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Abstract

In this thesis statistical methodologies to improve reimbursement decisions in healthcare 

are developed. The allocation of healthcare resources is a very topical issue in the current 

economic climate. Given a limited healthcare budget it is important to distribute scarce 

resources fairly and efficiently. To aid decision making, new technologies are formally 

evaluated regarding their costs and benefits prior to reimbursement in so-called Health 

Technology Assessments. The work conducted in this thesis feeds into the evidence syn­

thesis as well as the decision theoretic aspect of this process.

Bayesian mixed treatment comparison models provide a powerful methodology to esti­

mate the relative efficacy between alternative agents, when direct evidence is not avail­

able or insufficient. To ensure efficient use of available evidence, the increiised power 

of continuous outcome measures in such models compared to dichotomized measures is 

illustrated. The impact of structural uncertainty on a subsequent cost utility analysis is 

investigated and incorporated using vahie of information. To facilitate informed decision 

making based on all available evidence, three alternative methodologies to systematically 

include evidence from different trial designs are developed.

Aside from relative efficacy, the decision on reimbursement is influenced by a number of 

other factors. A multi cniteria decision analysis approach is applied to the Irish health­

care setting to aid decision making based on multiple criteria. Based on past decisions, 

key drivers of reimbursement decisions and their relative importance are identified. The 

approach improves consistency and transparency in the decision making process.

All analyses are carried out through a Bayesian framework, which is well suited for a 

decision theoretic approach to health technology assessments.

Ill
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Chapter 1

Introduction

The aim of this thesis is to develop statistical methodologies which improve reimburse­

ment decisions in healthcare. The allocation of healthcare resources is a very topical 

issue in the current economic climate, where cuts in the healthcare budget are inevitable. 

Pharmacoeconomics has to deal with the consequences of resource scarcity. Given a lim­

ited healthcare budget it is important to distribute scarce resources fairly and efficiently. 

A new healthcare intervention provides value for money when the cost per additional 

unit of health benefit does not exceed the currently least efficient technology, which is 

reimbursed. In most European countries health technologies are formally evaluated re­

garding their costs and benefits prior to reimbursement. The term describing this formal 

evaluation is Health Technology Assessment (HTA).

A HTA is a support tool aiding decision making in healthcare. Bayesian Methods are well 

suited for a decision theoretic approach to the problem. Figure 1.1 shows a schematic 

illustration of the decision making process and where the work of this thesis feeds in.

Applied to healthcare reimbursement decisions, the question mark represents the prob­

lem at hand, whether or not a particular intervention should be reimbursed. In order to 

evaluate this decision problem, available evidence needs to be assessed and a decision rule 

applied, x(-) represents the evidence associated with an intervention and its compara­

tors. Based on ctirrent knowledge the decision maker has a prior distribution tt{M, 9) 

on the model M and the parameters 9 of the model. In an evidence synthesis relevant 

information X is collected and the prior is updated in light of the collected information. 

This yields a posterior distribution f{9, M\X) of the model M and the parameter 9 given 

the evidence X. In figure 1.1 this part of the process is marked blue. In order to take a 

decision based on the posterior distribution, a decision rule needs to be applied. A utility 

function u{-) indicates the utility of each possible outcome of the problem and allows 

for a ranking of the alternatives in terms of subjective, expected utility. Rank{di) refers

1



Fig. 1.1 : Schematic illustration of Decision Making and where the work of this thesis 

feeds into the process.

to the rank of decision d,. The decision should be taken such that subjective, expected 

utility is maximised; this refers to the red part of figure 1.1.

The work of this thesis feeds into both sides of this diagram. The impact of structural 

uncertainty in evidence synthesis has been assessed in relation to choice of outcome mea­

sure as well as structural choices within the model. While the current process only allows 

for the inclusion of randomized controlled trials (RCTs) as evidence, a methodology to 

allow for the inclusion of a wide variety of evidence sources has been developed. These 

aspects of the thesis fit into area I. of figure 1.1. The currently used utility function is the 

incremental net benefit; a measure combining the incremental costs and the incremental 

clinical effectiveness associated with an intervention. The work in this thesis proposes 

an alternative approach to utility, where other aspects influencing the decision on reim­

bursement (such as the overall budget impact, the quality of evidence or innovation) can 

be systematically included; this feeds into area II. of figure 1.1.

1.1 Evidence Synthesis

A key component of gathering the information for a HTA is the assessment of relative 

efficacy between alternative treatments. This is part of assessing the additional health



benefit a technology provides compared to relevant comparators and therefore provides 

the basis for estimating the cost per additional nnit of health benefit. When direct evi­

dence comparing alternative treatments is not available or sufficient, as is often the case, 

mixed treatment comparison (MTC) models provide a powerful methodology to estimate 

the relative efficacy between these treatments. MTCs are an extension of meta-analytical 

methods combining both, direct and indirect evidence. A major part of this thesis fo­

cusses on optimising and extending MTC methodologies with the aim of maximising the 

use of available evidence.

1.2 Multiple Criteria Decision Analysis

HTAs aim to aid informed decision making by assessing different aspects of health tech­

nologies. Clinical aspects, economic aspects, ethical aspects as well as the quality of ev­

idence need to be assessed; one is therefore facing a multi-dimensional decision problem. 

A systematic approach to combining the multitude of objectives influencing healthcare 

decisions inii)roves the transparency and coherence in the process. This is useful for the 

pharmaceutical industry on one side, because it is easier to predict the reimbursement 

decision at an earlier stage, but also benefits the decsion maker, since it provides justi­

fication when decisions are challenged. In this thesis a multi criteria decision analysis 

(MCDA) approach is proposed for the Irish healthcare system to systematically incorpo­

rate relevant objectives.

1.3 Overview of Chapters

A brief outline of the research conducted follows.

Chapter 2: Health Technology Assessment

This chapter introduces the concept of HTA with a particular focus on the technical 

components. Following a motivational introduction, a brief outline of the HTA process 

in Ireland provides the conceptual context for this thesis. It follows a review of method­

ologies for economic evaluations, which comprises of measuring costs and health benefits 

and how to determine cost-effectiveness. Methodologies to assess the uncertainty in eco­

nomic evaluations are introduced including probabilistic sensitivity analysis and value 

of information. A brief overview of other components of HTA is given to introduce the 

multiple dimensions of the decision problem.



Chapter 3: Statistical Methodology

This chapter details the statistical methods used throughout the analyses carried out for 

this thesis. All modelling is done in a Bayesian framework, which is particularly suitable 

for medical applications with an emphasis on decision making. The chapter begins with a 

detailed introduction to Bayesian inference. Models are fitted using MCMC techniques, 

which are described subsequently. Meta-analytical methods and extensions to mixed 

treatment comparisons are reviewed as well as an outline of Bayesian decision theory.

Chapter 4: MTC: Continuous versus Binary Outcome Measures

Dichotomized outcome measures result in a loss of power to detect relationships. While 

this is widely known in the statistical literature, this is of particular interest for MTC 

modelling for a number of reasons. Indirect comparisons suffer from an increased variance 

compared to direct comparisons, making it crucial to make the greatest use of available 

data. Furthermore, it has been pointed out that dichotomization can be used when de­

signing trials to quantify a treatment effect, which is the primary aim of many clinical 

trials aiming for license approval. Further use of the trial data for pharniacoeconomic 

assessments is not taken into account. Using a case study in rheumatoid arthritis this 

chapter presents a MTC model on a range of efficacy measures illustrating the increased 

power of continuous outcome measures in such models compared to using binary mea­

sures.

Chapter 5: Impact of Structural Uncertainty in Economic Evaluations

All economic evaluations are subject to uncertainty caused by model parameters as well 

as the model itself. The real task of an HTA can hence be described as aiding decision 

making in the presence of uncertainty. The impact of structural uncertainty is widely 

neglected in evaluations, while different structural choices can inhiience the decision 

regarding cost-effectiveness as well as the uncertainty surrounding the decision. This 

chapter investigates the impact of structural choices in the MTC model on the decision 

of a subsequent cost-effectiveness analysis. Structural uncertainty is quantified using 

generalized value of information methods based on the parameterisation of structural 

choices.

Chapter 6: MTC: Including observational evidence

One of the incentives to combining evidence in a MTC model is to make an informed 

decision based on all available evidence. Nevertheless MTCs are typically restricted to



evidence from randomized controlled trials (RCTs), which are considered to be the gold 

standard of evidence, because the controlled setting minimizes potential bias. On the 

other hand, the experimental setting limits the external validity, while observational data 

reflects reality well. In this chapter three methods to systematically include evidence from 

different trial designs in a MTC model are developed. The effects of including evidence 

other than RCTs in a MTC and the advantages and disadvantages associated with the 

three methods are illustrated using two case studies. The application in rheumatoid 

arthritis from the previous chapters is extended and a further case study in multiple 

sclerosis illustrates the effects in a more complex evidence structure.

Chapter 7: MCDA in the Irish healthcare setting

The decision whether or not to reimburse a new technology depends on a number of 

criteria. A multi criteria decision analysis (MCDA) is a formal approach to synthesize 

multiple criteria in decision making, which improves the transparency, consistency and 

coherence compared to a case by case approach. In this chapter a descriptive approach 

is taken to identify and weight criteria based on guidelines and past decisions to inform a 

multi attribute value modelling approach to MCDA in the Irish healthcare setting. The 

work identifies criteria which have influenced reimbursement decisions in the past as well 

as their relative importance. This is work towards a normative approach which can be 

implemented in the Irish healthcare system.

1.4 Research Contributions

The following are the main contributions made by the research contained in this thesis:

1. The development of a MTC model for continuous outcome measures in rheumatoid 

arthritis. The impact of dichotomizing outcome measures in MTC modelling.

2. The inclusion of structural uncertainty in the economic modelling of anti-TNF 

treatment strategies in rheumatoid arthritis and the assessment of the impact of 

structural choices.

3. The incorporation of evidence from different trial designs is an important problem; 

the methodologies developed in this thesis provide a novel solution to this problem.

4. The development of a descriptive MCDA approach for HTA in the Irish healthcare 

setting quantifies the impact of different criteria on the reimbursement decision. 

This is a novel approach to decision making in the Irish healthcare setting.
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Chapter 2

Health Technology Assessment

This chapter introduces the concept of Health Technology Assessment (HTA) with a 

particular focus on the technical components. A brief outline of the HTA process in 

Ireland is given to provide a conceptual context for this thesis. A review of methodologies 

for economic evalntions follows; models developed in chapters 4-6 aim to improve the 

process of evidence synthesis for such assessments. Other aspects of HTAs are outlined 

also; these form the basis for the multi criteria decision making approach to the Irish 

healthcare system discussed in chapter 7.

2.1 Introduction

The healthcare Imdget is the largest budget in Ireland; expenditure has increased from 

€5.7 billion in 2000 to €15.4 billion in 2009. €2.24 billion (15%) of this was spent 

on drugs in 2009. This growth rate is deemed unsustainable and the current financial 

situation makes budget cuts inevitable. The challenge is to maximise the benefit from the 

restricted bcidget. To ensure value for money, an evidence based, transparent decision 

making process is therefore very important.

A HTA aids decision making in healthcare by analysing new and existing interventions 

regarding multiple endpoints. The assessment thereby aims to derive the value of the 

technology relative to current clinical practice (Taylor and Taylor (2009)). A main focus 

lies in answering the following questions:

• How do the health outcomes of the technology compare with available treatment 

alternatives in terms of clinical effectiveness?

• Are these improvements in health outcomes commensurate with the additional costs 

of the technology?



HTA is a relatively new field, which has seen remarkable growth in the last two decades 

(Banta (2003)). Methods are now incorporated in national healthcare policy making 

processes regarding the reimbursement of drugs or other health technologies in Australia, 

Canada and most EU member states (Hutton et al. (2006)).

2.1.1 HTA in Ireland

Under the Health Act 2007, a statutory HTA agency was established as part of the Health 

Information and Quality Authority (HIQA). It is the agency’s responsibility to set stan­

dards for quality and safety in health services including HTAs; published guidelines are 

available online (HIQA (2011, 2010a,6)).

The National Centre for Pharmacoeconomics (NCPE) was established in 1998. Funded by 

the Irish Department of Health and Children (DoH&C) the NCPE conducts all pharma- 

coeconomic assessments for the Health Service Executive (HSE) to promote cost-effective 

prescribing.

An agreement between the Irish Pharmaceutical Healthcare Association (IPHA) and the 

HSE allows the HSE to request an assessment of any medicines which may have a signif­

icant budget impact on the Irish healthcare system (IPHA (2010)).

Currently all new medicines are subject to a rapid review, products are then either re­

imbursed or referred to a full economic assessment (Tilson and Barry (2010)). A full 

assessment consists of an economic evaluation, typically in form of a cost utility analy­

sis, a budget impact analysis, and a dynamic cost-effectiveness threshold allows for the 

inclusion of other aspects which may be of interest to the decision.

2.2 Economic Evaluation

An economic evaluation is a systematic process which compares the costs of an interven­

tion with its consequences and therefore gives a guideline of whether the intervention is 

good value for money or not. The most common form of an economic evaluation is a 

cost utility analysis (CUA), which is the approach recommended in the national HTA 

guidelines.

Let Ti and T2 be two treatments which are to be compared. The mean economic cost of 

each treatment is c, for i = 1, 2 and the mean clinical effects Cj for f = 1,2.

The outcomes of interest in a CUA analysis are the incremental mean costs and the



incremental mean effects which are deffned respectively as follows:

Be := Co — Cl
(2.1)

©e := 62 - Cl

2.2.1 Measuring costs and effects

For the economic costs of a new drug all types of outgoings that affect the healthcare 

system need to be considered. This comprises not only the drug costs themselves, but 

also training for new equipment and staffing costs etc. Generally, costs that occur from a 

wider range, for example time away from work, are not considered in the analysis. These 

costs might be considered in alternative scenarious.

While it is straightforward to allocate a monetary value to the mean economic costs, it 

is less obvious how to measure the effects. A CUA uses a combination of mortality and 

quality of life: quality adjusted life years (QALYs).

Definition 2.1 Quality adjusted life years (QALYs) are a scale used to quantify effec­

tiveness. It includes both, the quality and the quantity of life. The score is based on the 

number of years that would be added by the intervention. An additional year of life at 

perfect health is allocated the value 1.0, death the value 0.0. Life years of not perfect 

health are given a value in between. The health status is assessed using a questionnaire 

such as EQ5D, “a standardised instrument for use as a m,easure of health outcome”, 

EuroQol Group (2011).

The incremental costs and QALYs are often estimated using a Markov model. These 

simulation based models have the advantage over decision tree approaches of being able 

to model a time horizon of a life time. Evidence to inform inputs for these models 

may be sourced from a number of areas including natural history, epidemiology, efficacy 

and effectiveness and costs. Further modelling of the evidence is required, such as an 

evidence synthesis for effectiveness in order to combine different sources of data for use 

in the model. Further details on Markov models and meta-analysis for evidence synthesis 

are given in chapter 3. For the remainder of this chapter mean estimates for costs and 

QALYs are assumed to be known.

2.2.2 Decision rules

Once the values for the mean economic costs and mean clinical effectiveness for each 

treatment have been assigned, there are several ways of how to summarise the results of 

a CUA.

The standard has been the incremental cost-effectiveness ratio:

9



Definition 2.2 The incremental cost-effectiveness ratio (ICER) is defined by:

ICER := ^ = ^
©e 62 - ei

Being the ratio of incremental costs to incremental effectiveness the ICER represents 

the cost for one gained QALY by choosing treatment T2 over treatment Ti. Within a 

constraint budget, the healthcare payer must choose the intervention which will provide 

the most benefit for the least acceptable cost. A threshold K can be used to decide 

whether it is worth funding the treatment or not.

Definition 2.3 The threshold K represents the maximum acceptable price one is willing 

to pay for one additional life year at perfect health, i.e. for one QALY. U is called the 

willingness to pay (WTP). Beyond this threshold the intervention is not classed as good 

value for money. R was first introduced by Weinstein and Zeckhauser (1973).

There is a difficulty in interpreting the ICER which can be best explained looking at 

the cost-effectiveness plane in figure 2.1. The plane is divided into four quadrants corre-

ec

Q2
T2 less effective 
and more costly

Ql
T2 more effective 
and more costly

Q3 Q4
T2 lesr^"effective T2 more effective
.ailcl less costly and less costly

^ 06

Fig. 2.1 : Cost-effectiveness plane

sponding to the different signs of ©c and ©g. In quadrant Q4 one gains QALYs at a lower 

cost by using treatment T2, meaning T2 dominates Ti. In quadrant Q2 using treatment 

T2 yields a loss of QALYs at a higher costs; T\ dominates T2. In both quadrants the 

ICER is negative and the interpretation clear.

In quadrants Q1 and Q3 the ICER is positive. An ICER in Ql means that treatment T2

10



is more effective but costs more as well. Here the decision is taken using the threshold 

K. The dotted line in the graph has slope K, hence an ICER higher than K lies above 

the line and yields the choice of T\. while an ICER lower than K lies below the line and 

yields the choice of T2.

In quadrant Q'S treatment T2 is less effective, but saves money. The question for the de­

cision maker is whether the savings are high enough to justify the loss in QALYs; again 

the decision is taken using threshold K. However, in this case an ICER higher than K, 

which lies below the line, yields to the choice of treatment T2 and an ICER lower than K, 

above the line, yields the choice of Ti. This is where the confusion in the interpretation 

of the ICER arises. In Q1 high values for the ICER are supporting treatment Ti, while 

in Q3 high values for the ICER are supporting treatment 72.

In order to avoid this confusion another summarising measure is introduced, the incre­

mental net benefit.

Definition 2.4 The incremental net benefit (INB) is a function of the willingness to pay

threshold K and is defined by:

INB(K) := A Be - Be

The INB converts the incremental effectiveness into a monetary value and then substracts 

the incremental costs. Therefore it represents the incremental net monetary benefit.

Looking at figure 2.1 one can easily see that the INB is positive below the dashed line, 

where treatment T2 is the preferred option and negative above the dashed line corre­

sponding to the area where treatment Ti is preferred. In terms of making decisions one 

wordd choose the treatment with the highest INB. In chapter 3.4 it will be shown that a 

function like the INB is called a utility function. The INB is one of many possible utility 

functions for this application. There is no need for it to be linear, a function as in figure 

2.2 is a perfectly reasonable alternative. In this case the amount we are willing to pay 

per QALY depends on the total number of QALYs gained. While we are willing to pay 

a high amount for the first QALYs, we are not willing to pay as much for an additional 

QALY on top of an already high number of QALYs.

Remark 2.5 Choosing the willingness to pay K requires a lot of care. K can neither be. 

considered fixed nor random. Typically, the sensitivity to K is analysed using different 

values for K. The amount a healthcare system can spend per QALY gained obviously 

depends on the available budget and hence on the country, Spiegelhalter et al. (2004). 

The National Institute for Health and Clinical Excellence (NICE) in the UK considers

11



6c

Be

Fig. 2.2 ; Non linear utility curve

ICERs of less than £20,000 as cost-effective and discusses ICERs between £20,000 - 

£30,000. ICERs higher than this are approved only in very particular cases (National 

Institute for Health and Clinical Excellence (2004))-

Remark 2.6 In the threshold method the actual budget size is not considered. An alter­

native would be to line up the INBs of all new interventions and those with the highest 

INB would be successively picked until the budget is used. This, however, is not possible 

since not all INBs are available at the same time (Campbell (2010)). A more reasonable 

approach would be to consider opportunity cost by freeing up healthcare resources to pay 

for the more cost-effective option (Eichler et al. (2004)).

Remark 2.7 The INB is a utility function taking into account incremental costs and 

incremental QALYs. In section 2.4 at the end of this chapter a number of other criteria 

influencing the decision of reimbursement are introduced. Chapter 3 reviews methodolo­

gies of how multiple criteria influencing a decision can be included in a utility function. 

Such a methodology for the Irish healthcare system is developed in chapter 7.

2.3 Uncertainty in Economic Evaluations

As in all statistical analyses the estimates of the parameters of interest are surrounded 

by uncertainty. In this section different sources of uncertainty in a CUA are identified 

and ways of estimating and presenting the uncertainty are introduced.

Being aware of the uncertainty surrounding the estimates is important. However, eco­

nomic evaluations require a decision theoretic approach and, as M. Campbell said in 

Campbell (2010), “in the end one has to make a decision. One usually cannot simply

12



‘not reject the null hypothesis’[...]”. The real task can hence be best described as mak­

ing decisions in the presence of uncertainty. For further reading see O’Hagan and Luce 

(2003); Spiegelhalter et al. (2004); O’Hagan (2009).

2.3.1 Sources of uncertainty

Uncertainty in an economic evaluation arises from multiple sources. Adopting the cate­

gorisation proposed by Briggs (2000), one can distinguish between modelling uncertainty 

and parameter uncertainty, each of which can be further subcategorised.

Parameter uncertainty can relate to three different types of parameters, those regarding 

the choice of analytical method, those describing the patient sample, and those which 

could in principle be sampled from data. In modelling uncertainty one can distinguish 

between uncertainty based on the choice of the model as a whole and uncertainty which 

relates to the structure within a chosen model.

Bojke et al. (2006) give an overview of structural uncertainty in economic evalua­

tions. A number of decision models commissioned by the NHS are reviewed with the 

aim of defining structural uncertainties. Model selection methods and model averaging 

are reviewed and a method to parameterize structural uncertainty as an extension of 

these methods is proposed to allow for the inclusion of structural uncertainty in value 

of information calculations. More details on these methods are described later in this 

chapter. Figure 2.3 gives a graphical representation of the categorisation and examples 

for each source of uncertainty.

2.3.2 Estimating uncertainty

The different types of uncertainty introduced in the previous section require different 

treatments. A brief outline of these actions is given in this section, for more detail more 

detail see Briggs (2000). A step by step guide to assessing uncertainty in economic evalu­

ations is provided by Bilcke et al. (2011); starting with the identification and specification 

of uncertainties in the model, followed by the presentation of uncertainty in the model 

results and finally the assessment of which sources of uncertainty are the key drivers of 

the result.

Uncertainty relating to analytical methods, such as the applied discount rate, can be 

handled by well communicating the chosen method as a ‘reference case’. The sensitivity 

can be tested by employing a set of alternative methods, which are thought appropriate. 

In addition, this helps to compare different studies.

Patient sample characteristics do effect the economic evaluation, but are not uncertain-

13



e g. functional form of transition probability

Fig. 2.3 : Sources of uncertainty in an economic evaluation.

ties in itself. Issues relating to clinical margins (different reactions to an intervention due 

to clinical characteristics) or intensity margins (effect of different intensity levels of an 

intervention) should hence be dealt with outside of the formal analysis. Nevertheless, it 

is important to clearly specify the patient characteristics.

Uncertainty in the model structure can be addressed by modelling a set of alternative 

scenarious and investigating the impact on the decision, see for example Bojke et al. 

(2008) and a decision can be taken using model averaging (Jackson et al. (2010)), or pa­

rameterizing the set of options and address uncertainty in the same way as uncertainty 

in parameters which could in principle be sampled (Bojke et al. (2009)). Generally, one 

could deal with the overall model process uncertainty in a similar manner, however, one 

would need different teams of analysts in order to nnderstand the surrounding uncer­

tainty. Strong et al. (2012) have developed a method based on model discrepancy. The 

target outcome Z is modelled in terms of the model function f{X). where X refers to 

the model inputs, and a discrepancy term Sz-

Z = f{X) + 6z

The size of Sz is determined based on belief elicitation on sub-functional level. The 

advantage of this method is that structural uncertainty as a whole is considered rather 

than within a given set of model choices.
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Uncertainty arising from parameters that could in principle be sampled is estimated by 

performing a sensitivity analysis.

One Way Sensitivity Analysis

In a one way sensitivity analysis one parameter at a time is varied over a range of different 

values and the model rerun to compare the outcomes. The method is useful to determine 

which parameters have most impact on the results of the model, e.g. drug costs, efficacy 

or survival rates. Results are often presented on a tornado diagram, figure 2.4. The 

basecase ICER is represented by a vertical line in the middle and extensions to the left 

or right indicate increase or decrease in ICER with varying parameter values. A one way

Probability Variable Range

Mammo Oominani 

UanvTX) Dominant 

Mammo Dommanl 

*S1 79MyQALY

Incremental Cost Effectiveness in thousands ($/QALY)

Fig. 2.4 : Tornado plot demonstrating the parameters which increase or decrease the 

basecase ICER. (Taken from Moore et al. (2009))

sensitivity analysis is a rather superficial method, since joint impact of more than one 

varied input is not considered, even though it could be larger than the impact of just one 

varied variable. Furthermore, the true value of the input variable might not lie within 

the range of tested values. The preferred way of assessing uncertainty is a probabilistic 

sensitivity analysis (PSA); this is the recommended method by NICE (National Institute 

for Health and Clinical Excellence (2004)).

15



Probabilistic Sensitivity Analysis

A PSA allows exploration of the uncertainty associated with all parameters simultane­

ously. A probability density function is assigned to each input parameter representing 

the uncertainty in its true value. A random set of input values is drawn from these 

distributions and the model ran using these values. After repeating this process again 

and again a large sample from the output distribution is obtained, which can be used 

to infer about the uncertainty (Claxton (2008a)). A PSA is a very natural Bayesian 

analysis, since assigning probability distributions to unknown parameters is in effect a 

prior specification, this will be explained further in chapter 3.

2.3.3 Presenting Uncertainty

One way of visualising the results of a PSA is on a cost-effectiveness plane. A PSA 

provides a large sample from the joint posterior distribution of incremental effectiveness 

and cost /((©g, 0c)|dafa), from which a scatter plot can be produced. A schematic 

presentation can be found in figure 2.5.

Of interest is the probability of cost-effectiveness; the probability of treatment T2 being

0c

0e

Fig. 2.5: PSA results on a cost-effectiveness plane.

cost-effective is the probability of the true values of (Og, ©c) lying below the dashed line. 

Recalling that the INB is positive if and only if it lies below the line, naturally yields the 

decision theoretic approach of choosing treatment T2 if the expected INB E{INB{K))

16



is positive.

Clearly, threshold K plays a keyrole in determining E{INB{K)). As mentioned in remark 

2.5, the choice of threshold K is a complicated issue. Even though it is not a random 

quantity, it cannot be treated as a fixed value and therefore it makes sense to show how 

the outcome changes for different values of K.

One graph which has this required characteristic is the cost-effectiveness acceptability 

curve (CEAC). The CEAC plots the probability of a positive INB P{INB > 0) against K. 

Figure 2.6 shows the typical form of a CEAC. P{INB > 0) on the cost-effectiveness plane

Fig. 2.6: CEAC Example

is the proportion of the joined distribution which lies in the shaded area of figure 2.5. The 

extreme case of K = 0 corresponds to a horizontal line, meaning P{INB > 0) is equal 

to the probability of treatment T2 being cheaper than treatment Ti. The other extreme, 

K = 00. corresponds to a vertical line and P{INB > 0) is equal to the probability of 

treatment T2 being more effective than treatment Ti. In between these cases the shaded 

area in Q1 grows and the shaded area in Q3 shrinks. The CEAC in figure 2.6 is a typical 

form since in practise most probability functions are centered in Ql, in which case the 

CEAC increases.

In cases where more than 2 treatments are compared, the CEAC plots the probability 

for each of the treatments to yield the highest INB for given K.

The slope of the CEAC quantifies the uncertainty. A very steep slope means that one is 

quite certain for which values of K treatment T2 is cost-effective and for which it is not; 

whereas a very flat slope means that the decision of cost-effectiveness is very sensitive to

17



the choice of K.

2.3.4 Value of Information

When faced with a high level of uncertainty in the process of deciding whether to adopt 

treatment Ti or treatment T2 the question arises whether funding further research will 

yield a more accurate decision. The benefits of further knowledge can be quantified as 

the potential cost associated with making the wrong decision. The benefit of knowing 

the true value 0 of 0 = (0e,©c) is called value of perfect information, VPI{6).

Let 0.2 denote the shaded area in figure 2.5, where treatment T2 is preferred, and fli the 

w'hite area, where T\ is the preferred treatment. Suppose the joint posterior distribution 

suggests that treatment T2 is on balance the preferred treatment, i.e. EINB{Q\data) > 

0.

In the case of 0 6 112 the correct decision was taken and knowing 0 would not bring any 

benefit. If, however, 0 € fli the decision was wrong and a loss of —INB{9) occurs.

Definition 2.8 Value of information is defined as the potential loss when making the 

wrong decision.

VPI{e) = max(-7iV5(6'),0).

The expected value of perfect information (EVPI) is defined as follows.■

EVPI2 = E[max{-INB{6),0)\data]

The EVPI can be calculated simulating values of 0 using MCMC (Claxton (2008a); 

Brennan et al. (2007)):

1 ^ / 1 ^ \
EVPI = ^ V max INB{d, 0„) - max — V INB{d, e„)

yV * ^ d H \ r\ • ^ I
n=l i=l

The first part of this formula refers to the expected INB given perfect information. N is 

the number of PSA simulations; the parameter values of the simulation. Given 

perfect information, the decision maximising the INB is taken in each simulation step. 

The average of these INBs is taken to calculate the expected INB given perfect informa­

tion. The second part of the formular refers to the expected INB given current knowledge. 

Rather than choosing the decision which yields the highest INB for each simulation, the 

decision, which on average yields the highest INB is chosen. The EVPI is calculated as 

the difference in INB given perfect information and given current information. Further 

research is considered sensible if the involved costs do not exceed the EVPI.

The EVPI does not indicate the direction of required research. The expected value of
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perfect parameter information (EVPPI) considers each parameter separately and thereby 

indicates where to invest in further research. Let 6 — assuming perfect infor­

mation on only the subset of parameters 9i, the EVPPI represents the expected gain of 

obtaining this information. The following formula can be used to estimate the EVPPI:

^ J ^ INB{d, 91, elk) j - max f ^ X] |

fc=l \ j=\ ) \ i=l /

K values are sampled from the parameters of interest 0*; conditional of each 9\. J values 

of the remaining variables 9^ are sampled. The expected INB given perfect information 

on 9'' is calculated using nested loops. The second part of the equation representing the 

expected INB given current knowledge remains the same. The requirement of the outer 

and inner loop in the hrst part of the equation, makes the estimation of the EVPPI 

computationally expensive.

2.4 Other components of a HTA

So far it has been illustrated how to aid the decision of funding an intervention based on 

the incremental costs and clinical effects associated with the intervention compared to 

standard care. While the economic evaluation plays a dominant role in many healthcare 

decisions, the two dimensions of costs and effects do not stand alone. Some of the other 

aspects which are investigated in a HTA have been briefly mentioned in the beginning of 

this chapter. An overview of these aspects is given in this section.

Medical aspects

Medical criteria in a HTA encompass the efficacy and safety of an intervention. It has 

been shown how the relative efficacy of alternative treatments feeds into an economic 

evaluation. While a certain safety level needs to be demonstrated to gain licence ap­

proval from the European Medicines Agency (EMA) at an earlier stage, the costs and 

consequences of adverse events need to be accounted for in the economic evaluation.

Economic aspects

Each intervention is associated with a certain cost, including the actual drug cost, the cost 

of staff, training etc. In order to ensure value for money, the benefits of an intervention 

need to be balanced with the associated costs. The incorporation of efficacy and costs in 

an economic evaluation has been illustrated in the previous section.
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Budget Impact

While an economic evaluation determines whether an intervention provides good value 

for money, the budget impact analysis (BIA) estimates the actual monetary impact 

the reimbursement would have on the payer. A technology may be classed as cost- 

effective but the budget impact prevents reimbursement. In 2008, for example, the 

cervical cancer vaccine was assessed in the Irish healthcare setting and was deemed cost- 

effective with a low ICER of €17,385 per life year gained (Usher et al. (2008)). However, 

the budget impact of €9.7 million was deemed unaffordable by the payer at that time 

(Tilson and Barry (2010)). Budget impact is mainly driven by the size of the eligble 

patient population.

Social/ Ethical aspects

The decision of reimbursement is also influenced by social or ethical circumstances. It is 

difficidt to evaluate health states in children; the population is therefore generally willing 

to grant the benefit of the doubt when the patient population is children. In order to 

foster research one might increase the willingness to pay for very innovative treatments. 

The development of drugs for rare diseases (orphan drugs) needs to be encouraged, since 

it would otherwise not be commercially viable (Drummond et al. (2007)).

Quality of evidence

A decision based on the above analy.ses can only be as good as the underlying data. 

While Sensitivity analyses aim to capture the uncertainty surrounding the decision, it 

remains important to check the quality of the data to ensure unbiased estimates.

2.4.1 Combining components

Ireland adopts an implicit threshold approach. No threshold is officially stated, but it may 

be inferred from previous decisions made. The HSE is presented with summaries based 

on thresholds K=€20,000 and K=€45,000. Decisions are currently taken on a case by 

case method, a dynamic cost-effectiveness threshold allows for individual circumstances 

of each decision. This also allows for the consideration of the above components in the 

decision process.

A partially structured method to incorporate the different components may improve 

consistent and transparent decision making in healthcare, methods for multi criteria
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decision analysis are reviewed in chapter 3 and applied to the Irish healthcare system in 

chapter 7.

