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Abstract

This thesis considers two aspects of the value of clinical information: the value of
information provided by diagnostic technology; and the value of information
generated by clinical research. It is motivated by the methodological problems
which are encountered when faced with the economic evaluation of sequential
clinical decision problems. A strategy for the evaluation of diagnostic information
which could avoid the need for randomised clinical trials is examined. This is
generalised to more complex clinical decision problems. It is shown that this
strategy will fail in most clinical settings and prospective research will be required.
However it is argued that the traditional approach to the design of clincial
research is inconsistent with concepts of efficiency even when an economic
evaluation is conducted alongside a clinical trial. This poses the probleﬁ of how
to establiéh allocative and techniéal efficiency in clinical research. These issues are
addressed by developing decision-analytic and dynamic programming approaches
to clinical trial design and research priority- setting. Two hurdles are proposed for
clinical research. The first ensures that only potentially cost-effective research is
considered. The second ensures that this research will be cost-effective when
conducted at the technically efficient scale. The dynamic programming approach
enables relevant alternatives which should be compared in a clinical trial to be
identified consistently and explicitly. The approach provides a measure of the net
benefit of proposed research which can be used to establish allocative efficiency in
research and development across clinical decision problems or broader areas of
clinical research. Perhaps most importantly, it can be used to establish the optimal
allocation of resources between research and development and service provision.
Indeed what is clear from this approach is that the value of information and
research priorities cannot be separated from the budgetary constraints on service

provision.
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1-1 Introduction

This thesis considers two aspects of the value of clinical information: the value of
information provided by diagnostic technology; and the value of information
generated by clinical research. It is motivated by the methodological problems
which are encountered when faced with the economic evaluation of sequential
clinical decisions which include one or more diagnostic processes and a number of
treatment strategies. The issues posed by this type of decision problem are: (a)
can diagnostic information be valued without the prospective evaluation of all
feasible strategies of patient management; (b) if not, is it worth collecting
additional information about this decision problem through prospective research;
(c) if it is, what is the optimal scale of this research; and (d) which of the many
competing strategies of patient management should be included (regarded as
relevant alternatives) in the evaluation? The thesis is an attempt to address these
practical problems which are the issues of allocative and technical efficiency in

research and development.

The thesis presents an approach which can address each of these problems. The
methods developed are illustrated in each chapter using simple numerical examples
which are introduced in chapters two and three. In chapter two a strategy for the
evaluation of diagnostic information which could in principle avoid prospective
cfinical research with randomised patient selection is examined. In chapter three
this approach is generalised to a more complex decision problem. It is shown that
this strategy will only provide consistent valuations if critical assumptions, which
are unlikely to be met in most clinical settings, hold. This poses a number of
problems which include the issues of allocative and technical efficiency in clinical
research. These issues are addressed in chapters four, five and six by developing

decision-analytic and dynamic programming approaches to clinical trial design and

research priority-setting.



Methodological and Policy Issues

In the process of addressing these problems some interesting methodological
issues are highlighted. One of the implications from chapter three is that there may
be problems when using league tables of cost-effectiveness ratios to set priorities
in service provision. Chapter four demonstrates that the traditional approach to
clinical trial design is inconsistent with concepts of efficiency even when an
economic evaluation is conducted alongside a clinical trial. The decision-analytic
approach to the value of information shows that there are circumstances when it
will not be efficient to conduct a clinical trial and clinical practice should be based
only on prior information. Establishing the expected net benefit of research also
means that ethical judgements about proposed research can be based on consistent

estimates of the opportunity cost of particular ethical concerns.

The thesis also provides tools which can address some interesting policy
questions, in particular methods for research priority-setting. In chapters four,
five and six two hurdles are proposed for clinical research. The first ensures that
only potentially cost-effective research is considered. The second ensures that this
research will be cost-effective when conducted at the technically efficient scale.
The expected net benefits of research can be used to establish allocative efficiency
in research and development across clinical decision problems or broader areas of
clinical research. Perhaps most importantly, it can be used to establish the optimal
ailocation of resources between research and development and service provision.
Indeed what is clear from the analysis is that the value of information and research

priorities cannot be separated from the budgetary constraints on service provision.



1.2 The Value of Diagnostic Information

The clinical approach to the evaluation of diagnostic information using measures
of accuracy is inadequate because it is not founded on the proposition that
information is only valuable insofar as it changes subsequent decision-making.

The use of performance measures for diagnostic technology which are
independent of the consequences of subsequent treatment decisions will not reflect
the most important impact of diagnostic information: the consequences of

subsequent changes in patient management.

1.2.1 Clinical Measures of the Value of Diagnostic Information

The simple measures of accuracy of a diagnostic device suffer from a number of
problems. Measures of the sensitivity and specificity of a test do not directly
address the issue of concern for the clinician; namely the probability of disease for
a given test result. Predictive values, although more intuitively appealing, depend
on the prior probability of disease (via Bayes) and are context and population
specific. Both these types of measures of accuracy are not independent of the
positivity criterion (the cut-off used to operate the diagnostic test) and are to
some extent arbitrary. The optimal positivity criterion can only be established by
considering the net consequences of classifying a test result as positive and the net
consequence of classifying a result as negative®’. This requires information not
only on the accuracy of the test but also on the expected costs and health

outcomes of subsequent treatment strategies.

More sophisticated measures of accuracy which take account of the possible
trade-off between sensitivity and speciﬁcity claim to overcome this problem and
provide measures of accuracy which are independent of the positivity criterion.
The area under the Receiver Operating Characteristic (ROC) curve > 26797130 i5 5

measure of accuracy which is independent of the positivity criterion, because it is a



measure of accuracy across all possible combinations of sensitivity and specificity
that the test can provide*>. The area criterion is really an average of true positive
rates over the full range of possible false positive rates '’. The use of the whole
area under the ROC curve implies that the false positive and false negative results
are equally valued. However only a small range of false positive rates will be
clinically relevant and there will be a large range of false positive rates which will
never be considered. The relevant range of false positive rates depends on the
patient population with a particular prior probability of disease and also depends
on the subsequent treatment strategies which are available. This is a particular
problem if the ROC curves of alternative diagnostic test cross "> '%. In these
‘circumstances the analyst needs to know where on the ROC curve each test
should be operated. But to establish this requires information about the expected
costs and health outcomes of the subsequent treatment decisions. Finally it has
been argued that the interpretation of the area under the ROC curve is not directly
relevant to the decision problem the clinician faces and the energy expended on
estimation techniques * for ROC curves suggests the imprudent use of a
potentially misleading and inconsistent performance measure which lacks

relevance to clinical practice 2.

The conclusion that unambiguous -and reliable measures require an assessment of
the impact of information on the outcome of subsequent treatment choices and not
simply diagnostic accuracy seems unavoidable. The economic evaluation of
diagnostic information requires information about the accuracy of the test but also
the expected costs and health out;:omes of the subsequent treatment alternatives *
- %1% A number of measures have been proposed based on treatment thresholds
103,104,195 In the absence of a diagnostic test a treatment threshold can be
estimated based on knowledge of the prior probability of disease and the health
outcomes with and without treatment. This threshold indicates the prior
probability of disease where the clinician should be indifferent between treatment

and no treatment. Thresholds for a new diagnostic test can be established based

on an assessment of the accuracy and the existing information about current



practice embodied in the treatment threshold. The testing threshold, the point at
which the clinician switches from no treatment to testing, and the test/treatment
threshold, the point at which the clinician switches form testing to treatment,
defines the range of prior probability of disease where the diagnostic test should
be used. Clearly a more accurate diagnostic test will generate a greater'range

where the test should be used.

There have been a number of approaches to the use of thresholds. Patient
orientated performance measures for a diagnostic test have been proposed based
on treatment thresholds®. These attempt to measure the impact of diagnostic
information on patient management: assignment potential  is the probability that
the diagnostic test result will change clinical practice by moving the post test
probability of disease across the treatment threshold; assignment strength ®
measures the distance from the threshold foliowing the results of the test. Other
developments have generated stochastic thresholds® ™8, However all these
approaches share the assumption that current practice is the appropriate baseline
against which to compare a new diagnostic technology. It implies that a new
diagnostic technology can simply be added to the existing strategies of patient
management. These approaches assume that new information has an impact only
on whether the patient is assigned to the treatment which was used before the new
test was available. This seems an appropriate assumption when considering
examples where only one treatment option is available for a given diagnosis, but
may not be appropriate when considering more complex sequential clinical

decision problems.
1.2.2 A Strategy for the Economic Evaluation of Diagnostic Information
A strategy for the economic evaluation of diagnostic information has been

proposed by Phelps and Mushlin'". In chapter two this strategy is applied to a

simple numerical example. By using information on the costs and outcomes of



current practice prior to the introduction of a new diagnostic technology
(assuming it is available) the value of perfect information can be established based
only on this prior information. This is the maximum value that any diagnostic
technology can provide. By comparing this to an estimate of the cost of the new
technology it can be used as a first hurdle that must be overcome. If a proposed
diagnostic technology passes the first hurdle then it is potentially cost-effective
and prospective research is needed to establish the accuracy of the test. If the new
diagnostic technology is non-invasive then random patient selection is unnecessary

and a clinical trial of the full diagnostic and treatment process can be avoided

Once the accuracy of the test is established the prior information about current
practice is used to estimate the expected value of clinical information. If this
exceeds the estimated cost of the test then the new technology is cost-effective
and passes the second hurdle. The value of diagnostic information can be
established without recourse to a randomised clinical trial of the diagnostic and
treatment process, and clinical research can be focused on those diagnostic

technologies which are potentially cost-effective.

1.2.3 Consistency in the Economic Evaluation of Diagnostic Information

This strategy assumes that current practice is the appropriate baseline to evaluate
a new diagnostic technology. This requires current practice to be cost-effective at
the critical cost-effectiveness ratio which will be used to set priorities in service
provision when the new technology has been evaluated. In chapter three the
Phelps Mushlin strategy is generalised to the more realistic situation where there is
more than one treatment option available following diagnosis. Consistency
requires that the value of health outcome which is implicit in current practice is the
same as the critical ratio which will be used to decide if the new technology will be
cost-effective. The analysis in chapter three shows that if this assumption does

not hold (because clinicians have a higher implicit value of health outcome or do



not perceive all the costs of the alternative patient management strategies) then
current practice may not be the appropriate baseline. The analysis can be subject
to two types of error at each of the two hurdles: the value of clinical information
may be overestimated and a diagnostic technology which is not cost-effective is
evaluated and may be implemented; or the value of clinical information is
underestimated and a potentially cost-effective diagnostic technology may be

rejected.

The analysis in chapter three shows that the Phelps Mushlin strategy like the
threshold approach, assumes that a new diagnostic technology can simply be
added to the existing strategies of patient management. However when there is
more than one possible treatment for a given diagnosis it is possible that the
optimal treatment following diagnosis is not part of existing strategies of patient
management. In these circumstances information about current practice will be
inadequate to establish the value of diagnostic information. Evaluation will
require random patient selection in a trial which includes the diagnostic and
treatment processes even when the new test is non-invasive. This poses a number

of problems which are addressed in the following chapters of the thesis.



1.3  Allocative and Technical Efficiency in Clinical Research

The analysis of the Phelps Mushlin strategy in chapter three suggests that it is
likely to fail when applied to more complex decision problems because: the key
assumption of consistency between the value of health outcome implicit in current
practice and the critical cost-effectiveness ratio used by an analyst is unlikely to
hold; when this assumption is violated the values of both the first and second
hurdles will be biased; and it is not necessarily the case that information availablé
about current practice before the test is introduced will be sufficient to establish
the value of diagnostic information. The Phelps Mushlin strategy may fail, but if
the prospective evaluation of all possible alternatives in a sequential clinical
decision problem is not possible then this poses a number of questions: (a) how
should information of different quality from different sources be combined
consistently and explicitly; (b) which clinical decision problefns will be worth
evaluating in a clinical trial; (c) if a clinical decision problem is worth evaluating
which of the competing alternatives should be compared in a clinical trial; and (d)
what is the optimal scale of this prospective research? These are the questions of
how to establish both technical efficiency in research design, and how to achieve
allocative efficiency in research and development across clinical decision
problems and between research and service provision. It is these questions which

are addressed in chapters four, five and six.

1.3.1 A Decision Analytic Approach to Clinical Trial Design

The analysis in chapter four uses a decision-analytic approach to the value of
information which combines a Bayesian view of probability with a framework for
decision making. This approach is used to establish the cost of uncertainty
surrounding the clinical decision problem (the expécted value of perfect
information). The marginal benefit and the marginal cost of acquiring sample

information is then explicitly considered. This enables the technically efficient



scale of the research to be identified and the expected net benefit of proposed
research to be established. These methods are generalised from the single-stage
decision problem considered in chapter four to the two- and four-stage sequential
clinical decisions in chapter five. However, although the decision-analytic
approach taken in these chapters addresses the issues of which clinical decision
problems are worth evaluating and what the technically efficient scale of the

research should be, it does not allow the relevant alternatives to be identified.

1.3.2 A Dynamic Programming Approach to Optimal Patient Allocation

In chapter six the fixed and equal allocations rule used in chapters four and five,
which assigns equal numbers of trial entrants to each of the alternative arms of the
trial, is relaxed. A dynamic programming approach is used to identify the optimal
allocation of trial entrants at each stage of the decision problem. By explicitly
considering the marginal benefit and marginal cost of assigning trial entrants to the
alternative arms of the trial the expected net benefit of the proposed research is
higher than with fixed allocation rules. The optimal allocation of trial entrants
enables relevant alternatives to be identified because it is possible to assign no
sample to an arm of the trial and in this case it can be ruled out as an irrelevant
alternative. By the end of chapter six each of the methodological problems which
motivate this thesis are addressed and methods are proposed which can provide a

practical solution.

1.3.4 Setting Priorities in Clinical Research

The decision-analytic approach which is developed in chapters four, five and six
can provide practical policy tools for research priority-setting. The information
generated by clinical research is valued in a way which is consistent with concepts

of efficiency, and with the methods used to set priorities in service provision. The
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simple numerical examples show that these techniques can be used to identify
areas of clinical practice where the cost of uncertainty is high, and where the

potential benefits of clinical research will also be high.

Two hurdles are constructed which proposed research must overcome before it
can be considered cost-effective. The first hurdle can eliminate proposed research
which will not be cost-effective before issues of research design must be
addressed. Those proposals which pass the first hurdle can be regarded as
potentially cost-effective and can be considered at the second hurdle. The second
hurdle ensures that the design of potentially cost-effective research is technically
efficient, and that it will be cost-effective when conducted at the optimal scale.
The value of proposed research to the providers and consumers of health services
can be established. This approach provides a means to decide which clinical
decision problems are worth evaluating in a clinical trial and what is the technically

efficient scale of this research.

These methods can be used to rank competing research proposals so that the
maximum health benefits can be gained for limited research and development
resources. These tools can be used to establish the optimal level of research and
development; the optimal allocation of resources between research and
development and service provision; and the optkimal allocation between different
areas of clinical research. There are also further methodological developments
which could be pursed and the application of these methods to research priority-
setting suggests a programme of empirical work. It also poses the issue of how to
implement this type of approach to research priority-setting. These issues are

discussed in chapter seven.
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2.1 Introduction

Approaches to the evaluation of diagnostic information which are based on
treatment thresholds combine measures of accuracy and the consequences of
subsequent treatment decisions > ®**, but they are essentially qualitative:
measuring whether information changes patient management by assigning those
with positive test results to treatment and those with negative test results to no
treatment. They do not attempt to measure the value to patients of the changes in
clinical practice brought about by the diagnostic information. However these
measures do require information on the consequences of the treatment options
which are assumed to be used following diagnosis. This prior information can be
used and combined with information on the costs of treatment and testing to

provide estimates of the expected value of diagnostic information.

This is the strategy for the economic evaluation of diagnostic information
proposed by Phelps and Mushlin'”’. By using information on the costs and
outcomes of current practice prior to the introduction of a new diagnostic
technology, the value of diagnostic information can be estimated based only on
this prior information and on estimates of the accuracy of new diagnostic
technology. The prospective evaluation of subsequent treatment following
diagnosis in a full clinical trial is then unnecessary. This strategy is an attempt to
combine informatidn from a number of sources and to focus clinical research more
sharply by (a) eliminating new technologies which will not be cost-effective, (b) by
avoiding randomised experimental design where possible, and (c) by focusing on a

clinically relevant range of test and patient characteristics.

This is achieved by constructing two hurdles that a new diagnostic technology
must overcome before it can be considered cost-effective. The first hurdle
compares the expected value of the test assuming that it provides perfect
information (the maximum value that any diagnostic technology can provide) with

an estimate of the cost of the new technology. If the Expected Value of Perfect
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Information (EVPI) is greater than the estimated cost of the test then it is
potentially cost-effective and passes the first hurdle. This first hurdle does not
require prospective research and is constructed using only information about

current practice which is available before the new technology is introduced.

If a proposed diagnostic technology passes the first hurdle then prospective
clinical research is required to establish the accuracy of the test. Once the
accuracy of the test is established existing information about current patient
management is used to estimate the expected value of this imperfect clinical
information. If the Expected Value of Clinical Information (EVCI) is greater than
the cost of implementing the new diagnostic technology, the test passes the
second hurdle and will be cost-effective over some range of prior probability of

disease.

This strategy means that an economic evaluation of a new diagnostic technology
can be based on measures of accuracy and information which is available prior to
the introduction of the test, combining information which is available from a
variety of sources. If the new diagnostic technology is non-invasive then
randomised patient selection to establish the acéuracy of the test is unnecessary,
because double-blind diagnosis with the new test and with a “gold standard” test
can be performed on the same patient. A controlled clinical trial of the full
diagnostic and treatment process can be avoided: saving research and
development resources; avoiding delay in adopting cost-effective technology, and
avoiding potential health costs to patients who would otherwise have been

enrolled in a clinical trial.

In this chapter I apply the Phelps Mushlin strategy to a simple numerical example
of the test/treatment decision and explore the relationship between the value of
diagnostic information and the critical cost-effectiveness ratio (the shadow price
of the budget constraint on service provision) ' 14%. 141 This demonstrates that

both hurdles are dependent on this decision rule and that the explicit monetary
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valuation of health outcome is unavoidable in the valuation of clinical information.

The Phelps Mushlin strategy, in common with test/treatment thresholds, assumes
that current practice is the appropriate baseline to evaluate a new diagnostic
technology. In the context of economic evaluation this requires current practice to
be optimal or the most cost-effective strategy at the critical cost-effectiveness
ratio which will be used to set priorities in service provision when the new
technology has been evaluated. In the next chapter I generalise the Phelps
Mushlin strategy to the more realistic situation where there is more than one
treatment option available for a particular diagnosis. This requires consistency
between the value of health outcome which is implicit in current practice and the
critical cost-effectiveness ratio which will be used to decide if the new technology
will be cost-effective. If this assumption is violated (because clinicians have a
higher implicit value of health outcome or do not perceive all the costs of
alternative patient management strategies) then current practice may not be the
appropriate baseline (or the relevant alternative), and the analysis can be subject to
two types of errors at each of the two hurdles. Type I errors occur when the
value of clinical information is overestimated and a diagnostic technology which is
not cost-effective is evaluated and implemented. Type II errors will be made when
the value of clinical information is underestimated and a potentially cost-effective.

diagnostic technology is rejected.

This strategy, like the threshold approach, assumes that a new diagnostic
technology can simply be added to the existing strategies of patient management
and that diagnostic information changes clinical practice by assigning those with a
positive test result to treatment and negative test result to no treatment. This
assumption will be appropriate when there is only one possible treatment for a
particular diagnosis. However, when there is more than one possible treatment for
a given diagnosis, the optimal treatment following the test result may not be the
same as the optimal treatment choice without the test. In these circumstances

diagnostic information may change patient management in two ways: by changing
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the optimal treatment choice for a particular diagnosis; and by changing the

probability of assigning a patient to a particular diagnosis.

If the diagnostic information changes the optimal treatment for a given diagnosis it
is possible that this treatment may not be part of current practice. This is more
likely to be the case if the value of health outcome implicit in existing strategies of
patient management is not consistent with the critical cost-effectiveness ratio used
by the analyst. It may be reasonable to assume that information on the costs and
health outcomes of current practice will be available. However it is very unlikely
that information about treatment options which are not part of current practice
will be available. In these circumstances existing information will be inadequate
to estimate the value of new diagnostic information and the investigator may be
forced to consider an experimental design which includes these alternative

treatments.

The implications are that when approaches to economic evaluation which are
based on existing clinical practice are generalised to more complex sequential
decision problems they can only provide reliable information in a limited set of
circumstances which impose restrictive assumptions that are unlikely to hold in
many clinical settings. However, if it is not possible to draw reliable inferences
from existing strategies of batient management then prospective clinical research
using randomised controlled clinical trials which consider all feasible strategies of
patient management may be required. This poses a number of methodological and
practical questions. F—irst is the practical question that it will not be feasible, in
terms of resource cost, time, and ethical implications to evaluate every possible
alternative strategy in this way. If fhe prospective evaluation of all possible
alternatives is not possible or efficient, but simply relying on existing clinical
practice is unreliable, this posses a number of methodological questions including:
(a) which clinical decision problems should be subject to prospective clinical
research; (b) if a clinical decision problem is worth evaluating in a clinical trial

which alternatives should be regarded as relevant and should be compared in the
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trial; and (c) what is the optimal or technically efficient scale of this research?

These are the methodological issues of allocative and technical efficiency in
clinical research which are dealt with in chapters 4, 5 and 6. The purpose of this
chapter and the next is to show that approaches to the economic evaluation of
diagnostic information which rely on existing strategies of patient management
may be inadequate and to pose the problems which are taken up in subsequent

chapters of the thesis.
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2.2 A Strategy for the Evaluation of Diagnestic Information

The strategy for the economic evaluation of a new diagnostic technology
proposed by Phelps and Mushlin '’ will now be presented and applied to a simple
numerical example, and the relationship between the value of information and the
~ value placed on health outcome will be explored. This example uses their
approach and notation before it is generalised in chapter 3 to the situation where

there is more than one treatment option for a particular diagnosis.

2.2.1 A Numerical Example of the Phelps Mushlin Strategy

Phelps and Mushlin take a simple decision problem to illustrate their approach,
and consider a single disease with only two possible health states (i=0,1): disease
(i=1); and no disease (i=0). It is assumed that clinicians hold prior beliefs about

the likelihood of disease in a particular patient or group of identical patients.

f = prior probability of disease

(1-f) = prior probability of no disease

A simple binary diagnostic test is considered, and following Phelps and Mushlin
the standard approach to characterising the performance of the test in terms of

sensitivity and specificity is used:

) = probability of a true positive test result (sehsitivity)
(1-p) = probability of a false negative test result
q = probability of a false positive test result

(1-q) = probability of a true negative test result (specificity)

The clinician is faced with a simple decision problem with only two possible

treatment options (tj; j=0,1): treatment (t,); and no treatment (t,), where t, follows

18



a positive test result and t, follows a negative result. The decision problem facing
the clinician is whether to (a) test and treat according to the test results, or (b) not
to test and either treat or not treat. In this simple decision problem there is only
one possible treatment for a given diagnosis and it is this restriction which will be

relaxed in the next chapter.

The health outcomes of patients depend on health state and the treatment option
chosen, and are described as health state utilities, U;; were i indicates health state

and j indicates the treatment selected.

U,, = utility of a diseased patient treated (t,)
U, = utility of a diseased patient not treated (t,)
U, = utility of a healthy patient treated (t,)

U, = utility of a healthy patient not treated (t,)

The costs of treatment C;; also depend on health state i and treatment j:

C,,  =costof a diseased patient treated (t,)
C,,  =costof a diseased patient not treated (tO)
C,; = cost of a healthy patient treated (ty)

Cw = cost of a healthy patient not treated (t,)

It is assumed that all patients are identical with the same characteristics and
preferences towards health states and costs. It is also assumed that the costs and
utilities of the treatment options for a given health state are the same before and
after the introduction of the test. This excludes the possibility that: (a) the test
itself has any therapeutic value; (b) it is an essential prerequisite to certain
treatment; or (c) involves any notion of "process utility" where some value is
gained by the patient from the process of testing over and above the increased
probability of being treated appropriately following the test. This also excludes the

possibility of the test providing prognostic as well as diagnostic information and it
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ensures that knowledge of the costs and utilities of current practice before the test
is introduced will be sufficient to evaluate the new diagnostic device. In this
simple example it is assumed that the test is non-invasive and poses no risks to the

patient.

Following the notation of Phelps and Mushlin incremental utilities (AUj,) can also
be defined as the utility gained from treating a patient correctly according to their
health state, so that AU}, is the utility gained by treating a patient in health state i

with treatment j rather than treatment k.

AU, =(U,-Uy) = incremental utility of treating a diseased patient with t,

AUy, =(Uy-Uy)  =incremental utility of not treating a healthy patient

Sifnilarly incremental costs (ACy) can also be defined as the cost of treating a

patient in state i with treatment j rather than treatment k.

AC,,, =(C,-C,p)  =incremental cost of treating a diseased patient with t,

ACy, =(Cu-Cy)  =incremental cost of not treating a healthy patient

The decision problem facing the clinician for an individual patient before the
diagnostic device is available is a simple choice between treatment with t; and no
treatment. When the diagnostic test is available the clinician can also decide to
test and treat according to the test results, where t, will follow a positive result

and t, will follow a negative test result.

Using the notation for this simple problem the question of whether the clinician
should choose treatment or no treatment without the diagnostic test and whether
the clinician should use the diagnostic test when it becomes available can be
addressed. The impact on the expected health outcomes and expected costs of
implementing this diagnostic technology can also be established. Indeed with this

limited information it is possible to estimate how much the clinician should be
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willing to pay for perfect information, and also for the imperfect clinical
information generated by the new test. These two values of information are the
essential elements in the first and second hurdles respectively, and can be
compared to an estimate of the cost of the new diagnostic technology to establish

whether it will be cost-effective.
Table 2.2

It is assumed that information on the Uj; and C;; (which are part of current practice
before the new test is introduced) is available. The values of all the variables used
in this simple numerical example are reported in table 2.2. The approach
proposed by Phelps and Mushlin combines information from a variety of sources
including observations of current practice and makes inferences about a new
diagnostic technology based solely on information which should be available
before the new test is introduced. However the Phelps Mushlin strategy does not
provide any explicit method to take into account the variable quality of
information from different sources. This issue is addressed in chapters 4, 5 and 6
by using a Bayesian approach where prior distributions are assigned to the key

variables.

