they have been tested in trials of longer follow-up

duration [233]. However, it is unclear how people choose between medications that

could provide a stronger or longer treatment effect. A person could be willing to take a

medication that provides reduced symptom relief if the medication is likely to remain

effective for a longer time. A persons’s preference for a particular treatment could be

influenced by the level of treatment effect, the duration of effect and potential risks

and side effects, as well as other treatment characteristics.

Understanding the factors that are important to patients when making treatment de-

cisions can help clinicians to know which issues should be discussed with patients to

inform their shared decision-making. This information could also be used to inform

decision support aids and provide evidence for researchers, funding bodies, guideline

developers and commissioners to inform decisions on prioritising research directions

and implementing treatments into clinical practice [234, 235]. If duration of treat-

ment effect is found to be important, this could affect the design and interpretation

of clinical trials, for example, the selection of trial endpoints, the incorporation of du-

ration into the analysis of treatment effectiveness and assessment of the risk-benefit

of different interventions [236].

This study focuses on the importance of the duration of treatment effect in the context

of medications for osteoarthritis. This is a suitable case example because osteoarthri-
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tis is a long-term condition and medications can relieve symptoms of osteoarthritis

for varying lengths of time. Medications for osteoarthritis, such as NSAIDs (non-

steroidal anti-inflammatory drugs), can also provide different benefits and risks, in

terms of relieving different symptoms and being associated with an increased risk of

serious events. The motivation for focusing on osteoarthritis is described in more

detail in Chapter 1.

Background outline

This chapter describes a stated preference study (a discrete choice experiment) de-

signed to examine whether the duration of treatment effect is important to people

with osteoarthritis when choosing between different medications. The results of the

study can be used to inform decisions on the methods used to specify the target dif-

ference in sample size calculations. This Introduction describes revealed and stated

preference studies (Section 4.1.2), what a discrete choice experiment is (Section 4.1.3),

and why a discrete choice experiment is an appropriate study design (Section 4.1.4).

It concludes with a summary of the literature examining the importance of time in

patient preference studies in any health condition and specifically in osteoarthritis

(Section 4.1.5).

4.1.2 Revealed and stated preference studies

People’s preferences can be explored using both revealed and stated preference stud-

ies. In revealed preference studies, participants make choices in real-life scenarios, and

these choices can be used to quantify their preferences. For example, data on prescrip-

tions can highlight which medications are preferred and explore factors that influence

this choice. However, in clinical practice, the clinician often drives the decision of

which medication someone should be prescribed. Prescribing practices will likely not
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provide robust information about what the person prefers. Another disadvantage of

revealed preference studies is that certain medications may not be suitable for specific

groups of people, for instance, due to contraindications with other medications they

are taking.

This study used a stated preference study, in which participants stated which choice

they would make in a hypothetical scenario. Although participants are not forced to

act on their choices, stated preference studies have the advantage that the medication

options available and how these options are described can be restricted in a controlled

setting. As stated preference studies are based on hypothetical scenarios, the same

participant can state which option they would prefer in multiple scenarios, allow-

ing researchers to gain more information from each participant and reduce potential

confounding.

4.1.3 What is a discrete choice experiment?

A discrete choice experiment (or DCE) is a type of stated preference study in which

respondents select their preferred choice from multiple options in hypothetical scenar-

ios. Each option is described in terms of several ‘attributes’ or characteristics. The

results of a discrete choice experiment can be used to quantify the relative importance

of different factors in the decisions made by respondents.

4.1.4 Reasons for using a discrete choice experiment

There are several alternative methodologies that could have been used instead of

a discrete choice experiment. These alternative study designs include contingent

valuation (willingness-to-pay), standard gamble methods or time-trade-off. However,

standard gamble methods have been criticised due to their complexity, as participants
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must consider probabilities of different health states within the same scenario [237].

Willingness-to-pay has been shown to relate more to participant’s financial situation

than their health state [238].

A key advantage of a discrete choice experiment is that the relative valuations of mul-

tiple attributes can be assessed simultaneously, whereas in a time-trade-off study, only

two attributes can be included. It has also been suggested that discrete choice exper-

iments are less cognitively demanding and may encourage more qualitative decision-

making [239, 240, 241, 242]. Discrete choice experiments have also been found to be

less prone to anchoring effects and could reduce the risk of ‘gamification’. For exam-

ple, in some time trade-off experiments, instead of considering the different available

options, participants may select responses to finish the survey more quickly. [243].

A discrete choice experiment was used in this study because it allows more than two

attributes to be examined without increasing cognitive demand or introducing bias

due to participant characteristics.

4.1.5 Existing literature

Preference studies on time in any health condition

Patient preference studies in other conditions have examined the importance of time

in different ways, for example, exploring trade-offs between quality of life and life

expectancy [244, 245]. Previous discrete choice experiments have included duration

of illness in benefit-harm trade-offs [246, 247]. However, this attribute describes the

length of time until the illness is cured. There is no cure for osteoarthritis and

therefore the duration of symptom reduction is more relevant.

Other studies have used discrete choice experiments to estimate time preferences in

terms of discounting, exploring how the valuation of a health state changes when
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the onset of worsening health is postponed to a future time point [52]. A discrete

choice experiment was used to explore preferences on duration of treatment effect in

people with psoriasis [248]. The results suggested that people with psoriasis had a

strong negative preference for treatments with short duration of beneficial effects and

a meta-analysis found that they would accept a much higher risk of adverse events

to increase duration of effect compared to reducing symptoms [249]. However, this is

only one example for a single condition. Overall, there is limited existing literature

and no consensus on the strength of these preferences for duration relative to other

aspects of treatment.

Preference studies on time in osteoarthritis

In osteoarthritis, preference studies have considered the impact of time to the onset

of action of medication [250, 251], waiting time for surgery [252, 253], and time in

hospital [254, 255, 256, 257]. Preference studies have examined how the length of time

in a particular health state affects treatment choices [258, 259]. However, the level

of treatment effect has been broadly defined in these studies, for instance comparing

mild and severe disease states or comparing a successful operation to one requiring

revision.

The majority of discrete choice experiments conducted in people living with os-

teoarthritis consider treatment effects of fixed duration. For example, Hauber et al.

found that decreased risk of adverse events, pain levels and functional problems were

important factors in osteoarthritis medication choice. However, they only considered

the treatment effect 1 hour after taking medication and did not consider whether this

effect may decline over time [214]. Few studies have examined the importance of the

duration of treatment effect from a course of medication. Posnett et al. considered

the duration of effect for oral medications and injections and found that duration
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of pain relief from injections was one of the most important factors for treatment

preferences [251]. However, the duration of pain relief was based on one dose of oral

medication (8 or 12 hours).

It is unclear how the duration of treatment effect affects preferences for treatment in

people with osteoarthritis.

4.1.6 Objectives

This discrete choice experiment aimed to evaluate how duration of treatment effect

affects treatment preferences in people with osteoarthritis and quantify the relative

importance of the duration of effect, level of treatment effect and potential risks of the

treatment. This aligns with the main objectives of this thesis by indicating whether

participants value treatment effects lasting different lengths of time differently. This

could provide justification for accounting for the time point of assessment in ran-

domised trials of treatments for osteoarthritis when specifying the target difference

in sample size calculations and analysing the results.

99



4.2 Development and Methods

The discrete choice experiemnt was planned following the practice guidelines by

Bridges et al. [260].

4.2.1 Attribute identification and selection

A literature search was performed to identify factors that are relevant to people with

osteoarthritis when choosing between different treatments. Searches were performed

in MEDLINE, EMBASE and EconLit from inception to 16 August 2017. The search

strategies combined terms on osteoarthritis and methods for stated preference studies

(Appendix C.1).

The search identified 868 articles (324 from MEDLINE, 544 from EMBASE, 0 from

EconLit). From these articles, 157 relevant preference studies were identified, of

which 61 were stated preference studies. The potential attributes extracted from

these studies covered three main areas:

1. Treatment effectiveness: These included the overall treatment effect, pain, func-

tion, and speed and length of symptom relief.

2. Safety risks and side effects: These included risk of addiction, risk of serious

events (such as heart attack, stomach bleeding or renal failure), adverse ef-

fects (such as nausea or diarrhoea), and surgical complications (such as risk of

infection).

3. Treatment administration and cost: These varied depending on the treatments

being considered. For medications, the factors included cost, treatment admin-

istration (pill, cream or injection), and convenience of fitting the treatment into

lifestyle (treatment schedule and need for a prescription).
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The results of the literature search were used to create a long list of potential at-

tributes that could be included in the discrete choice experiment, excluding those

relating specifically to non-pharmacological treatments. As discrete choice experi-

ments can include only a limited number of attributes, patient input was used to

identify which of the potential attributes were most important. A group of 10 peo-

ple with osteoarthritis were recruited using an online advert placed on the PAIRS

(Patients Active in Research) Thames Valley website. These patient representatives

conducted rating and ranking exercises on the importance of the potential attributes

(results presented in Appendix C.2).

Attributes were selected for the discrete choice experiment based on the results of

the patient input and existing literature on preferences, avoiding the selection of

attributes with overlapping constructs. Attributes were chosen from all three domains

and are described in Sections 4.2.1.1-4.2.1.3.

4.2.1.1 Treatment effectiveness

The effect on pain, stiffness and ability to perform daily activities were included as

they were consistently rated of high importance. This aligns with the three domains

in the WOMAC outcome measure, which is commonly used in randomised trials of

osteoarthritis [167, 261]. The WOMAC outcome measure is described in more detail

in Chapter 3.

The effect on quality of sleep and social activities were rated as somewhat important

by the patient group. However, these factors were considered to be correlated with

other included attributes: sleep quality with pain at night, and social life with ability

to perform daily activities. Therefore, sleep and social activities were not included.

The effect on work activities and anxiety level were excluded as they were rated as

not very important by the patient group.
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4.2.1.2 Safety risks and side effects

Side effects and risk of serious adverse events were both considered to be important

by the patient group, however this was variable across the respondents.

Increased risk of cardiovascular events is known to be associated with NSAID use and

was seen as important by respondents [262]. A composite outcome of cardiovascular

events was not used as the prevalence and perceived importance of the risk may

differ across cardiovascular events, including stroke, heart attack and coronary heart

disease. A prior discrete choice experiment found that the importance of risk of heart

attack and risk of stroke were very similar [214]. The risk of heart attack is known to

vary between different NSAIDs and doses [263]. Therefore, risk of heart attack (also

known as myocardial infarction) was included as an attribute.

Although patient input suggested that stomach ulcers were less important than car-

diovascular events, gastrointestinal toxicity is considered to be an important risk by

clinicians when deciding whether to treat using NSAIDs. Gastrointestinal events have

been described as “the most serious health hazards of NSAIDs” [264, 265, 266]. To

ensure clinical relevance, the risk of peptic ulcer bleeding was included as an attribute.

For risk of serious events, the ratings of importance were similar across individual

serious events. Renal and hepatic problems were not included as these are less preva-

lent among osteoarthritis populations and NSAID users than cardiovascular events

and are also measured less frequently in osteoarthritis trials [267].

Common side effects were rated as slightly less important than risk of serious adverse

events. Side effects (e.g., dyspepsia) are more prevalent in NSAID users than more

serious events (e.g., heart failure). However, more minor side effects may be less

important to people with osteoarthritis as they are mild and reversible after stopping

treatment [268]. Therefore, as only a limited number of attributes can be included
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in each choice profile, side effects, other than risk of heart attack and risk of stomach

ulcer bleeding, were assumed to be constant across all choices.

4.2.1.3 Treatment administration and cost

Duration of symptom relief was included as it was rated by the patient group as very

important. Speed of symptom relief was considered somewhat important, but this

was likely correlated with duration of symptom relief. Therefore, speed of symptom

relief was assumed to be constant across all choices.

Cost (to the individual and the NHS), frequency of treatment administration and

requirement for a prescription were excluded because these factors were ranked of

low importance by the patient group.

4.2.1.4 Included attributes

The final six attributes included in the discrete choice experiment were:

1. Pain,

2. Stiffness,

3. Difficulty with daily activities (function),

4. Duration of symptom relief,

5. Risk of heart attack, and

6. Risk of stomach ulcer bleed.

These attributes included the key benefits and risks associated with NSAID treat-

ments, which have been shown to vary between NSAIDs and dose levels used [1, 263,

269, 270].
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4.2.2 Level selection

The attributes and levels are presented in Figure 4.1 and Table 4.1.

Figure 4.1: Attributes included in the discrete choice experiment (adapted from van
Walsem 2015) [1].

Figure reproduced from the author-accepted manuscript Copsey et al. (2019) [271], published with

permission.
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Table 4.1: Summary of attributes and levels

Attribute Levels

Pain: None (0 out of 100mm)
Mild (25 out of 100mm)
Moderate (50 out of 100mm)
Severe (75 out of 100mm)

Difficulty with daily activities (function): None (0 out of 100mm)
Mild (25 out of 100mm)
Moderate (50 out of 100mm)
Severe (75 out of 100mm)

Stiffness: None (0 out of 100mm)
Mild (25 out of 100mm)
Moderate (50 out of 100mm)
Severe (75 out of 100mm)

Length of symptom relief: 1 month
3 months
6 months
12 months

Risk of heart attack in the next year: 0% (0 out of 100 people)
0.5% (0.5 out of 100 people

i.e. 1 out of 200 people)
1% (1 out of 100 people)
2% (2 out of 100 people)

Risk of stomach bleed in the next year: 0% (0 out of 100 people)
1% (1 out of 100 people)
2% (2 out of 100 people)
4% (4 out of 100 people)
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4.2.2.1 Treatment effectiveness

The three attributes related to treatment effect corresponded to the three domains

in the WOMAC scale: pain, stiffness and function. For pain, stiffness and function,

the levels used were none, mild, moderate or severe. These levels matched the set

of responses in the Likert scale version of the WOMAC. The corresponding value on

a 0-100mm visual analogue scale was also shown with additional graphical represen-

tation to demonstrate that the differences between adjacent levels were equivalent.

The ‘extreme’ level was not used as it was assumed that the hypothetical person in

the scenario had ‘severe’ ratings at baseline and the treatment should not result in

worsening on any of these domains. In addition, participants rated as ‘extreme’ would

likely require surgical treatment.

4.2.2.2 Risk of serious adverse events

The risk of a heart attack in 1 year is estimated to be around 0.2% for the general (non-

NSAID user) population, translating to 2 cases per 1000 person years [263, 268]. The

existing literature suggests that the risk of heart attack among NSAID users ranges

from 1 to 13 cases per 1000 person years (or 0.1-1.3% over 1 year), with most studies

reporting a 0.4% risk over 1 year [265, 268, 272, 273, 274]. The maximum risk level of

heart attack was thus set at 2% (or 2 cases per 100 person years), with intermediate

levels set at 0.5% and 1%.

Studies have suggested that the risk of gastrointestinal complications among NSAID

users is between 0.5-4% during a one-year period [266, 273, 275, 276, 277, 278, 279,

280]. The risks vary depending on the NSAID used, dose and drug exposure time and

the use of preventative treatments (e.g., misoprostol or proton pump inhibitors), as

well as characteristics of the person, such as age and history of gastrointestinal events
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[275, 278, 279, 280, 281]. To cover the range of potential clinically relevant values,

the risk levels included were an absolute risk of 0%, 1%, 2% and 4%. Absolute risk

levels were used instead of increased risk compared with the general population to

make interpretation less cognitively demanding for participants.

4.2.2.3 Duration of symptom relief

This attribute captured the improvement in the person’s outcomes gained from taking

a course of medication or continuously taking the medication, rather than the duration

of symptom relief gained from a single dose. The levels of duration for this attribute

reflected commonly assessed time points in studies of NSAIDs for osteoarthritis [269,

282, 283, 284]. As he majority of trials included a 3-month and 6-month outcome

assessment, these were included as intermediate levels. Levels of duration of 1 month

and 12 months were also used to ensure the results would be applicable to the length

of follow-up assessment in the majority of randomised trials of NSAID treatments.

4.2.3 Experimental design

Each choice task involved comparing two medications. An example choice task is

shown in Figure 4.2. An example including the text presented at the start of the

choice task is presented in Appendix C.2. An opt-out option, for example, to be

able to choose to take neither medication, would have allowed estimation of uptake

of different medications among the osteoarthritis population. However, an opt-out

option was not included because this would increase the cognitive demand of the

task and medication uptake was not being considered. Unlabelled profiles (where

medication names are not given) were used to prevent the participant from introducing

prior knowledge or previous experiences into the choice task, as was found by Rochon

et al. [285].

107



Figure 4.2: Example choice task

Figure reproduced from the author-accepted manuscript Copsey et al. (2019) [271], published with

permission.
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Detailed descriptions of the attributes and levels and an example question were pre-

sented before the choice tasks to improve respondent comprehension. The practice

choice task included a dominated alternative, where one medication was the same or

better than the other medication for all attributes. The hypothetical scenario that

the participant should imagine was repeated at the beginning of each choice task as

a reminder and to re-iterate that participants should imagine being in this situation,

rather than considering their current condition.

The questionnaire was piloted using a sample of patient representatives to ensure

that the language used was clear and lay-person friendly, as well as checking that the

questionnaire was not too cognitively burdensome to complete.

Including all possible combinations of different levels for all attributes (a full factorial

design) is often infeasible because it requires an infeasibly large number of choice

tasks. Therefore, a fractional factorial design was used, where participants completed

a subset of all possible pairs of medication options. The number of choice tasks to

be completed per participant was limited to 17 (16 tasks with 1 duplicate to check

consistency). All participants completed the same set of choice tasks. Completion

of 16 choice tasks has been found to be feasible, including for older populations

[236, 260, 286].

The 16 choice tasks were selected to produce an experimental design with a high

level of d-efficiency. A design with a high level of d-efficiency minimises the level

of imprecision around the estimates of the model parameters [287]. Optimising on

d-efficiency allows the selection of the smallest possible design (reducing the number

of choice tasks) that allows precise estimation of all required parameters. The final

design of 16 choice tasks was able to achieve high levels of d-efficiency, whilst limiting

cognitive burden and avoiding errors from respondent fatigue or boredom [288, 289].
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The experiment used a fractional factorial design consisting of 16 choice tasks on 6

attributes with 4 levels. The experimental design was developed using Ngene soft-

ware to produce a maximally efficient design [290]. Treatment effect attributes were

included as effects-coded variables. Risk attributes were entered as continuous vari-

ables, assuming linearity based on evidence from prior discrete choice experiments

[291].

Fixed prior values of zero were used to generate the experimental design for the pilot

questionnaire. For the main design, coefficients from analysis of the pilot data were

used as priors. A model-averaging approach was used, based on (i) a model where all

coefficients were used as the prior values and (ii) a model where zero priors were used

for the function and duration attributes as the coefficients followed a logical direction.

The same process was used to select a final experimental design for both the pilot

and main survey. From the 10 most efficient designs, the designs containing dominant

choice tasks (tasks where one choice was equivalent or superior to the alternative

choice for all attributes), without balanced levels (the levels of an attribute were

presented an unequal number of times) and level overlap (attributes having the same

level in both alternatives in a single choice task) were excluded. Of the remaining

designs, the design with the highest d-efficiency was selected. The results from the

pilot survey that were used to determine the priors were not included in the main

analysis.

Ngene code is presented in Appendix C.4 and the experimental designs for the pilot

and main questionnaires are presented in Appendix C.5.
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4.2.4 Data collection

The main survey sample was recruited from a chronic pain panel via a market research

company, ResearchNow. Participants were eligible to complete this survey if they were

UK residents at least 18 years of age, had a self-reported diagnosis of hip and/or knee

osteoarthritis and provided informed consent.

The survey was delivered in an online format using LimeSurvey software [292]. Par-

ticipants had previously consented to be part of a market research panel and be con-

tacted by ResearchNow regarding surveys. Participants received an invitation from

ResearchNow with an online link to the survey. Each participant received points from

ResearchNow for completing the survey that could be redeemed for rewards, such as

online shopping vouchers.

Participants provided additional demographic information on age, gender, work status

and co-morbidities. Information on their condition was also assessed, including disease

duration and prior treatments. The WOMAC outcome measure was used to assess

disease severity using the pain, stiffness and function subscales (Likert scale version

3.1) [261]. Additional items assessed the participant’s mood, level of optimism and

risk-taking attitude.

Participants were also asked to rate the overall difficulty of completing the choice

tasks to enable assessment of the cognitive demand of comparing the profiles.

Ethical approval was obtained from the University of Oxford Central University Re-

search Ethics Committee [reference R55785/RE002].
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4.2.5 Statistical analysis

The target sample size was 300 participants. Historically, formulas to calculate the

sample size of a discrete choice experiment have been rules of thumb based on the

number of attribute levels. Reviews have found that around 40% of discrete choice

experiments recruited 100-300 participants [293, 294]. Orme recommends a sample

size of 300 as a rule of thumb for main effects analyses [295]. Subgroup analysis was

considered exploratory.

Descriptive statistics were used to summarise the sample of participants, including

age, gender, prior treatment and disease severity. Continuous variables were sum-

marised using the mean and standard deviation. Categorical variables were described

using the frequency and proportion of responses.

The responses to the choice questions were assessed using three methods:

1. Consistency check: A duplicate choice task was presented to assess whether

participants selected the same response when presented with the same choice

task later in the survey.

2. Rationality check: A choice task with a dominated alternative was included,

such that one medication option was at least as good or ‘better’ than the other

option on all attributes.

3. Dominance check: Choices made by each respondent were compared to alter-

native choice profiles that assumed that respondents focused only on a single

attribute. The similarity between the respondents’ choices and the alternative

choice profiles was examined for each of the individual attributes to explore

whether participants were considering all of the presented attributes. Domi-

nance was considered to be indicated if participants chose the medication with

the ‘better’ level for the single attribute in at least 14 of the 16 choice tasks.
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Effects-coding was used for the attributes of pain, function, stiffness and duration of

effect. These attributes were not expected to have a linear effect [214]. In effects

coding, the coefficient for the reference category (severe or 12 months) is calculated

by negating the sum of the coefficients for the other levels. The coefficient for the

reference term is thus not encompassed in the intercept term (unlike conventional

dummy coding), allowing the intercept in this study to be meaningfully interpreted

because it only represented the preference of choosing the medication option shown

on the left over the option shown on the right, regardless of the levels of the attributes

[296]. Effects-coding also allowed estimation of interaction effects between attributes

as the interaction was based on the ‘central level’ for one variable, as opposed to at

the reference level.

There were no missing data because it was mandatory for participants to complete

all items of the online survey before submitting their responses.

4.2.5.1 Regression analysis

Two forms of logistic regression were used to model the responses to the choice tasks

because the choice response was a dichotomous variable: each medication was either

selected or not.

Attributes of pain, stiffness, function and duration of treatment effect were included

as effects-coded variables. The base levels were ‘severe’ for the WOMAC domain

attributes and ‘1 month’ for duration. Risk attributes for heart attack and stomach

ulcer bleeding were included as continuous variables, assuming a linear form.

The magnitude, direction and level of significance of the attribute-level coefficients

are reported. For each attribute, statistical significance was defined as a two-sided

p-value below 0.05. The relative importance of the attributes is presented graphically,

showing the effects-coded coefficients with the corresponding 95% confidence interval.
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Conditional logistic regression analysis

Conditional logistic regression was used because it allowed the model to account

for the ‘matching’ within each choice task, in that each medication A profile was

compared to a single medication B profile. It conditioned on the fact that either

medication A or medication B must be selected; participants could not select nei-

ther or both medications. A positive coefficient for an attribute in this regression

represented an improvement in utility, with a higher coefficient indicating a greater

probability of choosing the medication. This did not account for the repeated-task

nature of the experiment, where the same participant responded to multiple choice

tasks. The main analysis used a conditional logistic regression model using the clogit

command in Stata [297].

Alternative-specific conditional regression was not used because no variables were

case-specific and alternatives were unlabelled. However, the alternative-specific con-

ditional regression following McFadden’s choice model produced very similar results

to the standard conditional regression [298].

Mixed effects regression analysis

As a secondary analysis, a mixed effects model was used to account for preference

heterogeneity. The simulation used 400 random Halton draws. Mixed logit models

must be evaluated numerically as they do not have a closed form. Halton sequences

are superior to random draws as they reduce the run time and reduce simulation error

in mixed logit analyses [299].

Initially, all variables were included as random effects and those with non-significant

standard deviations were included as fixed effects variables in a stepwise procedure.

In the mixed effects analysis, the terms where the standard deviation of the coeffi-
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cient was statistically significant were included as random effects in the final model

because a significant standard deviation is indicative of preference heterogeneity. In

the final model, fixed effects variables were stiffness (none and moderate), pain (mod-

erate), function (mild and moderate), and duration (3 and 6 months). Random effects

variables were pain (none and mild), duration (12 months), stiffness (mild), risk of

heart attack and risk of stomach ulcer bleeding. All random-effects coefficients were

assumed to be normally distributed. In the final mixed effects model, random coeffi-

cients were specified to be potentially correlated. Density functions for the random

effects coefficients were produced using the conditional expectation of the coefficient

for each respondent with 500 random Halton draws [300].

Interpreting the model coefficients

The formula for the probability of choosing medication A is:

exp(
∑
βiA)

exp(
∑

i βiA)+exp(
∑

i βiB)
(4.1)

where βiA is the coefficient in the model for the level of medication A for the ith

attribute.

Focusing on the difference in the sums of the coefficients, Equation 4.1 can be re-

arranged to:

exp(
∑
βiA)

exp(
∑

i βiA)+exp(
∑

i βiB)
= 1

exp(
∑

i βiA−βiB)+1
(4.2)

An example of calculating the probability of choosing a medication is presented in

Appendix C.6.
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Marginal rates of substitution and the willingness-to-risk were calculated to indicate

the trade-off between different attributes.

The marginal rate of substitution (MRS) between attributes x and y is:

MRSx,y = coeff(x)
coeff(y)

(4.3)

When the MRS is equal to 1, the two attributes have the same coefficient and therefore

have an equal effect on medication choice. When the MRS is equal to 2, the coefficient

for attribute x is twice the coefficient for attribute y and attribute x has twice the

effect on medication choice. If the attributes are measured on the same scale, have

an MRS of 2 and medication A is higher than medication B in attribute x by value

V , medication B will be:

� preferred to medication A if medication B is higher in attribute y by more than

2V ,

� equivalent to medication A if medication B is higher in attribute y by exactly

2V ,

� not preferred to medication A if medication B is higher in attribute y by less

than 2V .

The risk attributes were entered as continuous parameters and thus the coefficients

could be interpreted in terms of the level of risk participants would be willing to

accept. The rate at which respondents were willing to trade off between the attributes

was calculated relative to the risk attributes. For example, the increase in risk of heart

attack the respondent was willing to trade off to reduce their pain level from severe

to none, rather than severe to mild, was calculated.
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The willingness-to-risk is:

WTRi−j =
coeff(xi)−coeff(xj)

coeff(risk)
(4.4)

where coeff(xi) is the coefficient for the ith level of attribute x. If medication A has

level i for attribute x and medication B has level j for attribute x, then:

� medication A will be preferred if the risk for medication B is higher by more

than WTR,

� medications A and B will be equivalent if the risk for medication B is higher by

exactly WTR,

� medication B will be preferred if the risk for medication B is higher by less than

WTR.

4.2.5.2 Sensitivity analyses

Sensitivity analyses were performed to test the robustness of the results to different

model assumptions [301, 302, 303]. Sensitivity analyses were conducted excluding:

� Respondents who failed the rationality check (selected a dominated alternative),

� Respondents who failed the consistency check (selected different medications

when presented with the same choice task on different occasions),

� Respondents who found it difficult to choose between medications during the

choice tasks (selecting ‘quite difficult’ or ‘very difficult’), and

� Respondents who found it difficult to imagine a hypothetical scenario when

completing the choice tasks (selecting ‘quite difficult’ or ‘very difficult’).
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4.2.5.3 Exploratory and subgroup analyses

Subgroup analyses were performed using interaction terms to explore differences in

the results due to age, gender, baseline disease severity or previous joint replacement

surgery. However, these additional analyses were considered exploratory due to the

anticipated low level of precision. Interaction terms were included between baseline

covariates and all attributes and levels for age, baseline score and gender.

Additional exploratory subgroup analyses for specific attributes were:

� Prior stomach bleed combined with risk of stomach bleed

� Prior heart attack combined with risk of heart attack

� Risk-taking attitude combined with risk of stomach bleed and risk of heart

attack

� Time since diagnosis combined with duration

Age and the total WOMAC score at baseline were assumed to be continuous linear

terms in the interactions. Prior stomach bleed and prior heart attack were included

as dummy variables (classified as having the prior event if the respondent replied ‘yes’

and not having the event if they replied ‘no’ or ‘don’t know’). Risk-taking attitude

was included as two dummy variables, one for a response of ‘risk loving’ and one for

a response of ‘risk averse’ (the base case response was ‘risk neutral’ or ‘don’t know’).

Time since diagnosis was included as two dummy variables, one for 3-5 years and one

for 6 or more years since diagnosis (the base case response was less than 3 years since

diagnosis or ‘don’t know’).

Interactions for each covariate were tested in separate models. In the mixed effects

model, interaction terms were initially assumed to be random effects and replaced

as fixed effects terms if the standard deviation for the coefficient was non-significant.
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Following this, significant interaction terms were combined in a single model and

non-significant interactions were sequentially removed.

There were insufficient degrees of freedom to fully test interactions between the dura-

tion and treatment effect attributes. Exploratory analyses were conducted excluding

non-significant attributes and including interaction terms between pain and duration.

All analyses of interaction effects should be interpreted with caution, due to potential

design inefficiency and lack of power.
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4.3 Results

4.3.1 Respondent characteristics

Of the 547 potential participants who clicked the link to enter the survey, 342 were

eligible and consented to participate. Of the 342 eligible and consenting respon-

ders, 300 participants completed the survey and were included in the analysis (88%,

n=300/342).

The demographics of the 300 respondents are described in Table 4.2. The average

age of respondents was 60 years old. Most participants had osteoarthritis in their

knees, hips and hands and had been treated previously with exercise, physiotherapy

and medication treatments. Around a quarter of participants had undergone joint

replacement surgery (n=83, 28%). The majority of participants had been diagnosed

with osteoarthritis for at least 3 years and also suffered from high blood pressure.

Respondents were evenly balanced in terms of their sex (male/female) and work status

(working/retired). The majority of participants had moderate levels of symptoms

on the WOMAC pain, function and stiffness subscales and had good mental health

status, with high levels of optimism generally.
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Table 4.2: Demographics of the discrete choice experiment respondents

Mean (SD) or n Range or %

Age (years) 60.5 (SD 13.3) 23-92

Sex:
Male 136 45.3%
Female 164 54.7%

Work status:
Working full-time 76 25.3%
Working part-time 38 12.7%
Homemaker / caregiver 14 4.7%
Retired 141 47.0%
Unemployed 17 5.7%
Other 14 4.7%

Osteoarthritis sites:
Shoulder 111 37.0%
Elbow 65 21.7%
Hip 186 62.0%
Hand or wrist 158 52.7%
Knee 241 80.3%
Foot or ankle 97 32.3%

Number of osteoarthritis sites:
Single site 83 27.7%
Multiple sites 217 72.3%

Prior treatment:
Medication (tablet) 229 76.3%
Medication (cream or gel) 156 52.0%
Injection 96 32.0%
Physiotherapy 155 51.7%
Exercise 152 50.7%
Joint replacement surgery 83 27.7%

Prior injury of knee or hip before 95 31.7%
osteoarthritis

Medications:
Warfarin 53 17.7%
Glucocorticoid 87 29.0%
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Table 4.2: Demographics

Mean (SD) or n Range or %

General health:
Excellent 24 8.0%
Very good 59 19.7%
Good 97 32.3%
Fair 74 24.7%
Poor 46 15.3%

Time since osteoarthritis
diagnosis:
Less than a year 14 4.7%
1 - 2 years 39 13.0%
3 - 5 years 79 26.3%
6 - 10 years 70 23.3%
Over 10 years 93 31.0%
Don’t know 5 1.7%

WOMAC scores:
WOMAC pain 8.1 (SD 4.7) 0-20
WOMAC stiffness 3.5 (SD 1.9) 0-8
WOMAC function 27.4 (SD 16.6) 0-68
WOMAC total 39.0 (SD 22.3) 0-96

Co-morbidities:
Stomach bleed 42 14.0%
Peptic ulcer disease 45 15.0%
Stroke 43 14.3%
Heart attack 40 13.3%
High blood pressure 162 54.0%
Other heart problems 66 22.0%

Time during the past four weeks
felt calm and peaceful:
None of the time 21 7.0%
A little of the time 73 24.3%
Some of the time 72 24.0%
Good bit of the time 50 16.7%
Most of the time 66 22.0%
All of the time 18 6.0%
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Table 4.2: Demographics

Mean (SD) or n Range or %

Time during the past four weeks
felt downhearted and blue:
None of the time 60 20.0%
A little of the time 79 26.3%
Some of the time 59 19.7%
Good bit of the time 43 14.3%
Most of the time 33 11.0%
All of the time 26 8.7%

Level of optimism:
Very optimistic 64 21.3%
Quite optimistic 121 40.3%
Neither optimistic, nor pessimistic 66 22.0%
Quite pessimistic 25 8.3%
Very pessimistic 17 5.7%
Don’t know 7 2.3%

Risk-taking attitude:
Risk loving 42 14.0%
Risk neutral 109 36.3%
Risk averse 146 48.7%
Don’t know 3 1.0%

SD: Standard deviation.
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The continuous demographic variables were approximately normally distributed. The

histograms for the distribution of the WOMAC subscales, WOMAC total score and

age are presented in Figure 4.3.

Figure 4.3: Histograms of WOMAC scores and age

(a) WOMAC total score (b) WOMAC pain subscale

(c) WOMAC stiffness subscale (d) WOMAC function subscale

(e) Age
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4.3.2 Assessments of difficulty, rationality and consistency

Most participants found it ‘quite easy’ or ‘quite difficult’ to choose between the two

medications presented in the choice tasks (Table 4.3). Very few respondents found

it ‘very difficult’ to choose between the two medications (n=10/300, 3%). When

performing the choice tasks, the majority of participants reported that it was easy to

consider an imaginary patient scenario, rather than their own situation.

Table 4.3: Difficulty performing choice tasks

n %

Level of difficulty choosing
between two medications:
Very easy 42 14.0%
Quite easy 98 32.7%
Neither easy, nor difficult 50 16.7%
Quite difficult 100 33.3%
Very difficult 10 3.3%

Level of difficulty considering
an imaginary patient scenario:
Very easy 69 23.0%
Quite easy 94 31.3%
Neither easy, nor difficult 66 22.0%
Quite difficult 59 19.7%
Very difficult 12 4.0%

When presented with a duplicate task later in the survey (tasks 4 and 17 were identi-

cal), around a fifth of respondents selected a different medication (n=55/300, 18%).

A small proportion of respondents failed the rationality check by selecting a domi-

nated alternative during a practice choice task (n=20/300, 7%). Participants who

failed the rationality check were more likely to fail the consistency check (n=9/20,

45% compared to n=46/280, 16% ). There was no association between the difficulty

ratings and failing the rationality or consistency check.
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Most participants spent 10-20 minutes on the survey, with 10-40 seconds spent on

each choice task. The median time to complete a single choice task was 26 seconds

(IQR 17 to 35), ranging from 3 seconds to 5 minutes. The median time to complete

the full survey was 18 minutes (IQR 14 to 26), ranging from 3 minutes to 2.75 hours.

Of the 300 participants, 250 spent less than 30 minutes on the survey, 35 spent 30-45

minutes and only 15 took more than 45 minutes to complete the survey. Participants

who took longer than 45 minutes usually had a large gap between two questions,

indicating that they took a break from the survey. For example, one participant

finished the survey 1 hour and 40 minutes after starting but spent 1 hour and 10

minutes on a single choice task. In this case, it is likely that the participant was not

working on the survey during this period.

4.3.3 Results of the conditional logistic regression model

The coefficients of the conditional logistic regression model demonstrated the impor-

tance of the different attributes and levels. As mentioned in Section 4.2.5.1, a positive

coefficient for an attribute in this regression represented an improvement in utility,

with a higher coefficient indicating a greater probability of choosing the medication.

The coefficients for this model are shown in Table 4.4 and presented graphically in

Figure 4.4.
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Table 4.4: Coefficients from fixed effects conditional logit model

Coefficient 95% LCI 95% UCI*

Pain None 0.28865 0.22186 0.35545
Mild 0.31266 0.24365 0.38167
Moderate -0.07161 -0.13938 -0.00383
Severe -0.52971 -0.60751 -0.45190

Stiffness None 0.06354 -0.00895 0.13603
Mild 0.03014 -0.03643 0.09670
Moderate 0.03809 -0.03091 0.10710
Severe -0.13177 -0.20066 -0.06288

Function None 0.20856 0.14317 0.27393
Mild 0.05509 -0.01518 0.125362
Moderate 0.04310 -0.02426 0.11045
Severe -0.30675 -0.37189 -0.24160

Duration 12 months 0.35157 0.27998 0.42316
6 months 0.03287 -0.03123 0.09698
3 months -0.01916 -0.08358 0.04527
1 month -0.36529 -0.43880 -0.29178

Heart attack risk 0% 0 - -
0.5% -0.11942 -0.14547 -0.09337
1% -0.23884 -0.29094 -0.18675
2% -0.47769 -0.58188 -0.37350

Stomach bleed risk 0% 0 - -
1% -0.25894 -0.28792 -0.22996
2% -0.51788 -0.57584 -0.45992
4% -1.03576 -1.15168 -0.91983

* LCI: Lower confidence interval, UCI: Upper confidence interval.



Figure 4.4: Coefficients for fixed effects model



The coefficients displayed a logical direction for most between-level differences, with

lower risk, fewer severe symptoms and longer duration of effect being seen as more

favourable. Illogical directions in the coefficients were seen between ‘none’ and ‘mild’

levels for pain and ‘mild’ and ‘moderate’ levels for stiffness. However, the difference

in the coefficients between adjacent levels was small in both cases.

The overall ‘height’ of each attribute in Figure 4.4 indicates that stiffness was not

considered important. However, the results suggested that the levels of all other

attributes were associated with medication choice. Pain symptoms, duration of overall

effect and risk of stomach ulcer bleeding were seen as the most important attributes,

with physical function and risk of heart attack seen as important to a lesser extent.

For duration, there were important differences between 6 months and 12 months,

and between 1 month and 3 months. However, there was a plateau between the

two intermediate levels, suggesting that participants did not differentiate between

effects lasting 3 and 6 months. There was a similar pattern for function, where the

importance of ‘mild’ and ‘moderate’ levels were not significantly different.

For pain, there were large differences in importance between mild, moderate and

severe levels. However, ‘no pain’ and ‘mild pain’ had similar levels of importance.

A marginal rate of substitution close to 1 suggested that participants would trade-off

a 1% increase in the risk of heart attack for a 1% reduction in the risk of stomach

ulcer bleeding.

The difference between the coefficients for duration for 12 months and 1 month was

0.72 (0.35 to -0.37, Table 4.4). The marginal rate of substitution relative to risk of

heart attack was 3 (0.72 / 0.24, Appendix C.7). Participants would thus trade-off an

increase in the risk of heart attack of 3% for an increase in the duration of treatment

effect from 1 month to 12 months. The values were similar relative to the risk of

stomach ulcer bleeding.
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None of the pre-planned sensitivity analyses produced any changes in the predicted

medication choice for the different tasks or any large differences in the magnitude

of the coefficients. The model was able to predict the actual medication chosen for

64% of the choice tasks (n=3059/4800). For all tasks except 1 (task 15 of 16), the

medication predicted by the model was the medication most commonly chosen by the

respondents (Table 4.5). The area under the curve (AUC) was calculated to be 0.68

(95% CI 0.67 to 0.70).

Table 4.5: Predictive ability of fixed effects model by choice task

Choice Predicted Probability of selecting Proportion selecting
task medication predicted medication predicted medication

(from model) (in sample)

1 Medication A 65.3% 68.3%
2 Medication A 56.7% 62.0%
3 Medication B 87.0% 84.3%
4 Medication B 62.1% 57.7%
5 Medication A 82.7% 85.3%
6 Medication A 61.4% 66.0%
7 Medication B 70.2% 66.7%
8 Medication B 60.0% 55.7%
9 Medication A 65.4% 69.3%
10 Medication B 55.6% 50.3%
11 Medication A 56.1% 61.0%
12 Medication A 62.3% 65.7%
13 Medication B 64.3% 60.7%
14 Medication B 55.6% 52.3%
15 Medication B 52.7% 49.3%
16 Medication A 62.0% 65.0%
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The effect on the probability of choosing a medication of a one-level improvement in

each attribute is shown in Appendix C.8.

The number of participants who presented with dominant preferences (14 or more

choices matching the dominant alternative for one attribute) is shown in Table 4.6.

Very few participants selected based on only a single attribute. The attributes where

several participants selected the dominant alternatives for the majority of the choice

tasks were pain and risk of stomach ulcer bleeding.

Table 4.6: Participants exhibiting dominant preferences

Attribute Proportion selecting dominant alternative:

In 14 or more tasks In all 16 tasks

Pain 26 (8.7%) 4 (1.3%)
Stiffness 0 (0%) 0 (0%)
Function 7 (2.3%) 0 (0%)
Duration 5 (1.7%) 2 (0.7%)
Risk of heart attack 2 (0.7%) 1 (0.3%)
Risk of stomach ulcer bleeding 22 (7.3%) 2 (0.7%)

4.3.4 Results of mixed effects model

The fixed-effects coefficients and mean values for the random-effects coefficients in-

dicated the same relative preferences between the attributes and levels. Although

the probabilities of selecting each medication differed between the participants, the

predicted medication choice did not vary between the fixed-effects and mixed-effects

models. The similarity between the two models can be seen visually by comparing

Figures 4.4 and 4.5. Using a mixed effects model, the AUC remained at 0.68 (95%

CI 0.67 to 0.70), showing no improvement in the predictive ability of the fixed effects

model.
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However, the mixed effects model added information because it indicated the presence

of preference heterogeneity for certain attributes and levels (Table 4.7). The standard

deviation was significant for pain (none and mild), stiffness (mild), function (none),

duration (12 months), risk of heart attack and risk of stomach ulcer bleeding. With

the exception of mild stiffness, where the main effect was non-significant, all other

levels where preference heterogeneity was present were the most extreme levels, with

coefficients greater than 0.45. The standard deviation was larger than or close to the

mean value for the coefficient, indicating high levels of heterogeneity. This suggests

that heterogeneity in participant preferences was related to the relative importance

of large improvements in symptoms, improvements lasting for a long period of time

and associated risks of treatment.



Figure 4.5: Coefficients for mixed effects model

Figure reproduced from the author-accepted manuscript Copsey et al. (2019) [271], published with permission.



The results of the mixed effects model can be more easily interpreted by calculating

the willingness-to-risk. Table 4.8 demonstrates the maximum increase in the risk of

heart attack that a participant was willing to accept for a given increase in treatment

effect. All other attributes being constant, medications A and B were seen as equiv-

alent if medication A reduced pain to moderate and medication B reduced pain to

mild but medication B had 1.2% higher risk of heart attack. As a second example,

if a person’s current medication reduced their stiffness to ‘mild’, then they would

switch to a different medication that offered the same treatment effects on pain and

function but would reduce their stiffness to ‘none’ only if the new medication had at

most 0.1% higher risk of heart attack.

Comparing benefits and risks associated with the treatment, participants were willing

to accept an increase in the risk of heart attack of 2.6% to increase the duration of

the treatment effect from 1 month to 12 months. To reduce symptoms from ‘severe’

to ‘none’, respondents would be willing to accept an increased risk of heart attack

of 2.1% for improvements in function, and 3.1% for improvements in pain symptoms

(Table 4.8).
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Table 4.7: Coefficients from mixed effects logit model

Coefficient 95% LCI 95% UCI*

Mean:

Pain None 0.52020 0.39721 0.64319
Mild 0.53673 0.41536 0.65811
Moderate -0.04781 -0.14337 0.04775
Severe -1.00912 -1.22513 -0.79311

Stiffness None 0.11672 0.02148 0.21196
Mild 0.06088 -0.03603 0.15779
Moderate 0.06177 -0.02271 0.14625
Severe -0.23937 -0.34103 -0.13770

Function None 0.45272 0.32141 0.58403
Mild 0.12813 0.03410 0.22215
Moderate 0.00092 -0.08692 0.08877
Severe -0.58177 -0.70805 -0.45549

Duration 12 months 0.63846 0.48101 0.79591
6 months 0.06214 -0.01866 0.14294
3 months -0.03104 -0.11067 0.04858
1 month -0.66956 -0.82973 -0.50939

Risk of heart attack -0.49789 -0.61133 -0.38444
Risk of stomach ulcer bleeding -0.47407 -0.55524 -0.39289

SD:

Pain None 0.69390 0.55868 0.82912
Mild 0.56137 0.41953 0.70322

Stiffness Mild 0.32988 0.21653 0.44323

Function None 0.69724 0.56001 0.83447

Duration 12 months 0.56718 0.41081 0.72355

Risk of heart attack 0.54769 0.42734 0.66804
Risk of stomach ulcer bleeding 0.47850 0.40304 0.55397

* LCI: Lower confidence interval, UCI: Upper confidence interval.
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Table 4.8: Trade-offs between treatment effectiveness and risk of heart attack #

Improvement in treatment effect: Maximum risk increase
willing to accept (%)

Willingness LCI UCI
to risk

Pain Severe to moderate 1.9 1.4 2.5
Moderate to mild 1.2 0.8 1.6
Mild to none 0.0 -0.3 0.2
Total: severe to none 3.1 2.4 3.7

Stiffness Severe to moderate 0.6 0.3 0.9
Moderate to mild 0.0 -0.3 0.3
Mild to none 0.1 -0.2 0.4
Total: severe to none 0.7 0.4 1.0

Function Severe to moderate 1.2 0.8 1.6
Moderate to mild 0.3 0.0 0.6
Mild to none 0.7 0.3 1.0
Total: severe to none 2.1 1.6 2.6

Duration 1 month to 3 months 1.3 0.9 1.7
3 months to 6 months 0.2 -0.1 0.4
6 months to 12 months 1.2 0.8 1.5
Total: 1 month to 12 months 2.6 2.0 3.2

* LCI: Lower confidence interval, UCI: Upper confidence interval.
#

Coefficients were translated into willingness to risk heart attack because willingness to
risk stomach ulcer bleeding varied with disease severity.
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The overall importance of the treatment effect attributes can be demonstrated by

assessing the trade-off in the risk of serious events that the respondents were willing

to make to improve the treatment effect from the worst to the best levels (Figure

4.6). Pain was the most important attribute overall. Participants would be willing to

increase the risk of heart attack by 3.1% to increase the medication’s effectiveness in

reducing their pain from severe to none. Participants were willing to increase the risk

of heart attack by only 0.7% to increase the medication’s effectiveness in reducing

their stiffness from severe to none.

Assume that two medications are identical apart from their effect on stiffness and

risk of heart attack. If medication A has no effect on stiffness (i.e., stiffness remains

severe) and medication B reduces stiffness from ‘severe’ to ‘none’, then participants

will prefer medication B over medication A if the risk of heart attack is at most 0.7%

higher for medication B compared to medication A.

The trade-off in terms of the risk of heart attack was similar to the trade-off in terms

of the risk of stomach ulcer bleeding because of the similarity in the coefficients of

the two risk attributes.

Although very few respondents exhibited dominant preferences, dominant preferences

were more common for the pain and ulcer bleeding attributes (Table 4.6). This

supports the finding that the effect on pain was highly important.
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Figure 4.6: Importance of treatment effect and duration attributes: willingness to
trade-off improvement from worst to best level in terms of risk of heart attack
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The density functions of the random effect coefficients are shown in Figure 4.7. The

stiffness coefficient has approximately symmetric distribution, indicating that, while

there was some heterogeneity, it was centred on the average coefficient (Figure 4.7(d)).

The pain (mild) coefficient indicates heterogeneity in preferences, with two peaks in

the distribution of the coefficients (Figure 4.7(b)). The pain (none) and function

(none) coefficients have flatter distributions, suggesting some evidence of heterogene-

ity (Figures 4.7(a) and 4.7(c)). The risk attributes and duration coefficients demon-

strate heterogeneity by the somewhat skewed distribution (Figures 4.7(e), 4.7(f) and

4.7(g)). This suggests that the majority of participants placed high importance on

increasing duration of effect to 12 months with a minority group placing very low im-

portance on this difference. Similarly, for the risk attributes, the majority of partici-

pants considered risks to be important, with a 1% change in risk having a coefficient

of between 0 and -0.5. However, there were also many participants who considered

risks to be extremely important, with coefficients up to 1.5.
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Figure 4.7: Density functions of random effects coefficients

(a) Pain (none) (b) Pain (mild)

(c) Function (none) (d) Stiffness (mild)

(e) Risk of heart attack (f) Risk of stomach ulcer bleeding

(g) Duration (12 months)
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4.3.5 Exploratory subgroup analysis: Interactions with

respondent characteristics

The results of the subgroup analysis presented below are based on including interac-

tion terms in the mixed effects model. The results of including interaction terms in

the conditional logistic regression model are presented in Appendix C.9.

Subgroup analysis of the WOMAC score using single interaction terms suggested

that there were three potentially significant interactions: WOMAC score and (i)

stomach bleed risk, (ii) heart attack risk and (iii) function (moderate). The only

other significant interaction term identified in the single interaction models was prior

joint replacement and risk of heart attack. When these terms were combined into a

single model, the only remaining significant interaction term was WOMAC score and

stomach bleed risk. The results of the final model including the significant interaction

term are presented in Table 4.9. This model indicated that respondents with more

severe disease placed less importance on the risk of stomach ulcer bleeding.

The model with interaction terms predicted different medication choices from the

main model for 3% of choice tasks (n=153/4800). The discrepancies mostly affected

respondents with very low or very high WOMAC scores and related almost exclusively

to 2 of the 16 choice tasks (151 of the 153 tasks). Both choice tasks (10 and 15) had

predicted probabilities close to 0.5 in the main mixed effects model, and there were

large differences between the two medications in the risk of stomach ulcer bleeding

(0% or 1% compared to 4% risk).



Figure 4.8: Trade-off between maximal improvement in attributes in terms of increased risk of heart attack: increasing impor-
tance of stomach bleed risk for respondents with less severe disease symptoms



Figure 4.8 shows the difference in the importance of different attributes, relative to

the risk of heart attack. To reduce the risk of stomach ulcer bleeding from 4% to 0%,

respondents with an average WOMAC score (39 out of 96) would accept a 4% increase

in the risk of heart attack, compared to 5% for the minimum WOMAC score of 0 out

of 96 and 2% for the maximum WOMAC score of 96 out of 96. For participants with

the minimum WOMAC score (0 out of 96), the risk of stomach ulcer bleeding was the

most important attribute, whereas for participants with a moderate WOMAC score

(48 out of 96), the risk of stomach ulcer bleeding was of similar importance to pain.

The difference in the importance of risk of stomach bleeding can be also shown in

terms of participants’ willingness-to-risk. A participant with a severe WOMAC score

(72 out of 96) would be willing to change from medication A giving moderate pain

to medication B that gives mild pain if the increase in the risk of heart attack is no

more than 1.7% higher than for medication A. Alternatively, a participant with a

mild WOMAC score (24 out of 96) would be willing to accept medication B if the

increase in the risk of stomach ulcer bleeding is no more than 1.1% higher than for

medication A. Because participants with more severe disease placed less importance

on the risk of stomach ulcer bleeding, they would accept a higher increased risk for

the same improvement in pain.

Including an interaction between the WOMAC score and risk of stomach ulcer bleed-

ing gave similar results to the main mixed effects analysis, indicating heterogeneity

in the importance of the risk attributes (Section 4.3.4 and Figure 4.7). However,

there remained a high level of preference heterogeneity that was not explained by the

subgroup analyses. In addition, including the interaction term in the mixed effects

model did not improve the predictive ability of the model; the AUC and corresponding

confidence interval did not change.
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Table 4.9: Coefficients from mixed logit model with interaction terms

Coefficient 95% LCI 95% UCI*
Main effects:

Pain None 0.53137 0.40737 0.65537
Mild 0.53712 0.41435 0.65989
Moderate -0.05553 -0.15307 0.04202
Severe -1.01297 -1.23452 -0.79141

Stiffness None 0.11199 0.01681 0.20717
Mild 0.06952 -0.02990 0.16894
Moderate 0.06319 -0.02166 0.14804
Severe -0.24470 -0.34825 -0.14115

Function None 0.45589 0.32423 0.58755
Mild 0.13141 0.03726 0.22555
Moderate 0.00052 -0.08793 0.08898
Severe -0.58782 -0.71452 -0.46111

Duration 12 months 0.62458 0.46308 0.78608
6 months 0.06569 -0.01521 0.14659
3 months -0.02506 -0.10479 0.05468
1 month -0.66521 -0.82969 -0.50074

Heart attack risk -0.48324 -0.59213 -0.37434

Stomach bleed risk -0.46728 -0.54444 -0.39011

Interactions:

WOMAC score x 0.00375 0.00167 0.00583
Stomach bleed risk

* LCI: Lower confidence interval, UCI: Upper confidence interval.
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4.3.6 Trade-off between pain and duration

The trade-off between duration and treatment effect was more complex to determine

because both were included as effects-coded variable. However, marginal rates of

substitution provided some insight into the potential trade-off.

As an example, consider two medications with equal utility scores: Medication A

results in mild pain and has a treatment effect lasting 1 month. Medication B results

in moderate pain and has a treatment effect lasting 3 months.

Table 4.8 showed the trade-off that participants were willing to make that increased

the risk of heart attack. showing that several improvements in the treatment effect

or extensions in the duration of treatment effect were equivalent. A reduction in the

risk of heart attack by approximately 1.2% was equivalent to any of the following:

� Reducing effectiveness on reducing pain from moderate to mild,

� Increasing the duration of treatment effect from 1 month to 3 months, or

� Increasing the duration of treatment effect from 6 months to 12 months.

Similarly, for functional difficulties, reducing functional problems from severe to mod-

erate was equivalent to increasing the duration of treatment effect from 1 month to

3 months. Reducing functional problems from severe to mild was equivalent to in-

creasing the duration of effect from 1 month to 6 months. Extending the duration of

treatment effect from 1 month to 12 months was always more important, whatever

the improvement in the effect on functional problems. So if the effect of medication A

is sustained for 12 months, the effect of medication B is sustained for 1 month and the

two medications are otherwise equivalent, then the results suggest that participants

would prefer medication A regardless of the effect on function.
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Further examples of comparing medications with different levels for pain and duration

are shown in Table 4.10.
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Table 4.10: Comparison of medications with different durations of effect and effects on pain

Medication A Medication B Equivalent Equivalent Which Which
Pain Duration Pain Duration risk change risk change difference medication

for pain for duration is more is more
important? preferred?

Severe 12 months Moderate 1 month 2.0% 2.7% Duration Medication A
Severe 12 months Moderate 3+ months 2.0% ≤ 1.4% Pain Medication B
Severe 12 months Mild or none 1+ months 3.2% ≤ 2.7% Pain Medication B

Severe 6 months Moderate 1+ months 2.0% ≤ 1.5% Pain Medication B
Severe 6 months Mild or none 1+ months 3.2% ≤ 1.5% Pain Medication B

Severe 3 months Moderate 1 month 2.0% 1.3% Pain Medication B
Severe 3 months Mild or none 1 month 3.2% 1.3% Pain Medication B

Moderate 12 months Mild or none 6 months 1.2% 1.2% Same Equivalent
Moderate 12 months Mild or none ≤ 3 months 1.2% ≥ 1.4% Duration Medication A

Moderate 6 months Mild or none 3 months 1.2% 0.2% Pain Medication B
Moderate 6 months Mild or none 1 month 1.2% 1.5% Duration Medication A

Moderate 3 months Mild or none 1 month 1.2% 1.3% Same Equivalent



4.3.7 Interaction models between pain and duration

Exploratory models including interactions between pain and duration indicated that

the importance of reductions in pain levels could differ based on the duration of

the treatment effect. The coefficients for models with interactions between pain and

duration are presented in Appendix C.10. To have sufficient degrees of freedom to

include the interaction terms, the stiffness attribute was excluded because it did not

significantly affect medication choice in the main model.

The interactions between pain and duration in Figure 4.9 suggest that reductions in

pain were more important for treatment effects lasting 6 or 12 months, compared

to effects lasting 1 or 3 months. This can be seen mostly clearly in the interactions

between pain (mild) and duration (Figure 4.9(b)). However, the direction of some

coefficients became illogical when interaction terms were included, for example, a

reduction to no pain was seen as less important than a reduction to mild pain at 6

months duration in Figure 4.9(a). This could be confounding between the interaction

terms and other attributes as the experimental design was not optimised for analysis

of interactions between attributes. The results of interactions between pain and

duration should be interpreted with caution and future studies would be needed to

make confirmatory statements about the interaction effects between attributes.
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Figure 4.9: Coefficients of mixed effects models with interactions between pain and
duration (excluding stiffness)

(a) Between duration and pain (none)

(b) Between duration and pain (mild)

(c) Between duration and pain (moderate)
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4.4 Discussion

4.4.1 Summary of findings

This study aimed to examine whether duration of treatment effect is an important

factor for people when choosing between different osteoarthritis medications, and to

quantify the level of importance of duration of treatment effect relative to treatment

benefits and risks. The results suggest that improvements in pain and function,

duration of treatment effect and risks of serious events are important to people with

osteoarthritis when choosing between medications.

The overall importance of duration of treatment effect was similar to the importance

of improvements in pain levels and function and risks of serious cardiovascular and

gastrointestinal events. The results suggest that participants would be willing to ac-

cept a medication that was less effective in relieving their pain symptoms if the effect

of the medication was longer-lasting. For example, participants viewed a medication

reducing pain from ‘severe’ to ‘moderate’ for 3 months as equivalent to a medication

reducing pain from ‘severe’ to ‘mild’ for 1 month. Therefore, the duration of treatment

effect should be incorporated into risk-benefit assessments of pharmacological treat-

ments for osteoarthritis. However, there was considerable preference heterogeneity,

suggesting that risk-benefit trade-offs will vary between individuals.

Improvements in pain were highly important unless pain levels were mild. Improve-

ments in physical function were important to a lesser extent, however stiffness was

considered relatively unimportant. The importance of moving between different levels

of the WOMAC domains was not consistent across the levels. For example, improving

pain levels to ‘mild’ compared to ‘moderate’ was important, but a reduction to ‘no

pain’ was seen as equivalent to ‘mild pain’.
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Risks of serious events were also considered to be important. An absolute risk reduc-

tion of 1% was equivalent in importance to the risk of either a heart attack or stomach

ulcer bleed. Respondents thus focused on the incidence risk of the serious events and

did not distinguish between serious cardiovascular events or serious gastrointestinal

events. This could have been due to lack of knowledge and awareness of the varying

impact of the different events.

There was preference heterogeneity in the importance of the risk of serious events.

Subgroup analyses indicated that participants with more severe disease placed less

importance on the risk of stomach ulcer bleeding. Respondents with more severe

disease will have worse symptoms and therefore may be more willing to accept risk to

improve their current health state. Additionally, the reduced importance of the risk

of stomach bleeding to those with more severe disease may be because respondents

with more severe disease were more aware of the side-effects associated with NSAID

medications and were therefore aware that acid-reducing and ulcer-preventative treat-

ments, such as proton-pump inhibitors, can be taken to mitigate the increased risk of

stomach ulcer bleeding. However, the subgroup analyses should be interpreted with

caution due to low power and increased type I error due to multiple testing.

4.4.2 Comparison with literature

4.4.2.1 Representativeness of the study sample

The age and gender profile of the study sample was very similar to the UK Clinical

Practice Research Datalink (CPRD) sample of initial management of osteoarthritis

and late-stage osteoarthritis requiring joint replacement [304, 305, 306, 307]. Incidence

of osteoarthritis is known to be higher in older age groups and females [308, 309].