2.5 Summary

HTAs aid resource allocation decisions in health care and are now incorporated in na­

tional policy processes in many countries including Ireland. This chapter introduces 

the concepts of an economic evaluation; how to measure costs and benefits and how to 

present the outcomes. Uncertainty surrounding the analysis can be assessed using one 

way sensitivity analysis and probabilistic sensitivity analysis. The outcomes of a prob­

abilistic sensitivity analysis allow for the calculation of value of information estimates, 

which quantify uncertainty in monetary terms. This allows for the direction of further 

research. The value of a new intervention is not only determined by an economic eval­

uation. other aspects including ethical considerations, budget impact and the quality of 

available evidence also play a role.
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Chapter 3

Statistical Methodology

Subsequent cliapters make use of a variety of statistical methods. This chapter aims to 

provide a description of the theory of these methods. The chapter begins with an intro­

duction to Bayesian inference. All modelling is done in a Bayesian framework, which is 

particularly suitable for medical appliations with an emphasis on decision making (Ashby 

and Smith (2000); Ades et al. (2006)). Clinical evidence evolves over time; the use of 

a prior distribution allows for updating current knowledge as new data becomes avail­

able. Bayesian hierarchical models f)rovide a natural way of synthesising evidence from 

difference sources; which is necessary for an informed decision making process. A key 

component of decision making in medical applications is making predictions; predictions 

can be modelled in a straightforward manner using Bayesian statistics. Models are fit­

ted using MCMC techniques, which are described in the sec'ond section. Subsequently, 

meta-analytical methods and extensions to mixed treatment comparisons are presented. 

Also presented is an outline of the Bayesian decision theory which is the framework for 

integrating MCDA techniques in the Irish healthcare system.

3.1 Bayesian Inference

Statistics is concerned with inference, the act of deriving a statement about some un­

known features of a physical system based on available information (O’Hagan (1994)). 

For a long time the way to carry out inference was using so-called classical or frequentist 

methods, but since the middle of the 20*^ century the interest in an alternative, the 

Bayesian approach, has increased. It is now a widely accepted and established practice 

providing very natural and flexible methods to statistical problems. Bayesian inference 

and classical inference differ from each other in several major aspects.

Interpretation of probability: Probability is one of the core expressions in statistics.
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However, the two approaches interpret it differently. The classical framework views 

probability as a property of an event. Every person estimating this probability will agree 

on the same value. A Bayesian on the other hand will speak of the probability for an 

event, rather than of an event. Probability is said to be subjective, reflecting someone’s 

current belief for an event to happen based on his current knowledge. Therefore, different 

people will derive different probabilities for the same event.

Interpretation of parameters: Both approaches aim to make inference on a parameter of 

interest which represents a feature of the physical system. The definition of a param­

eter, however, differs. The classical parameter is an unknown, but fixed value, hence 

an estimate is given in form of a point estimate together with a range representing the 

uncertainty. The Bayesian parameter is treated as a random variable. The estimate is 

therefore given in the form of a probability distribution.

Information: Inference on a parameter is based on available information. Classical in­

ference bases its inference solely on data which was collected for the analysis. Bayesian 

inference, on the other hand, combines this data with prior knowledge. For example, if 

the aim was to determine the proportion of Dubliners using a bike as means of transport, 

the classical analysist would ask a sample of Dubliners regarding their bike use and base 

inference on this data. A Bayesian would include his prior belief of the proportion, which 

could for instance be the proportion which was estimated for a comparable city.

In healthcare one typically learns from experience, it is essential to combine multiple 

sources of evidence and the statistical models are becoming increasingly complex. While 

standard methods have difficulties dealing with these issues, the flexible Bayesian per­

spective seems to be particularly suitable (Spiegelhalter et al. (2004)).

The foundation of Bayesian statistics lies in Thomas Bayes’ theorem which was published 

in 1763, shortly after his death.

Theorem 3.1 Consider two events A and B. Then

P{B)-P{A\B)
P{B\A) =

which follows directly from the product rule:

P{A)

P{A,B) = P{A\B) ■ P{A) (3.1)

For the purposes in this thesis, the theorem needs to be rewritten in terms of random 

variables (RVs). Let 0 = (0i,..., 9p) be the parameter one is interested in making inference 

about and X = [Xi,Xn) some observed data. Then:

7r{d)-f{X\9)fm) = f{X) (x^(0)-/(X|0). (3.2)
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Tx{0) is called prior probability. f{X\9) the likelihood and f[9\X) the posterior probability. 

f{X) is a normalizing constant given by:

f{X) =
f 7t(9) ■ f(X\9)d9 (continuous RV) 

Ee ■ f(Xl9) (discrete RV)

Using these terms Bayes’ theorem can be interpreted as a formular for updating from 

prior knowledge to posterior knowledge by multiplying with It therefore describes

how a probability changes as new information becomes available.

Lee (1997) provides an accessible introduction to Bayesian inference; for more compre­

hensive texts see O’Hagan (1994); Bernardo and Smith (2000).

3.1.1 Prior Distribution

In almost all situations one has some knowledge about the parameter of interest 9 even 

before collecting and analysing new data. This knowledge can be based on an experts’ 

opinion, previous studies may have analysed the same effect or the analysist’s own knowl­

edge of the fihysical system may provide a range of plausible values. This prior belief is 

summarised using a probability density function tt{9) and is called prior probability.

The prior is not unique nor neccessarily plays an important role in the process of in­

ference. A whole range of different priors is available to express different reasonable 

opinions, ranging from sceptical over non informative priors to enthusistic priors. De­

pending on the aim of the analysis different prior distributions should be adopted, .see 

for example Spiegelhalter (2004). The more data becomes available the less influence the 

prior has on the result.

3.1.2 Likelihood Function

The likelihood function f(X\9) is given by the joint probability density of the observed 

data X — (Xi, ...,X„) given the parameters. As a function of the data given 0 it is a 

probability density. The likelihood is considered as a function of the parameter 9 given 

the data, which does not integrate to 1. For each value of 9 it tells how likely it is to 

observe data X.

3.1.3 Posterior Distribution

The i^rior distribution updated by the likelihood yields the posterior distribution f{9\X); 

the updating process is given by Bayes’ theorem:

posterior oc prior ■ likelihood
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The division of the right hand side by the normalizing constant f{X) ensures that the 

posterior integrates to 1. The posterior represents one’s updated state of knowledge about 

the parameter as one has learned about the data. The posterior distribution contains all 

available information about the parameter of interest. Therefore the task of inference is to 

provide suitable summaries of the posterior. Any summaries of the posterior distribution 

may be of interest for inference; moments, quantiles or highest posterior density (HPD) 

intervals. All of these can be expressed in terms of posterior expectations of functions of 

0 and take the following form:

jgie)7T{e)f{x\e)de
E[g{e\X)] =

j7T{9)f{x\0)de
(3.3)

3.1.4 Prior Elicitation

Prior elicitation is the process of constructing a prior distribution which reflects one’s 

background information. The two steps involved in the process are firstly the selection of 

a distribution and secondly the specihcation of the parameters of the chosen distribution. 

The choice of distribution is generally governed by mathematical tractability constraints. 

For this reason conjugate priors are often chosen.

Definition 3.2 A prior distribution is conjugate if it belongs to the same class of distri­

butions as the posterior distribution.

Using a conjugate prior has the advantage that when updating the prior distribution 

to the posterior distribution, only the parameter values change. The class of conjugate 

priors is often large enough to provide a good approximation of the “true” prior (Lee 

(1997)). Non conjugate prior distribution typically yield a posterior distribution which 

is not of closed form. In cases where a conjugate prior is not an appropriate choice, 

numerical methods can be used to sample from the posterior distribution.

Choosing the parameters for the prior requires great care. Expert opinion can be used 

to elicit various properties of the parameter (e.g. mean, quantiles) which are then used 

to fit the distribution. When little information is available, the specification of a non- 

informative prior is required. A non-informative prior is defined such that no information 

regarding the parameter in question is added to the analysis. When the support of the 

parameter is finite, a uniform distribution over this range is a typical choice. For other 

classes of distributions it is possible to choose parameters which result in a very flat 

distribution, giving almost equal probabilities to a wide range of plausible values.
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3.2 Monte Carlo Methods for Approximating Posterior Dis­

tributions

Monte Carlo methods refer to a class of numerical methods useful for obtaining numerical 

solutions to problems too complicated to solve analytically. Direct simulation techniques 

such as rejection sampling or importance sampling draw exact samples from the distri­

bution of interest, however, such methods break down as the dimension of 6 increases. 

Markov Chain Monte Carlo (MCMC) is an approximate sampling technique, which makes 

use of markov chains to draw random samples from a densitity which asymptotically ap­

proaches the density of interest. Using MCMC it is possible to solve problems of higher 

dimension. Gilks et al. (1996) provide a good introduction and overview to MCMC.

3.2.1 Monte Carlo Integration

Monte Carlo integration is a numerical integration technique using random numbers. It 

is useful for evaluating expressions of the form in equation 3.3. For simplicity assume 

the aim is to evalute the expectation of g{6), whose parameters have a density function 

n{9):

E[gm = J g{e)ni9)d0 (3.4)

Monte Carlo integration draws independent samples {9t,t = l,..,m} from 7r(-) and uses 

the.se to approximate the expectation:
rn

m (3.5)
t=i

The law of large numbers ensures that this approximation becomes as accurate as nec- 

cessary with increasing m. (Robert and Casella (2004)). It is typically not leasable to 

draw an independent sample, but it actually suffices if samples are generated by a pro­

cess which draws them through the support of the distribution in the correct proportions 

(Gilks et al. (1996)).

MCMC makes use of this through a markov chain with 7r(-) as the stationary distribution.

3.2.2 Markov Chains

Definition 3.3 A stochastic process is a set of random variables {9t : t E T} where T 

IS called the index set. Each {9t} takes a value in a set S, called the state space. This 

process is known as a discrete time stochastic process when the index set T is countable

Definition 3.4 A discrete time stochastic process {9t : t E T} is called a Markov Chain 

with countable state space S if:
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1. P(0„ G 5) = 1 Vn > 0

2. 9t+i is sampled from a distribution which only depends on the current state 9t:

P{9t+i\9oM,...,9t) = P{9t+i\9t)

This is known as the Markov property.

A Markov chain is homogeneous if the conditional distribution P{9t+i\9t) is independent 

of t. In such cases the probability distribution P(-|') is called the transition kernel.

Definition 3.5 • A markov chain is irreducible, if for any starting state sq G S there

is a positive probability to reach every region of the state space S.

• A state s has period k if any returns to state s must occur in multiples of k. If 

k = 1, a state is called aperiodic.

• A state s E S is recurrent, if a markov chain starting in s has a probability of 1 

to return to state s. A recurrent state is positive recurrent if the expected time to 

return to this state is finite. A markov chain is called positive recurrent if all states 

are positive recurrent.

• A homogeneous markov chain called ergodic, if it is irreducible, aperiodic and pos­

itive recurrent.

An ergodic markov chain of random variables will converge to a unique stationary dis­

tribution $(•) which does not depend on starting value 9o or t. Therefore, there exists 

an s such that {9t,t > s} are sampled from distribution $(■). The so-called burn-in 

{9t,t < s} are discarded and the remaining sample is used to estimate E[g{9)], where 9 

has distribution $(•):
1 ™

EW)] «-------  E siBt) (3.6)
m — s

t=s+\

This provides a solution to the problem in equation 3.5 if we can construct a markov 

chain with stationary distribution

3.2.3 Metropolis Hastings Algorithm

Using the Metropolis Hastings algorithm it is possible to construct a markov chain with 

the stationary distribution being the distribution of interest 7r(.). It was introduced by 

Hastings (1970) as a generalisation of the method by Metropolis et al. (1953).

The idea is quite simple. At each step (f -H 1) a sample candidate point Y is drawn
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from a proposal distribution q{-\0t). This sample candidate is accepted as 0^+1 with a 

probability a{9t,y)'-

-(''SSs)
The proposal distribution q{-\-) is of arbitrary form, however, the rate of convergence to 

the stationary distribution 7r(-) will depend crucially on the relationship between g('|-) 

and 7r('). q{-\-) should be chosen such that it can be easily sampled from and evaluated 

to increase computational efficiency.

3.2.4 Gibbs Sampler

Thronghout this thesis models are fitted using WinBUGs, a software package using 

MCMC methods including Gibbs sampling (Lunn et al. (2000)). Gibbs sampling was 

first introduced by Geman and Genian (1984). It is a special case of single compo­

nent Metropolis Hastings, which consists of iteratively updating each component of 

9 = {9i, ...,9p). Let 9t i be the state of the ith component of 9 at the end of iteration t 

and

9t.—i •— 9t+i.i^ ■■■19t+i.i—i^ 9t,i-\^i, ■■■, 9t p

be the set of all components of 9t except 9t.i at the T* step of the t + iteration. Each 

iteration consists of p updating steps where 9t.i is updated in step i of iteration f -t- 1 

using Metropolis Hastings algorithm. A candidate point for 0t+i,i is drawn from the 

proposal distribution

q^{Y,\9t.^,0t.-^).

The candidate is accepted with probability

n{Y,\9..^)q^{9.^\Y^,9.-iy
a{9_„ 9,, TO mm (^1, ^ q

where 7r(Ti|0 _0 is the fidl conditional distribution for 9,-i under 7r(-). If Ti is accepted, 

set 9t+i.i = Yi, else 9t+i.i = 9t.i-

Gibbs sampling is a special case of this method drawing from the full conditional distri­

bution;

q^(T^|0^,0-^) =7r(T,|0_O (3.8)

which gives an acceptance probability of 1. because draws from the conditional distribu­

tion are always accepted.

3.2.5 Convergence Diagnostics

Inference based on MCMC simulations is only valid if the inarkov chain has converged to 

the target distribution. Monitoring convergence therefore is very important to determine
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the number of burn-in iterations and to ensure valid inference. There are a number 

of convergence diagnostics, useful overviews of these methods can be found in Cowles 

and Carlin (1996); Brooks and Roberts (1998). All methods can fail to detect lack of 

convergence. The common advice is to apply a combination of diagnostic tools. This 

chapter will only discuss a small number of diagnostics, which are used in the remainder 

of the thesis.

Gelman and Rubin (1992) developed a diagnostic tool to test whether the markov chain 

has forgotten its starting point. The idea is to run multiple chains from overdispersed 

starting points and check that they are indistinguishable. Visually this can be done by 

checking if the 2 sequences can be distinguished on a time series plot. An example of 

a well behaved plot can be found in figure 3.1. A more quantitative approach is based

10000 15000 20000

Iterations

25000 30000

Fig. 3.1; Time series plot of 2 chains of a converged MCMC algorithm.

on the analysis of the variance. It is concluded that the algorithm has converged if the 

variance between the different chains does not exceed the variance within each individual 

sequence.

High autocorrelations within each chain indicate slow mixing and slow convergence. In 

order to explore the complete parameter space, a larger sample needs to be drawn. 

Autocorrelation can be assessed by looking at autocorrelation plots. Well behaved plots 

should show a decline in autocorrelation as lags decrease, an example can be found 

in figure 3.2. Autocorrelation can be improved by thinning, i.e. only using every 

iteration of each chain. Raftery and Lewis (1992) developed a method to determine the 

number of burn-in iterations and the thinning given the desired accuracy.

3.2.6 Markov Models

Markov processes are often used for modelling random processes that evolve over time, 

and are particularly suitable to model chronic diseases (Sonnenberg and Beck (1993); 

Briggs and Sculpher (1998)). The state space consists of different stages in the disease; 

the transition probability defines the probabilty of moving between disease states over a
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Fig. 3.2 : Autocorrelation Plot.

discrete time period. Death is included as an absorbing state. Each state is associated 

with a cost and a QALY and the time spent in each state after running the model for a 

large number of cycles allows the estimation of total cost and QALY associated with the 

intervention. Figure 3.3 shows the diagram of a simple markov model. Patients that are

Fig. 3.3 ; Three stage markov model

well, can either remain well, become sick or die. Sick patients can either recover, remain 

sick or die.

3.3 Meta-Analysis

Methods for synthesizing evidence have recently been highlighted as one of the key pri­

orities of research in pharmacoeconomics (Hughes (2012)). The statistical model for 

evidence synthesis is a meta-analysis (MA). This section provides an overview of cur­

rent methodologies for meta-analysis, which will be extended in subsequent chapters to 

improve evidence synthesis in pharmacoeconomics.
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Bayesian hierarchical models

A hierarchical model distinguishes between multiple levels of information, which allows 

for the modelling of hierarchical or clustered data (Goldstein (2010)). Many kinds of 

data are of this form, for example genetic data from a population can be clustered by 

family structures, i.e. youngest generation refers to level 1, their parents to level 2 etc. 

Meta-analysis is one form of hierarchical modelling, where level one refers to the effect 

observed in each individual study i and level 2 refers to the overall effect based on pooling 

the individual study effects.

Modelling hierarchical data requires the introduction of hyperparameters. Let yij be the 

observation in cluster j of level 1; each cluster yields an estimate of interest 9j. These 

9j are interpreted as an unobservable sample from the population distribution, which 

is defined in terms of hyperparameters T, which in turn need to be assigned a prior 

distribution. This yields the following structure:

Uij ~
9j ~ 7r(0|'I') (3.9)

~ 7r(T)

The joint prior distribution of (0,'!') is

n{9, ^') ~ 7r(0|^')7r('I')

yielding the joint posterior distribution

fi9,<f) cx ni9,i,)f{y\<i',9)

7^{9,^p)f{y\9)

For further reading see Gelman and Hill (2007), a general introduction is provided by 

Greenland (2000).

(3.10)

3.3.1 Simple Meta Analysis

Most of the time a single study group is far too small to allow a definite decision regard­

ing the involved error. MA solves this problem by combining trials evaluating the same 

intervention (Egger et al. (2002)).

A big issue MA has to deal with is making sure that the resulting estimate remains 

unbiased. Even if one only combines data from randomized controlled trials (RCTs) the 

problems of heterogeneity between study populations and publication bias remain. 

There are two ways of conducting a met a-analysis: A fixed effects setting and a random 

effects setting. Furthermore, one can build a model either in a classical or in a Bayesian
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environment. In the following, an explanation of the differences of these types and how 

to figure out which is the most suitable way for a particular situation is provided. A mo­

tivational introduction is given in Rosenthal and DiMatteo (2001). A guideline and an 

overview of methods can be found in Sutton, Duval, Tweedie, Abrams and Jones (2000); 

further reading can be found in Sutton and Abrams (2001) and Sutton and Higgins (2008).

A fixed effects model can be considered if there is no heterogeneity between the study 

populations.

Model 3.6 A ssume there are N studies measuring the effect of interest. In a fixed effects 

(FE) m.eta analysis the treatment effect estimated in each study is assumed to be the same 

across all studies. Mathematically this relates to the following model:

Ac[z] ~ ~ N{nt\i],rt[i])
hc[i] = i^[i]

ht[i] = i^[i] +

(5[f] = d

where Ac[f] and AJf] refer to the observed treatment effect in control and treatment arm 

of study i and rffi] and Tt[i] are the corresponding precisions, d is the estimated overall 

treatment effect.

(a) (b)

Fig. 3.4; DAG for (a) continuous and (b) binary meta-analysis model.

If homogeneity within the study populations cannot be assumed, a random effects meta­

analysis should be conducted. This model was first introduced by DerSimonian and Laird 

(1986).
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Model 3.7 A random effects (RE) model assumes that each study i, i = esti­

mates its own effect (5[i]. These study estimates together form the estimate of a common 

population mean d. The model therefore allows for the study populations to differ slightly 

from another. In mathematical terms the model takes the following form:

Ac[i] ~ N{fic\i], Tc\i]), Ai[i] ~ N{iat\i],Tt\i])

Rc\i] = i^[i]

p,t[i\ = r'[i\ + (^[i]

^'[i] ~ N{d,aj)

The difference to the fixed effects model is that the study effects are assum,ed to be 

normally distributed with a common mean d rather than constant, crj is the between trial 

variance parameter. Figure 3.4 (a) shows the corresponding directed acyclic graph (DAG) 

for this model.

Definition 3.8 A directed acyclic graph (DAG) allows for the graphical representation 

of a model, which fully describes the joint distribution of all unknown quantities. Each 

quantity is represented by a node; square nodes refer to constants, oval nodes to random 

quantities. Arrows show stochastic dependencies between nodes.

The aeceptaiice of heterogeneity within the study populations is an advantage and applies 

to most of the applications, however, since more variability is allowed for in the model, 

results are less precise. However, where between trial heterogeneity is small, both models 

give virtually identical results.

The above models assume a continuous outcome measure in the trials. Clinical trials very 

often report binary outcome measures, in such situations the model formulation changes 

slightly.

Remark 3.9 Please note that for binary outcome measures the first three lines in each 

model is replaced by

rc[f] ~ Bin{nc[i],Pc\i]), rt[i] ~ Bin{nt[i],pt[i]) 

logit\pc[i]] = v[i] 

logit\pt[i]] = v[i] + <^[*]

where nc[i\, nt[i] and rc[i\ and rt[i] are the number of patients enrolled and the number of 

responders in control and treatment arm of study i, respectively. in this case is the log 

odds ratio of treatment arm compared to the control arm in study i. The corresponding 

DAG is shown in figure 3.4 (b).
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The pooled estimate d is calculated as a weighted average of the individual study effects. 

There are several possiblities of calculating these estimates.

The inverse variance method uses the inverse of the within study variance as weights, 

yielding the following estimate for the treatment effect:

E(^^ • ^i)d —

where Wi = \ the inverse of the within study variance.
 ̂i

For binary outcome measures the Mantel Haenszel method provides an estimate for 

the overall odds ratio (OR) and the associated variance parameter (Mantel and Haenszel 

(1959); Robins et al. (1986)). Another method for pooling odds ratios is the Peto method 

(Yusuf et al. (1985)). It uses an inverse variance approach but utilizes an approximate 

method of estimating the log odds ratio; different weights are used also. Methods by 

Waru et al. (2002) allow for the estimation of other outcomes such as risk ratios or risk 

differences.

The models described in 3.6 and 3.7 are classical models. Both can easily be implemented 

in R; using packages ‘meta’ or ‘rmeta’.

Conducting a Bayesian analysis has the advantage of being able to include the whole va­

riety of available data (Higgins and Whitehead (1996)). The subjectivity of the Bayesian 

approach is sometimes seen as a disadvantage, since eliciting prior knowledge typically 

is not a trivial task. However, when sufficient data is available, the impact of the prior 

distribution becomes very small and both approaches yield very similar results. The 

mathematical models for fixed effects and random effects remain the same as in 3.6 and 

3.7. one simply needs to define additional prior distributions on d and as-

Assessing Heterogeneity

As mentioned earlier fixed effects can be used if the populations of the studies do not 

systematically differ from one another. If one cannot assure this, random effects should 

be used. Most of the time it is not obvious whether there is heterogeneity among the 

populations. There is no reason why they should be different, but one cannot be certain. 

In this situation, how can one decide which model to use?

In the classical framework there exist statistics to test for heterogeneity (Higgins and 

Thompson (2002)). When conducting the analysis in R. the summary function automat­

ically displays two of these: The 7^ statistic and the Q statistic. The 7^ statistic was 

developed by Higgins et al. (2003) and provides the percentage of variation across studies 

that are due to variation rather than chance.
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Definition 3.10 The P statistic is defined as

/2 = 100% Q-df
Q

where df=N-l are the degrees of freedom when combining N studies and Q is the Q- 

staMstic. The Q-statistic is the weighted sum of squared differences of individual study 

effects to the pooled estimate.

It is x^-test with — 1 degrees of freedom. The x^-test has low power when few studies 

are combined. In the Bayesian framework there are no such statistics. Alternatively, the 

deviance information criterion (DIG) can be calculated (Spiegelhalter et al. (2002)).

Definition 3.11 The PIC is a goodness of fit test, a generalization of the Akaike infor­

mation criterion. It is defined as follows:

DIC = pd + D

where D is the expected deviance D{9) = —2\og{f{X\9)) C. C is a constant, which 

cancels out when comparing two models and f{X\9) is the likelihood function. D favours a 

good fit; more complicated models are penalized by the effective sample sizepp = D—D[9), 

where 9 is the expectation of 9.

Since the fixed effects model is nested within the random effects model, a decision can be 

taken according to best fit. In addition, the residual deviance D on its own can be used 

as an absolute measure of fit (Dias et al. (2011)). Software packages such as WinBUGs 

include functions to calculate the DIG.

The estimate for between trial variance cr| also provides a helpful measure.

In cases where trials are homogeneous, random and fixed effects models provide similar 

estimates, since the between trial variance parameter is very small.

Meta-Regression

Meta-regression extends the above models to relate the observed effect to a characteristic 

observed in the involved trials (Thompson and Higgins (2002)). For example, in placebo 

controlled trials high disease severity at baseline may yield a higher treatment effect than 

lower disease severity. Meta-regression aims to explain the heterogeneity caused by such 

effects. A meta-regression model for a random effects MA was developed by Thompson
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(3.11)

and Sharp (1999). The model in 3.7 changes to:

Ac[i] ~ N{fic\i],Tc\i]), At[i] ~ N{fj.t[i\,Tt[i])

/ic[i] = i^[i\
= v[i] + (5[i] + P{x[i] - x)

(5[i] ~ N{d,aj)

where x[i] is the value of the covariate in study i, x its mean value. /? represents the 

change in effect size per unit increase in x and d now represents the effect size estimated 

at X.

Meta-regression results need to be interpreted with care. The relationship described 

is an observational association across the trials, even when the underlying trials are 

randomized. Another problem is caused when the relationship is based on average values, 

which is often the case when dealing with published trials. A small number of .studies does 

not allow for robust estimations. Therefore the meta-regression results should be taken 

as explanatory rather than used to actually estimate any relations between treatment 

effect and covariates.

Outcome measures

Measuring the efficacy of an intervention is not straight forward. For many medical 

conditions there are disease specific measures of disease activity and even for one condition 

there often exist a range of different measures. Improvement is typically measured as the 

difference in disease activity at two timepoints. Improvement can be either measured on 

a continuous scale or using a binary outcome. For continuous measures of improvement 

the outcome of a meta analysis is the difference in improvement:

A = Aa — Ab

Binary measures categorize patients as either responders, when their improvement is 

larger than a given value, or as non-responders, when their improvement is less than 

this given value. For binary data there are three common outcome measures of a meta- 

analysis: odds ratios (OR), risk ratios (RR) and risk difference (RD).

PA / PB

RR = pa/pb (3.12)

RD = PA- PB

Issues related to different summary measures for binary outcomes are highlighted by 

Deeks (2002). MA models as well as MTC models, which are described in the following 

section, can be fitted for all of these outcome measures.

OR =
I-PA ' i-PB

37



Publication Bias

Often, clinical trials which report a conclusive result are more likely to be accepted for 

publication than articles with negative or non-conclusive results. This yields a bias in 

the overall published literature, which is referred to as publication bias. The existence 

of publication bias has been confirmed in Dickerson et al. (1986) and Easterbrook et al. 

(1991). In an attempt to decrease this problem, prospective registration in a public 

database of randomized controlled trial was introduced.

It is important to assess the effect of publication bias on the results and conclusions 

of met a-analyses. The simplest method to detect publication bias is by looking at a 

funnel plot (Sutton, Abrams and Jones (2000)). Figure 3.5 shows a typical funnel plot 

of 35 simulated studies and the same data with 5 missing studies illustrating the effect 

of publication bias. The trim and fill method introduced by Duval and Tweedie (2000)
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Fig. 3.5 : Funnel plot for 35 simulated studies (top) and same data with five missing 

studies (bottom). (Taken from Sutton, Abrams and Jones (2000).)

allows the estimation of the effect size of publication bias by estimating number and 

effect of missing studies.

Unfortunately the above methods do not work well when small number of studies are 

combined. In such situations data bases must be searched for unpublished trials.

3.3.2 Mixed Treatment Comparisons

For many diseases a range of treatments is available. Estimates of their relative efficacy 

are of interest to inform clinical practice as well as economic evaluations. Two treatments
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A and B are ideally compared using direct evidence in the form of RCTs. However, due 

to financial or ethical reasons such trials might not be available. For the approval of a 

new intervention it is often sufficient to conduct a trial with placebo or standard of care 

as comparator rather then using existing alternatives, therefore drug companies usually 

have no interest in conducting head to head trials for a direct comparison to rivalling 

treatments. An ethical issue might arise when an existing drug is known to be effective 

making it unethical to conduct a trial for a new treatment where the control arm is given 

placebo. In these cases the new treatment is compared to the existing treatment and no 

placebo controlled trials are available. In situations where direct evidence is not available 

or insufficient one therefore relies on indirect evidence to estimate the relative treatment 

effects of interest.

The structure of available evidence can be described using diagrams.

Definition 3.12 An evidence network diagram illustrates the structure of available ev­

idence. The dijferent interventions are represented by nodes, solid lines between nodes 

represent direct evidence and a dotted line refers to indirect comparisons of interest. For 

simplicity, these dotted lines are often omitted in com.plex structures. For additional in- 

form.ation the solid lines can be labeled with the size and number of trials involved, in this 

direct comparison. Figure 3.6 (b) shows a simple example of an evidence network.

A mixed treatment comparison (MTC) is a generalization of a meta-analysis to include 

more than two treatments. Figure 3.6 shows the extension of the evidence structure of a 

meta-analysis to the simplest case of an indirect comparison. In a meta-analysis a range

(a) (b)

Generalise

(c)

(A>—-(D
®--------------- ©

® • • • ©

Fig. 3.6 ; Indirect comparison: Simplest case

of trials comparing the same two treatmenst A and B are combined to an overall (A vs. 

B) estimate, see hgure 3.6 (a). The simplest case of an indirect comparison extends this 

network to a third treatment C. Evidence now consists of trials comparing drug A and 

drug B and also a set of trials comparing drug A and drug C, figure 3.6 (b). Due to the
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common link to drug A it is possible to infer something about B versus C; it is defined 

to be the difference between them, as illustrated in hgure 3.6 (c).

While direct evidence is preferred, an indirect comparison can be conducted when none 

or not sufficient direct evidence is available. According to Lu and Ades (2004) there is 

nothing improper about the careful use of statistical methods for indirect comparisons, 

but there are concerns that the indirect estimate might be more biased and have a higher 

variance than a direct estimate. It is important, therefore, to be aware of the assumptions 

made and the issues concerning a MTC.

Since MTC modelling is an extension of meta-analysis, the same assumptions are required 

and the same concerns apply. In addition, MTC modelling requires the assumption of 

treatment exchangeability.

Definition 3.13 Treatment exchangeability is a similarity assumption between the trials 

included for the analysis. For the simplest case in figure 3.6 this means that the effect of 

drug B in the A vs. B trials would have been the same if one replaced drug C by drug B 

in the A vs. C trials.

When evidence networks are of closed loop design, meaning the existence of a closed 

circle of direct evidence within the network, as can be found in figure 3.8, it is po.ssible 

to determine the level of consistency among the trials (Lu and Ades (2006); Dias et al. 

(2010)). Dias et al. propose a node-splitting method which allows the comparison of 

estimation based on direct evidence and estimation based on indirect evidence. When 

analysing networks without closed loops, the analyst relies on clinical expertise when 

selecting the trials to ensure the assumption is fullfilled.

While indirect evidence provides further knowledge about the comparison of interest, the 

variance of an indirect estimate is typically larger than the variance of a direct comparison 

of similar size. For the simplest case, the variance of the indirect estimate is defined as 

the sum of the variances of the two direct estimates informing the comparison.

Var{Bvs.C) = Var{Avs.B) -\- Var{Bvs.C)

It is therefore particularly important to optimize the use of available evidence. Different 

methodologies have been developed to conduct a mixed treatment comparison. Wells 

et al. (2009) have published a summary of these methods.

Bucher method

The Bucher method is the first adjusted approach to mixed treatment comparison intro­

duced by Bucher et al. (1997). Adjusted methods use effects relative to a comparator
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rather than absolute efficacy and hence maintain the controlled environment of controlled 

trials. The Bucher method has been developed to calculate odds ratios as outcome mea­

sures for the simplest case scenario in figure 3.6 (b). Two meta analyses are conducted 

separately for the two sets of trials yielding the overall effect measures log(0/?^i,s,B) and 

log((fi?^us c). The indirect comparison estimate is defined as:

\og{ORBvs.c) = - log{ORAvs.B) + log{ORAvs.c) (3.13)

This way the method can only deal with the simplest case structure, however, it can 

easily be extended to more complicated networks, such as the star and ladder designs 

in figure 3.7 using pair wise contrasts. Models using different outcome measures such as 

risk ratios or risk differenes also exist.

(a) (b)

Fig. 3.7: Alternative evidence structures: (a) Star and (b) Ladder design

Lumley’s network analysis

When more than one common link is available between two treatments, Lumley’s net­

work analysis is applicable. The simplest case of a closed loop evidence structure can be 

found in figure 3.8. This method is an extension of the Bucher method and allows the 

determination of a level of consistency of the network. In figure 3.8 treatment A and 

D are two common links for an indirect comparison of treatment B and C. The proce­

dure is as before, but two estimates: log(0/?sj;s.c) can be calculated using each of the 

common links. These allow to determine the amount of agreement within the two esti­

mates and hence indicate the reliability of the result. In his paper Lumley (2002) gives a 

quantification of the incoherence of a network. Lumley defines incoherence to be the dis­

agreement between indirect estimates, which cannot be explained by measurement error 

and between trial heterogeneity. In addition to the random effects allowing for between
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Fig. 3.8: Evidence structure of closed loop design: Example for Luniley’s method

trial heterogeneity, he introdnces an additional random effects parameter measuring the 

change of effect based on different comparator links. In the absence of heterogeneity this 

parameter is expected to be close to zero; its variance is a measure of consistency.