2.2.2 Selecting the Fallback Strategy

The ﬁrst step in the evaluation of a new diagnostic device is to establish the
appropriate baseline against which it should be compared. The appropriate
baseline or the relevant alternative is what the clinician should do in the absence of
further gﬁagnostic information. This is called the fallback strategy by Phelps and
Mushlin. The value of information is the additional value that it provides and this
depends crucially on what the clinician would do if the information was not
available. In this simple example before the introduction of the test the decision

problem facing the clinician is to treat with t, or not to treat (t;). With no other
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diagnostic information this decision must be based on the clinician's prior belief
about the likelihood of disease (f). This single-stage decision problem is
illustrated in figure 2.2.1 and it represents current practice before the new test is
available. The problem is to select the optimal fallback strategy in the absence of
diagnostic information. This optimal fallback strategy will be the appropriate

baseline (relevant alternative) with which to compare a new diagnostic device.

Figure 2.2.1

Following the decision rules used in the traditional cost-effectiveness approach to
the choice between two mutually exclusive alternatives 7 136 13% 181 the first step is
to establish the expected utility of t; (E(U)) = £U,; + (1-f).Uy). The incremental
expected utility of choosing t, rather than t, is the difference between E(U,) and
E(U,):

E(U) - E(Uy) = £(U,1-U,0)-(1-0). (Upg-Upy)
= £ AU, 4-(1-£).AU,,, 2.2.1a

The expected cost of t; (E(C;) = £.C,+(1-f).C,;) must also be established and the
incremental cost of choosing t, rather than t is the difference between E(C,) and
E(Co):

E(C) -E(Cy) = f~(Cu'clo_)'(1't)-(coo"cm)
=fAC,;,~(1-).ACy, 2.2.1b

The traditional cost-effectiveness approach is to establish the incremental cost-
effectiveness ratio of choosing t, rather than t,. This represents the cost per unit
of health utility gained by moving from t, to t,. To choose between these two
options (in the absence of dominance) this ratio must be compared to the critical
cost-effectiveness ratio (1/g) which, with a fixed budget or capital constraints, is

the cost-effectiveness ratio of the marginal project which will be displaced if't, is
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implemented and the positive incremental costs of t, are incurred 7® ' *!. The
critical cost-effectiveness ratio is the cost per unit of health utility gained which
should be worth paying given the budgetary restrictions on service provision. It
is the implicit monetary value placed on health outcome by the existing budget

constraint. The decision rule is to choose t, if:
(FAC,1o-(1-0).ACy V(£ AU, 0-(1-f). AUy ) < 1/g 222a

An equivalent decision rule would be to choose t, if the effectiveness-cost ratio is

greater than the critical effectiveness-cost ratio (g):
(£AU,;o-(1-). AU )/(£AC1-(1-£).ACy) > 8 2.2.2b

The critical eﬁ‘ectiveness-cost ratio (g) is the shadow price of the budget
constraint on service provision and is the minimum improvement in health
outcome per additional unit of cost the clinician should accept. When one
alternative does not dominate the other it is not possible to make consistent
decisions without reference to a critical ratio or a value of health outcome.
However once the a critical ratio has been established '6 5% 72 7436 14 then health
utilities can be rescaled into monetary terms using 1/g, or equivalently monetary
values can be rescaled into health utilities using g. Equation (2.2.2a) can be
rearranged and the same decision rule can now be expressed in terms of net
benefit measured in health utility. The clinician should choose t, if the net benefit
of t, is greater than the net benefit of t,, and the incremental net benefit of t, is

positive:
(E(U,)-gE(C)-EU,)-gE(Cy)) >0 2.2.2¢

Or alternatively choose t, if the net benefit of treating those with disease is greater

than the net benefit of not treating those without the disease:
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£(AU,,p-8.AC, ) > (1-0).(AUy;-g.AC41) 2.2.2d

If t, is chosen then the gains from treating those with disease (AU,,,-g.AC,,,) With
a probability of f should exceed the benefits forgone (opportunity costs) from
being unable to not treat those with no disease (AU, -g.ACy,) with probability

(1-6).

An entirely equivalent decision rule would be to rescale health outcome into
monetary terms by multiplying (2.2.2¢) or (2.2.2d) through by 1/g, and then the
net benefits would be measured on a monetary rather than a health utility scale.
These decision rules will be equivalent to the net present value decision rule used
in a Paretian cost-benefit analysis in the special case where all individuals have
identical preferences and their marginal willingness to pay for additional health

utility is the same and is equal to 1/g'®.

What is clear from this discussion of decision rules is that when dominance does
not exist placing a monetary value on health outcome is absolutely unavoidable if
decisions based on cost-effectiveness (or "cost-utility") analysis are to be made.
The ohly issue is whether this decision rule is made explicit by the analyst or
whether it is abdicated to social decision-makers, where it may remain implicit and
not open to criticism or alternative formulation. In this example, where the
fallback strategy must be selected before the value of information can be
established, the decision rule must be explicit and the explicit monetary valuation
of health outcome by the analyst is unavoidable. This is a general characteristic of
all sequential clinical decision problems (which involve contingent decisions and
the comparison of a number of mutually exclusive alternative strategies) which

poses some interesting methodological issues which are discussed in chapter 3.
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Treatment Thresholds

The selection of the fallback strategy can also be expressed in terms of a treatment
threshold for f. The information in 2.2.2d can be rearranged to solve for the prior
probability of disease where the clinician should be indifferent between t, and t,.
The point of indifference can be found by simply setting both sides of 2.2.2d

equal to each other and solving for fto give the treatment threshold f|,:
fio = (AUg01-8-ACq01)/((AU416-8. AC; 1)+ (Ugor-8- 2 Coor)) 223

The clinician should select t, if the prior probability (f) is greater than f, but select
t, if f'is less than f;,, When f'is equal to f), the clinician is indifferent between t,
and t,. At this point the clinician is most uncertain about which fallback treatment
to select, and one would expect the value placed on information to reach a |

maximum at this point of uncertainty. The following parts of this chapter

demonstrate that the value of diagnostic information does indeed reach a UN’VEHSITY

maximum at these treatment thresholds. OF YORK
LIBRARY

The relationship between f|;, and the value of health outcome in this numerical _
example is illustrated in figure 2.2.2 and this demonstrates that the treatment

threshold falls as the value placed on health outcome increases.
Figure 2.2.2

Figure 2.2.2 summarises efficient clinical practice for a range of possible values of
health outcome. When the value placed on health outcome is iow (less than
£3,500) f,¢=1, and t, is never selected because the additional health benefits of t,
are not worth the additional costs. Indeed at extreme values when 1/g=0 no value
is placed on health benefits and this "accountancy decision rule” is simple cost-
minimisation irrespective of health benefits. The least cost option (t,) will be

selected in all circumstances. At the other extreme when g is equal to zero 2.2.3
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collapses to the clinical treatment threshold. No value is placed on resource costs
and this purely clinical decision rule selects the most effective treatment. An
infinite value is placed on health outcome. As 1/g approaches infinity f}, tends to
its limit (lim(f,,)) which in this numerical example is at a prior probability of

disease of 1/3.

2.2.3 The Test/Treatment Decision

Selecting the efficient fallback strategy is essential because it provides the
appropriate baseline or relevant alternative against which the information provided
by a diagnostic device can be valued. When the new diagnostic device is available
the clinician faces the choice of whether to use the test and treat according to the
test results, where t, follows a positive test result and t, follows and negative
result, or to choose not to test and use the efficient fallback strategy. The value of
information is the difference between the net benefit when the test is used and the
net benefit of the fallback strategy. The clinician should choose to test if the value
of information is greater than the costs of the test. This decision problem is

illustrated in figure 2.2.3.
Figure 2.2.3

Almost all diagnostic devices are imperfect and the accuracy of this proposed new
test is expressed in terms of sensitivity (p) and specificity (1-q). The test is
imperfect and it produces false positive results (q), and false negative results (1-p).
Initially it is assumed that there is only one way to operate the test and there is no
possible trade-off between sensitivity and specificity. However this will be relaxed

when optimal test operation and ROC challenge regions are discussed.

The decision problem illustrated in figure 2.2.3 follows the presentation adopted

by Phelps and Mushlin'”’. The "no test" arm of the decision tree represents the
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fallback strategies which were illustrated in figure 2.2.1. However, the "test" arm
of the decision tree does not follow the actual chronology of events because the
first event should be the result of the diagnostic test rather than the disease state
and the second event should be the predictive values rather than sensitivity and
specificity. These should occur after the treatment choice has been made. This
presentation was adopted by Phelps and Mushlin (and has been used by others)
because sensitivity and specificity enter directly into the tree and this avoids
Bayesian probability revision. Although it is not intuitively appealing, in this case
it is equivalent to a structure which follows the correct chronology using Bayes.
The presentation in this chapter and the next follows Phelps and Mushlin for
consistency with their approach, but in later chapters of the thesis decision

problems will be structured in the correct chronology ** % 5 1% 132 137,

2.2.4 The Expected Value of (Imperfect) Clinical Information
The Expected Value of Clinical Information (EVCI) is the difference between the
expected net benefit of using the test and using the fallback strategy, so there is an

expression (EVCI) for each of the possible fallback strategies (j).

The expected net benefit of testing is the difference between the expected utility of

testing and the expected cost of testing (which is rescaled to utility values using

g). For the diagnostic test in figure 2.2.3 the expected utility of testing is:
£.(p.UpH(1-p).Uyo)+(1-0).((1-9). Ugeq.Uyy) 224a

and the expected cost of testing is:

£(p.CyyH(1-p).Cyo)+(1-0).((1-9).Cogtq. Coy) 2.2.4b
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The EVCI when treatment is the fallback

The incremental utility of testing when treatment t, is the fallback strategy is
simply the difference between the expected utility of testing (2.2.4a) and the
expected utility of the fallback t, (£U,+(1-f).Uy,):

_f-(]'_p)-AU]10+(l-f)'(l-q)'AUOOl 22.5a

Similarly the incremental cost of testing (rescaled to utility using g) when t, is the
fallback strategy is the difference between 2.2.4b and the expected cost of
treatment (f.C,,+(1-£).Cy,):

The Expected Value of Clinical Information when t, is the fallback strategy
(EVCI,) is the incremental net benefit of testing, or the difference be‘tween the
incremental utility (2.2.5a) and the rescaled incremental cost of testing (2.2.5b).
The clinician should use the diagnostic test if the EVCI, is greater than the

average variable cost of the test (C’,) rescaled to health uiility:

EVCI, = -£.(1-p).(AU},0-8.AC,,0)
+(1-£).(1-q).(AUy,-g.ACy,,)) > g.C',. 2.2.5¢

QEVCL/Af = -(1-p).(AU,,-8.AC,10)
| -(1-q).(AUp-8.ACq) < 0 - 2.2.5d

This derivation shows that when the fallback is to treat then the key issue in
deciding whether to use the test is the net losses arising from testing and not
treating false negatives (AU, ,,-g.AC,,,) compared with the gains from testing and
not treating true negatives (AUy,-8.ACy,). The value of information will fall as f

increases (2.2.5d) because when f=1 the test will generate some negative results
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all of which will be false and some patients with the disease will not be treated, but
treatment without testing will not incur any costs of unnecessarily treating healthy
patients. So at this extreme the value of imperfect information will be negative

(with a fixed combination of p, and q).

The EVCI when no treatment is the fallback

The incremental utility of testing when no treatment (t,) is the fallback strategy is
| simply the difference between the expected utility of testing (2.2.4a) and the
expected utility of no treatment (£.U,¢+(1-). Uy):

£p.AU,oH(1-).q. AU, 2.2.6a

Similarly the rescaled incremental cost of testing when t, is the fallback strategy is

the difference between 2.2.4b and the expected cost of no treatment (f.C,,+(1-

.Coo)-

fpgAC110+(1‘f)quC001 2.2.6b
The Expected Value of Clinical Information when t, is the fallback strategy
(EVCL,) is the difference between the incremental utility (2.2.6a) and the rescaled
incremental cost of testing (2.2.6b). The clinician should use the diagnostic test if

EVCL,>gC’,

-(1-).q.(AU4,-g.ACy)) > g.C,. 2.2.6¢c

QEVCL/ef= p.(AU,,;-g.AC0)
+q.(AUg-8.ACg) > 0 2.2.6d

When the fallback is not to treat then the decision can be based on the loss from
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testing and treating false positives (AUgy,-g8.ACy,,) compared with the gains from
testing and treating true positives (AU, ;o-g.AC,;,). The EVCI, will fall as fis
reduced (2.2.6d) because when =0 the test will generate some positive results all
of which will be false and some healthy patients will be treated, but no treatment
without testing will not incur any costs of not treating patients with the disease.

At this extreme the value of imperfect information will also be negative because of

false positive results.
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2.3 A Strategy for Focusing Clinical Research
2.3.1 HurdlelI: The Expected Value of Perfect Information

The Expected Value of Perfect Information (EVPI) is the maximum value that any
proposed diagnostic test could provide. It is an upper bound on the value of
information and is used to create the first hurdle in the strategy proposed by
Phelps and Mushlin. If the costs of the diagnostic test exceed the maximum EVPI
then the test can never be cost-effective and further evaluation is unnecessary.
However if EVPI>g.C’ then the diagnostic device is potentially cost-effective

over some range of prior probability of disease and the test passes the first hurdle.

The EVPI can be derived from the expressions for EVCI, by simply setting the
sensitivity (p) and specificity (1-q) of the test equal to one in (2.2.5¢) and (2.2.6¢).
The expected value of perfect information when t, is the fallback strategy (EVPI,)

is as follows:

EVPI, = (1-0).(AU,-2.ACyop) : 23.1a
SEVPI,/0f = -(Uyy;-8.Coor) < O 2.3.1b

The EVPI, falls with f, but now when =1 the value of information will be zero
because a perfect test does not incur the cost of not treating patients with false
negative results.

The EVPI, (when t, is the fallback) is as follows:

EVPI, = f(AU,,;-g.AC ;) 23.1c
QEVPL/of = (U,,4-2.C,10) >0 2.3.1d

The EVPI, increases with f but now when f=0 the value of information is zero

because there are no costs of treating false positive results.

31



The EVPI; can be calculated based solely on the utilities and costs of t, and t, and
the prior probability of disease. Since t, and t, are part of current practice and the
utilities, costs, and probabilities required are implicit in current clinical decision-

" making, it may be reasonable to assume that this information is available prior to
the introduction of the test. Indeed this first hurdle can be constructed without any
knowledge of the characteristics of a proposed diagnostic device and it relies only

on the decision-problem currently facing clinicians.

This first hurdle is constructed for the numerical example by calculating the EVPI
for the full range of the prior probability of disease. The EVPI for this numerical
example is illustrated in figure 2.3.1a and is rescaled to monetary values using a

value of health outcome of £4,000 per unit of health utility gained.
Figure 2.3.1a

From equation (2.2.3) and figure 2.2.2 when 1/g=£4,000 the treatment threshold
f,o is equal to 0.8. When f<f; no treatment is the fallback strategy and the EVP],
rises with f, but when f>f,; treatment is the fallback and the EVPI, falls with f, and
when f-;fm the clinician is indifferent between t, and t,. At this point the EVPI |
reaches a maximum of £3,200 in figure 2.3.1a where the clinician is most

uncertain about which fallback strategy to adopt.

The first hurdle compares the EVPI to an estimate of the variable cost of the new
diagnostic device. Figure 2.3.1a illustrates two proposed diagnostic technologies.
The first has an estimated variable cost of C’,,;=£3,500, which is greater than the
maximlim EVPL It will never be cost-effective and should be rejected at this first
hurdle. The second test has a cost of C’,,,=£2,500 and it is potentially cost-
effective for patients with a prior probability of disease between f, and f,. This
diagnostic test passes the first hurdle and is potentially cost-effective, but clinical
research to establish the characteristics of the test is required before the cost-

effectiveness of this test can be established and the new technology implemented.
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The EVPI in figure 2.3.1a represents the value of perfect information for an
individual patient with a particular prior probability of disease. However a new
diagnostic technology may have large fixed costs ('Cte) associated with its
implementation, and the prevalence of disease in patient population which enters
the decision problem in figure 2.2.3 may have a continuous distribution of ¢(f).
The first hurdle can be amended so that the population EVPI is compared to the
total cost of implementing the proposed technology. The proposed test will pass
the first hurdle if:

fio fi i
f EVPI(Hd(Hf + f EVPIL(Dd(HAf > g.C’, [p(Hdf+gC,, 2.3.1e
fo fio fy

The relationship between the expected value of perfect information and the value
placed on health outcome is illustrated in figure 2.3.1b and 2.3.1c. As the value of
health outcome increases the value of information also increases and the first

hurdle is dependent on the selection of 1/g.

The value of health outcome determines two aspects of the EVPI: the point at
which information is most valuable; and the value placed on that information. In
figure 2.3.1b the treatment threshold f,; where the EVPI reaches a maximum falls
with 17g from 0.8 when 1/g=£4,000, to 0.414 when 1/g =£20,000. This
relationship between 1/g and f,, was illustrated in figure 2.2.2 and indicates that as
the value placed on health outcome increases the more effective but more costly
alternative becomes optimal at lower prior probabilities. The value of iﬁformation
also increases and when 1/g=£4,000 the maximum EVPI is £3,200, but when 1/g
is increased to £20,000 the maximum EVPI rises to £28,128.

Figure 2.3.1b
Figure 2.3.1¢

These two aspects of the relationship between the EVPI and 1/g are illustrated in

figure 2.3.1c, but this also illustrates that when 1/g is low (less than £3,100) the
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EVPI is negative. This is because treatment following a true positive test result is
not worth the additional costs, and this is also demonstrated in figure 2.2.2 where
f,;=1 when 1/g<£3,100, and it is never efficient to choose t, even when the

probability of disease is very high.

2.3.2 HurdleII: The Expected Value of (Imperfect) Clinical Information

If a proposed diagnostic technology passes the first hurdle it is potentially cost-
effective and the next step is to establish the characteristics of the test through
prospective clinical research. Once the sensitivity (p) and specificity (1-q) of the
test are established the EVCI can be estimated and compared the cost of the test.
If the new test is non-invasive then randomised patient selection will be

unnecessary because diagnosis with the new test and with a “gold standard test”

can be conducted on the same patients.

The EVCl is calculated for this numerical example and is illustrated in figure
2.3.2a. The EVCI reaches a maximum at f;,=0.8, but the maximum EVCI is
lower than the maximum EVPI due to false positive and félse negative results.
The EVCI, falls with f when £>f,, and the EVCI, rises with f when {<f,
illustrating equations (2.2.5d), and (2.2.6d) above.

Figure 2.3 .2a

The EVCI becomes negative at extreme values of f: when f=1 the imperfect test
will produce some negative results all of which will be false and some patients
with the disease will not be treated, in this case it is better to use the fallback
strategy of treating everybody; when f=0 the test will produce some positive
results all of which will be false and some patiénts will receive unnecessary

treatment, in this case it will be better not to treat without testing.
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At the second hurdle the EVCI of a potentially cost-effective test is compared to
an estimate of the variable cost of the new test. Three estimates of the cost of the
new device are illustrated in figure 2.3.2a. If the estimated cost of the new test is
high (C’,,=£3,500) the test fails at the first hurdle: it is not potentially cost-
effective and no further research is required. When the estimated costs are lower
(C’;=£2,500) the test passes the first hurdle and is potentially cost-effective, but
when the accuracy of the test is established it fails at the second hurdle. However
if the estimated cost was lower still (C'.;=£1,500) the test will pass both the first
and second hurdles and will be cost-effective for patients with a prior probability

of disease between f; and f|.

The second hurdle can be amended in the same way as the first so that the
population EVCI can be compared to the total cost of implementing the proposed

technology including any fixed element. The proposed test will pass the second

hurdle and should be implemented if:

f10 fl fl
f EVCI(d(fdf + f EVCIL(Dd(fdf > g.C’, f d(Hdf+g.C,, 23.2
f0 flo f0

The relationship between the EVCI and 1/g is illustrated in figure 2.3.2b and
2.3.2¢, and the value of imperfect clinical information also increases with the value
placed on health outcome. Both the first and second hurdles are dependent on the

value selected for 1/g.

Figure 2.3.2b
Figure 2.3.2¢

The value of health outcome determines the point at which information is most
valuable, as well as the value placed on clinical information. Just as in figure
2.3.2b the treatment threshold (f,) where the EVCI reaches a maximum falls with
1/g. The maximum EVCI also increases with 1/g: from £2,240 when 1/g=£4,000

35



to £19,416 when 1/g = £20,000. However figure 2.3.2b and 2.3.2¢ also illustrate
that the value placed on false negative and false positive results also increases with

1/g and the EVCI at extreme values of f where EVCI<O falls as 1/g increases.

2.3.3 The Optimal Test Operation

The construction of the second hurdle requires information on the accuracy of the
test. So far it has been assumed the test is binary and there is only one
combination of p and q which is available. However most diagnostic tests allow a
trade-off between the sensitivity of the test and the specificity. The possible
combinations of p and g, and the trade-off available can be described by an ROC
curve. The information used to construct the first hurdle can also be used to

identify the optimal combinations of p and q where the test should be operated.

The approach taken by Phelps and Mushlin takes the full differential with respect
to p and q of an expression for the net benefit of testing (NB,,). The optimal

trade-off between p and q (dp/dq) or slope of the ROC curve can then be found.
The net benefit of testing is given by:

NB, = £(p.Uy+(1-p).U,o+(1-0.((1-0). Uygq.Usy)
-8.(£(p.Coy+(1-p).CiH(1-D.((1-9).C,o+q.Cp))) 2332 -

The full differential of the net benefit of testing:

dNB, =f-dp‘((Uu‘Ulo)‘g-(Cn'Clo))‘(l‘0~((U00'U01)'g-(Coo'Cm))'dq
=f£dp/dq.(AU,;-g. AC,,0)-(1-).(AU¢,-g.ACyyy) 2.3.3b
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by setting dNB,, =0 and solving for dp/dq:

dp/dq = (1-f).(AUy,-g.ACeq) /£ AU, ,p-g.ACy)0)
= EVPI,/EVP], 2.3.3¢c

The optimal dp/dq or slope of the ROC curve is the ratio of the expected value of
perfect information when t, is the fallback, to the expected value of perfect
information when t, is the fallback. This is equivalent to setting the consequences
of designating a result as positive equal to the consequences of designating a
result as negative and rearranging so the likelihood ratio or the slope of the ROC
curve is the product of the ratio of prior probability of no disease and disease and

the ratio of the net consequences of no disease and disease "> '*" 7,

The optimal dp/dq is simply the ratio of the expected costs of false positive and
false negative results and optimal test operation is similar to establishing technical
efficiency in production by ensuring that the ratio of factor input prices is equal to
the marginal rate of technical substitution between these inputs in production.
Production will be technically effictent at a point of tangency between the isoquant
(ROC curve) and the budget constraint (dp/dq). If the relative factor prices
(expected cost of false positive and false negative results) change then the slope of
the budget constraint (dp/dq) will change. The point of tangency with the
isoquant (point on the ROC curve) will shift and the technically efficient factor

input (optimal combination of sensitivity and specificity) also changes.
Figure 2.3.3

Equation (2.3.3c) shows that the optimal test operation is dependent on both the
prior probability of disease and the value placed on health outcome. Figure 2.3.3
illustrates how the range of prior probabilities from the first hurdle in figure 2.3.1a

can be used to define the economically relevant portion of the ROC curve. The

optimal points dp,/dq, and dp,/dq, are based on the range of prior probabilities of
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disease where the test is potentially cost-effective (f, and f; respectively). dp,/dq,
and dp,/dq, defines the economically relevant portion of the ROC curve. When f
is low (at £,=0.38) the expected cost of false positive results is relatively high and
the optimal point on the ROC curve will substitute reduced false positives for
increased false negatives (dp,/dq,=6.53). When fis higher (f;=0.905) the expected
cost of false negatives is relatively high and optimal test operation will substitute

reduced false negatives for increased false positives (dp,/dq,=0.42).

This strategy makes it clear that it is unnecessary to evaluate the whole ROC
curve and the first hurdle can be used to focus prospective research on the
economically relevant range of test characteristics. Points on the ROC curve with
a slope greater than dpy/dq, or less than dp,/dq, are irrelevant because the
diagnostic test will never be cost-effective when operated beyond these points.
Phelps and Mushlin go on to define ROC challenge regions: the minimum
combinations of p and q which a new device must achieve to be cost-effective.
The first hurdle then asks if there is any prospect of a new technology achieving a
point within the challenge region, if not the test fails at the first hurdle. This
approach also makes it clear that the optimal operation of diagnostic technology is
dependént on specifying a value of health outcome. If economic criteria are used
to evaluate a new technology then the same criteria must be used to establish how
it should be operated before an economic evaluation can take place. The selection

of 1/g prior to the economic evaluation is unavoidable.

2.3.4 Focusing Clinical Research

The Phelps Mus_hlin strategy and their proposed hurdles can be constructed based
solely on prior information about health outcomes, costs, prior probabilities of
disease and a measure of the accuracy of the test. It can combine information
which may already be available from a variety of sources. Health outcomes can be

based on literature review and observation of current practice and health state
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utilities can be elicited using established methods. Similarly, information on prior
probabilities and the distribution of probabilities of disease can be based on
published epidemiological studies. The costs of treatment can be estimated by
observing current practice or may be readily available from routinely collected
information. However the approach proposed by Phelps and Mushlin does not
include any way to take into account the variable quality of information from
different sources, and this issue will be addressed in chapters 4, 5, and 6 where

prior distributions are assigned to the health outcomes and path probabilities.

This strategy not only focuses clinical research by eliminating those proposed new
technologies which will not be cost-effective, it also focuses prospective clinical
research on potentially cost-effective devices, and on those variables where prior
information is not available. The only information that will require prospective
research is the accuracy of the new test, and if the test is non~invasivé this can be
done without patient selection and randomised design can be avoided.
Furthermore if the diagnostic test allows a trade-off between sensitivity and
specificity the first hurdle can define the economically relevant portion of the ROC
curve and the clinical evaluation of the whole ROC curve will be unnecessary. It
provides an approach to the economic evaluatién of clinical information which can
avoid randomised trial designs whiéh include both the diagnostic and treatment
process. This could substantially reducé the cost of research and development in
terms of resources, the opportunity cost of delaying the implementation of cost-
effective technology (or providing evaluative evidence before an unproven |
diagnostic technology is widely implemented), and the opportunity costs to

‘individuals enrolled in less effective arms of a clinical trial.
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Table 2.2 A Numerical Example
Utilities Incremental Costs (Cij) Incremental Costs
Uy Utilities (AU;) (ACy)
U, |6 AU 4 Ch £12,000 | AC;,, | £12,000
Uy |8 AUg, 2 Coi £8,000 | ACy, -£8,000
Up {2 Cio £0
U | 10 Coo £0

The characteristics of the proposed diagnostic test are:

p=0.9, and d=0.2




Figure 2.2.1 Decision Tree for the Fallback Decision
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Figure 2.2.3 Decision Tree for the Test Treatment Decision
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Fiéure 2.3.1b Expected Value of Perfect Information (EVPI)
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Figure 2.3.2a The Expected Value of Clinical Information (1/g=£4,000)
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Figure 2.3.2¢c Expected Value of Clinical Information (EVCI)
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3.1 Introduction

The approach to the economic evaluation of diagnostic information which was
outlined in the previous chapter has a number of advantages and attractions: it is
consistent with economic decision rules; it enables research to be focused on new
diagnostic technologies which are potentially cost-effective; and it can combine
information that is available from a number of different sources. However the
presentation of the approach by Phelps and Mushlin and its application to a simple
numerical example assumed that there is only one possible treatment for a given
diagnosis. This is clear in figure 2.2.3 where the decision problem facing the
clinician is simply whether to test and treat according to test results: where t,
follows a positive test and t, follows a negative test. Treatment following
diagnosis is determined only by the test result and this implies that no other
treatment alternatives are possible. The approach has simply added a diagnostic
device to existing patient management strategies and clinical practice is changed
only to the extent that the test changes the probability of assigning a patient to a

particular diagnosis.