Observational data and clinical trials had a similar age to the study sample (mean age
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around 60 years old) but often had a slightly larger gender imbalance than in the study

sample (60-70% female) [108, 269, 281, 282, 283, 284, 304, 305, 306, 307, 308, 310, 311,

312, 313, 314, 315, 316, 317]. The study sample was also representative in terms of

the sites of osteoarthritis occurrence, with many participants having osteoarthritis at

multiple sites. Knee osteoarthritis was most common, followed by hip osteoarthritis,

then hand osteoarthritis [305, 312, 318, 319].

The proportion of women and disease severity (WOMAC scores) varied between

clinical trials of NSAIDs for osteoarthritis [269, 282, 316]. However, the charac-

teristics of the study sample were within the region of trials included in a recent

review of oral NSAIDs for osteoarthritis (WOMAC pain 50-60 out of 100) [269].

Other studies included samples with similar characteristics, including disease dura-

tion [273, 284, 308, 320, 321, 322], hypertension [265, 274, 312, 314], prior knee injury

or surgery [323], and comorbidities, including previous gastrointestinal and cardio-

vascular problems [265, 310, 312, 313, 314, 318].

4.4.2.2 Comparison of results with other preference studies

The heterogeneity in preferences for osteoarthritis medication found in this study has

been demonstrated in other studies [214, 324, 325].

Regarding symptomatic improvement, the results of this study align with the liter-

ature in that the treatment effects on pain and physical function were important,

whereas stiffness was relatively unimportant [214, 238, 291]. One key difference be-

tween this study and the existing literature was that other studies suggested the

importance of moving from ‘mild’ to ‘none’ on the pain scale was more important

than moving from ‘moderate’ to ‘mild’ levels [214, 291]. This difference in findings

could be due to variations in participant characteristics, how participants interpreted

the levels of the WOMAC domains or the consideration of long-term effects.
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Other studies have also found that risk of adverse events was important to people

with osteoarthritis [250, 324, 325, 326, 327, 328]. The results of this study differed

from Hauber et al. in the importance of the risk of different events [214]. Hauber et

al. found that the risk of cardiovascular events (heart attack and stroke) was viewed

as more important than the risk of a bleeding ulcer. This could be due to differences

in how the events were described or the different ranges considered for the incidence

levels of the events. Hauber et al. described a bleeding ulcer requiring an operation,

as opposed to focusing on the risk of mortality. Hauber et al. also included risks of

0-2.5% for bleeding ulcers and 0-3% for heart attack, compared to 0-4% and 0-2%

respectively in this study, which could have affected the results. Risks of 2% for heart

attack and 4% for stomach bleed are within the maximum acceptable risk levels for

people with osteoarthritis [329].

The studies by Hauber et al. and Arden et al. considered the treatment effect 1 hour

after taking the medication, assuming that the effect did not degrade over time. Our

study found that the duration of treatment effect was important. This aligns with the

results of other studies. For example, Cordero-Ampuero et al. found lasting symptom

relief was important to people [225]. Posnett et al. also found that duration of relief

was more important than the amount of pain reduced by injections [251].

4.4.3 Examples of use and interpretation of results

The results of the study can be applied to real-world medications to infer whether

one medication would be preferred to another.
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4.4.3.1 Trade-off between risk and duration: Example of piroxicam

Louthrenoo et al. compared piroxicam to diacerein for the treatment of painful knee

osteoarthritis. Both produced similar effects for the first months [330]. However, after

3 months (on treatment discontinuation), the effects persisted for diacerein until 6

months but symptoms returned for the piroxicam group. A carry-over effect for

diacerein was also found when compared to diclofenac [331]. Both found that the risk

of adverse events was lower for diacerein. Hence, diacerein would be the preferred

medication in terms of risks and treatment effects.

The lack of carry-over effect for NSAIDs means they must be taken for a longer time

for the effect to be sustained. However, the risk of serious adverse events will also

increase with the exposure period. Therefore, the results of this study could be used

to assess whether people with osteoarthritis would be willing to continue taking an

NSAID to produce a longer-lasting effect, given the increased risk of adverse events.

For piroxicam, pain, function and stiffness were reduced from moderate (around

50/100) to mild (around 20/100) levels for 3 months [330]. Assuming that the symp-

tom reduction would be sustained if the participant continued to take this medication

for longer than 3 months, the marginal rate of substitution in terms of the risk of

heart attack is -0.08 for 3 months, 0.14 for 6 months and 1.47 for 12 months for the

fixed effects model (Appendix C.7). Therefore, to sustain the effect for 6 months (i.e.,

an additional 3 months), the participant would be willing to increase the risk of heart

attack by 0.22%. To sustain the effect for 12 months (i.e., an additional 9 months),

the participant would be willing to increase the risk of heart attack by 1.55%. The

risk of a heart attack is around 1-2% per year when taking an NSAID [272, 313].

Assuming that the risk of a heart attack increases linearly with the exposure period,

then once the medication has been taken for 3 months, the additional risk from taking

the medication for a further 3 months would not be worth the increased length of
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treatment effect. However, participants would be willing to expose themselves to a

higher risk of a heart attack if taking the medication for 12 months sustained the

treatment effect.

4.4.3.2 Trade-off between risk and treatment effect: Example of

rofecoxib

Rofecoxib, a drug marketed to treat osteoarthritis and acute pain, was discontinued

due to the significantly increased risk of cardiovascular events (0.4% compared to

0.1%, as found in the VIGOR study) [332, 333, 334]. Other studies have estimated

the risk of heart attack while taking rofecoxib to be around 1.5% for 1 year [335, 336].

Our results suggest that some people may be willing to tolerate a high risk of heart

attack if the medication provides sufficient and sustained symptom reduction. For

example, participants would be willing to increase the risk of heart attack by at

least 1.5% if the medication reduces pain from moderate to mild, reduces functional

problems from severe to mild, or increases duration of treatment effect from 3 months

to 12 months. The willingness-to-risk could also be satisfied for a medication with a

combination of smaller improvements, such as reducing functional problems from mild

to none, reducing stiffness from severe to mild and reducing risk of stomach bleeding

by 0.5%. However, even given these preferences, clinicians may still be unwilling to

subject patients to a higher risk of cardiovascular events and may be cautious when

basing medication choices on stated preferences only.
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4.4.4 Strengths

4.4.4.1 Strengths of study methodology

The use of a discrete choice experiment overcame methodological issues with alter-

native study designs, such as time trade-off studies. In a discrete choice experiment,

more than two attributes can be considered in the same choice task. In this discrete

choice experiment, the same number of questions were completed regardless of the

responses to those questions. The problem of ‘satisficing’ was thus avoided, where

participants respond in a particular way to reduce the time to complete the task.

The choice of attributes and levels were informed by clinical relevance, existing lit-

erature on preferences and patient representative feedback. This should increase the

applicability of the results to a wide range of osteoarthritis medications and ensure

that the included attributes are important to most people living with osteoarthritis.

Using a condition-specific sample, as opposed to sampling from the general popula-

tion, increased the relevance of the results to the clinical situation. People living with

osteoarthritis should be able to more easily cast their mind backwards or forwards to

the relevant point in their own condition. Those living with the condition are also

likely to be more motivated to participate and to fully consider the attributes and

background information.

Designing the choice tasks to be based on a hypothetical scenario increased the ho-

mogeneity of the treatment choices made by different respondents. This reduced

the possibility that treatment preferences were due to the characteristics of the par-

ticular respondent and increased the power of the study. Using unlabelled profiles

for the medications also reduced the number of unobservable assumptions made by

participants during the choice tasks.
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The use of a mixed logit model allows preference heterogeneity to be incorporated.

Alternatively, a probit model could have been used. Probit and logit models have

been shown to produce similar results in most circumstances [337]. However, a probit

model requires assumptions on the correlation between errors across choices, and

the coefficients are more difficult to interpret than for logistic regression as they are

not on the log-odds scale [338]. A practical drawback of a probit model is its high

computational complexity. It cannot be solved analytically as it does not have a

closed form expression and the computational complexity is more of a barrier when

the structure of the covariate matrix is unrestricted. In addition, the experimental

design software (Ngene) is not able to optimise design efficiency for probit models.

4.4.4.2 Strengths of study conduct

This is one of the first discrete choice experiments to examine the importance of the

duration of treatment effect in decision-making. This study has demonstrated that

duration can be included in preference studies, along with effectiveness and risks of

treatment, without causing prohibitive increases in cognitive difficulty and participant

burden. It is reassuring that over 75% of participants did not find it difficult to

imagine themselves in a hypothetical scenario when performing the choice tasks and

few participants found it ‘very difficult’ to complete the choice tasks. Few participants

based their choices on only a single attribute or demonstrated irrationality by selecting

a dominated alternative.

Eye-tracking studies have shown that respondents focus more on attributes at the

beginning of a vertical list as they read from top to bottom [339, 340]. However, our

results indicated that the final attribute, risk of stomach ulcer bleeding, was highly im-

portant. Participants probably incorporated all attributes into their decision-making,

regardless of the ordering.
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The use of an online market research panel and self-reported diagnoses of osteoarthri-

tis could have raised concerns about the representativeness of the study sample.

However, the demographics of the sample were similar to samples of people with

osteoarthritis from clinical practice (Section 4.4.2.1). The findings are thus likely to

be applicable to clinical populations in the UK.

4.4.5 Limitations

4.4.5.1 Limitations of study sample

Although the demographics of the sample were similar to the clinical population,

the respondents to an online survey may not be fully representative, especially given

the use of self-reported eligibility questions rather than confirmed clinical diagnosis

of osteoarthritis. An online market research panel may be more likely to include

younger participants with less severe disease and less likely to include participants

with co-existing hand osteoarthritis. The remuneration for the survey may also have

attracted respondents who do not work or those with a lower socio-economic status.

Some studies have shown that stated preference studies conducted online can produce

different results to those using paper-based surveys [341].

The study sample consisted of residents of the United Kingdom. The study results

may therefore not be applicable to countries with health-insurance-based systems.

Where fee-paying private healthcare is more common, it is likely that medication

cost is an important factor in treatment decisions. Studies have also shown that

ethnicity and culture can affect treatment choices. Therefore, the study results may

not be generalisable outside a UK sample [255, 342, 343, 344]. The interpretation of

the different levels may also differ by country because of the terminology used. The

wording may need to be altered based on translated versions of the WOMAC measure
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if this experiment were reproduced in other countries.

The study results may not be applicable to certain subpopulations of people with

osteoarthritis. For the small proportion of people with osteoarthritis who have previ-

ously had a heart attack, the increased risk of a second heart attack may exceed the

risk level range considered in this study [345]. Very elderly or debilitated people seem

to tolerate stomach ulcer bleeding less well than other individuals and, in this group,

it is more common for a gastrointestinal issue to lead to a fatality [266]. Therefore,

older people (or their clinicians) may consider the risk of stomach ulcer bleeding to

be more important.

4.4.5.2 Limitations of study design

A limitation inherent to discrete choice experiments is that only a limited number of

attributes can be included without affecting the completion rate [289, 346]. Therefore,

this study was not able to fully encompass all potential benefits and risks associated

with all medications, such as effects on co-morbid conditions.

The choice of attributes in this study was based on the clinical literature and a sam-

ple of 10 patient representatives. While this should have covered the key attributes

relevant to the osteoarthritis population, some factors that are important to indi-

vidual participants might have been omitted. In a real-life situation, there could be

differences in other attributes, for example, risk of renal or hepatic events and side ef-

fects including nausea or dizziness. It was also assumed that the participant’s general

practitioner (GP) was indifferent between the two medication choices. In practice,

shared decision-making will include a viewpoint from the clinician so a person’s care

provider may make a recommendation of one medication over another. This has been

found to be an important factor in other conditions [347].
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The experimental design was not optimised for analysis of interactions between at-

tributes because the primary aim was to explore the trade-off between duration of

effect and other factors. To efficiently estimate interaction terms would have added

complexity to the experiment, requiring the use of blocking and an increased sample

size. Therefore, the results of models with interactions between pain and duration

must be interpreted with caution. Future studies would be required to establish

whether there is an association between the reduction in pain and the length of the

treatment effect.

A key drawback of a discrete choice experiment is that it is based on stated prefer-

ences. As such, it is unclear whether the participants would indeed choose to take

the selected medication in a real-life scenario. Participants were also required to base

their treatment decisions on an imaginary patient scenario. A hypothetical patient

scenario was used to increase the homogeneity between respondents in the choice task

being considered. However, the results are thus less applicable to people whose symp-

toms are not severe prior to taking the medication. Participants may also have found

it difficult to consider an imaginary patient during the choice tasks, without allowing

their own experience to influence their treatment choice. For example, participants

who had previously experienced cardiovascular problems would have been more aware

of the impact this could have on their daily lives.

Eighteen percent of participants chose different alternatives when presented with the

same choice task later in the survey. This could indicate a lack of robustness in

the study results. However, sensitivity analysis found that the findings were still

similar when those providing inconsistent responses were excluded. In addition, the

proportion selecting medication B was 58% when the choice task was first displayed

and 56% when it was repeated, so this lack of consistency could be due to uncertainty

for this particular choice task. As the identical choice tasks were the 4th and 17th
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tasks, the inconsistency could also have been due to learning effects.

4.4.5.3 Limitations of attributes

Another limitation is that the use of attributes is reductive. Pain in general, and os-

teoarthritis pain specifically, is known to be multi-dimensional. Pain can be described

in terms of its duration, intensity, frequency, and impact on mood and physical activ-

ity [348]. Other studies have found that pain during movement and pain at rest may

relate to different constructs [182, 214, 291, 349, 350]. These different types of pain

may be valued differently by participants. Similarly, the risk of heart attack relates

to the risk of both fatal and non-fatal events. An NSAID might increase the risk of

non-fatal heart attack without increasing the risk of fatal heart attack [351]. It is

unclear how varying the different elements of ‘composite’ attributes could influence

the results.

A key limitation is heterogeneity in the interpretation of the individual levels used for

the treatment effectiveness attributes. Different people may have different interpre-

tations of what constitutes ‘mild pain’, for example, due to differing pain thresholds.

However, this is an issue for pain measurement in general.

The levels for the duration attribute were chosen to correspond to commonly used

assessment time points in randomised trials. However, most of the participants had

experienced osteoarthritis symptoms for more than 3 years. This study could thus not

quantify preferences for interventions with very long term effects in clinical practice.

For similar reasons, preferences for effects measured in hours, such as those arising

from a single dose of medication, also could not be estimated.

Previous trade-off studies have highlighted the difficulty in communicating risks [352].

Infographics were included to help participants to interpret the risk levels. It is pos-

sible that presenting risk attributes in a different way could have affected partici-
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pants’ responses [339]. The assumption of linearity for the risk attributes could not

be tested because there were insufficient degrees of freedom to include the risk at-

tributes as effects-coded variables and the experiment was not designed to estimate

these parameters.

The choice tasks assumed that the treatment effect was constant over time and that

once the treatment was no longer effective, the patient will immediately return to

having severe symptoms. In reality, symptoms fluctuate and treatment effects are

likely to diminish gradually over time. It is also unrealistic to assume that, once the

chosen medication is no longer effective, the patient cannot take alternative medica-

tions to improve their symptoms. However, this suggestion would be problematic as

the effectiveness of the second medication would be uncertain. The attributes related

to treatment effectiveness also assumed that all people received the same treatment

effect from taking the medication. In practice, there is uncertainty in these estimates

and not all people who take the same medication will receive the same level of treat-

ment effect. Previous discrete choice experiments have found that preferences are

affected by the imprecision around the effectiveness and harm of different treatments

[353, 354].

4.4.6 Implications

The results indicate that the effect on pain and physical function, the duration of

treatment effect and risks of serious events are all important factors for people with

osteoarthritis when choosing between different medications. The results can be used

to estimate which of two medications would be preferred, given the trade-off between

the treatment effects on symptoms, the duration of the treatment effect and the

associated risks (Section 4.4.3).
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4.4.6.1 Implications for clinicians

Clinicians should aim to prescribe osteoarthritis medications that reduce pain to ‘mild’

levels and eliminate difficulty in carrying out daily activities, whilst minimising risk of

serious cardiovascular and gastrointestinal events. Unless medications will eliminate

all functional problems or produce sustained effects longer than 6 months, clinicians

should prioritise medications that will reduce pain symptoms and have a low risk

of serious adverse events. Clinicians should also factor in a person’s disease severity

when deciding on the most appropriate medication, as risks of serious events may be

more important to people with less severe disease.

The presence of preference heterogeneity suggests that clinicians should incorporate

patient opinion when choosing an osteoarthritis medication. The trade-off between

improvements in pain and the risk of serious events will vary between patients. Clin-

icians should discuss the risk-benefit profiles of different medications and assess their

patients’ attitudes to the risk of serious events. The results could inform the develop-

ment of decision-making support tools to facilitate a shared decision-making process.

Involving patients in treatment decision-making and prescribing medications that

align with patient preferences could increase adherence and improve patient satisfac-

tion.

4.4.6.2 Implications for trialists

An increase in the duration of treatment effect from 6 month to 12 months was as

important as a reduction in pain level from ‘moderate’ to ‘mild’. The importance of

the duration of treatment effect suggests that phase III clinical trials of medications

for osteoarthritis should include long-term follow-up, ideally 12 months or longer.

Extended trial follow-up would allow the measurement of long-term outcomes, to see
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whether treatment effects are sustained over time, and facilitate better consideration

of rare adverse events. When interpreting clinical trial results, the duration of the

treatment effect should be taken into account during the benefit-risk assessment of

medications to relieve osteoarthritis symptoms. As the duration of treatment effect

was nearly as important as pain and as important as function, duration of treatment

benefit should be carefully considered by users of clinical trial results when comparing

trials with different assessment time points. Trialists should also consider the optimal

time point for patient outcome measurement when designing future trials.

These results could also have implications for the design and interpretation of clinical

trials in terms of the appropriateness of MCID (minimum clinical important differ-

ence) estimates. The time point of assessment may affect a person’s view of what is

an ‘important difference’ in the treatment outcome. Due to the importance of the

duration of treatment effect, the clinically important difference may vary depending

on the time point of assessment. This could have implications for the sample size

required for a randomised trial that uses the MCID estimate as the target difference.

The results could also be used to produce MCID estimates that incorporate the risks

of treatment, as was done by Hughes et al. [355].

When designing clinical trials of pharmacological treatments for osteoarthritis, pri-

mary outcomes should focus on pain, potentially in combination with function. Trials

using composite outcome measures, such as the WOMAC, should analyse the indi-

vidual subscales to unpick which domains generate the differences in treatment effect.

Although the WOMAC Index incorporates pain, stiffness and function, the results

of this study indicate that improvements in the stiffness domain were not valued by

participants. Therefore, when reporting the results of clinical trials, authors should

report the treatment effect on the individual subscale for each of the three WOMAC

domains, as well as the overall WOMAC score. This would help readers to understand
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which domain is driving a significant treatment effect and ensure that the treatment

will target the mechanisms that are of value to each individual patient. As changes

in stiffness were not seen as important, researchers will need to establish whether

treatment differences are due to changes in the stiffness domain to fully assess the

clinical relevance. The results also suggest that, for some people with osteoarthritis,

the changes between different levels are valued differently for different items or do-

mains. This could raise concerns on whether the scaling of the WOMAC outcome

measure is appropriate.

4.4.7 Future research

The robustness of these results could be tested by using randomised ordering of the

choice tasks, alternatives and attributes. A second study could also be conducted in

a more representative sample, for example, recruiting respondents from an outpatient

clinic or clinical trial participants. This would allow a comparison to establish whether

preferences are similar for an online research panel sample and a sample recruited

through clinical pathways.

The results of this experiment could be supplemented by qualitative data. In-person

interviews would allow more in-depth assessment of how people with osteoarthritis

make their treatment decisions and how well participants understood the background

information. This could allow a comparison of using a face-to-face interview to deliver

the survey, as opposed to using an online questionnaire. However, an interviewer-

based approach would be more costly and time-consuming [356].

Predicted stated preferences could be compared to usage statistics, for example, by

analysing the number of prescriptions, to see whether medication prescriptions align

with patient preferences. This would allow us to assess the external validity of the

results by comparing hypothetical and actual behaviour [356]. Future work could also
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explore whether participants’ stated preferences align with their revealed preferences.

Revealed preferences could be elicited by observing actual medication choices made

by people living with osteoarthritis. Future studies could also assess the predicted

uptake of osteoarthritis medications to inform cost-effectiveness analysis and economic

modelling.

A larger sample could increase the power of subgroup analyses, permitting further

investigation of preference heterogeneity. Further subgroup analyses could also be

performed if additional data were collected, such as radiographic severity or socio-

economic status. Latent class analysis could be used to identify different preference

subgroups. Future studies could explore different osteoarthritis subpopulations, for

example, whether people with mild and severe symptoms of osteoarthritis have similar

preferences. A dynamic questionnaire could be used to avoid using a hypothetical

patient scenario. The participant’s current disease status could then be incorporated

into the choice tasks, making them more relevant to the participant’s situation.

Future research could examine whether other key stakeholders, such as commissioners

and clinicians, place similar levels of importance on the attributes. It is likely that

commissioners would consider financial cost to be a key factor in treatment choice,

whereas cost to the NHS was not considered important by the sample of patient

representatives during the development of the discrete choice experiment. Clinicians

may also make different trade-offs between benefits and risks, for example, placing

more importance on side effects that may result in poor adherence.

Future studies could also assess whether the importance of the duration of treatment

effect is similar for non-pharmacological interventions, such as exercise or surgical

treatments. There could be differences in whether participants would prefer a surgery

that offers a moderate improvement in the long-term, as opposed to a large short-term

improvement followed by a decline to poor function.
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Future studies would be required to evaluate interaction effects between attributes,

such as pain and duration. The experimental design should be optimised for the

analysis of models including interaction terms. This would require an experimental

design with fewer attributes or levels, or the use of blocking, to retain a feasible

number of choice tasks. For example, the number of attributes or levels could be

decreased by removing stiffness due to the low importance of this attribute and by

collapsing levels found to be of similar importance, such as combing the 3 and 6

month levels of the duration attribute.

In this study, respondents placed different levels of importance on a one-level change

between adjacent categories of the WOMAC depending on the starting level. For

example, respondents placed very little value on a change from ‘mild pain’ to ‘no pain’

compared to a reduction from ‘moderate pain’ to ‘mild pain’. Change between these

levels would have the same score on the WOMAC Index. This could explain why the

minimal important difference of the WOMAC Index is affected by the baseline disease

severity of participants [39]. Future research could explore whether the validity and

responsiveness of the WOMAC Index can be improved by adjusting the item scoring

for changes between levels. This could more accurately reflect participants’ views on

a change in disease status.

Future research is needed to identify the optimal assessment time points for different

patient groups and patterns of recovery. Evaluating the importance of the duration

of treatment effects could be facilitated by allowing treatment effects to fluctuate over

time, rather than assuming that the treatment effect is constant while it is sustained.

A visual representation could be used to illustrate the change in symptom relief over

a particular time course. Future research could also explore more explicitly how

the duration of treatment effect affects whether participants interpret a change in

their condition as clinically important, for example, by presenting multiple scenarios
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to participants and asking them whether they feel the treatment effect is clinically

important.

Chapter 4 found that the duration of treatment effect was important to participants.

Chapter 5 builds on this, using a cohort of people with osteoarthritis to examine

whether the MCID estimate varies over the follow-up time period. Following this,

Chapter 6 presents a simulation study that examines the statistical properties of

different longitudinal methods to analyse the results of randomised trials using data

from multiple follow-up time points.

4.4.8 Conclusion

The results of this discrete choice experiment suggest that the duration of the treat-

ment effect is an important factor contributing to medication choice for people living

with osteoarthritis, along with the effect on pain and function and the risk of seri-

ous cardiovascular and gastrointestinal events. The duration of the treatment effect

was viewed with similar importance to the amount of symptom relief provided and

risks associated with treatment. Medical research should focus on developing medi-

cations that reduce pain symptoms and functional problems in the long term, whilst

reducing the risk of serious adverse events. Preference heterogeneity suggests that

the importance of the effects on pain, function, duration and risks varies between

respondents.

In a shared decision-making process, clinicians and people with osteoarthritis should

discuss the benefit-risk profile of osteoarthritis medications, including consideration of

the duration of the treatment effect. The duration of treatment effect should also be

considered when interpreting the results of clinical trials of osteoarthritis medications.

However, future research is needed to test the robustness of these findings to different

samples and levels of duration. Future research should also explore whether the dura-
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tion of treatment effect is an important factor in treatment decision-making in other

disease areas or non-pharmacological interventions. Clinical trials in osteoarthritis

populations should be designed to measure long-term clinical outcomes to monitor

whether treatment effects are sustained.
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Chapter 5

An assessment of the stability of

Minimum Clinically Important

Difference (MCID) estimates over

time: secondary analysis of the

Osteoarthritis Initiative (OAI)

cohort

Prior publication:

Conferences abstracts for presentations on this chapter have been published (see

Appendix F.1 for details).
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5.1 Introduction

Length of symptom relief and time to recovery are important factors for muscu-

loskeletal conditions. The majority of randomised trials assess outcomes at multiple

time points. Other trials in some musculoskeletal conditions, such as acute low back

pain and muscle injuries, consider time to recovery (or return to normal function)

as a primary outcome [357, 358, 359]. As patient-reported outcomes fluctuate over

time, multiple assessment time points can be used to explore when the key changes

take place and provide a more accurate representation of the change in the par-

ticipant’s symptoms. Researchers and clinical guidelines have also emphasised the

importance of long-term monitoring of patients in clinical studies and clinical prac-

tice [71, 226, 230, 360]. As well as detecting potential harms, evaluation of long-term

treatment outcomes indicates whether treatment benefits are sustained over time

[361]. Trials can sometimes find treatment benefits at short-term follow-up that are

not sustained. Trials with only short-term follow-up may also miss treatment benefits

that only emerge later [362].

As discussed in the Introduction (Sections 1.2 and 1.3), the minimum clinically impor-

tant difference (MCID) of the outcome measure is most commonly calculated using

an anchor-based approach. However, this standard approach calculates the important

difference in a disease-specific patient reported outcome at only one time point; it is

unclear whether the time point of assessment affects its value.

A person may view a small difference as unimportant in the short-term but view the

same level of difference as important if it is sustained over a long time. For example,

participants may prefer a small but sustained improvement (as in participant A in

Figure 5.1) over a larger improvement that only lasts for 3 months (as in participant

B in Figure 5.1). Participants may consider an improvement of 0.8 that lasts for 12
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months to be worthwhile, but not an improvement of 0.8 that lasts for 3 months.

Figure 5.1: Hypothetical examples of a person’s improvement in outcome over time

Therefore, an MCID calculated using data from one time point may not be appropri-

ate for use as the target difference in a randomised trial with a different assessment

time point. Increased understanding is needed about how the magnitude of difference

that participants consider to be important varies over time.

An example in Section 1.4.1 demonstrated that using a different MCID estimate as

the target difference for a clinical trial can have a large effect on the required sample

size. When comparing a between-group treatment difference to an MCID estimate,

the use of a different MCID value could also change whether a treatment provides a

clinically meaningful benefit. This could affect whether a treatment is recommended

for implementation into clinical practice [363]. Therefore, using an appropriate MCID

estimate is critical.
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5.1.1 Rationale specific to osteoarthritis

The systematic review in Chapter 2 found that it was common for osteoarthritis trials

to specify the target difference in their sample size calculation based on a published

estimate of the MCID. The review also found that osteoarthritis trials commonly

conducted outcome assessment at more than one follow-up time point. However, the

majority of trials did not state the primary time point that they were considering

when calculating the sample size and specifying the target difference. In trials that

justified the target difference using an MCID estimate, they did not report considering

the assessment time point when deciding which published MCID estimate to use. If

MCID estimates vary over time, trialists could use inappropriate MCID estimates to

calculate the sample size of their trial. For example, trialists could use an MCID

estimate calculated at short-term follow-up when their primary time point in the

planned trial is long-term participant outcomes.

As well as informing sample size calculations, MCID estimates are also used in inter-

preting the results of clinical studies. Researchers may compare the summary effect to

the MCID to determine whether the between-group treatment difference is clinically

meaningful. Comparing the summary effect to the MCID estimate has been used in

randomised trials, observational studies and meta-analyses [21, 34, 33, 35, 364, 365].

People can live with musculoskeletal conditions for years or even decades. Therefore,

the longevity of treatment benefits is an important consideration when evaluating

the effectiveness of treatments for musculoskeletal conditions. The time course of

musculoskeletal conditions can also vary substantially between individuals. Some

people with musculoskeletal conditions experience persistent severe pain, whereas

others have patterns of fluctuating pain in recurrent episodes [366].

The discrete choice experiment in Chapter 4 found that duration of treatment effect
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was an important factor for people living with osteoarthritis when choosing between

different medications. The results showed that respondents were willing to accept

an increased risk of heart attack or smaller improvements in pain symptoms if the

treatment had a long-lasting effect.

Two recent reviews by Devji et al. and Erdogan et al. synthesised existing studies

reporting the calculation of MCID estimates for outcome measures in osteoarthritis,

including the WOMAC Index [213, 367]. The WOMAC Index is a patient-reported

outcome that is commonly assessed in osteoarthritis research. It is described in more

detail in Chapter 3, which examined the use of the WOMAC Index in randomised

trials of osteoarthritis. From the articles reviewed by Devji et al. and Erdogan et

al., the majority of the studies calculating the WOMAC MCID estimate used data

from only one time point, with the follow-up period ranging from 4 weeks to 5 years.

Although the previous reviews did not find an association between the magnitude

of MCID estimates and the follow-up assessment time point, they only considered a

small number of studies: 10 by Devji et al. and 11 by Erdogan et al..

The lack of association could have been due to confounding by other between-study

variability. Some of the included studies highlighted that the follow-up time point

could be a potential reason for the variability in MCID estimates [368]. Findings

among studies that calculated MCID estimates at multiple time points were not

consistent. For example, one study found higher MCID values for longer follow-up

periods [368] and others found no clear pattern in the values over time [369].

There is therefore a need to explore how MCID estimates vary over time using a longi-

tudinal dataset that has applied the WOMAC Index. The use of a single longitudinal

dataset reduces the level of confounding present when multiple datasets and studies

are used because it ensures that the population and methodology used are consistent

across the different assessment time points.
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The aims of the research presented in this chapter are to:

1. Examine whether estimates of the MCID vary depending on the time point of

assessment,

2. Assess whether other factors, such as participant characteristics, result in vari-

ability in MCID estimates, and to

3. Explore the use of longitudinal methods to calculate MCID estimates, incorpo-

rating data from more than one follow-up time point.
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5.2 Methods

5.2.1 Description of dataset

The Osteoarthritis Initiative (OAI) is a multi-centre observational study based in

North America and includes clinical, imaging and biological outcomes [370, 371].

The OAI database is open access, and anyone is able to access the data by registering

for a free account on the OAI website [370]. Since this analysis was completed, the

website to access the OAI dataset has changed, and it is now accessible through a

site hosted by the National Institutes of Health [372]. The OAI dataset includes a

progression cohort of participants with symptomatic knee osteoarthritis at baseline,

a development cohort examining participants at high risk of developing symptomatic

knee osteoarthritis, and a control cohort of participants with no symptoms or risk

factors of osteoarthritis in either knee. Only the progression cohort was used in this

analysis.

Participants were eligible for inclusion in the progression cohort if they (i) had at

least one knee with symptomatic tibiofemoral knee osteoarthritis defined as definite

osteophytes (OARSI grade 1-3) and (ii) had, in the same knee, frequent symptoms

(pain, aching or stiffness on most days for at least one month in the past year).

Participants were not excluded based on the treatment they received and may have

received no treatment for otseoarthritis at all.

There was no primary outcome for the study, however the WOMAC was measured as

part of the clinical outcome assessment. The Likert scale version of the WOMAC was

used, ranging from 0-96 where 0 represents no symptoms and higher scores indicate

more severe disease. This version of the WOMAC was the most commonly used

among the randomised trials of treatments for osteoarthritis reviewed in Chapter 3.
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When outcome data was measured separately for each knee, the mean value for the

left and right knees was used if participants had osteoarthritis in both knees.

Participants were followed up annually. At the time of this analysis, data were avail-

able for a 9-year follow-up period (or 108 months). Interim follow-up visits were com-

pleted at 18 and 30 months for a subsample of participants (approximately one-third

of the progression sub-cohort). However, data from the 18- and 30-month follow-up

assessments were not included in this analysis. For all participants in this analysis,

the baseline time point refers to the point of study entry and does not relate to the

provision of treatment. After the baseline time point, follow-up data were collected

at an annual clinical assessment.

5.2.1.1 Description of the anchor measure

The anchor measure was a global assessment of the participant’s condition on the day

of the clinical assessment. The participant rated their condition on a scale of 0-10 (0

being very good and 10 being very poor). The definition of minimal improvement (or

deterioration) was calculated based on the change in the global assessment between

that time point and a previous time point.

5.2.2 Assessing the stability of MCID estimates calculated

using single time point anchor-based approaches

Existing anchor-based techniques for calculating the MCID of an outcome measure

using data from a single time point were applied at different assessment time points

(years 1-9 of follow-up at 12-month intervals) [13]. The variability of MCID estimates

from different time points was assessed. The MCID for ‘deterioration’ was calculated

using equivalent methods. The MCID for deterioration is not usually symmetric
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and is known to differ from estimates for improvement [373, 374]. All analyses were

performed on the intention-to-treat population. For the primary analysis, missing

data were not imputed. The single time point approaches used are described in

Sections 5.2.2.1 to 5.2.2.3.

5.2.2.1 Raw mean difference method

The unadjusted mean difference in the change score was calculated between partici-

pants who rated themselves ‘minimally improved’ and participants who rated them-

selves ‘no change’ at that time point.

5.2.2.2 ANCOVA method

Linear regression (equivalent to ANCOVA or analysis of covariance) was used to

calculate the between-group difference in the mean change score between participants

who rated themselves ‘minimally improved’ and participants who rated themselves

‘no change’ at that time point, adjusting for baseline WOMAC total score [375]. A

dummy variable for ‘minimally important change’ was entered into the regression

model and the MCID estimate was given by the coefficient for the dummy variable.

5.2.2.3 ROC curve method

Receiver operating characteristic (ROC) curve analysis was used to compare partici-

pants who ‘minimally improved’ with participants who rated themselves ‘no change’

at the corresponding time point. The MCID based on the ROC curve analysis was

estimated to balance sensitivity and specificity at the ‘optimal’ cut-off value, which

minimises: (1−sensitivity)2+(1−specificity)2 [376]. This method finds the ‘optimal’

cut-off point at the top left hand corner of a standard ROC curve.
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These three methods were also used to calculate the MCID estimate for deterioration,

rather than improvement. The equivalent methods were used to examine the differ-

ence between the ‘minimally worsened’ and ‘no change’ groups at the corresponding

time point.

5.2.2.4 Anchor measures and definition of ‘improvement’ and

‘worsening’

For the single time point analyses, participants were defined as:

� Minimally improved if the global assessment of their condition reduced by 1

point at the corresponding time point.

� Minimally worsened if the global assessment of their condition increased by 1

point at the corresponding time point.

� No change if the global assessment of their condition did not change at the

corresponding time point.

All of the definitions of improvement and worsening were based on the change in

the global anchor measure at the corresponding follow-up time point compared to (i)

baseline and (ii) 1 year earlier.

These definitions were designed to capture the ‘minimal’ concept of the MCID and

used the smallest measurable improvement on the global assessment scale.

5.2.3 Subgroup analyses

Subgroup analyses were conducted to highlight other potential sources of variabil-

ity in MCID estimates based on change from baseline. Subgroup analyses examined

differences due to age, sex and baseline WOMAC score. Subgroup analyses were con-
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ducted using subsample analyses, for example, performing each analysis separately for

men and women. Subgroup differences were tested by comparing the 95% confidence

intervals of the estimates in the different subsamples. Age subgroups were categorised

into tertiles. The tertile cut-off values for age were 45-56, 57-66 and 67-79 years. The

cut-off values for the WOMAC score were 0-12, 13-36 and 37-96 (where a higher score

represents more severe disease). The cut-off values were selected based on the Likert

scale form of the WOMAC Index: 12 points and 36 points corresponds to an average

response of ‘none to mild’ and ‘mild to moderate’ symptoms, respectively.

5.2.4 Calculation of MCID estimates using longitudinal

methods

This study also explored the use of longitudinal methods to calculate MCID esti-

mates. These methods included (i) an adapted raw mean difference approach, (ii) an

AUC approach, (iii) mixed effect regression and (iv) a generalised estimating equa-

tion. For the longitudinal measures, only the minimally important improvement was

considered. The different methods were summarised in terms of the feasibility, as-

sumptions made, data required, and ease of interpreting the results. The code used

for the different methods is given in Appendix D.4.

5.2.4.1 Definition of minimal improvement using longitudinal data

The definition for minimal improvement using longitudinal data was based on the

AUC (area under the curve) of the change from baseline in the global anchor measure.

The AUC for the change in the anchor measure was calculated and divided by the

number of observed time points, giving AUC∆
tmax

. tmax is the latest assessment time point

where the global anchor was recorded for the participant. Participants could thus be
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included even if they did not complete the anchor for the full follow-up period. For

intermittent missing values before tmax, the AUC calculation assumed a linear trend

between the observed values.

A participant was defined as ‘minimally improved’ if −1.2 ≤ AUC∆
tmax

≤ −0.8.

A participant was defined as ‘unchanged’ if −0.2 ≤ AUC∆
tmax

≤ 0.2.

A participant was defined as having an improvement greater than ‘minimally im-

proved’ if AUC∆
tmax

< −1.2.

The cut-off of ±0.2 was an approximation of 2/9 rounded to 1 decimal place, relating

to an average of a 1-point improvement over 2 years or a 2-point improvement over 1

year of the 9-year follow-up period and no change for the remaining years.

Figure 5.2 shows the change in the anchor measure for a participant who was cate-

gorised as ‘minimally improved’ or ‘unchanged’, or had an improvement greater than

‘minimally improved’.

Figure 5.2 (a) shows a participant who is ‘minimally improved’ using the longitudi-

nal definition. The AUC of the change in the anchor is -1.056. The yellow markers

highlight that, using the single time point definition of ‘minimal improvement’, the

participant had a 1-point improvement from baseline at years 1, 3, 4, 5 and 9. This

participant will also have been included in the single time point analysis as ‘un-

changed’ in year 2.

Figure 5.2 (b) shows a participant who is ‘unchanged’ using the longitudinal definition.

The AUC of the change in the anchor is -0.111 and the graph shows that the anchor

varies within 1 point either side of their baseline level. The orange markers highlight

that, using the single time point definition of ‘unchanged’, the participant had a

0-point change from baseline at years 4, 6, 8 and 9.
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Figure 5.2 (c) shows a participant who has an improvement greater than ‘minimal

improvement’ using the longitudinal definition and therefore was included in the lon-

gitudinal analysis since their level of improvement exceeds ‘minimal’. The AUC of the

change in the anchor is -2.389 and the graph shows that the improvement compared

to baseline exceeds 1-point at all time points except year 3. This participant was only

included in the single time point analysis in year 3, where they were categorised as

‘unchanged’.
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Figure 5.2: Examples of categorisations of participants using longitudinal definitions
of improvement

(a) Example of the change in the anchor measure for a ‘minimally improved’ participant

(b) Example of the change in the anchor measure for an ‘unchanged’ participant

(c) Example of the change in the anchor measure for a participant with an
improvement greater than ‘minimally improved’

Note: A negative change in the anchor measure represents an improvement on a scale from 0 (very
good) to 10 (very poor). The black dashed line shows a 1-point improvement compared to baseline.
The shading of the markers is: Blue - worsening, orange - unchanged, yellow - minimal improvement,
and green - large improvement.
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5.2.5 Description of longitudinal methods

5.2.5.1 Adapted raw mean difference approach (single-time-point

approach using longitudinal definition of improvement)

The adapted raw mean difference approach was applied at multiple follow-up time

points to provide a range of possible MCID estimates, as described in Section 5.2.2.

The adapted raw mean difference approach differs from the single time point raw

mean difference approach because it uses the longitudinal definition for minimal im-

provement, as described in Section 5.2.4.1. In the single time point approaches, the

same participant could be ‘minimally improved’ at one time point and ‘unchanged’

at a different time point. For the longitudinal approaches, the definition of ‘minimal

improvement’ and ‘unchanged’ were instead based on the average change over the

follow-up period (summarised by the AUC). The same participants were thus defined

as ‘minimally improved’ regardless of which time point was analysed.

Although the raw mean difference approach was used here, the ANCOVA and ROC

curve methods in Section 5.2.2 could be used with the longitudinal definition of im-

provement in the same way. Sensitivity analysis of the raw mean difference approach

with baseline adjustment (Section 5.2.5.5) is equivalent to using the longitudinal def-

inition of improvement with the ANCOVA method.

Using the longitudinal definition for minimal improvement, the raw mean difference in

the change in the WOMAC score between the ‘minimally improved’ and ‘unchanged’

groups was calculated at each time point. Separate MCID estimates were produced

for the different time points. The median of these values was used to provide an

overall summary of the MCID estimate.
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5.2.5.2 Area-under-the-curve

AUC approaches quantify the trajectory of a participant’s condition into a single

value, incorporating data from all time points. A corresponding MCID estimate

was calculated as the difference in the mean AUC between the ‘minimally improved’

group and the ‘unchanged’ group. The AUC was calculated based on the change

score compared to the baseline WOMAC total score, such that zero area corresponds

to no change from baseline on average over the follow-up period. The AUC could not

be calculated for participants where the WOMAC total score was missing at baseline

or was missing for all or all but one time point.

5.2.5.3 Mixed effects linear regression

Mixed effects linear regression allows repeated measures to be incorporated into a

model and accounts for intra-participant correlation. A dummy variable was included

for ‘minimally improved’ using the longitudinal definition in Section 5.2.4.1.

The mixed effects model assumed a random intercept model. I had planned to assume

an exchange covariance structure for the within-participant residuals. However, as

the model did not converge, an identity structure was assumed. I did not adjust for

the baseline WOMAC score to correspond with the other methods. The equation for

the random intercept model is shown in Equation 5.1.

Yij = β0,i + β1Xi + eij (5.1)
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Yij is the change from baseline in the WOMAC score for participant i at time point

j. β0i is the intercept term for participant i. β1 is the MCID estimate, which is a

fixed term coefficient. Xi is an indicator term that is equal to 1 if participant i was

categorised as ‘minimally improved’ and equal to 0 if participant i was categorised

as ‘unchanged’ using the longitudinal definition in Section 5.2.4.1. eij is the residual

error term for participant i at time point j.

5.2.5.4 Generalised estimating equation

Generalised estimating equations (GEE) were used, assuming a normal distribution

and exchangeable correlation structure. The GEE approach was used because the

mixed effects model did not converge when an exchangeable correlation structure

in the residuals was assumed. The GEE method differs in that it is a population-

averaged approach to fit a marginal distribution, rather than the conditional approach

used in mixed effects methods to estimate the individual specific effect. The GEE was

modelled in the same way as the mixed effects method but imposed an exchangeable

correlation structure. An exchangeable correlation structure assumes that there is

identical correlation between different time points, regardless of the length of time

between those time points. For instance, it assumes that the correlation between year

1 and year 2 is the same as the correlation between year 1 and year 9.

5.2.5.5 Sensitivity analyses

Sensitivity analyses were planned to test the robustness of the MCID estimates, in-

cluding:

i) only the participants who had complete data on the anchor measure,

ii) only the participants who had complete data on the WOMAC measure,
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iii) only the participants who had complete data on both the anchor and WOMAC

measures, and

iv) using each of the three approaches with adjustment for the baseline WOMAC

score.
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5.3 Results

5.3.1 Description of study sample

The progression cohort of the OAI dataset included 1390 participants. The baseline

demographics of the sample are summarised in Table 5.1. Around three-quarters of

the participants were white and one-quarter were black or African American. The

age of participants was evenly spread across the range from 45 to 79 years. There

were more women than men (57% vs 43%). Around a third of participants had symp-

tomatic knee osteoarthritis in both knees. Non-prescription NSAIDs had been used

by 26% of the sample. In terms of prior surgical treatment, one-third of participants

had had knee surgery or arthroscopy but very few had had full or partial knee replace-

ment (<1%). Baseline scores for the WOMAC Index indicated that the majority of

participants had mild-to-moderate osteoarthritis symptoms.

Table 5.2 shows the follow-up and change scores for the WOMAC total scale and the

global anchor measure. WOMAC total scores reduced from 25 to 20 points. There

was similar improvement in the global anchor measure, from 3 to 2.5. Histograms for

the WOMAC change scores are presented in Appendix D.1. Scores for the WOMAC

subscales (pain, function and stiffness) are presented in Appendix D.2. The results

in Table 5.2 suggest a gradual improvement in symptoms over time, which suggests

that the participants received interventions to treat their osteoarthritis.

The correlation between the change score in the WOMAC total and the change in the

global anchor measure was moderate and exceeded 0.4 at all of the time points except

the 1-year assessment (Table 5.3 and Figure 5.3). The change in the anchor measure

was much more highly correlated with the change in the WOMAC total score than the

WOMAC follow-up score, which demonstrates that the change in the anchor measure
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was strongly associated with the change in the participants’ condition, rather than

their current state. The association between the change in the anchor measure and

change in the WOMAC was reasonably consistent over time and, at all of the time

points, participants with no change in the global anchor measure had a mean change

in the WOMAC total score close to zero.

Table 5.1: Demographics (n=1390)

n % N

Age Mean 61.36 SD 9.10 1390

Sex:
Male 597 43.0% 1390
Female 793 57.1% 1390

Ethnicity:
White or Caucasian 974 70.1% 1389
Black or African American 372 26.8% 1389
Asian 12 0.9% 1389
Other 31 2.2% 1389

WOMAC total (range 0-96) Mean 24.82 SD 16.97 1378
Global anchor score (range 0-10) Mean 3.00 SD 2.36 1390
CES-D (range 0-60) Mean 7.70 SD 7.77 1363
SF-12 physical score (range 0-100) Mean 44.52 SD 10.15 1368
SF-12 mental score (range 0-100) Mean 53.44 SD 9.11 1368

Symptomatic knee osteoarthritis:
Left knee only 427 30.7% 1390
Right knee only 474 34.1% 1390
Both knees 489 35.2% 1390

For included knee(s):
Prior knee surgery or arthroscopy 451 32.5% 1389
Prior knee replacement (full or partial) 3 0.7% 450

Used on more than half of the
days of the last month:
Non-prescription NSAIDs 363 26.2% 1387
Prescription NSAIDs 124 8.9% 1386
Coxibs 143 10.3% 1385
Steroid injection in last 6 months 60 4.3% 1386
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Table 5.1: Demographics (n=1390)

n % N

Osteophytes and JSN (X-ray)*:
Definite osteophytes and no JSN 388 27.9% 1389
Definite osteophytes and mild-moderate JSN 615 44.3% 1389
Definite osteophytes and severe JSN 386 27.8% 1389

Composite osteoarthritis grade (X-ray)*:
Mild 387 27.9% 1388
Moderate 615 44.3% 1388
Severe 386 27.8% 1388

Non-knee osteoarthritis sites:
Hip 113 8.6% 1316
Hand 243 18.3% 1329
Other osteoarthritis 153 11.5% 1327
Rheumatoid arthritis 138 10.3% 1344

* Worst knee grade used if symptomatic osteoarthritis in both knees
JSN: joint space narrowing, CES-D: Center for Epidemiological Studies - Depression, N: denominator
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Table 5.2: Follow-up and change scores for WOMAC total and global anchor measure

Follow up score Change from baseline
Mean SD n Mean SD n

WOMAC total
Baseline 24.82 16.97 1378
1 year 21.07 16.76 1259 -2.97 13.60 1249
2 years 20.24 16.87 1188 -3.76 14.44 1178
3 years 19.93 16.89 1154 -3.75 15.73 1148
4 years 19.24 17.02 1163 -4.63 16.02 1156
5 years 20.09 17.02 1081 -3.56 16.97 1075
6 years 19.67 17.29 1035 -4.14 16.59 1030
7 years 20.55 17.74 1027 -3.17 17.98 1021
8 years 18.51 16.77 981 -5.23 17.35 975
9 years 19.71 17.07 881 -3.97 17.74 876

Global anchor measure
Baseline 3.00 2.36 1390
1 year 2.66 2.35 1267 -0.26 2.23 1267
2 years 2.47 2.32 1202 -0.39 2.33 1202
3 years 2.50 2.32 1174 -0.37 2.37 1174
4 years 2.52 2.44 1178 -0.36 2.53 1178
5 years 2.46 2.45 1094 -0.45 2.56 1094
6 years 2.44 2.41 1053 -0.44 2.56 1053
7 years 2.44 2.48 1049 -0.45 2.59 1049
8 years 2.29 2.30 1075 -0.63 2.52 1075
9 years 2.57 2.48 901 -0.31 2.59 901

Range of WOMAC total score is 0-96, where 0 is no symptoms and a higher score indicates worse
symptoms. Range of global anchor score is 0-10, where 0 is ‘very good’, 10 is ‘very poor’ and a
higher score indicates worse symptoms.



Figure 5.3: Change in WOMAC total score compared to change in global anchor measure from baseline



Table 5.3: Correlation between change in global anchor measure and WOMAC total
scores from baseline

Correlation between change in global anchor measure and:
WOMAC change score WOMAC follow-up score

1 year 0.34 0.14
2 years 0.42 0.20
3 years 0.45 0.26
4 years 0.48 0.28
5 years 0.46 0.27
6 years 0.51 0.30
7 years 0.51 0.37
8 years 0.50 0.29
9 years 0.47 0.32

5.3.2 Stability of MCID estimates using single time point

anchor-based approaches

The results of the single time point approaches described in Sections 5.2.2.1 to 5.2.2.3

are presented in Table 5.4 and shown graphically in Figures 5.4-5.5. The estimates

differed depending on the approach used and whether the approach was based on

improvement or deterioration in symptoms. In terms of improvement, the ANCOVA

methods gave the smallest estimates and the ROC curve method produced the largest

estimates.

Within each method, the MCID estimates did vary over time. The MCID estimates

were imprecise and there were no statistically significant differences in the MCID

estimate by the duration of follow-up. For improvement, there was no pattern between

the MCID value and follow-up time point. For deterioration, the raw mean difference

and ANCOVA methods suggested that larger MCID estimates were produced for

later follow-up time points, although the relationship between the MCID estimate

and time was not monotonic.
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MCID estimates were also calculated based on the change at each time point from the

previous year, artificially splitting the follow-up period into 1-year segments (Table

5.5 and Figures 5.6-5.7). Comparing Figures 5.6-5.7 and Figures 5.4-5.5 suggests that

the variability of MCID estimates for a 1-year change over the different segments was

similar to the level of variability of MCID estimates for the change from baseline over

different follow-up durations.

Below is a summary of the range of the MCID estimates across the different follow

up time points for the different single time point methods.

For improvement compared to baseline (Table 5.4 and Figure 5.4):

� Using the raw mean difference: the median MCID value was 3.44 (at year 9).

MCID estimates ranged from 1.03 (at year 8) to 5.55 (at year 4).

� Using the ANCOVA method: the median MCID value was 1.97 (at year 1).

MCID estimates ranged from -0.17 (at year 8) to 4.10 (at year 4).

� Using the ROC curve method: the median MCID value was 4.10 (at year 3).

MCID estimates ranged from 3.55 (at year 2) to 7.80 (at year 6).

For deterioration compared to baseline (Table 5.4 and Figure 5.5):

� Using the raw mean difference: the median MCID value was -3.58 (at year 8).

MCID estimates ranged from -4.14 (at year 9) to -1.36 (at year 5).

� Using the ANCOVA method: the median MCID value was -4.20 (at year 3).

MCID estimates ranged from -5.95 (at year 9) to -2.05 (at year 1).

� Using the ROC curve method: the median MCID value was -2.00 (at year 1).

MCID estimates ranged from -4.05 (at year 9) to -0.40 (at year 5).
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For improvement compared to previous year (Table 5.5 and Figure 5.6):

� Using the raw mean difference: the median MCID value was 1.52 (year 3 com-

pared to year 2).

MCID estimates ranged from 0.42 (year 8 compared to year 7) to 3.31 (year 5

compared to year 4).

� Using the ANCOVA method: the median MCID value was 0.54 (year 2 com-

pared to year 1).

MCID estimates ranged from -0.88 (year 8 compared to year 7) to 2.02 (year 5

compared to year 4).

� Using the ROC curve method: the median MCID value was 2.10 (at year 5).

MCID estimates ranged from 1.50 (at year 3) to 3.95 (at year 1).

For deterioration compared to previous year (Table 5.5 and Figure 5.7):

� Using the raw mean difference: the median MCID value was -3.06 (year 4

compared to year 3).

MCID estimates ranged from -4.66 (year 8 compared to year 7) to -1.25 (year

6 compared to year 5).

� Using the ANCOVA method: the median MCID value was -3.82 (year 7 com-

pared to year 6).

MCID estimates ranged from -5.24 (year 8 compared to year 7) to -2.05 (year

1 compared to baseline).

� Using the ROC curve method: the median MCID value was -2.40 (at year 3).

MCID estimates ranged from -4.15 (at year 5) to -1.05 (at year 2).
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Table 5.4: Single time point MCID estimates for WOMAC total score (change from baseline)

Raw mean difference ANCOVA method ROC curve method
Estimate 95% CI n Estimate 95% CI n Estimate 95% CI n

Improvement:
1 year 2.70 (0.97, 4.43) 562 1.97 (0.32, 3.62) 562 3.95 (1.67, 6.23) 562
2 years 2.30 (0.27, 4.34) 493 1.23 (-0.73, 3.19) 493 3.55 (2.40, 4.70) 493
3 years 4.15 (1.93, 6.38) 484 2.71 (0.59, 4.83) 484 4.10 (1.62, 6.57) 484
4 years 5.55 (3.30, 7.80) 451 4.10 (1.98, 6.21) 451 3.70 (0.55, 6.85) 451
5 years 4.52 (1.97, 7.07) 420 2.63 (0.22, 5.03) 420 3.70 (2.09, 5.31) 420
6 years 2.05 (-0.40, 4.51) 419 0.75 (-1.52, 3.02) 419 7.80 (3.36, 12.24) 419
7 years 4.72 (1.80, 7.63) 403 3.43 (0.75, 6.11) 403 4.60 (1.75, 7.45) 403
8 years 1.03 (-1.77, 3.83) 365 -0.17 (-2.70, 2.36) 365 6.00 (3.18, 8.82) 365
9 years 3.44 (0.61, 6.27) 345 1.79 (-0.76, 4.34) 345 4.60 (2.24, 6.96) 345

Deterioration:
1 year -1.55 (-3.45, 0.34) 534 -2.05 (-3.87, -0.23) 534 -2.00 (-5.05, 1.05) 534
2 years -1.99 (-4.15, 0.17) 483 -3.33 (-5.37, -1.30) 483 -2.70 (-5.46, 0.06) 483
3 years -3.78 (-6.05, -1.50) 427 -4.20 (-6.38, -2.01) 427 -1.70 (-3.61, 0.21) 427
4 years -1.90 (-4.19, 0.39) 415 -2.62 (-4.79, -0.44) 415 -2.55 (-5.40, 0.30) 415
5 years -1.36 (-4.34, 1.62) 372 -2.49 (-5.28, 0.30) 372 -0.40 (-4.11, 3.31) 372
6 years -4.07 (-6.77, -1.37) 367 -4.92 (-7.42, -2.43) 367 -1.00 (-2.74, 0.74) 367
7 years -3.81 (-6.79, -0.84) 359 -5.11 (-7.96, -2.26) 359 -2.40 (-1.39, 6.19) 359
8 years -3.58 (-6.50, -0.65) 317 -5.35 (-8.05, -2.65) 317 -1.00 (-3.70, 1.70) 317
9 years -4.14 (-7.26, -1.03) 328 -5.95 (-8.79, -3.12) 328 -4.05 (-8.14, 0.04) 328

All 3 methods include the sub-sample of participants where the change in the global anchor was 0 or -1 for improvement and 0 or +1 for deterioration.
Estimate gives change score relating to a minimally important improvement or deterioration. A positive estimate score indicates a greater reduction
in symptoms.



Figure 5.4: MCID estimates (and 95% confidence interval) for improvement compared
to baseline

(a) Raw mean difference: Improvement

(b) ANCOVA: Improvement

(c) ROC curve: Improvement
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Figure 5.5: MCID estimates (and 95% confidence interval) for deterioration compared
to baseline

(a) Raw mean difference: Deterioration

(b) ANCOVA: Deterioration

(c) ROC curve: Deterioration



Table 5.5: Single time point MCID estimates for WOMAC total score (change from previous year)

Raw mean difference ANCOVA method ROC curve method
Estimate 95% CI n Estimate 95% CI n Estimate 95% CI n

Improvement:
1 year 2.70 (0.97, 4.43) 562 1.97 (0.32, 3.62) 562 3.95 (1.66, 6.24) 562
2 years 1.39 (-0.45, 3.24) 515 0.54 (-1.25, 2.33) 515 1.90 (0.59, 3.21) 515
3 years 1.52 (-0.27, 3.30) 489 0.16 (-1.57, 1.89) 489 1.50 (-1.38, 4.38) 489
4 years 0.50 (-1.21, 2.22) 512 -0.58 (-2.25, 1.09) 512 1.55 (-0.13, 3.23) 512
5 years 3.31 (1.45, 5.16) 462 2.02 (0.20, 3.84) 462 2.10 (0.92, 3.28) 462
6 years 3.30 (1.16, 5.45) 445 1.86 (-0.28, 3.99) 445 3.00 (1.78, 4.22) 445
7 years 2.67 (0.62, 4.71) 457 1.22 (-0.80, 3.25) 457 2.90 (0.87, 4.93) 457
8 years 0.42 (-1.47, 2.30) 438 -0.88 (-2.71, 0.95) 438 2.00 (-0.32, 4.32) 438
9 years 1.09 (-1.05, 3.23) 396 -0.32 (-2.37, 1.72) 396 2.50 (-0.26, 5.26) 396

Deterioration:
1 year -1.55 (-3.45, 0.34) 534 -2.05 (-3.87, -0.23) 534 -2.00 (-4.90, 0.90) 534
2 years -2.25 (-4.24, -0.27) 497 -3.44 (-5.39, -1.48) 497 -1.05 (-2.49, 0.39) 497
3 years -3.44 (-5.27, -1.61) 480 -4.57 (-6.35, -2.79) 480 -2.40 (-3.56, -1.24) 480
4 years -3.06 (-4.82, -1.31) 483 -3.76 (-5.41, -2.10) 483 -1.80 (-3.33, -0.27) 483
5 years -3.89 (-5.80, -1.98) 487 -4.74 (-6.62, -2.87) 467 -4.15 (-5.93, -2.37) 467
6 years -1.25 (-3.29, 0.78) 469 -2.08 (-4.04, -0.12) 469 -3.00 (-5.45, -0.55) 469
7 years -2.64 (-4.65, -0.63) 455 -3.82 (-5.82, -1.82) 455 -3.10 (-4.73, -1.47) 455
8 years -4.66 (-6.69, -2.64) 416 -5.24 (-7.16, -3.33) 416 -1.50 (-3.02, 0.02) 416
9 years -3.85 (-5.82, -1.88) 421 -5.05 (-6.97, -3.12) 421 -3.25 (-4.77, -1.73) 421

All 3 methods include the sub-sample of participants where the change in the global anchor was 0 or -1 for improvement and 0 or +1 for deterioration.
Estimate gives change score relating to a minimally important improvement or deterioration. A positive estimate score indicates a greater reduction
in symptoms.