Bayesian MTC

Bayesian hierarchical models provide a powerful tool to conduct a mixed treatment com­

parison. First introduced by Lu and Ades (2004), it is the most flexible approach to 

MTC being able to deal with all types of connected evidence structures. Indirect compar­

isons are performed simidtaneously where no direct evidence is available and borrowing 

strength across the network ensures an optimal use of the data. Caldwell et al. (2005). 

Jansen et al. (2008) provides a good introduction to MTC modelling.

The underlying mathematical model is an extension of the meta analysis model described 

in 3.7.
Ac[i] ~ N{iJ,c[i],Tc[i]), A,[i] ~ iV(pt[i], r([i])

IJcIi] = '^[i]

= z/[i] -H (5[i]

(I[f] ~ N{d[t\i]],Ts)

IC[k,l] = d[k]-d[l] k^l

d[k] ~ [-, -] Ts ~ [-, -] u[{\ ~ [-, -]

As before Ac[f] and Ai[i] refer to the observed treatment effects in the control and 

treatment group of study i with respective precision Tc[i] and T([i]. is modelled to be 

the relative treatment effect in study i. Assuming random effects, the study specific true 

effects are drawn from a normal distribution with a mean speciffc to the treatment d[k]-, 

t[i] refers to the treatment given in study i. The between trial precision parameter ts is 

assumed to be the same for all comparisons. Each comparison between treatment k and

(3.14)
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treatment I, IC[k, 1]. can be written in terms of basic parameters d[k]. Prior distributions 

are required for the study specific baseline effects u[i], the basic parameters and between 

trial precision r^.

The above model assumes a continuous measure of treatment efficacy, the corresponding 

model for binary measures has the following form;

rc\i] ~ Bin{nc\i],Pc[i\), rt[i\ ~ Bin{nt\i],pt\i]) 

logit\pc[i]] = iy[i\ 

logit\pt[i\] = iy\i] + (f[f]

^[f] ~ N{d[t[i\],Ts)

IC[k, 1] = d[k] - d[l] k ^ I

(3.15)

d[k] 1/1

In recent years Bayesian MTC models have developed to be a widely used tool in medical 

applications, examples include Cooper et al. (2006); Welton et al. (2009). Its value has 

been recently highlighted (Cooper et al. (2011)).

Meta-regression

The methods of Bayesian MTC modelling have been extended to allow for meta-regression 

(Nixon et al. (2007a)). In an attempt to explain heterogeneity among trial pof)ulations 

the methods introduced earlier for simple meta-analysis have been generalized to MTC 

modelling. This yields the following model, a combination of 3.11 and 3.14:

Ac[f] ~ N{gc[i],Tc\i]), At[?:] ~ iV(/it[t], Tt[i])

kc[i\ = i^\}]
pt[i] = i^\i] + ^b-] + Pix[i] - x)

^b] ~ N{d[t[i\],Ts)

IC[k, 1] = d[k] - d[l] k ^ I

(3.16)

d[k] X5 v\i\ ~ -

Results from meta-regression in MTCs need to be interpreted with even more care than 

when applied to simple MA. In addition to the methods discussed earlier, the issue of 

overfitting needs to be addressed. Overfitting occurs when the distributions of covariates 

do not overlap across the treatments (Kreif et al. (2012)). In the simplest case, for 

instance, if the covariates take generally higher values in the A vs. B trials than in 

the A vs. C trials, a meta-regression will confound the treatment effect by overfitting 

the regression to explain some of the effect due to the treatment rather than due to 

the covariate. Plotting the covariate distribution can help to assess this issue. When
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one common comparator exists in all trials, an alternative is to plot the observed effect 

against the mean value of the covariates for each trial. Trials analysing the same drugs 

should not be clustered.

hleta-regression provides a useful tool to explain heterogeneity due to known covariates. 

However, estimates should be taken as explanatory rather than for inference.

Measuring Inconsistency

The assumption of treatment exchangeability is difficult to test. All methods to esti­

mate inconsistency in a network rely on the comparison of different paths between two 

treatments. Inconsistency occurs when different paths yield different efficacy estimates. 

Therefore, only evidence of closed loop design allows for the estimation of inconsistency. 

When the evidence network has no closed loops, one has to rely on clinical expertise to 

select the trials for the analysis. Methods have been developed to quantify inconsistency 

in networks of closed loop design.

Lu and Ades (2006) adopt Lnmley’s concept of incoherence, but distinguish between sta­

tistical heterogeneity between trials estimating the same comparison and inconsistency 

occuring between groups of trials estimating different comparisons. Inconsistency de­

grees of freedom (ICDF) are defined by the number of independent evidence cycles in 

the network. Models making a consistency assumption, such as defined in line 3 in equa­

tion 3.14. are compared to models relaxing this assumption by introducing inconsistency 

factors (ICF) to this relation. Each IGF is associated with a loop in the network and 

its size is an estimate of the inconsistency in the loop. A similar approach of comparing 

models with and without inconsistency factors is taken by Salanti et al. (2008). The 

node-splitting method by Dias et al. (2010) separates the evidence based on direct ev­

idence and indirect evidence for network edges with potential inconsistency within one 

model. Posterior distributions are obtained for the treatment effect based on either form 

of evidence, which allows for a direct comparison. An increase in model fit when splitting 

a node indicates inconsistency. As before, the ICDF determine the maximum number of 

inconsistencies in a network.

3.4 Decision Theory

Making decisions is part of every day life; some decisions are simple, like choosing what 

to have for lunch, others are more complex, like deciding whether or not to buy a house. 

While a lot of decisions are made intuitively, some require more thought. In very complex 

cases it helps to formalise the process of decision making in order to provide guidance
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through the net of possibilities and uncertainties.

Healthcare is one of the areas where a lot of complex decisions have to be made which 

often have a large impact and affect the whole population. Since budget is limited, decid­

ing to spend money on one treatment effectively means taking it away somewhere else. 

In the current economic climate in Ireland this issue recently came to public attention 

(Lynch (2012)). An informed decision making approach is therefore important to ensure 

best possible care for the population. This section provides an introduction to the theory 

of decision making, for further reading see DeGroot (1970); Lindley (1985); French et al. 

(2009).

One is faced with a decision problem when a choice among alternative actions has to be 

made yielding uncertain consequences.

The first task is to identify all possible actions and all uncertain events related to tliese 

actions. Both lists have to be exhaustive and exclusive. One cannot exhaust the list of 

possible decisions by simply adding the negation of one decision, since this formulation 

is generally too vague. For example, when deciding whether to go to the cinema, the 

negation of not going naturally implies doing something else, like going for a dinner or 

having a relaxed evening at home. It might be impossible to consider all possibilities, but 

one should create a reasonable exhaustive list, which covers all relevant possibilities. The 

list has to be exclusive since the aim is to choo.se one element of the list as the decision. 

For example, consider the decision of what to wear for the day. A list of all clothes is not 

exclusive, since several pieces have to be chosen to create a complete outfit. The list of 

all possible outfits that can be created from your clothes is an exclusive list. Define the 

list of all possible actions as
d — {di, d2, ■■■, d-iyi).

Uncertain events are the other major part in decision making. If there was no uncertainty 

it would be possible to identify the best choice of action. For example, if we knew it was 

going to rain, there would be no debate on whether to take an umbrella. The list of 

uncertain events

0= (01,02,.

has to be exclusive and exhaustive to ensure that one and only one event of tlie list will 

occur.

The next step is to attach a probability to each of these uncertain events describing how 

likely it is for each event to occur.

p{0) =p(0i),p(02),...,p(0„).
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Table 3.1: Decision Table for the nninber of possible actions m = 3 and the number of 

uncertain events n = 4.

0i 02 O3 Oa

di u{Cii) u{Cu) u{Cis) u{Cu)

d2 u(C'2l) u{C22) u(C23) u(C24)

ds «(C3l) u{C'i2) U{C33) «(C’34)

p{01) p{d2) Pih) P{d4)

Once decision di is taken and 9j has occured all uncertainty is removed and the decision 

will produce a definite result, a foreseeable consequence, namely:

a

The term utility is introduced as a means of describing preferences between consequences. 

Each consequence is associated with a utility

^ (C'q) •

Based on this information it is possible to build a decision table to summarise all available 

knowledge. A decision table for the number of possible actions m = 3 and the number 

of uncertain events n = 4 is displayed in table 3.1.

The last step before deciding on one action is to combine probabilities for events with 

utilities of consequences, which is done in the expected utility of decision d,.

u{di) := y^ u{Cij)p{0j (3.17)
j=t

Now an informed decisioir can be made by choosing the action with the highest expected 

utility. Figure 1.1 in chapter 1 shows how this utility function feeds into the reimburse­

ment decision making process.

In cases where it is known that event 9^ will occur one simply has to choose action i. 

which yields the highest utility given the occurrence of 9^:

max u{Qk)

Decision Tree Analysis

An alternative to a decision table is provided by a decision tree, a clear and straightfor­

ward concept to break down a very complex decision into small decisions. Such a decision 

tree exists for all decision problems and is particularly suitable for problems that can be
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divided into sequential problems.

A decision tree grows in chronological order from left to right; it consists of decision nodes 

from where several branches representing different decisions origin, and random nodes, 

the starting points for branches representing the different uncertain events that might 

occur. Decision and random nodes alternate starting with a decision node and finishing 

with a random node. In order to distinguish between them, a circle refers to a random 

node and a square to a decision node.

To eac:h branch representing an uncertain event a probability has to be assigned. Since 

time passes from left to right it is important to consider that at any node information 

left of that node is available and has to be included into the probability.

The utilities from the decision table can be assigned to the terminal branches.

Now the decision tree can be analysed, which is done starting off at the terminal branches. 

This makes sense since one could not take a decision in the beginning of the tree without 

considering the consequences that are involved. For each random node, working from 

right to left, the expected utility is calculated using the assigned probabilities of the fol­

lowing branches and the utilities assigned to the end of these branches. At each decision 

node one can now choose the decision resulting in the higher expected utility, alternative 

decision branches are discarded. Once the base of the tree is reached the best decisions 

and their expected utilities are determined.

A decision tree for a simple decision problem can be found in figure 3.9.

3.4.1 Bayesian Decision Theory

The decision analysis process is a dynamic process, graphically represented in figure 3.10. 

A formal decision problem can be evaluated and a recommendation as to which decision 

is expected to yield the highest utility can be made applying the above process. However, 

as new information becomes available, perception about probabilities may change and 

the decision process needs to be refined in light of the additional evidence.

Decision theory therefore fits well within the Bayesian framework, where probability 

distributions can be updated as more information becomes available. Generally it is 

not practical to remove uncertainty from the problem, however, one might reduce the 

uncertainty by obtaining relevant information X. Using Bayes’ law the probabilities p{0) 

can be updated as information X becomes available;

p{e\x)<^p{e)-p{x\9)

Not only probabilities for events, but also utilities of consequences may change over time. 

Houlding and Coolen (2011) discuss ideas of adaptive utility in a Bayesian decision mak-
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Fig. 3.9: Decision Tree

Refine

Fig. 3.10: The dynamic nature of a decision analysis process.
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ing framework.

Value of information methods described in the previous chapter can be used to evaluate 

the expected gain from collecting additional data.

3.4.2 Multiple Criteria Decision Analysis

Many complex decision problems are driven by multiple, typically conflicting, objectives. 

French (2009) for example discusses a multi-attribute approach for the event of a nuclear 

accident, where each action is associated with conflicting objectives such as costs, public 

acceptability, stress, cancer-cases etc., which need to be jointly assessed to determine the 

overall consequences and utility of each action. In chapter 2 healthcare reimbursement 

decisions have also been identified as depending on multiple conflicting objectives. Costs 

and budget impact need to be minimised; clinical benefits maximised, while adverse 

events should be minimised, etc. Multiple Criteria Decision Analysis (MCDA) has been 

developed to aid decision making in such situations. In this section MCDA literature 

and current methods for applications in HTA are reviewed. For a general introduction 

see French et al. (2009).

When p criteria are taken into account the consequence Cij associated with action i and 

event j is no longer a unidimensional, but becomes a p dimensional vector

Cij — {Ciji,Cijp),

where each C^jk represents the achievement against one of the attributes which are con­

sidered.

Multi Attribute value modelling

The utility term introduced earlier in this section is generalized to a p-dimensional space 

to represent the preference of consequences.

The function is additive if it can be written as:

p

fc=l

where u^-iCijf;) are the marginal utility funtions. In order for the utility funtion to be 

additive the attributes need to be mutually preferentially independent.
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Definition 3.14 A subset of attributes is called preferentially independent of the remain­

ing attributes, if the preference between any pair of attributes from this subset does not 

depend on the levels of achievements of the attributes outside the subset. All attributes 

are said to be mutually preferentially independent, if this is true for all subsets.

Preferential independence is an important concept; if attributes are not mutually prefer­

entially independent, it is not possible to define preferences for different levels of achieve­

ments of one attribute independently of another. It is usually possible to choose attributes 

in a way that mutual preferential independence holds.

Definition 3.15 7^,; is called a constant relative tradeoff between Ck and Ci if an in­

crease of 7fc/ in Ck compensates a decrease of 1 in Ci.

An additive utility function is linear if it can be written as:
p

'a{Cij') {Ciji,..., Cijp) ^ ^ ujk ■ C'ljk

k=\
The Wk are called weights and the constant relative tradeoff between attributes is defined 

as 7fc; = The INB introduced in chapter 2 is an example of an additive utility 

function with 2 attributes (costs and QALYs). where threshold K is the relative tradeoff 

between costs and QALYs. For visual effects it may be useful to plot curves or surfaces of 

indifferences, which indicate combinations of attribute scorings where one is indifferent 

about the choice of action, e.g. the ICER on the cost-effectiveness plane in case of the 

INB.

To utilize multi attribute value modelling for decision making the alternatives need to 

be assessed against all criteria. In order to justify adding up the criteria the scores need 

to be normalized to the same scale; typically to values from 0 to 1 or from 0 to 100 are 

chosen, where the alternative with the worst outcome scores 0 and the alternative with 

the highest outcome scores 1 or 100. The weights need to take into account the relative 

importance of the criteria, but also the different scores within each criteria, when the 

lowest and highest scoring alternative are given 0 and 1 or 100 respectively. This may 

result in a low weight for an important criteria, when all alternatives score similarly on 

this criteria. Assessing the weights is not a trivial task, it is hence important to perform 

a sensitivity analysis on the relative weights between criteria. In the previous chapter 

the CEAC was an indication for the sensitivity to changes in the relative weight between 

costs and QALYs.

As before, the alternative with the highest expected utility is the preferred action.
n n p

max It (d,) := max 'O^k ' Cijkp{dj)
]=l j=i k=l
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Outranking

The outranking approach is based on pairwise comparisons of alternative actions. Com­

paring two actions and dj can result in either one action outranking the other, in which 

case this action is the preferred decision to take, they may be indifferent or incomparable. 

Action dfi is said to outrank action d, if there is sufficient evidence to justify that action 

dh is at least as good as action d,. Clearly this is the case, if

^k{C'hjk) ^ '^kiCijk^ VA' — 1, ■■iP-

However, typically one action does not score better than another action on all criteria. 

Therefore a more detailed definition of outranking is needed.

Definition 3.16 Concordance of dh is the evidence in favour for dh outranking di. It is 

defined as

CC(dh,d^) = T,keQ{dh,d,)
ELi

where Q{dh„di) is the set of criteria where dh performs at least as good as dj/ the Wi are 

the relative weights given to the criteria.

Definition 3.17 Discordance of dh is the evidence against dh outranking di. There is 

said to be discordance of dh outranking di if

3k : Uk{di) - Uk{dh) > tk-

th represents a level of minimal difference in attribute k which is deemed as no indiffer­

ence; it is called the discordance threshold.

Using the definitions of concordance and discordance it is possible to define the outranking 

relation between two alternative actions d/, and dj.

Definition 3.18 Action dh is said to outrank action di if there is no discordance and

CC(dft,d*) > CC

where CC is called the concordance threshold and defines the minimum difference in 

concordance deemed as relevant.

If dh outranks di and di outranks dh the two actions are said to be indifferent.

If neither choice outranks the other dh and di are said to be incomparable.

Compared to multi attribute value modelling the assignment of weights is easier, since 

they only need to represent the relative importance of the criteria. Furthermore there is 

no need to normalize the scales on which the criteria are scored. However, it is difficult to 

determine values for the discondance and the concordance threshold. For further reading 

see Figueira et al. (2005).
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Goal Programming

An attribute together with a direction, such as “minimize cost”, is an objective. A goal 

gk is defined as a level to be achieved for an objective, for instance a maximum cost of 

€15,000. The goal programming approach is based on satisfying goals. There are two 

main approaches of goal programming, lexicographic goal programming and weighted 

goal programming, see Tamiz et al. (1998).

For lexicographic goal programming the objectives need to be sorted according to priority 

and deviations from the goal are minimised sequentially.

Weighted goal programming assigns weights to unwanted deviations of the goals according 

to their relative importance. The aim is then to minimize the sum over the weighted 

deviations;
p

min DEV = + w-S^)

k=\

such that

fk{^)-^t^^k=Sk for /c=l,...,p

where and <5^ are the positive and negative deviations from the goal and fk{x) is the 

objective.

Using a hypothetical case study, Thokala and Duenas (2012) have illustrated how 

each of these techniques described above can be used for HTAs in the UK.

NICE are currently implementing the idea of value based pricing (VBP), a pricing strat­

egy which aims at setting the price for an intervention based on the value of the product 

to the NHS and the patient. This requires the assessment of what comprises value in 

a medical intervention. Health gain alone in form of the QALY does not capture all 

aspects of value; a number of other criteria need to be considered also. VBP and MCDA 

are closely related in that MCDA provides a methodology of assessing decision problems 

with multiple outcome criteria. Discussions as to what constitutes value are ongoing 

(Drummond et al. (2013)). For further information on value based pricing see Claxton 

(20086); Towse (2010); Orr et al. (2011).
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Chapter 4

MTC: Continuous versus Binary 

Outcome Measures

The work in this chapter has been done in collaboration with Dr. Roisin Adams, Chief 

II Pharmacist at the NCPE. who has provided information on the pharmaceutical back­

ground as well as conducted the systematic literature review and data collection. The 

clinical results have been published in Schmitz. Adams. Walsh. Barry and FitzGerald 

(2012) and the methodological aspect is published in “BMC Medical Research Method­

ology” (Schmitz. Adams and Walsh (20126)).

4.1 Motivation

Dichotomized outcome measures are widespread in medical research. The perceived 

advantage of simplicity in the interpretation comes at a cost, however (Royston et al. 

(2006)). The loss of information results in a loss of power to detect relationships, fur­

thermore the type I error rate may be inflated (Austin and Brunner (2004)), and there 

is a risk of underestimating the variance parameter. These issues have been discussed 

in the literature relating to a number statistical analyses (Chen et al. (2007); Sauerbrei 

et al. (2007); Breitling and Brenner (2010); Dawson and Weiss (2012)).

The work in this chapter demonstrates the consequences of dichotomized outcome mea­

sures in the context of MTC modelling. It has been pointed out that dichotomization can 

be used when designing trials to quantify a treatment effect (Seim and Julious (2009); 

.lulious et al. (1997)). Quantifying a treatment treatment effect is the primary aim of 

many clinical trials aiming for license approval. The anticipated efficacy level is taken 

as a cut-off point and results allow a straightforward interpretation. Pharmacoeconomic 

assessments of healthcare interventions are now a formal component of decision mak-
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ing in many countries, as described in chapter 2. Evidence syntheses typically rely on 

published clinical trials to estimate the relative efficacy among alternative agents to in­

form decision making. This has created an additional use of clinical trials demonstrating 

treatment efficacy, for which dichotomized measures suffer from disadvantages compared 

to the underlying continuous effect measure. It has been described in chapter 3 that 

the variance of an indirect comparison is larger than the variance of a comparable direct 

comparison; the variance increases with every indirect link in the chain. It is therefore 

crucial to make the greatest use of available data. The loss of power due to dichotomiza- 

tion adds to the increased variance in indirect comparions. This is especially problematic 

for MTCs (vs. pairwise meta-analysis), since they typically have large standard errors 

due to the indirect nature of the comparison.

Using a case study in rheumatoid arthritis this chapter presents a MTC model on a 

range of efficacy measures illustrating the increased power of continuous outcome mea­

sures in such models compared to using binary measures. For the presentation, the 

checklist suggested by Spiegelhalter et al. (2004) is followed to structure the analysis into 

‘background’, ‘methods’ and ‘results’ and further subcategories.

4.2 Background

4.2.1 The intervention

Rheumatoid arthritis (RA) is a chronic, progressive and disabling auto-immune disease, 

causing swelling and damaging cartilage and bone around the joints, see hgure 4.1. Any 

joint may be affected but it is commonly the hands, feet and wrists. Figure 4.2 shows 

a hand affected by RA. According to the National Rheumatoid Arthritis Society (2011) 

common symptoms are joint swelling, pain, morning stiffness, poor sleep, fatigue and 

weight loss.

Over the past decade enhanced understanding of the molecular pathogenesis has led to 

the development of biologic agents that target specific parts of the immune system. These 

innovative treatments have altered the path and face of RA and outcomes for patients 

and society. Tumour necrosis factor alpha antagonists (anti-TNF-a) are the first of the 

biologic treatment groups used in RA. There are currently five anti-TNF agents licensed 

for RA in Europe; adalimumab, certolizumab, etanercept, golimumab and infliximab. All 

of these agents have demonstrated considerable efficacy in placebo controlled randomized 

controlled trials (RCTs) in patients who have had an inadequate response to conventional 

Disease Modifying Anti-Rheumatic Drugs (DMARDs) such as methotrexate (MTX) or
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Fig. 4.1 ; Joint affected by Rheumatoid Arthritis (image taken from 

http://\vw\v.iiiains.nili.gov/hi/topics/arthritis/rHha.ndout.htin)

Fig. 4.2 : A hand affected by Rheumatoid Arthritis (image taken from

http://en.wikipedia.org/wiki/Rheuniatoid arthritis)

55



sulphasalazine.

While there is a wealth of RCT evidence available for these agents compared to either 

placebo or conventional DMARDs, there are currently very limited head-to-head RCTs 

of anti-TNF agents. Despite this, some estimate of relative efficacy in order to inform 

choice of agent is needed.

Anti-TNF agents are of high economic impact; in 2009 adalimumab and etanercept repre­

sented 30% of the High Tech Drug Reimbursement scheme (€84.3 million), which makes 

up 12% of the entire drug expenditure.

4.2.2 Aim of Analysis

In the present analysis a MTC model is fitted to estimate all pair-wise comparisons 

among the five TNF-a inhibitors and placebo, for a range of outcome measures using a 

Bayesian approach, as has been outlined in chapter 3.

Nixon et al. (20076) have developed a MTC model to fit the binomial American College 

of Rheumatology (ACR) outcome measure; it is possible to include trials with multiple 

treatment arms and to adjust for study level covariates. Jansen et al. (2008) have pre­

sented a MTC model on the outcome of the Health Assessment Questionnaire (HAQ), 

which is measured on a continuous scale. However, they did not allow for multiple 

treatment arms or the inclusion of baseline characteristics. The present analysis extends 

Jansen’s methods to allow for these.

The aim of this analysis is to demonstrate the advantages of using continuous measures 

in MTC models compared to using binary measures. While binary measures are useful 

for demonstrating a certain level of efficacy in clinical trials, the analysis will show that 

the loss of information when changing from the underlying continuous scale to the binary 

outcome measure results in a loss of power to detect differences between treatments in 

MTC analyses. Fitting models for a continuous improvement measure and a discretised 

version thereof as well as for binary outcome measures and a continuous version of these 

illustrates the enhanced power to detect differences of continuous measures compared to 

binary measures.

The chosen outcome measures are based on the ACR criteria and the HAQ score, details 

are described in the next section.

4.2.3 Efficacy Measures

There are a number of scales on which to measure disease severity and treatment efficacy. 

These alternative methods can differ in the medical aspects they measure as well as their
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Table 4.1: Measuring improvement in RA: ACR (American College of Rheumatology); 

HAQ (Health Assessment Questionnaire); DAS28 (Disease Activity Score). Note: *HAQ 

20 and HAQ 50 are not validated response measures, they have been created here for the 

purpose of illustrating the loss of power in binary vs. continuous measures.

ACR HAQ DAS28

continuous meanACR HAQ %-improvement DAS28

ACRhybrid

binary ACR 20 HAQ 20*

ACR 50 HAQ 50*

ACR 70

scale.

In order to estimate the relative efficacy between treatments one has to decide on a 

measure of disease activity and improvement. Commonly used measures in RA are 

the ACR criteria, the Disease Activity Score (DAS28) and the HAQ score. Table 4.1 

summarises the efficacy measures chosen for this analysis. While other measures exist 

in RA. they are outside the scope of this work and are discussed elsewhere (Saag et al. 

(2008)),

Definition 4.2.1 The ACR response criteria is a binary combination measure including 

the number of tender and swollen joints, patient’s global assessment, physician’s global as­

sessment, pain, degree of disability and level of acute-phase reactant. In order to achieve 

a ACR 20, ACR 50 or ACR 70 result, an improvement of 20%, 50% or 70% respectively 

is required in the swollen and tender joint counts as well as in 3 of the 5 remaining 

dimensions (Felson et al. (1995); Van Riel and van Gelstel (2000)).

Continuous measures based on the ACR criteria have been introduced including the 

meanACR and the ACR hybrid measure (Felson and American College of Rheumatology 

(2007)).

Definition 4.2.2 The meanACR measures the mean % improvement of the seven ACR 

core set measures.

Definition 4.2.3 The ACR hybrid measure combines the ACR 20, ACR 50 and ACR 

70 with the meanACR. A patient’s ACR hybrid outcome is the same as the meanACR, 

but restricted by his binary ACR response. For example, the outcome for a patient who 

is an ACR 20 responder, but not an ACR 50 responder is restricted to the interval [0.2, 

0.5).
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Definition 4.2.4 The DAS28 score is also a combination measure, but is measured on 

a continuous scale from 0 to 10. It incorporates swollen joint count (swollen28), tender 

joint count (tender28) (both out of a total of 28 defined joints), an evaluation of the 

patients general health (GH) and the erythrocyte sedimentation rate (ESR). The score is 

obtained using the formula

DAS28 = 0.56 • Vtender28 + 0.28 • \/swollen28 + 0.70 • \n{ESR) + 0.014 • GH 

(Prevoo et al. (1995)).

Definition 4.2.5 The HAQ score represents the result of a self-report questionnaire in 

which patients rate their ability to perform daily life activities such as washing one’s hair 

or getting in and out of a car. Values range from 0 to 3 in steps of 0.125, where high values 

indicate a m.ore severe disease status. The improvem,ent in HAQ score is measured on a 

continuous scale. The full questionnaire is available at “http://aramis.stanford.edu/HAQ.html”.

For the purpose of demonstrating the enhanced power of continuous measures in MTC 

models a discretised version of the HAQ score was defined;

Definition 4.2.6 Binary measures based on the HAQ score, HAQ 20 and HAQ 50, are 

defined analogously to AGR 20 and ACR 50. A patient achieves a HAQ 20 outcome, if 

his HAQ score has improved by at least 20%; a 50% improvement is required for HAQ 

50.

4.3 Methods

4.3.1 Data

A systematic literature review following the PRISMA method (Moher et al. (2009)), was 

performed to identify trials meeting the inclusion criteria. The search included pub­

lished studies up to and including October 2010 in PubMed. Embase and the Cochrane 

Database. Rheumatological inflammatory diseases other than RA, such as ankylosing 

spondylitis, psoriatic arthritis and connective tissue diseases were excluded from the 

search. The inclusion criteria were RCTs, patients with established RA who have had an 

inadequate response to MTX and who have been treated for at least 24 weeks (where 24 

week data were not available, data within 6 weeks either before or after 24 weeks were 

used). Both monotherapy and combination therapy were included with an explicit term 

in the statistical model allowing for the additional effect of MTX. The outcome measures 

chosen were those described in the previous section based on the ACR criteria, the HAQ
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score and the DAS28. Unfortunately the DAS28 was reported in too few trials to fit a 

MTC model (DAS28 was only reported in 6 trials, not representing each of the treat­

ments). The total number of patients, number of respondents achieving ACR response, 

and the mean improvement and standard deviations (SDs) in the case of the HAQ were 

extracted. Authors were contacted in cases where the required data were not reported. 

Where no access to the requested data was provided, the following methodology was 

applied: in cases where the mean was not reported, the median was used; in the absence 

of SDs, interquartile ranges (IQRs) were used to estimate SDs using a normal approxi­

mation. and, in the remaining cases, the maximum of clinical trial SDs was used. The 

doses of biological agents included are those included in the RCTs. Demographic data 

including age, dose of MTX, mean disease duration, baseline HAQ score and previous 

number of DMARDs were recorded.

4.3.2 Statistical Model

A Bayesian MTC model is fitted to the data for each of the outcome measures of interest 

(HAQ. HAQ 20. HAQ 50. ACR 20. ACR 50. ACR 70 and ACRcont), where ACRcont 

refers to the continuous measure based on the ACR response.

The MTC model was introduced in chapter 3; the continuous version in model 3.14 and 

the binary version in 3.15.

For the use of the model for RA data three adjustments have to be made. The model 

shovdd allow for more than one treatment arm per study; adjustments have to be made for 

the concurrent treatment with MTX. Furthermore, the improvement should be modelled 

relative to baseline disease activity; the reason being that disease activity at baseline 

influences the effectiveness of the intervention (Hyrich et al. (2006)). Also, the results of 

this analysis provide the basis for an economic analysis, which requires the percentage 

improvement in HAQ score as input parameters. A step by step approach is taken to 

allow for these issues in the above models.

As a first step the allowance for multiple treatment arms is included. Let index j refer 

to treatment arm j of study i. t[i.j] refers to the treatment given in arm j of study i and 

bi[i.j] refers to the baseline treatment associated with treatment arm j of study i. The
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continuous mathematical model then takes the following form:

Ma[*, j] = I'ii] + S[i,t[i,j]]

S[i,b[iJ]] = 0

~ N{d[t[iJ]] - d[bi[i,j]],Ts) (4.1)

d[l] = 0

IC[k,l] = d[k]~d[l] k^l 

d[k]^[-,-] Ts^[-,-]

The HAQ improvement in each arm j of study i, A[f, j], has a normal distribution with 

precision rA[f,j], given in the trials. The model makes the assumption that effects in 

treatment arms of the same study, where the same treatment is given, are constant; 

i.e. fixed effects are assumed for within trial study effects. Therefore it holds =

(5[f, f[j, j]]. This line has been omitted in the model for simplicity and is incorporated in 

line 2 of equation 4.1. None of the trials incorporates more than two different treatments; 

therefore it is not necessary to allow for between treatment correlation. This will be 

incorporated in chapter 6. Between trials the model assumes random effects, as before, 

and each comparison IC[k,l] can be written in terms of basic parameters d[k]. d[l] = 0 

defines treatment 1 to be the basic treatment; all other d[k] describe the effects relative 

to treatment 1. Prior distributions need to be dehned for basic parameters d[k] and 

between trial precision ts and

The binomial model allowing for multiple treatment arms takes the following form:

r[i,j] ~ Bin{n[i,j],p[i,j]) 

logit{p[i,j]) = Ui+ d[i,t[i,j]]

^[hb[i,j]] = 0

S[i,t[hj]] ~ ^{d[t[i,j]] - d[bi[i,j]],Ts) (4.2)

d[l] = 0

IC[k,l] = d[k]- d[l] k^l

d[k] ~ [-, -] TS ~ [-, -] iy[i\ ~ [-, -]

Changes from equation (3.15) to (4.2) are analogous to changes in the continuous case. 

A LOR 6[i,j] is obtained for each treatment arm relative to the baseline arm; treatment 

arms of the same study, where the same treatment is given, are assumed to estimate the 

same treatment effect; everything else remains the same.

In a next step the model is extended to allow for the concurrent treatment with MTX. 

The effect due to MTX is assumed to be additive, meaning the relative effect between
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two arms where no MTX is given is the same as the relative effect between two arms 

where MTX is given in both arms:

(A + MTX) vs. (B + MTX) = A vs. B

The continnous model takes the following form:

A[i,j] ~ N{^A[hj],TA[iJ])

= I'll] + a[i,t[i,j]] + b ■ I[i,j] 

a[i,b[i,j]] = 0

j]] ~ j]] - a[bi[i,j]],Ta)

a[l] = 0

IC[k,l] = a[k]-a[l] k^l

(4.3)

(4.4)

a [A'] v\i\ ~ -

The difference to the previous model described in equation (4.1) is the splitting of treat­

ment effect into a part representing the effect due to the drug of interest (in the RA case 

the anti-TNF effect) Q:[i,i[i,j]] and a part explaining the effect which is due to the con­

current treatment with MTX. b. indicates whether MTX was given in treatment

arm j of study i. By multiplying b with the indicator the assumptions of an additive ef­

fect as explaiiu'd above is implemented. In this way, only treatment arms, where MTX is 

given in either the treatment arm or in the respective control arm inform parameter b. As 

previously the effect in arms of the same study is assumed constant, a[f,j] =

(this line has been omitted in the equation for simplicity; the effect is incorporated in 

line 2 of equation 4.4.). Between trial random effects are assumed for a and fixed effects 

for the MTX effect. One could just as well assume random effects for b. but the RA data 

does not provide sufficient evidence to inform a between trial variability for b. All com­

parisons /C[A:,/] can be expressed in terms of basic parameters a[A’]. Prior distributions 

need to be specified for a-[A-], for b, for the between trial standard deviation ctq and for 

vli]. The binary version of this model is mathematically described as follows:

r[i,j] ~ Bin{n[i,j],p[i,j]) 

logit{p[i,j]) = u{i] +Q[i,t[i,j]] + b ■ I[iJ] 

a[i,b[i,j]] = 0

alhtihj]] ~ A^(a[A[bj]] - a[bi[i, j]],Ta) (4-5)

a[l] = 0

IC[k,l] = a[k]-a[l] k^l

a[A]~[-,-]
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Again, changes follow analogously to changes made in the continuous case.