However in most clinical decision problems there is a range of treatr;ment
alternatives (and other diagnostic processes) which are at least possible following
the results of the test, even if these alternatives are currently not used as part of
existing patient management. In these circumstances where there is more than one
treatment alternative for a given diagnosis, diagnostic information may change
patient management by changing the probability of assigning a patient to a
particular diagnosis and by changing the optimal treatment choice. To establish
the circumstances in which this strategy will be appropriate to these less restrictive
decision problems the first step is to generalise the Phelps Mushlin strategy to
accommodate more than one treatment for a given diagnosis and identify the
assumptions that are required. The second step is to examine the consequences of

violating these assumptions.
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3.2 Generalising the Phelps Mushlin Strategy

In this section the approach is generalised and applied to the same numerical
example but with an additional treatment option (t,). This treatment is less costly
than t, but is less effective for those with the disease, although it has fewer side
effects than t, for patients with no disease. The details of this numerical example
are reported in table 3.2.1. The decision problem facing the clinician before the
test is introduced is to choose either t,, t,, or t,. Once the test is introduced the
clinician can choose to test and treat with either t, or t, following a positive result,
and t, following a negative result. This decision problem is illustrated in figure

3.2.1.

Table 3.2.1
Figure 3.2.1

Following chapter 2 it may be reasonable to assume that some information on the
costs and health utilities of these three treatment alternatives will be available if

" they are part of existing patient management before the test is introduced.

3.2.1 Selecting the Fallback Strategy

Following the presentation of the previous section the first step is to establish the
appropriate baseline or fallback strategy. The clinician must now decide whether
to treat with either t, or t, or to select no treatment. The same decision rules from
(2.2.2a) and (2.2.2b) can be applied to the choice between t, and t, and t,. The
equivalent decision rule from (2.2.2d) can be expressed in terms of net benefits

and t; (=0, 1, 2) should be chosen rather than t, (k=0, 1, 2) if:

£(AU,3-8.AC0) > (1-).(AUy-g. ACy,) 32.1a

43



This decision rule can also be expressed in terms of a treatment threshold for f and

t; should be chosen rather than t, if £>f, where:
fjk = (AUij'g'ACij)/ ((AUIjk'g'ACljk)+(U0kj'g~ A Cij)) ‘ 3.2.1b

There are now three treatment thresholds: f,,, where the clinician is indifferent
between t, and t,; f;,, where the clinician is indifferent between t, and t,, and f},
where the clinician is indifferent between t, and t,. These thresholds are illustrated
for this numerical example in figure 3.2.2 and summarise the selection of optimal

fallback strategies.

Figure 3.2.2

The treatment threshold f,, is the same as in figure 2.2.2, but now t, is also
available to the clinician and in this numerical example f,,<f),<f},. Efficient clinical
practice is as follows: when {<f,, the clinician should select t,; when f,,<f<f,, the
clinician should select t,; and when £>f}, the clinician should select t,. Although
there are three treatment thresholds there are only two points where the clinician
will be most uncertain about selecting the fallback strategy: when they are
indifferent between no treatment and treatment (with either t, or t,); and when
they are indifferent between the treatment options. A treatment threshold (£¥) can
be defined as the minimum of f, and f;, (in this case f,y<f,,and f*=f,;) and the
clinician will be uncertain about selecting treatment or no treatment at f*=f,;, and
about selecting which treatment option at f=f},. There are now two points where

the value of clinical information may reach a maximum.

Figure 3.2.2 also illustrates t_he relationship between the value of health outcome
and efficient clinical practice. When 1/g is low (in this case less than £1,500)
f,=f,,=fi;=1, and there is no value of f where either treatment would be efficient.
t, should be chosen in all circumstances. Figure 3.2.2 shows that when t, is

available it will be efficient to treat at lower prior probabilities of disease. When
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1/g=£4,000 the clinician will move from no treatment to treatment when f reaches
0.533 rather than 0.8 when only t, is available. Indeed at this value of 1/g, t, is
never part of current practice because f;,=1. t; only becomes part of the fallback

strategy when 1/g>£5,000 and f},<1.

As the value placed on health outcome is increased the treatment thresholds fall
and in the limit the thresholds collapse to purely clinical decision rules. In this
particular numerical example £,)=f}=f;,=1/3 when g=0 and when a purely clinical
decision rule is used t, will not be part of the fallback strategy because when
f<1/3, t, should be chosen but when £>1/3, t, should be chosen. If't, is not part of
existing patient management then information on the utilities and costs of the
treatment will not be available by simply observing current practice. By making
minor changes to this numerical example it can be shown that t, will not be part
of existing patient management even when economic rather than purely clinical
decision rules are used. This poses a problem for Phelps Mushlin approach which

will be examined in more detail in section 3.3 of this chapter.

3.2.2 The Expected Value of Clinical Information

The Expected Value of Clinical Information is the difference in expected net
benefit between the test and the fallback strategies. The EVCI,; can be defined for
each combination of the three possible fallback strategies (j=0,1,2) and two
possible testing strategies (h=1, 2) where the clinician can treat with t; (h=1)ort,

(h=2) following a positive test and t, following a negative test.
The EVC;is equivalent to the EVCI, (2.2.5¢) when treatment with either t, ort,

is the fallback and the fallback treatment is the same as the treatment which

follows a positive test result (j=h=1,2). 3.2.2ais equal to 2.2.5¢ when j=h=1.
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EVCI,; = -£(1-p).(AU};-g.ACy0)
+(1-£).(1-9).(AUg;-8.ACyy) 3.22a

The EVC],; falls with f and (3.2.2b) is equal to (2.2.5d) when j=h=1.

aEVCIhJ/af = '( 1 -p)(AUUO-gACIJO)
-(1-9).(AUg-g.ACoq) <0 \ 3.2.2b

The EVCI,; is equivalent to the EVCI, (2.2.6¢) when no treatment is the fallback
strategy (j=0; and h=1,2) and (3.2.2¢c) is equal to (2.2.6¢) when h=1.

EVCly = f'p'(AUlhO'g'AClhO)
- (l'f)-Q-(AUmh'g-Ath) 3.2.2¢

The EVCI,, rises with f and (3.2.2d) is equal to (2.2.6d) when h=1:
OEVCLyf = p.(AU,4-8.AC 1)
+q.(AUgou-g-ACo01) > 0 3.2.2d

Now that two treatments are available it is possible that the fallback strategy is to
treat but the fallback treatment is not the same as the treatment which follows a
positive test result (j#h=1, 2). The diagnostic device not only changes the
probability of assigning a patient to a particular diagnosis but it can also change
the optimal treatment choice for a given diagnosis. In these circumstances the

- EVCI,; is not equivalent to the EVCI,.

- EVCl; = £.(p.(AU -8 AC,,0)-(AUj-g.AC )
- (1-0).(q.(AU g8 ACpr)-(AU-. ACyy) 3.2.2e

The EVCI,; will fall with fif.

46



JEVCIL/of = p.(AU,40-8-AC140)+q.(AUgon-8-AC00n)
(AU p-g. AC ;) +(AU-8.AC)) < 0 3.2.2f

If the SEVCI,,/3f < 0 then the EVCI will reach a maximum at f, but if

OEVCI,,/of > 0 then the EVCI will reach a maximum at f},. The value of

AEVCI,,/of is determined by the AU}, and ACy, from table 3.2.1, and the value of

health outcome: when g=0 the dEVCI,,/of >0 and the EVCI reaches a maximum

at f,,, but when 1/g low then JEVCI,,/0f <0 and the EVCI reaches a maximum at

fzo-

3.2.3 HurdleI: The Expected Value of Perfect Information.

The EVPI,; is derived from the expressions for the EVCI,; in the same way as in

chapter 2 by setting p=1 and ¢=0. The EVPL; when treatment is the fallback and

the fallback and test/treatment strategies are the same (j=1,2; and h=j) is

equivalent to the EVP], (3.2.3a is equal to 2.3.1a when h=1), and from 3.2.2a:
EVPI; = (1-f).(AUg;-8-ACoq) 323a

The EVPI,; falls with f and from 3.2.2b:

QEVPI,/0f = «(AUpg;-8.ACyy) < 0 3.2.3b

The EVPI; when no treatment is the fallback (j=0; and h=1,2) is equivalent to the
EVPI, (3.2.3c is equal to 2.3.1c when h=1), and from 3.2.2¢:

The EVP],; rises with f, and from 3.2.2d:
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OEVPI,/of = (AU 4,-8.ACy0) > 0 3.2.3d

If the fallback is to treat but the fallback treatment is not the same as the treatment
following a positive test result (j*h=1,2) the EVP],; will not be equivalent to the
EVPL

e

EVPI; = f-((AUmo'g-Aclho)‘(AUljo‘g~Acljo))

- (1-0).(9.(AUjpn-8- ACon)~-(AUgg-g. ACy5) 3.23e
The EVPI,; may rise or fall with f depending on the values of AU, AC; and 1/g,
and from 3.2.2f:
aEVPIhJ/af= (AUlhd-g'AClhO)
((AU-8.AC ;o) H(AUy;-8.ACyy)) 3.23f

The first hurdle for this numerical example is constructed by calculating the EVPI
for the full range of prior probability of disease and this is illustrated in figure
3.2.3 where the EVPI has been rescaled into monetary values using 1/g=£4,000.

Figure 3.2.3a

The optimal treatment following a positive test result ist,. The EVPI,; reaches a
maximum at f,, where the clinician is indifferent between t, and t, so when f<f,,
the fallback is not to treat, and from (3.2.3d) the EVPL, rises with f. When £,
the fallback is to treat with t, and from (3.2.3b) the EVI_’I22 will fall with £ Now
that t, is available, t, is not part of either the fallback or the test treatment strategy.

If the cost of the test is £1,500 then it is potentially cost-effective when f,<f<f,.
Figures 3.2.3b and 3.2.3c illustrate the relationship between the EVPI,; and the

value of health outcome. The optimal treatment following a positive test is t,

when 1/g is increased to £8,000 in figure 3.2.3b. The optimal fallback strategies

48



are as follows: when f<f,, the fallback is t; and the EVPI rises with f, when £>f},
the clinician should select t; as both the fallback and test treatment strategy and
the EVPI falls with f, however when f,,>f>f), the clinician should select t, as the
fallback but t, as the optimal treatment following a positive test result. The
EVPI,, falls with f when 1/g<£12,000 and it reaches a maximum at f;,, but when
1/g>£12,000 the EVPI, rises with f and it reaches a maximum at f;,. So once
again the value placed on health outcome determines the point at which

information is most valuable, and the value placed on the information.

Figure 3.2.3b
Figure 3.2.3¢

Table 3.2.2 details the optimal fallback and testing strategies which lie behind
these figures, and shows that t, does become paft of both the fallback and testing
strategy when 1/g is increased. The shaded area indicates the circumstances in
which the fallback is to treat but the fallback and treatment strategies differ; This
is where the test changes the optimal treatment for a given diagnosis as well as
changing the probability of being assigned to a particular diagnosis. Ifa
diagnostic test not only chzinges the probability of being assigned to a particular
diagnosis but also the optimal treatment for a given diagnosis then it will not be
appropriate to simply add a diagnostic device to existing (fallback) strategies of

patient management.
Table 3.2.2

The first hurdle operates in. the same way as in the previous chapter: if the cost of
the test is greater then the maximum value of the EVPI (at f=f,, or f=f},) then the
device will never be cost-effective; but if the maximum EVPI exceeds the cost
then the proposed test is potentially cost-effective over some range of prior
probability of disease. The population EVPI can be estimated and compared to
the total costs of implementing the new technology. In figure 3.2.3a (1/g=£4,000)

49



the population EVPI from (2.3.1¢) requires only minor amendment. The device is

potentially cost-effective if:

f q
EVPL(O(0t + [EVPL, 0000 > 5., [0(0at+6T, 323
fi . f

. \‘Q

In figure 3.2.3b when 1/g=£8,000 and the variable cost is C’,, then the population

EVPI requires further amendment. The device will be potentially cost-effective if:

f

q - f
f EVPIw(f)cb(f)df + f EVPL,(H(H)df + f EVPI (DD
£ 1 fi

f
>gC', f d(f)df+g.C,, 3.2.3h
t: .

3.2.4 Hurdle II: The Expected Value of (Imperfect) Clinical Information.

The second hurdle is constructed for this numerical example by calculating the
EVCIy for the full range of prior probability of disease. This second hurdle when
1/g=£4,000 is illustrated in figure 3.2.4a. The optimal treatment following a
positive test result is t,. Treatment t, is not part of either the fallback or the test
treatment strategies. The EVCI,, rises with f and the EVCIL,, falls with f so that
the EVCI reaches a maximum at f,,. If the cost of the test is C’,,;=£1,500 then it
will be cost effective when f>f>f, in figure 3.2.4a.

Figure 3.2 .4a

The relationship between the EVCI and the value placed on health outcome is
illustrated in figure 3.2.4b and figure 3.2.4c. The optimal treatment following a
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positive test result now changes with the prior probability of disease. In figure
3.2.4b when 1/g=£8,000 the optimal strategy is to use t, following a positive test
when the prior probability of disease is less than 0.34, but to use t, when £>0.34.
As the value placed on health outcome increases, the probability of disease where
the clinician is indifferent between using t, or t, as the test treatment strategy falls,

because t, is more costly than but more effective than t,.

Figure 3.2.4b
Figure 3.2.4¢

Table 3.2.3 details the optimal fallback and test treatment strategies which lie
behind these figures. Treatment t; only becomes both the optimal fallback and
testing strategy at higher prior probabilities of disease and at higher values of 1/g.
Indeed t, becomes the optimal treatment following a positive test while t, remains
the optimal fallback strategy. In this case the test changes the optimal treatment
for a given diagnosis and the circumstances where the diagnostic test can’t simply
be added to existing patient management are indicated by the shaded areas in table

323

Table 3.2.3

There are now four combinations of fallback and test/treatment strategy which-
make up the second hurdle and it is clear that a new diagnostic device can not
simply be added to existing strategies of patient management. The test changes.
the optimal treatment for a given diagnosis when f,>f>f}, and the optimal
treatment following a positive test results also changes with the prior probability

of disease.
The second hurdle operates in the same way as in chapter 2 and if the cost of the

test is greater than the maximum value of the EVCI then there is no range of prior

probability of disease where the test will be cost-effective and it should be

51



rejected. If the maximum value of the EVCI exceeds the cost of the test then
there will be a range of prior probability of disease where the test will be cost-
effective. In the example illustrated in figure 3.2.4b the EVCI,, falls with f when
1/g=£8,000 and the EVCI reaches a maximum at f,,, however when 1/g>£12,000
the EVCI,, rises with f and the EVCI reaches a maximum at f,. The population
EVCI can be calculated in the same way as the population EVPI (but taking
account of the changes in the test treatment strategy) and compared to the total

cost of implementing the new technology.

The preceding example illustrates how the Phelps Muslin strategy can be
generalised to take account of more complex clinical decision problems where
there is more than one treatment for a given diagnosis, and both hurdles can be
constructed. However once more than one treatment for a given diagnosis is
available a new diagnostic device cannot simpfy be added to existing patient
management. Diagnostic informatiqn can now change patient management not
only by changing the probability of assigning a patient to a particular diagnosis but

also by changing the optimal treatment for a given diagnosis.

Once an alternative treatfnent is available it is not necessarily the case that the
‘treatment which may be optimal once the diagnostic device is in place will be part
of existing patienf management. In this example when 1/g<£5,000 t, is not part of
existing patient management. Similarly when a purely clinical decision rule is used
t, will not be part of the fallback strategy and with minor changes to this numerical
example t, v;/ill never be part of current practice even when economic criteria are
used to select current practice. If a treatment is not part of the fallback strategy
then information on the U; and C;; will not be available from observing current
practice . The investigator may be forced to consider an experimental design
which includes both the diagnostic test and the subsequent treatment choices. In
these circumstances random allocation may be unavoidable. This generalisation
has imposed a number of assumptions which are unlikely to hold in many clinical

settings. These assumptions are discussed in more detail in the next section of this
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chapter and the implications of violating these assumptions are illustrated using

the same numerical example.
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3.3 Consistency in the Evaluation of Diagnostic Information

Although the strategy of economic evaluation proposed by Phelps and Mushlin
can be generalised to more complex decision problems it depends critically on two

assumptions:

Firstly, as already noted in chapter 2, it is assumed that the decision problem
facing the clinician prior to the introduction of the test must be identical to the
decision problem when the test is introduced and the test results are known. The
utilities and costs for a particular disease state and treatment alternative are
identical before and after the test is introduced. This assumption enables the prior
information about the U; and C; from current practice to be used to estimate the
EVPI and EVCI. This assumption may be violated if: (a) the test also provides
prognostic information; (b) the test results are required to direct treatment (for
example coronary angiography prior to coronary artery surgery); or (c) if the
results of the proposed diagnostic test are not conditionally independent of other

diagnostic tests which may be part of current practice.

Secondly any approach to economic evaluation which accepts current practice as
an appropriate baseline (or relevant alternative) to evaluate a new diagnostic
device implicitly assumes that the existing strategies of patient management are
correct. In the context of an economic evaluation this means thatAexisting '
strategies of patient management must be cost-effective at the critical cost-_
eﬂ'ectweness ratio (value of health outcome) selected to evaluate the new device,
Current practice will only be the relevant alternative if there is consistency
between the value of health outcome which is implicit in the selection of current
practice (1/g) and the value of the critical cost-effectiveness ratio (CCER) which

will be used to decide if the new technology will be cost-effective.

This assumption is unlikely to hold because the appropriate critical cost-

effectiveness ratio (the shadow price of the budget constraint) is uncertain (due to
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incomplete information on competing programmes within the budget) and depends
crucially on the perspective of the evaluation which determines the budget that is
regarded as relevant ' 1 ¥ There are a number of reasons to believe that the
value of health outcome implicit in existing patient management may be greater
than a CCER selected by an analyst. For example: clinicians may only consider
clinical effectiveness or have a higher (infinite) implicit value of health outcome;
they may not perceive all the costs of the alternative patient management
strategies; or they may not have full information about the budget constraint they

face and the competing programmes within the budget.

If the value of health outcome implicit in the selection of current practice is
greater than the CCER then an analysis which uses current practice as a baseline
to value a new diagnostic device may overestimate the value of diagnostic
information because it will be compared to an inefficient fallback strategy. If both
the fallback and the test/treatment strategy are selected using a value of health
outcome which is inconsistent with the CCER then the analysis can be subject to
two types of errors at each of the two hurdles. The value of clinical information
can be overestimated and a diagnostic technology which is not cost-effective may
be accepted. In addition a secorid type of error will be made when the value of
clinical information i's underestimated and a potentially cost-effective diagnostic
technology is rejected. These potential biases are illustrated using the same

numerical example and are discussed in detail below.

3.3.1 Errors at the First Hurdle

At the first hurdle a new diagnostic test is potentially cost-effective if the
maximum EVPI is greater than the cost of the new test and from section 3.2 it can
be seen that the EVPI will reach a maximum at either £, or f},. If the fallback
strategy is selected using an implicit value of health outcome which is inconsistent

with the CCER selected to evaluate the new diagnostic device then the value of
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information will be overestimated and the point at which the EVPI reaches a
maximum will also be biased. This is illustrated in figure 3.3.1a where the CCER
is £4,000 but the value of health outcome implicit in the selection of the fallback

strategy is £20,000.
Figure 3.3.1a

This inconsistency in the decision rules used to select current practice and to
evaluate a new diagnostic device leads to an overestimation of the value of perfect
information because the optimal testing strategy is compared to an inefficient
alternative. When the CCER=1/g=£4,000 the test treatment strategy is t, and the
optimal fallback is t, when f<0.54 and t, when £20.54. However when
1/g=£20,000 current practice differs from the optimal fallback strategy in a
number of important respects and the value of perfect information is
overestimated. When 0.36<£<0.46 the EVPIL,, overestimates the EVPI,; and when
£>0.46 the EVPL,, overestimates the EVPI,. The EVPI reaches a maximum at
f,=0.46 rather than £,;=0.54. The EVPL s seriously overestimated because the
test is not being compared to the relevant alternative (the optimal fallback at the
CCER). The discontinuities in the EVPI are due to the fact that the alternatives
have been selected using one decision rule (1/g=£20,000) but then valued using
another (CCER=£4,000). There is a danger that a diagnostic test which cannot be
cost-effective will pass the first hurdle. A diagnostic test which costs between
£9,300 and £3,000 will pass this first hurdle but at a CCER of £4,000 it is not
potentially cost-effective and should be rejected. If the cost of the test was less
than £3,000 the range of prior probability of disease where it will be regarded as
potentially cost-effective will be overestimated, biasing estimates of the population

EVPL
Figure 3.3.1b

The first hurdle is very sensitive to the way in which current practice is selected
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and figure 3.2.2b illustrates the errors that will be made if the value of health
outcome implicit in the selection of current practice is greater than the
CCER=£4,000. Even when 1/g=£5,000 the maximum EVPI will be overestimated.
The consequences of these overestimates is that a test may pass the first hurdle
when it is not potentially cost-effective and research and development resources

will be wasted.

If both current practice and the treatment which will follow a positive test result
are selected using an implicit decision rule which is inconsistent with the CCER
then two types of errors can be made at the first hurdle. The first type of error
will occur when the value of information is overestimated but now a second type
of error can also be made where the value of information is underestimated and a

potentially cost-effective test may be rejetted at the first hurdle.

Figure 3.3.2a

These errors are illustrated in figure 3.2.2a where the CCER=£4,000 but the value
of health outcome implicit in the selection of the fallback and the testing strategy
is £4,000, £5,000 or £20,000. As before the EVPI may be overestimated if
current practice is not the optimal fallback strategy but now the treatment that
follows a positive test results will not necessary be optimal at the CCER. In figure
3.3.2a when 1/g=£20,000 and when 0.36<f<0.46 the EVPI,, overestimates the -
EVPIL,,, and when £>0.46 the EVPI,, overestimates the EVPI,,. But now when
£<0.36 the EVPI,, underestimates the EVPIL,,, because although the fallback t, is—
optimal, the testing strategy is inefficient and the value of information will be

underestimated.

This second type of error is more clearly illustrated when 1/g=£5,000 and the
maximum EVPI is underestimated because although current practice is optimal,
the testing strategy selected is inefficient. When £<0.5 the EVPI,, underestimates

the EVPI,, and when 0.5<f<0.98 the EVPI , underestimates the EVPIL,,. The
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range of prior probability of disease where the test is potentially cost-effective will
be underestimated and estimates of the population EVPI will be biased. In these
circumstances it is possible that a potentially cost-effective diagnostic test will be

rejected at the first hurdle.

Figure 3.3.2b

When both the testing and fallback strategies are selected using an implicit value
of health outcome which is inconsistent with the CCER the first hurdle is very
sensitive to differences in these decision rules. The errors which will be made in
estimates of the EVPI are illustrated in figure 3.2.2b and in this example one of

the two types of error will be always be made if 1/g>CCER.

3.3.2 Errors at the Second Hurdle

Similar errors can occur at the second hurdle but now the consequences are more
serious because if the EVCI is overestimated then there is a danger that a
diagnostic device which is not cost-effective will pass the second hurdle and will
become accepted as part of efficient clinical practice, incurring the opportunity
cost of the greater health benefits which could be gained from an alternative use of

these resources.
Figure 3.3.3

-Figure 3.3.3 illustrates the way that the EVCI will be overestimated when current
practice is selected using an implicit value of 1/g=£20,000. The errors follow the
same pattern as at the first hurdle because the errors are due to an inefficient
fallback strategy being selected rather than differences in the testing strategy. Just
as at the first hurdle the EVCI,, overestimates the EVCI,,, and the EVCIL,,

overestimates the EVCI,,. A diagnostic test with an estimated cost between
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£8.400 and £2,000 will pass this second hurdle and become part of what is
regarded as efficient clinical practice. However at a CCER of £4,000 it is not cost-
effective and should be rejected. A test which costs less than £2,000 is cost-
effective but the range of f where the test should be used will be overestimated,

biasing estimates of the population EVCL

Figure 3.3.4a
Figure 3.3.4b

If both the fallback and the testing strategies are selected using an implicit value of
health outcome which is inconsistent with the CCER then the EVCI may be under
or overestimated and there is now a possibility that either a cost-effective test will
be rejected or an inefficient test will be accepted. This is illustrated in figure
3.3.4a. When the implicit value of health outcome is £20,000 then the EVCI,,
underestimates the EVCI,, when 0.12<f<0.36; the EVCI,, underestimates the
EVCI,, when 0.36<f<0.46; and when £>0.46 the EVCI}; underestimates the
EVCL,. Similarly when the value of 1/g implicit in the selection of the alternative
strategies is £5,000 the EVCI,, will be underestimated by the EVCI,, when
0.84<£<0.98. |

The second hurdle is sensitive to the decision rule that is used to select the
alternatives which are compared in the economic evaluation. If there is an
inconsistency in the decision rule implicit in the selection of these alternatives and
the decision rule which will be used to decide whether the new test is cost-
effective then the estimates of the value of information will be biased. There is a
dangér that one of the two errors could be made at the second hurdle. These
errors in the estimates of the EVCI are also illustrated in figure 3.3.4b for a range
of values of 1/g. This shows that for this numerical exémple there will be some
range of f where the value of information will be either under of over estimated if
there is any discrepancy in the value of 1/g used to select alternatives and the

CCER selected by the analyst to evaluate the new device.
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3.4 Implications for Focusing Clinical Research

Section 3.2 demonstrated that the Phelps Mushlin approach can be generalised to
more complex decision problems, but when more than one treatment is available
for a given diagnosis the optimal treatment following the test result may not be the
same as the optimal treatment choice without the test. This demonstrates that
simple measures of accuracy, including the area under the ROC curve, which only
measure the ability of a test to assign patients to a particular diagnosis, will be
inappropriate because they do not measure the impact of information on changing
the optimal treatment for a given diagnosis. Similarly other intermediate output
measures from a diagnostic process which are based on measures of accuracy or
assignment, such as the number of cases found, and assignment strength or
assignment potential, will not reflect these changes in patient management and

may lead to an underestimate of the value of the diagnostic information.