Figure 5.6: MCID estimates (and 95% confidence interval) for improvement compared
to previous year

(a) Raw mean difference: Improvement

(b) ANCOVA: Improvement

(c) ROC curve: Improvement
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Figure 5.7: MCID estimates (and 95% confidence interval) for deterioration compared
to previous year

(a) Raw mean difference: Deterioration

(b) ANCOVA: Deterioration

(c) ROC curve: Deterioration
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5.3.3 Subgroup analysis of single time point methods

The results of the subgroup analysis for the raw mean difference method based on

improvement compared to baseline are presented in Table 5.6. Within each subgroup

category, MCID estimates remained variable over time. However, as for the overall

analysis, there was no clear pattern. There was no association between the MCID

estimate and age or sex for the single time point methods (Table 5.6 and Appendix

D.3). For the ANCOVA and ROC curve methods, MCID estimates were higher

for participants with more severe disease at baseline. Estimates for the ROC curve

method were much higher in the older age group and participants with more severe

disease (Table 5.6 and Appendix D.3).
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Table 5.6: Subgroup analysis of MCID estimates for improvement in the WOMAC total score using the raw mean difference
method based on change from baseline

Raw mean Raw mean Raw mean
difference difference difference

β 95% CI n β 95% CI n β 95% CI n

Age: 45-56 Age: 57-66 Age: 67-79
1 year 3.88 (0.99, 6.76) 186 1.52 (-1.51, 4.55) 197 2.94 (-0.21, 6.09) 179
2 years -0.29 (-3.50, 2.92) 182 3.20 (-0.26, 6.66) 165 4.85 (0.75, 8.94) 146
3 years 5.16 (1.85, 8.46) 170 0.29 (-3.69, 4.27) 152 6.55 (2.27, 10.84) 162
4 years 3.84 (0.55, 7.14) 171 6.35 (2.31, 10.40) 149 6.86 (2.25, 11.47) 131
5 years 7.57 (3.58, 11.56) 144 2.20 (-2.04, 6.44) 154 4.60 (-0.64, 9.84) 122
6 years -1.37 (-5.22, 2.47) 155 5.95 (1.86, 10.03) 151 1.89 (-3.14, 6.92) 113
7 years 4.65 (0.22, 9.08) 137 10.69 (5.57, 15.82) 151 -2.04 (-7.73, 3.64) 115
8 years -1.61 (-5.77, 2.55) 140 1.89 (-3.26, 7.05) 121 4.59 (-1.06, 10.24) 104
9 years 2.96 (-1.43, 7.36) 131 2.77 (-1.90, 7.44) 127 5.50 (-0.75, 11.75) 87

WOMAC: 0-12 WOMAC: 13-36 WOMAC: 37-96
1 years -0.79 (-2.58, 1.00) 207 4.18 (1.44, 6.92) 253 2.68 (-2.06, 7.42) 102
2 years 1.08 (-1.16, 3.33) 186 1.30 (-1.86, 4.46) 234 1.95 (-4.44, 8.34) 73
3 years 1.60 (-1.27, 4.47) 166 0.57 (-2.34, 3.48) 245 12.96 (4.92, 21.00) 73
4 years 1.64 (-0.13, 3.42) 177 5.53 (2.24, 8.82) 197 7.57 (-1.07, 16.20) 77
5 years 0.98 (-2.11, 4.07) 161 6.07 (2.50, 9.64) 193 -0.67 (-9.12, 7.78) 66
6 years -0.52 (-3.17, 2.12) 163 2.38 (-1.29, 6.07) 195 0.37 (-7.17, 7.92) 61
7 years 0.79 (-2.10, 3.69) 157 4.70 (0.82, 8.60) 184 8.78 (-2.56, 20.13) 62
8 years -2.42 (-5.54, 0.69) 146 2.21 (-1.53, 5.95) 169 3.95 (-6.25, 14.15) 50
9 years 3.44 (0.36, 6.54) 151 0.07 (-3.94, 4.07) 138 5.32 (-4.39, 15.03) 56



Table 5.6: Subgroup analysis of MCID estimates for improvement in the WOMAC total score using the raw mean difference
method based on change from baseline

Raw mean Raw mean Raw mean
difference difference difference

β 95% CI n β 95% CI n β 95% CI n

Male Female
1 year 2.06 (-0.39, 4.51) 245 3.17 (0.75, 5.59) 317
2 years 3.04 (0.12, 5.96) 224 1.54 (-1.32, 4.41) 269
3 years 4.95 (1.76, 8.14) 207 3.65 (0.57, 6.73) 277
4 years 5.62 (2.53, 8.71) 199 5.53 (2.28, 8.77) 252
5 years 4.06 (0.50, 7.62) 183 4.87 (1.28, 8.47) 237
6 years 2.37 (-1.04, 5.77) 191 1.89 (-1.63, 5.41) 228
7 years 5.90 (2.33, 9.46) 193 3.77 (-0.81, 8.35) 210
8 years 4.38 (0.90, 7.86) 177 -2.12 (-6.45, 2.22) 188
9 years 1.96 (-1.91, 5.83) 158 5.04 (0.98, 9.11) 187



5.3.4 Comparison of single time point methods

Table 5.7 compares the three single time point methods in terms of the use of data and ease of analysis and interpretation.

Table 5.7: Comparison of single time point MCID calculation methods

Single time point method

Raw mean difference ANCOVA ROC

Proportion of data used Only includes people with ‘minimal improvement’ or ‘no change’ response to anchor at
corresponding time point

Handling of missing data Complete case: Excluded if missing data for primary outcome or anchor measure
at corresponding time point

Adjustment for participant Cannot adjust for baseline Allows adjustment for baseline Cannot adjust for baseline
characteristics characteristics characteristics characteristics

Ease of analysis Very easy Easy Easy

Ease of interpretation Provides value on scale of outcome measure with confidence interval

May be difficult to interpret if inconsistent at different follow-up time points

Need to translate to common May not consider concept
baseline score for true of ‘minimal’ score in choice
comparability over time of optimal cut-off

Based on group-summary Based on group-summary Based on individual-level
change scores change scores change scores

Multiplicity Requires multiple analyses to examine multiple follow-up time points



5.3.5 Longitudinal methods for MCID calculation

Using the longitudinal definitions, 245 participants were classified as ‘minimally im-

proved’ or ‘unchanged’ (n=245, 17.6%). At baseline, the ‘minimally improved’ and

‘unchanged’ groups were similar in terms of age and sex. The participants classified as

‘minimally improved’ had more severe disease symptoms according to the WOMAC

total score and worse scores on the global anchor measure (Table 5.8).



Table 5.8: Demographics by longitudinal definition of minimal improvement

Minimally improved Unchanged

n % N n % N

Age Mean 60.20 SD 10.05 96 Mean 61.32 SD 8.91 149

Sex:
Male 44 45.8% 96 66 44.3% 149
Female 52 54.2% 96 83 55.7% 149

Ethnicity:
White or Caucasian 66 68.8% 96 119 79.9% 149
Black or African American 30 31.2% 96 28 18.8% 149
Asian 0 0% 96 1 0.7% 149
Other 0 0% 96 1 0.7% 149

WOMAC total (range 0-96) Mean 29.49 SD 17.7 96 Mean 19.13 SD 15.40 149
Global anchor score (range 0-10) Mean 3.80 SD 1.87 96 Mean 1.80 SD 1.75 149
CES-D (range 0-60) Mean 7.19 SD 6.54 93 Mean 6.32 SD 7.28 145
SF-12 physical score (range 0-100) Mean 43.21 SD 10.67 95 Mean 47.46 SD 8.67 148
SF-12 mental score (range 0-100) Mean 54.28 SD 8.71 95 Mean 54.34 SD 7.86 148

Symptomatic knee osteoarthritis:
Left knee only 38 39.6% 96 55 36.9% 149
Right knee only 31 32.3% 96 50 33.6% 149
Both knees 27 28.1% 96 44 29.5% 149

For included knee(s):
Prior knee surgery or arthroscopy 38 39.6% 96 53 35.6% 149
Prior knee replacement (full or partial) 1 2.6% 38 1 1.9% 52



Table 5.8: Demographics by longitudinal definition of minimal improvement

Minimally improved Unchanged

n % N n % N

Used on more than half of days in last month:
Non-prescription NSAIDs 22 22.9% 96 47 31.8% 148
Prescription NSAIDs 5 5.2% 96 12 8.1% 148
Coxibs 5 5.1% 96 8 5.4% 148
Steroid injection in last 6 months 3 3.1% 96 6 4.0% 149

Osteophytes and JSN (X-ray)*:
Definite osteophytes and no JSN 21 21.9% 96 38 25.7% 148
Definite osteophytes and mild-moderate JSN 43 44.8% 61 22 41.2% 148
Definite osteophytes and severe JSN 32 33.3% 96 49 33.1% 148

Non-knee osteoarthritis sites:
Hip 7 7.6% 92 11 7.6% 144
Hand 19 20.4% 93 26 18.2% 143
Other osteoarthritis 15 16.1% 93 16 11.2% 143
Rheumatoid arthritis 11 11.8% 93 13 8.9% 146

Worst knee grade used if symptomatic osteoarthritis in both knees. JSN: joint space narrowing, CES-D: Center for Epidemiological Studies -
Depression, N: denominator.



5.3.5.1 Adapted raw mean difference approach

The MCID estimates for each time point calculated using the raw (unadjusted) mean

difference in change in WOMAC score from baseline are shown in Table 5.9.

Table 5.9: MCID estimates calculated using the adapted raw mean difference ap-
proach

Year MCID (95% CI)

1 -0.82 (-3.71 to 2.06)
2 2.74 (-0.59 to 6.06)
3 4.17 (0.48 to 7.86)
4 3.92 (-0.08 to 7.93)
5 5.78 (1.69 to 9.86)
6 5.12 (1.03 to 8.93)
7 4.07 (-0.06 to 8.20)
8 6.02 (1.80 to 10.25)
9 2.72 (-2.33 to 7.77)

The median value was 4.07 (range -0.82 to 6.02).

5.3.5.2 Area-under-the-curve

Using the mean difference in AUC of the change from baseline in the WOMAC score

per year of follow-up produced an MCID estimate of 3.11 (95% CI: 0.60 to 5.62).

5.3.5.3 Mixed effects linear regression

Using mixed effects regression based on a random-intercept model with a time-

constant coefficient for minimal improvement produced an MCID estimate of 3.13

(95% CI: 0.56 to 5.70).
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5.3.5.4 Generalised estimating equation

Using a GEE with a time-constant coefficient for minimal improvement, assuming

an exchangeable correlation structure, produced an MCID estimate of 3.13 (95% CI:

0.70 to 5.56).

5.3.5.5 Sensitivity analyses

Of the participants with complete data on the WOMAC measure, only two partici-

pants were missing data on the anchor measure (n=2/726) and neither was classified

as ‘minimally improved’ or ‘unchanged’ using the longitudinal definitions. Therefore,

the sensitivity analysis was conducted on the participants with complete baseline and

follow-up data for the WOMAC and global anchor measure. Of those with complete

data, 148 participants were defined as ‘minimally improved’ or ‘unchanged’ using the

longitudinal definitions in Section 5.2.4.1.

The results of the sensitivity analysis based on complete data did not differ sig-

nificantly from the main analysis, with results differing from the main analysis by

approximately 0.5 (Table 5.10).

Adjustment for baseline WOMAC score considerably reduced the MCID estimate

from 3.1-4.1 in the main analysis to 0.2-1.0 in the analysis with baseline adjustment

(Table 5.11). None of the estimates using baseline adjustment were statistically sig-

nificant for any of the methods.
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Table 5.10: MCID estimates from longitudinal analysis: Sensitivity analysis using complete data

Method Main analysis Complete data

Adapted raw mean difference 4.07 (range -0.82 to 6.02) 3.57 (range 0.47 to 6.81)
Area under the curve 3.11 (95% CI 0.60 to 5.62) 3.58 (95% CI 0.41 to 6.75)
Mixed effects linear regression 3.13 (95% CI 0.56 to 5.70) 3.35 (95% CI -0.04 to 6.74)
Generalised estimating equation 3.13 (95% CI 0.70 to 5.56) 3.35 (95% CI 0.34 to 6.37)

Table 5.11: MCID estimates from longitudinal analysis: Sensitivity analysis using baseline adjustment

Method Main analysis Baseline adjustment

Adapted raw mean difference 4.07 (range -0.82 to 6.02) 0.96 (range -3.61 to 2.34)
Area under the curve 3.11 (95% CI 0.60 to 5.62) 0.19 (95% CI -2.13 to 2.51)
Mixed effects linear regression 3.13 (95% CI 0.56 to 5.70) 0.24 (95% CI -2.02 to 2.51)
Generalised estimating equation 3.13 (95% CI 0.70 to 5.56) 0.24 (95% CI -1.97 to 2.45)



5.3.6 Comparison of longitudinal methods

Table 5.12 compares the four longitudinal methods in terms of their use of data and ease of analysis and interpretation.

Table 5.12: Comparison of longitudinal MCID calculation methods

Longitudinal method:

Adapted raw mean Mixed effects and GEE AUC
difference

Handling of missing Requires follow-up score at Included if ≥1 follow-up Included if ≥1 follow-up
data corresponding time point score score

Complete case Missing observations Usually assumes linear
(if no imputation imputed trend between adjacent
prior to analysis) discrete time points

All exclude people if data required for definition of improvement is missing

Adjustment for participant Allows adjustment for Allows adjustment for Allows adjustment for
characteristics baseline characteristics baseline characteristics baseline characteristics

Ease of analysis Easy More difficult - requires More difficult - facilitated
assumptions on covariance by pkexamine command in
structure Stata software

Issues with lack of
convergence for mixed
effects method



Table 5.12: Comparison of longitudinal MCID calculation methods

Longitudinal method:

Adapted raw mean Mixed effects and GEE AUC
difference

Ease of interpretation Provides value on scale of Provides value on scale of More difficult to translate
outcome measure with outcome measure with results on difference in
confidence interval confidence interval AUC in a way that patients

can understand

May be difficult to interpret Provides a visual
if inconsistent at different representation of change
follow-up time points over time

Multiplicity Requires multiple analyses Single analysis model Single analysis model
to examine multiple
follow-up time points



5.4 Discussion

5.4.1 Summary of findings

This study aimed to assess the variability of MCID estimates over time and explore

whether longitudinal methods could be used to calculate MCID estimates, using 1390

participants from the OAI cohort dataset of participants diagnosed with osteoarthri-

tis. The cohort included participants who had received any or no treatment for their

osteoarthritis symptoms. However, the improvement in symptoms over time suggests

that participants were receiving some form of treatment for their osteoarthritis.

The results of the single time point demonstrated that there was variability in the

MCID estimates over the follow-up period. The results for deterioration suggested

that later follow-up time points may correspond with larger MCID values. However,

because of the imprecision of the estimates, the differences in the MCID estimates by

time point were not compared using statistical tests. It was inferred from the over-

lapping confidence intervals that the MCID estimates were not significantly different.

Large confidence intervals also precluded more detailed analysis of time trends. From

examining the point estimates, there was no clear pattern in the estimates over time.

Moreover, the variation between MCID estimates based on different 1-year periods

had similar variability to the MCID estimates for different follow up periods. This

suggests that the differences were not based on the length of the follow-up period.

The estimates were more consistent for the ROC curve method. However, it is unclear

whether this method measured the intended concept of a minimal difference, as was

discussed by Angst et al. [375]. The ROC curve method may produce an estimate

that differentiates well between ‘minimally improved’ and ‘not changed’ participants

because it classifies only those with very high improvement as ‘minimally improved’.
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The MCID estimates were not symmetric between improvement and deterioration. As

the MCID values were commonly larger for deterioration, the participants likely saw

a smaller improvement in symptoms as more important than the equivalent worsen-

ing in symptoms. This may be because people living with osteoarthritis expect their

symptoms to deteriorate over time. Therefore, a small improvement in their symp-

toms compared to baseline represents a larger improvement relative to their expected

level.

This study has also demonstrated that it is feasible to calculate MCID estimates using

longitudinal data using four different methods. However, the longitudinal methods

did not improve the precision of the MCID estimates produced. The lack of precision

remaining in the longitudinal estimates could be because fewer participants were eli-

gible based on the longitudinal definition of ‘minimal improvement’ and ‘unchanged’.

Using the longitudinal definition for improvement, the longitudinal methods produced

more precise estimates than corresponding single time point methods.

The MCID estimates produced by the different longitudinal methods were relatively

consistent, with an MCID value between 3 and 4 points and a confidence interval

around 0 to 6 points. Sensitivity analysis including only participants with complete

data produced very similar estimates. The AUC and mixed effects methods produced

MCID estimates that were statistically significant (the confidence interval did not

include zero). However, after adjustment for the baseline WOMAC score, the point

estimates were lower and none were significantly different from zero.

5.4.1.1 Comparison of single time point methods

The different single time point approaches assessed different concepts. The ROC

curve method produced the most consistent MCID estimates across the different

time points. The ANCOVA and raw mean difference methods consider the difference
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in the average group level results, whereas the ROC curve considers differences in the

individual-level change scores. The ROC curve method aims to detect the optimal

cut-off between the ‘minimally improved’ and ‘not changed’ groups. For example,

the optimal cut-off to differentiate between the two groups may be very high if this

produces very high specificity (few false positives). In this example, a difference

higher than the cut-off is likely to be important, yet the minimal clinically important

difference estimate is likely to be much lower. Therefore, the ROC curve method may

not capture the ‘minimum clinically important difference’ concept, as was argued by

Angst et al. [375].

Angst et al. argued that regression modelling could produce less biased estimates be-

cause adjustment for participant characteristics, such as differences in age or disease

severity, reduces confounding [375]. Adjusting for baseline characteristics is recom-

mended in the analysis of randomised trials, where participants have been allocated at

random to the intervention or control arm and baseline differences are due to chance

[377]. However, in the calculation of MCID estimates, participants are not assigned

randomly to the ‘minimally improved’ and ‘no change’ groups. These two groups may

be inherently different at baseline, for example, due to ceiling effects. Participants

who have the best possible score at baseline (a score of 0 on the global assessment

anchor measure, where a lower score is better) cannot improve and, thus, cannot be in

the ‘minimally improved’ group. In the single time point analyses, around one-third

of participants in the ‘unchanged’ group at each time point had the best possible

score at baseline. Therefore, adjusting for baseline outcome score would likely at-

tenuate the MCID estimate and produce an MCID estimate that is biased. This

view is supported by Miller and Chapman who argue against using ANCOVA when

group assignment is correlated with the covariate, because ANCOVA cannot be used

to ‘unconfound’ the relationship [378]. The baseline adjustment removes meaningful

variance from the group assignment because it is likely that the difference in baseline
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scores between the minimally improved’ and no change’ groups is inherent and not

due to random chance.

As discussed by Fayers and Hays, increasing or decreasing correlation between the

baseline score and change scores would change the regression slope [379]. The MCID

estimate could differ because the correlation between the baseline score and change

scores is varied. Standard baseline adjustment commonly assumes a linear trend

between the baseline score and change scores, which may be overly simplistic. Mis-

specification of this relationship could lead to a biased MCID estimate. In addition,

differences in the estimation of the correlation between baseline and follow-up scores

could cause inconsistency over time in the MCID value. For example, if the corre-

lation structure was autoregressive residual (AR(1)), then the correlation between

baseline and follow-up scores would be lower for follow-up time points further away

from the baseline assessment time point [380, 381].

Attenuation due to ceiling effects and correlation between baseline and change scores

could provide biased MCID estimates when using the ANCOVA method. This could

explain the very small, and sometimes negative, MCID estimates when the ANCOVA

method was used. Moreover, when baseline adjustment is used, the same estimates

are produced if change scores or follow-up scores are used as the dependent variable.

This could be an argument against the use of baseline adjustment as we are interested

in the effect on the change in the participants’ condition.

The above arguments support the use of the raw mean difference method to calculate

the MCID estimate when data are only available at a single follow-up time point.

5.4.1.2 Comparison of longitudinal methods

All four of the longitudinal methods produced consistent estimates of the MCID.

The problems with conducting a statistical test at each time point when analysing
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longitudinal data have been widely discussed [382, 383]. It is difficult to interpret

results if they are not consistent over time. Conducting separate analyses for each

follow-up time point loses information about the correlation between participants’

scores over time. Carrying out multiple analyses increases the possibility of a ‘chance’

finding [383]. Using single time point approaches or the adapted raw mean difference

approach may thus be ill-advised due to the resulting multiplicity issues. Consistency

over time could also be assessed using longitudinal methods that include interaction

terms between the time point and ‘minimal improvement’ variable.

The AUC approach avoids multiplicity issues and provides a visual representation of

the change in the outcome score for an individual participant. However, information

is lost by converting the change in a participant’s condition over time into a single

value. Chapter 4 found that the duration of a treatment effect was important to

participants, but that the importance of increasing the duration of effect was not

consistent across the scale. For instance, increasing the duration from 3 months to

6 months was not important but increasing duration from 0 to 3 months was highly

important. The same problems occurred for the WOMAC Index, in that reducing

symptoms from ‘mild’ to ‘none’ was not important but reducing symptoms from

‘severe’ to ‘moderate’ was highly important. The AUC summarises the change over

time into a single value, so that a 10-point reduction lasting 1 year has the same

value as a 5-point reduction lasting 2 years. In reality, a participant may value these

very differently. Therefore, summarising the change in a participant’s condition using

the AUC may be too reductive, as using a single value to represent the participant’s

change over time loses important details about how that change in outcome occurs

over the time dimension.

Mixed effects and GEE methods analyse change scores at the individual time point,

accounting for the within-participant correlation between the scores and avoiding
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multiplicity issues. Similar to the AUC method, the longitudinal definition of ‘min-

imal improvement’ used in all of the longitudinal methods was calculated using the

AUC and could be viewed as reductive. In addition, the cut-off values used in the

definition of ‘minimal improvement’ based on the longitudinal AUC are subjective.

Future research could explore the use of time-varying variables for ‘minimal improve-

ment’, where a participant could be ‘minimally improved’ for a period of time and

then not ‘minimally improved’ later in the follow-up time period.

5.4.2 Comparison with existing literature

The findings of this study are consistent with a previous study in knee osteoarthritis

by Williams et al., which found some variation in MCID estimates by follow-up time

point but did not find an increasing or decreasing trend over time [384]. Williams

et al. found that MCID estimates for the WOMAC calculated using the ROC curve

approach did vary over time, with estimates ranging between 2 and 4 points for one

method and 7 and 12 for a second method. However, they did not find a consistent

increase or decrease in the MCID estimates over time. The same study examined

two other outcome measures of functional ability in knee osteoarthritis and similarly

found variation over time but not in a consistent direction.

In musculoskeletal conditions in general, there is no consensus in the existing literature

on whether MCID estimates vary by follow-up time point. Tashjian et al. found

that shorter follow-up was correlated with larger MCID estimates for the American

Shoulder and Elbow Surgeons (ASES) score after shoulder arthroplasty using anchor-

based methods [41]. However, the same study found no significant correlation for the

visual analog scale pain score or Simple Shoulder Test. Similarly, assessing patients

after shoulder arthroplasty, Simovitch et al. found that “length of follow-up appeared

to variably affect the MCID for each of the outcome metrics studied” [49]. In contrast
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with Tashjian et al., the results by Simovitch et al. suggested larger MCID values for

longer follow-up periods. McCreary et al. found that the MCID value in an outcome

measure for distal radius fractures was larger for the 12-week follow-up than the 6-

week follow-up compared to baseline [385]. Similar to the OAI analysis on adjacent

1-year periods, McCreary et al. also found very different estimates for the baseline

to 6-weeks period compared with the 6-weeks to 12-weeks period. However, other

studies in musculoskeletal conditions and other disease areas have found that MCID

estimates were consistent across different follow-up periods [51, 386].

The findings of this study also agree with the existing literature that different meth-

ods of calculation produce different MCID estimates, even within anchor-based ap-

proaches [363, 386, 387, 388]. Many other studies in different conditions have shown

that MCID estimates vary by baseline disease severity [38, 389, 390, 391]. This aligns

with the differences by baseline WOMAC score in the subgroup analyses for the single

time-point methods and the large difference in the MCID estimates in the sensitivity

analysis for the longitudinal methods after adjusting for baseline WOMAC score.

In this analysis, the single time point and longitudinal methods suggested that the

MCID for improvement in the WOMAC total score was 3-4 points on the 0-96 scale

with a confidence interval from approximately 0 to 6. Several reviews have recently

examined MCID estimates in lower limb osteoarthritis, with most finding a wide range

of estimates [213, 367, 392]. However, many of the included studies only calculated

MCID estimates separately for the WOMAC subscales, most commonly examining

only the function subscale. The MCID estimates for the WOMAC subscales may not

be applicable to the combined total score. Most existing studies found higher MCID

estimates than calculated in this analysis. Maratt et al. found MCID estimates of

25.0-31.1 on 0-100mm scales for the WOMAC subscales [393]. Hmamouchi et al.

found MCID estimates of 15.5 on the 0-96 scale for the total score [394]. However,
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both of these studies used the ROC curve method, which produced slightly higher

estimates in the OAI analysis and does not incorporate the concept of a “minimal”

difference.

Angst et al. used the ROC curve method to produce estimates of 15 points on a 0-100

scale compared to 7-9 points using regression methods [375]. In earlier studies using

a 0-10 scale, Angst et al. found MCID estimates of 0.7-0.8, equivalent to 12-18% of

baseline scores or 6% of the maximum total score [193, 207]. Using the maximum of

96 points in the Likert scale, this translates to an MCID estimate of 5.8 points, which

is slightly higher than the estimates using the OAI dataset. However, this may be

due to differences in the disease severity of the population. In the OAI dataset, the

mean WOMAC total score at baseline was approximately 25 points. Using 12-18%

of baseline scores from Angst et al. produces estimates of 3-4.5, which is consistent

with the findings of this study.

Other studies have previously used regression methods for MCID calculation. Angst

et al., Lee et al. and Hwang et al. used linear regression with or without adjustment

for participant factors in different outcome measures. However, these studies only

included data from a single follow-up time point [375, 395, 396, 397]. This study builds

on their previous work to include repeated measurements from participants in the

same analysis. In a study of people with dementia, O’Connell et al. recommended the

use of longitudinal methods for calculating MCID estimates, stating that “regression-

based approaches are likely best not only for the understanding of whether a change

in performance occurred measured with reliable change, but also for determining

whether that change is clinically meaningful” [398, 399]. Akaberi et al. also used

a random-intercept model to calculate MCID estimates using repeated measures on

quality of life in patients after a pulmonary embolism [400]. Akaberi et al. used a

time-varying indicator in the mixed effects analysis to determine important differences
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relative to baseline for each time point separately. In contrast, in our study, the

definition of minimal improvement was also based on longitudinal data.

5.4.3 Strengths and limitations

This is one of the first studies to compare MCID estimates across multiple time points

over a long-term follow-up period. This analysis also used consistent methodology

across the different time points in a single sample of people with osteoarthritis, re-

ducing the potential for confounding. The results provide initial insight into whether

adjustment for time should be considered in the use and calculation of MCID esti-

mates, using a larger sample than the majority of MCID calculation studies. The

patient-reported anchor measure demonstrated favourable properties: it was mod-

erately correlated with the change in the WOMAC and did not exhibit issues with

response shift.

However, this analysis is limited as it used only a single dataset. It remains uncertain

whether the findings are generalisable to other datasets or disease areas. It is un-

clear whether the findings hold for different patient groups or different interventions.

Although the cohort included 1390 participants, the number included in the MCID

estimation was between 300 and 600 participants for single time point methods and

only 245 participants for the longitudinal methods. However, this analysis included

a larger sample than most MCID calculation studies and the MCID estimates were

imprecise with large confidence intervals. The issue of imprecision was exacerbated

in the subgroup analysis.

The analysis also used a non-traditional anchor measure, based on a calculated change

score derived from participants’ assessment of their own current state. This may

be less relevant to participants than a direct assessment of the transition in their

condition, such as asking participants to compare their current state to a baseline
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time point. However, it does avoid issues related to response shift and recall bias

[401, 402]. In addition, the change in the anchor measure was correlated with the

change in the outcome measure, providing some evidence to support the validity of

this non-traditional approach to anchoring (Section 5.3.1, Table 5.3 and Figure 5.3).

The selection of a 1-point change in the anchor measure to represent minimal im-

portance was arbitrary and could not be validated in the dataset. This is especially

poignant for osteoarthritis, where there is inherent variability due to the fluctuating

nature of the disease and lability of symptoms. As this analysis was retrospective, the

results are limited in that we could not ask the original trial participants what level

of effect they would feel clinically worthwhile, as was done by Ferreira at al. [403]. In

other datasets, the validity could be increased if all levels of the anchor measure were

labelled and a level for ‘minimally improved’ or ‘slightly improved’ was included.

It could also be questioned whether the longitudinal definition for ‘minimal improve-

ment’ was appropriate. The choice of cut-off to define the region of minimal improve-

ment was arbitrary. Moreover, the average AUC value could be the same for two

participants with very different trajectories of change in the anchor. It was unclear

whether a 1-point improvement for 5 years was viewed equivalently to a 5-point im-

provement for 1 year. This could be combined with evidence of participant preferences

to provide a more evidence-based definition of ‘minimal improvement’.

The use of an observational cohort with heterogeneity in the treatment received and

stage of disease may also limit the interpretation of the results. The MCID estimates

could have differed for subgroups of participants receiving specific treatments and

the duration, frequency and content of those treatments. Participants’ expectations

may not have been consistent over time and could have been affected by the differing

treatments received and associated risks and burden of treatment. These unmeasured

factors could have affects the MCID estimate. For example, treatment-related adverse
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events could have affected whether a participant viewed a change in their condition

as ‘worthwhile’. It has also been suggested that the concept of clinical importance

may differ between patients treated in routine clinical practice and participants in

experimental trials [404, 405]. Therefore, MCID estimates produced using observa-

tional cohort data may not be applicable to clinical trial samples, for example, if they

are not representative in terms of disease severity.

5.4.4 Implications

For improvement in the WOMAC score, the duration of follow-up did not appear to

be associated with the magnitude of the MCID estimate. The MCID estimates for

different lengths of follow-up (comparing baseline to year 2, baseline to year 3, etc.)

had a similar level of variability to MCID estimates for different 1-year follow-up

periods (comparing year 2 to year 3, etc.). The differences in the MCID estimates

were thus likely due to other factors and not due to differences in the length of follow-

up period. This suggests that the MCID estimate should not be adjusted based on

the assessment time point. Therefore, when considering the sample size calculation

of randomised trials, the same MCID estimate can be used as the target difference in

the calculation regardless of the assessment time point.

In this dataset, the standard deviation for the follow-up score was very similar across

the different follow-up time points and thus could be generally applied. However, for

sample size calculations based on the change from baseline, the standard deviation

was higher for longer follow-up durations and this should be accounted for when

calculating the target effect size.

Even with a moderate-to-large number of participants included in this analysis, the

MCID estimates were still imprecise. Therefore, researchers who publish studies on

the calculation of MCID estimates should include a measure of the imprecision of the
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estimate, such as the 95% confidence interval, to indicate the level of variability. Even

if a large sample size was used, trialists and other researchers should be cautious in

the use of MCID estimates where no measure of imprecision is reported.

As the MCID estimates did vary by the time point used, it may be worthwhile to

calculate MCID estimates based on multiple time points to examine the robustness of

the estimate produced and demonstrate the level of variability due to baseline disease

severity and assessment time point. This supports the recommendation by McCreary

et al. to include an anchor measure in a clinical trial such that “the MCID can be

determined for the specific patient population included in the study” [385].

The use of longitudinal methods to calculate the MCID could produce more precise

estimates. However, this may depend on whether the longitudinal definition of im-

provement is considered to be relevant to participants and clinicians. In this example,

the three longitudinal methods produced very similar results for the MCID estimate.

However, it is unclear whether the results would still be consistent when applied to

other datasets. Therefore, it seems sensible to choose the method that aligns with the

analysis method used in clinical studies where the MCID estimate would be applied.

For instance, randomised trials have used AUC approaches to analyse study results

by the participant level or to compare the area for different treatment arms calculated

based on summary statistics [406, 407]. In this case, the MCID estimate used should

be calculated using the AUC estimate.

The results also showed that the estimates varied greatly depending on the baseline

WOMAC score in both the single time point and longitudinal methods. Future studies

should use an MCID estimate calculated in a sample with similar severity of symptoms

to ensure that it is applicable to the study population.
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5.4.5 Future research

Future research could expand on the above work by examining the consistency of

MCID estimates over time in other datasets and for other conditions. It may be

that MCID estimates are more consistent in some disease areas than others. For

example, in trauma trials, the trajectory of recovery is important and therefore timing

of improvement could be a more important consideration. This would also allow the

assessment of consistency of MCID estimates at different time points. The consistency

of MCID estimates may be different when considering shorter time periods of less than

1 year, for example, comparing 6 weeks, 3 months and 12 months.

The use of datasets with a larger sample size would provide more precise MCID

estimates, which could more easily indicate any trend in MCID estimates over time.

Meta-regression could also be used to compare individual trial results and indicate

whether duration of follow-up influenced the MCID estimate, whilst accounting for

other between-study characteristics, as was done by Terwee et al. and Olsen et al.

[38, 369, 408]. To facilitate analysis using a larger sample size, a future study could

combine multiple individual participant datasets and calculate MCID estimates using

consistent methodology, for example, by synthesising trial datasets from the OA trial

bank, an international consortium of osteoarthritis trials [409, 410].

As this study used a non-traditional anchor measure, future research could assess

the validity of this anchor measure. This analysis used a non-traditional method

of measuring the participant’s current assessment of their global condition and used

the change score in this measure as the anchor. A future study could compare this

non-traditional anchor to more traditional anchor measures, where the participant

provides a direct assessment of how they feel their condition has changed since baseline

or the previous time point of assessment, to establish whether these different anchor

measures are consistent, similar to the work of Ousmen et al. [411]. This would allow
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an assessment of whether the MCID estimates produced are robust to different time

reference or different wording of the anchor measure.

Further work could examine whether alternative concepts could be used to generate

MCID estimates that are more consistent over time, by using relative change, com-

paring the observed change to the maximum possible change in each participant, or

using item-response theory [38, 395, 412]. Future research could also examine whether

more specific anchor measures could provide a better assessment of the MCID value

by individual WOMAC subscales, rather than an assessment of the participant’s over-

all condition. For example, a pain-specific anchor measure may provide more robust

estimates of an MCID in the WOMAC pain subscale [397]. It would also be interest-

ing to explore whether separate domain-specific MCID estimates (e.g., pain, function

and stiffness) can be combined to provide an accurate MCID estimate for the total

WOMAC scale and other composite outcome measures.

Future research could examine whether MCID estimates vary due to other participant

characteristics, such as osteoarthritis phenotype, flare-up patterns or adverse events.

Accounting for participant factors is important in MCID calculation as the ‘mini-

mally improved’ and ‘unchanged’ groups are not randomly allocated, as in between-

treatment comparisons. Therefore, the lack of randomisation means that there could

be large differences in the characteristics of the ‘minimally improved’ and ‘unchanged’

groups. It has been suggested that MCID estimates calculated using data from ran-

domised trials may not be representative of clinical practice, and vice versa [413].

Future studies could examine whether observational and randomised trial datasets

produce similar MCID estimates. More frequent assessment of participant outcomes

and anchor measures will become easier as electronic data capture methods become

more routinely used in clinical practice settings.
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Moreover, simulation studies could be used to examine the use of adjustment for

baseline score when calculating MCID estimates. Such studies could assess the level

of bias in the MCID estimates caused by different levels of baseline imbalance in the

outcome measure between the ‘minimally improved’ and ‘no change’ groups [379].

Applying the longitudinal methods in other datasets could indicate whether the con-

sistency of the MCID estimates is generally true or a feature of the dataset used

here. Simulation studies could be conducted to assess the statistical properties of

the different methods for MCID calculation. The methods could be compared on the

level of precision, coverage and type I and type II error. These studies could assess

the robustness of these methods to variations in the level of missing data, mechanism

of missingness (MAR, MCAR or MNAR), sample size, distribution of the outcome

measure, correlation structure between outcome scores over time, and adjustment for

participant factors (such as age, sex, disease severity).

Future research could also assess the acceptability of the different methods of MCID

calculation in different stakeholder groups, including statisticians, participants, clini-

cians and commissioners. It is important to examine whether the methods are feasible

for use in practice, if stakeholders can interpret the results of these methods and feel

that the methods are capturing the correct concept of ‘importance’ and whether stake-

holders would be willing to adopt interventions using the MCID estimates produced

by these methods.

Chapter 6 uses a simulation study to examine the statistical implications of using

different approaches to analyse the results of longitudinal data from randomised trials,

in terms of carrying out the sample size calculation. This will indicate which of

the longitudinal methods produce more precise and unbiased estimates of treatment

effect, and which is the most appropriate strategy for conducting the sample size

calculation. The results will help guide the choice of methods to analyse clinical
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trial results under different settings, and how the sample size calculation should be

undertaken.

5.4.6 Conclusions

This study has shown that MCID estimates for the WOMAC did not vary by the du-

ration of the follow-up period using a single longitudinal dataset of people living with

osteoarthritis. However, there was some variability over time and MCID estimates

for the WOMAC were imprecise, even when large numbers of participants were anal-

ysed. This study also found that it was feasible to calculate MCID estimates using

longitudinal data.

MCID estimates should be calculated for multiple time points or using longitudinal

data to ensure that the estimate is not overly extreme due to random fluctuation.

Furthermore, the target difference used in the sample size calculation for a randomised

trial does not need to be adjusted based on the assessment time point in this condi-

tion. However, further research is needed to examine whether the stability of MCID

estimates over time is generalisable to other datasets and disease areas.
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Chapter 6

Comparing methods to analyse

longitudinal data from randomised

trials: a simulation study

Prior publication:

Conferences abstracts for presentations on this chapter have been published (see

Appendix F.1 for details).
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6.1 Introduction

A randomised trial aims to examine whether an intervention produces a better effect

than a comparison treatment on the participants’ outcomes. A well-designed ran-

domised trial should have high power and low type I error [2, 3]. Power and type I

error were described in more detail in Chapter 1. A trial with high power (or low

type II error) has a high chance of detecting a treatment effect if a true treatment

effect exists. A trial with low type I error has a low chance of detecting a treatment

effect if no true treatment effect exists.

Chapter 5 introduced several methods that can be used to calculate minimum clin-

ically important differences (MCIDS) using longitudinal data. Equivalent methods

can be used to analyse longitudinal data from randomised trials. In a randomised con-

trolled trial, it is recommended to align the sample size calculation with the method

used to analyse the trial results [414]. Chapter 3 reviewed randomised trials in hip

or knee osteoarthritis that were published in 2016 and found that several methods

were used to analyse the WOMAC as an outcome measure (Section 3.3). Where

the same type of outcome data from multiple follow-up time points were available,

some trials analysed each time point separately [205, 415], others used a mixed effects

model [141, 195], and one trial used a generalised estimating equation (GEE) [416].

However, it is unclear which of these longitudinal methods would perform best under

different circumstances, providing the least biased and most precise estimate of the

treatment effect.

When comparing different statistical methods, knowledge of the power and type I

error of the proposed estimates for the treatment effect can provide information on

which methods should be used. It can also inform the sample size required to achieve

sufficient power to detect an important treatment effect. If a method produces a
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biased or imprecise estimate of the treatment effect, the results of randomised trials

may be inaccurate or inconclusive. This could lead to treatments being used in

practice that may not be as effective as the results suggest due to bias. Alternatively,

an inconclusive result, due to bias or imprecision, could lead to an intervention not

being implemented or researched further because of a lack of evidence. The methods

used to analyse the results of a randomised trial should ideally provide a precise and

unbiased estimate of the treatment effect. However, in practice, the ‘true’ value of

the treatment effect is unknown.

Simulation studies can be used to compare the performance of different statistical

methods in a controlled setting [417]. In a simulation study, the ‘true’ value of the

treatment effect is known from the mechanism used to generate the data and, thus,

it is possible to quantify the bias in different estimators of the treatment effect. The

characteristics of the participant sample and factors related to the data generation

process can be changed independently in such a way that any increase or decrease

in the performance of the method can be attributed to the characteristic that was

changed.

Multiple different factors could affect the performance of the different methods. These

factors could include the sample size included in the analysis, the magnitude and

consistency of the treatment effect, the number of follow-up time points and the

variability in the outcome measure. The highest-performing method is likely to be

different for different scenarios where these factors are varied.

This simulation study compared the performance of methods to analyse longitudi-

nal data from a randomised trial, focusing on convergence, power and type I error.

The results suggested which method was optimal under different scenarios, including

different sample sizes and numbers of follow-up measurements.
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6.2 Methods

6.2.1 Data-generating mechanism

This simulation study used parametric simulation, as opposed to re-sampling, to

provide more generalisability of the results. The parameters for the distribution of the

data-generation mechanism were selected based on the distribution of the WOMAC

Index in available datasets, primarily using the TOIB randomised trial, the OAI

cohort dataset and the results of the systematic review in Chapter 3 [175, 372].

The varying factors and levels are shown in Table 6.1.

Table 6.1: Factors and levels for the data-generating mechanisms

Factors Levels

Sample size (total for two arms) 100, 200, 400, 600, 800

Number of follow-up time points 2 (3 and 6 months)
3 (3, 6 and 12 months)
4 (3, 6, 12 and 18 months)
5 (3, 6, 12, 18 and 24 months)

Maximum treatment effect (β∗) 0, 4, 8, 12
(on WOMAC scale of 0-96) (for a standard deviation of 16, the

standardised effect size is 0, 0.25, 0.5, 0.75)

Pattern of treatment effect i. Linear improvement
ii. Short-term improvement then plateau
iii. Temporary improvement
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These factors were varied fully factorially, giving 240 (5 x 4 x 4 x 3) scenarios. The

maximum treatment effect over the follow-up period was the same for all patterns

of improvement (β∗). The scenarios were fixed for all other factors. The allocation

between intervention and control was assumed to be 1:1. The treatment effect was

assumed to be homogeneous across participants, not varying due to participant char-

acteristics (e.g. disease severity, sex or age). For simplicity, it was assumed that there

was no missing data.

The baseline WOMAC scores were assumed to be normally distributed (mean 40,

SD 15). The follow-up scores in the WOMAC Index were assumed to be normally

distributed with a standard deviation of 12. The mean follow-up score was assumed

to be 40 for the control group and 40 minus the treatment difference for the inter-

vention group (as specified for each scenario). The within-participant correlation

between follow-up scores at different time points was assumed to be 0.5, following

an exchangeable model for the change scores. The correlation between the baseline

and follow-up scores was also assumed to be 0.5. The between-participants error

term (random intercept, bi) was assumed to be normally distributed with mean 0 and

standard deviation 15. Within each dataset, to model the truncation of the patient-

reported outcome measure, participants were re-sampled if any of the WOMAC scores

at baseline and follow-up were outside of the 0-96 range. The code to generate the

simulated datasets is presented in Appendix E.1.

The maximum treatment effect was reached at different time points for the different

patterns. In pattern 1 (linear improvement), the treatment effect was 0 at time 0

and then increased linearly before reaching the maximum treatment effect at the

final time point. In pattern 2 (short-term improvement then plateau), the treatment

effect was 0 at time 0 and then increased to the maximum treatment effect, and the

treatment effect was sustained at the maximum level for the remainder of the follow-
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up period. In pattern 3 (temporary improvement), the treatment effect was 0 at time

0, the maximum treatment effect was reached at the first follow-up assessment after

time 0 and the treatment effect was then 0 for the remainder of the follow-up period.

Figures 6.1 to 6.3 and Table 6.2 show the patterns of the treatment effect over time

for different patterns and lengths of follow-up period when the maximum treatment

effect was 4, 8 or 12 points.



Figure 6.1: Patterns of improvement for different lengths of follow-up period when the maximum treatment effect was 4 points
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Figure 6.2: Patterns of improvement for different lengths of follow-up period when the maximum treatment effect was 8 points
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Figure 6.3: Patterns of improvement for different lengths of follow-up period when the maximum treatment effect was 12 points
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Table 6.2: Treatment effect values for the intervention arm (βij)

Follow-up length:
6 months 12 months 18 months 24 months

Pattern Maximum Time point (j) Time point (j) Time point (j): Time point (j)
treatment (months) (months) (months) (months)
effect 3 6 3 6 12 3 6 12 18 3 6 12 18 24

i. Linear 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
improvement 4 2 4 1 2 4 0.67 1.33 2.67 4 0.5 1 2 3 4

8 4 8 2 4 8 1.33 2.67 5.33 8 1 2 4 6 8
12 6 12 3 6 12 2 4 8 12 1.5 3 6 9 12

ii. Short-term 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
improvement 4 4 4 2 4 4 2 4 4 4 2 4 4 4 4

8 8 8 4 8 8 4 8 8 8 4 8 8 8 8
12 12 12 6 12 12 6 12 12 12 6 12 12 12 12

iii. Temporary 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
improvement 4 4 0 4 4 0 4 4 0 0 4 4 0 0 0

8 8 0 8 8 0 8 8 0 0 8 8 0 0 0
12 12 0 12 12 0 12 12 0 0 12 12 0 0 0



6.2.2 Estimand

The estimand was the treatment effect, i.e., the difference in the outcome between

the intervention and control arms. The value of the estimand for the three methods

differed. The study primarily considered the performance of each method in terms of

null hypothesis significance testing, by comparing statistical power and type I error,

which could be compared across the different methods even when the ‘true’ values

varied.

6.2.3 Statistical methods

Several of the statistical methods compared were described in detail in Section 5.2.5,

in the context of calculating MCID estimates. In brief, these methods are:

1. Adapted single time point approach (ANCOVA): Linear regression with baseline

adjustment was used to compare the change in the WOMAC score between the

intervention and control arms at each individual follow-up time point. The

primary time point was set at the final non-zero time point for each pattern,

i.e., where the maximum treatment effect was reached.

2. Mixed effects regression: Mixed effects regression models were used on the

WOMAC scores assuming a fixed slope and a random intercept by participant

and an exchangeable correlation structure for the residuals.

3. GEE regression: The GEE regression model extends the generalised linear

model to allow for observations to be correlated within the same participant.

GEE models were used on the WOMAC scores, assuming a Gaussian family,

identity link and an exchangeable correlation structure.
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The code to analyse the simulated datasets using the three methods is presented in

Appendix E.2.

The true value of the parameter differed for each of the methods. The true values

for the single time point analyses are the same as the treatment effect at the cor-

responding time point, presented in Table 6.2. The true values for the single time

point, mixed effects and GEE methods are presented in Table 6.3. For the mixed

effects and GEE methods, it was assumed that the treatment effect did not vary by

time point. The estimated value was compared to the average of the true treatment

effects at each follow-up time point.



Table 6.3: True values for the estimands for the different methods

Method 1: Methods 2 and 3:
ANCOVA (primary) Mixed effects and GEE:
at final non-zero time point:

Mean difference at final Mean difference averaged
non-zero time pointa over whole period

Pattern Maximum treatment Follow-up period (months) Follow-up period (months)
effect 6 12 18 24 6 12 18 24

i. Linear 0 0 0 0 0 0 0 0 0
improvement 4 4 4 4 4 3 2.33 2.17 2.1

8 8 8 8 8 6 4.67 4.33 4.2
12 12 12 12 12 9 7 6.5 6.3

ii. Short-term 0 0 0 0 0 0 0 0 0
improvement 4 4 4 4 4 4 3.33 3.5 3.6

8 8 8 8 8 8 6.67 7 7.2
12 12 12 12 12 12 10 10.5 10.8

iii. Temporary 0 0 0 0 0 0 0 0 0
improvement 4 4 4 4 4 2 2.67 2 1.6

8 8 8 8 8 4 5.33 4 3.2
12 12 12 12 12 6 8 6 4.8

a Note: The true values for the interim time points in method 1 (ANCOVA at all time points) are shown in Table 6.2



6.2.4 Performance measures

Several performance measures were used to assess the bias and precision of the es-

timators. The terms used to define the performance measures were taken from the

tutorial by Morris et al. [417]. If the true value for the estimand is β, the estimate is

given by β̂i with standard error si for the ith simulation.

β̄ = 1
n

∑
i β̂i

s̄2 = 1
n

∑
i si

2

Vβ̄ = 1
n−1

∑
i(β̂i − β̄)2

The performance measures assessed were:

Properties of model:

� Convergence

Errors:

� Type I error: Proportion of simulated datasets for which the 90%, 95%, 97.5%

and 99% confidence interval did not include zero, i.e., was wrongly found to

have a significant treatment effect (note: only applicable for treatment effect of

0).

� Statistical power (or equivalently 1 - type II error): Proportion of simulated

datasets for which the 80%, 90% and 95% confidence interval included zero,

i.e., was wrongly found an absence of treatment effect (note: not applicable for

treatment effect of 0).

Properties of confidence interval:

� Coverage: Proportion of simulated datasets for which the 95% confidence inter-
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val included the true parameter (β̂) used to generate the simulated data.

Properties of estimator:

� Bias: The distance of the estimator from the true value (E(β̂) − β)

� Relative bias: Bias as a proportion of the true value ( β̄−β
β
x100%)

� Empirical standard error (EmpSE): The standard deviation of β̂, which provides

an assessment of the spread among the estimates (

√
V ar(β̂)).

Properties of standard error:

� Average model-based standard error (ModSE): The average of the standard

error from each repetition of the analysis (

√
E( ˆV ar(β̂)).

The code and formulas to calculate the performance measures is presented in Ap-

pendix E.3.

For the single time point method, multiple treatment estimates were computed for

each of the follow-up time points. The performance of the single time point method

was summarised for analysing the final follow-up time point only (ANCOVA primary)

for all summary measures. In addition, for the single time point method, the type I

error was calculated in the event that all follow-up time points were analysed sepa-

rately (ANCOVA all), i.e., the probability of a falsely identified statistically significant

result at one or more follow-up time points.

Hierarchy of performance measures

The primary performance measures were the convergence of the model, statistical

power and type I error. These measures were comparable across the different methods.

The properties of the estimator were not comparable across the methods as the treat-

ment effect was represented in different forms. This allowed us to compare the nec-
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essary sample size required for the different methods for a given level of power and

type I error. It was possible to compare the properties of the estimator across the

different scenarios for the same method.

6.2.5 Analysis

For each scenario, nsim = 1600 datasets were produced, achieving a Monte Carlo

standard error (MCSE) of 1% for a statistical power of 80% and a MCSE of <0.6% for

a coverage of 95%. Stata IC version 14 was used to generate the datasets, analyse the

individual datasets and calculate the performance measures [121]. Each simulation

scenario included a different random number seed, and the random number generator

state was recorded for the repetitions of each scenario. The University of Oxford

Advanced Research Computing (ARC) facility was used to carry out this work [418].

The ARC facility was used because of the computational resources required for the

large number of simulations and scenarios.

6.2.6 Summary of simulation methods

For 1600 repetitions, repeat steps 1 to 4:

Step 1:

(a) Simulate n baseline values using normal distribution N(40, 15).

n = 100, 200, 400, 600, 800

(b) Simulate t follow-up scores using normal distribution N(40, 12) for each of the

n participants with a within-participant correlation of 0.5 between baseline and

follow-up scores and between two follow-up scores at different time points.

t = 2, 3, 4, 5
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(c) Add between-participant variation using normal distribution N(0, 15) to the

baseline and t follow-up scores for each of the n participants.

Step 2:

(a) Randomly allocate the n to treatment or control arms using 1:1 allocation.

(b) Assign proportion of maximum treatment effect (0-1) at each follow-up time

point t for the corresponding pattern p (see Figures 6.1 to 6.3).

p = 1, 2, 3

(c) Multiply the treatment effect by maximum treatment effect b.

b = 0, 4, 8, 12

(d) Subtract the corresponding treatment effect from the follow-up scores for par-

ticipants in the treatment arm.

(e) Round follow-up scores to the nearest whole number to emulate composite out-

come measure.

Step 3:

(a) Re-sample by repeating steps 1 and 2 for participants where the baseline score

or any of the follow-up scores are less than 0 or greater than 96 to truncate to

fit the possible range of the WOMAC (0-96).

Step 4:

(a) Analyse using ANCOVA with baseline adjustment separately for each of the t

follow-up time points.

(b) Analyse using the GEE method.

(c) Analyse using a mixed effects (random intercept) method.
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6.3 Results

6.3.1 Statistical power, type I error, and convergence

The statistical power for each of the scenarios for a 95% confidence interval is pre-

sented in Figures 6.4 to 6.6 and Tables 6.4 to 6.6. For all of the patterns, in scenarios

with larger sample sizes and treatment effects, all of the methods provided high power

(β ≥ 8 and n ≥ 400).

When the treatment effect was not consistent over time (in patterns 1 and 3), AN-

COVA using the primary time point had greater power than the GEE or mixed effects

methods using the time-averaged treatment effect, especially when the treatment ef-

fect was small (Figures 6.4 and 6.6, Tables 6.4 and 6.6).

However, when the treatment effect was consistent over time (in pattern 2), the GEE

and mixed effects methods demonstrated higher power than the ANCOVA method

at the primary time point (Figure 6.5 and Table 6.5). The GEE method provided

slightly greater power than the mixed effects method.

The findings on power for 95% confidence intervals were consistent with the results

for 80% and 90% confidence intervals (Appendix E.4, Tables E.1 to E.6).

The method with the lowest type I error varied across the scenarios and the optimal

method did not seem to be associated with the sample size or number of time points.

In the majority of scenarios, the type I error for a 95% confidence interval was higher

for the GEE and mixed effects methods than ANCOVA using the final non-zero time

point as the primary follow-up assessment (Tables 6.7 to 6.9 and Figures 6.7 to 6.9).

However, the type I error was much larger for the ANCOVA method if the primary

time point was not pre-specified and analysis was conducted for all of the follow-up

time points. The type I error for the ANCOVA method conducted at each follow-up
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time point separately increased as the number of follow-up assessments increased. In

some cases for the ANCOVA method with five follow-up assessments, the probability

of a falsely-identified significant treatment effect at any follow-up time point was as

high as 20% for the 95% confidence interval.

Findings were similar for the 95%, 97.5% and 99% confidence intervals (Appendix

E.5). However, for the 90% confidence interval, type I error was not consistently

higher for the GEE method than the ANCOVA approach at the primary time point.

The performance measures for the ANCOVA method at each time point is presented

in Appendix E.6.

For the ANCOVA and GEE methods, the models converged for all of the possible sce-

narios and repetitions. However, convergence was poor for the mixed effects method

(Table 6.10). Convergence was achieved within 100 iterations for between 14% and

89% of the repetitions for each scenario. Convergence was less likely in scenarios with

a larger sample size and more follow-up assessments.



Figure 6.4: Statistical power: Pattern 1 (linear improvement)



Table 6.4: Statistical power (for 95% confidence interval): Pattern 1 (linear improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA Power 34.8 87.7 99.7 37.3 88.3 99.6 36.4 88.9 99.8 36.3 88.8 99.9
(primary) MCSE (1.19) (0.82) (0.14) (1.21) (0.81) (0.15) (1.20) (0.79) (0.11) (1.20) (0.79) (0.09)
GEE Power 29.2 77.9 98.1 23.0 61.6 90.7 20.5 56.4 87.8 20.9 56.0 86.9

MCSE (1.14) (1.04) (0.34) (1.05) (1.22) (0.73) (1.01) (1.24) (0.82) (1.02) (1.24) (0.84)
Mixed Power 28.5 76.8 97.5 21.4 57.5 87.0 19.8 52.3 81.7 19.5 51.1 77.9
effects MCSE (1.20) (1.10) (0.41) (1.16) (1.41) (0.96) (1.23) (1.53) (1.21) (1.27) (1.61) (1.37)

200 ANCOVA Power 61.5 99.1 100.0 62.1 99.8 100.0 60.9 99.5 100.0 62.3 99.5 100.0
(primary) MCSE (1.22) (0.23) (0.00) (1.21) (0.13) (0.00) (1.22) (0.18) (0.00) (1.21) (0.18) (0.00)
GEE Power 49.4 96.8 99.9 35.1 87.7 99.6 33.6 85.4 99.5 35.4 83.4 99.3

MCSE (1.25) (0.44) (0.06) (1.19) (0.82) (0.15) (1.18) (0.88) (0.18) (1.20) (0.93) (0.22)
Mixed Power 49.3 96.2 99.9 34.6 85.3 99.4 32.1 84.0 99.0 33.9 78.0 97.1
effects MCSE (1.38) (0.53) (0.08) (1.43) (1.05) (0.23) (1.50) (1.19) (0.32) (1.59) (1.42) (0.59)

400 ANCOVA Power 88.1 100.0 100.0 89.1 100.0 100.0 90.1 100.0 100.0 90.8 100.0 100.0
(primary) MCSE (0.81) (0.00) (0.00) (0.78) (0.00) (0.00) (0.75) (0.00) (0.00) (0.72) (0.00) (0.00)
GEE Power 77.1 99.9 100.0 61.2 99.4 100.0 58.8 98.8 100.0 56.2 98.4 100.0

MCSE (1.05) (0.06) (0.00) (1.22) (0.19) (0.00) (1.23) (0.27) (0.00) (1.24) (0.31) (0.00)
Mixed Power 76.0 99.9 100.0 59.8 98.5 100.0 57.0 97.5 100.0 54.5 98.0 100.0
effects MCSE (1.25) (0.09) (0.00) (1.55) (0.38) (0.00) (1.66) (0.52) (0.00) (1.78) (0.52) (0.00)



Table 6.4: Statistical power (for 95% confidence interval): Pattern 1 (linear improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

600 ANCOVA Power 96.6 100.0 100.0 97.3 100.0 100.0 97.6 100.0 100.0 97.4 100.0 100.0
(primary) MCSE (0.45) (0.00) (0.00) (0.40) (0.00) (0.00) (0.38) (0.00) (0.00) (0.40) (0.00) (0.00)
GEE Power 91.2 100.0 100.0 78.2 100.0 100.0 74.4 99.9 100.0 71.4 99.9 100.0

MCSE (0.71) (0.00) (0.00) (1.03) (0.00) (0.00) (1.09) (0.06) (0.00) (1.13) (0.06) (0.00)
Mixed Power 91.4 100.0 100.0 77.8 100.0 100.0 72.3 99.7 100.0 70.7 99.7 100.0
effects MCSE (0.87) (0.00) (0.00) (1.43) (0.00) (0.00) (1.58) (0.18) (0.00) (1.74) (0.23) (0.00)

800 ANCOVA Power 99.3 100.0 100.0 99.7 100.0 100.0 99.2 100.0 100.0 99.3 100.0 100.0
(primary) MCSE (0.22) (0.00) (0.00) (0.14) (0.00) (0.00) (0.22) (0.00) (0.00) (0.21) (0.00) (0.00)
GEE Power 97.2 100.0 100.0 89.8 100.0 100.0 85.8 100.0 100.0 84.7 100.0 100.0

MCSE (0.41) (0.00) (0.00) (0.76) (0.00) (0.00) (0.87) (0.00) (0.00) (0.90) (0.00) (0.00)
Mixed 97.1 100.0 100.0 89.3 100.0 100.0 86.5 100.0 100.0 81.1 100.0 100.0
effects MCSE (0.55) (0.00) (0.00) (1.15) (0.00) (0.00) (1.30) (0.00) (0.00) (1.61) (0.00) (0.00)

β∗: Maximum treatment effect.