In a last step the model is extended such that the drug effect ^J-A[i,j] depends on baseline 

disease activity. To model relative percentage improvement //a is modelled as a multiplier 

to the HAQ score at baseline A[i, j]. All other aspects of model (4.4) remain unchanged.

A[i,j] ~ N{iJA[i,j],TA[i,j]) 

p,A[i,j] = X[i,j] -SliJ]

S[i,j] = iy\i] + a[i,t{i,j]] + b- I[i,j]

^ “ (4.6)
a[ht[hj]] ~ Nia[t[i,j]] - a[bi[iJ]],Ta)

a[l] = 0

IC[k,l] = a[k]-a[l] k^l

a[k] Tr, ~ vh] ~

The binomial measures selected for this study are by definiton relative to baseline disease 

activity, since the cut-off between response and no response is a % improvement relative 

to baseline. It is therefore not necessary to adjust the model defined in equation 4.5 

further.

These final models in equations 4.5 and 4.6 enable the estimation of relative efficacy of a 

number of treatments while allowing for multiple treatment arms, concurrent treatment 

with additional medication and dependence of treatment effect on baseline disease activity 

for both, continuous and binary outcome measures. In the continuous case differences in 

efficacy are estimated; odds ratios are estimated in the binary case. Using methods by 

Warn et al. (2002) the model can be modified to calculate other measures, such as risk 

ratios.

Model 4.5 has been developed by Nixon et al. (20076) for the binary case.

4.3.3 Prior Distributions

The models described above require prior distributions for the basic treatment effects, 

for the effect due to MTX, for the between trial precision and for the baseline response. 

Vague priors have been chosen for all of these. For d[k] in models (4.1) and (4.2), for 

a[k] and 6 in (4.4) - (4.6) as well as for the baseline response r'[f] a normal distribution 

centred at no treatment effect 0 with a very low precision 0.0001 have been chosen:

d[k] ~V(0,0.0001) 

a[k] ~V(0,0.0001)

6 ~V(0,0.0001)

iy\i] ~V(0,0.0001)
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The same prior can be used for both continuous and binary models, since the improvement 

difference and the log odds ratios take values on the real line where 0 represents no 

difference. The priors do not favour any of the drugs and allows for a wide range of likely 

values in favour for each. It is a widely used vague prior on treatment effects.

Rather than on the between trial precision parameter directly, the prior was defined on
between trial standard deviation = yT/V^ . A uniform distribution was chosen, 

as proposed by Gelman (2006).

cr^/a ~ dunif{(), 2) (4.8)

To test whether the range of the uniform prior was chosen appropriately the analysis 

has been renin using wider ranges (dum/(0, 5) and dunif {0,7)) and estimates did not 

change. Spiegelhalter et al. (2004) suggest a half normal distribution as an alternative 

choice for the prior distribution of the heterogeneity parameter. The choice of a half 

normal distribution (dnorm(0, 4)7(0,)) did not change estimates noticeably.

4.3.4 Computation / Software

The MTC models were fitted in WinBUGs. a MCMC software using Gibbs sampling 

(Lunn et al. (2000)). The complete code and input data is provided in appendix A. 

Comimtational feasability allowed for a large number of iterations. Each model discarded 

50.000 bnrnin iterations and was run with fOO.OOO iterations and two chains. Convergence 

was analysed in R using the CODA package (Plummer et al. (2006)); the effective sample 

size was checked, and visual inspection of the autocorrelation and the chains confirmed 

convergence.

4.4 Results

4.4.1 Data

The systematic literature review identified sixteen RCTs meeting the inclusion critera, 

figure 4.3 shows the flow diagram of the selection process. Five trials met the inclusion 

criteria for adalimumab, four for infliximab, two for etanercept, two for golimumab and 

three for certolizumab. MTX was included in 11 of the studies; no MTX was given in 

four of the trials. One trial contained arms of combination and arms of monotherapy. 

Figure 4.4 shows the network of available evidence. The data is summarized in table 4.2, 

baseline demographics in table 4.3.
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Fig. 4.3 : Selection Process: Flow Diagram for anti-TNF therapy in RA.

Table 4.2: Data extracted from RCTs: Number of patients N; improvement in HAQ score 
AHAQ; number of ACR20. ACR50, ACR70 responders; HAQ score at baseline HAQ;,; 
+ indicates additional treatment with MTX; NA = not available. Ada=adalimumab; 
Inf=infliximab; Eta=etanercept; Gol=golimumab. Cert=certolizumab, P=placebo. *Me- 
dian; festimatcd from IQR; ^data provided by authors following request.

Trial Arm N AHAQ ACR20 ACR50 ACR70 HAQb
Weinblatt et al. (2003) P+ 62 0.27 (0.6) 9 5 3 1.64

Ada+ 69 0.54 (0.6) 33 22 7 1.52
Ada+ 67 0.62 (0.6) 45 37 18 1.55
Ada+ 73 0.59 (0.5) 48 31 14 1.55

Keystone et al. (2004) P+ 200 0.24 (0.5) 59 19 5 1.45
Ada+ 207 0.56 (0.5) 131 81 43 1.44
Ada+ 212 0.60 (0.5) 129 87 37 1.48

Van De Putte et al. (2004) P 110 0.07 (0.5) 21 9 2 1.88
Ada 112 0.39 (0.6) 44 23 11 1.88
Ada 106 0.29 (0.6) 38 20 9 1.88
Ada 103 0.49 (0.5) 55 36 19 1.84
Ada 113 0.38 (0.6) 52 25 14 1.83

Miyasaka (2008) P 87 -0.1 (0.6) 12 5 1 1.39
Ada 87 0.2 (0.5) 25 14 9 1.57
Ada 91 0.2 (0.6) 40 22 11 1.64
Ada 87 0.4 (0.6) 44 28 13 1.77

Kim et al. (2007) P+ 63 0.2 (0.5) 23 9 5 1.3
Ada+ 65 0.5 (0.6) 40 28 14 1.4

Continued on next page
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Table 4.2 — continued from previous page
Trial Arm N AHAQ ACR20 ACR50 ACR 70 HAQh

Maini et al. (1999) P+ 88 0.3 (0.5)t 18 7 0 1.8
Inf-t- 86 0.3 (0.5)t 45 22 7 1.8
Inf+ 86 0.5 (0.5)t 47 25 9 1.8
Inf+ 87 0.5 (0.6)t 51 26 15 1.8
Inf+ 81 0.4 (0.5)t 49 21 9 1.5

Westhovens et al. (2006) P+ 363 NA 87 33 16 1.5
Inf+ 360 NA 199 no 48 1.5
Inf+ 361 NA 205 119 54 1.5

Zhang et al. (2006) P+ 86 0.45 (NA) 42 22 12 1.6
lnf+ 87 0.76 (NA) 66 38 20 1.6

Schiff et al. (2008) P + no NA 49 22 10 1.8
Inf+ 165 NA 98 61 40 1.7

Moreland et al. (1999) P 80 0.03 (NA) 9 4 1 1.7
Eta 76 0.58 (NA) 39 18 7 1.7
Eta 78 0.62 (NA) 46 31 12 1.6

Weinblatt et al. (1999) P+ 30 0.4 (NA) 8 1 0 1.5
59 0.7 (NA) 42 23 9 1.5

Keystone et al. (2009) P+ 133 0.13* (0.4)t 37 18 7 1.25*
Gol 133 0.13* (0.7)t 47 26 15 1.38*
Gol+ 89 0.38* (0.5)t 53 33 18 1.38*
Gol+ 89 0.5* (0.5)t 53 29 16 1.38*

Kay et al. (2008) P+ 35 NA 13 2 0 1.3
Gol+ 35 NA 21 13 3 1.7
Gol+ 34 NA 19 10 6 1.8

Keystone et al. (2008) P+ 199 0.18 (NA) 27 15 6 1.7
Certd- 393 0.60 (NA) 231 146 84 1.7
Cert-f 390 0.63 (NA) 237 156 79 1.7

Smolen et al. (2009) P+ 127 0.14 (0.5) 11 4 1 1.6
Cert-t- 246 0.5 (0.5) 141 80 39 1.6
Cert-I- 246 0.5 (0.5) 142 81 26 1.6

Fleischmann et al. (2009) P 109 -0.07 (0.4)t 10 4 0 1.6
Cert 111 0.39 (0.7)t 51 25 9 1.4

The MTC models described previously are fit to the data; the continuous model for the 

improvement in HAQ score and the binary model for the ACR 20. ACR 50 and ACR 70 

outcome measures.

The aim of this analysis is to demonstrate the increased power of continuous outcome 

measures to detect differences in MTC models compared to binary measures. To ex­

plore this hypothesis the HAQ score was discretised to a binary outcome measure and 

the ACR criteria were transformed into a continuous measure. ACRcont; the resulting 

measures were analysed in addition to the trial reported outcome measures and results 

compared. The rationale for doing this was that comparing HAQ and ACR outcomes is 

not comparing like with like; they measure quite different aspects of disease and addi­

tional significant findings using the HAQ score could be because of this rather than there
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Table 4.3: Mean Baseline Characteristics of trials: Mean Age (Years), mean duration of 

disease DoD (Years), mean number of previous DMARDS, Dose of MTX (mg). NR=not 

reported; NU=not used.
Trial Age (Yrs) DoD (Yrs) DMARDS (no.) Dose MTX (mg)

Weinblatt et al. (2003) 56 12 3 17

Keystone et al. (2004) 56 11 2 17

Van De Putte et al. (2004) 53 11 4 NU

Miyasaka (2008) 55 7 NU NU

Kim et al. (2007) 49 7 NU 16

Maini et al. (1999) 53 8 3 15

Westhovens et al. (2006) 52 7 NR 15

Zhang et al. (2006) 48 8 NR NR

Schiff et al. (2008) 49 8 NU 16

Moreland et al. (1999) 52 12 3 NU

Weinblatt et al. (1999) 50 13 3 19

Keystone et al. (2009) 51 6 NU 15

Kay et al. (2008) 53 7 NR NR

Keystone et al. (2008) 52 6 1 14

Smolen et al. (2009) 52 6 1 13

Fleischmann et al. (2009) 54 10 2 NU

being any effect of a continuous vs. a iunary outcome measure. Estimating a discrete 

version of the HAQ and a continuous measure of the ACR allows for the comparison of 

binary and continuous outcomes while the measure is kept fixed.

Fig. 4.4 : Network Diagram for RA analysis: Edges are labelled with the number of 

studies and the total number of patients included in these studies. Numbers in square 

brackets refer to HAQ evidences where this differs from ACR evidence.
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Discretised HAQ: HAQ 20 and HAQ 50

For the purpose of comparing continuous and binary outcome measures based on the 

same data, the HAQ 20 and HAQ 50 measures defined in definition 4.2.6 are estimated 

based on the continuous HAQ improvement. These discretised HAQ outcomes are not 

validated outcome measures for RA and are therefore not reported in the trials.

The trials report mean and standard deviation of HAQ improvement. The number of 

HAQ 20 and HAQ 50 responders in each trial arm was estimated as follows. For each 

trial arm. the HAQ improvement of 1000 patients was generated by reference to normal 

distribution with mean and SD given from the data in that group. From these patients 

the proportion of HAQ 20 and HAQ 50 responders was calculated and applied to the 

number of patients in each trial arm. Data is summarised in table 4.4.

Table 4.4: Input Data for discretised HAQ score and continuous ACR: Number of patients 
N; number of HAQ20 and HAQ50 responders; continuous ACR response ACRcont; + indi­
cates additional treatment with MTX; NA=not available.
Ada = adalimumab; Inf = infliximab; Eta = etanercept; Gol = golimumab, Cert = cer- 
tolizumab. P = placebo.

Trial Arm N HAQ 20 HAQ 50 ACRcont (SD)
Weinblatt et al. (2003) P+ 62 30 12 0.08 (0.22)

A(1h“1“ 69 45 24 0.35 (0.20)
Acla-t- 67 47 26 0.46 (0.22)
Acla-j- 73 52 26 0.42 (0.21)

Keystone et al. (2004) p+ 200 95 32 0.13 (0.22)
Adci“t- 212 141 81 0.42 (0.21)
Ada-I- 207 154 82 0.41 (0.21)

Van De Putte et al. (2004) P no 29 4 0.09 (0.20)
Ada 112 47 16 0.31 (0.19)
Ada 106 60 19 0.30 (0.19)
Ada 103 57 20 0.38 (0.22)
Ada 113 60 21 0.33 (0.20)

Miyasaka (2008) P 87 23 8 0.07 (0.17)
Ada 87 37 10 0.28 (0.19)
Ada 91 39 16 0.33 (0.20)
Ada 87 48 18 0.37 (0.21)

Kim et al. (2007) P+ 63 28 10 0.18 (0.27)
Aclii“h 65 43 24 0.42 (0.22)

Maini et al. (1999) P+ 88 40 9 0.09 (0.19)
Inf+ 86 40 12 0.35 (0.19)
Inf-h 86 54 19 0.36 (0.20)
Inf-P 87 52 23 0.38 (0.21)
Inf+ 81 48 20 0.37 (0.19)

Westhovens et al. (2006) P+ 363 NA NA 0.12 (0.23)
Inf-P 360 NA NA 0.37 (0.20)
Inf+ 361 NA NA 0.38 (0.21)

Zhang et al. (2006) P+ 86 52 28 0.27 (0.31)
Continued on next page
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Table 4.4 — continued from previous page

Trial Arm N HAQ 20 HAQ 50 ACRcont (SD)
Inf-h 87 61 39 0.46 (0.20)

Schiff et al. (2008) P+ 110 NA NA 0.22 (0.29)
Inf+ 165 NA NA 0.41 (0.22)

Moreland et al, (1999) P 80 25 8 0.06 (0.16)
Eta 76 47 26 0.34 (0.19)
Eta 78 53 31 0.40 (0.21)

Weinblatt et al. (1999) P+ 30 16 8 0.10 (0.17)
Eta-t- 59 45 29 0.43 (0.19)

Keystone et al. (2009) P+ 133 49 13 0.14 (0.25)
Gol 133 56 29 0.30 (0.20)
Gol+ 89 51 24 0.40 (0.22)
Gol+ 89 60 31 0.39 (0.21)

Kay et al. (2008) P+ 35 NA NA 0.14 (0.20)
Gol+ 35 NA NA 0.39 (0.20)
Gold- 34 NA NA 0.38 (0.21)

Keystone et al. (2008) P+ 199 83 35 0.07 (0.20)
Cert-|- 393 263 146 0.40 (0.22)
Cert-f- 390 249 137 0.41 (0.22)

Smolen et al. (2009) P+ 127 46 10 0.04 (0.14)
Cert-f 246 163 66 0.38 (0.21)
Cert-f 246 155 67 0.38 (0.20)

Fleischmann et al. (2009) P 109 19 2 0.04 (0.14)
Cert 111 60 34 0.33 (0.19)

Continuous ACR: ACRcont

While the continuous ACR measures were proposed by the Felsoii and American College 

of Rheumatology (2007), they were not assessed in any of the trials. Therefore a con­

tinuous ACR measure, ACRcont, is generated based on the ACR 20, ACR 50 and ACR 

70 outcomes reported in the trials. This enables the comparison of the outcomes of the 

binary measures with those resulting from the continuous scale. ACRcont takes a value 

between 0 and 1 representing the percentage improvement in the dimensions which are 

combined for the binary ACR criteria.

The trial data allows the categorisation of patients into non-responders (group 1) (pa­

tients not achieving an ACR 20 response), patients achieving ACR 20 but not ACR 50 

response (group 2), patients achieving ACR 50 but not ACR 70 response (group 3) and 

ACR 70 responders (group 4). Assuming a mean ACRcont response ruj for each group 

of patients these numbers are used to generate the mean p and standard deviation a of
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Table 4.5; Mean iinproveinent estimated from patient level c
group 1 group 2 group 3 group 4

ineanACR 0.17 0.41 0.57 0.72
ACRhybrid 0.10 0.41 0.59 0.77

Control Group 0.00 0.35 0.60 0.85

ata.

ACRcont for each trial arm:

p(ACRcont) = ^ mi (4.9)
vi=l

where TV, refers to the number of patients in each group and N =

cr( ACRcont) =
N

Ni ■ {rrii — p,(ACRcont))2 (4.10)
i=l

Patient level data from a RA cohort allowed the estimation of rrii for the four groups 

(Adams et al. (2010)). Mean ACRcont response m.i can be based on either continuous 

ACR measure described previously, depending upon which underlying measure one is 

trying to recreate. For the main analysis the ineanACR measure is used; results based 

on the ACRhybrid are discussed in the sensitivity analysis. Table 4.5 summarizes the 

mean ACRcont responses for the four groups based on both outcome measures. Improve­

ment in the core sets is measured by a drop in score; therefore overall improvement is 

restricted by an upper bound of 100%. To achieve a symmetric measuring scale overall 

worsening has also been restricted to -100% in each of the criteria, as proposed by the 

Felson and American College of Rheumatology (2007).

The patient level estimates are based on patients receiving biologic treatment; estimates 

can therefore be applied to the treatment arms of the studies. Unfortunately no patient 

level data representing the control groups is available. Given the lack of further informa­

tion the analysis assumes interval midpoints as mean ACRcont estimates for the control 

groups. Group 1 is assumed to have a response in [-1. 0.2), group 2 in [0.2. 0.5), group 3 

in [0.5. 0.7) and the response of group 4 lies in [0.7, 1]. The interval for non responders 

is very broad covering a wide range of extreme values. The baseline analysis therefore 

assumes a conservative mean value of 0.00 for this group. This yields the control group 

estimates in table 4.5. Alternative scenarios assuming the same mean response for the 

control group as estimated for the treatment group are analysed in the sensitivity anal­

ysis. The estimated input data for the continuous ACR model based on ineanACR is 

summarised in table 4.4.
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4.4.2 Efficacy Results

The models calculate the relative efficacy among all anti-TNF agents and placebo. Rel­

ative efficacy for the continuous measures (HAQ improvement and ACRcont) was mea­

sured as difference in improvement. Relative improvement was modelled as a multiplier 

to baseline HAQ score. Odds ratios were calculated for the binary measures ACR 20, 

ACR 50, ACR 70 and HAQ 20 and HAQ50. The alternative risk ratio scale was analysed 

in a sensitivity analysis, since different scales for binomial outcome measures can affect 

the outcome of MTC analyses (Caldwell et al. (2012)). Thirteen trials were included for 

the HAQ analysis and sixteen for the ACR analysis.

The MTC results are summarised in table 4.6 for all HAQ outcomes and in table 4.7 for 

ACR outcomes. Mean and 80% credible intervals are reported to summarize the poste­

rior distribution for the relative efficacy between anti-TNF agents as well as the between 

study standard deviation cr. The 80% level was chosen to shift away from the misun­

derstood acceptance-rejection dichotomy of random significance levels (Schmitz. Adams. 

Walsh, Barry and FitzGerald (2012)). Results with a probability of > 90% to favour one 

drug over the other are marked with a *. A graphical summary can be found in figure 

4.5 for the HAQ measures and figure 4.6 for the ACR measures. Binomial results are 

plotted on the log scale.
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Table 4.6: Results from HAQ analysis: Mean estimate with 80% credible intervals 

for each pair-wise comparison. Results with a probability of > 90% in favour of one 

drug over the other are marked with a *. The outcome measure is % improvement 

for the continuous HAQ outcome. In the case of HAQ 20 and HAQ 50 the measures 

are odds ratios. Ada=adalimumab; Inf=infliximab; Eta=etanercept; Gol=golimumab, 

Cert=certolizumab. P=placebo, (T=between trial SD
Comparison HAQ HAQ20 HAQ 50

Ada vs P 0.20 (0,17,0.23)* 2.6 (2.2,3.!)* 3.1 (2.1,4.4)*

Inf vs P 0.10 (0,06,0.15)* 1.6 (1.2,2.!)* 2.0 (1.2,3.5)*

Eta vs P 0.31 (0.25,0.37)* 3.6 (2.6,5.2)* 4.1 (2.2,7.7)*

Gol vs P 0.23 (0.17,0.29)* 2.8 (2.0,4.!)* 4.2 (1.9,8.8)*

Gert vs P 0.25 (0.22,0.29)* 3,3 (2.7,4.0)* 5.0 (3,0,7,6)*

Inf vs Ada -0.10 (-0.15,-0.05)* 0.6 (0.4.0.8)* 0.7 (0.3,1.3)

Eta vs Ada 0.11 (0.04,0.17)* 1.4 (0.9,2.1) 1.3 (0.7,2.7)

Eta vs Inf 0.21 (0.13,0.28)* 2.3 (1.4.3.6)* 2.0 (0.9,4.9)

Gol vs Ada 0.02 (-0.05,0.08) 1.1 (0.7,1.6) 1.4 (0.6,3.3)

Gol vs Inf 0.12 (0.05,0.20)* 1.8 (1.1,2.8)* 2.1 (0.8,5.4)

Gol vs Eta -0.09 (-0.17,0.00)* 0,8 (0.5,1.3) 1.0 (0.4,2.7)

Cert vs Ada 0.05 (0.00,0.09)* 1.2 (0.97,1.6) 1.6 (0.8,2.8)

Cert vs Inf 0.15 (0.10,0.21)* 2.0 (1.5,2.9)* 2,4 (1,1,4.7)*

Cert vs Eta -0.06 (-0.13,0.01) 0.9 (0.6,1.3) 1.2 (0.5,2.5)

Cert vs Gol 0.03 (-0.04,0.09) 1.1 (0.8,1.7) 1.2 (0.4,2.7)

a 0.03 (0.01,0,05) 0.1 (0.0,0.3) 0.4 (0.1,0.6)
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Table 4.7: Results from ACR analysis: Mean estimate with 80% credible intervals for 

each pair-wise comparison. Results with a probability of > 90% to favour one drug over 

the other are marked with a *. Outcome measures are odds ratios for ACR 20, ACR 

50 and ACR 70 and % improvement for ACRcont. Ada=adalimumab; Inf=infliximab; 

Eta=etanercept; Gol=golimumab, Cert=certolizumab, P=placebo, a'=between trial SD
Comparison ACR 20 ACR 50 ACR 70 A CRcont

Ada vs P 4.2 (3.4,5.3)* 5.6 (4.3,7.2)* 7.0 (4.3.10.9)* 0.27 (0.25,0.29)*

Inf vs P 3.5 (2.8,4.4)* 3.4 (2.7,4.4)* 3.7 (2.3,5.5)* 0.24 (0.22,0.27)*

Eta vs P 8.8 (5.5.13.9)* 12.1 (5.7,23.2)* 30.9 (4.2.123.8)* 0.32 (0.28,0.35)*

Gol vs P 3.3 (2.3,4.8)* 4.2 (2.7,6.5)* 6.5 (2.8,13.3)* 0.25 (0.21,0.28)*

Cert vs P 10.6 (8.0.14.1)* 9.5 (6.7,13.5)* 14.3 (6.8,27.0)* 0.32 (0.30.0.35)*

Inf vs Ada 0.8 (0.6,1.1) 0.6 (0.4,0.9)* 0.5 (0.3,1.0)* -0.03 (-0.06,0.00)*

Eta vs Ada 2.1 (1.2,3.4)* 2.2 (0.96,4.2) 4.4 (0.6,19.0) 0.05 (0.01,0.09)*

Eta vs Inf 2.5 (1.5,4.!)* 3.5 (1.5,6.9)* 8.3 (1.1,37.7)* 0.08 (0.03,0.12)*

Gol vs Ada 0.8 (0.5,1.2) 0.8 (0.4,1.2) 0.9 (0.4,2.2) -0.02 (-0.06,0.02)

Gol vs Inf 0.9 (0.6,1.5) 1.2 (0.7,2.0) 1.7 (0.7,4.1) 0.01 (-0.04,0.05)

Gol vs Eta 0.4 (0.2,0.7)* 0.3 (0.2,0.8)* 0.2 (0.0,1.8) -0.07 (-0.12,-0.02)*

Cert vs Ada 2.5 (1.8,3.6)* 1.7 (1.1,2.6)* 2.1 (0.9,4.7) 0.05 (0.02,0.09)*

Cert vs Inf 3.0 (2.1,4.3)* 2.8 (1.8,4.3)* 3.8 (1.7,8.3)* 0.08 (0.05,0.12)*

Cert vs Eta 1.2 (0.7,2.0) 0.8 (0.4,1.8) 0.5 (0.1,3.6) 0.01 (-0.04,0.05)

Cert vs Gol 3.2 (2.0,5.!)* 2.3 (1.3,3.9)* 2.2 (0.8,6.4) 0.08 (0.03,0.12)*

a 0.2 (0.0,0.4) 0.2 (0.0,0.4) 0.5 (0.0,0.8) 0.03 (0.01,0.04)
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The key point is tliat all differences between agents detected by the binary HAQ 

measures are also detected by the continuons HAQ improvement measure, while not all 

differences detected in the continuous HAQ model are detected using the binary HAQ 

data; the differences detected by the binary HAQ measures are subsets of the differences 

detected by the continuous HAQ improvement measure. This is also demonstrated in 

the ACR analysis. It illustrates the point made that a continuous measure of effect has 

a greater power to detect a difference between treatments in an evidence synthesis.

4.4.3 Convergence

Convergence was analysed using a combination of visual inspection of the chains and 

diagnostic tools, introduced in chapter 3.

The effective sample size was checked, the autocorrelation plots showed a decrease with 

increasing lags, as can be seen for a small selection of the parameters in figure 4.7. The 

two chains are indistinguishable, indicating good mixing, an example of chain plots of 

the ACR 20 analysis is shown in figure 4.8. Raftery and Lewis diagnostics indicate an 

appropriate number of burnin and iterations.

Ada vs P Inf vs P Eta vs P

iS
(U

ooo
<

o
o

o
I

o

o
o

0 too 300
Lag

0 100 300
Lag Lag

Fig. 4.7 : Autocorrelation plot of a subset of the efficacy parameters from HAQ analysis.

4.5 Sensitivity Analysis

Meta-regression

The trials included for the analysis were conducted over a time period of 10 years. The 

model was extended to a meta-regression to include potential confounding parameters
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Fig. 4.8: Well behaved trace plot of a subset of the efficacy parameters from HAQ 

analysis.

such as year of publication, duration of disease, number of previous DMARDs and age. 

None of these were found to have a significant impact throughout the outcome measures 

and therefore were not included in the main analysis. The posterior distributions of the 

regression parameters are plotted in figure 4.9.
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Fig. 4.9 : Posterior distribution of meta-regression parameter for ACR 20. ACR 50 and 

HAQ improvement.
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Prior distributions

Different prior distributions on the between trial variance parameter allowing for a wider 

range of values were tested, but did not alter the conclusions. The distributions tested 

were:
(j ~ dunif{0, 5) 

a ~ dunif{0, 7)

Varying the precision parameter of the normal prior distributions for the remaining pa­

rameters between 1.000 and 100.000 did not alter the results either.

Underlying continuous response

The continuous ACR response underlying the binary ACR 20, ACR 50 and ACR 70 

measures is estimated using the mean ACRcont response for each of the four responder 

groups. For the baseline analysis meanACR was used as the underlying continuous ef­

fect. In a sensitivity analysis a model was fitted using the ACR hybrid as underlying 

effect (ACRhybrid). This did not have a significant impact on the results, however, adali- 

niuinab was not found to be superior to infliximab in this scenario. There was substantial 

uncertainty regarding the mean ACRcont response in the control arms, as no patient level 

data was available. An additional model has been fitted assuming the mean response in 

each group to be same for treatment arms and control arms (ineanACR-meanACR and 

ACRliybrid-ACRhybrid). While this did infiuence the biologic treatment effect versus 

control, the relative efficacy between biologic treatments was not greatly affected. Again, 

these models did not detect a difference between adalimumab and infliximab. Outcomes 

of the various MTCs are summarized in table 4.8.

Scale for binary outcome measures

Caldwell et al. (2012) have shown how different scales commonly used to analyse binary 

data have influenced the outcomes of a MTC, using an example in childhood nocturnal 

enuresis. Rather than ease of interpretation, which is commonly used, they propose 

a combination of measure of fit (DIC) and epidemiological reasoning for selecting the 

scale of the outcome measure. An analysis based on risk ratios (RRs) in addition to the 

analysis based on ORs is therefore conducted. The OR model can be adapted to estimate 

RRs making a few changes; for further details see Warn et al. (2002). Results of this 

analysis are summarised in table 4.9. The MTC results based on the RR scale confirm 

the findings from the OR scale. All differences detected by the binary HAQ and ACR 

measures are also detected in their continuous counterpart. More differences between
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Table 4.8; Results from sensitivity analysis; Mean estimate with 80% credible in­

tervals based on alternative ACRcont measures; ACRhybrid, ineanACR-meanACR. 

ACRhybrid-ACRliybrid. Results with a probability of > 90% to favour one drug over 

the other are marked with a *. Ada=adahmumab; Inf=infliximab; Eta=etanercept; 

Gol=golimumab, Cert=certolizumab, P=placebo, cr=between trial SD
Comparison ACR hybrid mean ACR-mean ACR ACRhybrid-ACRhybrid

Ada vs. P 0.25 (0.23,0.27)* 0.13 (0.11.0.15)* 0.13 (0.11.0.15)*

Inf vs. P 0.22 (0.20,0.25)* 0.12 (0.10,0.14)* 0.12 (0.10,0.14)*

Eta vs. P 0.30 (0.26,0.34)* 0.17 (0.14,0.21)* 0.17 (0.14.0.21)*

Gol vs. P 0.23 (0.19,0.27)* 0.12 (0.09,0.16)* 0.12 (0.09.0.16)*

Cert vs. P 0.30 (0.28,0.33)* 0.17 (0.15,0.19)* 0.17 (0.15,0.19)*

Inf vs. Ada -0.02 (-0.06,0.01) -0.01 (-0.04,0.02) -0.01 (-0.04.0.02)

Eta vs. Ada 0.06 (0.01,0.10)* 0.04 (0.01,0.09)* 0.04 (0.00,0.08)*

Eta vs. Inf 0.08 (0.03,0.12)* 0.05 (0.01,0.09)* 0.05 (0.01,0.09)*

Gol vs. Ada -0.02 (-0.07,0.02) -0.01 (-0.05,0.03) -0.01 (-0.05,0.03)

Gol vs. Inf 0.00 (-0.05,0.05) 0.00 (-0.04,0.04) 0.00 (-0.04,0.04)

Gol vs. Eta -0.08 (-0.13.-0.02)* -0.05 (-0.09,0.00)* -0.05 (-0.09,0.00)*

Cert vs. Ada 0.06 (0.02,0.09)* 0.04 (0.01,0.07)* 0.04 (0.01,0.07)*

Cert vs. Inf 0.08 (0.04,0.12)* 0.05 (0.02,0.08)* 0.05 (0.02,0.08)*

Cert vs. Eta 0.00 (-0.05,0.05) 0.00 (-0.04,0.04) 0.00 (-0.04,0.04)

Cert vs. Gol 0.08 (0.03,0.13)* 0.05 (0.01,0.09)* 0.05 (0.01,0.09)*

G 0.03 (0.02,0.04) 0.03 (0.01,0.04) 0.03 (0.01,0.04)
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Table 4.9: Results from sensitivity analysis: Mean estimate with 80% credible inter­

vals for binary analysis based on risk ratios. Results with a probability of > 90% to 

favour one drug over the other are marked with a *. Ada=adalimumab; Inf=infiiximab; 

ta=etanercept; Gol=golimumab, Cert=certolizumab, P=placebo, a=between trial SD
Comparison HAQ 20 HAQ 50 ACR 20 ACR 50 ACR 70

Ada vs. P 1.6 (1.4,1.8)* 2.3 (1.7, 3.0)* 2.3 (1.9, 2.8)* 3.5 (2.8, 4.4)* 4.3 (3.1, 6.0)*

Inf vs. P 1.2 (1.0, 1.4)* 1.6 (1.0, 2.5)* 1.9 (1.6, 2.3)* 2.4 (2.0, 3.0)* 2.7 (2.0, 3.6)*

Eta vs. P 1.7 (1.4, 2.1)* 2.5 (1.4, 4.1)* 3.6 (2.4, 5.2)* 5.7 (3.0, 9.7)* 5.7 (2.3, 12.3)*

Gol vs. P 1.7 (1.3. 2.1)* 3.1 (1.6, 6.0)* 1.9 (1.4, 2.5)* 2.9 (1.9, 4.1)* 3.6 (2.0, 6.2)*

Cert vs. P 1.8 (1.6, 2.1)* 3.4 (2.2, 5.0)* 4.9 (3.8, 6.3)* 5.9 (4.2, 7.9)* 7.3 (4.4, 11.7)*

Inf vs. Ada 0.8 (0.6, 0.9)* 0.7 (0.4, 1.2) 0.8 (0.6, 1.1) 0.7 (0.5, 1.0)* 0.6 (0.4, 1.0)*

Eta vs. Ada 1.1 (0.9, 1.4) 1.1 (0.6, 2.0) 1.5 (1.0, 2.3)* 1.7 (0.9, 2.9) 1.3 (0.5, 3.1)

Eta vs. Inf 1.5 (1.1, 1.9)* 1.6 (0.8, 3.0) 1.9 (1.3, 2.9)* 2.4 (1.2, 4.2)* 2.1 (0.8, 4.9)

Gol vs. Ada 1.1 (0.8. 1.4) 1.4 (0.7, 2.7) 0.8 (0.6, 1.1) 0.8 (0.5, 1.3) 0.8 (0.4, 1.7)

Gol vs. Inf 1.4 (1.0, 1.8)* 1.9 (0.9, 4.3) 1.0 (0.7, 1.4) 1.2 (0.8, 1.7) 1.3 (0.7, 2.5)

Gol vs. Eta 1.0 (0.7, 1.3) 1.2 (0.6, 2.9) 0.5 (0.3, 0.8)* 0.5 (0.3, 1.0)* 0.6 (0.2, 1.9)

Cert vs. Ada 1.2 (1.0, 1.4)* 1.5 (0.9, 2.4) 2.1 (1.5, 2.9)* 1.7 (1.2, 2.5)* 1.7 (0.9, 3.1)

Cert vs. Inf 1.5 (1.2, 1.9)* 2.2 (1.2, 3.9)* 2.6 (1.9, 3.7)* 2.4 (1.7, 3.5)* 2.7 (1.5, 4.7)*

Cert vs. Eta 1.1 (0.8, 1.3) 1.4 (0.7, 2.7) 1.4 (0.9, 2.3) 1.0 (0.6, 2.1) 1.3 (0.5, 3.4)

Cert vs. Gol 1.1 (0.8, 1.4) 1.1 (0.5, 2.2) 2.6 (1.8, 4.0)* 2.1 (1.2, 3.4)* 2.0 (0.9, 4.2)

a 0.1 (0.0, 0.2) 0.4 (0.1, 0.7) 0.3 (0.1, 0.4) 0.2 (0.0, 0.4) 0.3 (0.0, 0.4)
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anti-TNF agents were detected in the continuous analysis. This confirms the enhanced 

sensitivity to change of continuous measures in MTC models compared to using binary 

outcome measures.