However the generalisation of the Phelps Mushlin strategy relies on the
assumption that current practice (or the fallback strategies) are correct which in
this context means that they are the most cost-effective strategies at the CCER
which will be used to evaluate the new test. The numerical example in section 3.3
demonstrates that the value of diagnostic information will be overestimated when
the existing fallback strategies are not optimal at the CCER, and will be
underestimated when the fallback is optimal but the test treatment strategy is
inefficient at the CCER. These are examples of the errors generated when the
alternatives compared in an economic evaluation are not the relevant or efficient
alternatives. Clearly almost any proposal can appear to be cost-effective if it is

compared to an alterative which is sufficiently inefficient.

This demonstrates that the selection of relevant alternatives depends crucially on
the value of the CCER and that relying on the alternatives currently selected by
existing clinical practice will introduce bias unless the value of health outcome

implicit in current practice is consistent with the CCER. This consistency requires
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that in existing clinical practice all competing projects are already allocated
efficiently within the budget. This implies that decision-makers have full
information about the budget constraint the costs and benefits of all competing
programmes; and make consistent decisions using the shadow price of the budget

constraint. These are conditions which are unlikely to hold in most clinical

settings.

There are good reasons to believe that the value of health outcome implicit in the
selection of current practice may be greater than the CCER. In these
circumstances any approach to economic evaluation which accepts current clinical
practice as a relevant alternative may introduce bias into the analysis. This is an

» 19 ywhere by applying first best rules (assuming existing

example of “second best
clinical practice is efficient and 1/g=CCER) in a second best world (where clinical
practfce is not necessarily efficient and 1/g>CCER) will bias the results of any
evaluation and lead to a further inefficient allocation of resources when a cost-

effective test is rejected and an inefficient test is accepted.

In a second best world existing clinical practice cannot be used to identify which
alternatives are relevant in an economic evaluation. The alternatives which should
be regarded as relevant depends on the decision rule which will be used to
evaluate the new technology. In the simple decision problem considered in this
chapter there are three fallback and two testing strategies giving six possible
comparisons between the test and no test alternatives. In this numerical example
when the prior probability of disease is 0.6 then there are 4 comparisons involving
five alternatives which will become relevant at different values of l/g. In table
3.2.3: when 1/g<£3,000 t, is the relevant fallback and t, is the relevant testing
strategy; when £4,000<1/g<£5,000 t, is the relevant fallback and t, is the relevant
testing strategy; when £6,000<1/g<£10,000 t, is the relevant fallback and t, is the
relevant testing strategy; and when 1/g2£11,000 t, is the relevant fallback and t, is
the relevant testing strategy. There are four comparisons generating four different

cost-effectiveness ratios for this new diagnostic test. The correct ratio which
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compares relevant alternatives depends on the value of health outcome which will

15,16, 78

be used to decide if the test is cost-effective . This poses the problem of

which ratio should be placed in a league table of cost-effectiveness ratios of

47,61 The implications of this issue for the traditional

competing programmes
approach to priority setting and decision making using cost-effectiveness and cost

utility ratios is discussed in chapter 7.

It has been argued that the value of health outcome implicit in exiting patient
management is likely to be greater than a CCER selected by an analyst. A less
effective but less costly alternative treatment may exist which would be optimal at
the CCER but may not be part of current practice and it can no longer be assumed
that treatment alternatives which are optimal following the new test will be part of
existing patient management. In this numerical example when a purely clinical
decision rule is used to select current practice (g=0) tz will never be selected.
However if the analyst used a CCER of £4,000 to evaluate the new technology t,
would be the optimal treatment which should follow a positive diagnostic test
result. Not only will the EVPI and the EVCI be overestimated if current practice
is used as a baseline, but there will be no information about t, by simply observing
current practice. It will not be possible to estimate the EVPI or the EVCI based
on existing information. The investigator may be forced to consider an
experimental design which includes both the diagnostic test and the subsequent
treatment choices, to establish the value of U; and C;. In these circumstances
random patient allocation in a clinical trial may be unavoidable even if the
diagnostic test is non-invasive.

The Phelps Mushlin approach to evaluating diagnostic information and focusing
clinical research is likely to fail when it is generalised to more complex decision
problems because: (2) the key assumption of consistency between the value of
health outcome implicit in current practice and the CCER is unlikely to hold; (b)
when this assumption is violated the values of both the first and second hurdles

will be biased; and (c) it is not necessarily the case that information about current
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practice before the test is introduced will be sufficient to construct the first hurdle.

This poses some practical and methodological problems for the economic
evaluation of sequential clinical decision problems and for clinical research. If
valid inferences cannot be based on observing current clinical practice, but the
prospective evaluation of all possible alternatives in a sequential clinical decision
problem is not possible, efficient, or ethical then: (a) how should information of
different quality from different sources be combined consistently and explicitly; (b)
which clinical decision problems will be worth evaluating in a clinical trial; (¢) if a
clinical decision problem is worth evaluating which of the competing alternatives
should be compared in a clinical trial; and (d) what is the optimal scale of this
prospective research? These are questions about how to establish technical
efficiency in clinical and economic research design, and how to achieve allocative
efficiency in clinical research across clinical decision problems and between
research and service provision. It is these questions which are addressed in the

following chapters of the thesis.
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Table 3.2.1 A Numerical Example

Utilities Incremental Costs (Cij) Incremental Costs
Uy Utilities (AU;,) (AC;)

U, |6 AUp0 4 Cn £12,000 | AC, ) £12,000
Uy |8 AUy, 2 Cor £8,000 | ACyy, -£8,000
Up |2 [AUjp 2 Cio £0 [ ACy), £9,600
Ugp |10 | AUy 2 Coo £0 AC.m £2,400
U, |4 AU 5, -2 Ciz £2,400 | AC,, -£9,600
Up |9 AUpop 1 Coa £2400 | ACyy, -£2.400

The characteristics of the proposed diagnostic test are: p=0.9, and q=0.2




Figure 3.2.1 Decision Tree for the Test Treatment Decision
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Figure 3.2.2 Treatment Thresholds (fj)

e
<2

o
o
|

<
'S

Prior Probability of Disease (f)
= o
W W

e
(3]
T

0.1 +

Select tq

i

Il

Select t;

| y 1
T T

!
T

Lim(f,o=fx=f}2)

0 - +
£- £2,000

£4,000

T

£6,000

T

£8,000 £10,000 £12,000
Value of Health Outcome (1/g)

£14,000

£16,000

£18,000

£20,000



EVPI

Figure 3.2.3a Expected Value of Perfect Information (EVPI) (1/g=£4,000)

£3,000 |

£2,500 +

AV Eazl

s

~‘t\)

[+

<2

(e
1

C‘lel

£1,500 |

£1,000

£500

1 8 ! |
T T T

0 0.1 0.2 0.3 04 0.5 0.6 0.7
Prior Probability of Disease (f)



EVPI

£30,000

£25,000

£20,000

£15,000 -

£10,000 -

£5,000 -

Figure 3.2.3b Expected Value of Perfect Information (EVPIy;)

EVPI,,

f20

Value of Health
Outcome (1/g)

—0— £8,000
—A— £12,000
—0— £16,000

—+— £20,000

[ 1 1 Il
i 1 1 T

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Prior Probability of Disease (f)




EVPIy,

2.3c¢ Expected Value of Perfect Information (EVPly)
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Table 3.2.2 Optimal Strategies with Perfect Information

Value of health outcome (1/g)
£ 1000 £ 2000 £ 3000 £ 4000 £ 5000 £ 6000 £ 7000 £ 8000 £ 9000 £10000 £11,000 '£12000 £13000 £14000 £15000 £16000 £ 17,000 £18000 £19,000 £ 20,000
Prior 0 02 02 02 02 01 01 01 01 o1 01 01 01 01 01 01 01 01 01 01 01
probability 002 02 Ote2 Ote2 Ote2 Otet Otet Ote1 Ote1 Otet Ote1 Otet Otet Otet Otet Ote1 Otel Ote1 Ote1 Otet Ote1
of disease 004 02 Ote2 Ote2 Ote2 Otet Ote1t Otet Otet Otet Ote1 Otet Ote1 Oet Otet Ote1 Ote1 Otet Ote1 Otet Ote1
4] 006 02 Ote2 Ote2 Ote2 Ote1 Ote1 Otet Otet Otet Ote1 Otet Otet Otet Ote1 Ote1 Otet Otet Otet Otet Ote1
oo8 02 Ote2 Ote2 Ote2 Otet Ote1 Ote1 Ote1 Ote1 Otet Ote1 Ote1 Otet Ote1 Otet1 Otet Ote1 Ote1 Ote1 Otet
01 02 Ote2 Ote2 Ote2 Otet Ote1 Otet Ote1 Ote1 Otet Otet Ote1 Ote1 Otet Ote1 Otet Ote1 Ote1t Ote1 Ote1
0.12 02 Ote2 Ote2 Ote2 Otet Ote1 Ote1 Ote1 Ote1 Ote1 Ote1 Ote1 Otet Ote1 Ote1 Otet Otet ' ote1 Ote1 Otet
0.14 02 Ote2 Ote2 Ote2 Otel Otet Otet Ote1t Otet Ote1 Otet Ote1 Otet Ote1 Ote1 Otet Ote1 Ote1 Otet Ote1
0.16 02 Ote2 Ote2 Ote2 Otel Otet Ote1 Ote1 Ote1t Otet Otet Ote1 Otet Ote1 Ote1t Otet Otet Otei Otet Ote1
0.18 02 Ote2 Ote2 Ote2 Olet Otet Otet Ote1 Ote1 Ote1 Otet Ote1 Otet Ote1 Ote1 Ote1 Otet Ote1t Ote1 Ote1
02 02 Ote2 Ote2 Ote2 Otet Ote1 Otel Ote1 Ote1 Otet Ote1 Ote1 Otet Ote1 Ote1t Otel Otet Ote1 Otet Ote1
022 02 Ote2 Ote2 Ote2 Ote1 Otet Otet Otet Ote1 Ote1 Otet Ote1 Otet Ote1 Ote1 Otet Otet Otel Otet Ote1
024 02 Ote2 Ote2 Ote2 Ote1 Otet Otet Otet Ote1 Otet Otet Ote1 Otet Ote1 Ote1 Ote1 Otet Otet Otet Otet
026 02 Ote2 Oie2 Ote2 Otet Ote1 Ote1 Otet Ote1 Otet Otet Ote1 Otet Otet Ote1 Ote1 Otet Otet Otet Ote1
028 02 Ote2 Ote2 Ote2 Ote1 Ote1 Ote1 Otei Ote1 Ote1 Ote1 Ote1 Otet Otet Ote1 Ote1t Otet Ote1 Otet Ote1
03 02 Ote2 Ote2 Ote2 Ote1 ote1 Ote1 Ote1 Ote1 Ote1 Ote1 Ote1 Otet Ote1 Ote1 Ote1 Ote1 Otet otet Ote1
0.32 02 Ote2 Ote2 Ole2 Otet Otet Otet Otet Olet Ote1 Otet Otet Otet Olet Olet Ote1 Otel Otet Otet Ote1
0.34 02 Ote2 Ote2 Ote2 oOtet Ote1 Otet Ote1 Ote1 Ote1 Otet Ote1 Ote1 Otet Otet Otet Otet Ote1 Otel Otet
0.36 02 Ote2 Ote2 Ote2 Otet Ote1 Otet Otet Ote1 Ote1 Ote1 Ote1t Otet Otet Ote1 Otet Ote1 Ote1 Ote1 Ote1t
38 02 Ote2 Ote2 Ote2 Otet Otet Ote1 Cte1 Otet Otet ote1 Otet Otet Ote1 Ote
04 02 Ote2 Ote2 Ote2 Ote1 Ote1 Ote1 Otet Ote1 Otet Otet 3 .
042 02 Ote2 Ote2 Ote2 Otet Otet Otet Otet
044 02 Ote2 Ote2 Ote2 Ote1 Ote1
046 02 Ote2 Oe2 Ote2 ote1 Ote1
043 02 Ote2 Ote2 Ote2 Otet
05 02 Ote2 Ote2 Ote2 1tel
052 02 Ote2 Ote2 Ote2 et e el
054 02 Ote2 Ote2 2e2 1tet 1te1 1tet
056 02 Ote2 Ote2 2te2 1te1 tet el
058 02 Ote2 Ote2 2te2 1tel 1tet 1tet
06 02 Ote2 Ote2 2e2 1tet 1tet 1tet
062 02 Ote2 2te2 2te2 1tel e el
064 02 Ote2 2e2 2e2 e 1te1 1tel el et el et 1te1 1te1 1tet 1tel 1tel
066 02 Ote2 2le2 Ze2 1tet el 1tet 1tet 1te1 1tel 1tet el 1te1 1tet 1tet 1tet
068 02 Ote2 2te2 2te2 s 1te1 1te1 et 1te1 1tet 1tet el 1tet et 1te1 el el
0.7 02 Ote2 2e2 2e2 1tel 1tel 1te1 1te1 et 1tel e 1tet 1te1 1te1 1tet 1te1 1tel
072 02 Ote2 21e2 2e2 1tel 1te1 et et el 1te1 1tet 1tet et et 1te1 1te 1tel
074 02 2te2 2te2 2te2 1te1 1te1 1te1 1tet 1te1 1te1 1te1 et 1e1 1te1 1te1 1tet 1tet
076 02 2te2 2te2 2te2 et et 1tet el 1te1 1tet 1tet 1tet 1tel et et et 1te1 1te1
078 02 2te2 2e2 2te2 1tel 1tet 1tet 1tel 1tet 1tet 1tel 1tel 1te1 1el 1tet 1tet 1tet 1tet
08 02 2te2 2e2 2te2 1tet 1tet 1te1 1te1 1te1 1let 1tet 1tet 1te1 1te1 1tet 1tet 1tet 1tet
082 02 2te2 2e2 2te2 1let 1tet et 1te1 1te1 el el 1te1 1tet 1tel el 1tel 1tel et
oeg4 02 2te2 2e2 21e2 1let 1tet 1tet 1te1 el 1tet 1te1 1tel et tet 1te1 1tet 1tel et
086 02 2te2 2te2 2te2 el el el el 1te1 tel 1tel el et et 1te1 et 1tet 1tet 1te1
088 02 2te2 2te2 2te2 1tel et el 1tet 1te1 1tel 1tet el el 1tel et 1le1 1te1 1te1 et
09 02 2te2 2te2 2te2 1tet et 1tet 1te1 1tet 1tel 1tet 1te1 et et et et 1tet 1te1 1te1
092 02 21e2 2te2 2e2 et et et el et te1 el 1te1 et et et 1te1 el 1tet et
094 02 2te2 2te2 2te2 e el et el 1te1 1tel et el fte1 1tel 1te1 el 1tel 1tet et
096 02 2te2 2te2 2te2 4 et el 1tet 1tel et et 1tet et et et el 1te1 el 1tet el
0gs8 02 2te2 2te2 2te2 el 1tel et 1tet el e el et el el fte1 et et 1tet 1tet et
1 02 22 2 22 11 1" 1 1 1 1 1 1 1 1" 1 11 1 1 1 1

2te] indicates that treatment 12 is the fallback, testing is optimal, and treatment t1 is the optimal test treatment strategy
02 indicates that t0 is the fallback, no testing is optimal, and treatment t2 is the optimal test treatment strategy
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Table 3-2-3 Optimal Strategies with Clinical Information

Value of Health Outcome (1/g)
£ 1000 £ 2000 £ 3000 £ 4000 £ 5000 £ 6000 £ 7000 £ 8000 £ 9000 £10000 £11000 £12000 £13000 £14000 £15000 £16,000 £17000 £18,000 £13,000 £20000
Prior 0 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02
Probability 0.02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02
of Disease 0.04 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02
) 0.06 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02
0.08 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02
01 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02
0.12 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 02 Ote2 Ote2 Ote2
014 02 02 02 02 02 02 02 02 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2
0.16 02 02 02 02 02 02 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote1
0.18 02 02 02 02 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote1 Ote1 Otet Ote1 ote1
0.2 02 02 02 02 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Otet Ote1t Ote1 Ote1 Otet Otet Ote1
022 02 02 02 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote1 Otet Ote1 Ote1 Ote1 Ote1 Ote1 Otet Otet
024 02 02 02 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Otet Ote1 Ote1 Otet Ote1 Otet Otet Ote1 Ote1 Otet
026 02 02 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ole2 Otel Ote1 Otet Ote1 Ote1 Ote1 Otet Ote1 Otet Otet Ote1
028 02 02 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Ote1 Ote1 Ote1 Ote1 Otet Otet Otet Otet Otet Ote1 Otet Otet
03 02 02 Ote2 Ote2 Ote2 Ote2 Ote2 Ote2 Otet Ote1 Otet Otet Ote1 Ote1 Ote1 Otet Ote1 Ote1 Ote1 Ote1
0.32 02 02 Ole2 Ote2 Ote2 Ote2 Ote2 Ote2 Otet Ote1 Otet Ote1 Otet Otet Ote1 Ote1 Ote1 Ote1 Ote1 Otet
034 02 02 Ote2 Ote2 Ote2 Ote2 Ote2 Ote1 Ote1 Ote1 Ote1 ote1 otet Ote1 Otet Otet Otet Otet Ote1 Ote1
0.36 02 02 Ote2 Ote2 Ote2 Ote2 Ote2 Otet Ote1 Otet ' Otet Otet Ote1 Otet Ote1 Ote1 Otet Ote
038 02 Ole2 Ote2 Ote2 Ole2 ¢ Ote2 Olet € Ote1 Otet c Otet
04 02 Ote2 Ote2 02 Ote2 Otet Otet Ote1 ¢
042 02 Ota? Ota? a2 ta? Oted et Gt 7
044 02 Ote2 Ote2 Ote2 Ote2
0.46 02 Ote2 Ote2 Ote2 Ote2
048 02 Ote2 Ote2 Ote2 Ote2
05 02 Ote2 Ote2 Ote2 2e2
052 02 Ote2 Ote2 Ote2 2te2
054 02 Ote2 Ote2 2te2 2te2
056 02 Ote2 Ote2 2te2 2te2
058 02 Ote2 Ote2 2te2 2te2
06 02 Ote2 Ote2 212 2te2
062 02 Ote2 212 22 2162
064 02 Ote2 2e2 2te2 2te2
066 02 Ote2 21e2 2te2 2te2
068 02 Ote2 2te2 2te2 2te2
07 02 Ote2 2te2 2te2 2te2
072 02 Ote2 21e2 2te2 21e2
074 02 2te2 2te2 2te2 2te2
076 02 2e2 2te2 2te2 2te2
078 02 2e2 2te2 2e2 2te2
08 02 2te2 2te2 2te2 2te2
082 02 2te2 2te2 2te2 2e2
084 02 2e2 2Ae2 2te2 2e2 1tel 1te1 el 1te1 et 1te1 1te1 el 1tel et 1tet et 1tet 1tet et
086 02 2e2 2te2 2te2 1tel 1te1 el te1 et et 1tet et et et 1te1 1 1 1 1
088 02 2e2 2te2 2te2 1tet 1tet 1te1 1tet 1let 1tet 1 1 1" 1 11 1 1 1 1
0s 02 2e2 2te2 2te2 1tet 1te 1tet 1 1 1 11 1 1 1 1 1 1 1 1
092 02 2te2 2te2 22 et 1 11 1 1" 1 1 1 1 1 1 1 1 1 1
094 02 2te2 2 22 1" 1 1 1 1 1 1 1 1 1" 1" 1 1 1" 1
096 02 2 2 2 1 1 11 1 11 1" 1 1" 1 1 1" " 1 1 1
098 02 22 2 2 1 1 1" 1 1 1 1 1 1 1 1 1 1 1 1 1
1 02 22 2 2 1 1 1" 1 " 1 1 11 1" 1 1 1 11 1 1 1

2tel indicates that treatment t2 is the fallback, testing is optimal, and treatment t1 is the optimal test treatment strategy
02 indicates that t0 is the fallback, no testing is optimal, and treatment t2 is the optimal test treatment strategy
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Figure 3.3.2b  Errors at the first hurdle (when 1/g>CCER)
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Figure 3.3.3 Errors at the Second Hurdle (when CCER=£4,000)
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Figure 3.3.4b Errors at the Second Hurdle (when 1/ g>CCER=£4,000)
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4.1 Introduction

The analysis in the previous chapter demonstrated that a clinical trial may be
unavoidable even in the evaluation of a non invasive diagnostic technology. This
poses the problems of allocative efficiency across clinical research and technical
efficiency in research design which were raised at the end of chapter 3. In this
chapter it is argued that the traditional approach to clinical trial design is
inconsistent with concepts of efficiency, leads to either infinite or arbitrary sample
sizes, and cannot address the issues of allocative or technical efficiency in clinical

research.

The methods developed in this chapter address these problems by constructing
two hurdles that proposed research must overcome before it can be considered
cost-effective. The first hurdle asks if the cost of proposed research exceeds the
maximum possible benefits. If the cost does not exceed the maximum benefit then
it is potentially cost-effective. Whether the proposed research is actually cost-
effective can be established by constructing the second hurdle which explicitly
considers the marginal cost and marginal benefits of sample information. The
second hurdle ensures that the research is conducted at the technically efficient
scale and provides a measure of the net present value of the proposed research.
This approach is illustrated by considering the simple single-stage fallback
treatment decision which was discussed in chapter 2. The approach is generalised

to the more complex two and four-stage test/treatment decisions in chapter 5.

4.1.1 The Traditional Approach to Trial Design

The problems encountered when running an economic evaluation alongside a
clinical trial are well documented " *>** However, more fundamental is the
fact that the traditional approach to the design of pragmatic clinical trials is

inconsistent with concepts of efficiency, because an infinite value is implicitly
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placed on the benefits of sample information. Furthermore, the traditional
approach does not directly address the decision problem faced by clinicians, "> '*
and cannot incorporate prior information explicitly and consistently. The purpose
of this chapter is to show how the principles of economic evaluation can be used

to develop a consistent approach to trial design and research priority-setting.

In the traditional approach (assuming a fixed sample design, where all the results
are available at the same time at the end of the trial), the key design issue is the
number of patients to recruit. Optimal sample size (n*) is determined by the
reference improvement (J,), the working significance level (c), the power of the
test (1-B), and the variance of population differences in effectiveness between

interventions (¢2).
n*=(y/e)> e=effectsize=8 /o y=f(p, ) 4.1.1

Sample size is very sensitive to the reference improvement, and if the selection of
8, is not well defined or is chosen in an arbitrary way, then sample size will also be
arbitrary. The clinical reference improvement has been defined as the smallest
worthwhile difference in effectiveness *. Very small improvements in effectiveness

should be worthwhile, but as 8, approaches zero, sample size tends to infinity.
The justification given for 8, substantially greater than zero (and finite sample

size) is that practitioners require a large clinical difference before they can be
convinced that the experimental treatment will improve health outcome, and that

incurring the additional costs of the experimental treatment will be worthwhile.

These are two separate issues. If practitioners are sceptical of improved
effectiveness then an appropriate response is to increase the level of significance
and power by increasing sample size at each level of 8. The minimum
improvement in effectiveness required to offset the additional costs of a new
treatment can be established by rescaling the incremental costs into health

outcome using the critical effectiveness-cost ratio 1% 140 (this is the effectiveness-
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cost ratio of the marginal project which will be displaced by the new treatment).
The costs of treatment are now included in the analysis and the appropriate
reference improvement is the minimum improvement in efficiency (rather than
effectiveness) that is considered worthwhile. But a reference improvement in
effectiveness which would just offset the incremental cost will lead to a reference

improvement in efficiency of zero, and sample size will again tend to infinity.

Although the costs of treatment can be taken into account when designing a
clinical trial there is no consideration of the marginal cost of obtaining sample
information. Any improvement in either effectiveness or efficiency will be worth
detecting if it is assumed that the marginal cost of detecting such a difference is
zero. An infinite value is implicitly placed on the benefits of sample information,
leading to either infinite or arbitrary sample sizes. The approach is inconsistent
with concepts of efficiency and with the original rationale for considering the cost

of treatment alongside the trial.

It has been recognised for some time that the traditional approach to trial design
does not directly address the decision problem facing clinicians. A minimum
combination of & and B is stipulated which should be applied in all clinical settings
irrespective of the relative costs of type I and type II errors. Schwartz and
Lellouch (1967) have argued that in a pragmatic clinical trial type I errors impose
no costs and are irrelevant 222 A type I error will be made if the clinician
concludes that there is a difference between treatments when no difference
actually exists. In this case, since the treatments are equivalent, it does not matter
which treatment is chosen, and the level of significance is irrelevant. It is the
probability of making the wrong decision by concluding that the experimental
treatment is superior to the control when the reverse is true (the probability of a

type I1I error) which should be the issue of concern.

Finally, the traditional approach to clinical trial design is founded on the view that

probability represents the relative frequency of repeated events. There is no
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explicit role for prior information, although in practice it is implicit at each stage
of design 3! (including the choice of alternatives to be compared; and the )
selection of 8r, @, and B), and during data monitoring in sequential trials *» %5 *%
59,76, 113,126 Bacause the role of prior information is not explicit, it cannot be
handled consistently and is not open to criticism, alternative formulation and

empirical falsification.

4.1.2 A Decision-Analytic Approach to the Value of Information

An approach to trial design is required which directly addresses the decision
problem faced by clinicians; which takes account of the marginal costs and
marginal benefits of sample information; which uses all of the information
available prior to prospective research and can address the issue of allocative

efficiency across clinical research; and technical efficiency in research design

The decision-analytic approach presented in this chapter combines a Bayesian
view of probability with a framework for decision-making which explicitly takes
into account the consequences of making a type III error. The approach abandons
traditional significance testing, confidence intervals,® ' and their Bayesian
counterparts 1?7 ** in favour of minimising the expected costs of making the

wrong decision.

There have been a number of contributions to the literature which have proposed
a decision-analytic approach to sequential clinical trial design ¥ %2*3*4° These
contributions have focused on clinical measures of efficacy rather than efficiency
and have been criticised ™ *” because predicted sample sizes may become very |
large. There have been a number of contributions which have proposed data-
dependent allocation, normal loss functions, and an explicit patient horizon to
establish the optimal allocation of patients as a sequential trial progresses ™% 1

13 o .
_These approaches focus on clinical outcomes in sequential trial designs without
u

69



explicit consideration of economic criteria or the resource costs of obtaining

sample information.