Figure 6.5: Statistical power: Pattern 2 (short-term improvement then plateau)



Table 6.5: Statistical power (for 95% confidence interval): Pattern 2 (short-term improvement then plateau)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA Power 34.8 87.6 99.6 35.1 88.3 99.5 36.7 88.3 99.9 33.9 86.3 99.8
(primary) MCSE (1.19) (0.82) (0.15) (1.19) (0.81) (0.18) (1.21) (0.80) (0.06) (1.18) (0.86) (0.13)
GEE Power 44.7 95.1 100.0 37.1 89.7 99.5 43.6 93.3 100.0 44.3 94.5 100.0

MCSE (1.24) (0.54) (0.00) (1.21) (0.76) (0.18) (1.24) (0.63) (0.00) (1.24) (0.57) (0.00)
Mixed Power 45.2 95.2 100.0 35.7 87.6 99.3 43.1 92.6 100.0 43.2 93.9 100.0
effects MCSE (1.31) (0.56) (0.00) (1.36) (0.95) (0.23) (1.54) (0.82) (0.00) (1.60) (0.76) (0.00)

200 ANCOVA Power 60.8 99.1 100.0 61.1 99.5 100.0 62.5 99.2 100.0 59.5 99.1 100.0
(primary) MCSE (1.22) (0.24) (0.00) (1.22) (0.18) (0.00) (1.21) (0.22) (0.00) (1.23) (0.23) (0.00)
GEE Power 73.5 99.9 100.0 62.6 99.4 100.0 69.3 99.8 100.0 73.4 99.9 100.0

MCSE (1.10) (0.06) (0.00) (1.21) (0.19) (0.00) (1.15) (0.11) (0.00) (1.10) (0.06) (0.00)
Mixed Power 72.9 99.9 100.0 61.7 99.3 100.0 68.1 99.7 100.0 72.6 99.9 100.0
effects MCSE (1.22) (0.08) (0.00) (1.44) (0.25) (0.00) (1.48) (0.17) (0.00) (1.49) (0.11) (0.00)

400 ANCOVA Power 90.0 100.0 100.0 87.3 100.0 100.0 88.3 100.0 100.0 87.0 100.0 100.0
(primary) MCSE (0.75) (0.00) (0.00) (0.83) (0.00) (0.00) (0.81) (0.00) (0.00) (0.84) (0.00) (0.00)
GEE Power 96.1 100.0 100.0 88.1 100.0 100.0 93.8 100.0 100.0 94.2 100.0 100.0

MCSE (0.49) (0.00) (0.00) (0.81) (0.00) (0.00) (0.60) (0.00) (0.00) (0.58) (0.00) (0.00)
Mixed Power 96.4 100.0 100.0 87.3 100.0 100.0 94.4 100.0 100.0 92.9 100.0 100.0
effects MCSE (0.55) (0.00) (0.00) (1.07) (0.00) (0.00) (0.78) (0.00) (0.00) (0.89) (0.00) (0.00)



Table 6.5: Statistical power (for 95% confidence interval): Pattern 2 (short-term improvement then plateau)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

600 ANCOVA Power 97.8 100.0 100.0 97.5 100.0 100.0 96.9 100.0 100.0 97.0 100.0 100.0
(primary) MCSE (0.37) (0.00) (0.00) (0.39) (0.00) (0.00) (0.43) (0.00) (0.00) (0.43) (0.00) (0.00)
GEE Power 99.6 100.0 100.0 97.6 100.0 100.0 98.9 100.0 100.0 99.3 100.0 100.0

MCSE (0.17) (0.00) (0.00) (0.38) (0.00) (0.00) (0.26) (0.00) (0.00) (0.21) (0.00) (0.00)
Mixed Power 99.4 100.0 100.0 97.3 100.0 100.0 98.7 100.0 100.0 99.3 100.0 100.0
effects MCSE (0.24) (0.00) (0.00) (0.54) (0.00) (0.00) (0.42) (0.00) (0.00) (0.32) (0.00) (0.00)

800 ANCOVA Power 99.4 100.0 100.0 99.6 100.0 100.0 99.4 100.0 100.0 99.3 100.0 100.0
(primary) MCSE (0.20) (0.00) (0.00) (0.17) (0.00) (0.00) (0.20) (0.00) (0.00) (0.21) (0.00) (0.00)
GEE Power 100.0 100.0 100.0 99.6 100.0 100.0 99.9 100.0 100.0 100.0 100.0 100.0

MCSE (0.00) (0.00) (0.00) (0.15) (0.00) (0.00) (0.06) (0.00) (0.00) (0.00) (0.00) (0.00)
Mixed Power 100.0 100.0 100.0 99.6 100.0 100.0 99.8 100.0 100.0 100.0 100.0 100.0
effects MCSE (0.00) (0.00) (0.00) (0.22) (0.00) (0.00) (0.16) (0.00) (0.00) (0.00) (0.00) (0.00)

β∗: Maximum treatment effect.



Figure 6.6: Statistical power: Pattern 3 (temporary improvement)



Table 6.6: Statistical power (for 95% confidence interval): Pattern 3 (temporary improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA Power 37.5 90.0 99.9 36.2 87.7 99.1 34.8 86.7 99.6 37.3 88.8 99.8
(primary) MCSE (1.21) (0.75) (0.06) (1.20) (0.82) (0.23) (1.19) (0.85) (0.17) (1.21) (0.79) (0.13)
GEE Power 16.0 44.3 79.3 28.1 72.2 95.9 17.2 47.8 80.7 14.0 34.9 64.1

MCSE (0.92) (1.24) (1.01) (1.12) (1.12) (0.49) (0.94) (1.25) (0.99) (0.87) (1.19) (1.20)
Mixed Power 17.6 49.9 84.4 29.5 76.7 97.4 20.1 55.3 88.5 16.2 45.7 83.6
effects MCSE (1.01) (1.31) (0.95) (1.30) (1.22) (0.46) (1.25) (1.57) (1.02) (1.21) (1.63) (1.24)

200 ANCOVA Power 61.6 99.3 100.0 62.9 99.5 100.0 60.9 99.5 100.0 62.6 99.3 100.0
(primary) MCSE (1.22) (0.22) (0.00) (1.21) (0.18) (0.00) (1.22) (0.18) (0.00) (1.21) (0.21) (0.00)
GEE Power 25.3 71.2 95.9 46.6 94.9 100.0 26.8 79.5 97.6 19.4 57.6 88.4

MCSE (1.09) (1.13) (0.50) (1.25) (0.55) (0.00) (1.11) (1.01) (0.39) (0.99) (1.24) (0.80)
Mixed Power 27.8 74.9 97.3 49.2 95.7 100.0 29.8 85.1 98.9 23.1 67.2 96.8
effects MCSE (1.22) (1.19) (0.44) (1.50) (0.62) (0.00) (1.47) (1.15) (0.35) (1.42) (1.66) (0.65)

400 ANCOVA Power 89.0 100.0 100.0 89.4 100.0 100.0 88.6 100.0 100.0 89.5 100.0 100.0
(primary) MCSE (0.78) (0.00) (0.00) (0.77) (0.00) (0.00) (0.80) (0.00) (0.00) (0.77) (0.00) (0.00)
GEE Power 43.8 94.8 100.0 72.8 99.9 100.0 49.3 97.0 100.0 33.6 88.1 99.3

MCSE (1.24) (0.55) (0.00) (1.11) (0.06) (0.00) (1.25) (0.43) (0.00) (1.18) (0.81) (0.22)
Mixed Power 46.5 96.1 100.0 74.5 99.9 100.0 52.1 98.4 100.0 37.3 92.4 99.8
effects MCSE (1.47) (0.57) (0.00) (1.38) (0.10) (0.00) (1.69) (0.43) (0.00) (1.75) (1.03) (0.23)



Table 6.6: Statistical power (for 95% confidence interval): Pattern 3 (temporary improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

600 ANCOVA Power 97.6 100.0 100.0 97.2 100.0 100.0 97.5 100.0 100.0 97.8 100.0 100.0
(primary) MCSE (0.38) (0.00) (0.00) (0.41) (0.00) (0.00) (0.39) (0.00) (0.00) (0.37) (0.00) (0.00)
GEE Power 61.3 98.8 100.0 87.8 100.0 100.0 67.3 99.9 100.0 50.8 96.6 100.0

MCSE (1.22) (0.27) (0.00) (0.82) (0.00) (0.00) (1.17) (0.09) (0.00) (1.25) (0.45) (0.00)
Mixed Power 64.6 99.0 100.0 88.9 100.0 100.0 72.7 99.9 100.0 56.2 98.3 100.0
effects MCSE (1.48) (0.30) (0.00) (1.08) (0.00) (0.00) (1.57) (0.14) (0.00) (1.89) (0.55) (0.00)

800 ANCOVA Power 99.1 100.0 100.0 99.4 100.0 100.0 99.6 100.0 100.0 99.4 100.0 100.0
(primary) MCSE (0.24) (0.00) (0.00) (0.20) (0.00) (0.00) (0.15) (0.00) (0.00) (0.20) (0.00) (0.00)
GEE Power 72.4 99.9 100.0 94.6 100.0 100.0 79.8 100.0 100.0 61.9 99.1 100.0

MCSE (1.12) (0.06) (0.00) (0.57) (0.00) (0.00) (1.00) (0.00) (0.00) (1.21) (0.24) (0.00)
Mixed Power 74.4 99.9 100.0 94.9 100.0 100.0 84.1 100.0 100.0 67.1 99.5 100.0
effects MCSE (1.43) (0.11) (0.00) (0.80) (0.00) (0.00) (1.44) (0.00) (0.00) (2.04) (0.32) (0.00)

β∗: Maximum treatment effect.



Figure 6.7: Type I error: Pattern 1 (linear improvement)

Note: Treatment effect (β) is 0 for type I error calculation.



Table 6.7: Type I error (for 95% confidence interval): Pattern 1 (linear improvement)

Number of time points:
n Method 2 3 4 5

100 ANCOVA (primary) Type I error 6.8 5.5 5.4 6.7
MCSE (0.63) (0.57) (0.57) (0.63)

GEE Type I error 6.6 6.0 6.9 5.8
MCSE (0.62) (0.59) (0.63) (0.58)

Mixed effects Type I error 6.6 6.0 6.1 6.0
MCSE (0.65) (0.69) (0.72) (0.76)

ANCOVA (all time points) Type I error 10.1 12.6 15.8 19.7
MCSE (0.75) (0.83) (0.91) (0.99)

200 ANCOVA (primary) Type I error 5.4 4.7 5.6 5.4
MCSE (0.56) (0.53) (0.58) (0.56)

GEE Type I error 5.6 5.4 4.8 6.5
MCSE (0.58) (0.57) (0.54) (0.62)

Mixed effects Type I error 5.4 5.5 4.5 6.9
MCSE (0.62) (0.68) (0.65) (0.86)

ANCOVA (all time points) Type I error 8.8 12.4 15.8 19.3
MCSE (0.71) (0.82) (0.91) (0.99)

400 ANCOVA (primary) Type I error 5.5 5.3 5.9 4.1
MCSE (0.57) (0.56) (0.59) (0.49)

GEE Type I error 4.7 4.3 6.6 4.4
MCSE (0.53) (0.51) (0.62) (0.52)

Mixed effects Type I error 4.8 4.5 7.4 4.2
MCSE (0.63) (0.66) (0.87) (0.70)

ANCOVA (all time points) Type I error 8.7 11.0 18.0 16.6
MCSE (0.71) (0.78) (0.96) (0.93)

600 ANCOVA (primary) Type I error 4.4 4.7 4.4 4.5
MCSE (0.51) (0.53) (0.51) (0.52)

GEE Type I error 4.6 5.4 4.3 4.9
MCSE (0.52) (0.57) (0.50) (0.54)

Mixed effects Type I error 4.8 5.7 4.5 4.4
MCSE (0.66) (0.78) (0.76) (0.77)

ANCOVA (all time points) Type I error 8.5 12.2 14.6 17.6
MCSE (0.70) (0.82) (0.88) (0.95)
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Table 6.7: Type I error (for 95% confidence interval): Pattern 1 (linear improvement)

Number of time points:
n Method 2 3 4 5

800 ANCOVA (primary) Type I error 5.1 4.7 4.4 5.3
MCSE (0.55) (0.53) (0.51) (0.56)

GEE Type I error 4.5 5.3 4.8 5.0
MCSE (0.52) (0.56) (0.54) (0.55)

Mixed effects Type I error 3.3 5.7 4.9 5.9
MCSE (0.58) (0.81) (0.84) (0.99)

ANCOVA (all time points) Type I error 9.4 12.1 14.3 18.7
MCSE (0.73) (0.82) (0.87) (0.97)

Note: Treatment effect (β) is 0 for type I error calculation.



Figure 6.8: Type I error: Pattern 2 (short-term improvement then plateau)

Note: Treatment effect (β) is 0 for type I error calculation.



Table 6.8: Type I error (for 95% confidence interval): Pattern 2 (short-term
improvement then plateau)

Number of time points:
n Method 2 3 4 5

100 ANCOVA (primary) Type I error 5.9 5.9 6.3 5.4
MCSE (0.59) (0.59) (0.61) (0.56)

GEE Type I error 6.4 7.9 6.6 5.4
MCSE (0.61) (0.68) (0.62) (0.57)

Mixed effects Type I error 6.3 8.3 6.5 5.2
MCSE (0.64) (0.79) (0.76) (0.72)

ANCOVA (all time points) Type I error 10.3 14.9 18.4 18.1
MCSE (0.76) (0.89) (0.97) (0.96)

200 ANCOVA (primary) Type I error 5.4 6.3 5.0 5.4
MCSE (0.56) (0.60) (0.55) (0.56)

GEE Type I error 6.8 6.2 5.8 6.4
MCSE (0.63) (0.60) (0.58) (0.61)

Mixed effects Type I error 7.4 6.0 5.5 6.8
MCSE (0.72) (0.71) (0.72) (0.83)

ANCOVA (all time points) Type I error 10.4 13.9 16.1 17.8
MCSE (0.76) (0.86) (0.92) (0.96)

400 ANCOVA (primary) Type I error 5.3 5.1 5.6 5.8
MCSE (0.56) (0.55) (0.58) (0.58)

GEE Type I error 5.3 5.2 5.6 5.8
MCSE (0.56) (0.55) (0.57) (0.58)

Mixed effects Type I error 5.3 5.4 5.0 4.8
MCSE (0.66) (0.72) (0.74) (0.74)

ANCOVA (all time points) Type I error 9.5 13.6 15.8 18.9
MCSE (0.73) (0.86) (0.91) (0.98)

600 ANCOVA (primary) Type I error 5.4 4.5 5.5 5.4
MCSE (0.56) (0.52) (0.57) (0.57)

GEE Type I error 5.4 5.1 5.2 6.0
MCSE (0.56) (0.55) (0.55) (0.59)

Mixed effects Type I error 5.1 5.4 3.9 6.8
MCSE (0.68) (0.76) (0.68) (0.97)

ANCOVA (all time points) Type I error 9.8 13.3 16.3 18.2
MCSE (0.74) (0.85) (0.92) (0.96)
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Table 6.8: Type I error (for 95% confidence interval): Pattern 2 (short-term
improvement then plateau)

Number of time points:
n Method 2 3 4 5

800 ANCOVA (primary) Type I error 4.8 5.3 5.8 5.6
MCSE (0.53) (0.56) (0.58) (0.58)

GEE Type I error 5.1 5.7 5.5 4.9
MCSE (0.55) (0.58) (0.57) (0.54)

Mixed effects Type I error 4.8 5.3 6.8 3.8
MCSE (0.69) (0.80) (0.97) (0.81)

ANCOVA (all time points) Type I error 9.9 13.4 17.2 19.8
MCSE (0.75) (0.85) (0.94) (1.00)

Note: Treatment effect (β) is 0 for type I error calculation.



Figure 6.9: Type I error: Pattern 3 (temporary improvement)

Note: Treatment effect (β) is 0 for type I error calculation.



Table 6.9: Type I error (for 95% confidence interval): Pattern 3 (temporary
improvement)

Number of time points:
n Method 2 3 4 5

100 ANCOVA (primary) Type I error 5.5 6.1 5.7 5.4
MCSE (0.57) (0.60) (0.58) (0.56)

GEE Type I error 5.9 6.0 6.0 4.8
MCSE (0.59) (0.59) (0.59) (0.53)

Mixed effects Type I error 6.1 6.1 6.8 4.8
MCSE (0.63) (0.69) (0.78) (0.67)

ANCOVA (all time points) Type I error 10.1 13.4 16.4 17.1
MCSE (0.75) (0.85) (0.93) (0.94)

200 ANCOVA (primary) Type I error 5.4 4.7 4.3 5.4
MCSE (0.56) (0.53) (0.50) (0.57)

GEE Type I error 6.4 5.9 5.7 5.7
MCSE (0.61) (0.59) (0.58) (0.58)

Mixed effects Type I error 6.1 5.9 4.9 4.7
MCSE (0.65) (0.70) (0.69) (0.69)

ANCOVA (all time points) Type I error 10.1 12.9 16.0 19.7
MCSE (0.75) (0.84) (0.92) (0.99)

400 ANCOVA (primary) Type I error 5.1 5.3 6.6 5.3
MCSE (0.55) (0.56) (0.62) (0.56)

GEE Type I error 6.3 5.9 5.5 5.3
MCSE (0.60) (0.59) (0.57) (0.56)

Mixed effects Type I error 6.3 6.2 5.4 4.8
MCSE (0.73) (0.76) (0.75) (0.76)

ANCOVA (all time points) Type I error 10.2 12.8 17.1 18.3
MCSE (0.76) (0.83) (0.94) (0.97)

600 ANCOVA (primary) Type I error 4.8 4.9 4.1 4.8
MCSE (0.54) (0.54) (0.49) (0.53)

GEE Type I error 5.4 5.4 4.9 5.6
MCSE (0.57) (0.57) (0.54) (0.58)

Mixed effects Type I error 5.5 5.7 4.8 5.4
MCSE (0.72) (0.79) (0.76) (0.87)

ANCOVA (all time points) Type I error 8.6 12.8 14.7 18.3
MCSE (0.70) (0.83) (0.89) (0.97)
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Table 6.9: Type I error (for 95% confidence interval): Pattern 3 (temporary
improvement)

Number of time points:
n Method 2 3 4 5

800 ANCOVA (primary) Type I error 4.8 4.3 5.0 4.7
MCSE (0.53) (0.51) (0.55) (0.53)

GEE Type I error 4.6 4.7 4.9 4.6
MCSE (0.52) (0.53) (0.54) (0.53)

Mixed effects Type I error 4.1 5.3 4.4 5.1
MCSE (0.65) (0.82) (0.80) (0.90)

ANCOVA (all time points) Type I error 8.2 11.8 15.7 18.7
MCSE (0.69) (0.81) (0.91) (0.97)

Note: Treatment effect (β) is 0 for type I error calculation.



Table 6.10: Convergence for mixed effects method

Pattern n Time points: 2 Time points: 3 Time points: 4 Time points: 5
β∗: 4 8 12 4 8 12 4 8 12 4 8 12

1 100 89% 91% 89% 79% 77% 77% 66% 67% 64% 60% 60% 57%
1 200 82% 83% 81% 69% 71% 70% 61% 60% 58% 55% 54% 50%
1 400 73% 73% 72% 62% 63% 60% 56% 55% 53% 49% 44% 37%
1 600 65% 67% 64% 53% 52% 53% 50% 49% 46% 43% 39% 31%
1 800 59% 61% 58% 46% 47% 45% 43% 41% 40% 37% 34% 26%

2 100 90% 90% 89% 77% 75% 76% 65% 64% 64% 60% 62% 60%
2 200 82% 81% 82% 72% 71% 68% 62% 62% 62% 56% 57% 55%
2 400 71% 71% 71% 61% 62% 62% 54% 55% 57% 51% 48% 48%
2 600 64% 64% 66% 56% 56% 52% 47% 49% 49% 43% 43% 41%
2 800 59% 57% 58% 50% 48% 46% 40% 40% 40% 34% 34% 35%

3 100 89% 91% 91% 76% 75% 76% 65% 63% 61% 58% 59% 55%
3 200 84% 84% 86% 69% 67% 70% 61% 60% 56% 55% 50% 46%
3 400 72% 71% 79% 62% 61% 58% 55% 52% 43% 47% 41% 28%
3 600 65% 68% 72% 53% 54% 52% 50% 45% 36% 43% 34% 18%
3 800 59% 59% 70% 47% 47% 44% 40% 41% 29% 33% 27% 14%

β∗: Maximum treatment effect.



6.3.2 Properties of the confidence interval: coverage

The magnitude of the treatment effect was the main factor associated with differences

in the level of coverage (Tables 6.11 to 6.13). For all methods, coverage was <90%

primarily when the treatment effect was 12 points. However, such a large treatment

effect is unlikely to be present in practice. Coverage was closer to 95% when the

treatment effect was 4 points. However, it is important to bear in mind that the

true value in each scenario differed between the different methods, which could have

influenced the level of coverage (Table 6.3).

Poor coverage for larger treatment effects was especially apparent in pattern 2 when

the treatment effect was sustained over time (Table 6.12). In pattern 2, coverage

was <90% when the treatment effect was 8 or 12 points for larger sample sizes. For

pattern 2, coverage was better for the ANCOVA method at the primary time point for

almost all scenarios. The improved coverage using the ANCOVA (primary) method

was more apparent for larger treatment effects. The mixed effects method never

produced the best coverage of the three methods across all scenarios in pattern 2.

For pattern 1 (linear improvement in treatment effect), the ANCOVA (primary)

method commonly showed better coverage than the GEE or mixed effects methods

for smaller sample sizes (n ≤ 400). However, the GEE method had better coverage

for large sample size (n ≥ 600), especially when the treatment effect was large. The

mixed effects method very rarely produced optimal coverage for pattern 1.

For pattern 3 (temporary improvement), no method was consistently preferred across

the different scenarios. Coverage was reasonable and did not differ greatly between

the different methods when the sample size was low. The ANCOVA (primary) method

produced the best coverage for the smallest sample size (n = 100). For larger sample

sizes (n ≥ 600), the mixed effects method often provided the best coverage, especially
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if treatment effects were large.



Table 6.11: Coverage (for 95% confidence interval): Pattern 1 (linear improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA Cover. 94.8 94.9 93.3 94.9 93.8 93.8 95.4 95.1 93.1 94.5 95.4 94.7
(primary) MCSE (0.55) (0.55) (0.63) (0.55) (0.60) (0.60) (0.52) (0.54) (0.63) (0.57) (0.53) (0.56)
GEE Cover. 94.4 94.2 92.9 94.8 93.9 93.5 94.7 94.0 92.3 93.8 94.5 93.0

MCSE (0.57) (0.58) (0.64) (0.56) (0.60) (0.62) (0.56) (0.59) (0.67) (0.60) (0.57) (0.64)
Mixed Cover. 94.6 93.2 91.2 94.5 93.4 91.3 94.7 92.7 88.6 93.6 94.1 85.7
effects MCSE (0.60) (0.66) (0.75) (0.64) (0.71) (0.80) (0.69) (0.80) (0.99) (0.79) (0.76) (1.16)

200 ANCOVA Cover. 95.0 93.8 91.9 95.1 93.6 92.6 93.6 93.1 92.3 94.6 93.9 91.0
(primary) MCSE (0.55) (0.60) (0.68) (0.54) (0.61) (0.66) (0.61) (0.63) (0.67) (0.56) (0.60) (0.71)
GEE Cover. 94.0 93.4 92.5 94.5 93.1 93.4 94.1 93.3 91.9 94.1 93.1 92.1

MCSE (0.59) (0.62) (0.66) (0.57) (0.63) (0.62) (0.59) (0.63) (0.68) (0.59) (0.63) (0.67)
Mixed Cover. 94.0 92.3 91.5 94.1 92.2 91.0 94.5 92.8 87.2 94.0 91.2 84.3
effects MCSE (0.66) (0.73) (0.78) (0.71) (0.80) (0.85) (0.73) (0.84) (1.10) (0.80) (0.97) (1.29)

400 ANCOVA Cover. 94.4 94.4 90.0 94.4 93.4 88.3 95.3 93.5 88.4 95.2 92.3 89.5
(primary) MCSE (0.58) (0.57) (0.75) (0.58) (0.62) (0.80) (0.53) (0.62) (0.80) (0.54) (0.67) (0.77)
GEE Cover. 93.8 94.0 89.5 94.9 93.3 90.1 93.4 93.3 88.3 95.0 93.3 89.3

MCSE (0.60) (0.59) (0.77) (0.55) (0.63) (0.75) (0.62) (0.63) (0.81) (0.55) (0.63) (0.77)
Mixed Cover. 93.3 92.8 88.0 94.8 91.7 86.4 93.0 90.7 81.0 95.5 90.7 78.3
effects MCSE (0.73) (0.76) (0.96) (0.70) (0.87) (1.11) (0.85) (0.97) (1.35) (0.74) (1.09) (1.69)



Table 6.11: Coverage (for 95% confidence interval): Pattern 1 (linear improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

600 ANCOVA Cover. 93.9 91.6 83.9 94.3 92.1 86.3 94.3 91.4 84.4 94.3 91.5 86.1
(primary) MCSE (0.60) (0.70) (0.92) (0.58) (0.67) (0.86) (0.58) (0.70) (0.91) (0.58) (0.70) (0.87)
GEE Cover. 94.2 90.5 85.8 95.6 92.3 88.3 94.6 92.4 86.1 94.9 92.3 87.3

MCSE (0.58) (0.73) (0.87) (0.52) (0.67) (0.80) (0.57) (0.66) (0.87) (0.55) (0.67) (0.83)
Mixed Cover. 94.4 90.8 82.8 94.8 92.1 84.2 94.1 89.1 76.4 93.4 86.5 71.1
effects MCSE (0.71) (0.88) (1.18) (0.77) (0.94) (1.26) (0.83) (1.11) (1.57) (0.95) (1.38) (2.03)

800 ANCOVA Cover. 93.9 90.6 82.6 94.5 91.3 81.7 94.3 91.4 82.3 94.5 90.8 81.1
(primary) MCSE (0.60) (0.73) (0.95) (0.57) (0.70) (0.97) (0.58) (0.70) (0.96) (0.57) (0.72) (0.98)
GEE Cover. 94.7 91.6 83.3 94.8 91.9 84.9 93.9 91.4 84.5 94.4 90.9 81.9

MCSE (0.56) (0.70) (0.93) (0.55) (0.68) (0.90) (0.60) (0.70) (0.91) (0.57) (0.72) (0.96)
Mixed Cover. 95.0 90.0 79.9 95.6 89.3 81.0 94.0 86.3 71.3 93.8 88.9 56.6
effects MCSE (0.71) (0.96) (1.31) (0.76) (1.13) (1.47) (0.91) (1.34) (1.79) (0.99) (1.35) (2.45)

β∗: Maximum treatment effect.



Table 6.12: Coverage (for 95% confidence interval): Pattern 2 (short-term improvement then plateau)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA Cover. 94.8 94.1 92.6 94.8 94.6 93.4 93.4 93.5 91.8 94.9 93.8 93.5
(primary) MCSE (0.55) (0.59) (0.66) (0.55) (0.57) (0.62) (0.62) (0.62) (0.69) (0.55) (0.60) (0.62)
GEE Cover. 93.6 93.7 91.5 94.3 93.4 91.8 93.4 93.8 90.2 93.7 93.0 91.4

MCSE (0.61) (0.61) (0.70) (0.58) (0.62) (0.69) (0.62) (0.60) (0.74) (0.61) (0.64) (0.70)
Mixed Cover. 94.2 93.6 91.0 93.3 92.4 90.6 92.8 92.5 89.2 94.3 92.7 89.3
effects MCSE (0.62) (0.65) (0.76) (0.71) (0.77) (0.84) (0.80) (0.82) (0.97) (0.75) (0.83) (0.99)

200 ANCOVA Cover. 94.4 92.9 90.1 94.8 93.8 90.2 94.3 93.1 90.0 94.8 92.8 89.7
(primary) MCSE (0.58) (0.64) (0.75) (0.56) (0.60) (0.74) (0.58) (0.63) (0.75) (0.56) (0.65) (0.76)
GEE Cover. 94.3 93.1 88.5 94.9 92.6 89.2 94.3 92.4 86.0 94.3 91.4 84.8

MCSE (0.58) (0.63) (0.80) (0.55) (0.66) (0.78) (0.58) (0.66) (0.87) (0.58) (0.70) (0.90)
Mixed Cover. 93.7 92.8 89.5 95.2 91.6 87.5 94.2 91.9 85.6 94.8 91.5 83.3
effects MCSE (0.67) (0.72) (0.85) (0.63) (0.82) (1.00) (0.74) (0.86) (1.11) (0.74) (0.92) (1.26)

400 ANCOVA Cover. 94.6 92.3 86.4 93.6 92.8 85.5 94.4 90.3 86.9 93.4 91.4 84.1
(primary) MCSE (0.57) (0.67) (0.86) (0.61) (0.65) (0.88) (0.58) (0.74) (0.84) (0.62) (0.70) (0.91)
GEE Cover. 94.4 91.1 83.5 93.6 91.6 82.2 94.3 89.6 81.4 92.4 89.4 78.6

MCSE (0.57) (0.71) (0.93) (0.61) (0.69) (0.96) (0.58) (0.76) (0.97) (0.66) (0.77) (1.02)
Mixed Cover. 94.5 91.2 82.4 92.9 91.8 79.5 94.4 89.0 77.5 91.0 88.3 76.4
effects MCSE (0.67) (0.84) (1.13) (0.82) (0.87) (1.28) (0.78) (1.05) (1.39) (1.00) (1.16) (1.53)



Table 6.12: Coverage (for 95% confidence interval): Pattern 2 (short-term improvement then plateau)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

600 ANCOVA Cover. 94.9 90.8 83.4 94.9 91.1 81.4 93.8 90.6 80.8 94.3 89.4 78.7
(primary) MCSE (0.55) (0.72) (0.93) (0.55) (0.71) (0.97) (0.60) (0.73) (0.98) (0.58) (0.77) (1.02)
GEE Cover. 94.4 89.3 77.8 93.2 88.0 79.3 94.0 88.8 72.4 93.1 86.8 66.3

MCSE (0.57) (0.77) (1.04) (0.63) (0.81) (1.01) (0.59) (0.79) (1.12) (0.63) (0.85) (1.18)
Mixed Cover. 94.2 89.4 78.3 93.5 86.3 77.1 92.8 87.3 69.7 91.8 86.2 61.4
effects MCSE (0.73) (0.96) (1.27) (0.83) (1.15) (1.45) (0.95) (1.19) (1.65) (1.05) (1.31) (1.90)

800 ANCOVA Cover. 93.7 89.5 78.2 94.3 89.4 78.5 94.2 88.3 73.6 92.9 86.9 71.8
(primary) MCSE (0.61) (0.77) (1.03) (0.58) (0.77) (1.03) (0.58) (0.80) (1.10) (0.64) (0.84) (1.13)
GEE Cover. 94.1 87.9 72.4 94.3 86.8 73.7 93.2 85.4 65.3 91.3 83.0 59.9

MCSE (0.59) (0.82) (1.12) (0.58) (0.85) (1.10) (0.63) (0.88) (1.19) (0.70) (0.94) (1.23)
Mixed Cover. 93.2 87.9 72.0 93.7 85.2 70.8 93.8 85.1 63.6 91.2 80.9 56.4
effects MCSE (0.83) (1.08) (1.48) (0.86) (1.28) (1.67) (0.96) (1.40) (1.91) (1.21) (1.69) (2.10)

β∗: Maximum treatment effect.



Table 6.13: Coverage (for 95% confidence interval): Pattern 3 (temporary improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA Cover. 94.6 93.9 93.3 93.6 93.9 93.4 95.3 93.5 92.5 95.8 94.8 93.5
(primary) MCSE (0.57) (0.60) (0.63) (0.61) (0.60) (0.62) (0.53) (0.62) (0.66) (0.50) (0.56) (0.62)
GEE Cover. 94.6 93.9 93.7 93.0 93.3 92.5 95.1 92.3 92.3 94.7 94.8 93.4

MCSE (0.57) (0.60) (0.61) (0.64) (0.63) (0.66) (0.54) (0.67) (0.67) (0.56) (0.56) (0.62)
Mixed Cover. 93.8 93.2 93.0 92.8 93.4 92.5 95.0 93.1 90.8 93.9 95.3 88.5
effects MCSE (0.64) (0.66) (0.67) (0.74) (0.72) (0.76) (0.68) (0.80) (0.92) (0.78) (0.69) (1.07)

200 ANCOVA Cover. 95.1 93.6 91.4 95.1 94.1 90.6 94.6 93.6 89.6 95.0 92.1 91.4
(primary) MCSE (0.54) (0.61) (0.70) (0.54) (0.59) (0.73) (0.56) (0.61) (0.76) (0.55) (0.67) (0.70)
GEE Cover. 94.7 94.0 91.8 94.1 94.1 90.0 94.6 94.3 90.8 94.4 92.6 90.2

MCSE (0.56) (0.59) (0.69) (0.59) (0.59) (0.75) (0.57) (0.58) (0.72) (0.57) (0.65) (0.74)
Mixed Cover. 95.2 93.9 92.1 94.6 94.9 92.4 95.8 93.6 91.5 95.2 91.5 86.8
effects MCSE (0.59) (0.66) (0.73) (0.68) (0.67) (0.79) (0.65) (0.79) (0.93) (0.72) (0.99) (1.24)

400 ANCOVA Cover. 94.1 94.0 89.5 95.3 93.1 88.4 95.2 92.6 90.8 95.9 93.5 87.9
(primary) MCSE (0.59) (0.59) (0.77) (0.53) (0.64) (0.80) (0.54) (0.66) (0.72) (0.49) (0.62) (0.82)
GEE Cover. 95.2 94.2 90.9 94.9 92.1 85.9 95.3 92.1 90.0 95.0 92.0 87.9

MCSE (0.54) (0.58) (0.72) (0.55) (0.67) (0.87) (0.53) (0.68) (0.75) (0.55) (0.68) (0.82)
Mixed Cover. 95.4 94.9 91.8 95.3 93.5 91.4 95.7 94.0 91.8 95.3 92.3 81.9
effects MCSE (0.62) (0.65) (0.77) (0.67) (0.79) (0.92) (0.69) (0.82) (1.05) (0.77) (1.04) (1.83)



Table 6.13: Coverage (for 95% confidence interval): Pattern 3 (temporary improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

600 ANCOVA Cover. 94.8 91.6 84.9 95.0 91.5 84.4 93.9 92.8 85.1 94.7 91.0 85.1
(primary) MCSE (0.55) (0.70) (0.89) (0.55) (0.70) (0.91) (0.60) (0.65) (0.89) (0.56) (0.71) (0.89)
GEE Cover. 94.6 93.6 88.2 95.3 90.8 81.7 94.2 91.6 83.7 95.0 92.2 85.4

MCSE (0.56) (0.61) (0.81) (0.53) (0.72) (0.97) (0.58) (0.70) (0.92) (0.55) (0.67) (0.88)
Mixed Cover. 94.6 93.7 90.2 95.1 93.0 89.5 93.9 93.1 91.5 94.7 91.6 80.4
effects MCSE (0.70) (0.74) (0.88) (0.74) (0.87) (1.06) (0.85) (0.94) (1.17) (0.86) (1.20) (2.33)

800 ANCOVA Cover. 94.8 90.8 81.6 94.1 90.8 80.3 95.1 91.4 80.9 94.8 90.6 81.0
(primary) MCSE (0.56) (0.72) (0.97) (0.59) (0.72) (0.99) (0.54) (0.70) (0.98) (0.55) (0.73) (0.98)
GEE Cover. 94.8 93.3 85.6 93.6 90.2 78.7 94.8 90.3 79.7 95.0 90.8 80.5

MCSE (0.55) (0.63) (0.88) (0.61) (0.74) (1.02) (0.56) (0.74) (1.01) (0.55) (0.72) (0.99)
Mixed Cover. 93.9 94.4 90.1 93.3 91.3 88.0 95.4 94.0 91.4 94.1 93.8 74.6
effects MCSE (0.78) (0.75) (0.90) (0.91) (1.03) (1.23) (0.83) (0.93) (1.30) (1.02) (1.15) (2.88)

β∗: Maximum treatment effect.



6.3.3 Properties of the estimator: bias and empirical

standard error

Although the true values varied, the level of absolute bias was similar across the

different methods (Tables 6.14 to 6.16). The levels of absolute bias and relative bias

were greater for larger treatment effects. However, the level of bias did not differ

greatly when the sample sizes or number of assessment time points varied.

For pattern 1 (linear improvement), the GEE method produced the least biased es-

timates (with the smallest MCSEs) compared with the mixed effects and ANCOVA

(primary) methods in terms of absolute bias (Table 6.14). However, it should be taken

into account that the true value for the ANCOVA (primary) method was higher than

the true value for the GEE and mixed effects methods in pattern 1, around twice

the size when the treatment effect was large (Table 6.3). The GEE and mixed effects

methods had the same true values and demonstrated that the GEE method would

produce less biased estimates than the mixed effects method for pattern 1. In terms

of relative bias, ANCOVA at the primary time point produced the least biased es-

timates in all scenarios, followed by the GEE method and, lastly, the mixed effects

method produced the most biased estimates (Table 6.17).

For pattern 2 (short-term improvement then plateau), the true values were the most

similar for the different methods (Table 6.3). The level of bias was also very similar

across the different methods for pattern 2, especially for larger sample sizes (Table

6.15). In terms of absolute bias, the GEE method produced slightly less biased

estimates when there were three or more follow-up time points. In terms of relative

bias, the ANCOVA method at the primary time point produced the least biased

estimates in almost all scenarios (Table 6.18).
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For pattern 3 (temporary improvement), the mixed effects method produces much less

biased results than the GEE method in terms of absolute and relative bias (Tables

6.16 and 6.19). The level of absolute bias was even greater for the ANCOVA (primary)

method, although the true value was also much larger. In the majority of scenarios,

the level of relative bias was lowest for the mixed effects method and highest for

the GEE approach. The mixed effects analysis may have been more likely to reach

convergence when the treatment effect estimate was closer to the true value.

The empirical standard error was highest for the ANCOVA (primary) method for

all three patterns (Tables 6.20 to 6.22). The increased precision for the GEE and

mixed effects methods was more apparent when the number of follow-up time points

was greater. The empirical standard error did not differ greatly for different levels

of the treatment effect. As would be expected, the empirical standard error was

much smaller for larger sample sizes. For the GEE and mixed effects methods, the

empirical standard error reduced as the number of follow-up time points increased.

For all patterns, the empirical standard error was very similar for the GEE and mixed

effects methods when the sample size was large (n ≥ 400). For smaller sample sizes,

the GEE method often produced the most precise estimates, especially for pattern 3

(Table 6.22).



Table 6.14: Bias: Pattern 1 (linear improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA Bias -0.20 -0.49 -0.84 -0.12 -0.43 -0.78 -0.21 -0.51 -0.80 -0.16 -0.40 -0.82
(primary) MCSE (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)
GEE Bias -0.17 -0.43 -0.69 -0.09 -0.33 -0.60 -0.15 -0.37 -0.60 -0.14 -0.33 -0.65

MCSE (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.04)
Mixed Bias -0.22 -0.55 -0.85 -0.18 -0.51 -0.91 -0.20 -0.55 -1.02 -0.27 -0.57 -1.18
effects MCSE (0.06) (0.05) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.07)

200 ANCOVA Bias -0.20 -0.57 -0.86 -0.18 -0.45 -0.87 -0.21 -0.47 -0.85 -0.15 -0.49 -0.91
(primary) MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
GEE Bias -0.18 -0.43 -0.70 -0.16 -0.34 -0.63 -0.14 -0.36 -0.64 -0.10 -0.41 -0.67

MCSE (0.04) (0.04) (0.04) (0.03) (0.04) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Mixed Bias -0.20 -0.50 -0.83 -0.18 -0.48 -0.82 -0.20 -0.46 -0.94 -0.16 -0.60 -1.12
effects MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.05) (0.05)

400 ANCOVA Bias -0.23 -0.48 -0.85 -0.19 -0.47 -0.84 -0.19 -0.47 -0.82 -0.15 -0.48 -0.88
(primary) MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
GEE Bias -0.21 -0.41 -0.72 -0.15 -0.38 -0.62 -0.14 -0.36 -0.62 -0.14 -0.38 -0.65

MCSE (0.03) (0.03) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Mixed Bias -0.24 -0.48 -0.81 -0.19 -0.50 -0.75 -0.18 -0.50 -0.89 -0.19 -0.55 -1.06
effects MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.04)



Table 6.14: Bias: Pattern 1 (linear improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

600 ANCOVA Bias -0.20 -0.51 -0.87 -0.24 -0.45 -0.83 -0.21 -0.49 -0.82 -0.23 -0.52 -0.83
(primary) MCSE (0.03) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
GEE Bias -0.17 -0.44 -0.73 -0.17 -0.35 -0.59 -0.17 -0.37 -0.63 -0.18 -0.41 -0.64

MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Mixed Bias -0.17 -0.49 -0.80 -0.18 -0.42 -0.73 -0.21 -0.48 -0.93 -0.17 -0.54 -1.07
effects MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

800 ANCOVA Bias -0.21 -0.47 -0.89 -0.22 -0.49 -0.84 -0.21 -0.49 -0.86 -0.18 -0.45 -0.90
(primary) MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
GEE Bias -0.19 -0.39 -0.72 -0.16 -0.37 -0.62 -0.17 -0.38 -0.62 -0.15 -0.34 -0.68

MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Mixed Bias -0.20 -0.43 -0.79 -0.19 -0.47 -0.73 -0.18 -0.53 -0.91 -0.18 -0.49 -1.16
effects MCSE (0.02) (0.02) (0.02) (0.02) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

β∗: Maximum treatment effect.



Table 6.15: Bias: Pattern 2 (short-term improvement then plateau)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA Bias -0.24 -0.57 -1.06 -0.28 -0.49 -0.93 -0.29 -0.62 -1.14 -0.30 -0.75 -1.06
(primary) MCSE (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)
GEE Bias -0.27 -0.62 -1.07 -0.22 -0.49 -0.83 -0.23 -0.60 -1.05 -0.30 -0.71 -1.04

MCSE (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.04)
Mixed Bias -0.27 -0.61 -1.04 -0.25 -0.59 -0.98 -0.27 -0.70 -1.19 -0.27 -0.83 -1.15
effects MCSE (0.05) (0.05) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)

200 ANCOVA Bias -0.25 -0.54 -1.07 -0.21 -0.51 -0.96 -0.27 -0.61 -1.04 -0.27 -0.66 -1.22
(primary) MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
GEE Bias -0.27 -0.56 -1.04 -0.20 -0.46 -0.89 -0.26 -0.59 -1.01 -0.25 -0.64 -1.14

MCSE (0.04) (0.04) (0.04) (0.03) (0.04) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Mixed Bias -0.29 -0.57 -1.01 -0.23 -0.52 -0.98 -0.30 -0.64 -1.08 -0.27 -0.67 -1.19
effects MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

400 ANCOVA Bias -0.22 -0.58 -1.01 -0.29 -0.56 -1.01 -0.24 -0.66 -1.08 -0.30 -0.66 -1.16
(primary) MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
GEE Bias -0.20 -0.56 -1.01 -0.24 -0.52 -0.94 -0.25 -0.62 -1.03 -0.29 -0.66 -1.09

MCSE (0.03) (0.03) (0.03) (0.03) (0.02) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Mixed Bias -0.20 -0.55 -1.02 -0.27 -0.55 -1.02 -0.24 -0.65 -1.10 -0.34 -0.69 -1.16
effects MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)



Table 6.15: Bias: Pattern 2 (short-term improvement then plateau)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

600 ANCOVA Bias -0.25 -0.56 -0.98 -0.27 -0.59 -1.01 -0.25 -0.61 -1.07 -0.26 -0.67 -1.14
(primary) MCSE (0.02) (0.03) (0.02) (0.02) (0.02) (0.02) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02)
GEE Bias -0.23 -0.56 -0.98 -0.25 -0.56 -0.91 -0.25 -0.59 -1.04 -0.24 -0.64 -1.11

MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Mixed Bias -0.22 -0.59 -0.97 -0.27 -0.62 -0.99 -0.27 -0.63 -1.09 -0.29 -0.67 -1.18
effects MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

800 ANCOVA Bias -0.24 -0.57 -0.99 -0.23 -0.56 -0.99 -0.29 -0.59 -1.10 -0.30 -0.66 -1.15
(primary) MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
GEE Bias -0.22 -0.58 -0.99 -0.20 -0.52 -0.90 -0.27 -0.56 -1.04 -0.29 -0.65 -1.10

MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Mixed Bias -0.25 -0.59 -0.98 -0.20 -0.59 -0.98 -0.27 -0.59 -1.08 -0.34 -0.68 -1.15
effects MCSE (0.02) (0.02) (0.02) (0.03) (0.03) (0.02) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

β∗: Maximum treatment effect.



Table 6.16: Bias: Pattern 3 (temporary improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA Bias -0.09 -0.41 -0.73 -0.17 -0.51 -0.98 -0.18 -0.59 -0.89 -0.15 -0.43 -0.68
(primary) MCSE (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)
GEE Bias -0.04 -0.29 -0.50 -0.13 -0.41 -0.89 -0.13 -0.49 -0.76 -0.14 -0.36 -0.57

MCSE (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.04) (0.05)
Mixed Bias 0.08 0.01 0.04 -0.06 -0.07 -0.32 0.04 -0.12 0.29 0.00 0.11 0.75
effects MCSE (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.07) (0.06) (0.06) (0.07)

200 ANCOVA Bias -0.20 -0.53 -0.80 -0.14 -0.57 -0.99 -0.23 -0.45 -1.00 -0.24 -0.50 -0.83
(primary) MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
GEE Bias -0.14 -0.40 -0.56 -0.14 -0.48 -0.80 -0.22 -0.36 -0.81 -0.17 -0.39 -0.66

MCSE (0.04) (0.04) (0.04) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Mixed Bias 0.00 -0.17 -0.14 -0.05 -0.30 -0.37 -0.11 0.02 0.19 -0.03 0.01 0.62
effects MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.05) (0.04) (0.05) (0.06)

400 ANCOVA Bias -0.21 -0.47 -0.79 -0.23 -0.52 -0.93 -0.22 -0.49 -0.80 -0.23 -0.49 -0.87
(primary) MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
GEE Bias -0.15 -0.34 -0.57 -0.18 -0.46 -0.79 -0.17 -0.36 -0.66 -0.19 -0.34 -0.68

MCSE (0.03) (0.03) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Mixed Bias -0.08 -0.17 -0.24 -0.13 -0.29 -0.44 -0.10 -0.04 0.33 -0.09 -0.01 0.55
effects MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.04) (0.03) (0.04) (0.06)



Table 6.16: Bias: Pattern 3 (temporary improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

600 ANCOVA Bias -0.20 -0.44 -0.86 -0.23 -0.51 -0.94 -0.21 -0.49 -0.87 -0.17 -0.49 -0.84
(primary) MCSE (0.02) (0.02) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
GEE Bias -0.13 -0.32 -0.62 -0.21 -0.45 -0.80 -0.15 -0.38 -0.71 -0.11 -0.35 -0.64

MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Mixed Bias -0.07 -0.14 -0.33 -0.12 -0.26 -0.43 -0.06 -0.06 0.16 -0.02 0.03 0.60
effects MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.04) (0.03) (0.04) (0.06)

800 ANCOVA Bias -0.16 -0.46 -0.83 -0.19 -0.51 -0.93 -0.17 -0.49 -0.88 -0.18 -0.47 -0.88
(primary) MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
GEE Bias -0.13 -0.31 -0.60 -0.18 -0.43 -0.80 -0.14 -0.40 -0.72 -0.14 -0.36 -0.67

MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Mixed Bias -0.07 -0.14 -0.32 -0.17 -0.26 -0.42 -0.06 -0.08 0.22 -0.06 0.01 0.63
effects MCSE (0.03) (0.02) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.06)

β∗: Maximum treatment effect.



Table 6.17: Relative bias (%): Pattern 1 (linear improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA (primary) -5.0 -6.1 -7.0 -2.9 -5.3 -6.5 -5.3 -6.4 -6.7 -4.1 -5.1 -6.8
GEE -5.8 -7.2 -7.7 -4.0 -7.0 -8.6 -6.8 -8.4 -9.2 -6.6 -7.8 -10.3
Mixed effects -7.2 -9.1 -9.5 -7.6 -10.9 -13.0 -9.0 -12.8 -15.7 -12.7 -13.6 -18.7

200 ANCOVA (primary) -5.0 -7.1 -7.1 -4.5 -5.6 -7.2 -5.3 -5.9 -7.1 -3.7 -6.2 -7.6
GEE -6.1 -7.2 -7.8 -6.9 -7.3 -9.1 -6.7 -8.2 -9.9 -4.8 -9.7 -10.7
Mixed effects -6.8 -8.4 -9.2 -7.7 -10.3 -11.7 -9.4 -10.6 -14.4 -7.6 -14.2 -17.7

400 ANCOVA (primary) -5.8 -6.0 -7.1 -4.7 -5.8 -7.0 -4.8 -5.9 -6.8 -3.8 -6.0 -7.4
GEE -7.0 -6.8 -8.1 -6.6 -8.2 -8.9 -6.5 -8.4 -9.5 -6.7 -9.0 -10.4
Mixed effects -8.1 -7.9 -9.0 -8.2 -10.8 -10.8 -8.5 -11.6 -13.6 -8.9 -13.1 -16.9

600 ANCOVA (primary) -5.0 -6.4 -7.3 -6.0 -5.6 -6.9 -5.3 -6.2 -6.9 -5.7 -6.5 -6.9
GEE -5.7 -7.4 -8.1 -7.1 -7.4 -8.4 -7.7 -8.6 -9.7 -8.4 -9.7 -10.1
Mixed effects -5.8 -8.2 -8.9 -7.6 -9.0 -10.4 -9.9 -11.2 -14.3 -8.3 -12.8 -17.0

800 ANCOVA (primary) -5.3 -5.9 -7.4 -5.6 -6.1 -7.0 -5.4 -6.1 -7.2 -4.5 -5.6 -7.5
GEE -6.4 -6.6 -8.0 -7.0 -7.9 -8.8 -8.0 -8.8 -9.6 -7.2 -8.2 -10.8
Mixed effects -6.8 -7.2 -8.7 -8.2 -10.2 -10.4 -8.4 -12.3 -14.0 -8.4 -11.6 -18.4

β∗: Maximum treatment effect.



Table 6.18: Relative bias (%): Pattern 2 (short term improvement then plateau)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA (primary) -6.1 -7.2 -8.8 -7.1 -6.2 -7.7 -7.3 -7.7 -9.5 -7.6 -9.4 -8.8
GEE -6.9 -7.8 -8.9 -6.7 -7.4 -8.3 -6.6 -8.5 -10.0 -8.2 -9.9 -9.6
Mixed effects -6.8 -7.6 -8.7 -7.5 -8.8 -9.8 -7.6 -10.0 -11.3 -7.6 -11.5 -10.7

200 ANCOVA (primary) -6.2 -6.8 -8.9 -5.4 -6.4 -8.0 -6.6 -7.6 -8.6 -6.8 -8.3 -10.2
GEE -6.7 -7.0 -8.7 -5.9 -6.9 -8.9 -7.5 -8.5 -9.7 -7.0 -8.9 -10.6
Mixed effects -7.3 -7.1 -8.4 -6.8 -7.8 -9.8 -8.5 -9.1 -10.3 -7.5 -9.3 -11.0

400 ANCOVA (primary) -5.6 -7.2 -8.4 -7.1 -7.0 -8.4 -6.0 -8.2 -9.0 -7.6 -8.3 -9.7
GEE -5.0 -7.1 -8.4 -7.3 -7.8 -9.4 -7.1 -8.8 -9.8 -8.0 -9.1 -10.1
Mixed effects -5.1 -6.9 -8.5 -8.0 -8.2 -10.2 -6.9 -9.3 -10.4 -9.4 -9.5 -10.7

600 ANCOVA (primary) -6.2 -7.0 -8.2 -6.8 -7.4 -8.4 -6.2 -7.6 -8.9 -6.5 -8.4 -9.5
GEE -5.7 -7.0 -8.1 -7.4 -8.3 -9.1 -7.1 -8.4 -9.9 -6.8 -8.8 -10.3
Mixed effects -5.5 -7.4 -8.1 -8.2 -9.4 -9.9 -7.6 -9.0 -10.4 -8.2 -9.3 -10.9

800 ANCOVA (primary) -5.9 -7.1 -8.2 -5.8 -7.0 -8.3 -7.2 -7.3 -9.1 -7.5 -8.3 -9.6
GEE -5.5 -7.2 -8.3 -6.0 -7.7 -9.0 -7.7 -8.0 -9.9 -8.0 -9.0 -10.2
Mixed effects -6.2 -7.3 -8.2 -5.9 -8.8 -9.8 -7.7 -8.4 -10.3 -9.4 -9.5 -10.6

β∗: Maximum treatment effect.



Table 6.19: Relative bias (%): Pattern 3 (temporary improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA (primary) -2.3 -5.2 -6.0 -4.2 -6.3 -8.2 -4.5 -7.4 -7.4 -3.7 -5.4 -5.7
GEE -1.9 -7.2 -8.4 -4.8 -7.8 -11.1 -6.5 -12.3 -12.6 -8.6 -11.1 -11.8
Mixed effects 4.2 0.2 0.6 -2.4 -1.4 -4.0 1.8 -3.1 4.8 -0.2 3.4 15.6

200 ANCOVA (primary) -5.0 -6.6 -6.6 -3.5 -7.1 -8.3 -5.8 -5.6 -8.3 -5.9 -6.3 -6.9
GEE -7.1 -9.9 -9.4 -5.4 -9.1 -10.0 -11.2 -9.0 -13.4 -10.5 -12.2 -13.7
Mixed effects -0.2 -4.2 -2.3 -1.7 -5.6 -4.6 -5.4 0.4 3.2 -2.0 0.4 12.8

400 ANCOVA (primary) -5.2 -5.9 -6.6 -5.6 -6.5 -7.7 -5.4 -6.1 -6.7 -5.9 -6.1 -7.2
GEE -7.6 -8.4 -9.4 -6.7 -8.7 -9.9 -8.4 -9.1 -11.0 -11.7 -10.7 -14.2
Mixed effects -3.9 -4.4 -4.0 -5.0 -5.5 -5.5 -4.8 -0.9 5.5 -5.6 -0.4 11.4

600 ANCOVA (primary) -5.0 -5.6 -7.2 -5.8 -6.4 -7.8 -5.2 -6.1 -7.3 -4.3 -6.2 -7.0
GEE -6.7 -8.0 -10.3 -7.7 -8.5 -10.1 -7.4 -9.6 -11.9 -6.9 -11.1 -13.3
Mixed effects -3.7 -3.6 -5.5 -4.7 -5.0 -5.3 -2.9 -1.5 2.7 -1.5 0.9 12.6

800 ANCOVA (primary) -4.1 -5.7 -6.9 -4.8 -6.4 -7.7 -4.2 -6.1 -7.4 -4.5 -5.8 -7.3
GEE -6.5 -7.7 -9.9 -6.7 -8.1 -10.0 -7.2 -10.0 -11.9 -8.5 -11.1 -13.9
Mixed effects -3.6 -3.5 -5.3 -6.3 -4.8 -5.3 -2.9 -1.9 3.8 -3.5 0.4 13.2

β∗: Maximum treatment effect.



Table 6.20: Empirical standard error (EmpSE): Pattern 1 (linear improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA EmpSE 2.35 2.39 2.40 2.40 2.41 2.33 2.43 2.33 2.33 2.36 2.30 2.29
(primary) MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
GEE EmpSE 2.07 2.05 2.09 1.94 1.99 1.92 1.90 1.88 1.92 1.86 1.83 1.82

MCSE (0.04) (0.04) (0.04) (0.03) (0.04) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Mixed EmpSE 2.07 2.08 2.13 1.95 2.02 1.98 1.88 1.92 2.02 1.87 1.82 2.01
effects MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.05)

200 ANCOVA EmpSE 1.66 1.68 1.68 1.67 1.72 1.63 1.71 1.69 1.67 1.72 1.66 1.63
(primary) MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
GEE EmpSE 1.47 1.46 1.46 1.37 1.41 1.34 1.33 1.33 1.32 1.33 1.33 1.28

MCSE (0.03) (0.03) (0.03) (0.02) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Mixed EmpSE 1.47 1.48 1.47 1.37 1.41 1.38 1.32 1.35 1.38 1.35 1.36 1.37
effects MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

400 ANCOVA EmpSE 1.18 1.12 1.15 1.20 1.18 1.20 1.18 1.18 1.22 1.16 1.20 1.15
(primary) MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
GEE EmpSE 1.05 1.00 1.02 0.97 0.95 0.97 0.95 0.94 0.95 0.91 0.92 0.91

MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Mixed EmpSE 1.05 1.01 1.01 0.95 0.98 0.98 0.97 0.96 1.00 0.89 0.91 0.97
effects MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.03)



Table 6.20: Empirical standard error (EmpSE): Pattern 1 (linear improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

600 ANCOVA EmpSE 0.99 0.99 0.95 0.95 0.96 0.94 0.97 0.98 0.96 0.96 0.95 0.98
(primary) MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
GEE EmpSE 0.85 0.87 0.84 0.78 0.78 0.77 0.75 0.77 0.78 0.76 0.74 0.72

MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Mixed EmpSE 0.86 0.86 0.85 0.78 0.77 0.79 0.77 0.81 0.82 0.80 0.77 0.74
effects MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

800 ANCOVA EmpSE 0.84 0.84 0.81 0.81 0.83 0.84 0.85 0.83 0.81 0.85 0.85 0.80
(primary) MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
GEE EmpSE 0.71 0.73 0.71 0.66 0.68 0.68 0.67 0.65 0.65 0.66 0.66 0.64

MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Mixed EmpSE 0.71 0.74 0.72 0.65 0.68 0.71 0.67 0.67 0.68 0.67 0.66 0.65
effects MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

β∗: Maximum treatment effect.



Table 6.21: Empirical standard error (EmpSE): Pattern 2 (short-term improvement then plateau)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA EmpSE 2.37 2.41 2.39 2.36 2.39 2.30 2.50 2.37 2.36 2.37 2.39 2.27
(primary) MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
GEE EmpSE 2.06 2.05 2.07 1.95 1.94 1.92 2.01 1.84 1.87 1.82 1.83 1.79

MCSE (0.04) (0.04) (0.04) (0.03) (0.03) (0.03) (0.04) (0.03) (0.03) (0.03) (0.03) (0.03)
Mixed EmpSE 2.06 2.05 2.10 1.97 1.98 1.94 2.03 1.86 1.86 1.79 1.81 1.84
effects MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

200 ANCOVA EmpSE 1.70 1.69 1.65 1.68 1.68 1.67 1.67 1.70 1.69 1.70 1.68 1.65
(primary) MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
GEE EmpSE 1.46 1.45 1.43 1.35 1.40 1.38 1.32 1.34 1.33 1.29 1.32 1.29

MCSE (0.03) (0.03) (0.03) (0.02) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Mixed EmpSE 1.48 1.46 1.43 1.34 1.42 1.37 1.32 1.37 1.32 1.28 1.31 1.32
effects MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

400 ANCOVA EmpSE 1.17 1.18 1.19 1.24 1.18 1.21 1.20 1.23 1.13 1.21 1.19 1.15
(primary) MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
GEE EmpSE 1.03 1.03 1.01 1.01 0.95 0.99 0.91 0.94 0.92 0.94 0.92 0.88

MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Mixed EmpSE 1.01 1.03 1.02 1.03 0.94 1.01 0.91 0.95 0.95 0.96 0.94 0.89
effects MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)



Table 6.21: Empirical standard error (EmpSE): Pattern 2 (short-term improvement then plateau)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

600 ANCOVA EmpSE 0.95 0.98 0.93 0.98 0.96 0.96 0.99 0.95 0.94 0.96 0.96 0.94
(primary) MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
GEE EmpSE 0.82 0.85 0.81 0.80 0.80 0.78 0.77 0.76 0.74 0.76 0.74 0.72

MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Mixed EmpSE 0.84 0.82 0.81 0.80 0.81 0.79 0.79 0.76 0.75 0.76 0.72 0.75
effects MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

800 ANCOVA EmpSE 0.84 0.83 0.82 0.85 0.84 0.80 0.82 0.86 0.81 0.84 0.83 0.85
(primary) MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
GEE EmpSE 0.72 0.73 0.72 0.69 0.70 0.67 0.64 0.68 0.63 0.66 0.64 0.64

MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Mixed EmpSE 0.73 0.72 0.73 0.70 0.71 0.65 0.63 0.67 0.62 0.66 0.65 0.66
effects MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

β∗: Maximum treatment effect.