4.6 Limitations

Doses across treatments and treatment arms varied, which has not been accounted for in 

the analysis. Generalising the model to include a ineta-regression for dose would raise dif­

ficulties of comparability; doses across treatments are hard to compare as well as within 

one treatment when the same dose is given, but with different frequency.

The analysis only includes RCT evidence. However, there exists a large body of observa­

tional data collected via registries and open label studies. The inclusion of such evidence 

is possible within this framework, a methodology is developed in chapter 6 of this thesis. 

Patient level data allowed the estimation of mean ACR response within each of the re­

sponder groups. While this provided some additional information towards estimating 

the continuous ACR response measure, it did not replace the fidl information lost. The 

estimated ACRcont measure is still subject to high uncertainty. Patient level data of the 

RCTs included in the analysis would allow the exact calculation of the continuous ACR 

measure.

The evidence network has a star design, which does not allow testing of the assumption 

of treatment exchangeability. Baseline characteristics across the trials were compared 

and and the model was extended to a meta-regression to explain the potential influence 

of differing demographics.

4.7 Conclusions

This analysis illustrates the enhanced sensitivity to change of continuous measures in 

MTC models compared to using binary outcome measures, which was recently high­

lighted for epidemiological studies (Bennette and Vickers (2012)). While binary measures 

work well for demonstrating a certain level of response, which is the primary aim of many 

clinical trials, the information lost when categorizing the underlying continuous response 

can have significant impact on the results of a mixed treatment comparison.

MTC models are often utilized when faced with a choice of agents rather than for demon­

strating efficacy. In the above application, for example, it is already known that all of 

the anti-TNF agents provide improvement in the treatment of RA. What remains is to 

determine whether some of these agents work better than others. Therefore it would be
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of interest to know whether an agent provides a 30% improvement or a 60% improvement. 

When looking at the ACR 20 outcome, no difference would be seen between these two 

response rates.

The above analyses have shown two things. Firstly, the enhanced power to detect dif­

ferences of a continuous measure as opposed to a binary measure was shown for both, 

the HAQ and the ACR measures. Secondly, the choice of cut-off level (e.g. 20%, 50% or 

70%) has shown to have a strong impact on the results. Different significant results were 

detected when choosing different cut-offs; even the sequence of treatments when ordering 

from best to worse changes.

It is likely that the level of heterogeneity plays an important role in the impact of di­

chotomizing outcome measures. In order to provide guidelines to clinical practise, it is 

of great interest to investigate this relationship further. A simulation study allowing for 

different levels of heterogeneity would allow for further insight into this relationship.

It may be argued that binary outcomes are clear and easy to interpret. However, where 

binary outcome measures are required, results based on continnous measures can be 

transformed subsequently using cut-off points (Hasselblad and Hedges (1995)).

From a clinical point of view these results show that a MTC model based on continnous 

outcome measures provides greater precision of estimates of efficacy than those based on 

binary measures. This is of great benefit when carrying out an economic evaluation. 

This analysis confirms the effectiveness of anti-TNF agents in the treatment of RA. The 

study illustrates the enhanced ability to detect differences between treatments when us­

ing continuous measures and shows the high dependency of MTC outcomes on the cut-off 

level when using binary data, which may be inappropriate in such methodologies. 

Rather than steering away from binary measures, the analysis aims to advocate the ad­

ditional reporting of nnderlying continuous effect measures in clinical trials to facilitate 

further analyses. The importance of the involvement of statisticians in the choice of 

clinical measures has been recently highlighted (Senn and Julious (2009)).
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Chapter 5

Impact of Structural Uncertainty 

in Economic Evaluations

The work in this chapter extends the analysis carried out in the previous chapter. This 

work was done in collaboration with Dr. Pelham Barton from the Health Economics 

Unit at the University of Birmingham and Dr. Roisin Adams. Chief II pharmacist at the 

NCPE. Pelham provided access to and information abotit the BRAM model, which was 

used for the economic modelling. Roisin provided the pharmacentical knowledge about 

RA and adjusted the BRAM model to the Irish healthcare setting. Some of this work 

appeared in the ISPOR connections (Adams et al. (2011)).

5.1 Motivation

As described in chapter 2 results of an economic evaluation are subject to different levels 

of uncertainty. While the impact of parameter uncertainty has been researched exten­

sively and one-way as well as probabilistic sensitivity analyses are an integrated part of 

most economic evaluations, the impact of structural uncertainty is less widely investi­

gated (Strong et al. (2012)). A review by Bojke et al. (2009) has shown that only 13 of 

241 published HTA reports by the National Health Service in the UK between 1997-2005 

have taken into account some form of structural uncertainty. Structural uncertainty can 

relate to the inclusion or exclusion of relevant comparators or health states. Eor example, 

a relevant comparator may be in the process of licensing, and should be included in the 

analysis as a sensitivity analysis. Every model requires certain assumptions to be made 

regarding the disease process, it may not always be clear which health states should or 

should not be included in the model. Alternative statistical techniques may be applied 

to different parts of the model; for example the choice of a parametric survival model.
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This also adds to the overall structural uncertainty.

It has been shown that different structural choices can have an impact on the decision 

regarding cost-effectiveness as well as the uncertainty surrounding the decision (Bojke 

et al. (2008)). It is therefore important to communicate the impact of structural uncer­

tainty to the decision maker as part of the analysis of uncertainty.

In this chapter the impact of structural choices in the MTC model on the decision of a 

subsequent cost-effectiveness analysis is investigated. Structural uncertainty is quantified 

using generalized EVPI methods based on the parameterisation of structural choices.

5.1.1 Application in Rheumatoid Arthritis

The analysis in this chapter extends the application in RA from the previous chapter 

4. The continuous MTC model is adapted to account for different structural choices 

regarding fixed or random effects for the biologic treatment effects and the MTX effect, 

yielding four separate models. HAQ improvement relative to baseline is the chosen 

measure of efficacy and the MTC analysis is based on the trials identified in the literature 

search described in the previous chapter. The four MTC models yield four sets of relative 

effect estimates of anti-TNF agents; these sets are used in a subsequent CUA to estimate 

the incremental costs and QALYs for each treatment based on each MTC model.

5.1.2 Aim of Analysis

The aim of this chapter is to determine the impact that structural choices in the MTC 

model have on the decision of a subsequent cost-effectiveness analysis. For a scenario 

analysis a nnmber of MTC models making different structural assumptions are fitted. A 

CUA is subsequently run for each set of parameter estimates. Results can be directly 

compared in terms of impact on reimbursement decision. Generalized FVPI methods 

based on the parameterisation of structural choices allow for the quantification of struc­

tural uncertainty.

5.2 Methods

5.2.1 Structural Choices in MTC

The aim of this analysis is to determine the impact different MTC model assumptions 

have on the result of the cost-effectiveness analysis. Four MTC models, which differ in 

the choice of fixed and random effects on the anti-TNF efficacy and the MTX effect, are 

fitted. Changes occur in line 5 of equation 4.6. The fixed effects for the MTX effect are
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incorporated in line 3 of the same equation.

Model 1 assumes fixed effects on both, the anti-TNF efficacy a[/c] and the MTX effect 

b:
Oi[i,t[i,j]] = a[t[i,j]] - a[bi[i,j]]

P[i\ = b

Model 2 assumes fixed effects for the MTX effect and random effects for the anti-TNF 

parameter. This allows for heterogeneity among the biologic treatment effects in the 

different studies, while the MTX effect is assumed to be fix.

(5.1)

a[i,t\i.,j]] ~ N{a[t[i,j]] - a[bi[i,j]],Ta) 

P[i\ = b
(5.2)

Model 3 assumes random effects for the MTX effect and fixed effects for anti-TNF 

effects. Here, the effect of MTX is allowed to differ among the studies, while the effect 

of the biologies is assumed to be fixed.

(5.3)
= aWJ]] - a[bi[i,j]]

I3[i] ~ N{b,T0)

Model 4 assumes random effects for both, the treatment effect and the MTX effect; 

each of the effects are sampled from a bivariate normal distribution, parameterized by 

mean and variance-covariance matrix:

m DVN
a[t[i,j]] - a[bi[i,j]] 

b

1 1/2
(5.4)

1/2 1

The data does not allow for the estimation of the full variance-covariance matrix. Homo­

geneous variance is therefore assumed, as proposed by Lu and Ades (2004). Due to the 

dependence of «[?/ j]] and P[i] on u\i] it can be shown that the covariance of a[i, j]]

and /3[i] is equal to cr = which implies the correlation to be fixed at 0.5.

5.2.2 Economic Model

The Birmingham Rheumatoid Arthtitis Model (BRAM) 2009 was adapted to the Irish 

healthcare setting to estimate the cost-effectiveness of the agents. The BRAM is an 

individual sampling model, which assesses the cost-effectiveness of adding a TNF-alpha 

inhibitor to a sequence of DMARDs when compared with the same sequence of DMARDs 

without a TNF-alpha inhibitor; the comparator chosen for the analysis is leflunomide. 

RA is a chronic disease characterized by periods of response to treatment followed by un­

predictable loss of therapeutic effect and switches to alternative treatments. The model, 

therefore, compares sequences of treatments rather than single agents.
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As patients progress through sequenced therapy, the HAQ score is modelled to deteri­

orate over time, with periods of response to treatment bringing the benefit of a slower 

rate of disease progression, figure 5.1. At each initiation of a new therapy, patients who

takmg a vanablc anxKrat of tunc

Fig. 5.1: Patient Pathway in BRAM model (taken from National Institute for Health 

and Clinical Excellence (2010))

respond are modelled to also receive a one-time reduction in HAQ score, a benefit that 

is retained until loss of efficacy occurs. This one time reduction for each of the anti-TNF 

agents is based on the MTC results.

Beta distributions are fitted for each of the drugs included in the analysis based on the 

mean and the standard deviation of the efficacy estimates derived in the MTC. Sampling 

from these distributions determines the one time reduction in HAQ score for the sim­

ulated patients. The beta distribution provides a flexible fit and takes values in (0,1), 

which is suitable for modelling a percentage improvemeirt.

There is no specific cycle length as this varies depending on length of treatment response. 

A weibull survival model was fitted to registry data. The individual length of treatment 

response is modelled by sampling from these distributions.

Each health state, here determined by the HAQ score (values 0 to 3 in steps of 0.125), is 

associated with a specific cost and a specific quality of life. Costs include drug acquisition
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as well as costs of screening, monitoring and administration of treatment. Quality of life 

data comes from an Irish patient cohort (Adams et ah (2010)).

For the present analysis, 1000 patients are randomly simulated to experience several al­

ternative sequences of therapies. The analysis was conducted over a lifetime horizon, 

during which each patient accumulates costs and QALYs. Mean costs and QALYs as­

sociated with each treatment strategy are calculated based on these simulated patient 

histories.

For further details on the BRAM model see National Institute for Health and Clinical 

Excellence (2010).

5.2.3 Prior distribution

The models 5.1 - 5.4 require prior distributions for the baseline treatment effects and for 

the between trial standard deviation a. As in the previous chapter, vague priors were 

chosen for all of these. For the biologic treatment effect parameter a[A:] and for the effect 

due to MTX b a normal distribution centered at no treatment effect 0 with a very low 

precision 0.0001 is chosen;
a[A,'] ~ ^(0, 0.0001)

b ~ A^(0, 0.0001)

The priors do not favour any of the drugs and allow for a wide range of likely values 

in favour for each. A uniform distribution was chosen for the between trial standard 

deviation paramter (7^/0 = y'^l/t^/q ■

a^l0 ~ dum/(0,2) (5.6)

5.3 Results

5.3.1 Efficacy Results

Using the RCT data for HAQ improvement from table 4.2 the MTC models yield four 

sets of estimates for all pairwise comparisons; results are summarized in table 5.1. The 

mean estimates of the four models do not differ greatly; a more consistent difference can 

be found in the standard deviations. Models 1 and 3, which assume fixed effects for the 

between trial variance of the biologic treatment effect, have lower standard deviations 

than model 2 and 4. where random effects are assumed for the biologic treatment effect. 

A very high estimate for the between trial standard deviation a is obtained in model 

3. Model 3 allows for a between trial variation of the MTX treatment effect. However, 

the MTX treatment effect is only informed by trials where MTX is given in either the
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Table 5.1: Results of four alternative MTC models: Mean % HAQ improvement (SD) 

for each comparison

Comparison Model 1 Model 2 Model 3 Model 4

Ada vs. P 0.20 (0.01) 0.21 (0.02) 0.20 (0.01) 0.21 (0.02)

Inf vs. P 0.09 (0.02) 0.10 (0.04) 0.09 (0.02) 0.10 (0.04)

Eta vs. P 0.32 (0.04) 0.31 (0.05) 0.32 (0.04) 0.31 (0.05)

Gol vs. P 0.22 (0.03) 0.23 (0.05) 0.22 (0.03) 0.22 (0.05)

Cert vs. P 0.25 (0.02) 0.25 (0.03) 0.25 (0.02) 0.25 (0.03)

Inf vs. Ada -0.12 (0.02) -0.11 (0.04) -0.12 (0.03) -0.11 (0.04)

Eta vs. Ada 0.12 (0.04) 0.11 (0.06) 0.12 (0.04) 0.11 (0.06)

Eta vs. Inf 0.23 (0.05) 0.21 (0.07) 0.23 (0.05) 0.21 (0.07)

Gol vs. Ada 0.02 (0.03) 0.02 (0.05) 0.02 (0.03) 0.02 (0.05)

Gol vs. Inf 0.14 (0.04) 0.13 (0.06) 0.14 (0.04) 0.12 (0.06)

Gol vs. Eta -0.09 (0.05) -0.09 (0.07) -0.09 (0.05) -0.09 (0.07)

Cert vs. Ada 0.04 (0.02) 0.05 (0.04) 0.04 (0.02) 0.05 (0.04)

Cert vs. Inf 0.16 (0.03) 0.15 (0.05) 0.16 (0.03) 0.15 (0.05)

Cert vs. Eta -0.07 (0.05) -0.06 (0.06) -0.07 (0.05) -0.06 (0.06)

Cert vs. Gol 0.02 (0.03) 0.03 (0.06) 0.02 (0.03) 0.03 (0.06)

<7 - 0.03 (0.02) 1.00(0.58) 0.03 (0.02)

treatment arm or in the control. When given in both or none of the arms, no information 

for the MTX parameter is obtained. Since only one trial (Keystone et al. (2009)) has 

the required form, the data provides not enough information to estimate the between 

trial variation of the MTX parameter. Model 3 is therefore not considered for further 

analysis. While model 4 also assumes random effects for the MTX parameter, an addi­

tional assumption is made that the between trial variance parameter is the same for the 

biologic drugs as for MTX and one can hence obtain an estimate for cr.

5.3.2 CUA Results

Based on the efficacy estimates from the MTC models, a beta distribution is fitted for 

each anti-TNF agent; the BRAM model samples from these distributions to determine 

the HAQ improvement for each patient. The mean and the variance of the efficacy 

estimates from the MTC are used to derive the shape a and scale parameter b of the 

beta distribution using the following equations:

mean =
a + b 

a ■ b
var =

{a + b)'^ ■ {a + b + 1)
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Table 5.2: Beta distributions for HAQ multipliers
Model 1 Model 2 Model 4

a b a b a b

Ada 206.58 814.34 67.52 260.51 69.18 266.97

Inf 14.76 154.27 5.70 51.75 5.92 53.33

Eta 37.51 80.32 24.10 53.34 24.09 53.14

Gol 41.18 142.31 15.98 54.93 16.36 56.51

Cert 179.73 552.95 56.81 168.60 56.87 168.93

Table 5.3: Incremental costs (EUR), QALYs and ICER estimated in cost-effectiveness 

analysis for each anti-TNF option compared to DMARD for each model.
Model 1 Model 2 Model 4

Costs QALYs ICER Costs QALYs ICER Costs QALYs ICER

Ada 59,429 0.5793 102,589 59,345 0.5882 100,899 59,353 0.5878 100,971

Inf 51,885 0.2326 223,043 51.672 0.2520 205,031 51.669 0.2526 204,545

Eta 49,197 0.7324 67,175 49,286 0.7224 68,221 49,275 0.7233 68.121

Gol 45.038 0.4963 90,755 44.970 0.5026 89.473 44.998 0.5010 89,811

Cert 43.536 0.5259 82.779 43,389 0.5406 80.264 43,400 0.5401 80,360

The estimated scale and shape parameters of the beta distribution based on each model 

are summarised in table 5.2. Using the efficacy estimates from the MTC analysis the 

BRAM model yields estimates for incremental costs and incremental QALYs of each 

biologic treatment compared to leflunomide as first treatment in the sequence. Mean 

estimates are summarised in table 5.3; a graphical representation on the cost-effectiveness 

plane is shown in figure 5.2.

All estimates are in the top right quadrant of the plane, meaning a gain in QALYs 

at an extra cost for all the drugs compared to leflunomide. The ICERs compared to 

leflunomide are high; the ICER for etanercept is estimated to be the lowest in all three 

models ranging from Alb/QALY in model 1 to €68,221/QALY in model 2. The 

highest ICER at over €200.000/QALY is observed for infliximab. All ICERs lie above 

the typical threshold of €45,000/(5ALY. The scenarious show very little differences 

under the different structural assumptions; on the cost-effectiveness plane the estimates 

for each of the drugs lie very close together, making it difficult to distinguish between the 

models. The ICER line of €45.000/QALY shows that none of the treatments are cost- 

effective under this threshold. Using a threshold of €70,()00/QALY etanercept becomes 

cost-effective based on all models, while all other treatments are still not cost-effective. 

Adalimumab. golimumab and infliximab are dominated by certolizumab and etanercept; 

meaning that compared to a combination of certolizumab and etanercept. these three
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Fig. 5.2 : Cost-effectiveness plane: Cost-effectiveness results of alternative models

drugs provide less QALYs for a higher cost. A probabilistic sensitivity analysis (PSA), 

as described in chapter 2, is run for each model. The results are shown on a scatter 

plot in figure 5.3. From these residts. it is possible to calculate the cost-effectiveness 

acceptability curve (CEAC), whic:h plots the probability of a treatment being the most 

cost-effective as a function of what one is willing to pay (WTP), figure 5.4. The PSA 

results confirm little difference between the models. For all options, the treatment of 

choice are leflunomide and etanercept; leflunomide for thresholds less than €67,000 - 

€68,000 in model 1 and €68,000 - €69,000 in models 2 and 4 and etanercept for higher 

thresholds.

5.3.3 EVPI for structural uncertainty

While the scenario analysis allows comparison of outcomes from different models and their 

impact on the decision, it does not quantify the uncertainty related to model choice. In 

order to do so, value of information calculations can be generalized to include structural 

uncertainty. The EVPI provides a monetary value for the decision uncertainty, while 

the EVPPI informs how much of this uncertainty is caused by a particular group of 

parameters. Both can be calculated as a natural extension of the PSA results. In order 

to adapt the method to include uncertainty due to model choice the three models are
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Model 1 Model 2

Fig. 5.3: Scatter Plots from PSA for structural choices.
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seen as submodels of a larger meta-model. In this way the combined PSA results of all 

four models allows for the calculation of the overall EVPI as well as the EVPPI for model 

choice. The definition of the EVPI and the EVPPI can be rewritten as follows:

EVPI ■= Ee (^max{NB{d, 0)) m&x{Ee{N B{d,e))) 
d

EVPPI := Ee^ ( max{Ee^\eA^B{d,e))) \ - m^{Ee{NB{d,9)))

(5.7)

(5.8)

The EVPI can hence be seen as the difference between the net benefit given perfect 

information and the net benefit given no additional information. Similarly, the EVPPI is 

the difference between the net benefit given perfect information on a particular subgroup 

of parameters 6i C 9 and the net benefit given no additional information. Due to the 

maximisation between two expectations, the calculation of the EVPPI is substantially 

more computationally expensive. A shortcut algorithm exists, however, when parameters 

in 6i and Oq are correlated or the net benefit function is non-linear, this algorithm can be 

substantially inaccurate (Brennan et al. (2007)).

In this application the EVPPI is calculated for the model choice parameter M. which 

can take three values indicating the model of choice:

Model = Model 1 

Model = Model 2 

Model = Model 4

(5.9)
AT = Ail 

AT = A/2 
AT = AT

In relation to the decision process illustrated in figure 1.1, this analysis focusses on 

the uncertainty related to AT in the posterior distribution /(0,A/|A). which is done by 

comparing

/(0|A,Aii) ns. f{9\X,M2) vs. f{9\X, AU).

Using the PSA simulations, the EVPI and the EVPPI can be easily calculated using the 

algorithm provided in Brennan et al. (2007). The EVPI and the EVPPI represent the 

value of information based on one patient, both values can be inflated to account for the 

whole patient population:

T

popEVPI = EVPI ■
It

(5.10)

where T is the time horizon considered. It the incidence over this period and r the discount 

rate. For this analysis a time horizon of 10 years is considered and a discount rate of 4%; 

this is in line with the current practice of healthcare decision making in Ireland. The 

incidence of RA patients eligible for biologic treatment was estimated to be 100 newly 

diagnosed patients each year.
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Figure 5.5 plots the EVPI and the EVPPI for a wide range of WTP values, per patient 

and inflated to the patient population. As expected, the EVPI takes the highest values

per patient
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Fig. 5.5: Expected Value of Perfect Information (EVPI) and Expected Value of Perfect 

Parameter Information (EVPPI) for Model Choice.

in the region where the lines of the CEAC cross, i.e. for thresholds, where none of the 

treatments can be clearly identified as the most cost-effective option. Clearly, in this case 

model choice does not have a large impact on the overall decision uncertainty. Figure 5.6 

plots only the population EVPPI and shows the quantitative value of decision uncertainty 

based on model choice. The wide range of WTP for which the EVPPI is zero reflects the 

stability to model choice in this airplication.

5.3.4 Model Choice

While the choice of model in this application did not influence the decision, ignoring 

structural uncertainty yields overconfidence in the estimates (Draper (1995)). The un­

certainty due to structural choices has been assessed using value of information. However, 

in other applications structural choices may have a larger effect on the result, which may 

influence the decision. In such cases the question remains, on which model to base the
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inflated to population values.

(5.12)

decsioii on. In his paper Draper proposes model averaging as a natural Bayesian so­

lution to the problem, which incorporates parameter uncertainty as well as structural 

uncertainty in the posterior distribution for outcome y. Denoting model M = (5, 6) to 

comprise of structure S and parameters this yields:

f{y\X,M) = jj^f{y\X,M)- f{M\X)dM (5.11)

The posterior model distribution f{AI\X) can be decomposed as follows:

f{M\x) =f{s,e\x)
<xp{s)-p{e\s)- f{x\e,s)

f{X\6, S) is the likelihood function, p{9\S) is the prior distribution on parameter 9 given 

model structure S. The new term in the equation p{S) refers to the prior distribution 

on the structural assumptions made. Ignoring structural uncertainty is a special case 

of this approach, which places all weight on one structural choice. This approach may 

be too simple; according to Draper the task of improving this simplistic approach is to 

adequately specify p{S). While it is not possible to consider the space of all models, 

a relevant subset needs to be chosen and a prior assigned. Draper advocates the in­

clusion of structural choices which provide a good posterior fit as well as which have 

predictive consequences. In this application all alternative models yield very similar 

results; estimates based on model averaging are therefore not required. In his paper
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Draper discusses the choice of random and fixed effects as a model expansion approach 

in hierarchical modelling. Hoeting et al. (1999) provides a tutorial to Bayesian model 

averaging giving implementation details for a number of specific model classes. Jackson 

et al. (2009) introduced model averaging in health economic analyses, where models are 

combined based on weights derived from likelihood information criteria. The methods 

are generalized to a fully Bayesian setting in Jackson et al. (2010). Once model averaging 

has been carried out methods of value of information such as EVPI and EVPPI may still 

be applied to the resulting model.

5.4 Limitations

The aim of this chapter was to determine the impact of structural choices in the MTC 

model. Other structural assumptions made in the CUA, for example distributional as­

sumptions, have not been varied. However, they may also impact on decision uncertainty. 

Furthermore the methods used in this chapter assume that the “true” model lies within 

the model space, which requires an exhaustive selection of models in order to completely 

quantify structural uncertainty. The methods in this chapter are therefore suitable to 

explore structural uncertainty within a given structural space; uncertainty outside this 

defined space is not included.

5.5 Conclusions

The communication of nncertainty is critical in CUAs; especially in the consideration 

on whether additional evidence is needed for a decision. Structural choices infiuence the 

results of such analyses, and therefore need to be incorporated.

A scenario analysis provides some insights of this uncertainty, particularly on whether 

different model assumptions change the decision on cost-effectiveness for a given thresh­

old. However, only the inclusion of a model parameter into an overall model allows for 

the quantification of this type of uncertainty in form of EVPI and EVPPI calculations. 

EVPI calculations allow for the quantification of uncertainty in monetary terms; it repre­

sents the potential loss associated with taking a wrong decision. When the EVPI is high, 

EVPPI calculations can be used to identify those parameters which are the key drivers 

for the uncertainty. In this way the value of information can be used to inform research 

prioritization decisions. Structural uncertainty should be included in this process to cap­

ture all decision uncertainty. When the EVPPI indicates high structural uncertainty.
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gathering further information on the structural choices can reduce overall uncertainty. 

EVPI calculation for parameter uncertainty are already an integrated part in the eco­

nomic assessments of medicines in Ireland; the work in this chapter shows how structural 

uncertainty can be included in these calculations using the PSA results. In this case all 

models yield the same decision on cost-effectiveness; depending on the threshold lefluno- 

mide and etanercept are the treatments of choice. All other treatments are dominated. 

The stability to model choice is mirrored in the wide range of WTP for which the EVPPI 

of model choice is zero. When structural choices have a significant impact on the results, 

model averaging has been proposed to yield estimates based on the posterior distribution 

of model uncertainty.
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Chapter 6

MTC: Including observational 

evidence

The work in this chapter is a further extension of the analysis in chapter 4 and has been 

carried out in collaboration with Dr. Roisin Adams. Chief II pharmacist at the NCPE. 

and Emer Fogarty. Research Associate at the NCPE. Roisin provided the pharmaceutical 

information and data for the application in RA; Emer conducted the literature review 

and provided the pharmaceutical knowledge for the application in Multiple Sclerosis. 

The methodology developed in this chapter is currently under revision for publication in 

“Statistics in Medicine” (Schmitz. Adams and Walsh (2012o)).

6.1 Motivation

RCTs are considered to be the gold standard of evidence, because the controlled setting 

minimizes potential bias. On the other hand, it has been argued that the experimental 

setting limits the external validity (Rothwell (2005)). While observational trials reflect 

reality well, there are other concerns such as overprecision and overestimation of the 

treatment effect (O’Rourke et ah (2007)).

One of the incentives to combining evidence from different sources is to make an informed 

decision based on all available evidence. Nevertheless. MTCs are typically restricted to 

evidence based on RCTs. while a wealth of evidence from different trial designs is ignored. 

An advantage of a Bayesian evidence synthesis as opposed to the classical approach is the 

possibility to systematically include a wide range of data in the form of prior information 

or hierachical modelling. Sutton and Higgins (2008) have argued that only including 

randomized evidence in a meta-analysis might be a suboptinial approach, since data from 

alternative study designs, while possibly less reliable, still contains additional information
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about the effect size. Being a generalization of meta analysis, the same argument holds 

for MTCs.

6.1.1 Aim of Analysis

Three methods have been proposed for the inclusion of data from different trial designs 

into a standard meta-analysis: Naive pooling, inclusion in form of prior information and 

an extension of the model to a three level hierarchical model (Sutton and Higgins (2008)). 

These methods differ in their flexibility to adjust for potential bias and to quantify consis­

tency between trial designs. Mak et al. (2009) and Salpeter et al. (2009) use observational 

evidence to inform prior information. Prevost et al. (2000) have applied a hierachical 

model to include non-randomized trial data in a standard meta-analytic framework.

In this chapter the three methods will be generalized for the application in MTC mod­

elling. The effects of including evidence other than RCT in a hlTC and the advantages 

and disadvantages associated with the three methods are illustrated using two case stud­

ies. The application in RA from the previous chapters 4 and 5 is extended and a further 

case study in multiple sclerosis (MS) illustrates the effects in a more complex network of 

evidence.

6.1.2 Potential Bias in Observational Trials

While RCTs may lack generalisability due to their strict inclusion criteria and clinical 

setting, randomization is likely to create a balanced distribution of known and unknown 

confounding factors in the treatment group and the control group (McCarron et al. 

(2010)). This minimizes the occurrence of bias, which is why RCTs are considered 

to be the gold standard of clinical evidence. Observational data on the other hand is 

collected in real life environments and while estimates are more generalisable to a wider 

patient population, such non-randomized evidence can be prone to potential bias. When 

including observational data in evidence synthesis, it is hence important to acknowledge 

potential bias by adjusting the model to reflect these. There are two types of bias which 

may be present in observational estimates; non-systematic and systematic bias, both of 

which can be modelled by adjusting the likelihood function (Spiegelhalter et al. (2004); 

Turner et al. (2009)). Let ^ be the bias, then a non-systematic bias has the following 

form:

^~A(0,r5) (6.1)

Modelling bias in this way down-weights observational evidence by inflating the variance 

and therefore adjusts for overprecision. Modelling a systematic bias adjusts for over- or

98



underestimation of the treatment effect by sliifting the mean by a fixed amount ^ 

A combination of both forms of bias has the following form:

(6.2)

In practice it is difficult to estimate the size of bias due to paucity of evidence. A sen­

sitivity analysis in this respect is therefore essential. A range of applications of bias 

adjustments for observational evidence have been published, for example O’Rourke et al. 

(2007); Lilford and Brannholtz (1996). Both of these assume an overestimation of the 

treatment effect in observational studies. However, data does not appear to consistently 

over- or underestimate the treatment effect (Benson and Hartz (2000); Concato et al. 

(2000)). The power prior approach aids the construction of an informative prior dis­

tribution. The method utilizes historical data, while it allows adjusting for its impact 

(Ibrahim and Chen (2000)).

Two of the three methods described in this chapter allow for modelling of bias due to 

trial design.

6.2 Methods

6.2.1 Application in Rheumatoid Arthritis

In chapter 4 a model has been fitted to estimate the relative efficacy between biologic 

agents for the treatment of RA based on RCT evidence only. The application is extended 

in this chapter to include observational evidence and to illustrate the impact on the 

results. A systematic literature search relaxing the criteria of randomization is conducted 

to identify suitable observational trials; all other inclusion criteria remain the same. 

Details of the methods to include observational evidence are described in section 6.3.