The following example illustrates the use of a decision-analytic approach when
considering the more fundamental problem of a fixed sample design where the
problems of optimal sequential allocation and optimal stopping do not arise ''%!'*
121 1t explicitly includes economic criteria at all stages of the design, including the
costs of treatment and sampling,'® and the timing of costs and benefits. This
approach uses the same decision rules for cost-effectiveness and efficiency which
are increasingly used to set priorities in service provision '*¢, The objective is to

promote consistency in decision-making and priority-setting between research and

service provision.
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4.2 A Single-Stage Clinical Decision Problem

The approach is illustrated using the simple numerical example of the fallback
treatment decision considered in chapter 2. The example considers a fixed sample
design of a pragmatic or phase III clinical trial for this single stage decision
problem. The clinician faces a choice between two alternatives (t;, j=0, 1) where
t, is current practice (no treatment), and t, can be regarded as the experimental
treatment for a well-defined patient population. This single-stage problem is
illustrated in figure 4.2.1 and is identical the problem which was illustrated in
figure 2.2.1. There are two disease states, no disease (i=0), and disease (i=1),
with a prior probability of Pi. The health utilities (outcomes) can be regarded as
measﬁres of health relat_ed quality of life (Uij), and the resource costs (Cij) also

depend on disease state and treatment.

Figure 4.2.1
Table 4.2

The prior mean and variance of the health utilities, probabilities and costs for the
example are reported in table 4.2. It is assumed that the utilities and the
probabilities are independent and normally distributed so the prior variance (Var,)

of E(U)):

Var(E(U)) = E®,) E(U,)-E(P,Y* E(U,)’ . 421a
+E(Pe2) E(Uy)-E(Po E(Uy)

E(P?) = E(P)’ +Vary(P)

E(Uy) = E(Uy)? +Var(Ui)

To simplify the example further it is assumed that each element of cost C; and the
value of g are known, but expected cost (E(C,)) is normally distributed because of

the prior variance of the probability of disease.
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Var,(g.E(CGj)) = Vary(P)).C,2.g™+Vary(P,).C,.0° 42.1b

These assumptions can be relaxed without loss of generality.

4.2.1 Hurdle I: The Expected Value of Perfect Information

Without sample information the decision-maker must choose between t, and t,
using only prior information. If prior expected costs are rescaled to units of health

108, 140

outcome (using g, the critical effectiveness-cost ratio), the decision-maker

should choose t, if the prior incremental net benefit of t, (8,) is positive.
8ucy = (E(UIt)-8 E(CIt)-ECUlto)-g E(Clt)) 4222

The prior net benefit can also be rescaled to monetary units (using 1/g, the critical
cost-effectiveness ratio) so the decision-maker should choose t, when k,.8¢>0
(where k,=1/g), and should choose t, when k;.87>0 (where k= -1/g). The
decision-maker will be indifferent between t, and t, when d, is equal to its break-
even value (8,=0). An alternative approach is to minimise the expected
opportunity loss. Opportunity loss is the difference in incremental net benefit
between the best choice and the alternative actually chosen (opportunity loss
=|k,-ko|.|85-85|= K. |6(-0y, | where K,=2/g). The loss functions for t, and t, are
illustrated in figure 4.2.2.

Figure 422

The opportunity loss is minimised by choosing t; when 8,>0,, and by choosing t,
when 8,<8,. However, the incremental net benefit of t, has a prior probability
distribution with a prior mean of 8, and a prior variance of 0,>. Given the

assumptions of normality and independence:
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0,2 = Vary(E(Ult))+Vary(g.E(Clt,))
+Vary(E(Ulty)+Vary(g.E(Clty)) 422b

There is a probability that a decision based on the prior mean will be wrong, and
opportunity losses will be incurred. The expected opportunity loss is the expected

cost of the uncertainty surrounding the decision problem: this is the Expected

Value of Perfect Information (EVPI).

The EVPI is determined by three factors: the slope of the loss function (K, = 2/g),
which determines the value of opportunity losses; the distance of the prior mean
from break-even (|8, - Oy|) and the spread of the prior distribution (g,), both of
which determine the chances of incurring opportunity losses. The expected
opportunity loss (EVPI) is calculated based only on prior information and the unit

normal loss integral 162!,

EVPI=K,.0,L(D;)) - 42.72¢
D, = (8, -0,)/T¢
8, = prior incremental net benefit

o, = prior standard deviation of §,

(4.2.2¢) gives the EVPI when faced with a choice between t, and t, for an
individual patient. However, a decision-maker will face this same decision
problem for a number of patients over a period of time. Given an estimate of the
incidence of patients entering the decision problem in figure 1 in each period (h),
the population EVPI can be calculated. "The incidence in each period can be

discounted at rate r to provide the present value of the population EVPI.

H
Population EVPI=)  (EVPLIncidence,.1/(1+r)" 42.2d
h=1

This is the maximum benefit that could be provided by additional information, and

the maximum return to research effort in this area. This gives a method for
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focusing research priorities. It can be used to identify those clinical decision
problems (or areas of clinical research) where the costs of uncertainty are highest,
and where the information from research will be most valuable. If the fixed costs
of research are known, the EVPI can be used as an effective hurdle to eliminate
proposals (where the costs exceed the EVPI) which will not be cost-effective.
The EVPI can also be used in the same way to identify priority areas for scientific
reviews and Meta-analysis: clinical decision problems where the costs of
uncertainty are greatest derive the most benefit from a review of existing research.
The EVPI is a powerful tool for identifying research priorities in support of a
move towards evidence-based medicine *» 120 Indeed this approach can set the
limits to evidence based medicine and provide a framework within which it can be

applied consistently ** .

The expected value of perfect information can be calculated for any decision
problem based only on prior information, including evidence from previous
intervention and observational studies, but it can also include expert judgements.
The decision-analytic framework focuses attention on those variables where
evidence or judgement is required (in this example on the health outcomes, costs
and path probabilities illustrated in figure 4.2.1 and shown in table 4.2). By
making prior information and judgements explicit they are open to criticism,
alternative formulation and empirical falsification. This is not necessarily the case
in input/output models for assessing payback in clinical research > *. Delphic
studies in research foresight which elicit preferences over research priorities > % %
102, 147 y;5e expert judgements which are not open to criticism or empirical testing _
because assumptions about outcomes, costs, path probabilities and decision rules

remain implicit.

Where expert judgements are used to establish the EVPI, the level of confidence
in this prior information will be reflected in a higher prior variance. Prior
information can be regarded as a quasi sample with a quasi sample size of n, (n,=

ratio of population to prior variance), where a smaller n, indicates a more sceptical
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prior. This index of confidence is used in this example and is reported in table 4.2.
The quasi sample size is higher for the utilities and probabilities associated with t,,
and this reflects the assumption that there may be more confidence in the prior
information about current practice. This framework makes these judgements
explicit and allows prior evidence form a variety of sources to be combined, and

handled consistently using Bayes Theorem 7 116121,

Value of Health Outcome

An example of the relationship between the EVPI and the value of 1/g (the critical
cost-effectiveness ratio; the value of health outcome) is shown in figure 4.2.3, and
this demonstrates the fact that the value of information is crucially dependent on

the value of health outcome used to set priorities in service provision.

Figure 4.2.3

The slope of the loss function or loss constant (K,=2/g) determines the value of
opportunity losses when they occur. If the value of health outcome is greater the
opportunity costs of making the wrong decision are valued more highly. This

suggests a positive relationship between EVPI and value of health outcome.

However the prior variance of 0, partly determines the probability of incurring
these opportunity losses, and 6, will fall as 1/g increases (4.2.1b). The probability
of incurring opportunity losses is also determined by |3, - 8,|. When the prior
cost-effectiveness ratio of t, (£6,500) is equal to 1/g the decision maker will be
indifferent between t, and t;. At this point 8,= §,= 0 and the decision maker is
most uncertain. The standardised distance (D, in 4.2.2¢) is equal to zero in figure
4.2.4a and L(Dy) reaches a maximum in figure 4.2.4b. In this example the EVPI
reaches a peak in figure 4.2.3 when 1/g=£6,500 and the clinician is most uncertain

about the treatment decision.
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Figure 4.2.4a
Figure 4.2.4b

The decision maker will choose t, when 1/g <£6,500, an increase in 1/g will
reduce |8, - 8| and Dy in figure 4.2.4a, and the probability of incurring
opportunity losses will increase. Both L(D,) in figure 4.2.4b and K, will rise with
1/g, and the EVPI will increase up to the point where 1/g=£6,500. The decision
maker will choose t, when 1/g>£6,500, but now an increase in 1/g will increase |,
- 8}, and Dy in figure 4.2.4a and reduce the probability of incurring opportunity
losses. L(Dy) falls in figure 4.2.4b with arise in 1/g, and the EVPI will fall if this
off-sets the effect of the increase K. This occurs in figure 4.2.3 when 1/g is

increased from £6,500 to £11,000 per unit of health outcome gained.

The value of 1/g is determined by the budget constraint faced by clinical
practitioners in service provision. If the budget constraint is relaxed then more
costly but effective health services can be provided, the cost-effectiveness ratio of
the marginal service will increase, and the EVPI will rise (because the cost-
effectiveness ratio of the new marginal service will always be greater than 1/g
before the increase in the budget). If the budget is tightened'the cost-effectiveness
ratio of the marginal project will fall, service providers will be unable to take
advantage of the information provided by clinical research, and the value placed
on this information will diminish. The value of information, research priorities and
the optimal level of research and development expenditure are all dependent on

the budgetary constraint on the provision of health services.

The EVPI is also determined by the quality or confidence in the prior information.
The confidence in the prior information is represented by the prior quasi sample
size n, where a smaller quasi sample represents a more sceptical prior and less
confidence in the prior mean. The impact on the EVPI of considering more or less
sceptical prior is illustrated in figure 4.2.5. This demonstrates that when there is

less confidence in the prior information (n;=2) the EVPI is higher because there is
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more uncertainty surrounding a decision based only on prior information.
Similarly when the prior is less sceptical (ng=18) the decision will be less uncertain
and the EVPI is lower. The point at which L(D,) reaches a maximum where the
clinician is indifferent between t, and t, does not change and the EVPI either

reaches a peak or there is a discontinuity when 1/g=£6,500.

Figure 4.2.5

4.2.2 Hurdle II: The Expected Net Benefit of Sample Information

Proposed research which passes the first hurdle can be regarded as potentially
cost-effective. To derﬁonstrate that it will be cost-effective the optimal scale of
the research (in this case samplé size) must be established. Sample size will be
optimal where the marginal benefit of additional sample information is equal to

the marginal cost of sampling.

The expected benefit of sample information is measured by the reduction in
expected opportunity loss, and this is gtven by the Expected Value of Sample
Information (EVSI(p)) **. This can be calculated for a particular sample size
from the prior information already used to establish the EVPI and an estimate of

the sample variance of the incremental net benefits of't, .

EVSIn=K,. y/Vn .0, L(Dln) 4.2.3a
Din = (8,-8,) y/Vn

JVn =0,/ (0.+0,)
d, = prior incremental net benefit of t,
0,2 = prior variance of &,

0, = sample variance of the incremental net benefit of t, with sample size n

The EVSI|n is determined by four factors: the slope of the loss function; the prior
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mean, the prior variance; and the variance fraction (m ). The variance fraction
is determined by sample size and m approaches 1 as the sample size is
increased. The EVSI|n approaches the EVPI as sample size tends to infinity, and
this confirms the interpretation placed on the EVPI that it represents the maximum

benefit that sample information can provide.

The population EVSI measures the benefits of sample information for current and
future patients, and can be calculated for a particular sample size given an estimate

of the incidence of patients entering the decision problem in each period.

H
Population EVSIjn =) (EVSIinIncidence, . 1/(1+1)")  4.2.3b
h=1

The Costs of Sampling

The cost of obtaining a sample of size n (Cs|n) takes the following simple form

with fixed cost (Cp) and constant marginal cost (C,,)
Csjn=C;+C,n 4.2.3b

The marginal cost of sampling includes the additional cost of treatment when
patients entering the trial are allocated to the experimental treatment. In this
example patients are allocated equally between the control and experimental arms
of the trial (an optimal allocation of patients in a fixed sample design is possible
using dynamic programming techniques and is discussed in chapter 6) so in this
example each observation on the incremental net benfit of t, requires two patients
to enter the trial with each allocated to either t, or to t,. The marginal costs of
observing and recording the results of treatment are assumed to be negligible, and

the marginal cost of an additional trial entrant is half the incremental cost of't,.

Cr = (E(CIt))-E(Clty))/2 423c
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The maximum sample size that should ever be considered can now be established,
because when n = (EVPI-C)/C,, the cost of the research will be exactly equal to

the maximum possible benefits.
Expected Net Benefit of Sampling and Optimal Sample Size

The Expected Net Benefit of Sampling (ENBS|n) is the difference between the

total benefit and the total variable cost for a particular sample size.
ENBS|n =EVSIin - Cs|n 423d

Sample size will be optimal (n*) when ENBS|n is positive and at a maximum. The

relationship between sample size and ENBS|n is shown in figure 4.2.6a.

Figure 4.2.6a

In figure 4.2.6a 1/g=£4,000 and D>0. The decision-maker initially prefers the
control treatment t,. Small amounts of sample information are unlikely to change
this decision, so that ENBS|n<0 when sample sizes are very small. However there
is a range of sample size where EVSI|n-Cs|n>0 and the ENBS|n reaches a

maximum when n*=92. At this point JEVSI/on = C_, and sample size is optimal.

The EVSI|n initially increases at an increasing rate with n, but ultimately declines

because as n tends to infinity the EVSI approaches the EVPI. The variable costs
of sampling continue to rise at rate C,» and the optimal sarﬁple size will be finite.

The problem of potentially infinite sample size associated with the traditional

approach is avoided.
A second hurdle for potentially cost-effective research can now be constructed.

The EVSI|n* represents the maximum that those commissioning research should

be willing to pay given the budget constraint on service provision. In figure
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4.2.6a, EVSIjn*= £1,202,021. If the total cost of the research is less than this
amount then it is cost-effective and should be implemented. The ENBS|n* is the
expected net present value of research. In figure 4.2.6a, EVSIn*-C n* =
£723,621, and this is the maximum fixed cost of research which could be incurred
if the research is to remain cost-effective. ENBS|n* can be used to prioritise
research proposals. By implementing first those proposals with highest net
present value, the maximum benefit can be obtained for a given research and
development budget. The optimal level of research and development expenditure
is given by the cost of implementing all proposals with a positive net present

value. At the margin, ENBS|n* is zero.

The ENBS|n* also represents the opportunity cost of failing to implement cost-
effective proposals. For example, if the fixed cost of this research proposal was
estimﬁted to be £100,000, the expected net benefit is £623,621, and it would pass
the second hurdle. However, if this proposal was rejected on the grounds of
medical ethics then the implicit opportunity cost of this ethical position is
£623,621: equivalent to 156 units of health outcome (using 1/g=£4,000 per unit of
health outcome gained). Consideration of medical ethics is an essential element in
trial design and data monitoring, but this approach makes it possible to estimate
the opportunity cost (to society as a whole) of particular concerns for the
individuals involved in a clinical trial. In this way the inevitable trade-off between
individual and collective ethics can be made explicit 3% 7 9 143 144, 145 [f thege
trade-offs are explicit they can be made consistently, and be open to criticism and

debate.

Value of Health Outcome

The expected net benefit of sampling and the optimal sample size are dependent
on the budgetary restrictions on service provisibn or the value of health outcome.
In this example when the value of health outcome is higher, at £10,000, the

expected net benefit and optimal sample size is also higher. The ENBS, EVSI and
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the variable costs of sampling are illustrated in figure 4.2.6b for a range of
possible sample sizes. The ENBS reaches a maximum of £5,040,755 at and
optimal sample size of 188 . At this value of health outcome the clinician should
choose t,. based only on prior information. The probability that this will be the
wrong decision is higher than when 1/g=£4,000 (because L(D,) when
1/g=£10,000 is greater than L(D,) when 1/g=£4,000 in figure 4.3.4b) and the
value placed on opportunity losses is also higher so the value of sample

information is also higher

Figure 4.2.6b

The expected net benefit of sampling when the value of 1/g is increased to
£20,000 is illustrated in figure 4.2.6¢. The ENBS reaches a maximum of
£5,425,760 at an optimal sample size of 246. The optimal sample size and the
value of sample information is higher because although the prior decision to treat
with t, is less uncertain (L(D,) when 1/g=£20,000 is less- than L(D,) when
1/g=£10,000 in figure 4.3.4b) the value placed on opportunity losses is higher, and
in this case the value of sample information is also higher. This demonstrates that
the value of sample information and the technically efficient scale of clhinical
research is dependent on budgetary constraints on service provision and the issues
of allocative and technical efficiency cannot be addressed before health outcome

has been valued in monetary terms.
Figure 4.2.6¢

In this example the optimal sample size increases with the value placed on health

_outcome and this is illustrated in figure 4.2.7. The relationship between optimal
sample size and the value of 1/g for a more sceptical (n;=2) and a less sceptical
prior (n,=18) is also illustrated in figure 4.2.6c. When the value of health outcome
is low the optimal sample size is zero and the decision should be based only on

prior information. In these circumstances the prior decision will be to reject the
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experimental treatment and not treat without conducting a clinical trial. Ifthere is
less confidence in the prior information then sampling becomes optimal at a lower
value of 1/g (if n,=2 then n*=0 when 1/g<£2,000, but if n,=18 then n*=0 when
1/g<£5,000) because the prior decision not to treat is le;s certain and sample

information is more valuable.
Figure 4.2.7

Figure 4.2.7 also shows that when the prior is less sceptical (n,=18) and the value
of health outcome is high (1/g>£12,000) then the optimal sample size is zero.
Decisions should once again be based only on prior information which is now to
treat using the experimental treatment t,. This suggests that there may be
circumstances in which a new treatment should be adopted without gathering
sample informatioﬂ through a clinical trial. If the prior incremental net benefit of
the new treatment is sufficiently high and if there is sufficient confidence in this
prior information, it will not be worth incurring the costs of a trial because these
resources could be better used elseware, either in service provision or other areas
of clinical research. This demonstrates that a decision-analytic approach can be
used to set rational limits to evidence based medicine and provide a framework
where new treatments of potentially great benefit ®** '** can be adopted without
incurring the cost (including the opportunity cost of the delay before the results

are availaBle) of a clinical trial,

Once the optimal sample size has been established the relationship between the
value of 1/g and the maximum value of the ENBS|n can be considered. This is
illustrated in figure 4.2.8 for three different priors. These estimates of the
ENBS|n* represent the value of the second hurdle and show that the second
hurdle is sensitive to both the value of health outcome and the strength of prior
informatibn. The ENBS|n* reaches a peak or shows a discontinuity when
1/g=£6,5000 because this is the prior cost-effectiveness ratio for this decision

problem. At this point the prior decision is most uncertain, D=0 in figure 4.2.3a,
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and small amounts of sample information is valuable.

Figure 4.2.8

Decision Rules

Once a proposal has passed both hurdles the decision rule which should be
applied to the information provided by the sample must be established. The
objective is to minimise the expected opportunity loss (maximise expected net

benefits).

Before sample information is available the treatment decision can only be based on
prior information. Once sample information is available this must be combined
with prior information to produce a posterior distribution with mean §, and
variance 0,2 The posterior mean is a weighted average of the prior and sample

information with the weights representing the informational content of each 87,

8,= (Ip-8,%1,.8)/ (IQ+Ix) 424a
&, = sample mean
I, = /oy

x = 1/(0‘,#2)
A decision rult_a which will minimise opportunity loss once sample information is
available is to choose t, when 8,<0, and choose t, when §,>0. The decision-
maker will be indifferent when 8,=8,=0. An equivalent decision rule based on
sample results can be established by defining a critical value for the sample mean
(8,+) which gives 8,=5,=0.
8, = ((I5+1)-y - 10.80)1, 42.4b

If the sample mean is less than & . then & <0 and the decision maker should
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choose t,. In this example when 1/g =£4,000 and 6,= -1, t, will be chosen on the
basis of prior information alone. With an optimal sample size of 92, 3,.=0.504. A
sample mean of at least 0.504 units of health outcome would need to be observed

before the decision would be changed.
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4.3 Conclusions

The traditional approach to clinical trial design is inconsistent with concepts of
efficiency even when the cost of the treatment alternatives are considered
alongside the trial. The traditional approach implicitly places an infinite value on
the benefits of sample information, leading to either unbounded or arbitrary
sample sizes. Because the marginal cost of acquiring sample information is not
“considered it is unable to provide a framework for setting priorities in clinical
research or establishing efficient research design. It is not able to address the

problems which were posed at the end of chapter 3.

A decision-analytic approach can provide practical tools for research priority-
setting. The information generated by clinical research is valued in a way which is
consistent with concepts of efficiency, and with the methods used to set priorities
in service provision. The prior information, which is implicit in the traditional
approach, is identified and handled consistently so that it is open to criticism,

_ alternative formulation, and empirical testing. It is able to combine information
from a variety of sources taking into account the variable quality of this

information.

The simple example of a fixed sample phase III trial shows that these techniques
can be used to identify areas of clinical practice where the cost of uncertainty is
high, and where the potential benefits of clinical research will also be high.
Estimates of the EVPI and the EVSI|n* can be used to construct two hurdles
which proposed research must overcome before it can be considered cost-

effective.

Hurdle I EVPI > C;

The first hurdle is based only on prior information, and asks if the EVPI (the cost

of uncertainty or the maximum value of sample information) is greater than the
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costs of the proposed research. This hurdle can eliminate proposed research which
will not be cost-effective before issues of research design must be addressed.
Those proposals which pass the first hurdle can be regarded as potentially cost-

effective and can be considered at the second hurdle.
Hurdle II EVSIn* - Csin* = ENBS|n* >0

The second hurdle ensures that the design of potentially cost-effective research is
technically efficient, and that it will be cost-effective when conducted at the
optimal scale. The ENBS|n* represents the value of the proposed research to the
providers and consumers of health services. It also represents the opportunity
cost of rejecting cost-effective research proposals. Estimates of the expected net
benefit of research can be used to rank proposed research. By implementing
proposals with higher net benefit first, the maximum health benefits can be gained
for limited research and development resources. This approach provides a means
to decide which clinical decision problems are worth evaluating in a clinical trial

and what is the technically efficient scale of this research.

All but one of the problems posed at the end of chapter 3 have been addressed
using these techniques. However two substantial problems remain. In chapter 2
and 3 it was argued that many clinical decision problems are sequential and
involve a choice between many competing alternative strategies. The approach
has been illustrated using a single-stage decision problem and will be generalised
to the two and four-stage sequential test/treatment decision problems in the next
chapter. The second problem is the selection of relevant alternatives which should
be compared in a clinical trial. This problem did not arise in this simple single-
stage decision but this issue is considered in chapter 5 and will be addressed in

detail in chapter 6.
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Figure 4.2.1 Decision Tree for the Single-Stage Decision Problem
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Table 4.2

Numerical Example for the Single-Stage Decision Problem

Prior i i si pri
oo S N [t

U, 6 0.5164 1.2649 12

U, 8 0.5164 1.2649 12

Uy, 2 0.2582 0.8942 6

Us 10 0.2582 0.8942 6

Cy £12,000

Col £8,000

Cio 0

Coo 0

p®) 0.6 0.1 0.4899 24

p(D) = prior probability of disease

In this example 1000 patients enter the decision problem in one year.
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Figure 4.2.7 Optimal Sample Size (n*) and the Strength of Prior Information
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5.1 Introduction

In the last chapter a decision analytic approach was applied to the simple single-
stage decision problem of choosing between treatment (t,) and no treatment (t,).
This single-stage problem is the choice between the fallback strategies which was
discussed in chapter 2. However it was argued in chapter 2 that many clinical
decision problems are sequential and involve a number of contingent decisions
concerning diagnostic and treatment strategies. This chapter will demonstrate that
the approach that was used in chapter 4 can also be applied to sequential clinical

decision problems.

In section 5.2 this approach is applied to the test-treatment decision problem
where the clinician faces a choice between musing a diagnostic test and treating
according to test results, or choosing not to test and selecting either t, or t,. This
is the same two-stage decision problem which was used to illustrate the strategy
for the economic evaluation of diagnostic information proposed by Phelps an
Mushlin in chapter 2 and the same numerical example is used to construct the first
and second hurdles for proposed research. In section 5.3 this approach is also
applied to the four-stage decision problem which was used to generalise the

Phelps Mushlin strategy in chapter 3.

The value of perfect information (the cost of uncertainty) for these more complex
decision problems can be established and this is used as the first hurdle that
proposed research must overcome before it can be considered potentially cost-
effective. If the expected value of perfect information exceeds the estimated fixed
cost of proposed research the research is potentially cost-effective. The cost of
uncertainty at particular points in a sequence of decisions can also be identified.
Those contingent decisions where the cost of uncertainty is highest will be the
points where additional information will be most valuable and this approach can be
used to set priorities in acquiring information to inform particular contingent

decisions.
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The value of sample information at each point in the sequence of decisions can be
established and compared to the cost of sample information. By establishing the
expected net benefits of sample information at each stage in a sequential decision
problem the optimal sample size entering the initial decision node can be
identified, and the expected net benefit of prospective clinical research can be
estimated. This can be used as the second hurdle that proposed research must
overcome before it can be considered cost-effective. It provides a means of setting
priorities in research and development across sequential clinical decision problems.
The analysis in this chapter (like chapter 4) assumes a fixed and equal allocation of
trial entrants between the different arms of the trial at each decision node. This
assumption will be relaxed in chapter 6 where a dynamic programming approach

is used to allocate patients efficiently.
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5.2 A Two Stage Sequential Clinical Decision Problem

The same methods which were applied to the single-stage decision problem in
chapter 4 can be applied to the two-stage sequential decision problem which is
illustrated in figure 5.2.1. This is the same decision problem which was used to
{llustrate the approach to the economic evaluation of diagnostic information
proposed by Phelps and Mushlin in chapter 2, but it has been structured following
the correct chronology and includes Bayesian probability revisions. This chapter
also uses the same numerical example but with a prior distribution for each of the
health outcomes and path probabilities. The prior distributions reflect the quality
of prior information or confidence in the prior mean. In this example the quasi
prior sample (ng) is higher for current practice (t,) where more prior information
may be available. The values of the prior mean and variance and population
variance for these variables are reported in table 5.2. The assumption of
normality and independence, which was also made in chapter 4, allows normal loss
functions to be used and covariance terms to be zero when calculating the

variance of expected net benefits at different stages.

Figure 5.2.1
Table 5.2

Figure 5.2.1 illustrates the decision problem facing the clinician. If the clinician
decides not to use the diagnostic test then at the second stage the decision
problem is to choose to treat with t, or not to treat (t,). This is identical to the
single-stage decision problem in chapter 4, but it is now a contingent treatment
decision because a diagnostic device is available. The initial decision at the first
stage is to choose to test and treat according to test results, with t, following a
positive test and t, following an negative result, or to not test and follow the

~ contingent treatment decision at the second stage.
The problem is to establish the value of perfect information for this sequential
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decision problem to construct the first hurdle and then to estimate the expected
net benefits of sampling and optimal sample size so that the second hurdle can be
constructed. This will allow an efficient allocation of research and development

resources between technically efficient research designs.