Table 6.22: Empirical standard error (EmpSE): Pattern 3 (temporary improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA EmpSE 2.41 2.37 2.38 2.51 2.37 2.34 2.36 2.45 2.37 2.35 2.35 2.40
(primary) MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
GEE EmpSE 2.05 2.09 2.03 2.06 1.98 1.90 1.85 1.92 1.91 1.85 1.80 1.82

MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Mixed EmpSE 2.08 2.13 2.16 2.08 2.00 2.04 1.88 1.99 2.17 1.91 1.81 2.08
effects MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.05) (0.04) (0.04) (0.05)

200 ANCOVA EmpSE 1.67 1.68 1.71 1.68 1.62 1.67 1.68 1.66 1.70 1.61 1.74 1.70
(primary) MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
GEE EmpSE 1.44 1.44 1.48 1.38 1.31 1.38 1.32 1.30 1.31 1.30 1.34 1.34

MCSE (0.03) (0.03) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Mixed EmpSE 1.44 1.49 1.56 1.37 1.33 1.46 1.29 1.36 1.50 1.31 1.43 1.53
effects MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.04) (0.03) (0.04) (0.04)

400 ANCOVA EmpSE 1.20 1.14 1.18 1.16 1.17 1.17 1.17 1.18 1.14 1.13 1.19 1.19
(primary) MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
GEE EmpSE 1.03 1.00 1.05 0.96 0.96 0.97 0.92 0.95 0.89 0.89 0.93 0.92

MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Mixed EmpSE 1.03 1.03 1.12 0.95 0.97 1.01 0.93 0.97 1.02 0.90 0.96 1.23
effects MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.03) (0.02) (0.03) (0.04)



Table 6.22: Empirical standard error (EmpSE): Pattern 3 (temporary improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

600 ANCOVA EmpSE 0.95 0.98 0.99 0.97 0.98 0.96 0.98 0.97 0.95 0.98 0.98 0.98
(primary) MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
GEE EmpSE 0.83 0.84 0.85 0.77 0.81 0.80 0.76 0.76 0.76 0.74 0.76 0.77

MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Mixed EmpSE 0.85 0.88 0.91 0.78 0.81 0.85 0.75 0.82 0.86 0.75 0.82 0.95
effects MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.03) (0.02) (0.03) (0.04)

800 ANCOVA EmpSE 0.85 0.83 0.87 0.86 0.83 0.82 0.82 0.84 0.81 0.82 0.85 0.83
(primary) MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
GEE EmpSE 0.73 0.72 0.75 0.70 0.69 0.67 0.66 0.68 0.66 0.64 0.66 0.65

MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Mixed EmpSE 0.76 0.74 0.83 0.70 0.74 0.72 0.67 0.70 0.72 0.67 0.70 0.89
effects MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.04)

β∗: Maximum treatment effect.



6.3.4 Properties of the standard error: model-based
standard error

The empirical standard error was very similar to the model-based standard error for

all methods (Tables 6.23 to 6.25). This was true across the different patterns, numbers

of time points and treatment effect sizes. As expected, the model-based standard error

was smaller for the GEE and mixed effects methods than the ANCOVA (primary)

method and was smaller for larger sample sizes.



Table 6.23: Average model-based standard error (ModSE): Pattern 1 (linear improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA (primary) ModSE 2.40 2.39 2.38 2.40 2.39 2.38 2.39 2.38 2.37 2.40 2.39 2.37
GEE ModSE 2.05 2.04 2.04 1.94 1.92 1.92 1.87 1.86 1.85 1.83 1.82 1.82
Mixed effects ModSE 2.05 2.04 2.03 1.93 1.92 1.92 1.87 1.86 1.86 1.82 1.81 1.81

200 ANCOVA (primary) ModSE 1.69 1.68 1.67 1.68 1.68 1.67 1.68 1.67 1.67 1.68 1.68 1.66
GEE ModSE 1.45 1.45 1.44 1.37 1.36 1.36 1.32 1.32 1.32 1.29 1.29 1.29
Mixed effects ModSE 1.45 1.45 1.44 1.37 1.36 1.36 1.32 1.32 1.32 1.29 1.29 1.28

400 ANCOVA (primary) ModSE 1.19 1.19 1.18 1.19 1.18 1.18 1.19 1.18 1.18 1.19 1.18 1.18
GEE ModSE 1.03 1.03 1.02 0.97 0.97 0.96 0.94 0.93 0.93 0.92 0.91 0.91
Mixed effects ModSE 1.03 1.03 1.02 0.97 0.97 0.96 0.94 0.93 0.93 0.92 0.91 0.91

600 ANCOVA (primary) ModSE 0.97 0.96 0.96 0.97 0.97 0.96 0.97 0.97 0.96 0.97 0.96 0.96
GEE ModSE 0.84 0.84 0.83 0.79 0.79 0.79 0.76 0.76 0.76 0.75 0.75 0.74
Mixed effects ModSE 0.84 0.83 0.83 0.79 0.79 0.79 0.77 0.76 0.76 0.75 0.75 0.75

800 ANCOVA (primary) ModSE 0.84 0.83 0.83 0.84 0.84 0.83 0.84 0.83 0.83 0.84 0.83 0.83
GEE ModSE 0.73 0.72 0.72 0.69 0.68 0.68 0.66 0.66 0.66 0.65 0.65 0.64
Mixed effects ModSE 0.73 0.72 0.72 0.69 0.68 0.68 0.66 0.66 0.66 0.65 0.65 0.64

β∗: Maximum treatment effect.



Table 6.24: Average model-based standard error (ModSE): Pattern 2 (short-term improvement then plateau)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA (primary) ModSE 2.40 2.39 2.38 2.39 2.39 2.37 2.40 2.38 2.38 2.39 2.39 2.38
GEE ModSE 2.05 2.03 2.03 1.92 1.92 1.91 1.86 1.86 1.85 1.82 1.81 1.81
Mixed effects ModSE 2.04 2.03 2.02 1.92 1.92 1.90 1.87 1.85 1.85 1.82 1.81 1.81

200 ANCOVA (primary) ModSE 1.69 1.68 1.68 1.68 1.68 1.67 1.68 1.68 1.67 1.68 1.68 1.67
GEE ModSE 1.45 1.44 1.44 1.37 1.36 1.36 1.32 1.32 1.31 1.29 1.29 1.28
Mixed effects ModSE 1.45 1.44 1.43 1.37 1.36 1.36 1.32 1.31 1.31 1.29 1.28 1.28

400 ANCOVA (primary) ModSE 1.19 1.19 1.18 1.19 1.18 1.18 1.19 1.18 1.18 1.19 1.18 1.18
GEE ModSE 1.03 1.02 1.02 0.97 0.96 0.96 0.94 0.93 0.93 0.91 0.91 0.91
Mixed effects ModSE 1.03 1.02 1.01 0.97 0.96 0.96 0.94 0.93 0.93 0.92 0.91 0.91

600 ANCOVA (primary) ModSE 0.97 0.97 0.96 0.97 0.97 0.96 0.97 0.97 0.96 0.97 0.96 0.96
GEE ModSE 0.84 0.84 0.83 0.79 0.79 0.78 0.76 0.76 0.76 0.75 0.74 0.74
Mixed effects ModSE 0.84 0.83 0.83 0.79 0.79 0.78 0.77 0.76 0.76 0.75 0.74 0.74

800 ANCOVA (primary) ModSE 0.84 0.84 0.83 0.84 0.84 0.83 0.84 0.83 0.83 0.84 0.84 0.83
GEE ModSE 0.73 0.72 0.72 0.68 0.68 0.68 0.66 0.66 0.66 0.65 0.65 0.64
Mixed effects ModSE 0.73 0.72 0.72 0.68 0.68 0.68 0.66 0.66 0.66 0.65 0.65 0.64

β∗: Maximum treatment effect.



Table 6.25: Average model-based standard error (ModSE): Pattern 3 (temporary improvement)

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA (primary) ModSE 2.40 2.39 2.37 2.40 2.38 2.37 2.39 2.38 2.37 2.39 2.37 2.37
GEE ModSE 2.05 2.04 2.04 1.93 1.92 1.91 1.87 1.86 1.85 1.82 1.82 1.81
Mixed effects ModSE 2.04 2.03 2.03 1.92 1.91 1.91 1.87 1.86 1.85 1.82 1.82 1.81

200 ANCOVA (primary) ModSE 1.69 1.68 1.66 1.69 1.68 1.67 1.68 1.67 1.67 1.68 1.68 1.66
GEE ModSE 1.46 1.45 1.44 1.37 1.36 1.35 1.32 1.32 1.31 1.30 1.29 1.28
Mixed effects ModSE 1.45 1.45 1.44 1.37 1.36 1.35 1.32 1.32 1.31 1.29 1.29 1.28

400 ANCOVA (primary) ModSE 1.19 1.18 1.18 1.19 1.18 1.18 1.19 1.19 1.17 1.19 1.18 1.18
GEE ModSE 1.03 1.02 1.02 0.97 0.96 0.96 0.94 0.93 0.93 0.92 0.91 0.91
Mixed effects ModSE 1.03 1.02 1.02 0.97 0.96 0.96 0.94 0.94 0.93 0.92 0.91 0.91

600 ANCOVA (primary) ModSE 0.97 0.97 0.96 0.97 0.97 0.96 0.97 0.96 0.96 0.97 0.96 0.96
GEE ModSE 0.84 0.84 0.83 0.79 0.79 0.78 0.77 0.76 0.76 0.75 0.75 0.74
Mixed effects ModSE 0.84 0.84 0.83 0.79 0.79 0.78 0.77 0.76 0.76 0.75 0.75 0.75

800 ANCOVA (primary) ModSE 0.84 0.84 0.83 0.84 0.84 0.83 0.84 0.84 0.83 0.84 0.83 0.83
GEE ModSE 0.73 0.73 0.72 0.68 0.68 0.68 0.66 0.66 0.66 0.65 0.65 0.64
Mixed effects ModSE 0.73 0.72 0.72 0.69 0.68 0.68 0.66 0.66 0.66 0.65 0.65 0.64

β∗: Maximum treatment effect.



6.4 Discussion

6.4.1 Summary of findings

This simulation study aimed to determine the optimal method for analysing a ran-

domised trial of treatments for osteoarthritis under different scenarios, based on the

sample size, number of follow-up assessment time points, and pattern and size of the

treatment effect.

All of the methods produced high power when the sample included at least 400

participants and when the treatment effect was at least 8 points on the WOMAC.

However, with a large sample size and large treatment effect, the analysis often did

not converge when using the mixed effects method. The method with the optimal

performance varied based on the sample size and treatment effect pattern over time.

When the treatment effect was consistent over time (pattern 2), all of the methods

produced unbiased estimates. The GEE and mixed effects methods produced higher

statistical power and more precise estimates. However, the level of coverage was

better for the ANCOVA method when using the final non-zero time point as the

primary follow-up assessment.

When the treatment effect was not consistent over time (patterns 1 and 3), the

ANCOVA (primary) method produced the highest power. When the sample size

was small, the ANCOVA (primary) method had the best coverage. However, the

ANCOVA (primary) method was based on selecting the time point with the maximum

treatment effect. In reality, the primary time point will have been pre-specified and

may not correspond to the highest treatment effect over the follow-up period. In

addition, the type I error would be very high if a primary time point was not specified

because testing the treatment difference at each time point separately would increase
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the risk of falsely identifying a beneficial treatment effect.

When the treatment effect increased over time (pattern 1), the GEE method produced

the least biased estimates. When the sample size was large, the GEE method also had

the best coverage. When the treatment effect was short-term and not sustained over

time (pattern 3),the mixed effects method produced the least biased estimates and

had the best coverage for larger sample sizes. However, the performance measures

were based on the mixed effects method where the analysis did converge.

6.4.2 Comparison with existing literature

Previous research on the choice of analysis method for continuous outcomes in a ran-

domised trial has largely focused on improved efficiency using longitudinal methods.

Previous findings have indicated that mixed models or GEE methods are preferable

to conducting ANCOVA at multiple time points, due to the increased type I er-

ror [382, 419, 420]. This simulation study aligns with this finding when considering

the risk of falsely identifying a statistically significant treatment effect at any of the

follow-up time points.

Most existing studies have focused on the optimal performance of different methods

with regards to handling missing data. In the presence of missing data, Mallinckrod

et al. and Prakash et al. found mixed models were preferable to single time point

methods with simplistic imputation processes for missing outcome data (for example,

carrying forward the last observation or baseline observation) [421, 422]. Further

work would be needed to establish whether the performance of the methods in this

simulation study would be different if outcome data were missing. Chu et al. also

found that mixed effects was the preferred method for multi-centre trials as it attained

high power and more accurate estimation of standard error than GEE [423]. As Chu

et al. included an additional random effect for centre in both models, clustering could
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have affected method performance.

Existing research has also highlighted the issue of lack of convergence in mixed effects

models, in line with the findings in this simulation study [424]. Zhang et al. used

an adaptive fitting procedure that improved convergent properties. However, the

improvement in convergence was greatest for small sample sizes, and our findings

indicated that convergence of the mixed effects model was poor for larger sample

sizes. Evans et al. found convergence improved when using generalised linear mixed

model using restricted maximum likelihood [425]. Further exploration of techniques

to improve convergence of linear mixed models is needed.

Along with the results of this simulation study, Mayer-Hamblett and Kronmal also

found that the pattern of treatment effect affected the choice of analysis method.

Overall, their results indicated that it was beneficial to examine the full follow-up

period and not only focus on the final time point, especially if the treatment only

provided a short-term temporary effect [426]. This aligns with our findings that the

optimal method depended on the pattern of treatment effect and that selecting the

incorrect primary time point when using ANCOVA at each separate follow-up time

point could result in low power.

The potential variability of the true treatment effects over time could indicate that

time-averaged effects are not appropriate given that the treatment effect could be

inconsistent over the follow-up period. This was supported by Hallgren et al., who

argued that the aggregation of outcomes over time may not be appropriate [427]. As

an alternative, Hallgren et al. suggested that linear mixed models with repeated mea-

sures “would allow treatment effects to be pinpointed to a specific time when the effect

may be largest, which may improve power.” Others have argued that mixed models

are preferred when individual trajectories are important because subject-specific infer-

ence is feasible, but that the GEE approach is favoured when the population-averaged
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effect is important [426, 428, 429, 430]. As randomised trials are often designed to

assimilate treatment effects in the clinical population, the GEE approach may be the

most appropriate. However, future research is needed to examine the performance of

the GEE method when treatment-by-time interactions are included in the model to

allow the measurement of time-specific treatment effects.

6.4.3 Strengths and limitations

The main strength of a simulation study is the controlled way in which the data are

generated and analysed. As the properties of the datasets are known from the data-

generating mechanism, we can compare the estimates to a ‘true’ value. Each of the

analysis methods is used to analyse the same group of datasets and thus the results can

be compared between the different settings and methods. The parameters used in the

distributions to generate the WOMAC scores were based on the properties of samples

of people living with osteoarthritis, and therefore likely to reflect the population of

people with osteoarthritis participating in research studies.

However, in this study, only a limited number of data-generating mechanisms were

considered. The results of this study may not be generalisable to other patterns of

treatment effect, for example, if the treatment effect was high in the short term and

gradually reduced to zero. As the data-generating mechanism was based primarily on

a single randomised trial, the results may not be generalisable to other populations,

outcome measures or disease areas. For instance, a sample of people with osteoarthri-

tis with less severe symptoms may have less variability in their outcomes, resulting

in datasets with different distributional properties.

There are also limitations in the data-generating mechanisms used. This study as-

sumed that the treatment effect was identical for all participants. In reality, it is likely

that the treatment effect would depend on the participant’s disease severity, age or
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other characteristics. Future simulation studies could incorporate heterogeneity into

the treatment effect to make the scenarios more realistic. This study also assumed

that there would be no missing data. In practice, randomised controlled trials almost

always have missing data, even for the primary outcome and especially for longer

follow-up periods. Before recommending using one of these methods over another to

analyse clinical trial data, future work is needed to examine the performance of the

methods with different amounts of missing data.

To replicate the bounded nature of the WOMAC Index, re-sampling was used when

the generated data point was outside the possible range of the WOMAC Index. This

could have biased the results because it is more likely that observations in the in-

tervention arm would be below zero (reaching the best possible score) due to the

treatment effect. However, the impact of this is likely to have been small as the

distributional properties of the datasets still corresponded with the data-generating

mechanism.

A key limitation of this simulation study is that the different statistical methods

produce different estimators and different true values for the estimand. It is not

possible to compare the performance of these different methods in terms of the bias

or precision of the estimator when the estimators use different scales. However, the

results of this study can still be used to assess the performance of each method across

the different scenarios, and the different methods can be compared on their power,

type I error and coverage.

The performance of the mixed effects and GEE methods was examined based on the

treatment effect averaged across all follow-up time points. However, the performance

of these methods based on the average treatment effect may not reflect how well

each method estimates the treatment effect at each individual time point. Within

the mixed effects and GEE methods, there are many different variations that could
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have been tested to explore their properties further. This study focused solely on

the exchangeable correlation structure for the residuals and fitting the mixed effects

model using maximum likelihood estimation.

6.4.4 Implications

The choice of method to analyse a randomised trial where the primary outcome is the

WOMAC should depend primarily on the expected pattern of treatment effect. Al-

though the number of time points had little effect on the performance of the different

methods, repeated measurements should be used to deal with the potential patterns

of treatment effects.

The GEE method is preferred if the treatment effect is consistent over time. When

the treatment effect is not consistent over time and there is evidence to support when

the maximum treatment effect is likely to occur, the ANCOVA (primary) method is

preferred in terms of power and coverage unless the sample size is large. However,

if the time-averaged treatment effect is of interest, GEE or mixed effects methods

will produce the least biased and most precise treatment effect estimates. The GEE

method is preferred if the treatment effect is expected to increase over time and

the mixed effects method is preferred when the treatment effect is expected to be

maintained in the short-term only and then disappear.

For randomised trials with large sample size (n ≥ 400) aiming to detect large treat-

ment effects (8 points or greater, compared to an MCID of approximately 4 points),

the choice of method seems largely irrelevant in terms of power as all methods had

high power. However, it could be argued that the mixed effects method should be

avoided due to poor convergence. If the mixed model does not converge, the treat-

ment effect estimate is not reliable and an alternative analysis method should be

used. When the sample size is large, GEE or mixed effects methods would be optimal
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as they provide good coverage and unbiased treatment effect estimates. However,

randomised trials of treatments with sample sizes of 600 or more are rare (only 2

of 116 trials in Chapter 2 recruited more than 600 participants) and mixed models

were less likely to converge with a large sample size, especially when several follow-

up assessments were analysed. If the mixed model is chosen as the primary method

of analysis for a randomised trial, the statistical analysis plan and protocol should

provide alternative strategies in the event that the mixed model analysis does not

converge. If the mixed effects analysis does not reach convergence, the GEE method

is likely to be the best alternative approach as it can incorporate the same modelling

assumptions for the correlation structure.

An advantage of the GEE and mixed effects methods is that they can easily in-

corporate a hierarchical structure. However, the correlation structure must also be

specified in the model. This simulation study assumed an exchangeable correlation

structure. However, misspecification of this correlation structure could result in much

poorer model performance. If there is a considerable amount of missing data, mixed

models may be preferred as participants with intermittent outcome data can still

be included in the analysis, whereas participants with missing outcome data at the

relevant follow-up time point would be excluded from an ANCOVA analysis.

The other main disadvantages of the ANCOVA method are the reduced precision of

the treatment effect estimates and the increased type I error when analysing separate

time points. The outcomes of the same participant sample at different time points

will likely be correlated, and there is no consensus on how to adjust the p-value to

account for this dependence. In practice, it is difficult to interpret the results when

a significant treatment effect is detected at one follow-up time point, but not at the

primary time point, especially when it may not be a ‘true’ treatment effect. More

research is needed to compare the performance of the ANCOVA method at separate
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time points to conditional time-specific treatment effects generated using GEE and

mixed effects methods that include treatment-by-time interactions.

The data-generating mechanism for this simulation study showed when the treatment

effect would be maximised. In practice, it could be difficult to predict at which follow-

up time point the maximum treatment effect would be reached. If the treatment effect

is not maximised at the primary time point, the power of the ANCOVA method may

thus be lower than anticipated.

The results show that the best-performing method depends on the pattern of the

treatment effect. This causes issues when planning a randomised trial as the treat-

ment effect pattern is unknown before the start of the trial in most situations. The

method of analysis should be pre-specified and the sample size calculation should align

with the statistical analysis used in the trial. Sample size calculations for longitudinal

methods are more complex and rarely used in practice (Chapter 2). The standard

Neyman-Pearson method for the sample size calculation is not appropriate for any

of the methods used in this simulation study; even when the ANCOVA method is

used, the baseline adjustment should be accounted for [414]. However, the sample size

calculation for ANCOVA does require additional assumptions on the correlation be-

tween the baseline and follow-up scores, which must be specified a priori [431]. Zhang

and Ahn provide sample size calculations for differences in time-averaged treatment

effects using GEEs. Similarly, methods for sample size calculations for linear mixed

models have been published [432, 433].

More consideration should be given to the expected pattern of treatment effect over

the follow-up period, informed by evidence from previous trials and observational

studies. The choice of analysis strategy should be based on the anticipated pattern of

treatment effect, and the sample size calculation should be appropriately aligned with

the planned analysis strategy [414]. The assumptions made should be checked during
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the analysis of the trial. Sensitivity analysis should also be conducted on the sample

size calculation in case the pattern of treatment effect is different to that which was

assumed when the trial was designed.

6.4.5 Future research

Future research should examine different scenarios incorporating missingness in data

generation. The incorporation of missing data and the use of multiple imputation

would be more reflective of the analysis methods used in practice in randomised

trials. Future studies should examine the performance of the different methods when

varying the proportion of missing data, the pattern of missing data across the different

time points (e.g., monotone or intermittent missingness) and the method used to

handle missing data. The effect of using multiple imputation to handle missing data

in the simulated datasets should be examined. Simulation studies could also use

different data-generating mechanisms to test the robustness of the analyses to model

misspecifications, such as missing-not-at-random.

In this study, data were generated based on the distribution of the total WOMAC

scale only. In reality, the WOMAC score is calculated from multiple item scores. For

the WOMAC Index and other composite outcome measures, future research should

explore whether missing values should be imputed for the WOMAC total scale, in-

dividual subscale scores or item scores [434, 435]. Generating data (and imputing

missing data) at the item level could increase the representativeness of the simulated

datasets. However, it would require additional assumptions on the items more greatly

affected by osteoarthritis, which could make the results less generalisable, depending

on the symptoms of the sample of participants with osteoarthritis or the mediating

factors that the intervention was designed to target.
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This study could be extended in future by examining different data-generating mech-

anisms. Additional research could examine the robustness of the different methods to

model misspecification, including different correlation structures in the residuals and

non-normal distributions for the outcome scores. Additional data-generating mech-

anisms could include a comparison of smaller treatment effect sizes that are closer

to the estimated MCID in the outcome measure. Future studies could incorporate

heterogeneity in the treatment effect, which would be more realistic as most inter-

ventions have different effects in different subgroups of participants. Data-generating

mechanisms could be extended to include increased variation when the treatment

effect is large. Data-generating mechanisms could also incorporate clustering effects,

for example if interventions were delivered by GP practices or hospital settings. It

would be informative to compare the different methods of analysis in future simula-

tion studies of different outcome measures and health conditions. This would test the

robustness of the results of this study and indicate whether the results are generally

applicable for datasets with different distributional properties.

The mixed effects model often did not converge within 100 iterations using Stata

software [121]. Further research could examine whether the convergence could be

improved by using more iterations or different statistical software, such as R or SAS,

or using different types of mixed effects methods, for example, using the restricted

maximum likelihood approach or estimating the variance-covariance matrix using

cluster-robust standard errors. Due to the lack of convergence, simulation studies

could be used to examine the performance of ‘staged’ analysis plans, for example,

using a mixed effects method if the analysis converges within 100 iterations and

otherwise using a GEE method.

Future simulation studies could focus on the effect on efficiency when using mixed

effects models with treatment-by-time interaction terms compared to ANCOVA at
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each separate time point or time-averaged treatment effects [436]. This would allow

the bias and coverage to be compared more robustly between methods as the true

effects at each time point would be the same for each of the different methods. In

future, researchers could also explore different methods to correct for the type I error

associated with multiple testing across different time points. Alternative statistical

analysis methods could also be compared, such as the area-under-the-curve (AUC)

approach [437].

Future research could also explore methods to predict the pattern of treatment effect

and the correlation structure of longitudinal data to inform the choice of analysis

method and corresponding sample size calculation. Additional simulation studies

could examine the variation in the target sample size between the different analysis

methods and sample size calculation formulas, especially when the pattern of treat-

ment effect differs to what was expected. Efforts should be made to improve the

accessibility of sample size calculations for longitudinal data, including commands in

statistical software packages and accessible journal articles.

6.4.6 Conclusions

This simulation study has shown that the preferred method of analysis for a ran-

domised trial depends on the pattern of the treatment effect. GEE is recommended

when the treatment effect is consistent over the follow-up period. When the treat-

ment effect is not consistent over time, ANCOVA at the primary time point has the

greatest power when the pattern of the treatment effect and the time point of the

maximum treatment effect can be predicted accurately. However, before the trial is

conducted, it is often unclear how the treatment effect will change over time. When

there are several follow-up assessments, the results of the ANCOVA method should

be interpreted with caution when no primary time point has been specified due to the
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high type I error, even when a large sample size is used. If the focus is on estimat-

ing the time-averaged marginal treatment effect with minimum bias and maximum

precision (rather than on coverage and statistical significance), the GEE method is

preferred when the treatment effect increases over time and the mixed effects method

is preferred when the treatment effect is a short-term temporary effect. These were

the methods that produced less biased estimates and better coverage with the same

sample size. However, future research is needed to examine whether longitudinal

methods including treatment-by-time interactions or cluster-robust variance, such as

GEE or mixed effects, can out-perform ANCOVA methods in detecting time-specific

conditional treatment effects or when data are missing.
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Chapter 7

Discussion

7.1 Summary of thesis findings

This thesis aimed to improve methods for specifying target differences in the sample

size calculation of randomised trials examining treatments for osteoarthritis. I aimed

to explore whether and how time should be incorporated into sample size calculations

for randomised trials in long-term conditions. I examined whether target differences,

in particular, Minimum Clinically Important Difference (MCID) estimates, should

vary based on the time point of assessment, how they might be addressed in the

planned statistical analysis and the implications for sample size calculations.

Chapter 2 reviewed 116 randomised trials of osteoarthritis published in 2016 and

found that sample size calculations were only included in the published article for two-

thirds of trials and that these calculations were often poorly reported. The sample

size calculations were rarely reproducible, raising concerns about the accuracy of the

reported information and validity of the methodology in the sample size calculations.

The target differences used were justified based on the results of previously published
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trials or MCID estimates calculated using distribution or anchor-based methods. Al-

though most trials used more than one follow-up time point and often analysed the

results using longitudinal methods, the sample size calculation did not take this into

account. Almost all of the sample size calculations used the Neyman-Pearson ap-

proach and considered only one time point, without specifying the primary time

point if outcomes were measured at multiple follow-up time points. This highlighted

that there is scope for improvement in the reporting of sample size calculations in

osteoarthritis trials.

Chapter 3 extended this review by examining in more depth the 62 studies reporting

the Western Ontario and McMaster Universities Osteoarthritis Index (WOMAC), a

commonly used outcome measure in osteoarthritis trials. The focus on the WOMAC

was to support the work in the following chapters, where I intended to calculate the

MCID estimates for the WOMAC and examine statistical methods to analyse results

for the WOMAC. The trials used several different versions of the WOMAC due to

variations in how the items were collected and combined to create the summary score.

Trials often did not report which version they used, which could cause difficulties

in interpreting trial results and issues when comparing or combining trial results.

The version of the WOMAC used was unclear in several trials that used it as their

primary outcome measure. This makes it difficult for readers to assess the validity

of the specification of the target difference. Indeed, many trials specified their target

difference based on an MCID estimate that was calculated for a different version of

the WOMAC measure. The most common version of the WOMAC used was the

Likert scale version combined using summation to give a total range of 0 to 96; this

version was used in the subsequent chapters.
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Chapter 4 examined the importance of the duration of treatment effect from the

participant perspective. A discrete choice experiment showed that duration of treat-

ment effect was an important factor in the medication choices of people living with

osteoarthritis. Participants were willing to accept less symptom relief on the three

domains of the WOMAC (pain, stiffness and function) and higher risks of serious

adverse events if a treatment had a long-lasting effect. For example, on average, par-

ticipants were equally likely to choose a medication that would reduce their pain from

‘severe’ to ‘moderate’ for 12 months as to choose a medication that would reduce their

pain from ‘severe’ to ‘mild’ for 6 months. These results support that the assessment

time point when the treatment effect is measured should be an important part of

interpreting the results of a randomised trial and comparing different treatments.

Chapter 5 used secondary analysis of a cohort dataset to assess the consistency of

MCID estimates across different follow-up time points. Applying single time point

methods at different assessment time points showed that the MCID estimates did

vary across the follow-up time points. However, there was no clear visual trend in

how the MCID estimates changed over time. The results confirmed previous findings

that showed that baseline disease severity affected the MCID estimate, with higher

MCID values in participants with more severe disease symptoms. However, there

were high levels of imprecision for all of the MCID estimates, as shown by wide

confidence intervals. Adjustment for baseline outcome score attenuated the MCID

estimates and may introduce issues due to correlation with the anchor measure when

interaction terms are not included. I demonstrated that longitudinal methods could

be used to calculate MCID estimates across multiple follow-up time points and the

different methods produced consistent estimates. However, longitudinal methods did

not improve the precision of the MCID estimates.
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Chapter 6 presented the results of a simulation study to compare the statistical

properties of longitudinal methods used to analyse randomised trials, based on the

distributional properties of the WOMAC from the cohort in Chapter 5 and previous

randomised trials, including those reviewed in Chapter 3. The simulation study found

that the optimal method of analysis depended on the pattern of the treatment effect

over time, including the duration and stability of the treatment effect.

When the treatment effect was consistent and sustained over the follow-up period,

the GEE (Generalised Estimating Equation) method produced the highest power and

most precise estimates with low bias. When the treatment effect increased over time

or a short-term benefit was not sustained over time and the sample size was small,

the ANCOVA (Analysis of Covariance) method repeated at multiple time points had

the highest power. However, if no primary time point is specified, the results of the

ANCOVA method should be interpreted with caution due to the high type I error from

multiple testing. For larger sample sizes (n ≥ 400), the GEE method was preferred if

the treatment effect increased over time and the mixed effects method was preferred if

the treatment effect was temporary and lasted only 3-6 months. However, the mixed

effects analysis often did not reach convergence, especially for a larger sample size or

a greater number of follow-up assessments. Further research is needed to explore the

optimal method for conditional time-specific effects using models with interaction

terms, different data-generating mechanisms and different assumptions on missing

data.
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7.2 Implications of this research

Chapters 2 and 3 indicated that there is a clear need for improvement in the report-

ing of sample size calculations in osteoarthritis trials. This would provide a more

accurate representation of the objectives when trials are designed and allow readers

to interpret trial results with this information in mind. Sample size calculations us-

ing the Neyman-Pearson approach rely on assumptions about the variability of the

outcome measure, subjective decisions on what level of type I and type II errors are

permissible and the target difference that the trial is designed to detect. Researchers,

clinicians and patients reading articles reporting the results of clinical trials should be

able to see what trialists specified for each of these elements of the sample size calcula-

tion, allowing them to decide for themselves whether they believe these specifications

and decisions were appropriate. Improved reporting and increased transparency in

the design of randomised trials, including the sample size calculation, would aid the

interpretation of clinical trial results.

Trialists should ensure that the target difference is specified based on evidence for

the same version of the outcome measure used in the randomised trial, where this is

available. For example, trials using the 0-100 VAS (Visual Analogue Scale) version

of the WOMAC should try to find previous trials and MCID estimates using the

0-100 VAS version of the WOMAC to inform the specification of the target difference

because this will provide the most applicable evidence. Trials that use longitudinal

methods should also consider accounting for this in the sample size calculation, if there

is evidence to inform the predicted correlation between the outcome measurements

at different time points [414, 438].
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The discrete choice experiment in Chapter 4 showed that the duration of treatment

effect was important to people living with osteoarthritis when choosing between dif-

ferent medications. This implies that the assessment time point should be considered

when interpreting between-group differences in randomised trials for osteoarthritis

treatments. In randomised trials and observational studies, data on outcome mea-

sures should be collected at time points relevant to the participants, based on when

duration of benefit is important to them and what fits into their treatment pathway.

Duration of treatment benefit should be incorporated into the benefit-risk assessment

when comparing different treatments, as well as the level of treatment benefit and

risks, side effects and costs associated with the treatments.

In Chapter 5, secondary analysis of the cohort study suggested that MCID estimates

were variable over different follow-up time points. The high variability in the MCID

estimates suggests that a single study with one follow-up time point should not be

the sole basis for an MCID estimate. Studies that aim to calculate MCID estimates

should include multiple follow-up time points if possible, to show how variable the

MCID estimates are. A single MCID estimate from one time point could result in the

use of an estimate that is too small or too large, resulting in overly large sample sizes

or a higher possibility of missing clinically important treatment effects. Sensitivity

analysis should be conducted to assess the effect on the sample size of changing the

assumptions and inputs of the calculation, for example, if different MCID estimates

were used to specify target difference [439].

However, there was no strong visual pattern between the MCID estimate and follow-

up time point. This implies that MCID estimates should not be adjusted based on the

assessment time point used for studies of people with osteoarthritis. This also suggests

that it is not necessary to select an MCID estimate that was calculated at a similar

assessment time point to the primary time point when designing a randomised trial.
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The association between the baseline outcome score and MCID estimate suggests

that, if multiple MCID estimates are available, trialists should focus on the MCID

estimates calculated in samples of participants with the most similar disease severity

to the target population for the proposed randomised trial.

As the time point did not influence the MCID, clinical trialists could incorporate an

anchor measure into their data collection. This would allow calculation of an MCID

specific to the trial sample in the short-term and could verify whether the target

difference specified in the sample size calculation was appropriate. For trials with

long-term follow-up assessment, this could allow time for sample size re-estimation

once the short-term results have been collected, if the target difference that was

originally used in the sample size calculation was found to be inappropriate in the

trial sample.

Chapter 5 also showed that it is feasible to calculate MCID estimates using longitu-

dinal methods on data from multiple follow-up time points. However, this did not

improve the precision of the MCID estimates in this example. Further research is

needed to explore whether this is true generally in other participant samples and

different outcome measures. In this case, the findings suggest that the increased com-

plexity of longitudinal methods do not provide additional information beyond using

single time point methods separately at each of the different follow-up time points.

The simulation study in Chapter 6 found that the optimal method to analyse a

randomised trial using the WOMAC as the primary outcome depends on the pattern

of the treatment effect. In most circumstances when the time-averaged treatment

effect is of interest, the GEE method is preferred due to the type I error associated

with using ANCOVA repeatedly at multiple time points and the lack of convergence of

the mixed effects method. However, ANCOVA methods may be preferred in situations

with inconsistent treatment effects, smaller sample sizes, fewer assessment time points
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(to reduce type I error), and when there is sufficient evidence to suggest at which

time point the maximum treatment effect will occur. The mixed effects method

may be preferred if the treatment effect is expected to only last for 3-6 months before

disappearing and the sample size is large. However, due to problems with convergence,

if the mixed effects method is chosen as the primary analysis method, the protocol

and statistical analysis plan for the trial should specify secondary analysis methods

in case the mixed effects analysis does not converge.

More consideration should be given to the expected pattern of the treatment effect

over the follow-up period during the design of a randomised trial. This should inform

the choice of analysis method and the corresponding sample size calculation. Sensi-

tivity analysis on the sample size calculation should be carried out to ensure that the

target sample size will provide sufficient sufficient statistical power if the pattern of

treatment effect or analysis method used differs to what was anticipated.

Trialists should consider whether the pattern of treatment effect would affect the

clinical importance of the trial results. Although the number of assessment time points

did not considerably improve the performance of different statistical analysis methods,

trialists should aim to measure outcomes with sufficient frequency and duration to

show how the treatment effect changes over time and, where it is important, whether

the treatment effects are maintained in the long-term.

Although this thesis focused on randomised trials of osteoarthritis, the findings could

also have implications for trials in other long-term conditions that use continuous

measures as the primary outcome. As well as the implications for sample size cal-

culations discussed above, the results have implications for other situations where

MCID estimates are used. This includes any study assesses the clinical importance of

the results, including examining the between-group difference in a study outcome for

randomised trials, meta-analyses and observational studies. It also has relevance for
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post-trial follow-up, where duration might be more important [362]. As registries and

routinely collected data become more widespread, data on extended follow-up will be

more common, especially as new technologies such as mobile phone applications make

observational and extended follow-up less arduous [440, 441]. This thesis has shown

that extended follow-up measurement could be used to calculate MCID estimates to

inform future trial design.

It is important that appropriate MCID values are used because MCID estimation has

implications for whether different treatments are seen as clinically worthwhile. Olsen

et al. stated that the MCID estimate “is central for clinical guideline development,

interpretation of results of randomised clinical trials or meta-analyses, and for choos-

ing an appropriate sample size for a clinical study, but the measure is potentially

misguiding if estimated, applied or interpreted inappropriately.”
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7.3 Limitations of this research

This thesis focused on two-arm superiority randomised trials that used a continu-

ous patient-reported primary outcome measure. The findings therefore have limited

relevance for binary or time-to-event outcomes, laboratory outcomes or Bayesian de-

signs [442]. For example, the findings are not applicable to oncology trials, where

the primary outcome is usually mortality or disease progression [443, 444]. Sam-

ple size calculations were assumed to use a Neyman-Pearson approach focusing on

a single primary time point. The results may therefore be less relevant for sample

size calculations that account for additional design features, such as adaptive designs,

stepped-wedge or cluster randomised trials, non-inferiority or equivalence hypotheses,

or sample size calculations accounting for repeated measures [414, 438, 445, 446, 447].

The reviews in Chapters 2 and 3 only considered the information reported on the sam-

ple size calculation. We cannot know whether the reported information is an accurate

representation of the reasoning behind the sample size calculation, or even whether

the calculation was performed before the start of the trial.

There is no consensus on the optimal method to specify a target difference or MCID

[9]. This thesis focused on the use of anchor-based methods, which are some of the

most widely-known methods and are commonly used in osteoarthritis trials. Reviews

in other conditions have found little use of anchor-based MCID estimates in sample

size calculations for randomised trials [82]. This limits the applicability of the findings

of this thesis. The findings do not provide insight into the use of alternative methods

for target difference specification, for example, approaches based on cost-effectiveness,

value of information or opinion-seeking methods [448].
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This thesis examined the generalisability of MCID estimates, with a particular focus

on the follow-up time point. The applicability of MCID estimates to a particular

sample will be of little relevance if there is limited MCID literature for a specific

condition or outcome measure. If there are only one or two published MCID estimates

for a condition, the intervention and population characteristics are likely to be more

important considerations, compared to the assessment time point. Further knowledge

of the applicability of MCID estimates will become more useful as more published

MCID estimates become available.

Even if consensus has been achieved on the MCID in an outcome measure, there

may be other key factors to consider. When interpreting the results of a randomised

trial, researchers, clinicians and other stakeholders will consider other features beyond

whether the treatment effect exceeds the MCID. It is also important to consider

safety risks, side effects and financial cost, which could affect whether a treatment is

prescribed at an individual-level or implemented at the system-level [449, 450, 451].

As well as negative aspects, when choosing between treatments, clinicians, patients

and commissioners will consider the full profile of the treatment options, including

effects on secondary outcomes, subgroup effects, levels of compliance and the potential

effect on co-morbid conditions.

A key limitation of this thesis is the focus on hip and knee osteoarthritis, with par-

ticular attention on the use of the WOMAC Index. Focusing on a single condition

ensured the relevance of treatment effect domains and reduced the level of heterogene-

ity in the samples of participants and articles considered. However, the results of this

thesis may be related to specific aspects of osteoarthritis, such as the flare-up nature

of the condition. It is unclear whether the findings of this thesis are generalisable to

other long-term conditions, such as respiratory disorders. In Chapters 4 and 5, each

experiment was based on a single sample of participants. Therefore, further research
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in other samples of people with osteoarthritis is needed to ensure that the results are

generalisable to populations with differing levels of severity. Future research is also

required to explore whether the findings are consistent for other outcome measures

and health conditions.
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7.4 Future research

This thesis focused on target differences and MCID estimates in osteoarthritis, par-

ticularly for the WOMAC outcome measure. It would be useful to explore whether

the findings are consistent across other conditions. The evidence on the associa-

tion between MCID estimates and assessment time point would be strengthened by

additional studies examining the consistency of MCID estimates over time in other

outcome measures, interventions and disease areas.

Future research could consider interventions to improve the reporting of sample size

calculations in randomised trials. Additional guidance could be incorporated into the

CONSORT statement with recommendations for the specific components that should

be reported in the description of the sample size calculation, including the target

difference, primary outcome measure and primary time point [157]. The recently

published DELTA2 guidance, which includes recommendations on reporting of sample

size calculations in manuscripts, may improve reporting and reproducibility [439, 448].

In future, researchers should also endeavour to improve the consistency in the ter-

minology used for MCID estimates. This should focus on differentiating between

important changes within a single participant over time and important differences

between treatment arms or different participant groups. Further work establishing

greater consensus on the ‘optimal’ methods for MCID calculation would be valuable.

Further insight into the appropriateness of anchor-based MCID estimates could be

facilitated by including anchor measures in the data collected in randomised trials.

This would allow us to calculate an MCID estimate using measurements from the trial

sample and compare this to the target difference specified in the sample size calcula-

tion. This would provide information on the generalisability of MCID estimates and

whether researchers should apply MCID estimates generally across different samples
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and populations.

The secondary analysis in Chapter 5 used a non-traditional anchor measure, based

on a change score in a patient-reported global assessment. While this does not al-

low the participant to self-assess the change in their condition, it avoids issues with

traditional anchors, such as recall bias. Future work should compare the MCID esti-

mates produced using non-traditional anchors, such as that used in Chapter 5, with

those produced using traditional anchor measures.Future research could also exam-

ine whether domain-specific anchor measures could be more appropriate for certain

participants or disease populations.

Future studies on variability across MCID estimates will be facilitated with the in-

troduction of automated data collection in some disease areas [452]. In areas with a

lack of studies on MCID estimation, the collection of anchor measures could be incor-

porated into disease registries and large-scale observation studies. For osteoarthritis

specifically, this could include cohort studies (such as the Swedish population-based

National Quality Register for Better Management of Patients with Osteoarthritis) and

arthroplasty registries (including the National Joint Registry in the United Kingdom)

[453, 454, 455]. The incorporation of anchor measures into routine data collection

could increase the number of participants used to calculate MCID estimates and thus

lead to increased precision of MCID estimates.

As more studies on the calculation of MCID estimates are published, additional re-

views of MCID estimates would be useful to synthesise evidence for particular outcome

measures, such as the review by Bohannon et al. [456]. Reviews could also separate

MCID estimates by different characteristics, such as different populations, time points

and interventions. Meta-analyses and meta-regression would facilitate the compari-

son of MCID estimates and allow exploration into factors that may cause differences

in MCID estimates. For example, in osteoarthritis populations, the OA trial bank
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collects data from multiple randomised trials in osteoarthritis [409, 410]. These data

could be combined to explore differences in MCID estimates across different trials.

The use of individual participant data from multiple trials would permit the use of

consistent methodology in the MCID calculation, reducing some of the confounding

present when comparing MCID estimates that have been calculated in different stud-

ies. The use of pooled datasets would also increase the precision of MCID estimates

for particular subgroups. This type of research could provide information on which

factors are more important when using an MCID estimate to specify the target dif-

ference in a future randomised trial, for example, whether it is more important for

the disease severity of the participants or the interventions used in the sample used

to calculate the MCID estimate to be similar to those in the proposed randomised

trials.

Although no association between the assessment time point and the MCID estimate

was found, the discrete choice experiment in Chapter 4 found that duration of treat-

ment effect was important to participants. Future research should examine how du-

ration of treatment effect can be incorporated into benefit-risk assessments when

comparing different treatments. This could also involve further research to compare

longitudinal methods for the analysis of randomised trials, building on the simulation

study in Chapter 6.

Although several trials in the review in Chapter 2 used longitudinal methods to anal-

yse the results, the longitudinal nature of the data and the analysis was not considered

in the sample size calculation. Therefore, this thesis focused on the commonly-used

Neyman-Pearson approach in sample size calculation. However, further efforts should

be made to increase education and awareness and promote methods for sample size

calculation that incorporate the multilevel structure of longitudinal data collected

in randomised trials. This could build on the research conducted by Hooper et al.,
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Harden et al., Kasza et al. and Hemming et al. on sample size calculation for longi-

tudinal cluster-randomised trials [438, 446, 447, 457]. It is hoped that these methods

will become more commonly used in practice in future trials. Web-based applications

could facilitate the use of more complex methodology for sample size calculations

in longitudinal cluster trials [458]. This should better align the methods used to

calculate the sample size and analyse the results of randomised trials.

Further research should aim to improve methods for sample size calculation in longi-

tudinal trials. For example, future research could explore how to estimate the correla-

tion structure of longitudinal data in randomised trials during trial design. Improved

prediction of the correlation structure would increase the accuracy of assumptions in

sample size calculations that account for the longitudinal nature of the outcome mea-

surements. More complex trial designs and methodologies are increasingly used in

medical research, such as adaptive designs and Bayesian methods [459, 460]. Future

research should also examine how to account for duration of treatment effect and the

longitudinal nature of the data collected in the analysis and sample size calculation

for these more complex trials.
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7.5 Conclusion

This thesis has shown that sample size calculations in randomised trials of osteoarthri-

tis are poorly reported and often not reproducible. Additional efforts should be made

by researchers, peer reviewers, journal editors and grant funding bodies to ensure

that the sample size for a randomised trial is justified a priori in an accurate manner.

Moreover, trialists should clearly report the version of the outcome measure that has

been used in their trial, especially when the primary outcome measure is a composite

outcome made up of a combination of multiple items, such as the WOMAC.

The results of the preference study showed that duration of treatment effect is impor-

tant to people with osteoarthritis when comparing different pharmacological treat-

ments. Therefore, duration of treatment effect should be accounted for in the cost-

benefit assessments of interventions. Trials should measure outcomes at assessment

time points that are relevant to the target population and when outcomes could have

a greater effect on participants’ treatment decision-making.

In a single cohort study, there was no clear trend in the MCID estimate for the

WOMAC across different follow-up time points. This indicates that the target differ-

ence in the sample size calculation does not need to be adjusted due to the assessment

time points. Further research is needed using different samples, outcome measures,

anchor measures and disease areas to indicate whether these findings are generalisable.

Although there was no apparent relationship between the MCID estimate and follow-

up time point, the MCID estimates were imprecise and varied across different follow-

up time points. Therefore, future studies calculating MCID estimates using anchor-

based measures should, where possible, use large sample sizes and multiple assessment

time points and report the level of imprecision of the MCID estimate. Single time

point methods for MCID calculation were adequate and precision was not improved
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using longitudinal methods. However, future work should be conducted to develop

consensus on the optimal methods for MCID calculation and terminology used for

MCID estimates.

Randomised trials justifying the target difference using an anchor-based MCID es-

timate should consider all available MCID estimates in similar populations, rather

than focusing solely on a single MCID estimate. Incorporating an anchor measure

into the data collection of a randomised trial could allow for within-sample validation

of the target difference used or sample size re-estimation for trials with a sufficiently

long follow-up period.

A simulation study showed that the optimal analysis method for a randomised trial

depends on the pattern of the treatment effect over the follow-up period, assuming

no missing data. For example, when the treatment effect is consistent over time,

the GEE method is preferred when estimating the time-averaged treatment effect,

whereas the mixed effects method is preferred for a trial with a large sample size

estimating a short-term treatment effect that is not maintained. Using ANCOVA

at multiple time points separately produced higher power for small sample sizes but

also high type I error due to the multiple testing involved. Mixed effects methods

often did not converge and thus an alternative method should be pre-specified in

the event that mixed effects methods do not converge. Because it can be difficult to

predict the pattern of the treatment effect at the start of the trial, sensitivity analyses

should be conducted for the sample size calculation under different scenarios. Software

packages and more accessible journal articles should be produced to facilitate sample

size calculations for longitudinal methods. Future simulation studies should examine

the performance of the GEE and mixed effects methods when time-by-treatment

interactions are included in the model and when there are no missing data, and

should explore methods to improve the convergence of mixed effects analyses.
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Overall, this thesis has shown that sample size calculations of randomised trials of

treatments for osteoarthritis are poorly reported and do not account for the longitudi-

nal nature of the outcome measurement. Duration of the treatment effect is important

to people living with osteoarthritis when considering which medications to take. One

case study found that the MCID of the WOMAC measure was not associated with

the timing of the follow-up assessment. However, a simulation study showed that the

pattern of the treatment effect over time in a randomised trial affected the preferred

method of analysis, thus affecting the corresponding sample size calculation.
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Appendix A

Appendices for Chapter 2

328



A.1 Search strategy example (MEDLINE Ovid)

1 randomized controlled trial.pt.

2 controlled clinical trial.pt.

3 randomized.ab.

4 placebo.ab.

5 clinical trial/

6 randomly.ab.

7 trial.ti.

8 1 or 2 or 3 or 4 or 5 or 6 or 7

9 humans/

10 8 and 9

11 exp Osteoarthritis/

12 osteoarthr$.tw.

13 (degenerative adj3 (arthr$ or joint$ or disease$)).tw.

14 arthros?s.tw.

15 11 or 12 or 13 or 14

16 10 and 15

17 limit 16 to yr=“2016”
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First author: Year: Title: Use of 
WOMAC 

Abdalbary, S. A.  2016 Ultrasound with mineral water or aqua gel to reduce pain and improve the 
WOMAC of knee osteoarthritis. Future Science OA 2 (1) (no 
pagination)(FSO110). 

Yes 

Ali, A. 2016 Similar patient-reported outcomes and performance after total knee 
arthroplasty with or without patellar resurfacing: A randomized study of 74 
patients with 6 years of follow-up. Acta Orthopaedica 87(3): 274-279. 

No 

Allen, K. 
(Allen 2016 a) 

2016 A combined patient and provider intervention for management of osteoarthritis 
in veterans. Annals of Internal Medicine 164(2): 73-83. 

Yes 

Allen, K. D. 
(Allen 2016 b) 

2016 Group Versus Individual Physical Therapy for Veterans With Knee Osteoarthritis: 
Randomized Clinical Trial. Physical therapy 96(5): 597-608. 

Yes 

Arden, N. 2016 The effect of vitamin D supplementation on knee osteoarthritis, the VIDEO 
study: a randomised controlled trial. Osteoarthritis and Cartilage 24(11): 1858-
1866. 

Yes 

Arendt-Nielsen, L.  2016 Intra-articular onabotulinumtoxinA in osteoarthritis knee pain: effect on human 
mechanistic pain biomarkers and clinical pain. Scandinavian Journal of 
Rheumatology: 1-14. 

Yes 

Aunan, E. 2016 Patellar resurfacing in total knee arthroplasty: Functional outcome differs with 
different outcome scores. Acta Orthopaedica 87(2): 158-164. 

No 

Aydogan, N. 2016 The clinical effect of platelet-rich plasma prepared through different activation 
methods on patients with knee osteoarthritis. Journal of Clinical and Analytical 
Medicine 7(6): 767-771. 

Yes 

Bagnato, G. 2016 Pulsed electromagnetic fields in knee osteoarthritis: a double blind, placebo-
controlled, randomized clinical trial. Rheumatology (Oxford, England) 55, 755-
762. 

Yes 

Baktir, A. 2016 Mobile- versus fixed-bearing total knee arthroplasty: a prospective randomized 
controlled trial featuring 6-10-year follow-up. Acta Orthop Traumatol Turc. 
2016;50(1):1-9. 

No 

Banerjee, M.  2016 Comparative study of efficacy and safety of tapentadol versus etoricoxib in mild 
to moderate grades of chronic osteorthritis of knee. Indian Journal of 
Rheumatology 11, 21-25. 

Yes 

Bellamy, J. 2016 Economic Impact of Ketorolac vs Corticosteroid Intra-Articular Knee Injections 
for Osteoarthritis: A Randomized, Double-Blind, Prospective Study. Journal of 
Arthroplasty 31(9 Supplement): 293-297. 

Yes 

Beselga, C. 2016 Immediate effects of hip mobilization with movement in patients with hip 
osteoarthritis: A randomised controlled trial. Manual Therapy 22: 80-85. 

No 

Bily, W. 2016 Effects of leg-press training with moderate vibration on muscle strength, pain, 
and function after total knee arthroplasty: a randomized controlled trial [with 
consumer summary]. Archives of Physical Medicine and Rehabilitation 2016 
Jun;97(6):857-865. 

Yes 

Bisicchia, S. 2016 HYADD 4 versus methylprednisolone acetate in symptomatic knee 
osteoarthritis: A single-centre single blind prospective randomised controlled 
clinical study with a 1-year follow-up. Clinical and Experimental Rheumatology 
34(5): 857-863. 

Yes 

Bokaeian, H.  2016 The effect of adding whole body vibration training to strengthening training in 
the treatment of knee osteoarthritis: A randomized clinical trial. Journal of 
Bodywork and Movement Therapies 20, 334-340 

Yes 

A.2 Included studies in systematic review
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Bryk, F. 2016 Exercises with partial vascular occlusion in patients with knee osteoarthritis: a 
randomized clinical trial. Knee Surgery, Sports Traumatology, Arthroscopy 2016 
May;24(5);1580-1586. 

No 

Cakir, T. 2016 Isokinetic exercise improves concentric knee flexion torque better than 
isometric exercise in patients with advanced osteoarthritis. Isokinetics and 
Exercise Science 24(1): 7-15. 

Yes 

Calatayud, J.  2016 High-intensity preoperative training improves physical and functional recovery 
in the early post-operative periods after total knee arthroplasty: a randomized 
controlled trial. Knee Surgery, Sports Traumatology, Arthroscopy 2016 Jan 
14:Epub ahead of print. 

Yes 

Chen, J. Y.  2016 Intravenous versus intra-articular tranexamic acid in total knee arthroplasty: A 
double-blinded randomised controlled noninferiority trial. Knee 23(1): 152-156. 

No 

Cherian, J.  
(Cherian 2016 a) 

2016 Knee Osteoarthritis: Does Transcutaneous Electrical Nerve Stimulation Work? 
Orthopedics 39, e180-186 

No 

Cherian, J. J.  
(Cherian 2016 b) 

2016 Do the Effects of Transcutaneous Electrical Nerve Stimulation on Knee 
Osteoarthritis Pain and Function Last? Journal of Knee Surgery 29(6): 497-501. 

No 

Cho, J. J. 2016 An MRI Evaluation of Patients Who Underwent Treatment with a Cell-Mediated 
Gene Therapy for Degenerative Knee Arthritis: A Phase IIa Clinical Trial. J Knee 
Surg. 2017 Sep;30(7):694-703. 

No 

Chughtai, M.  2016 Clinical Outcomes of a Pneumatic Unloader Brace for Kellgren-Lawrence Grades 
3 to 4 Osteoarthritis: A Minimum 1-Year Follow-Up Study. Journal of Knee 
Surgery 29(8): 634-638. 

No 

Conrozier, T. 2016 Safety and efficacy of intra-articular injections of a combination of hyaluronic 
acid and mannitol (HAnOX-M) in patients with symptomatic knee osteoarthritis: 
Results of a double-blind, controlled, multicenter, randomized trial. Knee 23(5): 
842-848. 

Yes 

Cosman, F. 2016 Effect of teriparatide on bone formation in the human femoral neck. J Clin 
Endocrinol Metab. 2016 Apr;101(4):1498-505. 

No 

Da Graca-Tarrago, 
M.  

2016 Electrical intramuscular stimulation in osteoarthritis enhances the inhibitory 
systems in pain processing at cortical and cortical spinal system. Pain Medicine 
(United States) 17(5): 877-891. 

No 

de Rooij, M. 2016 Efficacy of tailored exercise therapy on physical functioning in patients with 
knee osteoarthritis and comorbidity: a randomized controlled trial [with 
consumer summary]. Arthritis Care & Research 2016 Aug 26:Epub ahead of 
print. 

Yes 

Di Sante, L. 2016 Intra-articular hyaluronic acid vs platelet-rich plasma in the treatment of hip 
osteoarthritis. Med Ultrason. 2016 Dec 5;18(4):463-468. 

Yes 

Dincer, U. 2016 The effects of closed kinetic chain exercise on articular cartilage morphology: 
Myth or reality? A randomized controlled clinical trial. Turkiye Fiziksel Tip ve 
Rehabilitasyon Dergisi 62(1): 28-36. 

Yes 

Diracoglu, D. 2016 Single versus multiple dose hyaluronic acid: Comparison of the results. Journal 
of Back and Musculoskeletal Rehabilitation 29(4): 881-886. 

Yes 

Dundar, U. 2016 Assessment of pulsed electromagnetic field therapy with Serum YKL-40 and 
ultrasonography in patients with knee osteoarthritis. International Journal of 
Rheumatic Diseases 19(3): 287-293. 

Yes 

Eker, H. E. 2016 The efficacy of intra-articular lidocaine administration in chronic knee pain due 
to osteoarthritis: A randomized, double-blind, controlled study 

Yes 

Elbadawy, M. A.  2016 Effectiveness of Periosteal Stimulation Therapy and Home Exercise Program in 
the Rehabilitation of Patients with Advanced Knee Osteoarthritis. Clinical 
Journal of Pain. 10. 

No 

Feczko, P.  2016 Computer-assisted total knee arthroplasty using mini midvastus or medial 
parapatellar approach technique: A prospective, randomized, international 
multicentre trial. BMC Musculoskeletal Disorders 17: 19. 

Yes 
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Freitag, T. 2016 Bone remodelling after femoral short stem implantation in total hip 
arthroplasty: 1-year results from a randomized DEXA study. Archives of 
Orthopaedic & Trauma Surgery 136(1): 125-130. 

Yes 

Gigis, I. 2016 Comparison of two different molecular weight intra-articular injections of 
hyaluronic acid for the treatment of knee osteoarthritis. Hippokratia 20(1): 26-
31. 

Yes 

Goksen, N. 2016 Magnetic resonance therapy for knee osteoarthritis: a randomized, double blind 
placebo controlled trial. Eur J Phys Rehabil Med. 2016 Aug;52(4):431-9. 

Yes 

Gook-Joo, K. 2016 The effects of high intensity laser therapy on pain and function in patients with 
knee osteoarthritis. J Phys Ther Sci. 2016 Nov;28(11):3197-3199. 

Yes 

Gor, A. 2016 A comparative study of efficacy and safety of oral diclofenac and decreased 
dose of diclofenac plus topical diclofenac in treatment of knee osteoarthritis. 
International Journal of Pharmaceutical Sciences and Research 7(5): 2083-2089. 

No 

Guner, S.  2016 Effectiveness of etofenamate for treatment of knee osteoarthritis: A 
randomized controlled trial. Therapeutics and Clinical Risk Management 12: 
1693-1699. 

Yes 

Gungen, G. O.  2016 Effect of mud compress therapy on cartilage destruction detected by CTX-II in 
patients with knee osteoarthritis. Journal of Back and Musculoskeletal 
Rehabilitation 29(3): 429-438. 

Yes 

Ha, C. 2016 Prospective, randomized, double-blinded, double-dummy and multicenter 
phase IV clinical study comparing the efficacy and safety of PG201 (Layla) and 
SKI306X in patients with osteoarthritis. Journal of Ethnopharmacology 181: 1-7. 

Yes 

Helianthi, D. R.  2016 Pain reduction after laser acupuncture treatment in geriatric patients with knee 
osteoarthritis: a randomized controlled trial. Acta Medica Indonesiana 2016 
Apr;48(2):114-121. 

No 

Hermann, A. 2016 Preoperative progressive explosive-type resistance training is feasible and 
effective in patients with hip osteoarthritis scheduled for total hip arthroplasty - 
a randomized controlled trial. Osteoarthritis and Cartilage 24(1): 91-98. 

No 

Hill, C. 2016 Fish oil in knee osteoarthritis: A randomised clinical trial of low dose versus high 
dose. Annals of the Rheumatic Diseases 75(1): 23-29. 

Yes 

Hinman, R. S. 2016 Unloading shoes for self-management of knee osteoarthritis a randomized trial. 
Annals of Internal Medicine 165(6): 381-389. 

Yes 

Hochberg, M. 2016 Combined chondroitin sulfate and glucosamine for painful knee osteoarthritis: 
A multicentre, randomised, double-blind, non-inferiority trial versus celecoxib. 
Annals of the Rheumatic Diseases 75(1): 37-44. 

Yes 

Holsgaard-Larsen, 
A. 