6.2.2 Application in Multiple Sclerosis

For further illustration, a MTC to estimate the relative efficacy between disease-modifying- 

therapies (DMTs) for the treatment of relapsing, remitting MS is fitted. The work on 

this application was done in collaboration with Emer Fogarty, research associate and 

member of the economic review group at the National Centre for Pharmacoeconomics. 

Emer has provided information on the pharmaceutical background as well as conducted 

the systematic literature review and data collection.

MS is a chronic, autoimmnne, inflammatory disease of the central nervous system, caus­

ing damage, which slows or even blocks neural transmission to and from the brain and
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spinal cord, resulting in a loss of movement ability and sensation in the patient (Peterson 

and Fujinami (2007)). MS is the most common disabling neurological disease of young 

adults and is associated with significant economic and Health-Related Quality-of-Life 

burden (Kobelt et al. (2006); Naci et al. (2010)).

The number of available DTMs for MS is increasing and consequently robust methods 

for assessing the relative effectiveness of these agents is a priority for clinicians and 

health-policy decision-makers alike. This requires consideration of all evidence on com­

parative effectiveness. Currently there are seven DMTs licensed for relapsing remit­

ting MS and two further DMTs awaiting approval: interferon beta la 22mcg (6MIU) 

(Rebif® 22), interferon beta la 44mcg (12MIU) (Rebif® 44). interferon beta la 30mcg 

(6MIU) (Avonex®), interferon beta lb 8M1U (Betaferon®), glatiramer acetate (GA), na- 

talizumab, fingolimod, teriflunomide and laquinimod. There is a large number of RCTs 

and observational data available, comparing some of these treatments with each other or 

to placebo. A MTC in this area allows for the estimation of relative efficacy between all of 

these treatments. Particular interest lies in the comparison of new agents (natalizumab, 

fingolimod. teriflunomide and laquinimod) with older agents.

As in RA. efficacy in MS can be measured using a number of outcomes, more details 

on the variety of measures can be found in Goldman et al. (2010). The annualized re­

lapse rate (ARR) is used in this analysis, since it is the most widely reported outcome 

in clinical trials.

Definition 6.1 The annualized relapse rate (ARR) is defined as the ratio of the number 

of relapses R and the number of patient years of follow-up T := where N refers

to the number of patients involved in the the trial and. ti is the time spent on treatm.ent by 

patient i. Patient years of follow-up differs to patient years on treatment, because those 

not on treatment are also followed up if possible, in order to comply with intention-to-treat 

analysis.

ARR =
R
T

Relative efficacy between 2 treatments A and B is measured on the log scale as the dif­

ference between their ARR:

Aab = log{ARRA) - log{ARRB)

Negative values favour the treatment over the comparator.
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(6.3)

To use this outcome meastire. the MTC model in chapter 4 needs to be adapted to allow 

for a poisson likelihood. The model then takes the following form;

R[iJ] ~ Pois{X[i,j])

A[i,j] = T[i,j] - piij] 

log\p[i,j]] = i^\i] + S[i,j]

^[hb[i,j]] = 0 

d[i,j] = 6[i,t[i,j]]

fis[i,t[i,j]] = d[t[i,j]] -d[b[i,j]]

d[l] = 0

IC[b, k] = d[b] - d[k]

d[k] ~ [-, -] Ts ~ [-, -] iy[i] ~ [-, -]

R[i,j] is the number of relapses in arm j of study i, T[i,j] refers to the number of patient 

years in arm j of study i and therefore, p[i,j] is the ARR of arm j in study i. 

is the relative log ARR of the treatment given in trial arm j of study i compared to 

the associated baseline treatment. The remaining parts of the model are the same as 

in the RA case. Effects of the same comparison within one trial are assumed constant, 

while random effects are assumed for between trial variation. Each effect can be written 

in terms of basic parameters, representing the treatment effect relative to one baseline 

treatment defined in d[l] = 0.

6.3 Statistical Model

6.3.1 Naive Pooling

Naive pooling treats all trial designs the same; one simply pools across all trials regardless 

of their design. This is the simplest approach to combining different trial designs; it is not 

possible to down-weight designs of lesser quality or to adjust for potential bias. In the RA 

application pooling across all trials has one advantage: the resulting evidence network 

contains closed loops, see figure 6.1. which allows the estimation of consistency between 

direct and indirect evidence. The MTC model for naive pooling remains the same. Since 

the observational trials contain more than 2 treatments per trial, a term allowing for 

the correlation between trial arms has been included in the code. As proposed by Dias 

et al. (2012). inconsistency is hrst checked by fitting a model relaxing the consistency 

assumptions and comparing it to the original model. The deviance contributions of the 

data points can help to identify inconsistencies in the network. When trial level data is
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Fig. 6.1: RA case stiidy: Combined Network Diagram: Solid edges refer to RCT ev­

idence; dashed edges indicate observational evidence; dotted edge refers to a matched 

observational trial.

available, a node-split method has been proposed to estimate the consistency between 

direct and indirect evidence (Dias et ah (2010)). The evidence for each comparison which 

is part of a closed loop, where inconsistency was indicated, is split into evidence based 

on direct and evidence based on indirect sources. The code for this method provided by 

Dias et al. (2010) can be easily adapted to fit this model.

6.3.2 As Prior Information

In a Bayesian framework observational data can be used to inform prior information. 

For this approach observational trials are analysed separately and the resulting posterior 

distribution is then used as prior information for the RCT model. Only slight changes 

in the model are necessary. Results from the observational analysis inform the basic pa­

rameters in the RCT model. The strongest link of the observational network should be 

used in order to make full use of the additional information. The basic parameter should 

therefore be adapted to correspond to the relative efficacy of each treatment versus the 

treatment, which has the most direct connections to the other treatments in the network 

of observational evidence. The comparator of the basic parameter is defined by d[l] = 0 

in equation 4.6 for the RA model and in equation 6.3 for the MS model. In this case 1 

refers to placebo, and it needs to be adapted to reflect the strongest link.

Using observational data as prior information allows adjustment for bias. The potential
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biases associated with observational data described earlier can be modelled by adjusting 

the prior distribution. To down-weight observational information the variance parame­

ter can be inflated and in order to adjust for overestimation or underestimation of the 

treatment effect the mean of the prior information can be shifted.

6.3.3 Hierarchical Modelling

A three level Bayesian hierarchical model introduces a study type level between the study 

level and the overall level. A schematic illustration of such a model for the simplest case 

of an indirect comparison can be found in figure 6.2. This is the most flexible approach

Study Level
Study-Type

Level Overall Level

Fig. 6.2 : Three level hierarchical model: Schematic graph of three level hierarchical 

model for simplest case indirect comparison, where trials comparing drug A and Placebo 

(P) are combined with trials comparing drug B and P. Evidence from different trial design 

is colour marked: Yellow refers to RCTs and blue to observational trials. Evidence from 

trials of the same design is combined to study type level estimates; study type estimates 

are in turn combined to get overall estimates (green). Pairwise indirect estimates can be 

obtained on study type level as well as overall level.
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to include different forms of evidence. In addition to being able to adjust for systematic 

bias and down-weight different trial designs, this method allows the direct comparison 

of estimates on study type level to overall estimates and therefore gives an estimate of 

consistency between the designs. The model accounts for between design heterogeneity 

and overall estimates become more conservative when study type estimates differ a lot. 

Furthermore, more than two trial types can be included in the analysis, which is not 

possible in the previously described methods.

Within one model RCT data and observational data are each fit separately as described 

in equation 4.6 for the RA application and in equation 6.3 for the MS application; i.e. for 

each of the parameters introduced in the model there exists a version for each trial design. 

Let ancrik] and aoBs[^] be the treatment effects of drug k versus the baseline treatment 

based on RCT evidence and observational data, respectively. Assuming that RCT and 

observational evidence is exchangeable, the trial design estimates are then combined to 

an overall measure of treatment effect using random effects;

aRcrik]
A^(a[A;],T) (6.4)

The effect estimates based on different trial designs are drawn from a normal distribution 

with a mean particular for each drug a[k] and a precision r. representing the between 

trial design heterogeneity. Prior distributions need to be specified for a[A:] and cr = ' ^

the following vague prior distributions are used:

a[k] ~ iV(0,0.0001) 

r[i] ~ A^(0, 0.0001) 

a ~ unif(0,0.25)

(6.5)

A normal distribution with mean 0 and precision 0.0001 has a 95% confidence interval 

of (-196,196), which is sufficiently vague for measuring the relative treatment effects a[k] 

as well as the baseline effects v[i], which are measured as proportions and differences 

between proportions for the RA model and as log relapse rates and the differences be­

tween these for the MS model. For the between trial standard deviation a uniform prior 

in [0,0.25] is sufficiently vague, since it allows the treatment effect to differ up to 100% 

between trials in the RA case and covers more than the estimated absolute log ARR of 

the MS treatments.

Relative efficacy between agents k and 1 can now be calculated from the baseline param­

eters as follows:

IC[k,l]=a[k]-a[l] (6.6)
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The assumption of exchangeability between RCT evidence and observational evidence in 

equation 6.4 can be relaxed by adjusting for potential bias in the various trial designs. 

One can adjust for overestimation using an additive factor to the mean or for overprecision 

using a multiplicative factor to the variance. Equation 6.4 then takes the following form:

aRcrlk] ~A^(a[/c],r) 

aoBs[k] ~ N{a[k] + fi^,T -w^)

The WinBUGs code for the three level hierarchical model can be found in appendix B.

(6.7)

6.4 Results: Application in Rheumatoid Arthritis

6.4.1 Data

Relaxing the inclusion criteria of the above literature search to include trials other than 

RCl's identified the observational data suitable for the inclusion in the analysis. Figure 

6.3 shows the network of available evidence and data extracted from the observational 

trials is summarised in table 6.1.

Two of the trials include data collected from registries (Italy and the Netherlands).

Fig. 6.3: RA case study: Network diagram of observational evidence: Edges are labelled 

with the number of studies and the total number of patients included in each comparison.

These registries were established to monitor the safety of these drugs and also to assess 

the effectiveness of these agents in the real life setting. The Dutch Rheumatoid arthri­

tis Register (DREAM) (Kievit et al. (2008)) was established to evaluate the effects of 

adalimumab, etanercept and infliximab on disease activity, functional ability, quality of 

life and medication costs in a real life setting. Bazzani et al. (2009) assessed the effec­

tiveness of anti-TNF a agents by analysing the primary clinical outcomes in patients 

with active RA. Klareskog et al. (2006) carried out an open label extension to assess the 

long-term safety and efficacy of etanercept in patients with RA; it is a one armed trial.
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Table 6.1: RA case study: Observational trial data: Number of patients N; 

improvement in HAQ score AHAQ; HAQ score at baseline HAQ^; Age (years); Disease 

duration DoD (years); Number of previous DMARDS; + indicates additional treatment 

with MTX; 0 Klareskog et al. (2006) is an open label extension, the placebo arm is taken 

from Weinblatt et al. (1999). NA=not available; Ada=adalimumab; Inf=infliximab; 

Eta=etanercept; Gol^golimumab, Cert=certolizumab. P=placebo.
Trial Arm N AHAQ (SD) HAQh Age DoD DMARDs

Bazzani et al. (2009) Eta-I- 230 0.34 (NA) 1.23 56 9 3

Ada+ 283 0.34 (NA) 1.20

Inf+ 497 0.34 (NA) 1.50

Kievit et al. (2008) Eta+ 289 0.35 (0.5) 1.4 55 7 3

Ada+ 267 0.42 (0.5) 1.3

Inf+ 151 0.23 (0.5) 1.4

Klare.skog et al. (2006)0 Eta+ 549 0.80 (NA) 1.8 53 13 3

P + 30 0.4 (NA) 1.5

Particular concern about one armed trials has been expressed by Ades et al. (2007); they 

“very strongly recommend that single arm studies, whether RCT or observational study, 

are excluded [from klTCs]”. There is agreement that unadjusted MTC methods do not 

provide reliable estimates. In this case this large trial must either be excluded from the 

analysis, or an appropriate comparison must be found. In order to do this, a control 

arm from a trial, whose baseline characteristics closely reflect those of Klareskog et al. 

(2006), is matched; the MTX arm of Weinblatt et al. (1999) has been used. Since the 

construction of this link to placebo may introduce additional bias, this trial has been 

excluded from the analysis in a sensitivity analysis. Baseline demographics of all trials 

are also summarized in table 6.1.

6.4.2 Naive Pooling

Table 6.2 summarises the relative efficacy results from naive pooling. Results based on 

the RCT evidence are only listed for comparison. The results reveal how the additional 

information from observational data strengthens the evidence; the standard deviations 

of estimates including placebo, adalimumab, infliximab and etanercept become smaller 

when including observational data. Estimates not including these treatments do not 

change notably. Furthermore, one can see the impact of additional evidence on the 

mean effect estimates. The strongest effect is found in the relative efficacy of etanercept 

versus placebo. Based only on RCT evidence, etanercept is estimated to improve the 

HAQ score by 31%, this effect shrinks to 21% when including observational trials. This
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Table 6.2: RA case study: Naive Pooling Results: Difference in % HAQ improvement 

for each pair wise comparison (standard deviation). DIG: Deviance Information Crite­

rion; D: posterior mean residual deviance; pp: effective number of parameters. Ada = 

adalimumab. Inf = infliximab, Eta = etanercept. Gol = golimumab, Cert = certolizumab, 

P = placebo.
Compari.son (A vs B) RCT only Naive Pooling Inconsistency Model

Ada vs P 0.21 (0.03) 0.22 (0.02) 0.21 (0.03)

Inf vs P 0.11 (0.04) 0.13 (0.03) 0.11 (0.04)

Eta vs P 0.31 (0.05) 0.21 (0.03) 0.26 (0.05)

Ool vs P 0.21 (0.05) 0.21 (0.06) 0.21 (0.05)

Cert vs P 0.26 (0.03) 0.26 (0.03) 0.26 (0.03)

Inf vs Ada -0.10 (0.05) -0.09 (0.03) -0.10 (0.04)

Eta vs Ada 0.10 (0.06) -0.01 (0.03) -0.04 (0.04)

Gol vs Ada 0.01 (0.06) -0.01 (0.06)

Cert vs Ada 0.05 (0.04) 0.04 (0.04)

Eta vs Inf 0.20 (0.07) 0.09 (0.03)

Gol vs Inf 0.11 (0.07) 0.09 (0.07)

Cert vs Inf 0.15 (0.05) 0.13 (0.04)

Gol vs Eta -0.10 (0.07) 0.00 (0.07)

Cert vs Eta -0.06 (0.06) 0.05 (0.05)

Cert vs Gol 0.04 (0.06) 0.04 (0.07)

Die (5,pd) -91.49 (-113.1,21.7) -115.2 (-143.8,28.3) -114.5 (-143.4,28.9)
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suggests discrepancy between evidence from RCTs and evidence from observational trials. 

When including evidence other than RCTs the difference of effect between the agents is 

less.

In the above model all comparisons can be written in terms of the basic parameters. In 

order to detect inconsistencies in the network based on RCT as well as observational 

data a model relaxing this consistency assumption is fit. The model estimates all relative 

treatment effects for which direct evidence is available without forcing the consistency 

in loops in the network. In the presence of inconsistency this model should provide an 

improved fit to the data. Further details and the code for this model is provided by Dias 

et al. (2012). Figure 6.4 plots the posterior mean deviance of each data point based on the 

model relaxing the consistency assumption against the original model. The contributions

Fig. 6.4: RA case study: Plot of the individual data points’ posterior mean deviance con­

tribution for the original model (horizontal axis) and the model relaxing the consistency 

assumption (vertical axis).

to the deviance are similar in both models. Arm 3 and 4 of Van De Putte et al. (2004) as 

well as arm 4 of Miyasaka (2008) and arm 2 of Maini et al. (1999) yield a deviance higher 

than expected. This can be attributed to the hxed effects assumption within trials. The 

efficacy estimates in these trial arms differ from those in the remaining arms of the same 

trial. The efficacy estimates based on the inconsistency model are also summarized in 

table 6.2. Most parameter estimates are very similar for both models, which suggests 

no evidence of inconsistency in the network. A slightly larger change is observed for 

the estimates including etanercept. For these parameters the node split method can
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Table 6.3: RA case study: Node Split Results. Mean difference in % HAQ improvement 

based on direct and indirect evidence (standard deviation). DIC: Deviance Information 

Criterion; D: posterior mean residual deviance; po: effective number of parameters. Ada 

= adalimumab, Inf = infliximab, Eta = etanercept, P = placebo.
Eta vs P Ada vs Eta Inf vs Eta

Die {D.po) -115.6 (-143.4. 27.8) -115.2 (-142.9, 27.7) -115.5 (-143.1, 27.6)

direct 0.26 (0.04) 0.04 (0.04) -0.06 (0.04)
indirect 0.17 (0.04) -0.05 (0.05) -0.15 (0.05)

be used to estimate the inconsistency. The node-split method splits the evidence for 

the comparison of interest into direct and indirect sources. The differences between the 

estimates gives a measure of the inconsistency. The DIC is reported as a measure of model 

fit. In the presence of inconsistency the node-split method provides an improvement in 

model fit. Results are summarized in table 6.3. While posterior distributions overlaj). 

the results show a discrepancy between direct and indirect estimates for comparisons 

including etanercept. How'ever. the decreases in DIC are relatively small indicating a 

similar fit for all models. A change in DIC of more than 2 is said to indicate a significant 

improvement in model fit (Spiegelhalter et al. (2002)).

6.4.3 As Prior Information

For this approach observational data is used to inform the prior distribution of the basic 

parameters. Etanercept j)rovides the strongest link in the observational network, being 

the only treatment which is directly connected to all other treatments. As described 

above the model has been adapted to define etanercept as the basic treatment; a[l] now 

represents the efficacy of placebo versus etanercept, a[2] the efficacy of adaliirmmab versus 

etanercept and a[3] the efficacy of infliximab versus etanercept.

Information to inform the prior distribution for these three parameters is derived from 

analysing observational data alone. No adjustment for MTX needs to be made in this 

case, since it is given in each trial arm of all studies and hence cancels out due to the 

assumption made in equation (4.3). Mean and precision of the posterior distributions 

based on the MTC of observational data alone provide the following inputs for the prior 

distributions of the basic parameters:

a[l] ~A(-0.18,71) 

a[2] ~ A(0.()4,168) 

a[3] ~ A(-().07,168)

(6.8)
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Table 6.4: RA case study: Results using observational data as prior iiiforination: Differ­

ence in % HAQ improvement for each biologic agent versus placebo (standard deviation). 

Ada = adalimumab. Inf = infliximab, Eta = etanercept, P = placebo.
Comparison OBS as Prior

Ada vs P

Inf vs P

Eta vs P

0.22 (0.03)

0.12 (0.04)

0.24 (0.04)

In line with WinBUGs the normal distribution is parameterised with the mean and the 

precision parameter. Results using observational data to inform the prior are summarized 

in table 6.4. It is possible to reduce the weight given to observational data adjusting for 

a bias of the form given in equation 6.1. which results in the inflation of the variance 

parameter:

a[i] ^ NTi ■ w^) (6.9)

where is the weight given to the observational evidence. Figure 6.5 illustrates the 

impact different values of have on the efficacy estimates. Estimates for golimumab 

and certolizumab are not affected since there is no additional information provided and 

are hence not included in the graph. The results show how decreasing weight on obser­

vational information shifts the efficacy estimates towards the estimates based on RCTs 

only. This effect is most evident for the etanercept versus placebo estimate, where the 

largest difference between estimates is observed. In order to adjust for overestimation 

of the treatment effect, an additive factor onto the mean of the prior distribution is 

introduced.

a[i] ~ N{ni + p^,t)

The results assuming a 30% overestimation and 30% underestimation of the biologic 

treatment effect versus placebo are shown in flgure 6.6. The results are not sensitive to 

bias due to over- or underestimation of the treatment effect. This can be explained by 

the structure of the observational evidence. Its strength lies in the relative efficacy of 

adalimumab, infliximab and etanercept, rather than in the comparisons with placebo. 

The relative efficacies between the biologic treatments are not affected greatly when 

assuming a 30% over- or underestimation of each agent when compared to placebo.

6.4.4 Bayesian Hierarchical Model

Fitting a three level hierarchical model yields overall estimates of efficacy as well as esti­

mates for each study type. Table 6.5 summarises the biologic treatment effect estimates
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Fig. 6.5: RA case study: Adjusting for overprecision using observational data to inform 

prior. Results are shown for different values of wf. Estimates shift towards the RCT only 

results as weight on observational evidence decreases.

Ada

Inf

Eta -

30% over 
No Adj. 
30% under

-o—
—&

T
-0.2 -0.1 0.0 0.1 0.2

HAQ improvement

0.3
T
0.4

Fig. 6.6: RA case study: Effects of adjusting for a 30% over- and 30% underestimation 

of the treatment effect when using observational data as prior information
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Table 6.5: RA case study: Hierarchical Model Results: Difference in % HAQ improve­

ment for each biologic agent versus placebo (standard deviation) on study type level and 

overall level. Ada = adalimumab, Inf = infliximab, Eta = etanercept, Gol = golimumab,

Cert = certolizuma 3, P = placebo.
Comparison Overall RCT level OBS level

Ada vs P 0.22 (0.07) 0.21 (0.02) 0.23 (0.06)

Inf vs P 0.12 (0.08) 0.11 (0.04) 0.13 (0.06)

Eta vs P 0.24 (0,08) 0.28 (0.06) 0.21 (0.06)

Gol vs P 0.21 (0.05) 0.21 (0.05)

Cert vs P 0.26 (0.03) 0.26 (0.03)

overall as well as on stndy type level. The results show how RCT estimates and ob­

servational estimates are combined to overall estimates, which lie in between the trial 

design estimates. The overall mean effect estimates are the same as when including ob­

servational evidence as prior information. However, the standard deviation is higher in 

the 3 level model, since the model allows for uncertainty cansed by combining evidence 

from different trial designs. Figure 6.7 shows shrinkage from data through each level to

Fig. 6.7: RA case study: Plot showing the shrinkage from data through each level to the 

estimate of the overall mean, o: estimates from observational evidence; A: estimates from 

RCTs. Solid line: Etanercept vs. Infliximab; dashed line: Etanercept vs. Adalimumab; 

dotted line: Adalimumab vs. Infliximab

the estimate of the overall mean. Borrowing strength across the network results in the 

trial design level estimates being drawn towards the overall mean. The graph also shows
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that differences in effect between the treatments become smaller with the inclusion of 

observational evidence.

As before, it is possible to adjust for overprecision and overestimation. Adjusting for 

overprecision of observational data down-weights the impact of its information on the 

results, see figure 6.8. The results show how overall results shift towards the RCT only

Fig. 6.8: RA case study: Adjusting for overprecision in 3-level model applying different 

values of w^: Estimates shift towards the RCT only results as weight on observational 

evidence decreases.

results when decreasing the weight on observational data; the same effect that has been 

found when using observational data as prior information. When adjusting for under­

and overestimation the effect on overall estimates is small, see figure 6.9. However, for 

the etanercept effect the results show an increase when adjusting for underestimation 

and a decrease when adjusting for overestimation of the treatment effect.

6.4.5 Sensitivity Analysis

A challenge is given by open label extensions. Such trials are typically one-armed and 

cannot be included in the analysis without adjustment. In this case study a matching 

approach is taken, where baseline characteristics are compared across available trials to 

identify a suitable match (d’Agostino and d’Agostino (2007)). However, such methods 

do not control for unobserved variables that may also affect the outcome. In a sensitivity 

analysis the one armed trial Klareskog et al. (2006) was excluded from the analysis; 

results based on the three methods are summarized in table 6.6. While the influence
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HAQ improvement

-0.2 0.4

Fig. 6.9 : RA case study; Adjusting for a 30% over- and 30% underestimation of the 

treatment effect in a 3-level model.

Table 6.6: RA case study; Results excluding Klareskog trial: Difference in % HAQ 

improvement for each biologic agent versus placebo (standard deviation). Resnlts are 

shown for inclnding observational evidence using naive pooling (NP), as prior information 

(Prior) and in a 3-level hierarchical model (3-level). Ada = adalimumab, Inf = infliximab, 

Eta = etanercept, Gol = golimumab, Cert = certolizumab, P = placebo.
Comparison (A vs B) NP Prior 3-level

Ada vs P 0.22 (0.03) 0.22 (0.03) 0.23 (0.09)

Inf vs P 0.13 (0.03) 0.12 (0.04) 0.13 (0.09)

Eta vs P 0.22 (0.04) 0.25 (0.04) 0.26 (0.09)

Gol vs P 0.21 (0.06) 0.21 (0.06) 0.22 (0.05)

Cert vs P 0.26 (0.03) 0.26 (0.03) 0.26 (0.03)
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of observational data is slightly lower due to the fact that only 2 additional trials are 

included in the analysis, the exclusion of Klareskog et al. (2006) did not influence the 

results much. The main effect remains the drop in efficacy of the etanercept estimate. 

This is because the strength of the observational evidence lies in the relative efficacy 

between the anti-TNF agents. Adalimumab is doing better than etanercept in both 3- 

armed observational trials (Bazzani et al. (2009); Kievit et al. (2008)) (when considering 

baseline HAQ). The efficacy of etanercept changes more than the efficacy of adalimumab 

when including observational evidence, because the evidence for adalimumab in the RCT 

trials is stronger (5 trials) than the evidence for etanercept (2 trials). Welton et al. (2009) 

have discussed the implications of including or excluding particular evidence sources in 

more detail.

6.5 Results: Application in Multiple Sclerosis

6.5.1 Data

A systematic literature review following the PRISMA method identihed published studies 

up to and including May 2012 meeting the inclusion critera. The analysis included RCTs 

or observational studies with a patient populations with relapsing remitting MS; studies 

which included >10% progressive patients were excluded. Patients must be treated with 

one of the nine DMTs identihed in section 6.2.2 compared to either each other or to 

placebo. Trials which included DMTs as part of combination therapy were excluded. All 

trials were required to have included a comparison of two interventions (or one interven­

tion and placebo); i.e. single-arm trials were excluded.

The chosen outcome measure was the ARR; results are reported on the log scale. The 

total number of patients, the number of patient years and the number of relapses were 

recorded for eadi trial arm. Where number of patient years or number of relapses were 

not available, the number of patients, the timepoint of the analysis and the ARR were 

used to estimate these. To test for potential confounding factors, the mean age, gender, 

duration of disease, number of relapses in the past 2 years (estimated based on 1 year 

data where 2 year data was not available) and the EDSS score to measure baseline disease 

activity were also recorded.

The following databases were searched from inception to May 2012 for relevant studies: 

EMBASE. MEDLINE (via PubMed) and the Cochrane Central Register of Controlled 

Trials (CENTRAL). Figure 6.10 shows the PRISMA flowchart for the RCT selection pro­

cess. The reference lists of published reviews of observational studies in MS were scanned
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to identify observational studies meeting the inclusion criteria. The search identified six­

teen randomized controlled trials and seven observational trials. The RCT data including

■xf
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3
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u
►5

Fig. 6.10: MS case study: Flow Diagram for DMT therapy in MS.

baseline characteristics is summarized in table 6.7. figure 6.11 shows the corresponding 

evidence network.

Table 6.7: MS case study: Data extracted from RCTs: Ntimber of patients N; number of relapses (rel); 
number of patient-years (py); age (years), sex (percentage of females), dod (duration of disease), mRel (mean 
number of relapses within last 2 years), EDSS (EDSS score at baseline)

Irial Arm N rel py age sex dod mRel EDSS
Polman et al. (2006) Placebo 315 433 593 36.1 0.70 5.3 2.32 2.30

Natalizumab 627 276 1202
Kappos et al. (2010) Placebo 418 300 750 37.1 0.70 8.2 2.13 2.40

Fingolimod 1.25mg 429 122 762
Fingolimod 0.5mg 425 143 794

Cohen et al. (2010) Placebo 431 135 409 36.2 0.67 7.4 2.27 2.21
Fingolimod 1.25mg 426 79 395
Fingolimod O.Smg 429 66 414

Saida et al. (2012) Placebo 57 27 27 35.3 0.69 7.8 2.43 2.07
Fingolimod O.Smg 57 13 26
Fingolimod 1.25mg 57 11 26

O’Connor et al. (2011) Placebo 363 365 676 37.9 0.72 8.7 2.23 2.68
I’eriflunomide 7mg 365 253 684
Teriflunomide 14mg 358 245 663

Comi et al. (2012) Placebo 556 375 962 38.7 0.69 8.7 1.90 2.60
Laquinimod 550 293 977

PRISMS Group (1998) Placebo 187 479 364 35.0 0.69 5.7 3.00 2.47
Rebif® 22 189 344 366

Continued on next page
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Table 6.7 — continued from previous page
Trial Arm N rel P.V age sex dod mRel EDSS

Rebif® 44 184 318 363
Johnson et al. (1995) Placebo 126 210 250 34.0 0.73 6.9 2.90 2.60

GA 125 161 273
Conii et al. (2001) Placebo 120 91 75 34.0 - 8.1 2.65 2.35

GA 119 61 75
Jacobs et al. (1996) Placebo 143 225 274 36.8 0.74 6.5 1.84 2.35

Avonex® 158 196 293
Durelli et al. (2002) Avonex® 92 126 180 36.9 0.66 6.3 2,90 1.97

Betaferon® 96 95 190
Panitch et al. (2002) Avonex® 338 216 304 37.9 0.75 6.6 2.60 2.30

Rebif 44® 339 183 305
IFNB Group (1993) Placebo 123 266 209 35.6 0.70 4.3 3.50 2.90

Betaferon® 124 173 206
O’Connor et al. (2009) GA 448 383 1126 35.6 0.69 5.2 2.45 2.33

Betaferon® 897 828 2299
Cadavid et al, (2009) GA 39 23 70 36.0 0.69 1.1 2.83 2.00

Betaferon® 36 25 68
Mikol et al. (2008) GA 386 200 688 36.8 0.71 6.2 - 2.34

Rebif® 44 387 207 689

The demographics of the trials are broadly similar, however some differences were 

found, particularly in relation to the disease duration, ranging from 1.1 - 8.7 years, and 

EDSS score at baseline, ranging from 1.97 - 2.90.

The literature review also identified seven observational trials providing evidence of rel­

ative efficacy of older DMTs versus each other and versus placebo. Due to concerns 

regarding selection bias in observational trials, baseline characteristics within each study 

were tested for differences between the study arms. Two of the trials (Limmroth et al. 

(2007); hlinagar and Muray (2008)) were excluded from the analysis due to missing base­

line characteristics. Rio et al. (2007) and the placebo arm of Carra et al. (2003) were 

excluded, because differences in baseline characteristics could not be precluded. The 

data extracted from the four trials included in the analysis can be found in table 6.8, the 

corresponding evidence network is displayed in figure 6.12.

6.5.2 Computation / Convergence

All models in this section are fitted in WinBUGs. 200,000 burn-in iterations were dis­

carded. the analysis is based on 2 chains with 500,000 iterations and a thinning interval 

of 100. Convergence for this case study was analysed using the same methodology as be­

fore. The effective sample size was checked, the autocorrelation plots showed a decrease 

with increasing lags and two chains were run and indicated good mixing.
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Fig. 6.11: MS case study: Network Diagram of RCT trials: Edges are labelled with the 

number of studies and the total number of patients included in these studies.

Fig. 6.12: MS case study: Network Diagram for observational evidence: Edges are 

labelled with the number of studies and the total number of patients included in these 

studies.
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Table 6.8: MS case study: Data extracted from observational trials: Number of patients 

N, number of relapses rel, number of patient years py, age (years), sex (percentage of 

females), dod (duration of disease), inRel (mean number of relapses within last 2 years), 

EDSS (EDSS score at baseline).
Trial Arm N rel py age sex dod mRel EDSS

Haas and Firzlaff (2005) Avonex® 79 109 158 37 0.78 7.7 1.09 2.20

Betaferon® 77 123 154 37 0.70 6.4 1.20 2.28

GA 79 56 158 35 0.77 7.9 1.16 1.98

Rebif® 22 48 59 96 37 0.65 9.8 1.15 2.36

Khan et al. (2001) Placebo 15 23 23 32 0.67 4.1 1.03 2.63

Avonex® 34 41 51 32 0.59 4.9 1.18 2.71

Betaferon® 34 28 51 33 0.62 4.2 1.22 2.60

GA 39 29 59 32 0.64 4.4 1.14 2.64

Trojano et al. (2003) Betaferon® 209 136 418 31 0.68 6.5 1.35 2.50

Avonex® 169 120 338 32 0.72 7.1 1.25 2.40

Carra et al. (2003) Avonex® 26 14 35 41 0.62 6.5 0.77 2.02

Rebif® 44 20 12 27 38 0.60 6.4 1.28 2.08

Betaferon® 20 11 27 47 0.70 8.0 1.13 3.13

GA 30 8 40 39 0.70 7.4 1.02 2.45

6.5.3 RCT only

To provide a reference point for measuring the impact of observational information in 

the alternative methodologies, in a first step the RCT data is analysed on its own using 

the model described in equation 6.3. The model was extended to a meta-regression to 

test potential confounding factors age. gender, duration of disease, relapses within the 

past two years and EDSS score at baseline. None of these was found to have a significant 

impact on the result and covariates were therefore not included in the final analysis. The 

relative efficacy estimates of all DMTs versus placebo with their corresponding standard 

deviation can be found in table 6.9. Figure 6.13 plots the 95% credible intervals for 

all treatments against each other. All treatments provide significant improvent in ARR 

compared to placebo. The MTC confirms differences between many of the treatments. 