5.2.1 Hurdle I: The Expected Value of Perfect Information

The clinician must make a decision at two points in this model. Without any
additional information this choice can be based only on the prior information. The
clinician should choose the alternative with the highest prior net benefit, but when
estimates of net benefit are based on prior information there is a possibility that
this decision will be wrong and opportunity losses will be incurred. Following the
intuition of chapter 4, the expected value of opportunity losses is the expected
cost of uncertainty surrounding the decision problem, or the Expected Value of
Perfect Information. In general the EVPI for a sequential decision problem with S
stages and a choice between two alternatives at each stage (s=1,..,5), is the sum of

the EVPI,,, at each stage or at each point where the clinician faces an uncertain

decision.
S
EVPI=) EVPIL 521a
s=1 .
EVPI, = K04, L(Dy) 5.2.1b

Do) = (Bo) ~05)/ 005, _
Oy = prior incremental net benefit at stage (s)

Oy = prior standard deviation of 8,

The decision problem in figure 5.2.1 indicates that the clinician will face an
uncertain choice at two points: firstly when either test or no test must be selected
and secondly where t, or t, must be selected (contingent on choosing not to test),

so in this decision problem (s=1, 2) and the EVPI, must be estimated at both
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stages.
EVPI at Stage 2

The clinician must make a decision at stage 2 of whether to treat with t, or t,
given that it has been decided not to use the test. This contingent decision is
based on the prior incremental net benefit of t, (8,.,,) and must be made before the
initial diagnostic decision can be taken at stage 1. The decision problem at stage 2
is identical to the decision problem considered in chapter 4 and the EVPI,, at
what is now a contingent treatment decision in this larger sequential problem is

identical to that reported in chapter 4 where:
8oy = (E(Ut)-g-E(Clt,))-(E(Ulto)-g E(Clto)) 522
EVPI at Stage 1

At the initial diagnostic decision the clinician must choose between testing and
treating according to test results and not testing and following the contingent
treatment decision at stage 2. This decision will also be based on prior information
and there is a chance that choices based on the prior incremental net benefit of
testing at this first stage will be wrong and opportunity losses will be incurred.
The expected opportunity loss at stage 1 (the EVPI,,) is in addition to the
expected costs of uncertainty at stage 2 (EVPI,)) and the EVPI for the full
decision problem will include both the EVPI at the contingent treatment decision -
and at the initial diagnostic decision . The EVPI,, at the initial decision is
calculated in the same way as stage 2 but now d,,, is the prior incremental net
benefit of testing. This is the difference between the prior net benefits of testing
(E(UJt.)-g.E(Cit,)) and not testing and selecting either t, or t, at stage 2. When
1/g>£6,500 t, is selected at stage 2 and:

doq = (E(Ult.)-g E(Clt,)) - (E(Ult,)-g.E(Clt,)) 523a
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But when 1/g<£6,500, t, is selected at stage 2:
60(1) = (E(Ult.)-g.E(CIt.)) - (E(Ulty)-g.E(Clt,)) 5.2.3b
EVPI for the Two-Stage Problem

The EVPI for this sequential decision problem is illustrated in figure 5.2.2 and is
the sum of the EVPI at stage 1 and stage 2. The EVPI rises with the value of
health outcome because the value placed on opportunity losses (the slope of the
loss function (K;=2/g)) increases with 1/g, but there are now two discontinuities in
this relationship which are due to discontinuities in the EVPI |, and EVPI,. The
discontinuity in the EVPI,, occurs when the clinician is indifferent between t, and
t,, at 1/g=£6,500. The EVPI,, reaches a peak at this point because Dy,=0 in
figure 5.2.3a and L(Dy,)) reaches a maximum in figure 5.2.3b in exactly the same

way as in chapter 4.
Figure 5.2.2

The EVPI,,, at the initial decision rises with the value of health outcome but there
are two discontinuities in this relationship. The first also occurs when the clinician
is indifferent between t, and t,, because when 1/g<£6,500 the clinician compares
the net benefit of testing with the net benefit of t, (8,,,=5.2.3b) but when
1/g>£6,500 the net benefit of testing is compared to the net benefit of t,
(84y=5.2.3a). The second discontinuity in the EVPI,;, occurs when the clinician is
indifferent between the test and no test alternative at stage 1. In this numerical
example it is when 1/g=£11,800 and at this point the clinician is indifferent
between testing and treatment t,. This where the initial decision is most uncertain
and Dy,,=0 in figure 5.2.3a and L(D,,,,) reaches a maximum in figure 5.2.3b. As
the value of 1/g increases the clinician will prefer testing (60(-,, >0) and the prior
incremental net benefit of testing will increase (D, increases), reducing the

probability of incurring opportunity losses (L(D,,,) falls). This is offset by the
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increase in value placed on opportunity losses when they occur (K=2/g rises) and

the EVPI,, increases with 1/g.

Figure 5.2.3a
Figure 5.2.3b

It was argued in chapter 2 and chapter 3 that many clinical decision problems are
sequential and involve a choice between a number of competing strategies. This
example shows that the EVPI can be established for sequential clinical decision
problems by estimating the cost of uncertainty at each stage of the decision
problem. The estimates of the EVPI in figure 5.2.2 can be used in the same way as
in chapter 4 as a first hurdle that proposed clinical research must overcome. If the
estimated cost of research is less than the EVPI then the proposed research is
potentially cost-effective. Estimates of the EVPI can be used to set priorities
across different sequential clinical decision problems by identifying those decision
problems which may benefit most from information generated by prospective
research as well as systematic reviews of existing literature and non-experimental

research designs ** 41,119,120

This numerical example also illustrates that the first hurdle may be very sensitive
to the value of health outcome and in this example doubling the value of 1/g leads
to an approximately four-fold increase in the EVPI. This simply demonstrates that
the value of information depends on the value placed on opportunity losses when
they occur, which is double the value of health outcome (K=2/g). Justasin
chapter 4 the relationship between the EVPI and 1/g demonstrates that the value
of information and research priorities cannot be separated from the budgetary
restrictions on service provision. If the budget is relaxed then the cost-
effectiveness ratio of the marginal project (1/g) will increase and the value of
information will increase. Similarly if the budget for service provision is tightened
then the cost-effectiveness ratio of the marginal project (1/g) will fall and the

EVPI will fall.
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The example also demonstrates that the cost of uncertainty for a clinical decision
problem will be underestimated if some alternatives are ruled out as not relevant
and a sequential decision problem is simplified to a single-stage problem. Thisis
because the EVPI for the whole decision problem will be the sum of EVPI at each
of the contingent decisions and at the initial decision. An analysis which simplified
this sequential clinical problem to a single-stage problem by excluding the
diagnostic process as not relevant (because it is not cost-effective when
1/g<£11,800) would underestimate the EVPI because the process of
simplification excludes some alternatives which are feasible and relevant and in

certain circumstances could become the preferred strategy.

Finally it demonstrates that by calculating the EVPI at each stage of a sequential
decision problem, those points in the sequence of decisions where the cost of
uncertainty is highest can be identified. This is not necessarily the case with
conventional sensitivity analysis 1819 because the prior distributions for the key
variables and the value placed on opportunity losses at sensitive decisions are not
necessarily taken into account. This can be illustrated in figure 5.2.2. If
1/g=£7,000 a traditional approach may regard the treatment decision at stage 2 to
be more sensitive than the diagnostic decision at stage 1 because this value of 1/g
is very close to the prior cost-effectiveness ratio at stage 2 (£6,500) and small
changes to the key variables could change the treatment decision. The prior cost-
effectiveness ratio at stage 1 (£11,800) is further from this value of 1/g and the
decision not to use the diagnostic test at stage 1 may be regarded as less sensitive.
However even when 1/g=£7,000 the EVPI,,, at the initial diagnostic decision is
greater than the EVPI,,, at the contingent treatment decision. The cost of
uncertainty at stage 1 is greater than at stage 2, demonstrating that simple
measures of sensitivity may be misleading particularly if they are used to identify

those points where information may be most valuable

Figure 5.2.4

96



The relationship between the EVPI for the full decision problem and the quality of
or confidence in, the prior information is illustrated in figure 5.2.4. The level of
confidence is measured by ny, which is the ratio of population to prior variance
(the quasi sample size of prior information). When the confidence in prior
information is reduced from n,=6 to n,=2 the EVPI increases because there will be
more uncertainty surrounding a decision based on prior information. As the
confidence in prior information is increased (n,=18) the EVPI falls because the
probability of incurring opportunity losses will decline. Clearly the first hurdle is
sensitive to strength of the prior, and in this example a three-fold increase in the
strength of prior information leads to an approximately three-fold decline in the

EVPL

52.2 Hurdle II: The Expected Net Benefits of Sample Information

If the EVPI exceeds the estimated fixed costs of prospective research then
research is potentially cost-effective. The next step is to estimate the benefit of
sample information and the marginal cost of acquiring sample information to
establish the expected net benefits of sampling. The scale of proposed research
will be techniéally efficient and sample size will be optimal when the ENBS
reaches a maximum. The ENBS is the second hurdle that proposed research must
overcome before it can be regarded as cost-effective. It operates in the same way
as the second hurdle for the single-stage decision probiem in chapter 4 and
proposed research will be cost-effective if the ENBS at the optimal sample size

exceeds the fixed cost of research.-

The sequential clinical decision problem in figure 5.2.1 provides two points where
trial entrants will be allocated to the different arms of this trial. At stage 1 in
figure 5.2.1 the trial entrants (n,) are allocated equally to the test and no test
arms of the trial, so that n,,/2 patients will be assigned to the test arm of the trial,

(nay/2).p(t.") will receive t, following a positive test and (n,,/2).p(t,’) will receive t,

97



following a negative test result. The patients enrolled in the trial who are assigned
to the no test arm at stage 1 will enter stage 2 (n,=n,;/2) and will be allocated
equally between t; and t,. Other optimal allocation rules are considered in chapter

6.

The Expected Value of Sample Information is calculated using the same methods
which were described in chapter 4, but now in a sequential decision problem there
are benefits from sample information at each stage (s) given the sample size

entering and allocated at that stage (n,)

EVSI(S)IH(S) =K. y Vn(s) Ois) 'L(D(s)|n(s)) 5.2.4a
Dylng = (50<s)-5b)/‘/Vn(s)
’/Vn(s) = 00(5)2 / (00(5)2 + on(s)z)

Sy = prior incremental net benefit at stage s
Oy = prior variance of 8y at stage s

on(s)2 = sample variance of &, with sample size n at stage s
The marginal cost of a sample entering stage s (Crs) is the additional treatment
costs (compared to current practice) of allocating patients to the alternatives at
that stage. The expected net benefits given a sample of n, at stage s is the
difference between the expected benefits (EVSI,|n,,) and the total variable cost of
sampling (Cm,.n).

ENBS(S)ln(S) = EVSI(S)In(s) = Cm(s)'n(s) 524b

The ENBS for the decision problem is the sum of the ENBS,,, at each stage:

S
ENBS[II=E ENBS(S)II’I(S) 52 4c¢
s=1
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Sample size will be optimal (n*) when the ENBS|n reaches a maximum. If the
fixed cost of research is less than the ENBS|n” then the research is cost-effective
at this technically efficient scale. The difference between the ENBS|n” and the
fixed cost of research can be used to set priorities in research and development
and those proposals where the additional net benefits of research are greatest
should be implemented first. In this way allocative efficiency in research and
development across different sequential clinical decision problems can be
achieved. The second hurdle for the two-stage decision problem in figure 5.2.1
can be constructed using the approach detailed above. The problem is to establish
the EVSI and ENBS at stage 2 and stage 1 for a range of possible sample sizes,
and then select the sample size entering the trial at stage 1 which will generate the

maximum expected net benefits of sampling.

EVSI at Stage 2

The EVSI at stage 2 is calculated for the number of patients entering the trial at
stage 1 who are assigned to the no test arm and enter stage 2 (n; = (n,/2)). The

EVSI,,|n, is calculated in the same way as the single-stage decision problem in

chapter 4, and the from 5.2.4a
EVSIping =K. Vi Oy LDyl 5.2.5a

The prior incremental net benefit of t, (8,,,) is the difference between the prior net

benefit of t, and the prior net benefit of t,.

B2y = (E(U[t1)-8.E(CIt)) - (E(Ulto)-g.E(Clty)) 5.2.5b

Cost of Sampling at Stage 2

The marginal cost of sampling at this point is the additional costs of assigning half

the trial entrants who enter stage 2 to t, rather than current practice (t,).
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Crgzy = (E(CIt)) - E(Clto))/2 5.2.5¢

As before it is assumed that the marginal reporting cost are negligible and initially
the fixed cost of research are zero because the fixed element will have no impact
on optimal sample size. The expected net benefits of sampling given a sample of
n,,, entering stage 2 (ENB SpyIny) is simply the difference between the expected
benefits and the total variable costs of sampling, and is identical to the single stage

problem considered in chapter 4:
ENBS)|ng, = EVSIy)lng, - Cog Ny 5.2.5d
EVSI at Stage 1

The benefits of sampling at the initial diagnostic decision cannot be separated from
the sample which enters stage 2 because the fixed allocation rule means that a
sample of n,, at stage 1 will generate a sample of ng;, = n,y2 at stage 2, with n,y/2
allocated to t, and ny2 allocated to t,. So the ENBS,, |n,;, cannot be calculated
simply based on prior mean and variance at stage 1 because this would assume
that those allocated to the no test arm would not be allocated between t, and t, at
stage 2 but would all be allocated to githert, ort,. A sample at gtage 1 implies
acquiring information about the contingent treatment decision at stage 2 and this
will change the prior information about the no test alternative at stage 1. It will
change the expected prior net benefits of not testing and reduce the uncertainty
surrounding the initial diagnostic decision because more will be l;nown about the

no test alternative.

This problem can be solved by making contingent sampling decisions at stage 2
before calculating The ENBS at stage 1. Considering a sample of n, at stage 1
implies a sample of n, =n,,/2 at stage 2, and the expected net benefit and
posterior variance from stage 2, with sample of n,,, is used as the prior mean and

variance of the no test alternative at stage 1. Both the expected net benefits and
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posterior variance from stage 2 depend on the size of the sample entering stage 2
and this approach is consistent with the principles of backward induction, where
contingent sampling decision must be solved at stage 2 and expected posterior
values calculated, before the value of sampling at stage 1 can be estimated. From

5.2.4a the EVSI;In,, can be calculated as follows:
EVSlylng, =K. /Vn,. .04, L(Dy)lngy) 5.2.6a

The prior incremental net benefit at stage 1 (8,,) is the difference between the
prior net benefit of testing (E(Ult,)-g.E(C|t.)) and the expected net benefit of not
testing (E(U|nt,)-g.E(C|nt,)), which is dependent on sample size.

g1y = (E(Ult)-g. E(Clt)) - (E(Ulnt,)-g.E(Cint,)) 5.2.6b
Prior Net Benefit at Stage 1

The value of E(U|nt,)-g.E(Clnt,) is dependent on the sample size at stage 2,
because there is a chance that a sample of n,, which implies a sample n,,=n,,/2 at
stage 2 will generate a posterior mean net benefit which will lead to t, being
selected with net benefits of E(U]t,)-g E(Clt,). There is also a chance that the
same sample may generate a posterior mean which will lead to t, being selected
with net benefits of E(U[ty)-g.E(Clty). The expected net benefits of not testing
depends on the posterior values at stage 2 which are a combination of prior and
sample information. In general a posterior mean at stage s (9,,) is simply a
weighted average of the prior (8) and sample mean (3,,,)) with the weights

representing the informational content of each.

6l(s) = (IO(s)‘60(s) +Ix(s)-6x(s))/ (IO(s) +Ix(s)) . 5273.
Loy = 1/044)

- 2
IX(S) - l/on(s)
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Before sample information is available and when 8,,,<8, the clinician should select
t, based on the prior mean, but once sample information is available the clinician
should change this prior decision and select t, if &,,,>8, . The critical value of the
sample mean (5x(s)') is the sample mean which generates a posterior mean that
changes the prior decision. This can be found by setting 8,y=8, and d.;=8,*

and rearranging 5.2.7a:
6.‘((5)*: (o) +Ix(s))6b - IO(s)-ao(s))/Ix(s) : 5.2.7b

If the sample mean is greater than this critical value (8,,>8,4,*) the posterior
mean will be greater than 8, and the clinician should select t, at stage 2, but when
8 <Oxe* the posterior mean is less than 8y, and the clinical should select t,.
When a sample enters stage 2 there is a probability that the sample mean will lead
to t, being selected (p(3,z>d ")), With prior net benefits of E(Ult,)-g.E(Clt,).
There is also a probability that the same sample will lead to t, being selected (1-
(8,2 >0 )) With prior net benefits of E(Ulty)-g.E(Clt,). The expected net
benefits of not testing given a sample of n,, at stage 2 is the prior net benefits of

the no test arm of the trial at stage 1, and in 5.2.6b:

E(U|nt,)-g.E(C|nt,) - p(8.2)>8,2)).(E(Ult,)-g.E(Clt,)) 5.2.8a
+ 1-p(8y2>83)).(E(Ult,)-g. E(Clty))

Since the choice of sample size must be made before any sample information is
available the null hypothesis is that the sample mean is normally distributed,

centred on the prior mean, with sample variance of 6,,,/%:

P(Byp) >6x(2).) = p(Z>((Oyy >5x(2)‘)/ )] 5.2.8b

Prior Variance at Stage 1
Sampling at stage 1 generates sample information at stage 2 which will reduce the
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uncertainty surrounding the no test alternative at stage 1. The prior variance at
stage 2 does not reflect this additional information and it is the posterior variance
from stage 2 which is used to establish the prior variance of the expected net
benefits of not testing at stage 1. Posterior variance is a combination of prior and
sample variance and will be less than either the prior variance or the sample
variance. The uncertainty surrounding the no test alternative is reduced by taking
the sample information generated at stage 2 into account in this way. In general
the postérior variance (01(5)2) with a sample of n,,, is a combination of prior (00(5)2)

and sample variance (on(s)z):
2 2
01(5)2 =(00(s)2/ (Oosy + (s )))~(°n(s)2) 529

The prior variance of E(Unt,)-g.E(C|nt,) at stage 1 is a combination of the
posterior variance of E(Ujt,)-g.E(Cit,) and E(UJt,)-g.E(C|t,) given a sample of
N, =ny2 entering stage 2 with n;,/2 allocated to t, and n,/2 allocated to t,. This
approach ensures that the information generated at stage 2 is taken into account
when calculating the benefits of sampling at stage 1. The population variance of
E(Ujnt,)-g.E(Clnt,) is also dependent on the sample entering stage 2 because this
determines the value of p(8,4>8,,,") which is regarded as a constant when

calculating the population and the prior variance of E(U|nt,)-g E(C|nt,) at stage 1.

The EVSI,yIn,, from 5.2.6a can now be established taking into account the
relationship between the sample considered at stage 1 and sample information it
will generate at stage 2. It measures the additional value of sample information at
this initial decision given that a sample of n,,, at stage 1 will generate a sample of
n,, at stage 2, which will reduce the uncertainty surrounding the no test alternative
and will also change the expected prior net benefits of choosing not to test.
Increasing the sample considered at stage 1 will change the expected net benefits
of not testing from stage 2 and therefore change Oy, - It will also reduce the
posterior variance from stage 2 and therefore reduce the prior variance at stage 1.

So unlike the single-stage decision problem, the prior mean and prior variance for
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the initial decision is not independent of the sample size considered.
Cost of Sampling at Stage 1

The marginal cost of sampling at stage 1 is the additional treatment costs of
allocating trial entrants to the testing arm of the trial. The marginal cost of
allocating a trial entrant to the no test arm at stage 1 is zero because the
additional treatment cost of assigning patients to t, at stage 2 has already being
taken into account in the calculation of the ENBS ,|n,,. So the marginal cost of
sampling at the initial diagnostic decision is the additional cost of assigning half

the entrants to the test alternative:
Craty = (E(CIt)-E(Clto))/2 5210

The expected net benefit of sampling at the initial diagnostic decision is simply the

difference between the expected benefits and the total variable cost of sampling:
ENBS;ing = EVSIngy = Crgy Ry 5.2.11

The ENBS,|n, is the net benefit of comparing the testing strategy to the no test
strategy using sample information, given that a sample at stage 1 will generate a
sample of n, at stage 2. The sample generated at stage 2 will provide net benefits
from comparing t, to t, using sample information and this is measured by
ENBSyn,, but sampling at stage 2 will also provide information about the net
benefit of the no test alternative at stage 1. The methods outlined above ensures
that the ENBS for the full decision problem can be estimated by the sum of
ENBS,,)In,;, and ENBS;)|n ;) without the danger that the benefits of sampling will
be overestimated by double counting benefits at stage 1 and 2, or underestimating
the benefits of proposed research by simplifying this two stage problém to a single

stage problem and only comparing the testing strategy to either t, or t,.
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ENBS and Optimal Sample Size

The ENBS for both stages of this decision problem is illustrated in figure 5.2.5a
when the value of 1/g=£4,000 and for a range of possible sample sizes entering
stage 1. The ENBS is the sum of the net benefits at stage 1 and 2 and reaches a
maximum at n"=92. At this optimal sample size 46 entrants will be allocated to the
test and 46 to the no test arm at stage 1, and 23 will be allocated to t, and 23 to t,
at stage 2. The maximum ENBS|n" =£442,340, and this is the second hurdle that
proposed research must overcome. If the fixed cost of the research is less than the

expected net benefit then the proposed research is cost-effective when conducted

at this technically efficient scale.
Figure 5.2.5a

The expected net benefits of sampling are greater at stage 2 than stage 1, indeed
the ENBS,In;, <0. This is because the marginal sampling cost at stavge 1 is high, -
due to the additional costs of the diagnostic test, and because at 1/g=£4,000 the
prior decision not to test is less uncertain than the prior decision to choose t, at
stage 2 (L(Dya)>L (Do) in figure 5.2.3b). Although the ENBS yjny, <0 it is still |
worth taking a sample at stage 1 because it enables a sample to enter stage 2
which will produce positive net benefits of ENBS, [n,,. The ENBS,In,,, is
identical to the expected net benefits of the single stage treatment decision
problem considered in chapter 4, but because of the negative net benefits at stage
1 the optimal sample size of 46 at stage 2 is less than the optimal sample size for

" the single-stage decision problem.

Value of Health Outcome
The expected net benefit of sampling and optimal sample size is dependent on the

value placed on health outcome. In this example when 1/g is higher at £10,000,

the expected net benefit and the optimal sample size is also higher. This is
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illustrated in figure 5.2.5b where the ENBS reaches a maximum at n'=260. The
fixed allocation rule dictates that 130 entrants will be allocated to the testing and
130 to the no test arm, so that n,,"=130, and 70 entrants will be allocated to t, and
70 to t, at stage 2. Now the expected net benefits of sampling are greater at stage
1 than at stage 2 because there is less weight attached to the higher cost of
sampling at stage 1 and the prior decision not to test is less certain than the prior
decision to select t, at stage 2 (L(Dy,)>L(Dyp,) in figure 5.2.3b). The ENB SN
reaches 2 maximum when n=376, but the ENBS;|n,, reaches a maximum at

n=201 due to the higher marginal sampling cost.

Figure 5.2.5b

The expected net benefits of sampling when the value of 1/g is increased to
£20,000 is illustrated in figure 5.2.5¢. Optimal sample size is greater (n'=372) and
the maximum ENBS|n* is also higher. Again the expected net benefits at stage 1
are substantially greater than net benefits at stage 2, because even less weight is
placed on the higher marginal sampling costs at stage 1, and because the prior
decision (which is now to test), is less certain than the prior decision to treat at
stage 2 (L(Do1,)”L(Dyy) in figure 5.2.3b).

Figure 5.2.5¢

In this example of a sequential decision problem optimal sample size increases
with the value placed on health outcome. The relationship between 1/g and
optimal sample size is illustrated in figure 5.2.6. Optimal sample size with a more
sceptical (n,=2) and a less sceptical prior (n;=18) is also illustrated in figure 5.2.6.
When the value of health outcome is low the optimal sample size is zero and
decisions should be based only on prior information, which in this example would
be not to test and not to treat. Samplirig becomes optimal at lower values of 1/g
when the prior is more sceptical (if n;=2 then n*=0 when 1/g<£2,000) because the

prior decision is more uncertain and less information is required to change the
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prior decision than with a more confident prior (if ny=18 then n*=0 when

1/g<£5,000).
Figure 5.2.6

The discontinuities in the relationship between 1/g and n” when n=2, and n;=6 is
at the point where the clinician is indifferent between the testing and the expected
net benefits of not testing from stage 2. This point changes with n* because the
expected net benefit of not testing depends on the sample generated at stage 2.
The discontinuity in the relationship between n” and 1/g when n,=18 occurs when

the net benefits of sampling at stage 2 are less than zero.

Once optimal sample size is established for each value of 1/g the relationship
between the ENBS|n® and the value of 1/g can be considered. Figure 5.2.7a
illustrates this relationship for each stage of the decision problem. The ENBS|n’
is the second hurdle that proposed research must overcome before it can be
considered cost-effective, and figure 5.2.7a demonstrates that the second hurdle is
sensitive to the value of 1/g and budgetary restrictions on service provision. There
are two discontinuities in the relationship between ENBS|n* and 1/g. The
ENBS,in, reachesa peai( when the clinician is indifferent between t, and t,
based only on prior information. The discontinuity in the ENBSyIn,,,"occurs when
the clinician is indifferent between the test and no test alternatives which (from

5.2.8a) is partly determined by sample size.
Figure 5.2.7a

The ENBS|n” for three different priors is illustrated in figure 5.2.7b. The ENBS|n’
increases with the value placed in health outcome, but the value of sample
information is also sensitive to the confidence in prior information. When the prior
is more sceptical (n;=2) then the expected cost of uncertainty surrounding this

decision problem is higher and the value placed on additional sample information
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is also high. However when there is more confidence in prior information (n=18)
the cost of uncertainty is lower and the value of additional sample information is
also low. This confirms the interpretation placed on the EVSI that the benefit of
sample information is the reduction in the costs of uncertainty surrounding a

decision problem.