2016 The effect of instruction in analgesic use compared with neuromuscular 
exercise on knee-joint load in patients with knee osteoarthritis: a randomized, 
single-blind, controlled trial. Osteoarthritis and Cartilage 2016 Nov 9:Epub 
ahead of print. 

No 

Hommel, H. 2016 Kinematic femoral alignment with gap balancing and patient-specific 
instrumentation in total knee arthroplasty: a randomized clinical trial. European 
Journal of Orthopaedic Surgery and Traumatology: 1-6. 

Yes 

Hsieh, R. 
(Hsieh 2016 a) 

2016 Clinical effects of lateral wedge arch support insoles in knee osteoarthritis: A 
prospective double-blind randomized study. Medicine (United States) 95 (27) 
(no pagination)(e3952). 

No 

Hsieh, L. F. 
(Hsieh 2016 b) 

2016 Effects of Botulinum Toxin Landmark-Guided Intra-articular Injection in Subjects 
With Knee Osteoarthritis. PM R. 2016 Dec;8(12):1127-1135. 

Yes 

Isik, M. 2016 Comparison of the effectiveness of medicinal leech and TENS therapy in the 
treatment of primary osteoarthritis of the knee: A randomized controlled trial. 
Zeitschrift fur Rheumatologie: 1-8. 

 

 

Yes 
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Jame Bozorgi, A. 2016 The effectiveness of occupational therapy supervised usage of adaptive devices 
on functional outcomes and independence after total hip replacement in 
Iranian elderly: A randomized controlled trial. Occupational Therapy 
International 23(2): 143-153. 

Yes 

Jin, X. 2016 Effect of Vitamin D supplementation on Tibial cartilage volume and knee pain 
among patients with symptomatic knee osteoarthritis: A randomized clinical 
trial. JAMA - Journal of the American Medical Association 315(10): 1005-1013. 

Yes 

Jorgensen, P. B.  2016 The efficacy of early initiated, supervised, progressive resistance training 
compared to unsupervised, home-based exercise after unicompartmental knee 
arthroplasty: a single-blinded randomized controlled trial [with consumer 
summary]. Clinical Rehabilitation 2016 Mar 30:Epub ahead of print. 

No 

Kadic, L. 2016 The effect of pregabalin and s-ketamine in total knee arthroplasty patients: A 
randomized trial. J Anaesthesiol Clin Pharmacol. 2016 Oct-Dec;32(4):476-482. 

No 

Kapadia, B. 2016 Gait Using Pneumatic Brace for End-Stage Knee Osteoarthritis. The journal of 
knee surgery 29, 218-223. 

No 

Kaya Mutlu, E.  2016 Does Kinesio taping of the knee improve pain and functionality in patients with 
knee osteoarthritis? A randomized controlled clinical trial. American Journal of 
Physical Medicine & Rehabilitation 2016 May 4:Epub ahead of print. 

Yes 

Koh, I. J.  2016 The Patient's Perception Does Not Differ Following Subvastus and Medial 
Parapatellar Approaches in Total Knee Arthroplasty: A Simultaneous Bilateral 
Randomized Study. Journal of Arthroplasty 31(1): 112-117. 

Yes 

Kongtharvonskul, J. 2016 Efficacy of glucosamine plus diacerein versus monotherapy of glucosamine: A 
double-blind, parallel randomized clinical trial. Arthritis Research and Therapy 
18 (1) (no pagination)(233). 

Yes 

Kulshrestha, V. 2016 Outcome of Unicondylar Knee Arthroplasty vs Total Knee Arthroplasty for Early 
Medial Compartment Arthritis: A Randomized Study. J Arthroplasty. 2017 
May;32(5):1460-1469. 

No 

Li, Z. 2016 Effects of cold irrigation on early results after total knee arthroplasty a 
randomized, double-blind, controlled study. Medicine (United States) 95 (24) 
(no pagination)(e3563). 

No 

Lim, S. H.  2016 Effects of joint effusion on quadriceps muscles in patients with knee 
osteoarthritis. Physical Therapy in Sport 17: 14-18. 

No 

Losina, E. 2016 Postoperative Care Navigation for Total Knee Arthroplasty Patients: A 
Randomized Controlled Trial. Arthritis Care and Research 68(9): 1252-1259. 

Yes 

 

Maghsoumi-
Norouzabad, L.  

2016 Effects of Arctium lappa L. (Burdock) root tea on inflammatory status and 
oxidative stress in patients with knee osteoarthritis. International Journal of 
Rheumatic Diseases 19(3): 255-261. 

No 

Majeed, M. 2016 Evaluating adjunctive role of PPI as anti inflammatory agent in knee 
osteoartharitis: A prospective study in tertiary care hospital. International 
Journal of Pharmaceutical Sciences and Research 7, 2492-2498. 

No 

Martin Martin, L. S.  2016 A double blind randomized active-controlled clinical trial on the intra-articular 
use of Md-Knee versus sodium hyaluronate in patients with knee osteoarthritis 
(Joint). BMC Musculoskeletal Disorders 17 (1) (no pagination)(948). 

No 

Meinardi, J. 2016 Palacos compared to Palamed bone cement in total hip replacement: a 
randomized controlled trial: RSA migration similar at 10-year follow-up. Acta 
Orthopaedica 87, 473-478 

No 

Mihaljevic, Z. 2016 Influence of fondaparinux versus nadroparin calcium thromboprophylaxis on 
clinical parameters following total knee arthroplasty. Acta Clin Croat. 2016 
Sep;55(3):414-421. 

No 

Monaghan, B. 2016 Randomised controlled trial to evaluate a physiotherapy-led functional exercise 
programme after total hip replacement. Physiotherapy. 2017 Sep;103(3):283-
288. 

Yes 
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Montanez-Heredia, 
E. 

2016 Intra-articular injections of platelet-rich plasma versus hyaluronic acid in the 
treatment of osteoarthritic knee pain: A randomized clinical trial in the context 
of the Spanish national health care system. International Journal of Molecular 
Sciences 17. 

No 

Moorthy, S. 2016 Comparison of the efficacy and safety of tramadol versus tapentadol in acute 
osteoarthritic knee pain: A randomized, controlled trial. Asian Journal of 
Pharmaceutical and Clinical Research 9(3). 

Yes 

Mu, R. 2016 Efficacy and safety of loxoprofen hydrogel patch versus loxoprofen tablet in 
patients with knee osteoarthritis: a randomized controlled non-inferiority trial. 
Clinical Rheumatology 35(1): 165-173. 

No 

Munukka, M.  2016 Efficacy of progressive aquatic resistance training for tibiofemoral cartilage in 
postmenopausal women with mild knee osteoarthritis: a randomised controlled 
trial. Osteoarthritis and Cartilage 2016 Oct;24(10):1708-1717. 

No 

Myers, S. 2016 Effects of fucoidan from Fucus vesiculosus in reducing symptoms of 
osteoarthritis: A randomized placebo-controlled trial. Biologics: Targets and 
Therapy 10: 81-88. 

No 

Notarnicola, A. 2016 Methylsulfonylmethane and boswellic acids versus glucosamine sulfate in the 
treatment of knee arthritis: Randomized trial. International Journal of 
Immunopathology and Pharmacology 29, 140-146. 

No 

Ojoawo, A. 2016 Comparative effects of proprioceptive and isometric exercises on pain intensity 
and difficulty in patients with knee osteoarthritis: A randomised control study. 
Technology and Health Care 24(6): 853-863. 

Yes 

Ollivier, M.  2016 The John Insall Award: No Functional Benefit After Unicompartmental Knee 
Arthroplasty Performed With Patient-specific Instrumentation: A Randomized 
Trial. Clinical Orthopaedics & Related Research 474(1): 60-68. 

No 

Ozturk, A. 2016 Posterior cruciate-substituting total knee replacement recovers the flexion arc 
faster in the early postoperative period in knees with high varus deformity: a 
prospective randomized study. Archives of Orthopaedic and Trauma Surgery 
136, 999-1006. 

No 

Parvizi, J. 2016 Total Hip Arthroplasty Performed Through Direct Anterior Approach Provides 
Superior Early Outcome: Results of a Randomized, Prospective Study. Orthop 
Clin North Am. 2016 Jul;47(3):497-504. 
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V3 - English for USA
(at baseline)

Copyright©2004 Nicholas Bellamy
All Rights Reserved

WOMAC Osteoarthritis Index LK3.1 (IK)

INSTRUCTIONS TO PATIENTS

In Sections A, B, and C questions are asked in the following format.  Please mark
your answers by putting an “ ✗✗✗✗✗ ” in one of the boxes.

EXAMPLES:

1. If you put your “ ✗✗✗✗✗ ” in the box on the far left as shown below,

then you are indicating that you feel no pain.

2. If you put your “ ✗✗✗✗✗ ” in the box on the far right as shown below,

then you are indicating that you feel extreme pain.

3. Please note:
a) that the further to the right you place your “ ✗✗✗✗✗ ”, the more pain

you feel.

b) that the further to the left you place your “ ✗✗✗✗✗ ”, the less pain
you feel.

c) please do not place your “ ✗✗✗✗✗ ” outside any of the boxes.

You will be asked to indicate on this type of scale the amount of pain, stiffness
or disability you have felt during the last 48 hours.

Think about your knee to be injected when answering the questions.  Indicate the
severity of your pain and stiffness and the difficulty you have in doing daily
activities that you feel are caused by the arthritis in your knee to be injected.

Your knee to be injected has been identified for you by your health care
professional.  If you are unsure which knee is to be injected, please ask before
completing the questionnaire.

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �

✗

✗

V3 - English for USA
(at baseline)

Copyright©2004 Nicholas Bellamy
All Rights Reserved

Page 1 of 6

B.1 WOMAC questionnaire (Likert version)
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V3 - English for USA
(at baseline)

Copyright©2004 Nicholas Bellamy
All Rights Reserved

WOMAC Osteoarthritis Index LK3.1 (IK)

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �

Section A

(Please mark your answers with an “ ✗✗✗✗✗ ”.)

QUESTION: How much pain have you had  . . .

1. when walking on a flat surface?

2. when going up or down stairs?

3. at night while in bed?  (that is - pain that disturbs your sleep)

4. while sitting or lying down?

5. while standing?

PAIN1

PAIN2

PAIN3

PAIN4

PAIN5

PAIN

Think about the pain you felt during the last 48 hours caused by the arthritis in
your knee to be injected.

Study Coordinator
Use Only

Page 2 of 6
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V3 - English for USA
(at baseline)

Copyright©2004 Nicholas Bellamy
All Rights Reserved

WOMAC Osteoarthritis Index LK3.1 (IK)

Section B

6. How severe has your stiffness been after you  first woke up
in the morning?

7. How severe has your stiffness been after sitting or lying down  or
while resting later in the day?

STIFF6

STIFF7

STIFFNESS

Think about the stiffness (not pain) you felt during the last 48 hours caused by the
arthritis in your knee to be injected.

Stiffness is a sensation of decreased ease in moving your joint.

(Please mark your answers with an “ ✗✗✗✗✗ ”.)

Study Coordinator
Use Only

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �

Page 3 of 6
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V3 - English for USA
(at baseline)

Copyright©2004 Nicholas Bellamy
All Rights Reserved

WOMAC Osteoarthritis Index LK3.1 (IK)

QUESTION: How much difficulty have you had  . . .

8. when going down the stairs?

9. when going up the stairs?

10. when getting up from a sitting position?

11. while standing?

12. when bending to the floor?

13. when walking on a flat surface?

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �

DIFFICULTY PERFORMING DAILY ACTIVITIES

Think about the difficulty you had in doing the following daily physical activities
during the last 48 hours caused by the arthritis in your knee to be injected.
By this we mean your ability to move around and take care of yourself.

(Please mark your answers with an “ ✗✗✗✗✗ ”.)

PFTN8

PFTN9

PFTN10

PFTN11

PFTN12

PFTN13

Section C

Study Coordinator
Use Only

Page 4 of 6
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WOMAC Osteoarthritis Index LK3.1 (IK)

QUESTION: How much difficulty have you had  . . .

14. getting in or out of a car, or getting on or off a bus?

15. while  going shopping?

16. when putting on your socks or panty hose or stockings?

17. when getting out of bed?

18. when taking off your socks or panty hose or stockings?

19. while lying in bed?

DIFFICULTY PERFORMING DAILY ACTIVITIES

Think about the difficulty you had in doing the following daily physical activities
during the last 48 hours caused by the arthritis in your knee to be injected.
By this we mean your ability to move around and take care of yourself.

(Please mark your answers with an “ ✗✗✗✗✗ ”.)

PFTN14

PFTN15

PFTN16

PFTN17

PFTN18

PFTN19

Study Coordinator
Use Only

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �
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WOMAC Osteoarthritis Index LK3.1 (IK)

QUESTION: How much difficulty have you had  . . .

20. when getting in or out of the bathtub?

21. while sitting?

22. when getting on or off the toilet?

23. while doing  heavy household chores?

24. while doing light household chores?

DIFFICULTY PERFORMING DAILY ACTIVITIES

Think about the difficulty you had in doing the following daily physical activities
during the last 48 hours caused by the arthritis in your knee to be injected.
By this we mean your ability to move around and take care of yourself.

(Please mark your answers with an “ ✗✗✗✗✗ ”.)

PFTN20

PFTN21

PFTN22

PFTN23

PFTN24

Study Coordinator
Use Only

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �

none mild moderate severe extreme
� � � � �
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C.1 Search strategies for patient preference

studies in osteoarthritis

MEDLINE

1. “discrete choice*”.tw.

2. DCE.tw.

3. “conjoint analysis”.tw.

4. “best-worst*”.tw.

5. BWS.tw.

6. attributes.tw.

7. “*preferences”.tw.

8. 1 or 2 or 3 or 4 or 5 or 6 or 7

9. exp osteoarthritis/

10. osteoarthr$.tw.

11. (degenerative adj3 (arthr$ or joint$ or disease$)).tw.

12. arthros?s.tw.

13. 9 or 10 or 11 or 12

14. 8 and 13
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EMBASE

1. “discrete choice*”.tw.

2. DCE.tw.

3. “conjoint analysis”.tw.

4. “best-worst*”.tw.

5. BWS.tw.

6. attributes.tw.

7. “*preferences”.tw.

8. 1 or 2 or 3 or 4 or 5 or 6 or 7

9. exp osteoarthritis/

10. osteoarthr$.tw.

11. (degenerative adj3 (arthr$ or joint$ or disease$)).tw.

12. arthros?s.tw.

13. 9 or 10 or 11 or 12

14. 8 and 13
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C.2 Details on ranking and rating exercises

The results of a literature search of stated preference studies for osteoarthritis treat-
ments were used to create a long list of potential attributes that could be included, ex-
cluding those relating specifically to non-pharmacological treatments. Discrete choice
experiments can include only a limited number of attributes. Therefore, patient in-
put was used to identify which of the potential attributes were most important. A
group of 10 osteoarthritis patients were recruited using an online advert placed on
the PAIRS (Patients Active in Research) Thames Valley website. These 10 patient
representatives conducted rating and ranking exercises on the importance of the po-
tential attributes. The attributes were selected based on the results of the patient
input and existing literature on patient preferences, whilst avoiding the selection of
attributes with overlapping constructs.
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Table C.1: Results of ranking exercises

Potential attribute: Ranking: 1 to 15 (1 is most important)
Mean Median IQR Range

The effect of the treatment 3.4 2 1 - 4.5 1 - 9
on your pain
The effect of the treatment 6.4 7 1 - 9.5 1 - 12
on your stiffness
The effect of the treatment 6.9 7.5 1 - 9.75 1 - 13
on your ability to do daily
activities, such as putting
on socks or doing chores
The effect of the treatment 9.2 10 4 - 11.75 4 - 14
on your level of fatigue
The effect of the treatment 6.2 6.5 1 - 7.75 1 - 11
on your quality of sleep
Speed of symptom relief 7 8 3 - 8 3 - 12
(how quickly it acts)
Length of symptom relief (how 7.8 7.5 2 - 10 2 - 15
long the treatment effect lasts)
Whether you need a prescription 11.2 11.5 6 - 12.75 6 - 15
or can purchase it over-the-counter
How often you need to take the 9.5 10.5 3 - 13.75 3 - 15
medication
Cost to the NHS 12.9 13 11 - 14 11 - 15
The effect of the treatment 11.1 12 3 - 14 3 - 15
on your anxiety
Common side effects, such as 5.4 5 1 - 7 1 - 13
stomach ache, headache or
diarrhoea
Risk of rare serious events, e.g., 5.2 5 1 - 5.75 1 - 14
stomach ulcer, heart attack, stroke
The impact of the treatment 10.9 11.5 3 - 14.75 3 - 15
on your work
The impact of the treatment 6.8 7 2 - 10 2 - 12
on your social activities,
e.g., going out with friends
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Table C.2: Results of rating exercises

Potential attribute: Rating: 0 to 5 (5 is very important)
Mean Median IQR Range

The effect of the treatment 4.6 5 3 - 5 3 - 5
on your pain
The effect of the treatment 3.9 4 2 - 5 2 - 5
on your stiffness
The effect of the treatment 4.2 4.5 3 - 5 3 - 5
on your ability to do daily
activities, such as putting
on socks or doing chores
The effect of the treatment 2.5 3 1 - 3 1 - 3
on your level of fatigue
The effect of the treatment 3.9 4 2 - 4.75 2 - 5
on your sleep quality
The effect of the treatment 2 1.5 0 - 3.5 0 - 5
on your level of anxiety
The effect of the treatment, 3.8 4 2 - 5 2 - 5
on your social activities
e.g., going out with friends
The effect of the treatment 2.4 2.5 0 - 3 0 - 5
on your work
Speed of symptom relief (how 3.4 3.5 1 - 4 1 - 5
quickly the medication acts)
Length of symptom relief (how 4 4 2 - 5 2 - 5
long the treatment effect lasts)
How often you need to take the 3.8 4.5 1 - 5 1 - 5
medication
Whether you need a prescription 2 2 0 - 3 0 - 4
or can buy it over-the-counter
Cost to you 1.6 1 0 - 2.75 0 - 4
Cost to the NHS 2.3 2.5 0 - 3.75 0 - 4
Stomach ache 3.9 4 2 - 5 2 - 5
Constipation 4 4.5 2 - 5 2 - 5
Diarrhoea 3.8 4 2 - 5 2 - 5
Headaches 3.5 4 1 - 4.75 1 - 5
Dizziness 3.9 4.5 1 - 5 1 - 5
Drowsiness 3.8 4 2 - 5 2 - 5
Risk of stomach ulcer 4.1 4.5 2 - 5 2 - 5
Risk of high blood pressure 4.2 5 2 - 5 2 - 5
Risk of heart attack 4.3 5 2 - 5 2 - 5
Risk of stroke 4.5 5 2 - 5 2 - 5
Risk of kidney and liver problems 4.4 5 2 - 5 2 - 5
problems
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Choice question 1 
 
You should answer the choice questions while imagining you are the osteoarthritis patient with 
the symptoms described below. You should not focus on your own current or past condition. 
 

Imaginary patient (this is the same for each choice question): 
 
Imagine that… 
 
The patient is living with osteoarthritis in their knee or hip which causes severe pain. The 
osteoarthritis also causes severe stiffness and severe difficulty doing daily activities. Severe is 
marked as 75 of out 100 on a scale from 0 (none) to 100 (extreme). Please imagine that the 
patient has not had any heart problems or serious stomach problems in the past. 
 
The only medication (gel, cream or tablet) that the patient is taking for their osteoarthritis is 
paracetamol. Taking paracetamol has not improved their symptoms. Their doctor has 
recommended 2 possible medications that could improve their symptoms. However, these 
medications might also increase their risk of a heart attack or stomach ulcer bleed. Their doctor 
has said that both medications are potential options for the patient and it is up to the patient to 
decide which they would prefer. Imagining that you are this patient, you must choose one of the 2 
medications to take. 
 

Benefits and risks for question 1 (this is different for each choice question): 

C.3 Detailed example of choice task
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If you were this patient, which of these medications would you prefer to take? 

 
Choose one of the following answers 
 
Please choose only one of the following: 
 

□ Medication A 

□ Medication B 
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C.4 Ngene code

Ngene code for generating the pilot design:

Design

;alts(M1) = medA, medB

;rows = 16

;eff = M1(mnl, d)

;model(M1):

U(medA) = b0[0] + b1[0|0|0].effects * A[0,1,2,3]

+ b2[0|0|0].effects * B[0,1,2,3] + b3[0|0|0].effects * C[0,1,2,3]

+ b4[0|0|0].effects * D[1,3,6,12] + b5[0] * E[0,0.5,1,2]

+ b6[0] * F[0,1,2,4] /

U(medB) = b1 * A + b2 * B + b3 * C + b4 * D + b5 * E + b6 * F

$
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Ngene code for generating the main design:

Design

;alts(M1) = medA, medB

;alts(M2) = medA, medB

;rows = 16

;eff = 0.5*M1(mnl, d) + 0.5*M2(mnl,d)

? Note: Base level is 3 i.e. severe

? Note: Set intercept as 0 since unlabelled alternatives

;model(M1):

U(medA) = b1[0.258|0.222|-0.060].effects * A[0,1,2,3]

+ b2[0.260|0.108|-0.196].effects * B[0,1,2,3]

+ b3[-0.023|0.133|0.035].effects * C[0,1,2,3]

+ b4[-0.039|0.230|0.070].effects * D[12,6,3,1]

+ b5[-0.292] * E[0,0.5,1,2] + b6[-0.200] * F[0,1,2,4] /

U(medB) = b0[0] + b1 * A + b2 * B + b3 * C + b4 * D

+ b5 * E + b6 * F

? Model 2 - Remove coefficients in illogical direction

? for function and duration so all priors for function are zero

? A - pain

? B - stiffness

? C - function

? D - duration

? E - heart attack risk

? F - stomach bleed risk

;model(M2):

U(medA) = b1[0.258|0.222|-0.060].effects * A[0,1,2,3]

+ b2[0.260|0.108|-0.196].effects * B[0,1,2,3]

+ b3[0|0|0].effects * C[0,1,2,3] + b4[0|0|0].effects * D[12,6,3,1]

+ b5[-0.292] * E[0,0.5,1,2] + b6[-0.200] * F[0,1,2,4] /

U(medB) = b0[0] + b1 * A + b2 * B + b3 * C + b4 * D +

b5 * E + b6 * F

$



C.5 Experimental designs

Experimental design for the pilot study:

Choice Pain Stiffness Difficulty Duration Risk of heart Risk of
task (out of 100) (out of 100) doing daily (months) attack (%) stomach

activities ulcer (%)
(out of 100)

A B A B A B A B A B A B
1 75 50 0 50 25 75 12 1 1 0.5 4 0
2 0 75 0 25 75 0 6 1 0.5 1 1 2
3 25 75 25 75 50 25 3 12 2 0 4 0
4 0 50 25 50 0 50 12 3 0.5 1 2 1
5 25 0 0 25 0 50 1 12 0 2 2 1
6 0 25 75 25 0 25 3 6 1 0.5 2 1
7 50 25 25 50 25 75 3 12 0 2 0 4
8 50 25 25 0 75 50 6 3 0.5 1 4 0
9 25 0 50 0 25 50 3 1 2 0 1 2
10 0 75 50 75 0 75 1 3 1 0.5 0 4
11 75 50 75 50 75 0 1 12 2 0 0 4
12 75 25 50 75 25 0 1 6 0.5 1 4 0
13 25 75 75 0 50 0 12 6 0 2 1 2
14 75 50 50 0 50 25 6 1 0 2 1 2
15 50 0 75 25 50 75 6 3 2 0 2 1
16 50 0 0 75 75 25 12 6 1 0.5 0 4



Experimental design for the main study:

Choice Pain Stiffness Difficulty Duration Risk of heart Risk of
task (out of 100) (out of 100) doing daily (months) attack (%) stomach

activities ulcer (%)
(out of 100)

A B A B A B A B A B A B
1 0 75 0 75 25 75 1 3 0.5 1 2 0
2 0 75 25 50 75 25 6 12 1 0.5 1 2
3 75 50 0 50 50 25 1 12 2 0 2 1
4 0 75 50 25 25 0 3 1 2 0 4 0
5 50 75 75 25 0 25 12 1 1 0.5 0 2
6 75 25 50 25 0 75 3 12 0.5 1 0 4
7 50 25 25 0 0 50 6 3 0.5 1 4 1
8 50 25 75 0 50 0 1 6 0 2 1 2
9 25 0 50 75 50 0 6 3 2 0 0 4
10 25 0 0 75 0 25 12 6 0.5 1 4 0
11 75 50 75 50 25 75 12 3 1 0.5 1 2
12 0 50 50 0 75 50 1 6 1 0.5 0 4
13 25 0 75 25 75 50 6 12 0 2 2 1
14 75 25 0 75 75 0 12 1 0 2 2 1
15 50 0 25 50 25 50 3 6 2 0 1 4
16 25 50 25 0 50 75 3 1 0 2 4 0



C.6 Interpreting the model coefficients

The formula for the probability of choosing medication A is:

Probability of choosing medication A =

exp(
∑
βiA)

exp(
∑

i βiA)+exp(
∑

i βiB)
(C.1)

βiA is the coefficient in Table 4.4 for the level of medication A for the ith attribute.
The levels and corresponding coefficients for choice task 2 are presented in Table C.3.

Table C.3: Levels and coefficients of choice task 2

Medication A Medication B

Attribute Level Coefficient Level Coefficient

Pain None 0.28865 Severe -0.52971
Stiffness Mild 0.03014 Moderate 0.03809
Function Severe -0.30675 Mild 0.04310
Duration 6 months 0.03287 12 months 0.35157
Heart attack risk 1% -0.23884 0.5% -0.11942
Stomach bleed risk 1% -0.25894 2% -0.51788

Total -0.45287 -0.72226
Exp (total) 0.63580 0.48565

In choice task 2, the exponent of the sum of coefficients is 0.63580 for medication A
and 0.48565 for medication B. According to the model, the probability of choosing
medication A is:

0.63580
0.63580+48565

= 0.567 (C.2)

This corresponds to the value in Table 4.5. This is also similar to the proportion of
respondents in our sample who selected medication A in choice task 2 (n=186/300,
62%).

Focusing on the difference in the sums of the coefficients, Equation C.1 can be re-
arranged to:

Probability of choosing medication A =

exp(
∑
βiA)

exp(
∑

i βiA)+exp(
∑

i βiB)
= 1

exp(
∑

i βiA−βiB)+1
(C.3)
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C.7 Marginal rates of substitution

(fixed effects model)

Table C.4: Marginal rates of substituton for the fixed effects model

Marginal rates of substitution for:

Risk of heart attack Risk of stomach
ulcer bleeding

WTP 95% CI* WTP 95% CI*

Pain None 1.21 0.86 to 1.56 1.11 0.86 to 1.37
Mild 1.31 0.97 to 1.64 1.21 0.95 to 1.47
Moderate -0.30 -0.59 to -0.01 -0.27 -0.54 to -0.01
Severe -2.22 -2.68 to -1.76 -2.05 -2.33 to -1.76

Stiffness None 0.27 -0.03 to 0.56 0.25 -0.03 to 0.52
Mild 0.13 -0.15 to 0.40 0.12 -0.14 to 0.37
Moderate 0.16 -0.14 to 0.46 0.15 -0.12 to 0.42
Severe -0.55 -0.84 to -0.26 -0.51 -0.77 to -0.25

Function None 0.87 0.54 to 1.21 0.81 0.54 to 1.07
Mild 0.23 -0.05 to 0.52 0.21 -0.06 to 0.48
Moderate 0.18 -0.11 to 0.47 0.17 -0.09 to 0.43
Severe -1.28 -1.64 to -0.93 -1.18 -1.44 to -0.93

Duration 12 months 1.47 1.04 to 1.90 1.36 1.07 to 1.64
6 months 0.14 -0.13 to 0.41 0.13 -0.12 to 0.37
3 months -0.08 -0.35 to 0.19 -0.07 -0.32 to 0.18
1 month -1.52 -1.95 to -1.11 -1.41 -1.68 to -1.15

Heart attack risk - - -0.92 -1.09 to -0.75

Stomach bleed risk -1.08 -1.29 to -0.88 - -

* CI: Confidence interval.
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C.8 Effects on the probability of medication

choice due to a one-level improvement in a

single attribute

The effect of changing one attribute to the adjacent level is shown in Table C.5. If
the medications were identical for all attributes, the probability of choosing either
medication is 0.5. Table C.5 assumes that two medications, A and B, are identical in
all attributes, except for one. As an example, in the first row, it assumes medication
A reduces pain to ‘mild’ and medication B reduces pain to ‘none’ and indicates that
the fixed effects model suggests that the probability of choosing medication B is
0.494. The probability of choosing medication A is therefore 0.506 in this example,
highlighting that reducing pain from ‘mild’ to ‘none’ does not have a large effect
on the choice of medication. Conversely, in the last row of Table C.5, comparing
medication A with a 4% risk of stomach ulcer bleeding to medication B with a 2%
risk, the probability of choosing medication B becomes 0.627.



Table C.5: Changes in the probability of medication selection due to one-level improvements in a single attribute

Attribute Change in level Coefficient Coefficient Difference in Probability Increase in
(level A to level B) for level A for level B coefficients of selecting selection

medication B probability*
Pain Mild to none 0.31266 0.28865 -0.02400 0.494 -0.6%

Moderate to mild -0.07161 0.31266 0.38426 0.595 9.5%
Severe to moderate -0.52971 -0.07161 0.45810 0.613 11.3%

Stiffness Mild to none 0.03014 0.06354 0.03340 0.508 0.8%
Moderate to mild 0.03809 0.03014 -0.00795 0.498 -0.2%
Severe to moderate -0.13177 0.03809 0.16986 0.542 4.2%

Function Mild to none 0.05509 0.20856 0.15347 0.538 3.8%
Moderate to mild 0.04310 0.05509 0.01199 0.503 0.3%
Severe to moderate -0.30675 0.04310 0.34984 0.587 8.7%

Duration 6 to 12 months 0.03287 0.35157 0.31870 0.579 7.9%
3 to 6 months -0.01916 0.03287 0.05203 0.513 1.3%
1 to 3 months -0.36529 -0.01916 0.34614 0.586 8.6%

Risk of heart 0.5% to 0% -0.11942 0.00000 0.11942 0.530 3.0%
attack 1% to 0.5% -0.23884 -0.11942 0.11942 0.530 3.0%

2% to 1% -0.47769 -0.23884 0.23884 0.559 5.9%

Risk of stomach 1% to 0% -0.25894 0.00000 0.25894 0.564 6.4%
ulcer bleeding 2% to 1% -0.51788 -0.25894 0.25894 0.564 6.4%

4% to 2% -1.03576 -0.51788 0.51788 0.627 12.7%
* Absolute increase in probability of selecting medication B compared to 50%. All other attributes are equal in the two medications.



C.9 Fixed effects model with interactions

Table C.6: Coefficients for fixed effects model with interactions

Main effects: Coefficient LCI UCI*

Pain None 0.30418 0.23652 0.37185
Mild 0.33115 0.26094 0.40135
Moderate -0.05233 -0.12139 0.01674

Stiffness None 0.06028 -0.01300 0.13357
Mild 0.02224 -0.04527 0.08976
Moderate 0.04380 -0.02578 0.11338

Function None 0.22758 0.16086 0.29432
Mild 0.05881 -0.01283 0.13046
Moderate 0.03445 -0.03382 0.10273

Duration 12 months 0.46891 0.37684 0.56097
6 months 0.03454 -0.02996 0.09904
3 months -0.02360 -0.08835 0.04116

Heart attack risk -0.25954 -0.31338 -0.20571

Stomach bleed risk -0.28896 -0.32070 -0.25721

Interactions:

Age * Pain None 0.00539 0.00089 0.00990
Mild 0.00554 0.00062 0.01045

Age * Duration 12 months 0.01051 0.00594 0.01508
Age * Heart attack risk -0.00723 -0.01081 -0.00364
Age * Stomach bleed risk -0.00384 -0.00595 -0.00173

WOMAC * Pain None -0.00568 -0.00840 -0.00296
Mild -0.00326 -0.00610 -0.00043

WOMAC * Function None -0.00438 -0.00683 -0.00194
WOMAC * Duration 12 months -0.00295 -0.00575 -0.00015
WOMAC * Stomach bleed risk 0.00198 0.00088 0.00309

Sex * Duration 12 months -0.16220 -0.27294 -0.05147
Risk loving * Stomach bleed risk 0.09691 0.03219 0.16163

* LCI: Lower Confidence interval, UCI: Upper Confidence interval.
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C.10 Coefficients for models with interactions

between pain and duration (excluding

stiffness)

Table C.7: Mixed effects model removing stiffness attribute
(to show similarity of coefficients)

Coefficient 95% LCI 95% UCI*

Main effects:

Pain None 0.47709 0.35979 0.59439
Mild 0.57590 0.45289 0.69892
Moderate -0.00031 -0.09178 0.09116

Function None 0.50066 0.36838 0.63295
Mild 0.05271 -0.0369 0.14233
Moderate 0.02147 -0.06158 0.10453

Duration 12 months 0.68368 0.53353 0.83384
6 months 0.06332 -0.01456 0.14119
3 months -0.08426 -0.16167 -0.00685

Risk of heart attack -0.44929 -0.56309 -0.33548

Risk of stomach ulcer bleeding -0.45467 -0.53416 -0.37518

* LCI: Lower confidence interval, UCI: Upper confidence interval.
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Table C.8: Interactions between pain (none) and duration

Coefficient 95% LCI 95% UCI*

Main effects:

Pain None 1.26448 0.99488 1.53408
(1 month duration base) Mild 0.38322 0.21449 0.55195

Moderate -0.25965 -0.45696 -0.06235
Severe -1.38805 -1.74034 -1.03575

Function None 0.35695 0.19243 0.52148
Mild -0.15580 -0.33877 0.02716
Moderate 0.26782 0.09752 0.43811
Severe -0.46897 -0.61338 -0.32456

Duration 12 months 0.50876 0.29553 0.72199
6 months 0.57397 0.20741 0.94053
3 months -0.18296 -0.31820 -0.04771
1 month -0.89977 -1.13716 -0.66239

Heart attack risk 0% 0
0.5% -0.26635 -0.34172 -0.19097

1% -0.53269 -0.68344 -0.38195
2% -1.06538 -1.36687 -0.76389

Stomach bleed risk 0% 0
1% -0.52420 -0.66039 -0.38801
2% -1.04841 -1.32079 -0.77603
4% -2.09681 -2.64157 -1.55206

Interactions:

Pain (none) x Duration 3 months -0.26556 -1.03811 0.50699
6 months -2.02240 -2.97695 -1.06785
12 months -0.19951 -0.72231 0.32328

* LCI: Lower confidence interval, UCI: Upper confidence interval.
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Table C.9: Interactions between pain (mild) and duration

Coefficient 95% LCI 95% UCI*

Main effects:

Pain None 0.91240 0.71875 1.10606
(1 month duration base) Mild -0.45048 -0.86914 -0.03182

Moderate 0.10047 -0.02312 0.22407
Severe -0.56240 -0.91904 -0.20575

Function None 0.48331 0.31110 0.65552
Mild 0.09653 -0.08876 0.28182
Moderate 0.25622 0.13398 0.37845
Severe -0.83606 -1.03823 -0.63388

Duration 12 months 0.85297 0.66585 1.04010
6 months -0.37326 -0.54611 -0.20040
3 months 0.11074 0.01092 0.21055
1 month -0.59045 -0.77887 -0.40203

Heart attack risk 0% 0
0.5% -0.23805 -0.30654 -0.16957

1% -0.47611 -0.61308 -0.33913
2% -0.95221 -1.22617 -0.67826

Stomach bleed risk 0% 0
1% -0.43335 -0.52273 -0.34397
2% -0.86670 -1.04547 -0.68793
4% -1.73340 -2.09093 -1.37586

Interactions:

Pain (mild) x Duration 3 months 0.38225 -0.02153 0.78603
6 months 2.29726 1.53366 3.06086
12 months 0.94848 0.29614 1.60081

* LCI: Lower confidence interval, UCI: Upper confidence interval.
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Table C.10: Interactions between pain (moderate) and duration

Coefficient 95% LCI 95% UCI*

Main effects:

Pain None 0.90700 0.58584 1.22816
(1 month duration base) Mild 1.10381 0.67443 1.53320

Moderate 0.29542 -0.01662 0.60745
Severe -2.30623 -3.06727 -1.54518

Function None 0.82894 0.60975 1.04813
Mild -0.39003 -0.62036 -0.15969
Moderate 0.07789 -0.01948 0.17525
Severe -0.51680 -0.71161 -0.32198

Duration 12 months 0.59935 0.42874 0.76996
6 months -0.03282 -0.32619 0.26055
3 months 0.25889 0.02043 0.49735
1 month -0.82542 -1.02217 -0.62867

Heart attack risk 0% 0
0.5% -0.29634 -0.37753 -0.21515

1% -0.59267 -0.75505 -0.43029
2% -1.18535 -1.51011 -0.86059

Stomach bleed risk 0% 0
1% -0.69469 -0.88501 -0.50436
2% -1.38938 -1.77003 -1.00873
4% -2.77875 -3.54005 -2.01745

Interactions:

Pain (moderate) x Duration 3 months -0.13518 -0.44297 0.17260
6 months 0.72525 -0.76897 2.21948
12 months -2.29003 -3.44286 -1.13721

* LCI: Lower confidence interval, UCI: Upper confidence interval.
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D.1 Histograms of age and WOMAC scores

(a) Age (b) WOMAC total at baseline

(c) WOMAC total change at 1 year (d) WOMAC total change at 2 years

(e) WOMAC total change at 3 years (f) WOMAC total change at 4 years

(g) WOMAC total change at 5 years (h) WOMAC total change at 6 years

(i) WOMAC total change at 7 years (j) WOMAC total change at 8 years

(k) WOMAC total change at 9 years

Note: Change scores are the change from baseline to the relevant follow-up time point
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D.2 Follow-up and change scores for WOMAC

subscales

Follow up score Change from baseline
Mean SD n Mean SD n

WOMAC pain
Baseline 5.17 3.73 1390
1 year 4.31 3.68 1267 -0.70 3.19 1267
2 years 4.19 3.70 1204 -0.81 3.48 1204
3 years 4.12 3.73 1174 -0.86 3.65 1174
4 years 3.99 3.74 1175 -1.02 3.77 1175
5 years 4.12 3.78 1094 -0.85 3.92 1094
6 years 4.05 3.79 1053 -0.94 3.87 1053
7 years 4.12 3.92 1046 -0.86 4.18 1046
8 years 3.76 3.68 1074 -1.25 4.06 1074
9 years 3.90 3.67 900 -1.05 4.02 900

WOMAC function
Baseline 16.90 12.55 1379
1 year 14.39 12.25 1259 -1.94 10.12 1250
2 years 13.79 12.28 1188 -2.54 10.59 1179
3 years 13.65 12.33 1156 -2.40 11.56 1151
4 years 13.12 12.38 1163 -3.05 11.72 1157
5 years 13.87 12.37 1081 -2.19 12.50 1076
6 years 13.54 12.59 1036 -2.60 12.14 1032
7 years 14.33 12.93 1027 -1.74 13.22 1022
8 years 12.73 12.10 982 -3.39 12.54 977
9 years 13.74 12.42 882 -2.34 12.91 878

WOMAC stiffness
Baseline 2.78 1.67 1389
1 year 2.38 1.68 1267 -0.33 1.63 1266
2 years 2.29 1.73 1204 -0.43 1.75 1203
3 years 2.25 1.69 1172 -0.45 1.76 1171
4 years 2.17 1.70 1176 -0.52 1.81 1175
5 years 2.14 1.66 1094 -0.53 1.86 1093
6 years 2.10 1.67 1053 -0.58 1.84 1052
7 years 2.11 1.66 1048 -0.58 1.89 1047
8 years 2.14 1.74 998 -0.55 1.95 997
9 years 2.11 1.69 900 -0.58 1.94 899

WOMAC pain subscale ranges from 0-20, function 0-68 and stiffness 0-8.
Higher scores indicate worse symptoms for all subscales.
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D.3 Subgroup analysis: ANCOVA and ROC curve method

Table D.1: Subgroup analysis of MCID estimates for improvement in the WOMAC total score using the ANCOVA method
based on change from baseline

ANCOVA method ANCOVA method ANCOVA method
β 95% CI n β 95% CI n β 95% CI n

Age: 45-56 Age: 57-66 Age: 67-79

1 year 3.78 (1.04, 6.53) 186 0.65 (-2.22, 3.53) 197 1.49 (-1.57, 4.56) 179
2 years -0.52 (-3.64, 2.59) 182 1.24 (-2.11, 4.59) 165 3.43 (-0.52, 7.37) 146
3 years 4.43 (1.30, 7.56) 170 -0.72 (-4.61, 3.17) 152 3.52 (-0.54, 7.58) 162
4 years 2.85 (-0.15, 5.86) 171 5.12 (1.20, 9.05) 149 3.99 (-0.37, 8.34) 131
5 years 6.28 (2.44, 10.12) 144 -0.76 (-4.74, 3.22) 154 3.17 (-1.66, 7.99) 122
6 years -1.95 (-5.58, 1.68) 155 3.44 (-0.31, 7.19) 151 0.86 (-3.67, 5.40) 113
7 years 4.05 (-0.23, 8.34) 137 8.45 (3.64, 13.26) 151 -2.90 (-7.65, 1.84) 115
8 years -2.26 (-6.16, 1.65) 140 -0.23 (-4.55, 4.09) 121 3.42 (-1.86, 8.69) 104
9 years 1.42 (-2.68, 5.51) 131 0.96 (-3.26, 5.17) 127 4.20 (-1.09, 9.48) 87

WOMAC: 0-12 WOMAC: 13-36 WOMAC: 37-96

1 year -1.25 (-3.06, 0.56) 207 4.16 (1.43, 6.90) 253 2.27 (-2.44, 6.97) 102
2 years 0.71 (-1.55, 2.98) 186 1.29 (-1.85, 4.42) 234 2.05 (-4.34, 8.45) 73
3 years 0.85 (-2.02, 3.73) 166 0.97 (-1.89, 3.83) 245 12.63 (4.80, 20.46) 73
4 years 1.27 (-0.49, 3.04) 177 4.85 (1.68, 8.03) 197 8.48 (0.22, 16.74) 77
5 years -0.05 (-3.07, 2.97) 161 5.66 (2.10, 9.23) 193 -0.05 (-8.54, 8.44) 66
6 years -1.12 (-3.80, 1.56) 163 2.06 (-1.61, 5.72) 195 0.48 (-7.13, 8.09) 61
7 years 0.22 (-2.69, 3.14) 157 4.59 (0.72, 8.46) 184 8.61 (-1.95, 19.18) 62
8 years -3.58 (-6.67, -0.50) 146 2.13 (-1.63, 5.89) 169 3.92 (-6.22, 14.05) 50



Table D.1: Subgroup analysis of MCID estimates for improvement in the WOMAC total score using the ANCOVA method
based on change from baseline

ANCOVA method ANCOVA method ANCOVA method
β 95% CI n β 95% CI n β 95% CI n

9 years 2.78 (-0.31, 5.87) 151 0.01 (-4.00, 4.02) 138 2.24 (-7.33, 11.80) 56

Male Female

1 year 1.89 (-0.43, 4.20) 245 2.05 (-0.28, 4.39) 317
2 years 1.77 (-1.04, 4.57) 224 0.47 (-2.30, 3.23) 269
3 years 3.38 (0.35, 6.41) 207 2.16 (-0.81, 5.13) 277
4 years 3.93 (1.13, 6.74) 199 4.02 (0.90, 7.14) 252
5 years 1.00 (-2.39, 4.38) 183 3.69 (0.29, 7.10) 237
6 years 0.81 (-2.31, 3.93) 191 0.64 (-2.65, 3.93) 228
7 years 5.28 (2.04, 8.52) 193 1.49 (-2.79, 5.76) 210
8 years 3.13 (-0.09, 6.35) 177 -3.27 (-7.12, 0.58) 188
9 years 0.79 (-2.80, 4.38) 158 2.72 (-0.95, 6.39) 187



Table D.2: Subgroup analysis of MCID estimates for improvement in the WOMAC total score using the ROC curve method
based on change from baseline

ROC curve ROC curve ROC curve

β 95% CI n β 95% CI n β 95% CI n

Age: 45-56 Age: 57-66 Age: 67-79

1 year 3.00 (-0.88, 6.88) 186 7.00 (2.13, 11.87) 197 3.70 (1.42, 5.98) 179
2 years 1.80 (-1.58, 5.18) 182 3.00 (1.03, 4.97) 165 3.15 (-1.91, 8.21) 146
3 years 2.40 (-0.19, 4.99) 170 6.00 (0.16, 11.84) 152 7.10 (2.45, 11.75) 162
4 years 2.50 (-1.81, 6.81) 171 5.90 (3.78, 8.02) 149 6.15 (3.12, 9.18) 131
5 years 2.10 (-2.31, 6.51) 144 5.00 (1.45, 8.55) 154 3.20 (-1.71, 8.11) 122
6 years 3.50 (-0.67, 7.67) 155 10.00 (4.77, 15.23) 151 7.20 (1.15, 13.25) 113
7 years 1.90 (-1.31, 5.11) 137 5.20 (2.65, 7.75) 151 4.20 (-0.52, 8.92) 115
8 years 3.00 (-0.57, 6.57) 140 4.10 (-0.38, 8.58) 121 6.00 (2.03, 9.97) 104
9 years 1.50 (-2.41, 5.41) 131 4.50 (-0.07, 9.07) 127 4.60 (-1.05, 10.25) 87

WOMAC: 0-12 WOMAC: 13-36 WOMAC: 37-96

1 year 0.00 (-3.12, 3.12) 207 2.10 (-2.87, 7.07) 253 14.70 (7.50, 21.90) 102
2 years 2.50 (0.94, 4.06) 186 3.55 (-0.94, 8.04) 234 3.40 (-7.08, 13.88) 73
3 years 2.50 (0.18, 4.82) 166 7.10 (1.04, 13.16) 245 16.70 (8.26, 25.14) 73
4 years 3.50 (2.07, 4.93) 177 8.60 (4.56, 12.64) 197 7.70 (-1.94, 17.34) 77
5 years 3.20 (0.32, 6.08) 161 -1.00 (-6.76, 4.76) 193 14.95 (5.10, 24.81) 66
6 years 1.00 (-1.11, 3.11) 163 11.50 (2.94, 20.06) 195 12.40 (2.13, 22.67) 61
7 years 1.00 (-1.44, 3.44) 157 3.20 (-0.46, 6.86) 184 24.00 (11.18, 36.82) 62
8 years 2.50 (0.16, 4.84) 146 5.55 (-0.82, 11.92) 169 33.00 (12.70, 53.30) 50
9 years 2.50 (0.03, 4.97) 151 6.30 (-0.46, 13.06) 138 10.50 (-0.08, 21.08) 56



Table D.2: Subgroup analysis of MCID estimates for improvement in the WOMAC total score using the ROC curve method
based on change from baseline

ROC curve ROC curve ROC curve

β 95% CI n β 95% CI n β 95% CI n

Male Female

1 year 3.70 (0.11, 7.29) 245 3.10 (-0.10, 6.30) 317
2 years 3.25 (1.82, 4.68) 224 4.00 (1.11, 6.89) 269
3 years 5.50 (2.99, 8.01) 207 8.00 (3.68, 12.32) 277
4 years 4.20 (1.42, 6.98) 199 8.30 (4.31, 12.29) 252
5 years 3.70 (1.21, 6.19) 183 5.30 (2.70, 7.90) 237
6 years 3.50 (-3.95, 10.95) 191 7.30 (2.99, 11.61) 228
7 years 1.10 (-2.39, 4.59) 193 3.10 (-1.82, 8.03) 210
8 years 5.55 (2.68, 8.42) 177 2.50 (-1.15, 6.15) 188
9 years 4.60 (0.39, 8.81) 158 4.50 (1.52, 7.48) 187



D.4 Stata code for longitudinal methods

D.4.1 Code for longitudinal definition of minimal
improvement

gen auc_kglrs=.

gen tmax_kglrs=.

gen tomc_kglrs=.

levelsof id, local(levels)

foreach l of local levels {

display "‘l’"

sum obsn if id==‘l’

global fit = npreskglrs[‘=r(min)’]

sum obsn if id==‘l’

global zeron = nzermiskglrs[‘=r(min)’]

display "$fit"

if $fit > 2 & $zeron < 9 {

display "pkexamine year kglrsy if id==‘l’, fit($fit) trapezoid"

pkexamine year kglrsy if id==‘l’, fit($fit) trapezoid

replace auc_kglrs = r(auc) if id==‘l’

replace tmax_kglrs = r(tmax) if id==‘l’

replace tomc_kglrs = r(tomc) if id==‘l’

}

}

gen auc_kglrs_change = auc_kglrs - (tmax_kglrs*v00kglrs)

gen auc_kglrs_chperyr = auc_kglrs_change/tmax_kglrs

gen long_minimproved = -1 if auc_kglrs_chperyr<=-0.8 & ///

auc_kglrs_chperyr>=-1.2

replace long_minimproved = 0 if auc_kglrs_chperyr<=0.2 & ///

auc_kglrs_chperyr>=-0.2

Note: Where possible, AUC values were calculated manually for participants with 0
or 1 observed non-zero values for the change in the anchor measure.



D.4.2 Code for adapted raw mean difference method

foreach x in v01 v03 v05 v06 v07 v08 v09 v10 v11 {

regress ‘x’womtsc_ch_bsl long_minimproved

}

Note: The median values for the MCID estimates at different follow-up time points
was calculated manually.

D.4.3 Code for area-under-the-curve method

regress auc_wmc_chperyr long_minimproved

Note: The AUC for the WOMAC score was calculated as for the anchor measure in
the longitudinal definition of minimal improvement.

D.4.4 Code for mixed effects regression method

xtmixed womtsc_ch_y long_minimproved || id:, covariance(identity) ///

mle vce(robust)

D.4.5 Code for generalised estimating equation method

xtset id year

xtgee womtsc_ch_y long_minimproved v00womtsc, family(gaussian) ///

link(identity) corr(exchangeable)
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E.1 Example of Stata code to generate datasets

clear

set more off

local nreps = 1600

local runfile = 1

local i = 1

local s = 1

* Linear improvement

matrix pattern1 = ( 0.5, 1, ., ., . \ ///

0.25, 0.5, 1, ., . \ ///

1/6, 1/3, 2/3, 1, . \ ///

0.125, 0.25, 0.5, 0.75, 1)

* Short term improvement then plateau

matrix pattern2 = (1, 1, ., ., . \ ///

0.5, 1, 1, ., . \ ///

0.5, 1, 1, 1, . \ ///

0.5, 1, 1, 1, 1)

* Short term temporary improvement

matrix pattern3 = ( 1, 0, ., ., . \ ///

1, 1, 0, ., . \ ///

1, 1, 0, 0, . \ ///

1, 1, 0, 0, 0)

tempname sim_‘runfile’

postfile ‘sim_‘runfile’’ ///

int(i) float(seed) int(t p b n r) ///

float(trteffect_time1 trteffect_time2 trteffect_time3 ///

trteffect_time4 trteffect_time5) ///

str100(dataset) ///

str2000(rngstate_start1 rngstate_start2 rngstate_start3) ///

str2000(rngstate_end1 rngstate_end2 rngstate_end3) ///

scenario ///

using "Sim_datasets_15Mar2019_run‘runfile’.dta", replace

forvalues time = 1/4 {



local followups = ‘time’+1

local assessments = ‘time’+2

local wom_terms_t‘time’ wom_0

forvalues t = 1/‘followups’ {

local wom_terms_t‘time’ ‘wom_terms_t‘time’’ wom_‘t’

}

* Note: Time is row in pattern matrix.

* Follow ups (time+1) is number of follow up time points.

* Assessments (time+2) is number of time points

* including baseline.

forvalues p = 1/3 {

foreach b in 0 4 8 12 {

foreach n in 100 200 400 600 800 {

clear

set seed ‘seed’

matrix M = (40, J(1,‘followups’,40))

matrix S = (15, J(1,‘followups’,12))

matrix i1 = 0.5*I(‘assessments’)

matrix i2 = J(‘assessments’,‘assessments’,0.5)

matrix C = i1 + i2

forvalues r = 1/1600 {

clear

set obs ‘n’

local rngstate_start1 = substr(c(rngstate),1,2000)

local rngstate_start2 = substr(c(rngstate),2001,4000)

local rngstate_start3 = substr(c(rngstate),4001,.)

gen rndstate = c(rngstate)

drawnorm ‘wom_terms_t‘time’’, means(M) sds(S) corr(C)

* Generate variable for treatment arm

gen treat = runiform()<0.50

* Generate random intercept by participant



gen withinperson_var = rnormal(0, 15)

gen wom_bsl = wom_0 + withinperson_var

* Generate treatment effects

forvalues t = 1/‘followups’ {

gen trteffect‘t’ = treat*‘b’*pattern‘p’[‘time’,‘t’]

local trteff‘t’ ‘b’*pattern‘p’[‘time’,‘t’]

gen wom_fu_‘t’ = wom_‘t’ - trteffect‘t’ + withinperson_var

gen wom_ch_‘t’ = wom_fu_‘t’ - wom_bsl

}

* Differentiate whether from original dataset or resampled

gen append = "original"

* Count and drop if one or more WOMAC scores are

* outside 0-96 range

gen resample = 0

replace resample = 1 if wom_bsl<0 | wom_bsl>96

forvalues t = 1/‘followups’ {

replace resample = 1 if wom_fu_‘t’<0 | wom_fu_‘t’>96

}

count if resample==1

local numoutsiderange = ‘r(N)’

display ‘numoutsiderange’

drop if resample==1

save "sim_time‘time’_pat‘p’_trt‘b’_n‘n’_rep‘r’_id‘i’_

07Mar2019_BC_shortened.dta", replace

* Re-sample if one or more WOMAC scores are outside

* 0-96 range until all scores are within the

* correct range

local repeat = 1

while ‘numoutsiderange’ > 0 {

clear

set obs ‘numoutsiderange’



gen rndstate = c(rngstate)

drawnorm ‘wom_terms_t‘time’’, means(M) sds(S) corr(C)

* Generate variable for treatment arm

gen treat = runiform()<0.50

* Generate random intercept by participant

gen withinperson_var = rnormal(0, 15)

gen wom_bsl = wom_0 + withinperson_var

forvalues t = 1/‘followups’ {

gen trteffect‘t’ = treat*‘b’*pattern‘p’[‘time’,‘t’]

local trteff‘t’ ‘b’*pattern‘p’[‘time’,‘t’]

gen wom_fu_‘t’ = wom_‘t’ - trteffect‘t’ + withinperson_var

gen wom_ch_‘t’ = wom_fu_‘t’ - wom_bsl

}

gen resample = 0

replace resample = 1 if wom_bsl<0 | wom_bsl>96

forvalues t = 1/‘followups’ {

replace resample = 1 if wom_fu_‘t’<0 | wom_fu_‘t’>96

}

count if resample==1

local numoutsiderange = ‘r(N)’

display "Number outside range is: " ‘numoutsiderange’

drop if resample==1

gen append = "append_‘repeat’"

save "sim_time‘time’_pat‘p’_trt‘b’_n‘n’_rep‘r’_id‘i’_

07Mar2019_BC_toappend‘repeat’.dta", replace

use "sim_time‘time’_pat‘p’_trt‘b’_n‘n’_rep‘r’_id‘i’_

07Mar2019_BC_shortened.dta", clear

append using "sim_time‘time’_pat‘p’_trt‘b’_n‘n’_rep‘r’_

id‘i’_07Mar2019_BC_toappend‘repeat’.dta"

save "sim_time‘time’_pat‘p’_trt‘b’_n‘n’_rep‘r’_id‘i’_

07Mar2019_BC_shortened.dta", replace

erase "sim_time‘time’_pat‘p’_trt‘b’_n‘n’_rep‘r’_id‘i’_

07Mar2019_BC_toappend‘repeat’.dta"



local repeat = ‘repeat’+1

}

local rngstate_end = c(rngstate)

local rngstate_end1 = substr(c(rngstate),1,2000)

local rngstate_end2 = substr(c(rngstate),2001,4000)

local rngstate_end3 = substr(c(rngstate),4001,.)