Two of the new treatments, natalizumab and fingolimod (both doses), are doing signif­

icantly better than all other treatments. Teriflimomide and laquinimod, the other new 

agents, show a similar efficacy as the older treatments. Avonex® appears to have the 

worst efficacy. In the following three sections the degree to which observational evidence 

agrees and strenghtens or disagrees with these findings is analysed.
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Fig. 6.13: MS case study: Forest Plot based on RCT evidence: Plots pair-wise 

logARRs of DMTs versus placebo and each other. Nata=natlizumab, FinH=fingolimod 

1.25mg. FinL=fingolimod O.Smg. Ter7=teriflunomide 7mg, Terl4=teriflunomide 

14mg, Laqu=laquinimod, Re22=Rebif® 22, Re44=Rebif®44, Avo=Avonex®, 

Beta=Betaferon®
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Table 6.9: MS case study: Results based on RCT only and Naive Pooling with obser­

vational evidence: Mean relative log ARR estimate (standard deviation) of all DMTs 

versus placebo.
Comparison RCT only Naive Pooling Inconsistency Model

Natalizumab vs Placebo -1.16 (0.08) -1.16 (0.08) -1.16 (0.08)

Fingolirnod 1.25mg vs Placebo -0.85 (0.09) -0.85 (0.08) -0.92 (0.10)

Fingolimod 0.5mg vs Placebo -0.84 (0.08) -0.84 (0.08) -0.80 (0.10)

Terifluriomide 7mg vs Placebo -0.39 (0.08) -0.39 (0.08) -0.39 (0.08)

I'eriflunomide 14mg vs Placebo -0.39 (0.08) -0.39 (0.08) -0.39 (0.08)

Laquinimod vs Plaicebo -0.27 (0.08) -0.27 (0.08) -0.27 (0.08)

Rebif® 22 vs Placebo -0.33 (0.07) -0.32 (0.06) -0.33 (0.07)

Rebif® 44 vs Placebo -0.39 (0.06) -0.39 (0.06) -0.40 (0.07)

GA vs Placebo -0.42 (0.06) -0.47 (0.05) -0.40 (0.08)

Avonex® vs Placebo -0.19 (0.06) -0.19 (0.05) -0.17 (0.09)

Betaferon® vs Placebo -0.39 (0.06) -0.34 (0.06) -0.42 (0.09)

Die (D,pd) 312.0 (285.4,26.6) 424.5 (394.1,30.4) 415.9 (377.6,38.3)

6.5.4 Naive Pooling

The results from pooling RCT data and observational data are summarised in table 

6.9. Changes are only expected for comparisons including Rebif® 22. Rebif® 44. GA. 

Avonex® and Betaferon®, since no additional observational information was found for 

the newer treatments. Figure 6.14 plots the relative efficacies for these treatments. Little 

difference between naive pooling (blue) and RCT only (black) results is observed; the 

additional information from observational trials confirms the findings from the RCT anal­

ysis and strengthens the evidence by slightly decreasing the variance for the comparisons. 

The biggest change is found for GA and Betaferon®. the efficacy improves by 0.05 for 

GA and decreases by 0.05 for Betaferon® when including additional information from 

observational trials.

As in the RA application, a model relaxing the consistency assumption is fit to assess 

inconsistencies in the network. Figure 6.15 plots the posterior mean deviance of each 

data point based on the model relaxing the consistency assumption against the original 

model. For most datapoints the contribution to the deviance is similar. However, there 

are 2 outliers, which refer to the Betaferon® and the GA arms of the observational trial 

by Haas and Firzlaff (2005). This indicates an inconsistency with this trial in the net­

work and is supported by the DIG (table 6.9), which indicates an improved fit for the 

inconsistency model. Looking at the data, the annual relapse rate of Betaferon® in this 

trial is particularly high and the annual relapse rate of GA is very low. The inconsistency
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Fig. 6.14: MS case study; Forest Plot of results based on RCTs only, naive pooling, as 

prior information and 3-level model: Plots pairwise logARRs of DMTs versus placebo 

and each other. Re22=Rebif® 22, Re44=Rebif® 44, Avo=Avonex®. Beta=Betaferon®
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Fig. 6.15: MS case study: Plot of the individual data points’ posterior mean deviance 

contribution for the original model (horizontal axis) and the model relaxing the consis­

tency assumption (vertical axis).

Table 6.10: MS case study: Node Split Results: Mean difference in log ARR based on 

direct and indirect evidence (standard deviation). DIG: Deviance Information Criterion.
GA vs P GA vs Avonex® Betaferon® vs Betaferon® vs Avonex®

DIG {D,pd) 424.3 (393.4,30.9) 407.9 (376,5,31.4) 425.2 (393.8,31.4) 421.3 (389.9,31.4)

direct -0.40 (0.08) -0.70 (0.12) -0.42 (0.09) -0.06 (0.07)

indirect -0.52 (0.07) -0.17 (0.07) -0.30 (0.06) -0.27 (0.08)

caused by this issue is solved when relaxing the consistency assumption. To investigate 

further, the node split approach is applied to the estimates of GA and Betaferon® ver­

sus placebo and versus Avonex® (which is the baseline treatment in the trial). Results 

are summarized in table 6.10. Splitting GA versus Avonex® and Betaferon® versus 

Avonex® into estimates based on direct and indirect evidence improves the model fit, 

which confirms the inconsistency detected in the above model. The two trial arms are 

not excluded from the remainder of this chapter; however, to investigate the impact on 

the overall analysis, they are excluded in a sensitivity analysis in section 6.5.7.

6.5.5 As Prior Information

Using observational evidence to inform the prior information requires the analysis of 

observational trials separately as a first step, results are summarized in table 6.11. GA is 

confirmed as the strongest of the older DMTs followed by Rebif® 22. Similar efficacies are
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Table 6.11: MS case study: Results based on OBS data only: Mean difference in log 

ARR of each DMT versus placebo.
Comparison OBS estimate

Rebif® 22 vs Placebo -0.5 (0.25)

Rebif® 44 vs Placebo -0.26 (0.43)

GA vs Placebo -0.97 (0.25)

Avonex® vs Placebo -0.31 (0.24)

Betaferon® vs Placebo -0.34 (0.24)

observed for the remaining agents. While the absolute values differ from those estimated 

based on RCTs, it is important to consider the high standard deviation and the weak 

link to placebo. To make use of this analysis to inform the prior information of the RCT 

model, Avonex® is chosen as the basic treatment, since it is one of the strongest links in 

the network. Betaferon® is also part of all observational trials and connected to all other 

treatments in the evidence network and therefore provides an alternative choice. The 

MTC of observational data alone yields estimates for all pairwise comparisons. Mean 

and precision of the posterior distributions of the relative efficacy of each treatment 

comj)ared to avonex are used as inputs for the basic parameters in the RCT model:

a[l] ~ A^(0.31,16.7) 

a[3] ~ A(-0.67,59.2)

a[4] ~ A^(-0.19,39.1) (6.10)

a[5] ~A(0.05,7.7) 

a[6] ~ A^(-0.03,144)

a[l] represents the relative efficacy of placebo versus Avonex®, a[3] the efficacy of GA 

versus Avonex®, a[4] the efficacy of Rebif®22 versus Avonex®, a[5] represents Rebif®44 

versus Avonex® and the efficacy of Betaferon® versus Avonex® is given by a[6]. a[2], 

the relative efficacy of avonex with itself is not a random node, it is fixed at 0.

Results are summarized in table 6.12; hgure 6.14 plots the relative efficacy of the agents 

against each other. The results based on using observational data to inform the prior 

distribution are very similar to those based on naive pooling. The standard deviation 

decreases slightly compared to the results based on RCTs only and an increase of efficacy 

is observed for GA, while the efficacy of Betaferon® decreases.

As before, it is possible to reduce the weight given to observational data by inflating the 

variance parameter as described in equation 6.9. Figure 6.16 illustrates the effects for 

a range of different values of w^. Estimates of the new DMTs are not affected, since 

there is no additional information provided. The results show the same effect as in the
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Table 6.12: MS case study: Results based on OBS data as prior information: Differ­

ence in log ARR of each DMT versus placebo (standard deviation). Betaf=Betaferon®; 

Die=Deviance Information Criterium.
Comparison OBS as prior

Rebif® 22 vs Placebo -0.33(0.06)

Rebif® 44 vs Placebo -0.39(0.05)

GA vs Placebo -0.45(0.05)

Avonex® vs Placebo -0.18(0.05)

Beta! vs Placebo -0.36(0.05)

DIG {D,pd) 311.8 (286.0,25.8)

RA application: decreasing the weight on observational information shifts the efficacy 

estimates towards the estimates based on RCTs only. The effect is most evident for GA 

and Betaferon®. where the largest difference between estimates is observed. Figure
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Fig. 6.16: MS case study: Adjusting for overprecision for different values of using 

OBS data as prior information: Estimates shift towards the RCT only results as weight 

on observational evidence decreases.

6.17 shows the effect of adjusting for a 30% over- and underestimation of the treatment 

effect in observational trials on the overall effectiveness. As in the previous case study, 

the effect is small, since the strength of the observational evidence lies in the relative 

efficacy of the older DMTs rather than in the fink to placebo.
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Fig. 6.17: MS case study: Effects of adjusting for a 30% over- and 30% underestimation 

of the treatment effect when using OBS data as prior information

Table 6.13: MS case study: 3-level model results: Difference in efhacy for each DMT 

versus placebo (standard deviation) on study type level and overall level.
Comparison Overall RC r level OBS level

Rebif® 22 vs Placebo -0.34 (0.15) -0.33 (0.07) -0.36 (0.15)

Rebif® 44 vs Placebo -0.35 (0.17) -0.39 (0.06) -0.30 (0.21)

GA vs Placebo -0.60 (0.15) -0.44 (0.06) -0.77 (0.14)

Avonex® vs Placebo -0.20 (0.14) -0.19 (0.06) -0.20 (0.12)

Betaferon® vs Placebo -0.31 (0.14) -0.39 (0.06) -0.24 (0.12)

Die (D,pd) 410.9 (377.1,33.8)

6.5.6 Hierarchical Model

In this section a three level hierarchical model is fit to the MS data. Such a model yields 

estimates of overall efficacy for each treatment as well as estimates on study type level; 

results for this application are summarized in table 6.13. The overall efficacy is estimated 

to lie between the study type level estimates. The increased variance compared to naive 

pooling is due to the fact that the model takes into account between trial heterogeneity. 

Estimates on observational level are surrounded by higher uncertainty than estimates 

on RCT level, since there is less information available. Again, it is possible to adjust 

for overprecision, the results for different weights given to observational evidence are 

shown in figure 6.18. As weight on observational data decreases, the estimates shift
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weight

Fig. 6.18: MS case study: Effects of adjusting for overprecision for different values of 

in 3 level model: Estimates shift towards the RCT only results as weight on observational 

evidence decreases.

towards the RCT only results. This is most visible for the GA and Betaferon® estimate. 

.Adjusting for a 30% over- and underestimation of the treatment effect does not have a 

huge impact on the results, see figure 6.19. As in the RA case study, the 3-level model 

in the MS analysis shows how data is shrunk towards the overall mean, when analysed 

in a hierarchical model. Figure 6.20 illustrates the effect for GA versus Placebo, where 

this is most evident. On study type level, results are drawn further in the direction of 

the RCT estimate, since RCT evidence is stronger than OBS evidence.

6.5.7 Sensitivity Analysis

In section 6.5.4 the GA and the Betaferon® arm of trial Haas and Firzlaff (2005) were 

identified to potentially cause inconsistency. To investigate this issue further, a sensitivity 

analysis excluding these two arms was conducted. Results based on the three methods 

are summarized in table 6.14. Excluding these two datapoints improves the model fit 

in all three methods. In the main analysis, including observational data improved the 

efficacy of GA and worsened the efficacy of Betaferon®. This effect has been removed by 

excluding these trial arms. It appears, that the remaining evidence from observational 

trials agrees with evidence from the RCT data. This is mirrored in the decrease in 

standard deviation of the 3-level model estimates compared to before. The estimates
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in the 3- level model in the MS application
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Fig. 6.20: MS case study: Effect of shrinkage
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Table 6.14: MS case study: Results excluding GA and Betaferon® arm of Haas and 

Firzlaff (2005): Mean relative log ARR estimate (standard deviation) based on each of 

the three methods. DIC=Deviance information criterium; NP=Naive Pooling.
Comparison (A vs B) NP Prior 3-level

Rebif® 22 vs Placebo -0.32 (0.06) -0.32 (0.06) -0.33 (0.12)

Rebif® 44 vs Placebo -0.39 (0.06) -0.39 (0.05) -0.37 (0.13)

GA vs Placebo -0.44 (0.06) -0.44 (0.06) -0.49 (0.13)

Avonex® vs Placebo -0.20 (0.05) -0.19 (0.05) -0.18 (0.11)

Betaferon® vs Placebo -0.39 (0.06) -0.39 (0.06) -0.40 (0.12)

Die (D,pd) 389.4 (358.9,30.5) 310.8 (258.8,26.0) 391.9 (259.6,32.3)

based on the hierarchical model become more conservative when estimates based on the 

alternative designs differ. Differences in baseline demographics may have lead to the 

Betaferon® group in the Haas study having a more severely ill p>opulation than the other 

treatment groups. The progression rate in the Betaferon® group was significantly higher 

than the other groups at baseline due to a high proportion of patients with high EDSS 

scores despite short disease duration. In contrast to the other included observational 

studies, a proportion of patients in all treatment arms of the Haas study had received prior 

DMT (24%-63%). The proportion of previously treated patients was much higher in the 

R(d)if® group (63%) compared to the other treatment arms (~25%). These differences 

may have contributed to the dichotomous results observed in the Haas study compared 

to other comparative studies.

6.6 Conclusions / Limitations

The above techniques provide a framework for systematically including evidence from 

different trial designs in a MTC model.

Naive pooling makes the strong assumption of no differences between trial designs. The 

method does not allow for bias adjustments and no additional uncertainty is taken into 

account. Naive pooling can therefore not be recommended as a primary means of com­

bining evidence from different trial designs. However, as demonstrated in the case study 

on RA, in some situations naive pooling may create the opportunity to estimate consis­

tencies within the evidence network. In such situations naive pooling may be worthwhile 

as a first step analysis.

Summarising observational evidence to inform the prior distribution in a MTC model 

allows the adjustment for potential bias due to overprecision or overestimation. This is 

a clear advantage over naive pooling; however, between trial design heterogeneity is not
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taken into account and it is not possible to extend the model to include more than two 

different trial designs.

The hierarchical modelling approach accounts for the uncertainty arising from combining 

information from different trial designs using random effects. The hierarchy levels allow 

the quantification of the impact evidence from different designs has on the result while 

adjusting for potential bias. These advantages make hierarchical modelling the preferred 

method of including information from different designs.

For the above case studies trials were grouped into two designs; RCTs and observational. 

This makes it difficult to estimate between trial design heterogeneity in this approach 

and results are very sensitive to the prior distribution. This explains the large increase in 

standard deviation for the 3-level model in both applications. This is not an issue when 

including more than 2 different trial designs.

Observational data is prone to two different biases; overestimation and overprecision of 

the treatment effect. Including observational data as prior information and in the form of 

a hierarchical model allows for bias adjustment. In the literature assuming 30% overpre­

cision has previously been used (O’Rourke et al. (2007); Lilford and Braunholtz (1996)). 

Research has not found a consistent overestimation of the treatment effect among obser­

vational trials (Benson and Hartz (2000); Concato et al. (2000)). In any case, the actual 

size of the bias is difficult to estimate and it is important to vary this in a sensitivity 

analysis. Turner et al. (2009) provide a detailed approach to modelling bias in evidence 

synthesis. He differentiates between rigour (lack of internal bias) and relevance (lack of 

external bias). Bias elicitation is conducted on individual trials by comparing the actual 

study with an idealized study protocol defined according to the question of interest. A 

direct form is assumed for the bias in the target parameter.

A challenge is given by open label extensions. Such trials are typically one-armed and 

cannot be included in the analysis without adjustment. In the first case study a matching 

approach was taken, where baseline characteristics are compared across available trials to 

identify a suitable match. However, such methods do not control for unobserved variables 

that may also affect the outcome. It is important to determine the impact of one-armed 

trials in a sensitivity anatysis.

For many disease areas there is a lot of observational data available providing additional 

information on treatment effectiveness. It is important for an informed decision mak­

ing process to include all available evidence. Including observational data at basecase 

analysis or in the form of a sensitivity analysis can greatly improve evidence synthesis 

as part of economic assessments, as well as choice of agent in a clinical setting. The
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methods described here provide a flexible methodology to analyse the impact of such 

additional information. A hierarchical model is the preferred method to including infor­

mation from different designs, because it is the only method taking into account between 

design heterogeneity.
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Chapter 7

MCDA

7.1 Motivation

The objective of making decisions regarding the reimbursement of healthcare technologies 

is to maximise the health benefit in the population given a limited healthcare budget. 

As described in chapter 2 this involves satisfying a number of criteria, some of which are 

conflicting.

Currently, the decision process is based on the INB as utility function, which was de­

fined in chapter 2. The INB combines incremental costs and QALYs; an intervention is 

recommended for reimbursement when the INB is positive.

INB{K) > 0 —> Reimburse treatment. 

else —> Do not reimburse treatment.
(7.1)

K refers to the threshold of what one is willing to pay for an additional QALY, also 

defined in chapter 2. Unfortunately, the QALY does not measure all aspects of health 

benefit, see Garau et al. (2011). For instance, it assumes an additional year of life 

at perfect health to have the same value at the end of someone’s life as it has in the 

middle of someone’s life. To include issues which are not covered by the decision rule in 

equation 7.1. a dynamic threshold is applied on a case by case basis. The threshold is 

not clearly defined. However, results are currently reported to the HSE at a threshold 

of €20.000 and at €45.000. QALYs are known to be particularly insensitive for cancer 

treatments. As a way of dealing with this issue the National Cancer Control Programme 

(NCCP) review group reassesses cancer treatments in light of cancer specific criteria and 

issues a second recommendation to the HSE. An example illustrating the dynamics of 

the threshold in the other direction is the assessment of roflnmilast for the treatment 

of COPD (chronic obstructive pulmonary disease) (NCPE (2010/)). At an ICER of 

only €1.541 per QALY rofiumilast was not recommended for reimbursement due to high
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uncertainty in the estimates and low quality of evidence.

Applying separate decision models for different disease areas and a case by case approach 

to include additional objectives yields non-transparent and inconsistent decsion making. 

A multi criteria decision analysis (MCDA) approach for the Irish healthcare setting will 

formalise the process and improve transparency, consistency and coherence. For this 

case the INB as utility function is generalized to include multiple criteria, as defined in 

chapter 3. This changes the decision rule to:

Wk ' Ck > 0 —> Reimburse treatment. 

else —> Do not reimburse treatment.
(7.2)

where k = 1, ...,p objectives are combined and refers to the weight given to the 

criterion Ck-

The approach enables the assessment of all disease areas within the same model. The 

approach is beneficial for the decision maker, because consistent decision making provides 

justification when decisions are challenged. The pharmaceutical industry will benefit, 

since a prediction of the reimbursement decision is possible at an earlier stage.

7.1.1 Aim of Analysis

In this chapter a descriptive approach is taken to identify and weight criteria based 

on guidelines and past decisions to inform a multi attribute value modelling approach 

to MCDA. The work identifies criteria, which have influenced reimbursement decisons in 

the past as well as their relative importance. This is work towards a normative approach, 

which can be implemented in the Irish healthcare system.

7.2 Methods

7.2.1 Data Collection

A set of criteria with potential influence on the reimbursement decision was selected based 

on HIQA guidelines, NCPE assessments and NICE decisions. According to HIQA. clinical 

effectiveness, cost-effectiveness, budget impact as well as social, ethical, medicolegal and 

organisational aspects associated with the use of a technology are part of a HTA. HIQA 

has published guidelines on clinical effectiveness, cost-effectiveness and budget impact; 

guiding information on the remaining criteria have yet to be established. In the absence 

of further guidelines from HIQA the list of criteria was expanded by criteria, which are 

known to have influenced NICE decisions in the past. The set was complemented by 

objectives arising in the NCPE assessments.

134



Iiiforniation was sought for every full pharmacoeconomic assessment conducted by the 

NCPE since 2006 on each of the identified criteria. The basis for the information are the 

assessment summaries, which are published on the NCPE website.

7.2.2 Statistical Analysis

The data is analysed using logistic regression. Logistic regression predicts the outcome 

of a categorical variable based on a number of predictor variables, which can be either 

categorical or continuous.

The outcome variable in this case is the recommendation for reimbursement, which is 

either yes (1) or no (0). The recommendation for reimbursement by the NCPE was chosen 

as the outcome of interest rather than the actual decision of reimbursement, because 

in some cases treatments were approved for reimbursement following price reduction. 

Unfortunately, no full assessment based on the new price is made in such cases and 

therefore information on cost-effectiveness and budget impact is not available.

The set of criteria identified in the data collection process are the predictor variables. 

Only cases were information on all criteria is available are included in the analysis.

A logistic regression is a special case of a generalized linear model and takes the following 

form:
Yi ~ Bern{pi) 

logit{pi) = Y1]Li

where i=l,....n indicates the assessment, Yi is the outcome variable indicating whether 

case i was recommended for reimbursement and Xij is the response of case i to predictor 

j. For a Bayesian analysis prior distributions need to be assigned for the regression 

coefficients /Sj. For this analysis vague priors were chosen;

/3j ~ iV(0,0.001).

The model is fitted in WinBUGs. An overview on generalized linear models can be found 

in Dobson (2002).

The criteria providing the best prediction for the outcome are selected using stepwise 

forward regression.

7.3 Results

(7.3)

7.3.1 Data

The criteria selected for the analysis are summarized in table 7.1. Clinical effectiveness, 

cost-effectiveness and budget impact are included based on HIQA guidelines. Rawlins
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Table 7.1: MCDA: Details on the criteria selected for a descriptive MCDA approach 
for the Irish healthcare setting.

Criteria Short Description Type Scale
Clinical effectiveness
(Eff)

The ability of a technology to achieve a 
clinically significant impact on the health 
status of a patient.

categorical high(l)
medium(O)
low(-l)

ICER Cost per additional QALY continuous €per QALY
Budget Impact (BI) Gross financial impact of a new technology 

on the healthcare system accumulated over
5 years.

continuous €

Severity of illness (Sev) Indicates the severity of the underlying dis­
ease. Society tends to prioritize the relief 
for a severe disease before a mild disease.

binary yes(l)
no(0)

End of life treatment 
(EoL)

Indicates life prolonging treatments. Soci­
ety tends to place special value on the ex­
tension of life, as long as it is of reasonable 
quality.

binary yes(l)
no(0)

Stakeholder involvement 
(Stake)

Patients and their advocates can influence 
the decision of reimbursement through rec­
ommendations and assessments.

binary yes(l)
no(0)

Innovation (Innov) Innovative treatments can be the first 
treatment for a disease, or significantly im­
prove efficacy or reduce costs compared to 
alternative treatments.

binary yes(l)
no(0)

Children (Child) The assessment of quality of life in chil­
dren is methodologically challenging. So­
ciety tends to give the benefit of a doubt 
to sick children.

binary yes(l)
no(0)

Quality of Evidence 
(QoE)

The assessment can only be as good as the 
evidene provided; low quality of evidence 
may yield the rejection of treatments.

categorical high(l)
medium(O)
low(-l)

Uncertainty (Unc) Uncertainty in the analysis can result in 
high costs to the healthcare system.

binary medium(O)
low(-l)

Media coverage (Media) Media coverage of a particular intervention 
can exert pressure on the decision maker.

binary yes(l)
no(0)

Year Year of assessment. The economic climate 
has changed the reimbursement decisions 
over the last 6 years.

continuous year

et ah (2010) identified six criteria, which have influenced reimbursement decisions in 

NICE in the past: Severity, End of Life, Stakeholder, Innovation. Disadvantaged Pop­

ulation and Children. These criteria are included in the list except for disadvantaged 

population, which did not apply to any of the past decisions made in Ireland since 2006. 

The list was completed through further analysis of NCPE evaluations. This added qual­

ity of evidence, level of uncertainty, media coverage and year of assessment to the list of 

criteria. Table 7.1 gives a brief description for each of the critera, the type of variable 

used to measure and its scale. Each of 46 past reimbursement decisions is scored against 

each of these criteria. Information is extracted from the assessment summaries, which 

can be downloaded on the NCPE website. A summary of the data can be found in table 

7.2. Where ICERs were reported against a number of comparators, the highest ICER 

was extracted. The accumulated 5 year gross budget impact is extracted; where a yearly 

budget impact was reported, the 5-fold value was used. Uncertainty was deemed high.
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when concern about the level of uncertainty was expressed in the assessment summary. 

A more clear classification of uncertainty would be possible based on the EVPI, however, 

the EVPI is only reported for the more recent assessments. The scoring on all other cri­

teria was assessed by members in the NCPE. Disagreements were resolved in discussions. 

Ten cases were excluded from the analysis due to missing values (7, 8, 9, 13, 17, 18, 19, 

20, 22, 37). Case 11 was excluded because no ICER is available for cost minimisation 

analyses. The analysis is based on the 35 remaining cases. 17 of these interventions 

(48.5%) were recommended for reimbursement. Where the intervention dominated its 

comparator and no ICER is reported, an ICER of -1 is adopted as a conservative choice. 

For case 28 the cost per life year gained rather then per QALY is reported. The case is 

included in the primary analysis, but excluded in a sensitivity analysis.

The median ICER of all reimbursement decisions is €21,643 per QALY ranging from -1 

to 1.111.111. The median ICER for positive recommendations is €11,411 per QALY, 

more than sixfold lower than the median ICER for negative recommendations. €72.653 

per QALY. Also, the median budget impact of positive reimbursement decisions is less 

than half of the median budget impact for negative reimbursement decisions (€3,459.187 

vs €8.909.503). Eleven (31%) of the treatments are given the status of innovation; seven 

of these (64%) were recommended for reimbursement. 14 of the indications relate to a se­

vere disease, four of these (29%) were recommended for reimbursement. In five cases the 

treatment is life prolonging; two of these (40%) had a positive reimbursement decision. 

Only one of the ten treatments (10%) with low quality of evidence was recommended 

for reimbursement. Five of 15 cases with high uncertainty (33%) were recommended 

for reimbursement. None of the cases which got media attention were recommended for 

reimbursement.
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Table 7.3; MCDA: DIG for model fit for forward stepwise regression.
Predictor

P

P ICER + P ICER + In­

nov H- P

ICER + In­

nov + Unc 4-

P

ICER -t In-

nov-f Unc -1-

EoL -t P

ICER + In-

nov-|- Unc +

EoL -t Eff -t P

Eff 49.34 32.69 24,36 16.82 7.04* -

ICER 35.95* - - - - -

BI 52.25 38.15 30.71 24.18 14.73 8.09

Sev 48.77 37.82 30.72 24.67 8.20 7.61

EoL 52.48 33.58 26.18 13.14* - -

Stake 52.31 36.70 29.46 22.21 13.15 6.92

Innov 51.16 28.55* - - - -

Child 49.31 36.13 28.62 22.04 13.14 6.97

QoE 43.22 32.52 23.92 21.89 14.65 7.19

Unc 50.09 31.56 21.92* - - -

Media 44.84 32.14 27.35 22.66 13.20 7.10

Year 50.49 35.96 28.51 22.29 13.20 6.63

7.3.2 Logistic Regression

Multiple linear logistic regression was used to predict the outcome of reimbursement 

based on the predictor variables. Forward stepwise regression is used to determine the 

best fit model. Model fit is meas\ired using the DIG. At each step the variable, which 

yields the best model fit is added to the list of predictors as long as the additional variable 

provides an improvement in model fit compared to the simpler model. Table 7.3 displays 

the DIGs for the alternative models.

When fitting the model based on only one predictor, the IGER provides the best fit 

(DIG=35.95). which is in line with the finding of the univariate analysis in the previous 

section. Adding innovation as a second criteria to the IGER is the best fit based on 

two predictor variables (DIG=28.55). Best fit based on three predictors is given when 

adding level of uncertainty as a criterion to IGER and innovation (DIG=21.92). Another 

improvement in model fit is given when adding end of life as a fourth predictor variable 

(DIG=13.14). Efficacy as a fifth variable also improves the model fit (DIG=7.04); while 

a sixth variable does not yield an improvement in model fit.

The model of choice therefore uses the IGER, innovation, uncertainty, end of life and 

efficacy as predictor variables for the reimbursement recommendation. For each decision 

made in the past, the model estimates the probability of reimbursement. Figure 7.1 plots 

the jirobability of reimbursement against the actual recommendation for each of the cases 

included in the analysis. Based on the model a technology would be recommended for
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Fig. 7.1: MCDA: Best prediction of reimbursement decision based on logistic regression 

using the ICER. innovation, level of uncertainty and end of life as predictor variables.

Table 7.4: MCDA: Regression coefficients.
Intercept ICER Innov line EoL Efl-

1 Pred 1.63 (0.6) -5.8e-®(2.3e-®) - - - -

2 Pred 2.34 (1.1) -1.6e“^(6.3e“®) 7.22 (2.9) - - -

3 Pred 8.42 (3.3) -3.7e“‘*(1.5e“^) 15.17 (6.5) -6.29 (2.6) - -

4 Pred 21.18 (8.6) -9.7e“‘*(3.9e“^) 32.48 (13.4) -18.34 (7.8) 29.46 (16.2) -

5 Pred 29.36 (11.3) -13.4e‘^(5.1e“‘’) 42.10 (16.0) -21.30 (8.7) 31.96 (17.4) 29.09 (18.1)

reimbursement when the probability of reimbursement is above 0.5. technologies scoring 

a probability below 0.5 would not be recommended for reimbursement; this is equivalent 

to the decision rule defined in 7.2.

The model based on five predictors provides a very good fit. classifying all decisions cor­

rectly. Denosumab, a treatment for the prevention of skeletal related events in adults 

with bone metastases from solid tumours, has a probability of reimbursement of 0.56, 

just above the threshold of 0.5. This is due to a relatively large ICER for a treatment, 

which is not innovative and does not prolong life.

The coefficients of the best fit models based on one to five predictors are summarised 

in table 7.4; they contain information of the impact the different criteria have on the 

reimbursement decision. While uncertainty is high, all coefficients have a 95% credible 

interval completely positive or completely negative. Based on the best fit model, a non-
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innovative intervention with normal level of nncertainty and which is not life prolonging, 

would be reimbursed for an ICER up to €21,862 per additional QALY. For an inno­

vative treatment past decisions indicate a willingness to pay an additional €31,355 per 

QALY; for treatments prolonging life the model estimates a willingness to pay an addi­

tional €23,800 per QALY gained. For assessments with a high level of uncertaintj^ the 

willingness to pay decreases by €15,865 per QALY and when efficacy is low, the ICER 

decreases by €21,666 per QALY.

7.4 Conclusions / Limitations

The analysis confirms that recommendations for or against the reimbursement of tech­

nologies are not only driven by the cost-effectiveness. Apart from the ICER, the re­

gression identified innovation, uncertainty, end of life and efficacy to be the key drivers 

for the decision. While uncertainty surrounding the estimates is high, due to the limited 

number of cases relative to the number of predictors, the results resemble what one would 

expect. The NCPE currently reports result at a threshold of €20.0U0 and €45,000 to the 

HSE; an ICER of €21.862 for a standard technology is therefore in line with the reported 

thresholds. The development of innovative treatments is expensive for drug companies 

due to high re.search and development costs. To support the development of innovative 

treatments the payer is willing to pay a higher price for such treatments as an investement 

in drug development. The QALY is a time independent measure: it assumes a year of life 

at perfect health to have the same value in the middle of someone’s life as it has at the 

end of someone’s life. However, society tends to place a special value on life extensions, 

as long as it is of reasonable quality. The analysis confirms this; the model suggests a 

higher threshold for life prolonging technologies. To ensure value for money, technologies 

surrounded by a high level of uncertainty need to prove their cost-effectiveness at a lower 

threshold.

This is the first phase of the development of a MCDA approach for the Irish healthcare 

setting. A descriptive approach is taken to explain the impact different criteria have 

had on reimbursement recommendations in the past. There are a number of limitations 

associated with this analysis.

The analysis is limited to data available within the public domain, it may therefore be 

possible that other factors influencing the recommendation may not be captured.

The outcome variable of the analysis distinguishes between positive and negative rec­

ommendation for reimbursement. For the analysis for decision making in NICE, Dakin 

et al. (2006) suggest a 3rd outcome representing the “yes. but... ” decision. For a num-
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ber of assessments the NCPE issues a recommendation “not at this price”, which could 

be captured in a multinomial outcome measure. Also, it would be of interest to model 

the actual reimbursement decision in addition to the recommendation. However, HTAs 

are often followed by discussions on price reduction and assessments based on the newly 

agreed price are not available.