Figure 5.2.7b

5.2.3 Implications for Research Design

This numerical example has demonstrated that the expected net benefits of sample
information and the optimal sample size can be established and the second hurdle
can be constructed for a sequential decision problem. An analysis which did not
recognise the sequential nature of the decision problem by only considering the
single-stage treatment decision and excluding the diagnostic process would bias
efficient research design and cause errors at the second hurdle. This illustrates the
dangers of ruling out alternatives from consideration based on implicit decision
rules énd inconsistent judgements. For example if the value of 1/g is £6,500 then
the clinician would be indifferent between t, and t, at stage 2. The clinician is most
uncertain about this treatment decision and prospective research may only be
considered for this single-stage treatment decision. The diagnostic process may be
excluded and regarded as not relevant because prior information suggests that
testing will not be cost-effective (prior cost-effectiveness ratio = £11,800).
However by arbitrarily excluding the diagnostic process from prospective research
the expected net benefits of sample information and optimal sample size will be
underestimated. This is illustrated in figure 5.2.8a and figure 5.2.8b where the
ENBS|n* and n* for this sequential problem are compared to the single stage

treatment decision considered in chapter 4 .

Figure 5.2.8a
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Figure 5.2.8b

The ENBS|n" for this two-stage problem is greater than the single-stage problem,
and excluding the diagnostic process from the design of a proposed trial will
underestimate the expected net benefits of sample information and the optimal
scale of the research. The second hurdle will be biased and there will be a danger
that cost-effective research will be rejected at the second hurdle. The optimal

- sample size will also be underestimated and research design will be technically
inefficient. The bias in the estimates of the expected net benefits of sampling may
also lead to inefficient allocation between clinical decision problems and the

allocation of research and development resources to technically inefficient designs.
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53 A Four-Stage Sequential Clinical Decision Problem

The same approach to the value of information can be applied to more complex
decision problems, and in this section the first and second hurdles can be
constructed for a four-stage decision problem. This is the same problem which
was used to generalise the Phelps and Mushlin strategy for the economic
evaluation of diagnostic information in chapter 3. This decision problem is
identical to the two-stage problem in section 5.2 except that an alternative

treatment t, is available.

Figure 5.3.1

The decision problem is illustrated in figure 5.3.1 and is structured to follow the
correct chronology and includes Bayesian probability revision. Now that an
alternative treatment (t,) is available the clinician must choose between two testing
and three fallback strategies. At stage 4 the clinician must choése to treat with
either t, or t, following a positive test result, and those with negative test results
are not treated (t,). If the clinician decides not to test at stage 1 they must decide
whether to treat (t,) or not treat (t,) at stage 2, and if they decide to treat théy
must then decide whether to treat with either t, or t, at stage 3. In this section the
same numerical example as chapter 3 is used but with prior distributions for the
health outcomes and path probabilities. These are reported in table 5.3. Again the
assumptions of normality and independence allow normal loss functions to be used
and covariance terms to be zero when calculating the prior and population

variance at each stage.
Table 5.3

The problem is to construct the first hurdle for this decision problem by
establishing the expected value of perfect information at each stage. If proposed

research passes this first hurdle the expected net benefits of sample information
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must be established and the technically efficient scale of the research must be

identified to construct the second hurdle .

5.3.1 HurdleI: The Expected Value of Perfect Information

The clinician is faced with an uncertain choice between two alternatives at each
stage of this decision problem. Without any additional information these choices
must be made based on prior information and there will be a chance that
opportunity losses will be incurred. The expected cost of uncertainty at each
stage is the expected value of perfect information and the EVPI for this four-

stage decision problem will be the sum of the EVPI,,, at each stage (s=1, .. .,4)

EVPI at Stage 4

If the clinician decides to use the test a contingent treatment decision must be
made at stage 4 in figure 5.2.1, because now if a patient has a positive test result
the clinician must decide to treat with either t, or t, (prior CER=£5,800). This
contingent decision is based on the prior incremental net benefit of t, (8,,,) and is
the difference between the prior net benefit of t, given a positive test result

(E(Ult,", t,)-g.E(Clt.", 1,)), and the prior net benefit of t, given a positive test result
(E(UL.", t)-g E(CIt.", t)).

8oy =E(ULL", t)-g E(Clt,", t )-(E(UIL,", t)-g E(Ut.", 1)) 5.3.1
EVPI at Stage 3

The clinician also faces an uncertain contingent decision at stage 3 and must
choose either t, or t,. This decision is based on the prior incremental net benefits
of t, at stage 3 (Oy3), and is the difference between the prior net benefits of t

1

(E(UIt)-2 E(Clt) and the prior net benefits of t, (E(Ult,)-g.E(Ult,)) (prior
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CER=£10,000).
60(3) =(E(Ult1)'g~E(C|t1))'(E(U|t2)‘g-E(U|tz)) 532
EVPI at Stage 2

If the clinician decides not to test they also face a choice between treatment (t,),
following the contingent treatment decision at stage 3, and no treatment (to) at
stage 2. This contingent decision is also uncertain and opportunity losses may be
incurred. The EVPI,, at stage 2 is in addition to the EVPI; because t, must be
compared with either t, ort, depending on the contingent decision made at stage
3 The decision at stage 2 is based on the prior incremental net benefits of
treatment (8,.,,) Which is the difference between the prior net benefits of treatment

(E(UIt)-g E(Clt,)), and the prior net benefits of no treatment (E(Ulto)-g.E(Ult,)).
8oy = E(UI)-8 E(CIt)-E(Ul)-g E(Ulto)) 53.3
EVPI at Stage 1

Finally the clinician faces an uncertain choice at the initial diagnostic decision. At
stage 1 the clinician must choose whether to test and follow the contingent
decision at stage 4, or choose not to use the test and follow the contingent
treatment decisions at stage 2 and stage 3. The uncertainty surrounding this initial
decision is in addition to the uncertainty surrounding each of the three contingent
decision problems at stages 2, 3, and 4. The decision is based on the prior
incremental net benefit of testing (8, ) which is the difference between the prior
net benefits of testing (E(UJt.)-g.E(Clt,)) given the contingent decisions at stage 4
and the prior net benefits of not using the test (E(Ulnt,)-g.E(Clnt,)) given the

contingent decisions at stage 2 and stage 3.
Boqy = (E(Ult)-8 E(Clt,) - (E(UInt,)-g.E(C|nt,)) 5.3.4
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EVPI for the Four-Stage Problem

The EVPI for this sequential decision problem is the sum of the EVPI,, at each
stage (each point where the clinician faces an uncertain decision) and this is
illustrated for this numerical example in figure 5.3.2a. The EVPI rises with the
value of 1/g because the value placed on opportunity losses increases (K, =2/g).
This is the first hurdle for this decision problem and if the EVPI exceeds the
estimated cosi of proposed research then it is potentially cost-effective and passes
the first hurdle. Figure 5.3.2a. demonstrates that this first hurdle is sensitive to the
value of health outcome, and (just as in chapter 4 and section 5.2) the value of
information is dependent on budgetary restrictions on service provision. If the
budget constraint is relaxed then the value of 1/g and the value of information will
increase, similarly when the budget constraint is tightened the value of 1/g will fall

and the value of information will also fall.
Figure 5.3.2a

This approach allows the value of perfect information to be identified at particular
pointsin a sequential decision. This can be used to indicate where additional
information about particular contingent decisions will be valuable. Figure 5.3.2b
illustrates the EVPI,, at each stage in this decision problem and it demonstrates
that the points in a sequential decision problem where information is most valuable
will depend on the value of 1/g. In this numerical example when 1/g is low
(£3,000) the expected cost of uncertainty is highest at stage 2 where the clinician
must choose between t, and t,. But when the value of 1/g is higher (£14,000) the
point where information may be most valuable will now be at stage 1 where the

clinician faces a choice between using the test and treatment without testing.
Figure 5.3.2b

The relationship between the EVPI ) at each stage and the value of 1/g contains a
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number of discontinuities at the points where the prior contingent decisions
change. The discontinuity in the EVPI,, occurs at 1/g=£5,800 which is where the
clinician will be indifferent between t, and t, at stage 4. At this point D, ,, =0 in
figure 5.3.3a and L(Dy,) reaches a maximum in figure 5.3.3b. The discontinuity
in the EVPI;, occurs at 1/g=£10,000 where the clinician is indifferent between t,
and t, at stage 3. At this point the Dy, =0 in figure 5.3.3a and the L(Dys)) reaches
a maximum in figure 5.3.3b. There are two discontinuities in the EVPI ,,. The first
occurs when 1/g=£3,000 where the clinician is indifferent between t, and t,. At
this point Dy, =0 in figure 5.3.3a and L(D,,,) reaches a maximum in figure
5.3.3b. The second discontinuity occurs at 1/g=£10,000 when the decision facing
the clinician at stage 2 changes from a choice between t; and t, to a choice
between t, and t,. The discontinuities the EVPL, reflect the changes in the
contingent decisions at stages 2, 3, and 4 outlined above, but in addition there is a
discontinuity in the EVPI,, where the clinician will be indifferent between testing
and not testing at 1/g=£11,800. At this point the initial diagnostic decision is most
uncertain and Dy,,=0 in figure 5.3.32 and the L(D,,,) reaches a maximum in figure

5.3.3b.

Figure 5.3.3a

Figure 5.3.3b

The EVPI depends on the confidence in prior information. Figure 5.3.4 illustrates
the EVPI for 3 different levels of confidence in prior information. When the prior
is more sceptical (the quasi sample size is lower (n,=2)) then the uncertainty
surrounding each decision will be greater and the EVPI is higher. Similarly when
the prior is less sceptical (the prior sample size is higher (n,=18)) then the

uncertainty surrounding each decision will be lower and the EVPI is also lower.
Figure 5.3.4

The EVPI for this four-stage decision problem and for the two-stage decision
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problem discussed in section 5.2 is illustrated in figure 5.3.5. These decision
problems are identical except that treatment alternative t, is not available in the
two-stage problem. An analysis of this clinical problem which simplified what is a
four-stage decision problem to a two-stage problem by excluding t, as a relevant
alternative would clearly underestimate the EVPIL. The first hurdle would be
biased and there would be a danger that potentially cost-effective research would
be rejected. In this numerical example if the value of 1/g is greater than £10,000
then t, will not be selected at any stage based on prior information. In these
circumstances it may be tempting to conclude that t, is not a relevant alternative
and can be excluded from the analysis. However this process of simplification and
arbitrarily excluding feasible alternatives as not relevant may introduce serious bias
into the analysis. It is possible that a feasible alternative is not relevant if it will
never be selected. This could be established by comparing the EVPI with and
without the alternative and if the alternative is not relevant then both estimates of

the EVPI should coincide.

Figure 5.3.5

5.3.2 Hurdle II: The Expected Net Benefit of Sample Information

If the EVPI exceeds the estimated costs of proposed research then it is potentially
cost-effective and the expected net benefits of sample information must be
established to construct the second hurdle and identify the optimal sa;tlple size.

" The second hurdle can be constructed for this four-stage decision problem using
the same methods which were used to construct the second hurdle for the two-
stage decision problem in sections 5.2. The same fixed allocation rule is used at
each stage where equal numbers of trial entrants are assigned to each arm at each
stage. Following the principles of backward induction the expected net benefits
and the posterior variance at each contingent decision is uaed as the prior

information at earlier stages.
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The expected net benefits of sampling for this decision problem is the sum of the
ENBS,,, at each stage, taking into account that sampling at an early stage implies a
sample at later stages which will reduce the uncertainty surrounding the
alternatives considered at these earlier stages. The optimal number of trial
entrants at stage 1 is the sample size that maximises the ENBS and it is this

maximum value which is used as the second hurdle.

ENBS at Stage 4

At stage 4 the clinician must decide whether to use treatment t, or t, following a
positive test result. The fixed and equal allocation of trial entrants means that if a
sample of n,, enters stage 1 then the number of entrants entering stage 4 will be
Ney= (nay2)-p(t,"). The EVSIin,, given a sample of n,, entering stage 4 can be
calculated and the marginal cost of sampling at stage 4 is the additional cost

(compared to t;) of assigning half the entrants to t, and halfto t, .
Conay = (E(CIt))-E(Clty))/2 HE(CIt)-E(Clt,))/2 535

The costs of testing at this point are sunk, but will be taken into account when

estimating the expected net benefits of allocating entrants to the testing arm at

stage 1.
ENBS at Stage 3.

At stage 3 the clinician must choose between t, and t,. The fixed and equal
allocation of trial entrants means that a sample of n,, at stage 1 generates a sample
of n,y= (n,y2) entering stage 2, with (n(,/3).2=n, assigned to the treatment arm
and entering stage 3. This allocation rule ensures that equal nﬁmbers of entrants
will be allocated to t, t;, and t,. The EVSi(3)]n<3) given a sample n, entering stage

3 can be calculated and the marginal sampling cost is the additional treatment cost

of assigning half the entrants at stage 3 to t, and half to t
2.
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Coy= (E(C|t,)-E(Clty))/2 +(E(CIt,)-E(Clty))/2 536
ENBS at Stage 2

At stage 2 the clinician must decide whether to treat (tr) and follow the contingent
treatment decision at stage 3 or not treat (t,). If n, patients enter the trial at stage
1 then nyy=n,;y/2 will enter stage 2 with (n,/3)2 assigned to tr and n,/3 will be
allocated to t,. The EVSI,n,, must take into account that a sample of ny, at
stage 2 implies a sample of n;=(n»y3)2 at stage 3. This will change the expected
net benefits of t, and will reduce the uncertainty surrounding the treatment arm at
stage 2. The EVSI,In, can be established using the same approach that was used
at stage 1 in section 5.2. The prior incremental net benefit of selecting t, (8y,) is
the difference between the prior net benefit of treatment (E(Ult,)-g.E(C|t,)) and the
prior net benefit of t, (E(Ulto)-g.E(Ct,)). The expected net benefit of treatment
and therefore 8, is dependent on sample size because for each sample considered
at stage 2 there is a probability that the sample which enters stage 3 will generate a
posterior mean which will lead to t; being selected (p(5‘(3)>6x(3).)) with net benefits
of (E(U|t)-g.E(Clt,)). There is also a probability that the same sample will lead to
t, being selected (1-p(6x0)>6x(3)-)) at stage 3 With net benefits of (E(Ult,)-

g E(Clt))-

(E(Ult,)-g.E(C|t,))= P(5x(3)>'5x(3)')-(E(Ultl)-g.E(CItl)) 53.7
+1-p(8,3>8,3 ) (E(Ult,)-g E(Clty))
p(6x(3)>6x(3)‘) =p(Z> ((60(3)'5“3)‘)/ (on(3))))

The prior net benefits of the treatment arm at stage 2 (E(U}t,)-g.E(C|t,)) is the
expected net benefits from stage 3 and depends on the sample size considered at
stage 2. The prior variance of E(Ut,)-g.E(C]t,) at stage 2 is dependent on the
sample assigned to the treatment arm which will enter stage 3, because it is a
combination of the posterior variance of E(Ut,)-g E(C]t,) and E(U]t,)-g.E(C]t,) at
stage 3 given a sample n;=(n;/3)2 . The population variance of E(Ult,)-g.E(Clt,)
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is also dependent on the sample entering stage 3 because this determines the value

of p(ﬁx(3)>6x(3).)'

The marginal sampling cost at stage 2 is zero because the additional treatment
cost of assigning an entrant to t, is zero and the additional costs of assigning an
entrant to the treatment arm is also zero because the additional costs of treatment

with t, or t, have been taken into account at stage 3.

ENBS at Stage 1

At the initial diagnostic decision the clinician must decide whether to test (t.) and
follow the contingent treatment decision at stage 4, or not test (nt,) and follow
the éontingent treatment decisions at stage 2 and 3. The EVSI,In,, is the
additional benefit of sample information at stage 1 given that each sample
considered will generate sample information at the contingent treatment decisions.
A sample of n;, implies a sample of n,=n,,/2 entering stage 2 which will change
the expected net benefits of not testing and reduce the uncertainty surrounding the
no test arm. It also implies a sample of ny,= (n,,y/2).p(t,") entering stage 4 which
will change the prior expected net benefits of the test arm and will reduce the
uncertainty surrounding the testing arm at stage 1. The reduction in uncertainty
surrounding this initial decision due to sampling at contingent decisions will
reduce the additional benefits of sample information at this stage. This can be
taken into account in the same way as section 5.2 by using the expected net
benefit and posterior variance from stage 4 and stage 2 as the prior information at

stage 1.

The prior incremental net benefit of testing (8,,,) is dependent on sample size
because it is the difference between the prior net benefits of testing (E(U|t,)-
g.E(C|te), which is partly determined by sample entering stage 4, and the prior net
benefit of not testing (E(U|nt.)-g E(Cint.)), which is also determined by sample

entering stage 2.
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Each sample considered at stage 1 generates a sample of n,=n,/2 at stage 2 and
there is a probability that this sample will generate a posterior mean at stage 2
which will lead to t, being selected (p(8,,,>9,,,")) with net benefits of (E(UJt,)-

g E(C|t)). Thereisalsoa probability that the same sample will generate a
posterior mean which will lead to t, being selected at stage 2 (1-p(8.5, >0,3)))

with net benefits of (E(U]t)-g.E(Clt,)).

E(U|nt,)-g.E(CInt,) = p(8,2>8.»).(E(UIt)-g E(Ct)) 5.3.8a
+1-p(5x(2)>5x(2)‘).(E(U|t0)-g.E(C|t0))
P(éx(z) >6x(2)‘) = P(Z>((60(2) >6x(2)*)/ (Cu2)))

Each sample at stage 1 generates a sample of n,=(n,/2).p(t,") at stage 4 which
will lead to t, being selected following a positive result (E(UIt,"t)-g.E(CIt."t,))
with a probability of p(6x(;,>6x'( »), and t, will be selected following a positive
result (E(U|te+,t2)-g-E(Ultc*,tz)) with a probability of 1-p(8, 584 No treatment
follows a negative test result (p(t,)) with net benfits of (E(Ult. t,)-g. E(Clt,to)).

E(Ult.)-g E(CIt.) = p(t) (E(Ult. t)-8. E(Clt, o)) 5.3.8b
+p(t.")-(P(By0>Brisy )-(E(UIL." )-8 E(CIt,"1,))
+1-p(By4>8ua) )-(E(UIt,"t)-g E(UlL, 1))
P(Byay >0yy) = PZ>((Boray >y V(Oisy)))

The marginal sampling cost at stage 1 only includes the cost of the diagnostic test
(C,.) because the additional costs of treatment are taken in to account in the ENBS
at stage 3 and at stage 4, and the additional cost of t, for those with negative test

results is zero.

Coy = (CE(Clto))V2 5.3.8¢
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ENBS and Optimal Sample Size

The expected net benefits of sample information for this decision problem is the
sum of the ENBS at each stage. The approach taken at stage 1 and 2 of using the
expected net benefits from contingent decisions as the prior information at these
earlier stages ensures that the benefits of sampling at each stage will not be
overestimated. The ENBS for this numerical example is illustrated in figure 5.3.6a
when the value of 1/g=£4,000. The ENBS reaches a maximum (ENBS|n*) at an
optimal sample size of n*=191 and is the second hurdle that the this proposed
research must overcome before it can be considered cost-effective. At this value
of 1/g the ENBS at stage 2 is greater than at the other stages. In particular it is
greater than at stage 1 where the ENBS,,,<0. This is because of the high marginal
sampling cost at stage 1 but also because the prior decision not to test is less
uncertain than the decision to treat with t, at stage 2 (L(Dgs,) > L(D,,,,) in figure
5.3.3b). Although the ENBS;, <0 it is still worth taking at sample at stage 1
because it means that the positive net benefits at the contingent decisions can be

realised.

Figure 5.3.6a

The ENBS and optimal sample size for this decision problem depends on the value
of 1/g, and figure 5.3.6b illustrates the ENBS for this numerical example when the
value of 1/g is higher at £10,0000. In this case the optimal sample size is higher
(n°=432) and the ENBS|n* is also higher. Now the ENBS at stage 3 and stagé 1
is highe'r than at stage 2. This is because less weight is placed on the marginal
sampling cost at stage 1, and because the prior decision to treat at stage 2 is less
uncertain than the decision not to use the test at stage 1 (L(Dy,)<L(Dy,,) in figure
5.3.3b) and it is also less uncertain than the choice between t, and t, at stage 3

LDy < L(Dysy) in figure 5.3.3b).

Figure 5.3.6b
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The ENBS when the value of 1/g is increased to £20,000 is illustrated in figure
5.3.6¢c. The optimal sample size is greater (n"=666) and the maximum ENBS is
also higher. The highest ENBS is at stage 1 and the lowest is at stage 2, this is
because the prior decision to treat at stage 2 is less uncertain than the prior
decision at stage 1, which is now to use the test (L(Dy)) < L(Dy,,) in figure

5.3.3b).

Figure 5.3.6¢

These examples demonstrate that it is possible to construct the second hurdle for
more complex sequential decision problems and this hurdle operates in the same
way as in the previous section and in chapter 4. If the ENBS|n* exceeds the fixed
cost of proposed research then it is cost-effective when conducted at the
technically efficient scale. Similarly the difference between the ENBS and the
fixed cost of research can be used to set priorities across research proposal that
pass the second hurdle. If those proposals where the difference between ENBS|n*
and fixed cost are greatest are implemented first then the maximum benefits can be
gained for a fixed research and development budget. So again this approach and
construction of the second hurdle can be used to ensure the optimal allocation of

research and development resources among technically efficient research designs.

The relationship between the value of 1/g and the optimal sample size for this
numerical example is illustrated in figure 5.3.7. Optimal sample size is illustrated
for a range of values of 1/g and for three quasi prior samples (ng=2, 6, 18). This
illustrates that when the value of 1/g is low there will be a point where the optimal
sample size is zero and decisions should be based only on prior information which
in this example would be not to treat. However sampling becomes optimal at
lower values of 1/g when the pridr is more sceptical (n,=2) just as in the analysis
of the two stage decision problem . This is because if there is less confidence in

prior information then the prior decision will be more uncertain and the benefits of
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sample information will be greater. In this numerical example the optimal sample
size increases with 1/g and is not particularly sensitive to the strength of the prior
information. The discontinuities in this relationship occur where the clinician is

indifferent between the alternatives at each stage. These points of indifference at

stage 1 and stage 2 where information will be most valuable change with sample

size.

Figure 5.3.7

Once the optimal sample size has been established the relationship between
ENBS|n’ and the value of 1/g can be illustrated in figure 5.3.8a. The
discontinuities in the relationship between the value of 1/g and the ENBS are at
those values of 1/g where the clinician would be indifferent between the
alternatives. For example the discontinuity in the ENBS ;) occurs when 1/g
=£10,000 and the clinician is indifferent between treatment t, and t,. Figure 5.3.8a
also illustrates that the stages where information will be most valuable will also
depend on the value of 1/g. When the value of 1/g is high (greater than £11,000)
the ENBS is highest at stage 1 and lowest at stage 2, however if the value of 1/g is
lower (less than £6,000) then the ENBS is highest at stage 2 and lowest at stage 1.
This approach can identify those points in sequential decision problems where
information will be most valuable and this can be used to set priorities in acquiring
additional information, however the point at which information is most valuable

will depend on the value of 1/g.

Figure 5.3.8a
Figure 5.3.8b

The ENBS|n’ for this decision problem using three quasi prior samples (n=2, 6,
18) is illustrated in figure 5.3.8b, and demonstrates that the second hurdle is also
sensitive to the quality or strength of prior information. When the prior is more

sceptical (n,=2) then the ENBS is higher at each value of 1/g because the prior
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decisions are more uncertain and additional information will be more valuable.
Similarly when the prior is less sceptical the ENBS is lower for each value of 1/g,
because the prior decisions are less uncertain and the value of additional

information will be lower.

5.3.3 Implications for Research Design

This numerical example demonstrates that this approach can be applied to more
complex sequential decision problems. This four-stage decision problem is
identical to the two stage decision problem in considered in section 5.2 of this
chapter except that an alternative treatment t, is available. An analysis which
either did not recognise that t, is a feasible alternative or ruled it out as not
relevant would bias the second hurdle and lead to errors in efficient research

design by excluding arms of the trial, and biasing the optimal sample size.

These dangers can be illustrated by comparing the ENBS|n” for the four-stage
problem considered in this section and the ENBS|n’ for the two-stage problem
consideréd in section 5.2. This comparison is illustrated in figure 5.3.9a. The
ENBS for the two-stage problem represents the results of an analysis which has
ruled out t, as an irrelevant alternative. Treatment t, may have been regarded as
not relevant because it may not be part of current practice. If the value of 1/g is
greater than £10,000 it will not be selected at any stage based on prior
information, and if purely clinical decision rules are used to select existing patient
management strategies it will never be selected at any prior probability of disease.
This was discussed in more detail in chapter 2. However if't, is excluded for what
ever reason ﬁgur_e 5.3.9a demonstrates that the ENBS will be underestimated, the
second hurdle will be biased. There will be a danger that a cost-effective research

proposal will be rejected at this second hurdle.

Figure 5.3.9a
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Figure 5.3.9b

The design of the proposed trial will be inefficient and will exclude the random
allocation of trial entrants at stage 4 and stage 3. The optimal sample size will also
be biased and this is illustrated in figure 5.3.9b where the optimal sample size for
the four stage problem is greater than for the two stage problem which excludes
t,. Once again this illustrates that arbitrarily excluding feasible alternatives and
using implicit rules and inconsistent judgements to identify which alternatives are
regarded as relevant will bias research design. In this example the value of
information and the technically efficient scale of proposed research will be
underestimated. There is a danger that cost-effective proposals will be rejected

and those that are accepted will be conducted at less than the technically efficient

scale.
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5.4 Conclusions

The examples considered in this chapter have demonstrated that the decision
analytic approach to valuing the information generated by clinical research can be
applied to sequential clinical decision problems. The first and second hurdles can
be constructed and they can be used to achieve technically efficient research

design and allocative efficiency across proposed clinical research.

In a sequential clinical decision problem the clinician faces an uncertain choice at
each stage (decision node) and with no sample information these decisions must
be made based only on prior information. There is a chance that these decisions
will be wrong and opportunity losses will be incurred at each stage. The EVPI, or
the expected opportunity loss, for the full decision problem will be the sum of the
EVPI at each stage (at each point where the clinician faces an uncertain decision).
The EVPI can be used as the first hurdle for proposed research which will be
potentially cost-effective if the EVPI exceeds its fixed cost. Just as in chapter 4
the EVPI is sensitive to the value of health outcome and demonstrates once again
that the value of information and research priorities cannot be separated from the
budgetary restrictions on service provision. This approach to sequential decision
problems allows the EVPI to be established at each stage and can be used to
identify those points in a sequence of decisions where the cost of uncertainty is
greatest and where additional information may be most valuable. This may
provide very different results to a simple sensitivity analysis which is potentially
misleading if it is used to identify points where additional information will be

valuable.