* Save final dataset and check whether all WOMAC scores

* are within range 0-96

gen pattern = ‘p’

gen time = ‘time’

gen assessments = ‘assessments’

gen maxtrteffect = ‘b’

gen samplesize = ‘n’

gen scenario_id = ‘s’

gen dataset_id = ‘i’

* Round WOMAC values to get integer

forvalues t = 1/‘followups’ {

gen wom_fu_notround_‘t’ = wom_fu_‘t’

gen wom_ch_notround_‘t’ = wom_ch_‘t’

replace wom_fu_‘t’ = round(wom_fu_‘t’)

replace wom_ch_‘t’ = round(wom_ch_‘t’)

}

gen wom_bsl_notround = wom_bsl

replace wom_bsl = round(wom_bsl)

save "sim_final_time‘time’_pat‘p’_trt‘b’_n‘n’_rep‘r’_

07Mar2019_BC.dta", replace

forvalues k = 1/5 {

local trteff‘k’ = pattern‘p’[‘time’,‘k’]*‘b’

}

post ‘sim_‘runfile’’ (‘i’) (‘seed’) (‘followups’) ///

(‘p’) (‘b’) (‘n’) (‘r’) ///



(‘trteff1’) (‘trteff2’) (‘trteff3’) ///

(‘trteff4’) (‘trteff5’) ///

("sim_time‘time’_pat‘p’_trt‘b’_n‘n’_rep‘r’_id‘i’_

07Mar2019_BC.dta") ///

("‘rngstate_start1’") ("‘rngstate_start2’") ///

("‘rngstate_start3’") ("‘rngstate_end1’") ///

("‘rngstate_end2’") ("‘rngstate_end3’") (‘s’)

local i = ‘i’+1

}

local s = ‘s’+1

}

}

}

}

postclose ‘sim_‘runfile’’



E.2 Example of Stata code to analyse datasets

Single time point ANCOVA code:

forvalues t = 1/4 {

forvalues p = 1/3 {

foreach b in 0 4 8 12 {

foreach n in 100 200 400 600 800 {

forvalues r = 1/1600 {

use "sim_final_time‘t’_pat‘p’_trt‘b’_n‘n’_rep‘r’_

07Mar2019_BC.dta", clear

gen pat_id = _n

local folups = ‘t’+1

forvalues tpoint = 1/‘folups’ {

regress wom_fu_‘tpoint’ i.treat wom_bsl

}

}

}

}

}

}



GEE code:

use "sim_final_time‘t’_pat‘p’_trt‘b’_n‘n’_rep‘r’_

07Mar2019_BC.dta", clear

gen pat_id = _n

reshape long wom_fu_ wom_ch_ wom_ trteffect, ///

i(pat_id) j(timepoint)

xtset pat_id timepoint

xtgee wom_fu_ i.treat wom_bsl, family(gaussian) ///

link(identity) corr(exchangeable)

Mixed effects code:

use "sim_final_time‘t’_pat‘p’_trt‘b’_n‘n’_rep‘r’_

07Mar2019_BC.dta", clear

gen pat_id = _n

reshape long wom_fu_ wom_ch_ wom_ trteffect, ///

i(pat_id) j(timepoint)

xtmixed wom_fu_ i.treat i.timepoint wom_bsl || ///

pat_id: timepoint, residuals(exchangeable) mle ///

stddeviations iter(100)



E.3 Example of Stata code and underlying

formulas to calculate performance measures

forvalues t = 1/4 {

forvalues p = 1/3 {

foreach b in 0 4 8 12 {

foreach n in 100 200 400 600 800 {

foreach level in 80 90 95 97.5 99 {

summarize true if t==‘t’ & p==‘p’ & b==‘b’ & n==‘n’

local truevalue = r(mean)

simsum coeff_neg if t==‘t’ & p==‘p’ & b==‘b’ & n==‘n’, ///

se(se_coeff) true(‘truevalue’) level(‘level’) ///

mcse transpose ///

saving("Simsum_output_GEE_t‘t’_p‘p’_b‘b’_n‘n’_

level‘level’_29Apr2019_BC.dta")

}

}

}

}

}

Note: Variable ‘true’ was imported from an Excel file containing the true values for
each scenario



E.4 Power for 80% and 90% confidence intervals

Table E.1: Power (for 80% confidence interval): Pattern 1

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA Power 62.7 97.1 99.9 63.9 96.8 100.0 61.9 97.1 100.0 62.7 97.2 99.9
(primary) MCSE (1.21) (0.42) (0.09) (1.20) (0.44) (0.00) (1.21) (0.42) (0.00) (1.21) (0.41) (0.06)
GEE Power 53.8 92.8 99.7 46.1 81.7 97.7 43.2 78.9 96.8 41.8 79.3 96.6

MCSE (1.25) (0.65) (0.14) (1.25) (0.97) (0.38) (1.24) (1.02) (0.44) (1.23) (1.01) (0.45)
Mixed Power 51.9 91.7 99.7 45.5 79.2 96.8 41.4 75.4 93.5 39.9 74.8 90.4
effects MCSE (1.32) (0.72) (0.16) (1.41) (1.16) (0.50) (1.52) (1.32) (0.77) (1.58) (1.40) (0.97)

200 ANCOVA Power 82.9 99.9 100.0 84.8 100.0 100.0 82.4 99.9 100.0 83.2 100.0 100.0
(primary) MCSE (0.94) (0.06) (0.00) (0.90) (0.00) (0.00) (0.95) (0.06) (0.00) (0.94) (0.00) (0.00)
GEE Power 74.6 99.5 100.0 61.1 96.9 99.9 60.3 95.9 100.0 59.8 94.8 99.8

MCSE (1.09) (0.18) (0.00) (1.22) (0.43) (0.09) (1.22) (0.49) (0.00) (1.23) (0.55) (0.11)
Mixed Power 73.7 99.3 100.0 60.8 95.9 99.8 58.6 95.4 100.0 58.9 92.4 99.6
effects MCSE (1.22) (0.23) (0.00) (1.47) (0.59) (0.13) (1.58) (0.68) (0.00) (1.66) (0.91) (0.22)

400 ANCOVA Power 97.3 100.0 100.0 97.6 100.0 100.0 97.6 100.0 100.0 97.4 100.0 100.0
(primary) MCSE (0.41) (0.00) (0.00) (0.38) (0.00) (0.00) (0.39) (0.00) (0.00) (0.40) (0.00) (0.00)
GEE Power 91.9 100.0 100.0 82.5 99.9 100.0 81.1 99.8 100.0 80.5 99.7 100.0

MCSE (0.68) (0.00) (0.00) (0.95) (0.06) (0.00) (0.98) (0.13) (0.00) (0.99) (0.14) (0.00)
Mixed Power 91.3 100.0 100.0 82.6 99.8 100.0 79.8 99.7 100.0 78.5 99.4 100.0
effects MCSE (0.83) (0.00) (0.00) (1.20) (0.14) (0.00) (1.34) (0.20) (0.00) (1.47) (0.28) (0.00)



Table E.1: Power (for 80% confidence interval): Pattern 1

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

600 ANCOVA Power 99.1 100.0 100.0 99.9 100.0 100.0 99.6 100.0 100.0 99.7 100.0 100.0
(primary) MCSE (0.23) (0.00) (0.00) (0.09) (0.00) (0.00) (0.15) (0.00) (0.00) (0.14) (0.00) (0.00)
GEE Power 97.9 100.0 100.0 93.6 100.0 100.0 91.5 100.0 100.0 90.1 100.0 100.0

MCSE (0.35) (0.00) (0.00) (0.61) (0.00) (0.00) (0.70) (0.00) (0.00) (0.75) (0.00) (0.00)
Mixed Power 98.3 100.0 100.0 93.2 100.0 100.0 90.4 100.0 100.0 89.0 100.0 100.0
effects MCSE (0.40) (0.00) (0.00) (0.87) (0.00) (0.00) (1.04) (0.00) (0.00) (1.19) (0.00) (0.00)

800 ANCOVA Power 100.0 100.0 100.0 99.9 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
(primary) MCSE (0.00) (0.00) (0.00) (0.06) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
GEE Power 99.8 100.0 100.0 97.3 100.0 100.0 95.2 100.0 100.0 95.8 100.0 100.0

MCSE (0.13) (0.00) (0.00) (0.41) (0.00) (0.00) (0.54) (0.00) (0.00) (0.50) (0.00) (0.00)
Mixed Power 99.7 100.0 100.0 97.3 100.0 100.0 94.9 100.0 100.0 95.3 100.0 100.0
effects MCSE (0.18) (0.00) (0.00) (0.60) (0.00) (0.00) (0.84) (0.00) (0.00) (0.87) (0.00) (0.00)



Table E.2: Power (for 90% confidence interval): Pattern 1

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA Power 47.8 93.8 99.8 49.2 92.9 99.9 48.0 93.9 99.9 49.9 94.4 99.9
(primary) MCSE (1.25) (0.60) (0.13) (1.25) (0.64) (0.06) (1.25) (0.60) (0.09) (1.25) (0.57) (0.06)
GEE Power 39.1 86.2 98.8 31.9 71.7 95.1 29.2 68.1 93.1 30.5 68.3 92.7

MCSE (1.22) (0.86) (0.27) (1.17) (1.13) (0.54) (1.14) (1.17) (0.64) (1.15) (1.16) (0.65)
Mixed Power 38.0 84.8 98.4 30.3 68.9 92.2 28.2 64.0 87.8 28.5 63.2 84.7
effects MCSE (1.29) (0.94) (0.33) (1.30) (1.32) (0.77) (1.39) (1.47) (1.02) (1.45) (1.55) (1.19)

200 ANCOVA Power 73.7 99.6 100.0 73.5 99.9 100.0 72.3 99.9 100.0 73.3 100.0 100.0
(primary) MCSE (1.10) (0.15) (0.00) (1.10) (0.06) (0.00) (1.12) (0.09) (0.00) (1.11) (0.00) (0.00)
GEE Power 61.1 98.8 99.9 47.9 92.9 99.8 44.8 91.0 99.9 47.3 89.6 99.6

MCSE (1.22) (0.28) (0.06) (1.25) (0.64) (0.13) (1.24) (0.71) (0.06) (1.25) (0.76) (0.17)
Mixed Power 61.1 98.5 99.9 47.9 91.2 99.6 42.6 89.6 99.6 45.5 86.1 98.4
effects MCSE (1.35) (0.34) (0.08) (1.50) (0.84) (0.20) (1.58) (0.99) (0.22) (1.68) (1.18) (0.45)

400 ANCOVA Power 93.4 100.0 100.0 94.3 100.0 100.0 94.6 100.0 100.0 94.6 100.0 100.0
(primary) MCSE (0.62) (0.00) (0.00) (0.58) (0.00) (0.00) (0.56) (0.00) (0.00) (0.57) (0.00) (0.00)
GEE Power 85.6 99.9 100.0 72.9 99.8 100.0 70.4 99.4 100.0 67.6 99.1 100.0

MCSE (0.88) (0.06) (0.00) (1.11) (0.13) (0.00) (1.14) (0.20) (0.00) (1.17) (0.24) (0.00)
Mixed Power 84.7 99.9 100.0 72.4 99.4 100.0 68.8 99.0 100.0 66.2 99.0 100.0
effects MCSE (1.06) (0.09) (0.00) (1.42) (0.24) (0.00) (1.55) (0.34) (0.00) (1.70) (0.37) (0.00)



Table E.2: Power (for 90% confidence interval): Pattern 1

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

600 ANCOVA Power 98.2 100.0 100.0 99.1 100.0 100.0 99.0 100.0 100.0 99.1 100.0 100.0
(primary) MCSE (0.33) (0.00) (0.00) (0.24) (0.00) (0.00) (0.25) (0.00) (0.00) (0.24) (0.00) (0.00)
GEE Power 95.2 100.0 100.0 86.1 100.0 100.0 84.2 100.0 100.0 81.9 100.0 100.0

MCSE (0.54) (0.00) (0.00) (0.87) (0.00) (0.00) (0.91) (0.00) (0.00) (0.96) (0.00) (0.00)
Mixed Power 95.3 100.0 100.0 85.0 100.0 100.0 82.7 100.0 100.0 80.4 99.8 100.0
effects MCSE (0.65) (0.00) (0.00) (1.23) (0.00) (0.00) (1.34) (0.00) (0.00) (1.52) (0.16) (0.00)

800 ANCOVA Power 99.7 100.0 100.0 99.9 100.0 100.0 99.7 100.0 100.0 99.7 100.0 100.0
(primary) MCSE (0.14) (0.00) (0.00) (0.06) (0.00) (0.00) (0.14) (0.00) (0.00) (0.14) (0.00) (0.00)
GEE Power 98.7 100.0 100.0 94.3 100.0 100.0 91.3 100.0 100.0 90.9 100.0 100.0

MCSE (0.28) (0.00) (0.00) (0.58) (0.00) (0.00) (0.71) (0.00) (0.00) (0.72) (0.00) (0.00)
Mixed Power 98.8 100.0 100.0 94.2 100.0 100.0 91.2 100.0 100.0 90.7 100.0 100.0
effects MCSE (0.35) (0.00) (0.00) (0.86) (0.00) (0.00) (1.08) (0.00) (0.00) (1.19) (0.00) (0.00)



Table E.3: Power (for 80% confidence interval): Pattern 2

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA Power 62.9 95.9 99.9 60.9 96.9 99.9 61.6 96.9 100.0 61.4 96.1 100.0
(primary) MCSE (1.21) (0.49) (0.09) (1.22) (0.43) (0.06) (1.22) (0.43) (0.00) (1.22) (0.49) (0.00)
GEE Power 71.8 99.0 100.0 61.7 97.4 99.9 66.6 98.8 100.0 71.1 98.9 100.0

MCSE (1.13) (0.25) (0.00) (1.22) (0.40) (0.06) (1.18) (0.28) (0.00) (1.13) (0.26) (0.00)
Mixed Power 71.9 99.0 100.0 61.0 96.8 99.9 64.7 98.5 100.0 71.9 99.0 100.0
effects MCSE (1.19) (0.26) (0.00) (1.39) (0.51) (0.08) (1.49) (0.37) (0.00) (1.45) (0.32) (0.00)

200 ANCOVA Power 82.0 99.9 100.0 84.3 99.9 100.0 84.0 100.0 100.0 82.2 99.8 100.0
(primary) MCSE (0.96) (0.09) (0.00) (0.91) (0.06) (0.00) (0.92) (0.00) (0.00) (0.96) (0.13) (0.00)
GEE Power 89.0 100.0 100.0 84.7 100.0 100.0 88.9 100.0 100.0 90.7 99.9 100.0

MCSE (0.78) (0.00) (0.00) (0.90) (0.00) (0.00) (0.79) (0.00) (0.00) (0.73) (0.06) (0.00)
Mixed Power 88.4 100.0 100.0 84.0 100.0 100.0 88.0 100.0 100.0 90.4 100.0 100.0
effects MCSE (0.88) (0.00) (0.00) (1.08) (0.00) (0.00) (1.03) (0.00) (0.00) (0.98) (0.00) (0.00)

400 ANCOVA Power 97.5 100.0 100.0 96.1 100.0 100.0 96.8 100.0 100.0 95.6 100.0 100.0
(primary) MCSE (0.39) (0.00) (0.00) (0.49) (0.00) (0.00) (0.44) (0.00) (0.00) (0.52) (0.00) (0.00)
GEE Power 99.6 100.0 100.0 96.6 100.0 100.0 98.5 100.0 100.0 98.9 100.0 100.0

MCSE (0.17) (0.00) (0.00) (0.45) (0.00) (0.00) (0.30) (0.00) (0.00) (0.26) (0.00) (0.00)
Mixed Power 99.8 100.0 100.0 96.6 100.0 100.0 98.6 100.0 100.0 98.9 100.0 100.0
effects MCSE (0.12) (0.00) (0.00) (0.58) (0.00) (0.00) (0.40) (0.00) (0.00) (0.36) (0.00) (0.00)



Table E.3: Power (for 80% confidence interval): Pattern 2

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

600 ANCOVA Power 99.8 100.0 100.0 99.7 100.0 100.0 99.6 100.0 100.0 99.6 100.0 100.0
(primary) MCSE (0.11) (0.00) (0.00) (0.14) (0.00) (0.00) (0.17) (0.00) (0.00) (0.15) (0.00) (0.00)
GEE Power 99.9 100.0 100.0 99.9 100.0 100.0 99.7 100.0 100.0 99.9 100.0 100.0

MCSE (0.06) (0.00) (0.00) (0.09) (0.00) (0.00) (0.14) (0.00) (0.00) (0.06) (0.00) (0.00)
Mixed Power 99.9 100.0 100.0 100.0 100.0 100.0 99.5 100.0 100.0 100.0 100.0 100.0
effects MCSE (0.10) (0.00) (0.00) (0.00) (0.00) (0.00) (0.27) (0.00) (0.00) (0.00) (0.00) (0.00)

800 ANCOVA Power 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 99.8 100.0 100.0
(primary) MCSE (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.11) (0.00) (0.00)
GEE Power 100.0 100.0 100.0 99.9 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0

MCSE (0.00) (0.00) (0.00) (0.06) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Mixed Power 100.0 100.0 100.0 99.9 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
effects MCSE (0.00) (0.00) (0.00) (0.13) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)



Table E.4: Power (for 90% confidence interval): Pattern 2

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA Power 47.5 93.1 99.8 46.9 93.6 99.8 47.1 93.1 100.0 46.5 91.7 100.0
(primary) MCSE (1.25) (0.63) (0.13) (1.25) (0.61) (0.13) (1.25) (0.63) (0.00) (1.25) (0.69) (0.00)
GEE Power 57.3 97.4 100.0 48.8 94.3 99.8 53.9 96.6 100.0 57.9 97.1 100.0

MCSE (1.24) (0.40) (0.00) (1.25) (0.58) (0.13) (1.25) (0.45) (0.00) (1.23) (0.42) (0.00)
Mixed Power 57.9 97.5 100.0 47.7 93.2 99.7 52.5 96.5 100.0 58.9 96.9 100.0
effects MCSE (1.30) (0.41) (0.00) (1.42) (0.72) (0.17) (1.55) (0.57) (0.00) (1.59) (0.55) (0.00)

200 ANCOVA Power 72.8 99.6 100.0 73.3 99.8 100.0 73.4 99.9 100.0 71.3 99.5 100.0
(primary) MCSE (1.11) (0.15) (0.00) (1.11) (0.13) (0.00) (1.10) (0.06) (0.00) (1.13) (0.18) (0.00)
GEE Power 81.8 99.9 100.0 74.3 99.8 100.0 80.1 99.9 100.0 83.9 99.9 100.0

MCSE (0.96) (0.06) (0.00) (1.09) (0.13) (0.00) (1.00) (0.06) (0.00) (0.92) (0.06) (0.00)
Mixed Power 80.9 99.9 100.0 73.5 99.7 100.0 78.7 99.9 100.0 84.7 100.0 100.0
effects MCSE (1.08) (0.08) (0.00) (1.30) (0.18) (0.00) (1.30) (0.10) (0.00) (1.20) (0.00) (0.00)

400 ANCOVA Power 94.4 100.0 100.0 91.9 100.0 100.0 93.0 100.0 100.0 92.1 100.0 100.0
(primary) MCSE (0.58) (0.00) (0.00) (0.68) (0.00) (0.00) (0.64) (0.00) (0.00) (0.67) (0.00) (0.00)
GEE Power 98.3 100.0 100.0 92.9 100.0 100.0 96.6 100.0 100.0 97.1 100.0 100.0

MCSE (0.33) (0.00) (0.00) (0.64) (0.00) (0.00) (0.46) (0.00) (0.00) (0.42) (0.00) (0.00)
Mixed Power 98.2 100.0 100.0 92.3 100.0 100.0 96.4 100.0 100.0 96.5 100.0 100.0
effects MCSE (0.39) (0.00) (0.00) (0.85) (0.00) (0.00) (0.63) (0.00) (0.00) (0.64) (0.00) (0.00)



Table E.4: Power (for 90% confidence interval): Pattern 2

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

600 ANCOVA Power 98.8 100.0 100.0 98.8 100.0 100.0 98.6 100.0 100.0 98.9 100.0 100.0
(primary) MCSE (0.27) (0.00) (0.00) (0.28) (0.00) (0.00) (0.30) (0.00) (0.00) (0.26) (0.00) (0.00)
GEE Power 99.8 100.0 100.0 99.3 100.0 100.0 99.4 100.0 100.0 99.5 100.0 100.0

MCSE (0.11) (0.00) (0.00) (0.21) (0.00) (0.00) (0.19) (0.00) (0.00) (0.18) (0.00) (0.00)
Mixed Power 99.6 100.0 100.0 99.2 100.0 100.0 99.3 100.0 100.0 99.6 100.0 100.0
effects MCSE (0.20) (0.00) (0.00) (0.29) (0.00) (0.00) (0.30) (0.00) (0.00) (0.25) (0.00) (0.00)

800 ANCOVA Power 99.8 100.0 100.0 99.9 100.0 100.0 99.8 100.0 100.0 99.6 100.0 100.0
(primary) MCSE (0.11) (0.00) (0.00) (0.09) (0.00) (0.00) (0.11) (0.00) (0.00) (0.15) (0.00) (0.00)
GEE Power 100.0 100.0 100.0 99.8 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0

MCSE (0.00) (0.00) (0.00) (0.11) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Mixed Power 100.0 100.0 100.0 99.8 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
effects MCSE (0.00) (0.00) (0.00) (0.18) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)



Table E.5: Power (for 80% confidence interval): Pattern 3

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA Power 64.4 97.1 100.0 60.1 96.6 99.8 62.9 95.9 100.0 63.9 97.3 100.0
(primary) MCSE (1.20) (0.42) (0.00) (1.22) (0.46) (0.13) (1.21) (0.50) (0.00) (1.20) (0.40) (0.00)
GEE Power 38.8 69.9 91.4 51.8 88.9 99.1 38.3 72.3 93.9 35.4 59.9 86.1

MCSE (1.22) (1.15) (0.70) (1.25) (0.79) (0.23) (1.22) (1.12) (0.60) (1.20) (1.23) (0.86)
Mixed Power 42.0 75.5 94.0 52.7 92.8 99.3 41.9 77.4 96.2 39.5 68.7 94.7
effects MCSE (1.31) (1.13) (0.62) (1.43) (0.75) (0.23) (1.53) (1.32) (0.61) (1.60) (1.51) (0.75)

200 ANCOVA Power 83.9 99.9 100.0 84.4 99.9 100.0 83.0 99.8 100.0 83.3 99.9 100.0
(primary) MCSE (0.92) (0.09) (0.00) (0.91) (0.06) (0.00) (0.94) (0.11) (0.00) (0.93) (0.06) (0.00)
GEE Power 50.1 88.4 98.9 71.4 99.4 100.0 52.8 93.6 99.6 45.7 80.1 97.1

MCSE (1.25) (0.80) (0.26) (1.13) (0.19) (0.00) (1.25) (0.61) (0.17) (1.25) (1.00) (0.42)
Mixed Power 54.3 90.8 99.3 73.5 99.5 100.0 55.0 95.8 100.0 48.5 85.4 99.6
effects MCSE (1.36) (0.79) (0.22) (1.33) (0.21) (0.00) (1.60) (0.65) (0.00) (1.68) (1.25) (0.23)

400 ANCOVA Power 96.9 100.0 100.0 97.1 100.0 100.0 97.9 100.0 100.0 97.8 100.0 100.0
(primary) MCSE (0.43) (0.00) (0.00) (0.42) (0.00) (0.00) (0.35) (0.00) (0.00) (0.37) (0.00) (0.00)
GEE Power 69.6 99.1 100.0 90.7 100.0 100.0 74.8 99.4 100.0 60.3 95.7 99.8

MCSE (1.15) (0.23) (0.00) (0.73) (0.00) (0.00) (1.08) (0.19) (0.00) (1.22) (0.51) (0.11)
Mixed Power 72.4 99.4 100.0 91.7 100.0 100.0 78.0 99.6 100.0 64.7 97.9 100.0
effects MCSE (1.32) (0.23) (0.00) (0.88) (0.00) (0.00) (1.40) (0.21) (0.00) (1.74) (0.56) (0.00)



Table E.5: Power (for 80% confidence interval): Pattern 3

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

600 ANCOVA Power 99.5 100.0 100.0 99.6 100.0 100.0 99.6 100.0 100.0 99.7 100.0 100.0
(primary) MCSE (0.18) (0.00) (0.00) (0.17) (0.00) (0.00) (0.17) (0.00) (0.00) (0.14) (0.00) (0.00)
GEE Power 82.5 99.6 100.0 97.2 100.0 100.0 87.6 100.0 100.0 76.2 99.4 100.0

MCSE (0.95) (0.17) (0.00) (0.41) (0.00) (0.00) (0.82) (0.00) (0.00) (1.06) (0.20) (0.00)
Mixed Power 84.0 99.5 100.0 97.7 100.0 100.0 90.5 100.0 100.0 79.6 99.6 100.0
effects MCSE (1.14) (0.23) (0.00) (0.52) (0.00) (0.00) (1.03) (0.00) (0.00) (1.53) (0.26) (0.00)

800 ANCOVA Power 100.0 100.0 100.0 99.9 100.0 100.0 99.9 100.0 100.0 99.9 100.0 100.0
(primary) MCSE (0.00) (0.00) (0.00) (0.09) (0.00) (0.00) (0.06) (0.00) (0.00) (0.09) (0.00) (0.00)
GEE Power 89.9 100.0 100.0 98.7 100.0 100.0 93.8 100.0 100.0 84.0 99.9 100.0

MCSE (0.75) (0.00) (0.00) (0.28) (0.00) (0.00) (0.60) (0.00) (0.00) (0.92) (0.06) (0.00)
Mixed Power 90.3 100.0 100.0 98.5 100.0 100.0 95.2 100.0 100.0 86.8 100.0 100.0
effects MCSE (0.97) (0.00) (0.00) (0.43) (0.00) (0.00) (0.84) (0.00) (0.00) (1.47) (0.00) (0.00)



Table E.6: Power (for 90% confidence interval): Pattern 3

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

100 ANCOVA Power 50.6 94.3 100.0 47.2 92.9 99.6 47.7 92.4 99.9 49.1 94.3 99.8
(primary) MCSE (1.25) (0.58) (0.00) (1.25) (0.64) (0.17) (1.25) (0.66) (0.06) (1.25) (0.58) (0.11)
GEE Power 25.3 55.6 86.3 37.5 80.9 98.1 25.1 59.4 88.4 21.8 47.4 75.8

MCSE (1.09) (1.24) (0.86) (1.21) (0.98) (0.34) (1.08) (1.23) (0.80) (1.03) (1.25) (1.07)
Mixed Power 28.1 62.0 89.7 39.2 85.7 98.9 28.0 65.3 93.2 24.5 56.5 89.0
effects MCSE (1.19) (1.27) (0.80) (1.40) (1.01) (0.30) (1.40) (1.50) (0.81) (1.41) (1.62) (1.05)

200 ANCOVA Power 72.7 99.8 100.0 73.0 99.9 100.0 72.4 99.8 100.0 73.7 99.8 100.0
(primary) MCSE (1.11) (0.11) (0.00) (1.11) (0.09) (0.00) (1.12) (0.11) (0.00) (1.10) (0.13) (0.00)
GEE Power 36.3 79.8 97.6 58.3 97.9 100.0 37.6 87.8 99.3 30.9 68.2 93.2

MCSE (1.20) (1.00) (0.39) (1.23) (0.35) (0.00) (1.21) (0.82) (0.21) (1.16) (1.16) (0.63)
Mixed Power 38.8 83.9 98.5 61.5 98.9 100.0 42.4 91.3 99.8 35.3 76.1 98.7
effects MCSE (1.33) (1.00) (0.32) (1.46) (0.32) (0.00) (1.59) (0.91) (0.16) (1.60) (1.51) (0.42)

400 ANCOVA Power 93.8 100.0 100.0 93.8 100.0 100.0 94.3 100.0 100.0 94.8 100.0 100.0
(primary) MCSE (0.60) (0.00) (0.00) (0.60) (0.00) (0.00) (0.58) (0.00) (0.00) (0.56) (0.00) (0.00)
GEE Power 55.6 97.6 100.0 82.8 99.9 100.0 61.8 98.4 100.0 45.6 92.4 99.6

MCSE (1.24) (0.38) (0.00) (0.94) (0.06) (0.00) (1.22) (0.31) (0.00) (1.25) (0.66) (0.15)
Mixed Power 58.6 98.6 100.0 83.4 99.9 100.0 65.3 99.3 100.0 50.2 94.5 100.0
effects MCSE (1.45) (0.35) (0.00) (1.18) (0.10) (0.00) (1.61) (0.29) (0.00) (1.81) (0.89) (0.00)



Table E.6: Power (for 90% confidence interval): Pattern 3

Time points: 2 Time points: 3 Time points: 4 Time points: 5
n Method β∗: 4 8 12 4 8 12 4 8 12 4 8 12

600 ANCOVA Power 98.8 100.0 100.0 98.4 100.0 100.0 99.0 100.0 100.0 98.9 100.0 100.0
(primary) MCSE (0.27) (0.00) (0.00) (0.31) (0.00) (0.00) (0.25) (0.00) (0.00) (0.26) (0.00) (0.00)
GEE Power 71.8 99.3 100.0 93.9 100.0 100.0 79.2 99.9 100.0 63.3 98.3 100.0

MCSE (1.13) (0.21) (0.00) (0.60) (0.00) (0.00) (1.01) (0.06) (0.00) (1.21) (0.33) (0.00)
Mixed Power 73.5 99.3 100.0 94.7 100.0 100.0 83.3 100.0 100.0 67.7 99.1 100.0
effects MCSE (1.37) (0.26) (0.00) (0.77) (0.00) (0.00) (1.32) (0.00) (0.00) (1.78) (0.41) (0.00)

800 ANCOVA Power 99.7 100.0 100.0 99.8 100.0 100.0 99.8 100.0 100.0 99.8 100.0 100.0
(primary) MCSE (0.14) (0.00) (0.00) (0.13) (0.00) (0.00) (0.11) (0.00) (0.00) (0.13) (0.00) (0.00)
GEE Power 81.9 100.0 100.0 97.1 100.0 100.0 87.4 100.0 100.0 73.4 99.8 100.0

MCSE (0.96) (0.00) (0.00) (0.42) (0.00) (0.00) (0.83) (0.00) (0.00) (1.10) (0.13) (0.00)
Mixed Power 83.3 100.0 100.0 97.5 100.0 100.0 90.3 100.0 100.0 76.9 99.8 100.0
effects MCSE (1.22) (0.00) (0.00) (0.57) (0.00) (0.00) (1.17) (0.00) (0.00) (1.83) (0.23) (0.00)



E.5 Type I error for 90%, 97.5% and 99% confidence intervals

Table E.7: Type I error for 90%, 97.5% and 99% confidence intervals: Pattern 1

90% confidence interval 97.5% confidence interval 99% confidence interval
Number of time points: Number of time points: Number of time points:

n Method 2 3 4 5 2 3 4 5 2 3 4 5

100 ANCOVA Type I 12.8 10.1 11.0 10.9 2.9 3.0 2.9 3.4 1.5 0.9 1.4 1.6
(primary) MCSE (0.83) (0.75) (0.78) (0.78) (0.42) (0.43) (0.42) (0.45) (0.30) (0.23) (0.30) (0.31)
GEE Type I 11.6 11.2 12.4 10.8 3.1 3.6 3.4 3.6 1.8 1.4 1.4 1.9

MCSE (0.80) (0.79) (0.83) (0.77) (0.43) (0.47) (0.45) (0.46) (0.33) (0.29) (0.29) (0.34)
Mixed Type I 11.6 11.4 11.6 11.4 3.5 3.4 3.1 3.9 1.8 1.4 1.4 2.3
effects MCSE (0.84) (0.92) (0.97) (1.02) (0.48) (0.52) (0.53) (0.62) (0.35) (0.34) (0.35) (0.48)
ANCOVA Type I 18.9 23.7 30.8 35.1 4.8 7.3 9.1 10.4 2.3 2.7 4.6 4.8
(all) MCSE (0.98) (1.06) (1.15) (1.19) (0.53) (0.65) (0.72) (0.76) (0.38) (0.40) (0.53) (0.53)

200 ANCOVA Type I 10.9 10.3 10.4 10.1 2.6 2.1 3.8 2.4 0.8 0.9 1.9 1.0
(primary) MCSE (0.78) (0.76) (0.76) (0.75) (0.40) (0.36) (0.48) (0.38) (0.22) (0.23) (0.34) (0.25)
GEE Type I 10.8 10.9 9.4 11.3 2.9 2.9 2.8 3.4 1.4 1.0 1.3 1.4

MCSE (0.77) (0.78) (0.73) (0.79) (0.42) (0.42) (0.41) (0.45) (0.30) (0.25) (0.28) (0.30)
Mixed Type I 10.2 10.9 8.9 11.8 2.9 2.7 2.5 3.6 1.5 0.9 1.3 1.5
effects MCSE (0.83) (0.93) (0.89) (1.09) (0.46) (0.48) (0.48) (0.63) (0.34) (0.28) (0.35) (0.41)
ANCOVA Type I 17.4 24.0 28.9 34.8 4.5 6.2 8.9 11.3 2.0 2.6 4.1 4.9
(all) MCSE (0.95) (1.07) (1.13) (1.19) (0.52) (0.60) (0.71) (0.79) (0.35) (0.40) (0.50) (0.54)



Table E.7: Type I error for 90%, 97.5% and 99% confidence intervals: Pattern 1

90% confidence interval 97.5% confidence interval 99% confidence interval
Number of time points: Number of time points: Number of time points:

n Method 2 3 4 5 2 3 4 5 2 3 4 5

400 ANCOVA Type I 11.0 10.6 9.8 9.2 2.6 2.4 3.3 2.1 1.0 1.1 1.6 1.0
(primary) MCSE (0.78) (0.77) (0.74) (0.72) (0.40) (0.39) (0.44) (0.36) (0.25) (0.26) (0.32) (0.25)
GEE Type I 9.5 8.9 12.1 9.1 2.6 2.5 3.4 2.4 1.2 1.1 1.7 0.9

MCSE (0.73) (0.71) (0.81) (0.72) (0.40) (0.39) (0.45) (0.38) (0.27) (0.26) (0.32) (0.24)
Mixed Type I 9.2 9.2 12.1 9.6 2.8 2.6 3.9 2.5 1.1 0.9 1.9 1.2
effects MCSE (0.85) (0.92) (1.08) (1.02) (0.49) (0.51) (0.64) (0.55) (0.31) (0.30) (0.45) (0.38)
ANCOVA Type I 17.5 21.7 30.4 31.1 4.1 5.3 9.3 9.3 2.1 2.6 4.7 4.3
(all) MCSE (0.95) (1.03) (1.15) (1.16) (0.49) (0.56) (0.73) (0.72) (0.35) (0.40) (0.53) (0.51)

600 ANCOVA Type I 8.7 9.5 9.3 10.4 2.7 2.6 2.2 2.1 1.1 1.2 0.9 0.6
(primary) MCSE (0.70) (0.73) (0.73) (0.76) (0.40) (0.40) (0.37) (0.36) (0.26) (0.27) (0.23) (0.20)
GEE Type I 10.5 10.6 9.3 9.4 2.4 3.4 2.1 2.9 1.3 1.4 0.7 1.3

MCSE (0.77) (0.77) (0.72) (0.73) (0.39) (0.45) (0.35) (0.42) (0.28) (0.30) (0.21) (0.28)
Mixed Type I 10.3 10.8 9.8 9.6 2.3 3.3 2.2 2.0 1.2 1.4 0.4 0.7
effects MCSE (0.94) (1.05) (1.09) (1.10) (0.46) (0.60) (0.54) (0.52) (0.34) (0.39) (0.23) (0.31)
ANCOVA Type I 16.8 22.9 27.6 33.1 4.6 6.8 7.8 9.3 1.9 3.1 3.4 4.0
(all) MCSE (0.94) (1.05) (1.12) (1.18) (0.53) (0.63) (0.67) (0.73) (0.34) (0.43) (0.45) (0.49)



Table E.7: Type I error for 90%, 97.5% and 99% confidence intervals: Pattern 1

90% confidence interval 97.5% confidence interval 99% confidence interval
Number of time points: Number of time points: Number of time points:

n Method 2 3 4 5 2 3 4 5 2 3 4 5

800 ANCOVA Type I 10.4 10.3 9.7 10.1 2.7 2.1 1.6 2.9 1.4 1.0 0.6 0.6
(primary) MCSE (0.76) (0.76) (0.74) (0.75) (0.40) (0.36) (0.32) (0.42) (0.30) (0.25) (0.20) (0.20)
GEE Type I 9.4 9.8 8.9 10.3 2.3 2.6 2.2 2.9 1.0 0.6 1.0 1.0

MCSE (0.73) (0.74) (0.71) (0.76) (0.38) (0.40) (0.37) (0.42) (0.25) (0.20) (0.25) (0.25)
Mixed Type I 8.5 10.0 9.6 10.8 1.5 2.8 2.1 3.5 0.6 0.7 1.4 1.6
effects MCSE (0.90) (1.05) (1.14) (1.31) (0.39) (0.58) (0.56) (0.78) (0.26) (0.30) (0.45) (0.53)
ANCOVA Type I 18.1 22.8 28.8 33.6 4.4 6.1 6.8 10.3 2.0 2.9 2.9 4.0
(all) MCSE (0.96) (1.05) (1.13) (1.18) (0.52) (0.60) (0.63) (0.76) (0.35) (0.42) (0.42) (0.49)



Table E.8: Type I error for 90%, 97.5% and 99% confidence intervals: Pattern 2

90% confidence interval 97.5% confidence interval 99% confidence interval
Number of time points: Number of time points: Number of time points:

n Method 2 3 4 5 2 3 4 5 2 3 4 5

100 ANCOVA Type I 11.5 11.5 12.1 10.4 2.7 3.6 3.2 2.8 1.1 1.9 1.1 1.4
(primary) MCSE (0.80) (0.80) (0.81) (0.76) (0.40) (0.46) (0.44) (0.41) (0.26) (0.34) (0.26) (0.29)
GEE Type I 12.4 12.3 12.4 10.7 3.4 4.1 3.8 2.9 1.6 1.8 1.4 1.3

MCSE (0.82) (0.82) (0.83) (0.77) (0.46) (0.50) (0.48) (0.42) (0.31) (0.33) (0.29) (0.28)
Mixed Type I 12.3 12.3 12.1 10.0 3.7 4.0 4.0 2.4 1.7 1.8 1.3 1.0
effects MCSE (0.86) (0.94) (1.00) (0.97) (0.50) (0.56) (0.60) (0.39) (0.34) (0.38) (0.35) (0.31)
ANCOVA Type I 19.1 24.6 30.8 32.0 5.3 8.8 9.6 9.4 2.2 3.9 4.3 4.1
(all) MCSE (0.98) (1.08) (1.15) (1.17) (0.56) (0.71) (0.74) (0.73) (0.37) (0.48) (0.50) (0.50)

200 ANCOVA Type I 10.1 10.6 10.9 10.7 2.8 3.4 2.6 2.4 1.2 1.4 1.2 1.1
(primary) MCSE (0.75) (0.77) (0.78) (0.77) (0.41) (0.46) (0.40) (0.39) (0.27) (0.30) (0.27) (0.26)
GEE Type I 12.0 12.0 10.9 10.0 3.0 3.5 3.5 3.4 1.2 1.7 1.1 1.4

MCSE (0.81) (0.81) (0.78) (0.75) (0.43) (0.46) (0.46) (0.46) (0.27) (0.32) (0.26) (0.29)
Mixed Type I 12.7 11.7 10.4 10.1 3.0 3.1 3.2 3.5 1.1 1.5 1.2 1.5
effects MCSE (0.92) (0.96) (0.97) (1.00) (0.47) (0.52) (0.56) (0.61) (0.29) (0.37) (0.34) (0.41)
ANCOVA Type I 18.1 24.2 30.0 32.2 5.5 7.3 8.7 9.6 2.4 2.5 3.9 4.4
(all) MCSE (0.96) (1.07) (1.15) (1.17) (0.57) (0.65) (0.70) (0.73) (0.39) (0.39) (0.48) (0.52)



Table E.8: Type I error for 90%, 97.5% and 99% confidence intervals: Pattern 2

90% confidence interval 97.5% confidence interval 99% confidence interval
Number of time points: Number of time points: Number of time points:

n Method 2 3 4 5 2 3 4 5 2 3 4 5

400 ANCOVA Type I 10.6 9.8 10.8 10.5 2.8 2.6 2.8 2.9 1.0 1.1 1.1 1.1
(primary) MCSE (0.77) (0.74) (0.78) (0.77) (0.41) (0.40) (0.41) (0.42) (0.25) (0.26) (0.26) (0.26)
GEE Type I 11.1 10.8 9.9 11.0 2.8 2.9 2.9 2.8 1.1 1.0 1.2 0.9

MCSE (0.78) (0.77) (0.75) (0.78) (0.41) (0.42) (0.42) (0.41) (0.26) (0.25) (0.27) (0.24)
Mixed Type I 10.9 10.9 9.6 8.9 2.5 2.8 2.4 2.0 1.0 1.1 0.9 0.7
effects MCSE (0.92) (0.99) (0.99) (0.99) (0.46) (0.52) (0.52) (0.49) (0.28) (0.34) (0.32) (0.29)
ANCOVA Type I 19.1 23.9 28.3 33.3 4.8 6.9 8.1 11.1 2.0 2.6 3.3 4.4
(all) MCSE (0.98) (1.07) (1.13) (1.18) (0.53) (0.63) (0.68) (0.79) (0.35) (0.40) (0.44) (0.51)

600 ANCOVA Type I 10.3 10.4 10.7 10.9 2.4 2.4 3.3 3.1 1.1 0.6 1.1 1.4
(primary) MCSE (0.76) (0.76) (0.77) (0.78) (0.39) (0.38) (0.45) (0.43) (0.26) (0.19) (0.26) (0.29)
GEE Type I 10.9 10.8 11.3 10.9 2.3 2.9 2.6 3.0 0.9 1.0 1.0 1.4

MCSE (0.78) (0.77) (0.79) (0.78) (0.37) (0.42) (0.40) (0.43) (0.23) (0.25) (0.25) (0.30)
Mixed Type I 10.0 10.6 9.9 12.3 2.1 3.4 1.9 3.0 0.8 1.1 0.8 1.0
effects MCSE (0.93) (1.04) (1.06) (1.26) (0.45) (0.61) (0.48) (0.65) (0.27) (0.36) (0.31) (0.39)
ANCOVA Type I 18.2 23.9 28.9 34.2 4.9 7.1 8.5 10.3 2.2 2.3 3.5 4.2
(all) MCSE (0.96) (1.07) (1.13) (1.19) (0.54) (0.64) (0.70) (0.76) (0.37) (0.38) (0.46) (0.50)



Table E.8: Type I error for 90%, 97.5% and 99% confidence intervals: Pattern 2

90% confidence interval 97.5% confidence interval 99% confidence interval
Number of time points: Number of time points: Number of time points:

n Method 2 3 4 5 2 3 4 5 2 3 4 5

800 ANCOVA Type I 10.1 9.9 11.4 10.6 2.6 2.9 3.1 2.8 1.2 1.4 1.4 1.2
(primary) MCSE (0.75) (0.75) (0.80) (0.77) (0.40) (0.42) (0.43) (0.41) (0.27) (0.29) (0.30) (0.27)
GEE Type I 10.6 10.4 10.9 9.8 2.6 2.3 2.8 2.7 1.1 0.9 1.4 1.4

MCSE (0.77) (0.76) (0.78) (0.74) (0.40) (0.37) (0.41) (0.40) (0.26) (0.24) (0.29) (0.29)
Mixed Type I 10.7 9.9 12.4 8.6 2.5 2.3 3.5 2.5 0.8 1.0 1.8 1.1
effects MCSE (1.00) (1.07) (1.28) (1.19) (0.51) (0.53) (0.71) (0.66) (0.30) (0.36) (0.52) (0.44)
ANCOVA Type I 18.6 24.6 30.4 34.4 5.3 6.6 9.5 11.2 2.1 2.7 4.5 4.8
(all) MCSE (0.97) (1.08) (1.15) (1.19) (0.56) (0.62) (0.73) (0.79) (0.35) (0.40) (0.52) (0.53)



Table E.9: Type I error for 90%, 97.5% and 99% confidence intervals: Pattern 3

90% confidence interval 97.5% confidence interval 99% confidence interval
Number of time points: Number of time points: Number of time points:

n Method 2 3 4 5 2 3 4 5 2 3 4 5

100 ANCOVA Type I 10.4 11.3 11.3 10.6 2.8 3.1 2.9 3.0 1.4 1.1 1.3 0.9
(primary) MCSE (0.76) (0.79) (0.79) (0.77) (0.41) (0.43) (0.42) (0.43) (0.30) (0.26) (0.28) (0.24)
GEE Type I 11.2 11.1 11.0 10.7 3.6 3.4 3.3 2.2 1.7 1.6 1.6 0.9

MCSE (0.79) (0.79) (0.78) (0.77) (0.46) (0.46) (0.45) (0.37) (0.32) (0.31) (0.32) (0.24)
Mixed Type I 11.8 10.5 11.1 10.2 3.4 3.7 3.5 2.2 1.8 1.3 1.7 0.6
effects MCSE (0.85) (0.88) (0.98) (0.95) (0.47) (0.54) (0.57) (0.46) (0.35) (0.33) (0.41) (0.24)
ANCOVA Type I 17.1 23.7 29.3 31.8 5.3 7.6 9.1 9.5 2.2 3.2 3.9 3.9
(all) MCSE (0.94) (1.06) (1.14) (1.16) (0.56) (0.66) (0.72) (0.73) (0.37) (0.44) (0.49) (0.48)

200 ANCOVA Type I 10.9 10.2 8.7 11.4 3.0 2.2 1.9 2.7 1.2 1.0 1.2 1.3
(primary) MCSE (0.78) (0.76) (0.70) (0.79) (0.43) (0.37) (0.34) (0.40) (0.27) (0.25) (0.27) (0.28)
GEE Type I 11.9 10.8 10.7 11.1 3.4 2.8 2.7 2.9 1.1 0.9 1.3 1.4

MCSE (0.81) (0.78) (0.77) (0.79) (0.46) (0.41) (0.40) (0.42) (0.26) (0.24) (0.28) (0.29)
Mixed Type I 11.5 11.3 9.9 10.6 3.2 2.6 2.3 2.7 0.9 0.9 1.3 1.4
effects MCSE (0.87) (0.94) (0.95) (1.01) (0.48) (0.47) (0.48) (0.53) (0.26) (0.28) (0.36) (0.38)
ANCOVA Type I 18.6 23.3 29.2 34.5 6.3 7.1 8.4 9.3 2.1 2.3 3.6 3.9
(all) MCSE (0.97) (1.06) (1.14) (1.19) (0.61) (0.64) (0.69) (0.73) (0.36) (0.38) (0.46) (0.49)



Table E.9: Type I error for 90%, 97.5% and 99% confidence intervals: Pattern 3

90% confidence interval 97.5% confidence interval 99% confidence interval
Number of time points: Number of time points: Number of time points:

n Method 2 3 4 5 2 3 4 5 2 3 4 5

400 ANCOVA Type I 10.6 10.1 11.8 10.1 2.9 2.8 2.8 2.8 1.1 0.9 1.3 1.4
(primary) MCSE (0.77) (0.75) (0.81) (0.75) (0.42) (0.41) (0.41) (0.41) (0.26) (0.24) (0.28) (0.30)
GEE Type I 11.4 10.9 11.4 9.7 3.6 3.2 3.3 2.6 1.5 1.5 1.4 1.1

MCSE (0.80) (0.78) (0.79) (0.74) (0.47) (0.44) (0.44) (0.40) (0.30) (0.30) (0.30) (0.26)
Mixed Type I 11.9 11.0 12.1 9.2 3.6 3.4 3.0 2.3 1.8 1.6 1.4 0.9
effects MCSE (0.97) (0.99) (1.08) (1.02) (0.56) (0.58) (0.56) (0.53) (0.40) (0.40) (0.39) (0.33)
ANCOVA Type I 18.3 24.3 30.4 34.1 5.7 7.1 8.3 9.5 2.3 3.1 3.4 4.4
(all) MCSE (0.97) (1.07) (1.15) (1.19) (0.58) (0.64) (0.69) (0.73) (0.38) (0.43) (0.46) (0.52)

600 ANCOVA Type I 10.3 10.1 8.4 10.6 2.6 2.5 1.6 1.9 1.2 1.2 0.6 0.9
(primary) MCSE (0.76) (0.75) (0.70) (0.77) (0.40) (0.39) (0.32) (0.34) (0.27) (0.27) (0.19) (0.23)
GEE Type I 9.6 10.1 9.5 10.3 3.3 2.9 2.6 2.8 1.3 1.4 1.0 1.1

MCSE (0.73) (0.75) (0.73) (0.76) (0.44) (0.42) (0.40) (0.41) (0.28) (0.30) (0.25) (0.26)
Mixed Type I 9.3 10.3 8.8 10.8 3.5 2.8 2.0 2.9 1.5 1.3 0.6 1.0
effects MCSE (0.93) (1.03) (1.01) (1.19) (0.59) (0.56) (0.50) (0.65) (0.39) (0.38) (0.28) (0.39)
ANCOVA Type I 16.8 23.2 27.8 33.8 4.8 6.9 7.4 9.6 2.1 3.2 2.8 3.9
(all) MCSE (0.94) (1.05) (1.12) (1.18) (0.54) (0.63) (0.65) (0.73) (0.36) (0.44) (0.41) (0.49)



Table E.9: Type I error for 90%, 97.5% and 99% confidence intervals: Pattern 3

90% confidence interval 97.5% confidence interval 99% confidence interval
Number of time points: Number of time points: Number of time points:

n Method 2 3 4 5 2 3 4 5 2 3 4 5

800 ANCOVA Type I 9.6 9.1 9.1 10.4 1.9 2.3 2.4 2.6 0.7 0.9 0.7 0.9
(primary) MCSE (0.73) (0.72) (0.72) (0.76) (0.34) (0.38) (0.39) (0.40) (0.21) (0.23) (0.21) (0.23)
GEE Type I 9.5 9.1 9.1 9.7 1.8 2.6 2.4 2.5 0.4 0.9 1.0 0.8

MCSE (0.73) (0.72) (0.72) (0.74) (0.33) (0.40) (0.39) (0.39) (0.15) (0.24) (0.25) (0.22)
Mixed Type I 9.2 9.2 8.8 10.1 1.3 3.0 2.1 3.4 0.0 1.5 1.2 1.2
effects MCSE (0.94) (1.06) (1.10) (1.24) (0.36) (0.62) (0.56) (0.74) (0.00) (0.44) (0.42) (0.44)
ANCOVA Type I 16.2 22.5 29.0 33.2 3.5 6.9 8.3 9.9 1.5 2.3 3.4 4.2
(all) MCSE (0.92) (1.04) (1.13) (1.18) (0.46) (0.63) (0.69) (0.75) (0.30) (0.37) (0.46) (0.50)



E.6 Performance measures for ANCOVA at separate time points

Table E.10: ANCOVA method performance at each time point - Power: Pattern 1

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

1 100 Power 13.0 32.1 62.6 5.5 12.9 18.9 6.1 7.2 10.8 5.3 6.5 7.3
MCSE (0.84) (1.17) (1.21) (0.57) (0.84) (0.98) (0.60) (0.65) (0.78) (0.56) (0.62) (0.65)

200 Power 18.9 60.1 89.6 8.5 18.4 30.4 6.9 9.2 14.6 6.7 7.5 8.2
MCSE (0.98) (1.22) (0.76) (0.70) (0.97) (1.15) (0.63) (0.72) (0.88) (0.63) (0.66) (0.69)

400 Power 33.1 86.3 99.1 11.0 29.2 56.1 8.2 13.8 25.4 5.3 8.9 12.2
MCSE (1.18) (0.86) (0.23) (0.78) (1.14) (1.24) (0.69) (0.86) (1.09) (0.56) (0.71) (0.82)

600 Power 48.3 96.4 99.9 14.9 43.2 74.9 8.4 18.2 33.8 6.7 11.4 16.9
MCSE (1.25) (0.46) (0.06) (0.89) (1.24) (1.08) (0.69) (0.96) (1.18) (0.63) (0.80) (0.94)

800 Power 58.1 98.8 100.0 17.8 53.1 85.6 9.8 24.2 44.6 7.3 13.2 19.4
MCSE (1.23) (0.27) (0.00) (0.96) (1.25) (0.88) (0.74) (1.07) (1.24) (0.65) (0.85) (0.99)

2 100 Power 34.8 87.7 99.7 13.5 34.5 63.4 7.9 17.2 31.3 7.0 12.8 17.8
MCSE (1.19) (0.82) (0.14) (0.85) (1.19) (1.20) (0.67) (0.94) (1.16) (0.64) (0.84) (0.96)

200 Power 61.5 99.1 100.0 18.9 60.4 90.4 11.7 28.4 52.8 8.2 18.0 31.2
MCSE (1.22) (0.23) (0.00) (0.98) (1.22) (0.74) (0.80) (1.13) (1.25) (0.69) (0.96) (1.16)

400 Power 88.1 100.0 100.0 33.6 86.4 99.3 17.3 50.6 83.9 11.4 30.1 54.5
MCSE (0.81) (0.00) (0.00) (1.18) (0.86) (0.22) (0.95) (1.25) (0.92) (0.80) (1.15) (1.25)

600 Power 96.6 100.0 100.0 48.2 96.8 100.0 23.5 68.1 94.3 14.4 39.1 73.8
MCSE (0.45) (0.00) (0.00) (1.25) (0.44) (0.00) (1.06) (1.17) (0.58) (0.88) (1.22) (1.10)

800 Power 99.3 100.0 100.0 59.0 99.2 100.0 28.6 79.2 98.4 17.5 53.6 83.3
MCSE (0.22) (0.00) (0.00) (1.23) (0.22) (0.00) (1.13) (1.01) (0.31) (0.95) (1.25) (0.93)



Table E.10: ANCOVA method performance at each time point - Power: Pattern 1

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

3 100 Power 37.3 88.3 99.6 19.7 54.4 87.1 12.3 33.0 60.8
MCSE (1.21) (0.81) (0.15) (0.99) (1.25) (0.84) (0.82) (1.18) (1.22)

200 Power 62.1 99.8 100.0 32.3 82.9 99.6 20.8 57.4 88.9
MCSE (1.21) (0.13) (0.00) (1.17) (0.94) (0.15) (1.01) (1.24) (0.78)

400 Power 89.1 100.0 100.0 56.1 98.1 100.0 33.8 87.4 99.4
MCSE (0.78) (0.00) (0.00) (1.24) (0.34) (0.00) (1.18) (0.83) (0.19)

600 Power 97.3 100.0 100.0 71.7 99.8 100.0 46.3 96.5 100.0
MCSE (0.40) (0.00) (0.00) (1.13) (0.11) (0.00) (1.25) (0.46) (0.00)

800 Power 99.7 100.0 100.0 84.3 100.0 100.0 60.4 99.5 100.0
MCSE (0.14) (0.00) (0.00) (0.91) (0.00) (0.00) (1.22) (0.18) (0.00)

4 100 Power 36.4 88.9 99.8 21.4 65.3 93.4
MCSE (1.20) (0.79) (0.11) (1.03) (1.19) (0.62)

200 Power 60.9 99.5 100.0 42.9 90.3 99.9
MCSE (1.22) (0.18) (0.00) (1.24) (0.74) (0.06)

400 Power 90.1 100.0 100.0 66.3 99.5 100.0
MCSE (0.75) (0.00) (0.00) (1.18) (0.18) (0.00)

600 Power 97.6 100.0 100.0 82.1 100.0 100.0
MCSE (0.38) (0.00) (0.00) (0.96) (0.00) (0.00)

800 Power 99.2 100.0 100.0 90.6 100.0 100.0
MCSE (0.22) (0.00) (0.00) (0.73) (0.00) (0.00)



Table E.10: ANCOVA method performance at each time point - Power: Pattern 1

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

5 100 Power 36.3 88.8 99.9
MCSE (1.20) (0.79) (0.09)

200 Power 62.3 99.5 100.0
MCSE (1.21) (0.18) (0.00)

400 Power 90.8 100.0 100.0
MCSE (0.72) (0.00) (0.00)

600 Power 97.4 100.0 100.0
MCSE (0.40) (0.00) (0.00)

800 Power 99.3 100.0 100.0
MCSE (0.21) (0.00) (0.00)



Table E.11: ANCOVA method performance at each time point - Power: Pattern 2

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

1 100 Power 34.9 87.2 99.5 12.5 33.3 60.2 14.3 29.8 58.1 12.1 29.3 58.2
MCSE (1.19) (0.84) (0.18) (0.83) (1.18) (1.22) (0.87) (1.14) (1.23) (0.81) (1.14) (1.23)

200 Power 60.1 99.3 100.0 20.1 58.4 88.0 18.6 54.5 85.5 19.6 53.1 83.2
MCSE (1.22) (0.21) (0.00) (1.00) (1.23) (0.81) (0.97) (1.25) (0.88) (0.99) (1.25) (0.94)

400 Power 88.9 100.0 100.0 35.3 83.4 99.6 31.9 82.1 99.0 32.0 82.6 99.3
MCSE (0.78) (0.00) (0.00) (1.19) (0.93) (0.17) (1.17) (0.96) (0.25) (1.17) (0.95) (0.21)

600 Power 97.5 100.0 100.0 44.3 95.2 100.0 45.6 93.9 100.0 47.6 94.8 100.0
MCSE (0.39) (0.00) (0.00) (1.24) (0.54) (0.00) (1.25) (0.60) (0.00) (1.25) (0.55) (0.00)

800 Power 99.5 100.0 100.0 57.9 98.9 100.0 54.9 99.0 100.0 55.3 98.9 100.0
MCSE (0.18) (0.00) (0.00) (1.23) (0.26) (0.00) (1.24) (0.25) (0.00) (1.24) (0.26) (0.00)

2 100 Power 34.8 87.6 99.6 35.8 87.6 99.8 37.6 86.3 99.4 34.6 87.1 99.6
MCSE (1.19) (0.82) (0.15) (1.20) (0.83) (0.13) (1.21) (0.86) (0.19) (1.19) (0.84) (0.15)

200 Power 60.8 99.1 100.0 61.7 99.1 100.0 61.2 99.1 100.0 60.4 99.4 100.0
MCSE (1.22) (0.24) (0.00) (1.22) (0.23) (0.00) (1.22) (0.24) (0.00) (1.22) (0.20) (0.00)

400 Power 90.0 100.0 100.0 86.9 100.0 100.0 88.3 100.0 100.0 87.1 100.0 100.0
MCSE (0.75) (0.00) (0.00) (0.84) (0.00) (0.00) (0.81) (0.00) (0.00) (0.84) (0.00) (0.00)

600 Power 97.8 100.0 100.0 96.7 100.0 100.0 97.6 100.0 100.0 96.3 100.0 100.0
MCSE (0.37) (0.00) (0.00) (0.45) (0.00) (0.00) (0.39) (0.00) (0.00) (0.47) (0.00) (0.00)

800 Power 99.4 100.0 100.0 99.3 100.0 100.0 99.3 100.0 100.0 99.3 100.0 100.0
MCSE (0.20) (0.00) (0.00) (0.21) (0.00) (0.00) (0.22) (0.00) (0.00) (0.21) (0.00) (0.00)



Table E.11: ANCOVA method performance at each time point - Power: Pattern 2

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

3 100 Power 35.1 88.3 99.5 36.3 86.3 99.6 32.6 86.0 99.5
MCSE (1.19) (0.81) (0.18) (1.20) (0.86) (0.15) (1.17) (0.87) (0.18)

200 Power 61.1 99.5 100.0 61.3 99.1 100.0 60.2 98.7 100.0
MCSE (1.22) (0.18) (0.00) (1.22) (0.23) (0.00) (1.22) (0.28) (0.00)

400 Power 87.3 100.0 100.0 89.0 100.0 100.0 88.0 100.0 100.0
MCSE (0.83) (0.00) (0.00) (0.78) (0.00) (0.00) (0.81) (0.00) (0.00)

600 Power 97.5 100.0 100.0 96.6 100.0 100.0 96.8 100.0 100.0
MCSE (0.39) (0.00) (0.00) (0.46) (0.00) (0.00) (0.44) (0.00) (0.00)

800 Power 99.6 100.0 100.0 99.2 100.0 100.0 99.1 100.0 100.0
MCSE (0.17) (0.00) (0.00) (0.22) (0.00) (0.00) (0.23) (0.00) (0.00)

4 100 Power 36.7 88.3 99.9 34.5 86.3 99.5
MCSE (1.21) (0.80) (0.06) (1.19) (0.86) (0.18)

200 Power 62.5 99.2 100.0 60.9 99.1 100.0
MCSE (1.21) (0.22) (0.00) (1.22) (0.24) (0.00)

400 Power 88.3 100.0 100.0 87.3 100.0 100.0
MCSE (0.81) (0.00) (0.00) (0.83) (0.00) (0.00)

600 Power 96.9 100.0 100.0 96.8 100.0 100.0
MCSE (0.43) (0.00) (0.00) (0.44) (0.00) (0.00)

800 Power 99.4 100.0 100.0 99.4 100.0 100.0
MCSE (0.20) (0.00) (0.00) (0.19) (0.00) (0.00)



Table E.11: ANCOVA method performance at each time point - Power: Pattern 2

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

5 100 Power 33.9 86.3 99.8
MCSE (1.18) (0.86) (0.13)

200 Power 59.5 99.1 100.0
MCSE (1.23) (0.23) (0.00)

400 Power 87.0 100.0 100.0
MCSE (0.84) (0.00) (0.00)

600 Power 97.0 100.0 100.0
MCSE (0.43) (0.00) (0.00)

800 Power 99.3 100.0 100.0
MCSE (0.21) (0.00) (0.00)



Table E.12: ANCOVA method performance at each time point - Power: Pattern 3

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

1 100 Power 37.5 90.0 99.9 37.5 88.6 99.7 37.3 87.4 99.5 36.1 89.1 99.8
MCSE (1.21) (0.75) (0.06) (1.21) (0.79) (0.14) (1.21) (0.83) (0.18) (1.20) (0.78) (0.13)

200 Power 61.6 99.3 100.0 60.1 99.7 100.0 59.9 99.7 100.0 62.1 99.6 100.0
MCSE (1.22) (0.22) (0.00) (1.22) (0.14) (0.00) (1.23) (0.14) (0.00) (1.21) (0.15) (0.00)

400 Power 89.0 100.0 100.0 90.3 100.0 100.0 90.4 100.0 100.0 87.9 100.0 100.0
MCSE (0.78) (0.00) (0.00) (0.74) (0.00) (0.00) (0.74) (0.00) (0.00) (0.82) (0.00) (0.00)

600 Power 97.6 100.0 100.0 97.3 100.0 100.0 97.7 100.0 100.0 97.8 100.0 100.0
MCSE (0.38) (0.00) (0.00) (0.40) (0.00) (0.00) (0.38) (0.00) (0.00) (0.37) (0.00) (0.00)

800 Power 99.1 100.0 100.0 99.3 100.0 100.0 99.6 100.0 100.0 99.3 100.0 100.0
MCSE (0.24) (0.00) (0.00) (0.22) (0.00) (0.00) (0.17) (0.00) (0.00) (0.22) (0.00) (0.00)

2 100 Power 4.6 6.6 5.4 36.2 87.7 99.1 34.8 86.7 99.6 37.3 88.8 99.8
MCSE (0.52) (0.62) (0.56) (1.20) (0.82) (0.23) (1.19) (0.85) (0.17) (1.21) (0.79) (0.13)

200 Power 5.0 4.9 5.6 62.9 99.5 100.0 60.9 99.5 100.0 62.6 99.3 100.0
MCSE (0.55) (0.54) (0.57) (1.21) (0.18) (0.00) (1.22) (0.18) (0.00) (1.21) (0.21) (0.00)