Some of the criteria are not easily defined. Gross budget impact was reported for the 

majority of treatments and therefore used to measure budget impact. However, it would 

be interesting to see if net budget impact yields a different result. Unfortunately the 

net budget impact is not reported for many cases. A judgement has to be made in the 

classification of severity of disease; it is not clear where to draw the line as to whether a 

disease should be classified as severe or not. Linley and Hughes (2012) analyse the im­

pact of different factors on recommendations by the All Wales Medicines Strategy Group; 

they utilized disability-adjustited life years (DALYs) as a measure of health burden to 

construct a categorical health burden variable. Innovative treatments are either the first 

treatment for a disease or significantly improve efficacy or reduce costs compared to al­

ternative treatments. Nevertheless, judgements need to be made as to what constitutes 

a significant improvement in efficacy or a significant reduction in costs.

The analysis is also influenced by the scale used to measure the criteria. Due to the 

difficulties in clearly defining the criteria, a simple binary structure was used for most 

of the criteria. A more sophisticated approach for some of the criteria may be benefi­

cial. For instance, measuring uncertainty on a continuous scale, such as the EVPI. would 

capture the full level of uncertainty. Media coverage and stakeholder involvement should 

distinguish between positive and negative involvement. However, the number of cases is 

too limited for such an approach. Four cases got media attention and stakeholders were 

involved in four cases; in all of these cases the support was pro reimbursement. Media 

attention has not influenced the recommendation of reimbursement in the past. However, 

media coverage may have more impact on the decision maker than on the advisory body. 

Case 28, the assessment of eculizumab, is excluded in a sensitivity analysis because the 

ICER is reported in terms of life years gained rather than QALYs. This did not change 

the stepwise logistic regression; coefficients based on the model with four predictors re­

main unchanged.

The analysis is a descriptive approach to explain past reimbursement decision making. 

Key drivers of past decisions are identified to be the ICER, innovation, level of uncer­

tainty, end of life and efficacy. While these criteria have influenced decision making in 

the past, they have done so in an informal way. The value of innovation and life prolong-
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ing treatments have never been formally discussed. This analysis quantifies the impact 

criteria have had on reimbursement decisions. The results provide a basis for discussions 

between decision makers, experts and other stakeholders on whether the criteria, which 

have influenced decisions in the past, should also be the criteria to influence decisions in 

the future. MCDA forces the qiiantiflcation of value of innovation, value of end of life, 

etc. as well as which level of uncertainty is acceptable for a positive recommendation. 

Careful consideration is neccessary to determine the relative importance of the criteria 

before a MCDA approach can be applied to actually aid decision making in the Irish 

healthcare setting. Further details on this can be found in the “Further Work” section 

of chapter 8.
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Chapter 8

Conclusions and Future Work

8.1 Conclusions

The methodologies developed in this thesis improve evidence synthesis and decision mak­

ing in healthcare.

Mixed treatment comparison models provide a powerful tool to estimate the relative 

efficacy between alternative interventions, when direct evidence is not available or not 

sufficient. These methods are therefore a key component of evidence synthesis and form 

the basis for HTAs. To ensure efficient use of available evidence, the increased power of 

continuous outcome measures in such models compared to binary measures was investi­

gated. This is of particular interest for MTC modelling, since indirect comparisons suffer 

from an increased variance compared to direct comparisons. Furthermore, dichotomiza- 

tion is generally accepted in clinical trials, which aim to quantify a particular treatment 

effect. Further use of the trial data for pharmacoeconomic assessments is not taken into 

account.

To facilitate informed decision making based on all available evidence, a methodology 

was developed to systematically include evidence from different trial designs. While RCT 

data minimizes potential bias, observational evidence provides a better reflection of real 

life efficacy. The combination of evidence sources in a hierarchical model allows for the 

investigation of differences between these while adopting a conservative estimate when 

estimates differ greatly. Bias adjustment for different trial designs is possible. Three 

alternative methods were introduced, which provide a novel approach to combining dif­

ferent sources of evidence in a MTC model. This is an important development, since the 

incentive of combining evidence in a MTC model is to make an informed decision based 

on all available evidence.

While evidence on relative treatment effectiveness provides an important part of HTAs,
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a decision on reimbursement is influenced by a number of other factors as well. MCDA 

formally aids decision making based on multiple critera. Based on past reimbursement 

decisions, the analysis in this thesis identifled important criteria, which have influenced 

decisions in the past, to be the ICER, innovation, uncertainty, end of life and efficacy. 

While it has never been formally discussed, the analysis illustrates what has been indi­

rectly implied as the value of innovation or life prolonging treatments. The analysis is 

a novel approach to the Irish healthcare setting and is of great interest to the decision 

maker. It encourages a discussion on whether criteria that have influenced decisions in 

the past should be the criteria to influence future reimbursement decisions. A MCDA 

approach for the Irish healthcare setting improves consistency and transparency in the 

decision making process.

8.2 Further Work

8.2.1 Simulation Study

The analysis in chapter 4 has illustrated the enhanced sensitivity to change of continuous 

measures in MTC models compared to using binary outcome measures. To inform clinical 

guidelines it is of interest to investigate factors influencing the impact of dichotomizing 

outcome measures in further detail.

Further insight can be obtained by a simulation study. It is likely that the level of 

heterogeneity plays an important role. A simulation study allowing for different levels 

of heterogeneity would allow for further insight into the relationship between level of 

heterogeneity and impact of dichotomizing outcome measures.

8.2.2 Inclusion of Registry Data in MTC

An obvious extension to the work carried out in chapter 6 is to increase the evidence to 

be included in the analysis.

A topical development in HTA in Ireland is the set up of registries following reimburse­

ment. The new health bill, which is expected to pass into law by the end of the year, 

includes HTA into legislation and as part of it introduces the concept of reassessing 

technologies every 3 to 5 years {Health (Pricing and Supply of Medical Goods) Bill 2012 

(2012)). This enables the state to not only add technologies to the list of reimbursed 

medicines when value for money was demonstrated, but also to take treatments off this 

list, when reassessment in light of new information suggests otherwise. Furthermore, 

when uncertainty surrounding the estimates is high, it is possible to issue a conditional

148



reimbursement. Treatments can hence be reimbursed conditional on the collection of 

further evidence. When uncertainty can be attributed to clinical effectiveness, further 

information can be obtained by setting up a registry following patients on the treatment; 

such as the registry following hepatitis C patients on telaprevir and boceprevir, which 

have been recently added to the list of reimbursed treatments.

For the reassessment of such interventions, available RCT evidence and observational 

data need to be combined with evidence collected in the registry. This allows to update 

the estimates of effectiveness in the light of real life data collected in the patient popu­

lation which is of interest to the decision maker. The methodology developed in chapter 

6 allows for the inclusion of summarized registry data. However, it would be of great 

benefit to extend the methodology to allow for patient level data inputs, where these 

arc available. Riley et al. (2008) and Sutton et al. (2008) have developed methodologies 

to combine individual patient level data and aggregate data for standard met a-analyses; 

the aim is to generalize this work to MTC models.

8.2.3 Normative Approach to MCDA

The work described in chapter 7 is the first phase of the development of a prescriptive ap­

proach to formalize reimbursement decisions in healthcare incorporating multiple criteria. 

The current research has identihed the key criteria influencing reimbursement decisions 

in the past. Figure 8.1 illustrates how current research will feed into future research to 

develop a normative MCDA approach to the Irish healthcare setting. The analysis in this

Current Research: 
Descriptive Approach

Future Research: 
Prescriptive Approach

Fig. 8.1: MCDA reasearch plan: Illustration of how current research will feed into future 

research to develop a normative MCDA approach for the Irish healthcare setting.
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thesis has identified the ICER, the innovation of the treatment, the uncertainty in the 

estimates, whether or not the treatment is life prolonging and efficacy as the key criteria 

to impact reimbursement decisions. The next step towards a prescriptive approach is to 

involve all stakeholders, including medical professionals, experts from the NCPE, HIQA 

and the NCCP, decision makers from the HSE as well as patient representatives, in a 

discussion as to whether the criteria, which have influenced decisions in the past should 

be the criteria to influence decisions in the future. The analysis in this thesis provides 

the basis for these focus group discussions to identify criteria, which should play a role in 

future reimbursement decision making. Once the criteria have been defined, the relative 

importance of the criteria needs to be determined. Again, estimates from the descrip­

tive analysis provide a starting point, giving an estimate of how much has been paid 

in the past for an innovative or a life prolonging intervention compared to an average 

intervention or what threshold applies when uncertainty surrounding the analysis is high. 

To reflect population preferences well, these relative weights should be estimated using 

a stated preference exercise based on a population sample. Methodologies in jiatient 

sampling techniques to ensure a representative sample of the population is drawn as well 

as to include patient preferences and experiences in the analysis need to be developed. 

Furthermore, the technique requires the development of a questionnaire to determine the 

relative preferences between the criteria.

8.3 Final Remarks

As mentioned in the introduction, Bayesian methods are particularly useful for a decision 

theoretic approach to healthcare problems. The methodologies developed in this thesis 

improve the practice of evidence synthesis and decision making in this area. Optimizing 

the use of available evidence as a basis for an informed decision making process is very 

important to ensure that scarce resources are allocated fairly and efficiently.
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Appendix A

Code and Data for Chapter 4

Bugs code for continuous model

inodelj 

for(i ill l:ns){ 

alpha[i.bi[i]] < — 0 

iiii[i] ~ diiorin(O.O.OOOl) 

for (j in l:na[i]){

tau.Delta[i.j] < — l/(se.Delta[i.j]-se.Delta[i.j]) 

Delta[i.j] diionii(inu.Delta[i.j].taii.Delta[i.j]) 

11111.Delta[i.j] < — laiiibda[i.j]-delta[i.j] 

delta[i.j] < — iiu[i] + alpha[i.t[i.j]] + b-I[i.j] } 

for (j in 2:noT[i]){

alplia[i.si[i.j]] ~ dnorni(a[si[i.j]]-a[bi[i]].tan.a) }

}

a[l] < -0

for (j in 2;nt{a[j] ~ dnorni(0.0.0001)} 

sd ~ dnnif(0,2) 

b ~ dnorm(0.0.0001) 

tau.a< — 1/var 

var.a< —pow(sd.2)

for(k in l:(nt-l)){ for (1 in (k+l):nt){

IC[k.l] < - a[k] - a[l] }}

}
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Bugs code for binary model

model { 

for(i in l:ns){ 

alpha[i,bi[i]] < — 0 

nu[i] ~ dnorm(0,0.0001) 

for (j in l;na[i]){ 

r[i.j] ~ dbin(n[i.j].p[i.j])

logit[p[i.j]] < - nu[i] + alpha[i,t[i.j]] + b-I[i.j] } 

for (j in 2:noT[i]){

alpha[i,si[i.j]] ~ dnorm(a[si[i.j]]-a[bi[i]],tau.a) }

}
a[l] < -0

for (j in 2:nt{a[j] ~ dnonn(0.0.0001)} 

sd ~ dmiif(0.2) 

b ~ dnorm(0.0.0001) 

tau.a< — 1/var 

var.a< --pow(sd.2)

for(k in l;(nt-l)){ for (1 in (k+l):nt){

IC[k,l] < - a[k] - a[l] }}

}

Input Data

% improvement in HAQ score

list(Delta= structure}.Data= c(0.27, 0.54, 0.62, 0.59, NA, 0.24, 0.56, 0.60, NA, NA, 0.07. 

0.39, 0.29, 0.49, 0.38, -0.10, 0.20, 0.20, 0.40, NA, 0.20, 0.50, NA, NA, NA, 0.30, 0.30, 

0.50, 0.50, 0.40, 0.45, 0.76, NA, NA, NA, 0.03, 0.58, 0.62, NA, NA, 0.40, 0.70, NA, NA, 

NA, 0.13, 0.13, 0.38, 0.50, NA, 0.18, 0.60, 0.63, NA, NA, 0.14, 0.50, 0.50, NA, NA, -0.07, 

0.39, NA, NA, NA), .Dim=c(13, 5)),

se.Delta= structure}.Data= c}0.07, 0.07, 0.08, 0.06, NA, 0.04, 0.04, 0.04, NA, NA, 0.05, 

0.06, 0.06, 0.05, 0.06, 0.06, 0.05, 0.06, 0.06, NA, 0.06, 0.07, NA, NA, NA, 0.05, 0.05, 0.05, 

0.06, 0.06, 0.07, 0.07. NA, NA, NA, 0.07, 0.08, 0.07, NA, NA, 0.12, 0.09, NA, NA, NA, 

0.03, 0.06, 0.05, 0.05, NA, 0.05, 0.03, 0.03, NA, NA, 0.04, 0.03, 0.03, NA, NA, 0.04, 0.06, 

NA, NA, NA), .Dim=c}13, 5)),

lambda = structure}.Data= c}1.64, 1.52, 1.55, 1.55, NA, 1.45, 1.44, 1.48, NA, NA, 1.88,
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1.88. 1.88. 1.84. 1.83, 1.39. 1.57, 1.64. 1.77. NA. 1.3. 1.4, NA, NA, NA. 1.8, 1.8, 1.8, 

1.8, 1.5, 1.6. 1.6, NA. NA. NA, 1.7, 1.7. 1.6, NA, NA, 1.5, 1.5, NA, NA, NA, 1.25. 1.38, 

1.38, 1.38. NA, 1.7, 1.7. 1.7, NA, NA, 1.6, 1.6, 1.6, NA, NA, 1.55, 1.43, NA, NA, NA), 

.Dim=c(13, 5)),

na=c(4, 3, 5. 4. 2, 5, 2, 3, 2, 4, 3, 3, 2),

nt=6,

ns=13,

bi=c(l, 1. 1. 1, 1. 1. 1, 1, 1, 1, 1, 1, 1),

si= structure(.Data= c(NA, 2, NA, 2, NA. 2, NA. 2, NA, 2, NA, 3, NA, 3, NA. 4, NA,

4. NA. 5. NA, 6, NA, 6, NA, 6), .Dim=c(13, 2)),

t= structure(.Data= c(l, 2, 2, 2, NA, 1, 2, 2, NA, NA, 1, 2, 2, 2, 2, 1, 2, 2, 2, NA. 1, 2, 

NA, NA, NA, 1, 3, 3, 3, 3, 1, 3, NA, NA, NA, 1, 4, 4, NA, NA, 1, 4, NA, NA, NA, 1, 5,

5, 5. NA. 1. 6, 6. NA, NA. 1. 6, 6. NA, NA, 1. 6, NA, NA, NA). .Dim=c(13, 5)), 

noT=c(2. 2. 2. 2. 2. 2. 2. 2. 2, 2. 2. 2. 2),

1= structure(.Data= c(l. 1, 1. 1. NA. 1. 1. 1. NA, NA. 0. 0. 0, 0. 0, 0. 0, 0. 0. NA. 

1. 1. NA. NA. NA. 1. 1. 1. 1. 1. 1. 1. NA. NA. NA. 0. 0. 0. NA. NA. 1, 1, NA. NA. 

NA. 1. 0, 1. 1. NA. 1, 1, 1. NA. NA. 1. 1. 1, NA. NA. 0. 0. NA. NA, NA). .Dim=c(13. 5)))

HAQ 20 and HAQ 50

replace Delta and se.Delta from HAQ input data above with n and p:

11= strnctiire(.Data= c(62, 69. 67. 73. NA. 200. 212. 207. NA. NA. 110, 112. 106. 103, 

113. 87. 87. 91, 87. NA. 63. 65. NA. NA. NA. 88. 86, 86. 87. 81, 86. 87, NA. NA. NA. 

80, 76, 78. NA, NA. 30. 59. NA, NA. NA. 133, 133. 89. 89. NA, 199. 393. 390. NA, NA, 

127, 246. 246. NA, NA. 109, 111, NA. NA. NA), .Dini=c(13, 5))

p= structure(.Data= c(30, 45. 47. 52, NA, 95. 141. 154, NA, NA. 29, 47, 60, 57. 60, 23. 

37. 39. 48. NA. 28. 43. NA, NA. NA. 40. 40. 54, 52. 48, 52, 61, NA. NA. NA. 25. 47, 53. 

NA. NA. 16. 45. NA. NA. NA. 49. 56. 51. 60. NA, 83. 863. 249. NA, NA. 46. 163. 155. 

NA. NA. 19. 60. NA, NA. NA). .Diin=c(13, 5)) ## HAQ 20 responders 

p= structure(.Data= c(12. 24. 26. 26, NA. 32, 81, 82, NA, NA, 4. 16, 19. 20, 21. 8, 10. 

16. 18. NA. 10. 24. NA, NA. NA. 9. 12. 19. 23, 20. 28, 39, NA. NA, NA. 8. 26. 31. NA, 

NA. 8. 29. NA. NA. NA. 13. 29. 24. 31. NA. 35, 146. 137. NA. NA. 10. 66. 67. NA. NA. 

2. 34. NA. NA. NA). .Dim=c(13. 5))## HAQ 50 responders
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ACRcont ^

list(Delta= structure(.Data= c(0.08, 0.35, 0.46, 0.42. NA, 0.13, 0.42. 0.41. NA, NA, 0.09, 

0.31, 0.3, 0.38, 0.33, 0.07, 0.28, 0.33, 0.37, NA, 0.18, 0.42, NA, NA, NA, 0.09, 0.35, 0.36, 

0.38, 0.37, 0.12, 0.37, 0.38, NA, NA, 0.27, 0.46. NA, NA, NA, 0.22, 0.41, NA, NA, NA, 

0.06, 0.34, 0.4, NA, NA, 0.1, 0.43, NA, NA, NA, 0.14, 0.3, 0.4, 0.39, NA, 0.14. 0.39. 0.38, 

NA, NA, 0.07, 0.4, 0.41, NA, NA, 0.04. 0.38. 0.38, NA, NA. 0.04, 0.33, NA. NA, NA), 

.Dim=c(16, 5)),

se.Delta= structure(.Data= c(0.03, 0.02, 0.03, 0.02, NA, 0.02. 0.02, 0.01, NA, NA, 0.02, 

0.02, 0.02, 0.02, 0.02, 0.02, 0.02, 0.02, 0.02, NA, 0.03. 0.03, NA, NA. NA, 0.02. 0.02, 0.02, 

0.02, 0.02, 0.01. 0.01, 0.01, NA, NA, 0.03, 0.02, NA, NA, NA, 0.03, 0.02. NA. NA. NA, 

0.02, 0.02, 0.02, NA, NA, 0.03, 0.03, NA, NA, NA, 0.02, 0.02. 0.02, 0.02. NA, 0.03, 0.03, 

0.04, NA, NA, 0.01, 0.01, 0.01. NA, NA, 0.01. 0.01. 0.01, NA, NA, 0.01, 0.02, NA, NA, 

NA), .Dim=c(16, 5)),

na=c(4, 3, 5, 4, 2, 5, 3, 2, 2. 3, 2, 4. 3. 3, 3, 2),

nt=6.

ns=16.

bi=c(l, 1. 1. 1, 1, 1. 1. 1. 1, 1, 1. 1. 1. 1, 1. 1).

si= structure(.Data= c(NA. 2. NA. 2. NA. 2. NA. 2. NA. 2. NA. 3. NA. 3. NA. 3. NA.

3, NA. 4. NA, 4. NA, 5. NA, 5. NA. 6. NA. 6. NA. 6.), .Diin=c(16. 2)).

t= structure(.Data= c(l. 2, 2. 2, NA, 1. 2. 2, NA, NA. 1. 2, 2, 2. 2. 1. 2. 2. 2. NA. 1. 2. 

NA, NA, NA, 1, 3. 3, 3, 3, 1, 3, 3, NA, NA. 1, 3, NA. NA, NA. 1. 3, NA, NA, NA, 1. 4,

4, NA, NA, 1, 4, NA. NA, NA, 1, 5, 5, 5, NA. 1. 5, 5. NA. NA, 1. 6. 6, NA. NA. 1, 6, 6.

NA, NA. 1. 6, NA. NA, NA), .Dim=c(16. 5)),

noT=c(2. 2, 2, 2, 2, 2, 2, 2. 2, 2, 2. 2, 2. 2, 2. 2),

1= striicture(.Data= c(l, 1, 1, 1, NA, 1, 1, 1, NA. NA, 0, 0, 0, 0, 0, 0, 0. 0. 0, NA, 1, 1, 

NA, NA. NA, 1, 1, 1, 1, 1, 1, 1, 1, NA, NA. 1, 1, NA, NA, NA, 1, 1. NA. NA, NA, 0. 0,

0, NA, NA, 1, 1. NA. NA, NA, 1, 0. 1, 1, NA. 1. 1, 1, NA, NA. 1, 1, 1. NA. NA, 1, 1, 1,

NA, NA, 0, 0, NA, NA, NA), .Dim=c(16, 5)))

ACR 20, ACR 50 and ACR 70

replace Delta and se.Delta from ACRcont input data above with n and p: 

n= structure(.Data= c(62, 69, 67, 73, NA, 200, 207, 212, NA, NA, 110, 112, 106, 103, 

113, 87, 87, 91, 87, NA, 63, 65, NA, NA, NA, 88, 86, 86, 87. 81. 363, 360. 361. NA, NA,

'Adjustments to code for ACRcont: ACR already is a % improvement; therefore no 
baseline disease parameter is included. Also delta is already calculated from delta.c and 
delta.t, this line has to be deleted from code.
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86. 87. NA. NA. NA. 110. 165, NA, NA, NA. 80, 76, 78, NA, NA. 30, 59, NA, NA. NA, 

133. 133. 89. 89, NA. 35. 35. 34. NA. NA, 199, 393, 390, NA, NA, 127, 246, 246. NA, 

NA. 109. Ill, NA, NA, NA), .Dim=c(16, 5))

p= structure(.Data= c(9, 33, 45, 48, NA, 59, 131, 129. NA, NA, 21, 44. 38, 55, 52, 12, 

25. 40, 44, NA, 23. 40, NA. NA. NA, 18, 45, 47, 51, 49, 87, 199, 205, NA, NA, 42, 66, 

NA. NA, NA. 49, 98. NA, NA, NA, 9, 39, 46. NA, NA, 8, 42, NA, NA, NA, 37. 47, 53, 

53. NA. 13, 21, 19, NA, NA, 27, 231. 237, NA, NA, 11, 141, 142, NA, NA, 10, 51, NA, 

NA, NA). .Dim=c(16, 5)) ## ACR 20 responders

p= structure(.Data= c(5. 22, 37, 31, NA, 19, 81, 87, NA, NA, 9, 23, 20, 36, 25, 5, 14, 

22. 28, NA, 9. 28, NA, NA, NA, 7, 22. 25. 26, 21, 33, 110, 119, NA, NA, 22, 38, NA, 

NA. NA, 22. 61, NA. NA, NA. 4. 18, 31. NA, NA, 1, 23. NA, NA, NA, 18, 26, 33, 29, 

NA. 2. 13, 10, NA, NA, 15. 146. 156, NA, NA, 4. 80, 81, NA, NA. 4, 25, NA, NA. NA), 

.Diin=c(16, 5)) ## ACR 50 responders

p= structure).Data= c(3. 7, 18. 14. NA, 5, 43. 37. NA, NA, 2, 11, 9, 19, 14, 1, 9. 11. 13, 

NA. 5. 14. NA. NA. NA. 0. 7. 9. 15. 9, 16. 48, 54. NA, NA. 12. 20. NA. NA, NA. 10. 40, 

NA. NA. NA. 1. 7, 12. NA. NA. 0. 9. NA. NA. NA, 7. 15. 18, 16, NA. 0. 3. 6, NA, NA, 

6. 84. 79. NA. NA. 1. 39. 26. NA. NA. 0. 9. NA. NA. NA). .Diin=c(16. 5)) ## ACR 70 

responders
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Appendix B

Code and Data for Chapter 6

Code for 3-level model (RA)

model {

### Overall Level ### 

for (k in 2:utC0){ 

aRCT[k]~dnorm(a[k].tauCO) 

aOBS [k]~dnorin(a[k] .tauCO)} 

for (k ill (ntCO+l):iitRCT){ 

aRCT[k]~diiorm(0.0.0001) 

a[k]< -dRCT[k]} 

a[l]< -0

for (k in 2;4){a[k]~dnorm(0,0.0001)}

.sdCO~dunif(0.0.25) 

varCO< —pow(sdC0.2) 

t.auCO< — 1/varCO

for (c in l:(nt-l)) { for (k in (c+l):nt) {

IC[c.k]< -(a[k]-a[c])}}

### RCT bit ### 

for(i in l:nsRCT){ 

wRCT[i.l] < —0 

alphaRCT[i.biRCT[i]] < - 0 

miRCT[i] ~ dnorm(0..0001) 

for (k in l:naRCT[i]) {

HAQtanRCT[i.k] < - l/(seRCT[i.k]*seRCT[i.k]) 

DeltaRCT[i.k] ~ dnorin(nm.DeltaRCT[i.k].HAQtauRCT[i.k])

157



mu.DeltaRCT[i.k] < - deltaRCT[i.k]*lambdaRCT[i.k]

deltaRCT[i,k] < - nuRCT[i] + alphaRCT[i,tRCT[i.k]]+ betaRCT[i]*IRCT[i.k]

}

for (k ill 2:noTRCT[i]) {

alphaRCT[i,siRCT[i.k]] ~ dnorni(aRCT[siRCT[i,k]] - aRCT[biRCT[i]] + swRCT[i,k], taii- 

dRCT[i,siRCT[i,k]])

taudRCT[i,siRCT[i,k]] < - taiiRCT *2*(k-l)/k

wRCT[i.k] < - (deltaRCT[i,siRCT[i.k]] - dRCT[siRCT[i.k]] + dRCT[biRCT[i]]) 

swRCT[i.k] < — suin(wRCT[id;k-l])/(k-l)

}

betaRCT[i]< -bRCT

}

aRCT[l]< -0 

sdRCT~diinif(0.0.25) 

mbetaRCT ~ dnorin(0,1.0E-6) 

varRCT < - pow(sdRCT.2) 

taiiRCT < - 1/varRCT

for (c in l:(ntRCT-l)) { for (k in (c+l):ntR,CT) {

ICRCT[c.k] < - (aRCT[k]-aRCT[c])} }

### OBS bit ### 

for(i in l:nsOBS){ 

wOBS[i.l] < —0 

aOBS[i,biOBS[i]] < - 0 

nuOBS[i] ~ dnorm(0,.0001) 

for (k in l:naOBS[i]) {

HAQtauOBS[i.k] < - l/(seOBS[i.k]*seOBS[i.k])

DeltaOBS[i,k] ~ dnorm(mu.DeltaOBS[i.k],HAQtauOBS[i.k]) 

mu.DeltaOBS[i,k] < — deltaOBS[i,k]*lambdaOBS[i.k] 

deltaOBS[i.k] < — nuOBS[i] + alphaOBS[i,tOBS[i.k]]

}

for (k in 2:noTOBS[i]) {

alphaOBS[i,siOBS[i,k]] ~ dnorm(dOBS[siOBS[i.k]] - dOBS[biOBS[i]] + swOBS[i,k]. taii- 

dOBS[i,siOBS[i,k]])

taudOBS[i,siOBS[i.k]] < - taiiOBS *2*(k-l)/k

wOBS[i.k] < — (deltaOBS[i,siOBS[i.k]] - dOBS[siOBS[i.k]] + dOBS[biOBS[i]])
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swOBS[i,k] < — suin(wOBS[i,l;k-l])/(k-l)

}

}

aOBS[l]< -0 

sdOBS~dunif(0,0.25) 

varOBS < — pow(sdOBS.2) 

tauOBS < — 1/varOBS

for (c in l:(ntOBS-l)) { for (k in (c+l):ntOBS) {

ICOBS[c.k]< -(aOBS[k]-aOBS[c])} }

}

Data for RA analysis

list( nt=6, Total Number of treatments 

ntRCT=6, Total Number of treatments in RCT trials

ntCO=4. Total Number of treatments in both designs nsRCT=13, 7^^ Total Number 

of RCT trials

ntOBS=4. ## Total Number of treatments in OBS trials 

nsOBS=3. ## Total Number of OBS trials

IRCT= structure(.Data= c(l, 1. 1, 1, NA. 1. 1, 1. NA. NA. 0. 0. 0, 0. 0. 0. 0. 0. 0. NA. 

1. 1. NA. NA. NA. 1. 1. T 1. 1. 1. 1. NA. NA. NA, 0, 0. 0. NA. NA. 1. 1. NA. NA. NA, 

1. 0. 1. 1, NA. 1, 1, 1, NA. NA. 1, 1. 1, NA, NA, 0, 0, NA. NA, NA). .Dim=c(13, 5)), 

## MTX indicator RCT trials

DeltaRCT= structure).Data= c(0.27. 0.54. 0.62. 0.59. NA. 0.24, 0.56, 0.60, NA. NA, 

0.07. 0.39. 0.29. 0.49. 0.38, -0.10, 0.20. 0.20. 0.40, NA, 0.20. 0.50, NA. NA. NA. 0.30, 

0.30. 0.50. 0.50. 0.40, 0.45. 0.76. NA. NA, NA. 0.03. 0.58. 0.62, NA, NA, 0.40, 0.70. NA. 

NA. NA, 0.13, 0.13. 0.38, 0.50. NA. 0.18, 0.60. 0.63. NA. NA, 0.14. 0.50. 0.50, NA. NA, 

-0.07. 0.39. NA. NA. NA). .Dim=c(13, 5)), #7)^ Mean HAQ improvement RCT trials 

seRCT= structure).Data= c)0.07. 0.07, 0.08, 0.06, NA, 0.04. 0.04. 0.04. NA. NA, 0.05, 

0.06. 0.06. 0.05. 0.06, 0.06. 0.05. 0.06, 0.06. NA, 0.06, 0.07, NA, NA, NA, 0.05. 0.05, 0.05. 

0.06. 0.06. 0.07. 0.07, NA, NA, NA, 0.07, 0.08. 0.07, NA, NA, 0.12, 0.09. NA, NA, NA, 

0.03. 0.06. 0.05. 0.05, NA. 0.05, 0.03, 0.03. NA, NA, 0.04, 0.03, 0.03. NA, NA, 0.04, 0.06. 

NA. NA. NA), .Dini=c)13. 5)). #7^ Mean SE of HAQ improvement RCT trials 

lambdaRCT= structure).Data= c)1.64. 1.52. 1.55, 1.55, NA, 1.45, 1.44, 1.48, NA, NA, 

1.88. 1.88. 1.88. 1.84. 1.83. 1.39. 1.57. 1.64. 1.77. NA. 1.30. 1.40. NA. NA. NA. 1.80. 1.80. 

1.80. 1.80. 1.50. 1.60. 1.60. NA. NA. NA. 1.70. 1.70. 1.60. NA. NA. 1.50. 1.50. NA. NA.
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NA, 1.25, 1.38, 1.38, 1.38, NA, 1.70, 1.70, 1.70, NA. NA, 1.60, 1.60, 1.60, NA, NA, 1.55, 

1.43, NA, NA, NA), .Dim=c(13, 5)), Initial HAQ score RCT trials 

uaRCT=c(4, 3, 5, 4, 2, 5, 2, 3, 2, 4, 3, 3, 2), Number of arms in RCT trials 

biRCT=c(l, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1. 1, 1), ## Baseline treatment in RCT trials 

siRCT= structure(.Data= c(NA, 2, NA, 2, NA, 2. NA, 2, NA, 2, NA, 3, NA, 3, NA, 4, 

NA, 4, NA, 5, NA, 6, NA, 6, NA, 6), .Dim=c(13, 2)), ## Non-Baseline treatment in 

RCT trials

tRCT= structure(.Data== c(l, 2, 2, 2, NA, 1, 2, 2, NA, NA, 1, 2, 2, 2, 2, 1, 2, 2, 2, NA, 

1, 2, NA, NA, NA, 1, 3, 3, 3, 3. 1, 3, NA, NA, NA. 1, 4, 4, NA, NA. 1, 4, NA, NA, NA, 

1, 5, 5, 5. NA, 1, 6, 6, NA, NA, 1, 6, 6, NA, NA, 1, 6, NA, NA, NA), .Dim=c(13, 5)), 

## Treatment in RCT trials

noTRCT=c(2, 2, 2, 2, 2, 2, 2, 2, 2, 2, 2, 2, 2), ## Number of treatments in RCT trials 

DeltaOBS= structure(.Data= c(0.34, 0.34, 0.34, NA. NA. 0.42, 0.23. 0.35, NA, NA. 0.40, 

0.80, NA, NA, NA), .Dim—c(3, 5)), ## Mean HAQ improvement OBS trials 

seOBS= structure).Data= c(0.03, 0.02, 0.03, NA. NA, 0.03. 0.04. 0.05. NA. NA. 0.09, 

0.02, NA. NA. NA), .Dim=c(3. 5)). ## SE of HAQ improvement OBS trials 

lambdaOBS= structure).Data= c)1.20, 1.50, 1.23. NA. NA. 1.30. 1.40. 1.40. NA. NA. 

1.50. 1.80, NA, NA. NA). .Dim=c)3. 5)). ## initial HAQ in OBS trials 

naOBS=c)3, 3. 2), number of arms in OBS trials

biOBS=c)2. 2, 1), ## Baseline treatment in OBS trials siOBS= structure).Data= c)NA. 

3. 4. NA, 3. 4, NA, 4. NA), .Dim=c)3. 3)). ## Non-Baseline treatment in OBS trials 

tOBS= structure).Data= c)2, 3, 4, NA. NA, 2, 3, 4. NA, NA. 1. 4. NA. NA, NA), 

.Dim=c)3. 5)), ## Treatment in OBS trials 

noTOBS=c)3, 3, 2) ## Number of treatments in OBS trials
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