400 Power 5.5 5.3 7.0 89.4 100.0 100.0 88.6 100.0 100.0 89.5 100.0 100.0
MCSE (0.57) (0.56) (0.64) (0.77) (0.00) (0.00) (0.80) (0.00) (0.00) (0.77) (0.00) (0.00)

600 Power 5.8 5.4 7.5 97.2 100.0 100.0 97.5 100.0 100.0 97.8 100.0 100.0
MCSE (0.58) (0.56) (0.66) (0.41) (0.00) (0.00) (0.39) (0.00) (0.00) (0.37) (0.00) (0.00)

800 Power 4.6 5.1 6.3 99.4 100.0 100.0 99.6 100.0 100.0 99.4 100.0 100.0
MCSE (0.53) (0.55) (0.60) (0.20) (0.00) (0.00) (0.15) (0.00) (0.00) (0.20) (0.00) (0.00)



Table E.12: ANCOVA method performance at each time point - Power: Pattern 3

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

3 100 Power 5.0 6.4 5.6 4.4 5.6 5.9 4.6 5.6 5.6
MCSE (0.55) (0.61) (0.58) (0.52) (0.57) (0.59) (0.53) (0.58) (0.58)

200 Power 5.3 4.4 6.6 4.8 4.6 6.2 5.2 5.4 6.9
MCSE (0.56) (0.51) (0.62) (0.53) (0.53) (0.60) (0.55) (0.57) (0.63)

400 Power 4.1 6.1 7.3 4.1 6.5 7.3 4.9 5.4 6.9
MCSE (0.49) (0.60) (0.65) (0.50) (0.62) (0.65) (0.54) (0.57) (0.64)

600 Power 4.5 6.3 10.3 4.8 6.6 9.6 5.3 5.9 8.5
MCSE (0.52) (0.60) (0.76) (0.54) (0.62) (0.74) (0.56) (0.59) (0.70)

800 Power 5.3 6.1 10.2 5.5 6.6 9.1 5.1 5.9 9.6
MCSE (0.56) (0.60) (0.76) (0.57) (0.62) (0.72) (0.55) (0.59) (0.73)

4 100 Power 5.0 6.1 6.4 5.3 5.1 6.6
MCSE (0.55) (0.60) (0.61) (0.56) (0.55) (0.62)

200 Power 5.8 5.0 7.6 4.9 5.9 6.9
MCSE (0.58) (0.55) (0.66) (0.54) (0.59) (0.64)

400 Power 5.4 5.4 6.1 4.7 6.3 7.8
MCSE (0.57) (0.57) (0.60) (0.53) (0.61) (0.67)

600 Power 5.3 4.7 8.3 4.9 6.1 8.8
MCSE (0.56) (0.53) (0.69) (0.54) (0.60) (0.71)

800 Power 4.4 7.9 11.9 4.2 6.4 11.9
MCSE (0.51) (0.68) (0.81) (0.50) (0.61) (0.81)



Table E.12: ANCOVA method performance at each time point - Power: Pattern 3

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

5 100 Power 4.9 4.6 5.1
MCSE (0.54) (0.53) (0.55)

200 Power 5.1 6.8 7.3
MCSE (0.55) (0.63) (0.65)

400 Power 5.1 5.6 7.8
MCSE (0.55) (0.57) (0.67)

600 Power 4.9 6.9 8.4
MCSE (0.54) (0.64) (0.70)

800 Power 5.8 5.7 9.4
MCSE (0.58) (0.58) (0.73)



Table E.13: ANCOVA method at each time point - Type I error: Pattern 1

Number of time points:
2 3 4 5

Time point n Type

1 100 TypeI 5.4 5.4 5.1 6.0
MCSE (0.57) (0.56) (0.55) (0.59)

200 TypeI 4.6 4.8 4.8 5.6
MCSE (0.53) (0.54) (0.54) (0.58)

400 TypeI 4.3 3.6 7.0 4.6
MCSE (0.51) (0.46) (0.64) (0.52)

600 TypeI 5.3 5.2 4.4 4.4
MCSE (0.56) (0.55) (0.52) (0.51)

800 TypeI 5.1 4.8 4.9 4.9
MCSE (0.55) (0.54) (0.54) (0.54)

2 100 TypeI 6.8 5.1 5.9 5.8
MCSE (0.63) (0.55) (0.59) (0.58)

200 TypeI 5.4 5.1 5.1 5.7
MCSE (0.56) (0.55) (0.55) (0.58)

400 TypeI 5.5 4.6 6.0 4.6
MCSE (0.57) (0.52) (0.59) (0.53)

600 TypeI 4.4 5.1 4.4 4.9
MCSE (0.51) (0.55) (0.52) (0.54)

800 TypeI 5.1 4.7 4.0 4.8
MCSE (0.55) (0.53) (0.49) (0.54)

3 100 TypeI 5.5 6.1 5.5
MCSE (0.57) (0.60) (0.57)

200 TypeI 4.7 5.1 6.3
MCSE (0.53) (0.55) (0.60)

400 TypeI 5.3 5.7 4.2
MCSE (0.56) (0.58) (0.50)

600 TypeI 4.7 4.6 5.3
MCSE (0.53) (0.52) (0.56)

800 TypeI 4.7 5.1 5.9
MCSE (0.53) (0.55) (0.59)

414



Table E.13: ANCOVA method at each time point - Type I error: Pattern 1

Number of time points:
2 3 4 5

Time point n Type

4 100 TypeI 5.4 4.9
MCSE (0.57) (0.54)

200 TypeI 5.6 5.8
MCSE (0.58) (0.58)

400 TypeI 5.9 5.3
MCSE (0.59) (0.56)

600 TypeI 4.4 5.5
MCSE (0.51) (0.57)

800 TypeI 4.4 4.6
MCSE (0.51) (0.53)

5 100 TypeI 6.7
MCSE (0.63)

200 TypeI 5.4
MCSE (0.56)

400 TypeI 4.1
MCSE (0.49)

600 TypeI 4.5
MCSE (0.52)

800 TypeI 5.3
MCSE (0.56)

415



Table E.14: ANCOVA method at each time point - Type I error: Pattern 2

Number of time points:
2 3 4 5

Time point n Type

1 100 TypeI 5.6 6.5 6.9 5.8
MCSE (0.58) (0.62) (0.63) (0.58)

200 TypeI 6.2 5.4 5.6 4.7
MCSE (0.60) (0.56) (0.58) (0.53)

400 TypeI 5.2 5.5 5.0 5.1
MCSE (0.55) (0.57) (0.55) (0.55)

600 TypeI 5.6 6.1 4.3 5.1
MCSE (0.57) (0.60) (0.51) (0.55)

800 TypeI 6.0 5.0 5.8 5.4
MCSE (0.59) (0.55) (0.58) (0.56)

2 100 TypeI 5.9 6.6 5.9 5.4
MCSE (0.59) (0.62) (0.59) (0.57)

200 TypeI 5.4 4.9 5.0 5.4
MCSE (0.56) (0.54) (0.55) (0.56)

400 TypeI 5.3 5.5 5.1 5.3
MCSE (0.56) (0.57) (0.55) (0.56)

600 TypeI 5.4 5.3 5.5 5.3
MCSE (0.56) (0.56) (0.57) (0.56)

800 TypeI 4.8 5.4 4.8 5.5
MCSE (0.53) (0.57) (0.53) (0.57)

3 100 TypeI 5.9 5.1 5.4
MCSE (0.59) (0.55) (0.56)

200 TypeI 6.3 5.5 5.9
MCSE (0.60) (0.57) (0.59)

400 TypeI 5.1 4.9 5.4
MCSE (0.55) (0.54) (0.56)

600 TypeI 4.5 5.1 5.6
MCSE (0.52) (0.55) (0.57)

800 TypeI 5.3 5.3 5.3
MCSE (0.56) (0.56) (0.56)

416



Table E.14: ANCOVA method at each time point - Type I error: Pattern 2

Number of time points:
2 3 4 5

Time point n Type

4 100 TypeI 6.3 4.8
MCSE (0.61) (0.54)

200 TypeI 5.0 4.9
MCSE (0.55) (0.54)

400 TypeI 5.6 4.6
MCSE (0.58) (0.52)

600 TypeI 5.5 5.1
MCSE (0.57) (0.55)

800 TypeI 5.8 6.1
MCSE (0.58) (0.60)

5 100 TypeI 5.4
MCSE (0.56)

200 TypeI 5.4
MCSE (0.56)

400 TypeI 5.8
MCSE (0.58)

600 TypeI 5.4
MCSE (0.57)

800 TypeI 5.6
MCSE (0.58)

417



Table E.15: ANCOVA method at each time point - Type I error: Pattern 3

Number of time points:
2 3 4 5

Time point n Type

1 100 TypeI 5.5 4.7 5.6 4.0
MCSE (0.57) (0.53) (0.58) (0.49)

200 TypeI 5.4 5.1 4.8 6.2
MCSE (0.56) (0.55) (0.53) (0.60)

400 TypeI 5.1 4.9 5.9 4.4
MCSE (0.55) (0.54) (0.59) (0.51)

600 TypeI 4.8 5.3 5.6 4.9
MCSE (0.54) (0.56) (0.57) (0.54)

800 TypeI 4.8 4.4 5.4 5.2
MCSE (0.53) (0.51) (0.56) (0.55)

2 100 TypeI 6.0 6.1 5.7 5.4
MCSE (0.59) (0.60) (0.58) (0.56)

200 TypeI 5.7 4.7 4.3 5.4
MCSE (0.58) (0.53) (0.50) (0.57)

400 TypeI 6.3 5.3 6.6 5.3
MCSE (0.60) (0.56) (0.62) (0.56)

600 TypeI 4.8 4.9 4.1 4.8
MCSE (0.54) (0.54) (0.49) (0.53)

800 TypeI 4.0 4.3 5.0 4.7
MCSE (0.49) (0.51) (0.55) (0.53)

3 100 TypeI 6.0 5.6 4.5
MCSE (0.59) (0.57) (0.52)

200 TypeI 5.9 5.9 5.6
MCSE (0.59) (0.59) (0.58)

400 TypeI 5.8 5.8 5.9
MCSE (0.58) (0.58) (0.59)

600 TypeI 5.7 4.6 5.3
MCSE (0.58) (0.52) (0.56)

800 TypeI 5.7 4.1 5.5
MCSE (0.58) (0.50) (0.57)

418



Table E.15: ANCOVA method at each time point - Type I error: Pattern 3

Number of time points:
2 3 4 5

Time point n Type

4 100 TypeI 5.0 5.4
MCSE (0.55) (0.57)

200 TypeI 6.1 5.5
MCSE (0.60) (0.57)

400 TypeI 4.3 4.4
MCSE (0.50) (0.52)

600 TypeI 5.3 4.8
MCSE (0.56) (0.54)

800 TypeI 5.2 5.6
MCSE (0.55) (0.57)

5 100 TypeI 5.1
MCSE (0.55)

200 TypeI 5.0
MCSE (0.55)

400 TypeI 5.1
MCSE (0.55)

600 TypeI 5.5
MCSE (0.57)

800 TypeI 4.4
MCSE (0.51)



Table E.16: ANCOVA method performance at each time point - Coverage: Pattern 1

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

1 100 Cover. 94.8 94.3 93.9 95.4 94.6 94.6 94.6 94.5 93.7 95.4 94.9 94.4
MCSE (0.56) (0.58) (0.60) (0.53) (0.56) (0.56) (0.57) (0.57) (0.61) (0.53) (0.55) (0.57)

200 Cover. 93.9 94.2 93.6 94.8 93.2 94.3 95.3 94.8 93.8 93.9 93.5 94.1
MCSE (0.60) (0.58) (0.61) (0.56) (0.63) (0.58) (0.53) (0.56) (0.60) (0.60) (0.62) (0.59)

400 Cover. 95.0 94.0 92.5 94.6 94.4 92.8 94.8 95.4 92.9 95.5 93.6 92.6
MCSE (0.55) (0.59) (0.66) (0.57) (0.57) (0.65) (0.56) (0.52) (0.64) (0.52) (0.61) (0.66)

600 Cover. 94.9 92.9 90.3 94.8 95.1 92.6 95.6 93.6 91.7 94.9 93.6 91.5
MCSE (0.55) (0.64) (0.74) (0.56) (0.54) (0.65) (0.51) (0.61) (0.69) (0.55) (0.61) (0.70)

800 Cover. 95.3 92.8 89.6 94.4 94.5 90.7 95.0 93.3 91.6 95.0 93.4 89.8
MCSE (0.53) (0.65) (0.76) (0.57) (0.57) (0.73) (0.55) (0.63) (0.70) (0.55) (0.62) (0.76)

2 100 Cover. 94.8 94.9 93.3 94.1 94.8 93.7 94.9 93.4 92.6 94.5 94.3 92.9
MCSE (0.55) (0.55) (0.63) (0.59) (0.55) (0.61) (0.55) (0.62) (0.65) (0.57) (0.58) (0.64)

200 Cover. 95.0 93.8 91.9 94.3 94.5 93.8 94.1 95.1 93.0 95.7 93.6 93.2
MCSE (0.55) (0.60) (0.68) (0.58) (0.57) (0.60) (0.59) (0.54) (0.64) (0.51) (0.61) (0.63)

400 Cover. 94.4 94.4 90.0 94.5 93.7 92.9 94.1 93.9 92.7 95.2 94.6 91.6
MCSE (0.58) (0.57) (0.75) (0.57) (0.61) (0.64) (0.59) (0.60) (0.65) (0.54) (0.56) (0.70)

600 Cover. 93.9 91.6 83.9 94.8 93.6 92.2 94.3 93.6 90.6 95.3 93.8 92.8
MCSE (0.60) (0.70) (0.92) (0.55) (0.61) (0.67) (0.58) (0.61) (0.73) (0.53) (0.60) (0.65)

800 Cover. 93.9 90.6 82.6 95.9 93.3 90.9 94.7 93.9 90.1 94.7 91.9 90.1
MCSE (0.60) (0.73) (0.95) (0.49) (0.63) (0.72) (0.56) (0.60) (0.75) (0.56) (0.68) (0.75)



Table E.16: ANCOVA method performance at each time point - Coverage: Pattern 1

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

3 100 Cover. 94.9 93.8 93.8 94.0 94.1 93.6 94.8 95.1 94.6
MCSE (0.55) (0.60) (0.60) (0.59) (0.59) (0.61) (0.55) (0.54) (0.57)

200 Cover. 95.1 93.6 92.6 95.0 93.6 93.4 94.6 94.4 93.1
MCSE (0.54) (0.61) (0.66) (0.55) (0.61) (0.62) (0.56) (0.57) (0.63)

400 Cover. 94.4 93.4 88.3 94.4 93.1 91.3 93.9 92.9 92.3
MCSE (0.58) (0.62) (0.80) (0.58) (0.64) (0.71) (0.60) (0.64) (0.67)

600 Cover. 94.3 92.1 86.3 94.1 92.4 88.1 94.6 92.9 91.4
MCSE (0.58) (0.67) (0.86) (0.59) (0.66) (0.81) (0.57) (0.64) (0.70)

800 Cover. 94.5 91.3 81.7 94.4 92.7 87.6 94.1 93.2 88.7
MCSE (0.57) (0.70) (0.97) (0.58) (0.65) (0.82) (0.59) (0.63) (0.79)

4 100 Cover. 95.4 95.1 93.1 95.2 94.4 93.7
MCSE (0.52) (0.54) (0.63) (0.54) (0.57) (0.61)

200 Cover. 93.6 93.1 92.3 95.0 92.9 92.4
MCSE (0.61) (0.63) (0.67) (0.55) (0.64) (0.66)

400 Cover. 95.3 93.5 88.4 94.4 93.2 90.9
MCSE (0.53) (0.62) (0.80) (0.57) (0.63) (0.72)

600 Cover. 94.3 91.4 84.4 94.4 92.8 88.8
MCSE (0.58) (0.70) (0.91) (0.58) (0.65) (0.79)

800 Cover. 94.3 91.4 82.3 94.3 92.8 86.2
MCSE (0.58) (0.70) (0.96) (0.58) (0.65) (0.86)



Table E.16: ANCOVA method performance at each time point - Coverage: Pattern 1

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

5 100 Cover. 94.5 95.4 94.7
MCSE (0.57) (0.53) (0.56)

200 Cover. 94.6 93.9 91.0
MCSE (0.56) (0.60) (0.71)

400 Cover. 95.2 92.3 89.5
MCSE (0.54) (0.67) (0.77)

600 Cover. 94.3 91.5 86.1
MCSE (0.58) (0.70) (0.87)

800 Cover. 94.5 90.8 81.1
MCSE (0.57) (0.72) (0.98)



Table E.17: ANCOVA method performance at each time point - Coverage: Pattern 2

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

1 100 Cover. 94.4 94.5 92.3 94.5 94.0 94.5 93.7 94.8 93.4 93.9 93.9 92.8
MCSE (0.57) (0.57) (0.67) (0.57) (0.59) (0.57) (0.61) (0.55) (0.62) (0.60) (0.60) (0.65)

200 Cover. 94.5 94.3 90.3 95.1 93.0 92.9 94.8 94.6 90.9 94.3 92.9 89.9
MCSE (0.57) (0.58) (0.74) (0.54) (0.64) (0.64) (0.55) (0.57) (0.72) (0.58) (0.64) (0.75)

400 Cover. 95.0 91.8 86.5 94.3 93.1 89.6 96.1 91.9 88.6 94.3 91.5 88.7
MCSE (0.55) (0.69) (0.85) (0.58) (0.63) (0.76) (0.49) (0.68) (0.79) (0.58) (0.70) (0.79)

600 Cover. 94.8 91.1 82.6 94.6 91.4 88.3 94.9 91.4 84.8 94.2 90.7 84.1
MCSE (0.55) (0.71) (0.95) (0.56) (0.70) (0.81) (0.55) (0.70) (0.90) (0.58) (0.73) (0.92)

800 Cover. 94.8 89.9 77.2 95.1 92.2 86.1 95.3 91.2 83.3 93.9 89.4 81.1
MCSE (0.55) (0.75) (1.05) (0.54) (0.67) (0.86) (0.53) (0.71) (0.93) (0.60) (0.77) (0.98)

2 100 Cover. 94.8 94.1 92.6 94.1 94.4 92.6 92.9 94.1 92.2 94.2 93.3 92.2
MCSE (0.55) (0.59) (0.66) (0.59) (0.58) (0.65) (0.64) (0.59) (0.67) (0.58) (0.63) (0.67)

200 Cover. 94.4 92.9 90.1 94.7 93.6 90.4 95.1 93.8 89.8 94.5 93.1 89.3
MCSE (0.58) (0.64) (0.75) (0.56) (0.61) (0.74) (0.54) (0.60) (0.76) (0.57) (0.64) (0.77)

400 Cover. 94.6 92.3 86.4 94.2 93.7 86.2 94.6 92.6 84.6 93.3 91.9 85.1
MCSE (0.57) (0.67) (0.86) (0.58) (0.61) (0.86) (0.57) (0.65) (0.90) (0.63) (0.68) (0.89)

600 Cover. 94.9 90.8 83.4 94.0 89.2 82.9 95.6 91.0 80.3 93.3 89.8 76.5
MCSE (0.55) (0.72) (0.93) (0.59) (0.78) (0.94) (0.52) (0.71) (0.99) (0.63) (0.76) (1.06)

800 Cover. 93.7 89.5 78.2 93.9 89.1 77.3 94.0 87.1 74.8 93.7 86.8 71.1
MCSE (0.61) (0.77) (1.03) (0.60) (0.78) (1.05) (0.59) (0.84) (1.08) (0.61) (0.85) (1.13)



Table E.17: ANCOVA method performance at each time point - Coverage: Pattern 2

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

3 100 Cover. 94.8 94.6 93.4 94.3 94.1 92.1 95.1 94.1 92.6
MCSE (0.55) (0.57) (0.62) (0.58) (0.59) (0.67) (0.54) (0.59) (0.65)

200 Cover. 94.8 93.8 90.2 94.3 92.7 89.9 95.2 92.1 88.2
MCSE (0.56) (0.60) (0.74) (0.58) (0.65) (0.75) (0.54) (0.68) (0.81)

400 Cover. 93.6 92.8 85.5 95.4 90.6 84.8 92.9 90.8 84.6
MCSE (0.61) (0.65) (0.88) (0.52) (0.73) (0.90) (0.64) (0.72) (0.90)

600 Cover. 94.9 91.1 81.4 93.9 88.8 78.3 93.6 89.5 78.1
MCSE (0.55) (0.71) (0.97) (0.60) (0.79) (1.03) (0.61) (0.77) (1.03)

800 Cover. 94.3 89.4 78.5 93.9 89.2 73.8 93.0 87.0 72.8
MCSE (0.58) (0.77) (1.03) (0.60) (0.78) (1.10) (0.64) (0.84) (1.11)

4 100 Cover. 93.4 93.5 91.8 94.8 93.6 93.1
MCSE (0.62) (0.62) (0.69) (0.56) (0.61) (0.64)

200 Cover. 94.3 93.1 90.0 95.1 92.3 89.8
MCSE (0.58) (0.63) (0.75) (0.54) (0.67) (0.76)

400 Cover. 94.4 90.3 86.9 93.5 91.9 85.5
MCSE (0.58) (0.74) (0.84) (0.62) (0.68) (0.88)

600 Cover. 93.8 90.6 80.8 93.1 90.1 79.1
MCSE (0.60) (0.73) (0.98) (0.64) (0.75) (1.02)

800 Cover. 94.2 88.3 73.6 93.7 88.9 72.8
MCSE (0.58) (0.80) (1.10) (0.61) (0.79) (1.11)



Table E.17: ANCOVA method performance at each time point - Coverage: Pattern 2

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

5 100 Cover. 94.9 93.8 93.5
MCSE (0.55) (0.60) (0.62)

200 Cover. 94.8 92.8 89.7
MCSE (0.56) (0.65) (0.76)

400 Cover. 93.4 91.4 84.1
MCSE (0.62) (0.70) (0.91)

600 Cover. 94.3 89.4 78.7
MCSE (0.58) (0.77) (1.02)

800 Cover. 92.9 86.9 71.8
MCSE (0.64) (0.84) (1.13)



Table E.18: ANCOVA method performance at each time point - Coverage: Pattern 3

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

1 100 Cover. 94.6 93.9 93.3 94.7 94.1 92.1 94.6 94.4 92.4 95.1 94.8 93.6
MCSE (0.57) (0.60) (0.63) (0.56) (0.59) (0.68) (0.56) (0.57) (0.66) (0.54) (0.55) (0.61)

200 Cover. 95.1 93.6 91.4 95.0 94.5 90.4 94.8 94.3 91.9 94.1 94.0 91.6
MCSE (0.54) (0.61) (0.70) (0.55) (0.57) (0.73) (0.56) (0.58) (0.68) (0.59) (0.59) (0.69)

400 Cover. 94.1 94.0 89.5 94.9 91.8 87.1 95.5 92.4 90.1 93.8 92.1 88.4
MCSE (0.59) (0.59) (0.77) (0.55) (0.69) (0.84) (0.52) (0.66) (0.75) (0.60) (0.67) (0.80)

600 Cover. 94.8 91.6 84.9 94.6 91.1 84.3 94.3 92.4 83.8 95.4 92.1 85.3
MCSE (0.55) (0.70) (0.89) (0.57) (0.71) (0.91) (0.58) (0.66) (0.92) (0.53) (0.68) (0.89)

800 Cover. 94.8 90.8 81.6 94.2 90.4 80.1 94.3 90.9 80.5 93.4 90.6 81.9

MCSE (0.56) (0.72) (0.97) (0.58) (0.74) (1.00) (0.58) (0.72) (0.99) (0.62) (0.73) (0.96)
2 100 Cover. 95.4 93.4 94.6 93.6 93.9 93.4 95.3 93.5 92.5 95.8 94.8 93.5

MCSE (0.52) (0.62) (0.56) (0.61) (0.60) (0.62) (0.53) (0.62) (0.66) (0.50) (0.56) (0.62)
200 Cover. 95.0 95.1 94.4 95.1 94.1 90.6 94.6 93.6 89.6 95.0 92.1 91.4

MCSE (0.55) (0.54) (0.57) (0.54) (0.59) (0.73) (0.56) (0.61) (0.76) (0.55) (0.67) (0.70)
400 Cover. 94.5 94.8 93.0 95.3 93.1 88.4 95.2 92.6 90.8 95.9 93.5 87.9

MCSE (0.57) (0.56) (0.64) (0.53) (0.64) (0.80) (0.54) (0.66) (0.72) (0.49) (0.62) (0.82)
600 Cover. 94.3 94.6 92.5 95.0 91.5 84.4 93.9 92.8 85.1 94.7 91.0 85.1

MCSE (0.58) (0.56) (0.66) (0.55) (0.70) (0.91) (0.60) (0.65) (0.89) (0.56) (0.71) (0.89)
800 Cover. 95.4 94.9 93.8 94.1 90.8 80.3 95.1 91.4 80.9 94.8 90.6 81.0

MCSE (0.53) (0.55) (0.60) (0.59) (0.72) (0.99) (0.54) (0.70) (0.98) (0.55) (0.73) (0.98)



Table E.18: ANCOVA method performance at each time point - Coverage: Pattern 3

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

3 100 Cover. 95.0 93.6 94.4 95.6 94.4 94.1 95.4 94.4 94.4
MCSE (0.55) (0.61) (0.58) (0.52) (0.57) (0.59) (0.53) (0.58) (0.58)

200 Cover. 94.7 95.6 93.4 95.3 95.4 93.8 94.8 94.6 93.1
MCSE (0.56) (0.51) (0.62) (0.53) (0.53) (0.60) (0.55) (0.57) (0.63)

400 Cover. 95.9 93.9 92.8 95.9 93.5 92.7 95.1 94.6 93.1
MCSE (0.49) (0.60) (0.65) (0.50) (0.62) (0.65) (0.54) (0.57) (0.64)

600 Cover. 95.5 93.8 89.8 95.2 93.4 90.4 94.7 94.1 91.5
MCSE (0.52) (0.60) (0.76) (0.54) (0.62) (0.74) (0.56) (0.59) (0.70)

800 Cover. 94.7 93.9 89.8 94.5 93.4 90.9 94.9 94.1 90.4
MCSE (0.56) (0.60) (0.76) (0.57) (0.62) (0.72) (0.55) (0.59) (0.73)

4 100 Cover. 95.0 93.9 93.6 94.7 94.9 93.4
MCSE (0.55) (0.60) (0.61) (0.56) (0.55) (0.62)

200 Cover. 94.2 95.0 92.4 95.1 94.1 93.1
MCSE (0.58) (0.55) (0.66) (0.54) (0.59) (0.64)

400 Cover. 94.6 94.6 93.9 95.3 93.7 92.2
MCSE (0.57) (0.57) (0.60) (0.53) (0.61) (0.67)

600 Cover. 94.7 95.3 91.8 95.1 93.9 91.3
MCSE (0.56) (0.53) (0.69) (0.54) (0.60) (0.71)

800 Cover. 95.6 92.1 88.1 95.8 93.6 88.1
MCSE (0.51) (0.68) (0.81) (0.50) (0.61) (0.81)



Table E.18: ANCOVA method performance at each time point - Coverage: Pattern 3

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

5 100 Cover. 95.1 95.4 94.9
MCSE (0.54) (0.53) (0.55)

200 Cover. 94.9 93.3 92.8
MCSE (0.55) (0.63) (0.65)

400 Cover. 94.9 94.4 92.2
MCSE (0.55) (0.57) (0.67)

600 Cover. 95.1 93.1 91.6
MCSE (0.54) (0.64) (0.70)

800 Cover. 94.3 94.3 90.6
MCSE (0.58) (0.58) (0.73)



Table E.19: ANCOVA method performance at each time point - Bias: Pattern 1

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

1 100 Bias -0.14 -0.38 -0.55 -0.06 -0.24 -0.46 -0.13 -0.28 -0.42 -0.13 -0.28 -0.60
MCSE (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)

200 Bias -0.17 -0.30 -0.55 -0.13 -0.27 -0.49 -0.07 -0.28 -0.49 -0.10 -0.32 -0.54
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

400 Bias -0.19 -0.33 -0.60 -0.13 -0.31 -0.46 -0.09 -0.28 -0.47 -0.13 -0.34 -0.52
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

600 Bias -0.14 -0.37 -0.59 -0.14 -0.26 -0.44 -0.10 -0.29 -0.50 -0.14 -0.33 -0.51
MCSE (0.02) (0.03) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.03) (0.02) (0.03) (0.02)

800 Bias -0.17 -0.32 -0.55 -0.12 -0.29 -0.47 -0.14 -0.31 -0.48 -0.11 -0.30 -0.59
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

2 100 Bias -0.20 -0.49 -0.84 -0.11 -0.30 -0.57 -0.09 -0.32 -0.53 -0.08 -0.28 -0.50
MCSE (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)

200 Bias -0.20 -0.57 -0.86 -0.18 -0.28 -0.55 -0.11 -0.30 -0.57 -0.07 -0.33 -0.56
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

400 Bias -0.23 -0.48 -0.85 -0.15 -0.36 -0.56 -0.13 -0.31 -0.53 -0.12 -0.31 -0.53
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

600 Bias -0.20 -0.51 -0.87 -0.13 -0.33 -0.50 -0.15 -0.33 -0.53 -0.14 -0.35 -0.53
MCSE (0.03) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.03) (0.02) (0.02) (0.02)

800 Bias -0.21 -0.47 -0.89 -0.16 -0.32 -0.54 -0.15 -0.33 -0.51 -0.15 -0.31 -0.57
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)



Table E.19: ANCOVA method performance at each time point - Bias: Pattern 1

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

3 100 Bias -0.12 -0.43 -0.78 -0.15 -0.36 -0.63 -0.14 -0.31 -0.60
MCSE (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)

200 Bias -0.18 -0.45 -0.87 -0.18 -0.39 -0.66 -0.10 -0.40 -0.65
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

400 Bias -0.19 -0.47 -0.84 -0.14 -0.40 -0.64 -0.15 -0.34 -0.62
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

600 Bias -0.24 -0.45 -0.83 -0.20 -0.39 -0.67 -0.18 -0.38 -0.61
MCSE (0.02) (0.02) (0.02) (0.02) (0.03) (0.03) (0.03) (0.02) (0.02)

800 Bias -0.22 -0.49 -0.84 -0.18 -0.41 -0.65 -0.14 -0.33 -0.62
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

4 100 Bias -0.21 -0.51 -0.80 -0.18 -0.36 -0.73
MCSE (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)

200 Bias -0.21 -0.47 -0.85 -0.08 -0.50 -0.70
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

400 Bias -0.19 -0.47 -0.82 -0.15 -0.42 -0.71
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

600 Bias -0.21 -0.49 -0.82 -0.19 -0.45 -0.70
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

800 Bias -0.21 -0.49 -0.86 -0.17 -0.34 -0.73
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)



Table E.19: ANCOVA method performance at each time point - Bias: Pattern 1

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

5 100 Bias -0.16 -0.40 -0.82
MCSE (0.06) (0.06) (0.06)

200 Bias -0.15 -0.49 -0.91
MCSE (0.04) (0.04) (0.04)

400 Bias -0.15 -0.48 -0.88
MCSE (0.03) (0.03) (0.03)

600 Bias -0.23 -0.52 -0.83
MCSE (0.02) (0.02) (0.02)

800 Bias -0.18 -0.45 -0.90
MCSE (0.02) (0.02) (0.02)



Table E.20: ANCOVA method performance at each time point - Bias: Pattern 2

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

1 100 Bias -0.31 -0.67 -1.08 -0.18 -0.45 -0.64 -0.18 -0.47 -0.85 -0.23 -0.72 -0.85
MCSE (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)

200 Bias -0.29 -0.57 -1.00 -0.15 -0.35 -0.73 -0.24 -0.51 -0.88 -0.20 -0.56 -1.02
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

400 Bias -0.18 -0.55 -1.01 -0.17 -0.45 -0.78 -0.23 -0.56 -0.86 -0.24 -0.58 -0.92
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

600 Bias -0.21 -0.57 -0.97 -0.18 -0.47 -0.73 -0.20 -0.52 -0.87 -0.22 -0.53 -0.95
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.03) (0.02) (0.03) (0.03) (0.02)

800 Bias -0.20 -0.59 -0.99 -0.17 -0.42 -0.73 -0.23 -0.46 -0.88 -0.26 -0.57 -0.93
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

2 100 Bias -0.24 -0.57 -1.06 -0.21 -0.52 -0.93 -0.22 -0.69 -1.15 -0.27 -0.69 -1.09
MCSE (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)

200 Bias -0.25 -0.54 -1.07 -0.24 -0.50 -0.97 -0.27 -0.63 -1.09 -0.27 -0.60 -1.19
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

400 Bias -0.22 -0.58 -1.01 -0.29 -0.54 -1.02 -0.27 -0.62 -1.08 -0.31 -0.68 -1.12
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

600 Bias -0.25 -0.56 -0.98 -0.30 -0.60 -0.99 -0.26 -0.61 -1.10 -0.24 -0.62 -1.20
MCSE (0.02) (0.03) (0.02) (0.02) (0.03) (0.02) (0.02) (0.02) (0.02) (0.03) (0.02) (0.02)

800 Bias -0.24 -0.57 -0.99 -0.21 -0.56 -0.99 -0.28 -0.59 -1.08 -0.30 -0.67 -1.15
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)



Table E.20: ANCOVA method performance at each time point - Bias: Pattern 2

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

3 100 Bias -0.28 -0.49 -0.93 -0.24 -0.61 -1.06 -0.35 -0.69 -1.12
MCSE (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)

200 Bias -0.21 -0.51 -0.96 -0.28 -0.62 -1.05 -0.28 -0.70 -1.16
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

400 Bias -0.29 -0.56 -1.01 -0.25 -0.64 -1.10 -0.28 -0.67 -1.12
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

600 Bias -0.27 -0.59 -1.01 -0.28 -0.62 -1.10 -0.26 -0.68 -1.14
MCSE (0.02) (0.02) (0.02) (0.02) (0.03) (0.02) (0.03) (0.02) (0.02)

800 Bias -0.23 -0.56 -0.99 -0.28 -0.59 -1.09 -0.29 -0.68 -1.12
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

4 100 Bias -0.29 -0.62 -1.14 -0.33 -0.72 -1.09
MCSE (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)

200 Bias -0.27 -0.61 -1.04 -0.25 -0.67 -1.13
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

400 Bias -0.24 -0.66 -1.08 -0.31 -0.70 -1.15
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

600 Bias -0.25 -0.61 -1.07 -0.24 -0.67 -1.12
MCSE (0.03) (0.02) (0.02) (0.03) (0.02) (0.02)

800 Bias -0.29 -0.59 -1.10 -0.30 -0.64 -1.16
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)



Table E.20: ANCOVA method performance at each time point - Bias: Pattern 2

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

5 100 Bias -0.30 -0.75 -1.06
MCSE (0.06) (0.06) (0.06)

200 Bias -0.27 -0.66 -1.22
MCSE (0.04) (0.04) (0.04)

400 Bias -0.30 -0.66 -1.16
MCSE (0.03) (0.03) (0.03)

600 Bias -0.26 -0.67 -1.14
MCSE (0.02) (0.02) (0.02)

800 Bias -0.30 -0.66 -1.15
MCSE (0.02) (0.02) (0.02)



Table E.21: ANCOVA method performance at each time point - Bias: Pattern 3

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

1 100 Bias -0.09 -0.41 -0.73 -0.12 -0.46 -0.95 -0.17 -0.57 -0.94 -0.20 -0.49 -0.75
MCSE (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)

200 Bias -0.20 -0.53 -0.80 -0.23 -0.53 -0.88 -0.29 -0.47 -0.97 -0.17 -0.52 -0.87
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

400 Bias -0.21 -0.47 -0.79 -0.18 -0.53 -0.90 -0.22 -0.48 -0.83 -0.25 -0.45 -0.89
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

600 Bias -0.20 -0.44 -0.86 -0.24 -0.54 -0.92 -0.19 -0.48 -0.89 -0.19 -0.47 -0.84
MCSE (0.02) (0.02) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

800 Bias -0.16 -0.46 -0.83 -0.22 -0.51 -0.92 -0.19 -0.48 -0.90 -0.19 -0.49 -0.86
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

2 100 Bias 0.01 -0.16 -0.28 -0.17 -0.51 -0.98 -0.18 -0.59 -0.89 -0.15 -0.43 -0.68
MCSE (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)

200 Bias -0.08 -0.26 -0.33 -0.14 -0.57 -0.99 -0.23 -0.45 -1.00 -0.24 -0.50 -0.83
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

400 Bias -0.10 -0.20 -0.34 -0.23 -0.52 -0.93 -0.22 -0.49 -0.80 -0.23 -0.49 -0.87
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

600 Bias -0.07 -0.19 -0.38 -0.23 -0.51 -0.94 -0.21 -0.49 -0.87 -0.17 -0.49 -0.84
MCSE (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

800 Bias -0.10 -0.16 -0.37 -0.19 -0.51 -0.93 -0.17 -0.49 -0.88 -0.18 -0.47 -0.88
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)



Table E.21: ANCOVA method performance at each time point - Bias: Pattern 3

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

3 100 Bias -0.09 -0.29 -0.73 -0.13 -0.44 -0.58 -0.10 -0.31 -0.48
MCSE (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)

200 Bias -0.05 -0.37 -0.53 -0.14 -0.26 -0.62 -0.13 -0.30 -0.54
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

400 Bias -0.12 -0.35 -0.55 -0.11 -0.24 -0.50 -0.13 -0.25 -0.56
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

600 Bias -0.14 -0.32 -0.56 -0.08 -0.29 -0.54 -0.08 -0.26 -0.49
MCSE (0.02) (0.03) (0.03) (0.02) (0.03) (0.03) (0.03) (0.03) (0.03)

800 Bias -0.11 -0.29 -0.57 -0.12 -0.33 -0.53 -0.11 -0.28 -0.54
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

4 100 Bias -0.04 -0.37 -0.62 -0.12 -0.25 -0.47
MCSE (0.06) (0.06) (0.06) (0.06) (0.06) (0.06)

200 Bias -0.23 -0.26 -0.64 -0.18 -0.29 -0.54
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

400 Bias -0.12 -0.25 -0.51 -0.16 -0.26 -0.52
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

600 Bias -0.11 -0.26 -0.56 -0.06 -0.27 -0.52
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

800 Bias -0.09 -0.31 -0.55 -0.10 -0.28 -0.56
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)



Table E.21: ANCOVA method performance at each time point - Bias: Pattern 3

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

5 100 Bias -0.12 -0.30 -0.45
MCSE (0.06) (0.06) (0.06)

200 Bias -0.12 -0.35 -0.52
MCSE (0.04) (0.04) (0.04)

400 Bias -0.16 -0.27 -0.56
MCSE (0.03) (0.03) (0.03)

600 Bias -0.05 -0.28 -0.51
MCSE (0.02) (0.03) (0.03)

800 Bias -0.10 -0.26 -0.50
MCSE (0.02) (0.02) (0.02)



Table E.22: ANCOVA method performance at each time point - Empirical standard error: Pattern 1

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

1 100 EmpSE 2.43 2.37 2.41 2.29 2.46 2.40 2.39 2.35 2.45 2.36 2.45 2.40
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

200 EmpSE 1.71 1.70 1.70 1.69 1.77 1.64 1.67 1.68 1.70 1.72 1.75 1.65
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

400 EmpSE 1.20 1.19 1.19 1.18 1.19 1.20 1.20 1.16 1.21 1.17 1.19 1.19
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

600 EmpSE 0.97 1.00 0.99 0.97 0.96 0.95 0.94 0.96 0.99 0.97 0.99 0.96
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

800 EmpSE 0.82 0.85 0.84 0.83 0.83 0.84 0.84 0.84 0.83 0.83 0.85 0.84
MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

2 100 EmpSE 2.35 2.39 2.40 2.44 2.42 2.40 2.36 2.49 2.49 2.40 2.44 2.44
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

200 EmpSE 1.66 1.68 1.68 1.71 1.69 1.68 1.72 1.66 1.73 1.65 1.71 1.69
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

400 EmpSE 1.18 1.12 1.15 1.20 1.16 1.17 1.20 1.19 1.17 1.18 1.16 1.21
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

600 EmpSE 0.99 0.99 0.95 0.97 0.96 0.95 0.98 0.96 0.99 0.97 0.95 0.93
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

800 EmpSE 0.84 0.84 0.81 0.79 0.83 0.84 0.85 0.83 0.85 0.85 0.88 0.84
MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)



Table E.22: ANCOVA method performance at each time point - Empirical standard error: Pattern 1

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

3 100 EmpSE 2.40 2.41 2.33 2.45 2.38 2.38 2.41 2.37 2.34
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

200 EmpSE 1.67 1.72 1.63 1.68 1.69 1.68 1.69 1.67 1.67
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

400 EmpSE 1.20 1.18 1.20 1.20 1.19 1.21 1.20 1.19 1.18
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

600 EmpSE 0.95 0.96 0.94 0.97 0.99 1.00 0.99 0.97 0.95
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

800 EmpSE 0.81 0.83 0.84 0.86 0.82 0.84 0.86 0.84 0.82
MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

4 100 EmpSE 2.43 2.33 2.33 2.36 2.37 2.38
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

200 EmpSE 1.71 1.69 1.67 1.70 1.72 1.71
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

400 EmpSE 1.18 1.18 1.22 1.21 1.22 1.16
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

600 EmpSE 0.97 0.98 0.96 0.97 0.96 0.97
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

800 EmpSE 0.85 0.83 0.81 0.85 0.84 0.84
MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)



Table E.22: ANCOVA method performance at each time point - Empirical standard error: Pattern 1

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

5 100 EmpSE 2.36 2.30 2.29
MCSE (0.04) (0.04) (0.04)

200 EmpSE 1.72 1.66 1.63
MCSE (0.03) (0.03) (0.03)

400 EmpSE 1.16 1.20 1.15
MCSE (0.02) (0.02) (0.02)

600 EmpSE 0.96 0.95 0.98
MCSE (0.02) (0.02) (0.02)

800 EmpSE 0.85 0.85 0.80
MCSE (0.01) (0.01) (0.01)



Table E.23: ANCOVA method performance at each time point - Empirical standard error: Pattern 2

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

1 100 EmpSE 2.40 2.33 2.38 2.39 2.40 2.38 2.52 2.33 2.42 2.41 2.40 2.41
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

200 EmpSE 1.67 1.67 1.65 1.65 1.77 1.67 1.69 1.69 1.69 1.72 1.70 1.70
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

400 EmpSE 1.20 1.19 1.15 1.23 1.18 1.21 1.15 1.19 1.19 1.19 1.21 1.15
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

600 EmpSE 0.95 0.96 0.96 0.98 0.98 0.97 0.96 0.98 0.97 0.99 0.98 0.95
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

800 EmpSE 0.82 0.84 0.84 0.83 0.85 0.83 0.82 0.84 0.81 0.85 0.84 0.81
MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

2 100 EmpSE 2.37 2.41 2.39 2.40 2.39 2.40 2.51 2.31 2.36 2.38 2.39 2.39
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

200 EmpSE 1.70 1.69 1.65 1.64 1.67 1.69 1.66 1.66 1.69 1.68 1.67 1.68
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

400 EmpSE 1.17 1.18 1.19 1.21 1.15 1.18 1.18 1.15 1.19 1.21 1.18 1.17
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

600 EmpSE 0.95 0.98 0.93 0.95 0.99 0.93 0.96 0.93 0.94 0.99 0.96 0.95
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

800 EmpSE 0.84 0.83 0.82 0.86 0.85 0.84 0.82 0.86 0.80 0.84 0.84 0.83
MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)



Table E.23: ANCOVA method performance at each time point - Empirical standard error: Pattern 2

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

3 100 EmpSE 2.36 2.39 2.30 2.42 2.40 2.39 2.35 2.42 2.35
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

200 EmpSE 1.68 1.68 1.67 1.67 1.71 1.68 1.66 1.68 1.70
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

400 EmpSE 1.24 1.18 1.21 1.15 1.20 1.17 1.23 1.19 1.16
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

600 EmpSE 0.98 0.96 0.96 0.97 0.99 0.95 0.98 0.97 0.96
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

800 EmpSE 0.85 0.84 0.80 0.83 0.84 0.81 0.85 0.85 0.83
MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

4 100 EmpSE 2.50 2.37 2.36 2.37 2.36 2.32
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

200 EmpSE 1.67 1.70 1.69 1.65 1.71 1.66
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

400 EmpSE 1.20 1.23 1.13 1.20 1.14 1.14
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

600 EmpSE 0.99 0.95 0.94 0.99 0.95 0.94
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

800 EmpSE 0.82 0.86 0.81 0.82 0.82 0.82
MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)



Table E.23: ANCOVA method performance at each time point - Empirical standard error: Pattern 2

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

5 100 EmpSE 2.37 2.39 2.27
MCSE (0.04) (0.04) (0.04)

200 EmpSE 1.70 1.68 1.65
MCSE (0.03) (0.03) (0.03)

400 EmpSE 1.21 1.19 1.15
MCSE (0.02) (0.02) (0.02)

600 EmpSE 0.96 0.96 0.94
MCSE (0.02) (0.02) (0.02)

800 EmpSE 0.84 0.83 0.85
MCSE (0.01) (0.01) (0.01)



Table E.24: ANCOVA method performance at each time point - Empirical standard error: Pattern 3

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

1 100 EmpSE 2.41 2.37 2.38 2.49 2.40 2.35 2.40 2.37 2.41 2.37 2.29 2.37
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

200 EmpSE 1.67 1.68 1.71 1.68 1.64 1.70 1.67 1.65 1.62 1.73 1.66 1.69
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

400 EmpSE 1.20 1.14 1.18 1.20 1.19 1.20 1.15 1.19 1.13 1.22 1.22 1.17
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

600 EmpSE 0.95 0.98 0.99 0.96 0.97 0.96 0.96 0.96 0.96 0.93 0.96 0.98
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

800 EmpSE 0.85 0.83 0.87 0.86 0.86 0.83 0.84 0.83 0.83 0.86 0.85 0.83
MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

2 100 EmpSE 2.36 2.46 2.37 2.51 2.37 2.34 2.36 2.45 2.37 2.35 2.35 2.40
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

200 EmpSE 1.67 1.62 1.70 1.68 1.62 1.67 1.68 1.66 1.70 1.61 1.74 1.70
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

400 EmpSE 1.19 1.18 1.21 1.16 1.17 1.17 1.17 1.18 1.14 1.13 1.19 1.19
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

600 EmpSE 0.98 0.97 0.97 0.97 0.98 0.96 0.98 0.97 0.95 0.98 0.98 0.98
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

800 EmpSE 0.84 0.83 0.84 0.86 0.83 0.82 0.82 0.84 0.81 0.82 0.85 0.83
MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)



Table E.24: ANCOVA method performance at each time point - Empirical standard error: Pattern 3

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

3 100 EmpSE 2.46 2.45 2.34 2.35 2.43 2.44 2.41 2.35 2.32
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

200 EmpSE 1.68 1.63 1.73 1.68 1.67 1.66 1.69 1.70 1.71
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

400 EmpSE 1.17 1.19 1.19 1.17 1.20 1.19 1.17 1.19 1.21
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

600 EmpSE 0.95 1.00 1.00 0.96 0.99 0.98 1.00 1.00 0.99
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

800 EmpSE 0.83 0.85 0.85 0.87 0.85 0.83 0.83 0.86 0.86
MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

4 100 EmpSE 2.35 2.45 2.40 2.42 2.37 2.48
MCSE (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

200 EmpSE 1.71 1.66 1.71 1.66 1.74 1.73
MCSE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

400 EmpSE 1.17 1.19 1.16 1.15 1.19 1.21
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

600 EmpSE 0.96 0.95 0.95 0.96 0.97 0.97
MCSE (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

800 EmpSE 0.81 0.87 0.86 0.81 0.84 0.86
MCSE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)



Table E.24: ANCOVA method performance at each time point - Empirical standard error: Pattern 3

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

5 100 EmpSE 2.39 2.35 2.35
MCSE (0.04) (0.04) (0.04)

200 EmpSE 1.68 1.70 1.71
MCSE (0.03) (0.03) (0.03)

400 EmpSE 1.17 1.20 1.20
MCSE (0.02) (0.02) (0.02)

600 EmpSE 0.94 0.99 0.99
MCSE (0.02) (0.02) (0.02)

800 EmpSE 0.84 0.84 0.85
MCSE (0.01) (0.01) (0.01)



Table E.25: ANCOVA method performance at each time point - Model-based standard error: Pattern 1

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

1 100 ModSE 2.41 2.39 2.40 2.41 2.40 2.40 2.40 2.41 2.40 2.40 2.40 2.40
200 ModSE 1.69 1.69 1.69 1.69 1.69 1.69 1.69 1.69 1.69 1.68 1.68 1.69
400 ModSE 1.19 1.19 1.19 1.19 1.19 1.19 1.19 1.19 1.19 1.19 1.19 1.19
600 ModSE 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97
800 ModSE 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84

2 100 ModSE 2.40 2.39 2.38 2.40 2.39 2.40 2.40 2.40 2.39 2.40 2.40 2.40
200 ModSE 1.69 1.68 1.67 1.69 1.68 1.68 1.69 1.69 1.69 1.69 1.68 1.68
400 ModSE 1.19 1.19 1.18 1.19 1.19 1.19 1.19 1.19 1.19 1.19 1.19 1.19
600 ModSE 0.97 0.96 0.96 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97
800 ModSE 0.84 0.83 0.83 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84

3 100 ModSE 2.40 2.39 2.38 2.39 2.40 2.38 2.39 2.39 2.39
200 ModSE 1.68 1.68 1.67 1.69 1.68 1.68 1.68 1.68 1.68
400 ModSE 1.19 1.18 1.18 1.19 1.19 1.19 1.19 1.19 1.19
600 ModSE 0.97 0.97 0.96 0.97 0.97 0.97 0.97 0.97 0.97
800 ModSE 0.84 0.84 0.83 0.84 0.84 0.84 0.84 0.84 0.84

4 100 ModSE 2.39 2.38 2.37 2.40 2.39 2.38
200 ModSE 1.68 1.67 1.67 1.68 1.68 1.68
400 ModSE 1.19 1.18 1.18 1.19 1.18 1.18
600 ModSE 0.97 0.97 0.96 0.97 0.97 0.97
800 ModSE 0.84 0.83 0.83 0.84 0.84 0.83



Table E.25: ANCOVA method performance at each time point - Model-based standard error: Pattern 1

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

5 100 ModSE 2.40 2.39 2.37
200 ModSE 1.68 1.68 1.66
400 ModSE 1.19 1.18 1.18
600 ModSE 0.97 0.96 0.96
800 ModSE 0.84 0.83 0.83



Table E.26: ANCOVA method performance at each time point - Model-based standard error: Pattern 2

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

1 100 ModSE 2.40 2.39 2.37 2.40 2.39 2.39 2.40 2.39 2.40 2.40 2.39 2.41
200 ModSE 1.69 1.68 1.67 1.69 1.69 1.69 1.69 1.69 1.68 1.69 1.68 1.68
400 ModSE 1.19 1.19 1.18 1.19 1.19 1.19 1.19 1.19 1.19 1.19 1.19 1.19
600 ModSE 0.97 0.97 0.96 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97
800 ModSE 0.84 0.84 0.83 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84

2 100 ModSE 2.40 2.39 2.38 2.39 2.39 2.38 2.39 2.39 2.38 2.39 2.39 2.38
200 ModSE 1.69 1.68 1.68 1.69 1.68 1.67 1.68 1.68 1.67 1.68 1.68 1.68
400 ModSE 1.19 1.19 1.18 1.19 1.18 1.18 1.19 1.18 1.18 1.19 1.18 1.18
600 ModSE 0.97 0.97 0.96 0.97 0.97 0.96 0.97 0.96 0.96 0.97 0.97 0.96
800 ModSE 0.84 0.84 0.83 0.84 0.84 0.83 0.84 0.84 0.83 0.84 0.84 0.83

3 100 ModSE 2.39 2.39 2.37 2.40 2.39 2.38 2.39 2.39 2.38
200 ModSE 1.68 1.68 1.67 1.68 1.68 1.67 1.69 1.68 1.67
400 ModSE 1.19 1.18 1.18 1.19 1.18 1.18 1.19 1.18 1.18
600 ModSE 0.97 0.97 0.96 0.97 0.97 0.96 0.97 0.97 0.96
800 ModSE 0.84 0.84 0.83 0.84 0.84 0.83 0.84 0.84 0.83

4 100 ModSE 2.40 2.38 2.38 2.39 2.39 2.38
200 ModSE 1.68 1.68 1.67 1.69 1.68 1.67
400 ModSE 1.19 1.18 1.18 1.19 1.18 1.18
600 ModSE 0.97 0.97 0.96 0.97 0.97 0.96
800 ModSE 0.84 0.83 0.83 0.84 0.84 0.83



Table E.26: ANCOVA method performance at each time point - Model-based standard error: Pattern 2

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

5 100 ModSE 2.39 2.39 2.38
200 ModSE 1.68 1.68 1.67
400 ModSE 1.19 1.18 1.18
600 ModSE 0.97 0.96 0.96
800 ModSE 0.84 0.84 0.83



Table E.27: ANCOVA method performance at each time point - Model-based standard error: Pattern 3

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

1 100 ModSE 2.40 2.39 2.37 2.41 2.39 2.37 2.39 2.38 2.37 2.38 2.38 2.37
200 ModSE 1.69 1.68 1.66 1.69 1.68 1.67 1.68 1.68 1.67 1.69 1.68 1.66
400 ModSE 1.19 1.18 1.18 1.19 1.18 1.18 1.19 1.18 1.18 1.19 1.18 1.18
600 ModSE 0.97 0.97 0.96 0.97 0.97 0.96 0.97 0.96 0.96 0.97 0.96 0.96
800 ModSE 0.84 0.84 0.83 0.84 0.84 0.83 0.84 0.83 0.83 0.84 0.83 0.83

2 100 ModSE 2.40 2.40 2.41 2.40 2.38 2.37 2.39 2.38 2.37 2.39 2.37 2.37
200 ModSE 1.70 1.69 1.69 1.69 1.68 1.67 1.68 1.67 1.67 1.68 1.68 1.66
400 ModSE 1.19 1.19 1.20 1.19 1.18 1.18 1.19 1.19 1.17 1.19 1.18 1.18
600 ModSE 0.97 0.97 0.97 0.97 0.97 0.96 0.97 0.96 0.96 0.97 0.96 0.96
800 ModSE 0.84 0.84 0.84 0.84 0.84 0.83 0.84 0.84 0.83 0.84 0.83 0.83

3 100 ModSE 2.40 2.41 2.41 2.41 2.40 2.40 2.40 2.40 2.40
200 ModSE 1.70 1.69 1.69 1.69 1.69 1.69 1.69 1.69 1.69
400 ModSE 1.19 1.19 1.19 1.19 1.19 1.19 1.19 1.19 1.19
600 ModSE 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97
800 ModSE 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84

4 100 ModSE 2.41 2.41 2.40 2.40 2.40 2.39
200 ModSE 1.69 1.69 1.68 1.69 1.69 1.69
400 ModSE 1.19 1.19 1.19 1.19 1.19 1.19
600 ModSE 0.97 0.97 0.97 0.97 0.97 0.97
800 ModSE 0.84 0.84 0.84 0.84 0.84 0.84



Table E.27: ANCOVA method performance at each time point - Model-based standard error: Pattern 3

Time points: 2 Time points: 3 Time points: 4 Time points: 5
Time β∗: 4 8 12 4 8 12 4 8 12 4 8 12
point n Type

5 100 ModSE 2.40 2.40 2.40
200 ModSE 1.69 1.69 1.69
400 ModSE 1.19 1.19 1.19
600 ModSE 0.97 0.97 0.97
800 ModSE 0.84 0.84 0.84



Appendix F

F.1 Publications and presentations

Publications

Chapter 2

Copsey B, Dutton S, Fitzpatrick R, Lamb SE, Cook JA: Current practice in method-
ology and reporting of the sample size calculation in randomised trials of hip and
knee osteoarthritis: a protocol for a systematic review. Trials 2017, 18(1):466.

Copsey B, Thompson JY, Vadher K, Ali U, Dutton SJ, Fitzpatrick R, Lamb SE, Cook
JA: Sample size calculations are poorly conducted and reported in many randomized
trials of hip and knee osteoarthritis: results of a systematic review. Journal of Clinical
Epidemiology 2018, 104:52-61.

Chapter 3

Copsey B, Thompson JY, Vadher K, Ali U, Dutton SJ, Fitzpatrick R, Lamb SE, Cook
JA: Problems persist in reporting of methods and results for the WOMAC measure
in hip and knee osteoarthritis trials. Quality of Life Research 2019, 28(2):335-343.

Chapter 4

Copsey B, Buchanan J, Fitzpatrick R, Lamb SE, Dutton SJ, Cook JA: Duration of
treatment effect should be considered in the design and interpretation of clinical trials:
Results of a discrete choice experiment. Medical Decision Making 2019, 39(4):461-
473.
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External oral presentations

Chapter 4

PRIFOR 2018: Copsey B, Buchanan J, Fitzpatrick R, Lamb SE, Dutton SJ, Cook
JA. Development of a questionnaire for a discrete choice experiment: a case study
on osteoarthritis medications. Oral presentation at Primary Healthcare Partnership
Forum (St John’s, Canada, June 2018).

PRIFOR 2019: Copsey B, Buchanan J, Dutton SJ, Fitzpatrick R, Lamb SE, Cook JA.
What is important to osteoarthritis patients when choosing between medications?:
Results of a discrete choice experiment. Oral presentation at Primary Healthcare
Partnership Forum (St John’s, Canada, June 2019).

Chapter 5

YSM 2019: Copsey B, Fitzpatrick R, Lamb SE, Dutton SJ, Cook JA. Should we
account for duration of follow-up in the calculation of minimum clinically important
differences? Oral presentation at Young Statisticians Meeting (Leeds, UK, August
2019).



External poster presentations

Chapter 2

OARSI 2018: Copsey B, Thompson JY, Vadher K, Ali U, Dutton SJ, Fitzpatrick R,
Lamb SE, Cook JA. Current practice in methodology and reporting of the sample
size calculation in randomised trials of hip and knee osteoarthritis: a systematic re-
view. Poster presentation at Osteoarthritis Research Society International conference
(Liverpool, UK, April 2018).

ISCB 2019: Copsey B, Thompson JY, Vadher K, Ali U, Dutton SJ, Fitzpatrick R,
Lamb SE, Cook JA. Current practice in methodology of sample size calculation in
randomised trials of osteoarthritis. Poster presentation at International Society for
Clinical Biostatistics conference (Leuven, Belgium, July 2019).

Chapter 3

PROMS 2018: Copsey B, Thompson JY, Vadher K, Ali U, Dutton SJ, Fitzpatrick
R, Lamb SE, Cook JA. Variation and poor reporting on the measurement of patient-
reported outcomes can hinder the interpretation of study findings: a case study using
the WOMAC measure. Poster presentation at Patient-reported Outcome Measures
conference (Birmingham, UK, June 2018).

Chapter 4

YSM 2018 and RSS 2018: Copsey B, Buchanan J, Dutton SJ, Fitzpatrick R, Lamb
SE, Cook JA. Using a discrete choice experiment of patient preference to inform the
design and interpretation of clinical trials: a case study in osteoarthritis. Poster
presentation at Young Statisticians Meeting (Oxford, UK, July 2018). Awarded best
poster at YSM, where the prize was registration and presentation at Royal Statistical
Society conference (Cardiff, UK, Sept 2018).

PROMS 2019: Copsey B, Buchanan J, Fitzpatrick R, Lamb SE, Dutton SJ, Cook JA.
Using discrete choice experiments to test the validity of PROMs: an example using
the WOMAC Index. Poster presentation at Patient-reported Outcome Measures
conference (Leeds, UK, June 2019).

Chapter 6

ICTMC 2019: Copsey B, Dutton SJ, Fitzpatrick R, Lamb SE, Cook JA. A simulation
study to compare longitudinal methods for the analysis of randomised trials and the
implications for sample size calculation. Poster presentation at International Clinical
Trials Methodology Conference (Brighton, UK, October 2019).
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