If proposed research passes the first hurdle then it is potentially cost-effective. The
next step is to establish the expected net benefit of sample information at the
optimal sample size. In a sequential decision problem trial entrants are allocated
to each arm of the trial at each stage. The problem is that the benefits of sampling

at an initial decision cannot be separated from the sample which will be generated
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at later stages. Therefore the ENBS is not simply the sum of the ENBS calculated
separately at each stage. A sample at the initial stage implies acquiring sample
information about contingent decisions which will change the prior incremental net
benefit and reduce the uncertainty surrounding the initial decision. This problem is
solved by making contingent sampling decisions and calculating the posterior net
benefits and posterior variance at later stages which is used as the prior
information at earlier decisions. This approach is consistent with the principles of
-backward induction where contingent sampling decisions must be made and
posterior values calculated before the ENBS can be established at the initial stage.
These methods ensure that the ENBS for the full decision problem can be
established by taking the sum of the ENBS at each stage without the danger that
the benefit of sampling will be overestimated by double counting at each stage, or

underestimated by simplifying a sequential problem to a single-stage decision.

The ENBS at the optimal sample size is the second hurdled that proposed research
must overcome. If the ENBS exceeds the fixed cost of the research then it can be
regarded as cost-effective and should be implemented. The optimal sample size or
the technical efficient scale of research is where the ENBS reaches a maximum
and this is the value of the second hurdle. These numerical examples demonstrate
that the value of the second hurdle is dependent on the value of health outcome,
and reaffirms the conclusion that the value of information and research priorities

can not be separated from the budgetary restrictions on service provision,

The comparison of the results of the two-stage problem in section 5.2 and the
single-stage problem in chapter 4 demonstrated that an analysis which did not
recognise the sequential nature of this problem by excluding the diagnostic test
would seriously bias efficient research design and underestimate the value of the
research. Similarly, an analysis which simplified the four-stage decision problem
in section 5.3 to the two-stage problem in section 5.2 by excluding t, would also
lead to serious errors at the second hurdle and a technically inefficient design.

These examples demonstrate the dangers of using implicit and inconsistent
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decision rules to identify relevant alternatives and exclude others. This is an issue
which was also discussed in chapter 3. The examples used in this chapter are the
same examples which were used in chapter 2 and 3 to show that valid inferences

may not necessarily be made by observing current clinical practice. At the end of

chapter 3 this conclusion posed a number of problems:

“If valid inferences cannot be based on observing current clinical
practice, but the prospective evaluation of all possible alternatives
in a sequential clinical decision problem is not possible, efficient, or
ethical, then: (a) how should information of different quality from
different sources be combined consistently and explicitly; (b) which
clinical decision problems will be worth evaluating in a clinical trial,
(b) if a clinical decision problem is worth evaluating which of the
competing alternatives should be compared in a clinical trial; and

(c) what is the optimal scale of this prospective research?”

The approach taken in this chapter and the last has solved, at least in principle, all
but one of these problems. The Bayesian view of probability and the prior
distributions assigned to the key variables can consistently and explicitly
incorporate prior information from different sources and of different quality (with
the quasi sample size representing a more or less sceptical prior). The first and
second hurdles can identify which clinical decision problems should be considered
for prospective clinical research, and the construction of the second hurdle

identifies the efficient scale of this research.

However there remains the problem of which of a number of competing
alternatives should be compared within a clinical trial. This has not been
addressed, because the analysis in this chapter and in chapter 4 assumed an fixed
and equal allocation of trial entrants at each stage. This means that a sample is
allocated to each arm of the trial irrespective of the cost and benefit. This

arbitrary rule forces part of the sample to be allocated to each alternative and does
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not provide a method to identify which of the alternative are irrelevant. In the
next chapter this arbitrary fixed and equal allocation rule is relaxed and a simple
dynamic programming approach is used to establish optimal patient allocation and
provide an explicit and consistent method to identify relevant alternatives which

should be compared in the trial.
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Figure 5.2.1 Decision Tree for the Two Stage Decision Problem
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Table 5.2

Numerical Example for the Two-Stage Decision Problem

A A S el S
U, 6 0.5164 1.2649 12
Ua 8 0.5164 1.2649 12
Ui 2 0.2582 0.8942 6
Uy 10 0.2582 0.8942 6
Cu £12,000
Cor £8,000
Cro 0
Coo 0
C £8,000
p(D) 06 0.1 0.4899 24
pt’D) |09 0.0866 0.3 12
p(t,ND) |08 0.1155 0.4 12

ptID) = probability of a true positive result (sensitivity)
p(t,IND) = probability of a true negative result (specificity)

In this example 1000 patients enter the decision problem in one year.
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Figure 5.2.2 EVPI for the Two-Stage Decision Problem
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Figure 5.2.3a Standardised Distance (Do) at Stage 1 and Stage 2
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Figure 5.2.4 EVPI and the Strength of Prior Information
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Figure 5.2.5b ENBS for the Two Stage Decision Problem (1/g=£10,000)
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Figure 5.2.5¢ ENBS for the Two Stage Decision Problem (1/g=£20,000)

£24,000,000

ENBS

£21,000,000

£18,000,000 ENBS,
£15,000,000
)
£ £12,000,000
®
£9,000,000 -

£6,000,000 -
’ ENBS,,

£3,000,000

0 50 100 150 200 250 300 350 400 450 500

Sample Size (n)



Optimal Sample Size (n*)
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Figure 5.2.7b ENBS and the Strength of Prior Information
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Figure 5.2.8b Optimal Sample Size for the Single Stage and Two Stage Decision Problem
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Figure 5.3.1 Decision Tree for the Four Stage Decision Problem
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Table 5.3

Numerical Example for the Four-Stage Decision Problem

Prior Prior Population Quasi prior
Mean SD SD sample size (1)

U, 6 0.5164 1.2649 12

Uy 8 0.5164 1.2649 12

Uy 2 0.2582 0.8942 6

Ueo 10 0.2582 0.8942 6

U, 4 0.5164 1.2649 12

U 4 0.5164 1.2649 12

Cy £12,000

Cuo £8,000

Ci 0

Coo 0

C, |£2400

Co £2,400

Cu £8,000

p(D) 0.6 0.1 0.4899 24

p(t," D) 0.9 0.0866 0.3 12

p(t,ND) |03 0.1155 0.4 12

p(t, D) = probability of a true positi\}e result (sensitivity)
p(t.IND) = probability of a true negative result (specificity)

In this example 1000 patients enter the decision problem in one year.
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Figure 5.3.2b EVPI at Each Stage
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6.1 Introduction

The analysis in chapters 4 and 5 made a number of assumptions and simplifications
when establishing the value of sample information. In particular a fixed and equal
allocation of trial entrants to the alternative arms of the trial at each stage has been
assumed. In this chapter this assumption is relaxed and a dynamic programming
approach to optimal patient allocation is proposed. This is applied to the same
numerical examples which were considered in previous chapters and demonstrates
that optimal patient allocation increases the value of sample information and can
be used to identify and rule-out irrelevant alternatives which should not be
included in an efficient trial design. Indeed if arbitrary fixed allocation rules are
used then the research design will be technically ihefﬁcient, the expected net
benefits of sampling will be underestimated and there will be a danger that cost-

effective research proposals may be rejected at the second hurdle.

The equal allocation of patients between experimental and control arms of a trial is
often used and is implicitly justified by assuming that the variance of the outcome
of interest for the control arm of the trial is the same as the experimental arm, so
that the benefits (reduction in sample variance) of assigning an additional trial
entrant to either arm of the trial will be the same **'>. However there is little
justification for this rule of precedent when the costs and benefits of allocating a
trial entrant to the alternative arms of the trial are explicitly considered. In
principle, whether an additional trial entrant should be allocated to a particular
arm of a trial should be determined by the marginal benefits of assigning the
patient to that arm (which will be determined by the variance of the net benefits of
that arm) and the marginal costs of assigning the patient to that arm (which is
determined by the additional treatment costs). The only circumstances in which an
equal allocation could be justified would be when the variance and the marginal
sampling costs of both arms of the trial are the same. In these circumstances the
marginal net benefits of assigning the patient to the experimental arm will equal

the marginal net benefits of assigning the patient to the control arm.
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In the examples considered in the previous chapters the variance of the net
benefits of the alternatives at each stage are not assumed to be the same but they
are calculated based on the variance of the health outcomes, path probabilities,
the values of costs and 1/g.  Also the marginal cost of assigning a trial entrant to
either of the alternatives at each stage will not be the same. In the single-stage
decision problem which was considered in chapter 4 the marginal cost of assigning
a patient to the treatment arm will be the additional treatment cost, but the
marginal cost of assigning a patient to no treatment will be zero. In these examples
the marginal reporting costs are assumed to be negligible but even if reporting
costs are substantial it would not alter the key argument that the marginal
sampling cost of assigning entrants to different arms of the trial will not be the

same and should be taken into account when establishing optimal patient

allocation at each stage.

There is a body of 1iterature which considers the optimal allocation of trial entrants
in sequential clinical trials were the results of the trial accumulate over time and
can be used to assign entrants to the different arms’. An example of this type of
approach is Bather’s “play the winner rule” where patients are assigned to the arm
of the trial which appears to be most effective given the accumulated trial results®
® This approach and others addressing the same problem ™ 7 !*! do not consider
the marginal cost of sampling and tend to focus on minimising the potential health
cost to individuals enrolled in the trial by establishing allocation rules so that the
minimum number of individuals need to be enrolled in the less effective arm of the
trial to achieve the specified power and statistical significance. They are primarily
concerned with individual medical ethics rather than the collective ethical
concerns for the costs of acquiring sample information and the future patients who
will benefit from the information generated by the research'>. These approaches
are also primarily concerned with sequential clinical trials were the accumulated
results from earlier participants in the trial are available and are used to allocate
those entering the trial. This chapter addresses a more fundamental problem of

optimal allocation in a fixed sample design where sample information is only



available at the end of the trial. The value of sample information, optimal sample
size and the allocation of patients at each stage must be established before any

sample information is available.

The analysis in chapter 4 and 5 assumed that the population of future patients who
will benefit from the information generated by the proposed research is
independent of the numbers enrolled in the trial. This assumption means that
those entering the trial are regarded as separate and not part of the population
which will ultimately benefit from the results of the research. Clearly this is not the
case and those enrolled in a clinical trial are drawn from the same population of
patients who will benefit from the sample information. This assumption is relaxed
in this chapter and the incidence of patients entering the decision problem is
endogenous and depends on the sample size. This means that the population of
patients who could benefit from the results of the research are “used up” as the
size of the sample considered is increased. This will reduce the benefits of sample
information because an additional entrant will provide sample inforination but -
there will be one less patient available to benefit from it at the end of the trial. This
can be regarded as an additional opportunity cost of sampling because an
additional trial entrant will impose an opportunity cost equal to the EVSI for that
individual. The results of optimal allocation in section 6.2, 6.3, and 6.4 are
compared to the fixed allocation rule using the same example but with the

population also dependent on sample size in the same way.
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6.2 A Single-Stage Clinical Decision Problem

The analysis of the single-stage treatment decision problem in chapter 4 (the
selection of the fallback strategy in chapter 2) assumed a fixed and equal
allocation of trial entrants between the two alternative arms of the trial when the
expected net benefits of sample information were estimated. The fixed and equal
allocation rule used in chapter 4 implicitly assumes that the marginal benefits and
marginal costs of assigning a trial entrant to either alternative are equal. In the
traditional approach the marginal costs of sampling are not considered and it is
often assumed that the variance of the control and experimental arms of the trial
will be the same. In these circumstances the marginal benefits of assigning a trial
entrant to either alternative would be equal and the fixed and equal allocation rule

may be justified if the marginal cost of sampling is ignored.

However, when the marginal costs of sampling are explicitly considered and the
variance of expected net benefits of t, and t, are derived from the variance of each
of its components, the fixed and equal allocation rule will not be optimal because
the marginal benefits and the marginal costs of assigning an entrant to the
alternative arms of the trial will not be equal. The fixed allocation rule which was
used in chapter 4 can be relaxed and an optimal patient allocation can be
established by making contingent allocation decisions for a given sample size
before the optimal sample size is selected. The expected net benefits of sampling
using optimal patient allocation will be higher than the fixed allocation rules of
chapter 4 and in this example the optimal sample size will be higher and the total
cost of sampling will be lower. Proposed research which uses an arbitrary fixed
allocation rule will be technically inefficient, the value of the proposed research

will be underestimated and cost-effective research my be rejected at the second

hurdle.

The same numerical example that was used in chapter 4 is used to illustrate the

approach to optimal patient allocation. The decision problem is illustrated in
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figure 6.2.1 and this is identical to figure 4.2.1 except that the expected net
benefits of sampling and the optimal sample size is estimated in a two-stage
process. At stage 2 an optimal contingent allocation between t, and t, is made
based on the expected net benefits of every feasible allocation of each sample
entering stage 2. The optimal sample size which maximises the expected net
benefits of sampling is selected at stage 1 given that it will be allocated optimally
at the second stage. This approach is consistent with the principles of backward
induction where the contingent allocation decistons aré solved at stage 2 before

the expected net benefits of sampling are established and optimal sample size is

selected at stage 1.

Figure 6.2.1

The first hurdle for this decision problem is identical to the analysis in chapter 4,
because the EVPI depends only on prior information and is unaffected by how the
sample is allocated between the alternatives. If the proposed research passes the
first hurdle described in chapter 4 then the expected net benefits of sample
information must be estimated to construct the second hurdle. In chapter 4, where
a fixed allocation rule was used, only one estimate of the expected net benefit of
sampling was required for each sample size considered and the maximum ENBS at
the optimal sample size provided the value of the second hurdle. Once the fixed

allocation rule is relaxed there will be a number of alternative estimates of the

ENBS for each sample size.

This problem can be solved in two stages. Following the principles of backward
induction the second and final stage is solved first where contingent optimal
allocation decisions for a given sample size are established. The allocation of a
given sample between t; and t, will determine both the benefits and the costs of
sampling so the EVSI, the cost of sampling, and the ENBS, must be established
for every feasible allocation between t; and t, of each sample size entering stage 2.

There are a number of estimates of the ENBS for each sample entering stage 2
o
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because it can be allocated between t, and t, in a number of different ways. For
example two patients entering stage 2 can be allocated in three ways: with two
allocated to t, and zero to t,; or one allocated to t, and one to t,; or zero to t, and

two allocated to t,. In general there will be n+1 ways to allocate each sample of n

entering stage 2.

In this numerical example the sample sizes considered range from zero to 500.
This generates 125,500 possible alternative combinations of sample size and
allocation between t, and t, which must be considered and 125,500 estimates of
the EVSI, the cost of sampling, and the ENBS, will be required. This is
considerably more than the 501 estimates of the ENBS which were required for

the same range of sample size when using the fixed allocation rule in chapter 4.

6.2.1 Optimal Allocation at Stage 2

The expected benefits of sampling will depend on both the size of the sample
entering stage 2 and the way it is allocated between t; and t,. The benefit of
additional sample information is the reduction in the sample variance of the
incremental net benefits of t; (0,,,7). The variance of the expected net benefits of
t, and t, are not assumed to be the same and if the variance of the net benefit of t,
(0,2) is greater than t, (0,%) then the marginal benefit (reduction in G,)) of
assigning a trial entrant to t, will also be greater than t,. In these circumstances
assigning a trial entrant to t; would lead to a greater reduction in the uncertainty

surrounding the treatment decision (greater reduction in 0,,%).

EVSI at Stage 2
To establish the expected benefits of sampling an estimate of the EVSI for every

feasible allocation of each sample entering stage 2 is required. The EVSI,ln,,n,
E 2 2141

is a measure of the expected benefits of sample information given a sample of n
@
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entering stage 2 where n, is allocated to t, and (np,-ny) is allocated to t,

EVSlpine,ta =K, .\/\—/|n(2),nu oy LD [Nz M 6.2.1a
Do)zl = (Boey-00)/ " Ny

e 2 2 2
\/vln(z)’nn = Ooey 7 (Toy” + Ouzy)

8oz = prior incremental net benefit of t,
Oy = prior variance of 8y

on(z)z = (0y°/n,) + (00" (ngy-ny))

The EVSI,)n,), , takes account of the alternative ways to allocate a given
sample entering stage 2 because the sample variance of 8y, (Oy)) is the sum of
the sample variance of the net benefits of t, (04%/n,) and the sample variance of
the net benefits of to (0,7/(n-ny)). Sample variance and therefore the EVSI not
only depends on the size of the sample entering stage 2 (n;) but also how it is
allocated between t, (n,)) and t, (n,-n,). The marginal benefits of allocating an
additional entrant to t, or t, will only be equal if 6,,*= 0 and allocating an equal
number of trial entrants to t, and t, would minimise 0, In this numerical
example 0,2 is greater than 0, (when 1/g=£4,000) and the marginal benefits of

assigning a trial entrant to t, will be greater than t,.

However 0,,% and 0,)® are dependent on the value of 1/g because g is regarded as a
constant in the calculation of the variance of expected costs, and as g falls the
variance of the expected costs also falls. In this numerical example the variance of
the expected costs is a large component of 6, and as the value of 1/g increases
the difference between o,,* and o’ falls (when 1/g=£20,000 0,,* < 6,,%). If no
sample is allocated to one of the alternatives (either n,;=0 or n,=n,) then no
comparison can be made between the alternatives using sample information and
the EVSI will be zero. This may be the optimal allocation in some circumstances
and indicates that one alternative can be ruled-out as not relevant because

comparing the alternatives using sample information is not efficient.
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Cost of Sampling at Stage 2

The optimal patient allocation will also depend on the cost of sampling
(Cspynayn,) when trial entrants are allocated to the treatment alternatives. The
marginal cost of assigning a trial entrant to t, will not be the same as assigning the
entrant to t, at stage 2, because the marginal cost of sampling includes the
additional treatment costs compared to current practice, which in this example is
assumed to be t, (it is possible that the marginal sampling cost could be negative if
the experimental treatment is less costly than current practice). The marginal cost
of assigning an entrant to t, will include the additional cost of t, compared to t,
(E(Clt,) -E(Clt,)) but the additional treatment cost of assigning an entrant to t, will
be zero. It is assumed that the marginal reporting costs are negligible, but this
assumption does not weaken the argument that the marginal sampling cost will
differ between the alternative arms of the trial as long as the additional treatment

cost is one component.
CS(:)ln(z):nu: (E(Cit,) -E(Clto)).ny 6.2.1b
PayofT at Stage 2

In this example the cost of assigning trial entrants to t, at stage 2 is higher than t,
but the marginal benefits of assigning entrants t, are higher than t,. The optimal
allocation between t, and t, will involve a trade-off between the additional benefits
of assigning entrants to t, and the lower costs of assigning entrants to t,. The
ENBS,n,,ny, is the difference between the expected benefits and the cost of a
sample of n,, entering stage 2 with n, allocated to t, and n,-n, allocated to t,.
The payoff at stage 2 from a sample of n,, entering stage 2 (II @Naymy) is the
expected net benefits of sample information and can be estimated for every

feasible allocation between t, and t,.
H(2)|n(2),nﬂ = ENBS(:)In@»m 62 1c
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= EVSly/ng,n, - (E(Cit)-E(Clt))).n,

The optimal allocation of any sample entering stage 2 (n,") will be where the
payoff (ENBS) reaches a maximum. The II,)In,0,” for each sample entering
stage 2 can now be established and optimal contingent allocation decisions can be
made. This approach of solving contingent allocative decisions at stage 2
illustrated in table 6.2.1a where the possible sample sizes entering stage 2 are
represented by each row, the feasible allocations to t, are represented by the
columns, and the payoffs are illustrated in the body of the table. The optimal
allocation of each sample is the row maximum, and the optimal contingent

allocations and associated payoffs are illustrated in the right hand columns.

Table 6.2.1a

Optimal Allocation at Stage 2

The optimal contingent allocation of a sample (n,,) entefing stage 2 to t, (n,,) for
three values of 1/g is illustrated in figure 6.2.2. The fixed and equal allocation of
the sample entering stage 2 is represented by the rising diagonal where half the
sample is assigned to t, and half'to t,. A greater proportion of trial entrants are
allocated to t, than with the fixed allocation rule because the marginal cost of
assigning patients to t, is higher than t, where the cost of sampling is zero. This
difference in marginal sampling cost offsets the higher marginal benefits of
assigning entrants to t, (6,>>0,> when 1/g <£20,000). So in this numerical
example the optimal allocation of trial entrants will redu—ce the expected benefits
of sample information, but this will be more than offset by the reduction in
sampling cost. As the sample size entering stage 2 increases, the marginal benefits
of additional sample information fall and the differences in the marginal benefits of
assigning trial entrants to t, and t, will become less significant but the difference in
the marginal cost of sampling remains constant. This means that the optimal
allocation will change with sample size and in this example because the costs of

assigning a patient to t, is higher than t, the proportion of the sample allocated to
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t, falls as the sample size increases.
Figure 6.2.2

The optimal allocation is also dependent on the value placed on health outcome
for two reasons: firstly because this determines the weight placed on the
differences in the benefits and costs of assigning a trial entrant to each alternative,
so that less weight is placed on the additional cost of t;; and secondly the value of
g partly determines the variance of the expected costs of each alternative and
therefore the marginal benefits of assignment to t; and t,. In this example when
the value of 1/g is increased the difference between 0, and 0,2 falls (because the
variance of the expected cost is a larger component of 6,,%), consequently the
effect on the marginal benefits and on the weight attached to differences in
marginal costs both work in the same direction, and a greater proportion of the

sample is assigned to t;.

6.2.2 Optimal Sample Size at Stage 1

The first stage is simply to select the optimal sample size given that each sample
will be allocated optimally at stage 2. The payoff given a sample of n, at stage 1
(IyyIng,) is the payoff from stage 2 given an optimal allocation between t, and t,
(I 5,neyn, ). The optimal sample size at stage 1 (n,,") can now be identified in

table 6.2.1b, where II,In.;, (or ENBS;[n,;)) reaches a maximum.

I yngy = Iy lngyny” 6.2.2
ENBS;)ing, = ENBS;n,), n,

Ny = Ny

Once the optimal sample size has been selected at stage 1 the allocation of this

sample at stage 2 is given by the contingent allocative decisions that have been
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made at stage 2, and which were illustrated in table 6.2.1a and figure 6.2.2. Itis
the payoff (or the ENBS) at the optimal sample size which is the second hurdle
that the proposed research must overcome. This will be greater than the ENBS

when the fixed and equal allocation rule is used.
Table 6.2.1b

The two-stage approach to this single-stage decision problem is in fact the full
enumeration of all possible allocative decisions for a range of sample size and it
does provide an optimal solution to this problem. It is convenient to separate the
contingent allocative decision at stage 2 from the selection of optimal sample size
at stage 1, because it helps the explanation of the dynamic programming approach
which is used to solve the two and four-stage decision problems in section 6.3 and
6.4. In these more complex problems there fs a recursive relationship between the
payoffs at each stage and the full enumeration of these more complex sequential

problems quickly become intractable.

In general the solution to this single-stage problem using a fixed allocation rule
will require n+1 estimates of the ENBS where n is the maximum sample size

~ considered, but the solution to the same problem using an optimal allocation of
the sample will require ((n+1)*+n+1)/2 estimates of the ENBS. Solving this
problem using optimal allocation rule requires considerable additional
computation. The solution using a fixed allocation rule requires just over one
minute of computing time (6 estimates of the ENBS per second) but the solution
to the optimal allocation problem requires almost 6 hours of computing time when
considering a maximum sample size of 500 (125,751 estimates of the ENBS).

The computational requirements become even more extreme in the two and four

stage decision problems considered in section 6.3 and 6.4.
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6.2.3 Expected Net Benefits of Sample Information

The expected net benefit of sampling at stage 1 given an optimal allocation at
stage 2 is illustrated in figure 6.2.3a when the value of 1/g is £4,000. The
expected net benefit when a fixed and equal allocation rule is used is illustrated in
figure 6.2.3b. The expected net benefit reaches a maximum of £724,970 at a |
sample size of 116 (n,=29) when an optimal allocation is used. This is higher than
when the fixed allocation rule is used, where the maximum ENBS is £626,920
with an optimal sample size of 76 (n,,=38). The optimal allocation of trial
entrants increases the ENBS and the value of the second hurdle. If arbitrary
allocation rules are used then the ENBS will be underestimated, the value of the

second hurdle will be biased, and there is a danger that proposed research which

would be cost-effective will be rejected.

Figure 6.2.3a
Figure 6.2.3b

The expected value of sample information and the costs of sampling are also
illustrated in figure 6.2.3a and 6.2.3b. The EVSI increases at a decreasing rate and
actually declines in figure 6.2.3a as sample size is increased above 121 (and 185 in
figure 6.2.3b). This is because the population of patients who will benefit from
sample information is no longer independent of sample size and as the sample size
increases this population is “used up” in the trial. This was not the case in chapter
4 where the estimates of the EVSI assumed that the population who woul—d benefit
from the information generated by the trial was independent of sample size. -Now
an additional trial entrant will increase the sample information and increase the
EVSI for each individual but will reduce the number of patients who will benefit
from this additional information. This can be regarded as an additional opportunity
cost of sampling because an additional trial entrant will impose an opportunity

cost equal to the EVSI for that individual.



Figure 6.2.3a also shows that the total variable cost of sampling will not increase
at a constant rate as in figure 6.2.3b but will increase at a decreasing rate as the
optimal allocation of trial entrants changes as sample size increases. In this case
the marginal cost of sampling declines because the proportion of the sample

allocated to t, declines with sample size in figure 6.2.2.

The ENBS in figure 6.2.3b is negative when the sample size is low (n;,<6),
because the benefit of small amounts of sample information is less than the cdsts.
However when an optimal allocation is used the ENBS will not be negative at low
sample sizes because all the sample can be allocated to t, at zero cost. If all the
sample is allocated to t, no comparison between t, and t, using sample information

is possible and the EVSI, the cost of sampling, and the ENBS is zero (when n,;,<5
in figure 6.2.3a). ) ’

Value of Health Outcome

The value of sample information depends on the value of 1/g and the budgetary
restrictions on service provision. The ENBS when 1/g is increased to £10,000 is
illustrated in figure 6.2.4a when optimal allocation at stage 2 is used, and this can
be compared to the ENBS in figure 6.2.4b when a fixed and equal allocation rule
is used. The optimal allocation of trial entrants generates a maximum ENBS of
£4,308,900 at an optimal sample size of n,, =123 (n,"=46). Thisis higher than
when the fixed allocation rule is used where the maximum ENBS =£4,234 305
and n,,,"=110 (n,=55). The value of information increases with the value of 1/g
and in this example the optimal sample size also increases. Figure 6.2.4a and
6.2.4b also shows that the EVSI not only increases at a decreasing rate but will
ultimately decline because the population benefits are no longer independent of
sample size. Figure 6.2.4a also illustrates that the marginal cost of sa.mpling at
stage 1 is no longer constant but declines because as sample size increases the

proportion of trial entrants allocated to t, at stage 2 declines.
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Figure 6.2.4a
Figure 6.2 4b

The expected net benefit of sampling when the value of 1/g is increased to
£20,000 is illustrated in figure 6.2.5a when an optimal allocation is used and in
figure 6.2.5b when a fixed and equal allocation rule is used. With optimal
allocation the ENBS reaches a maximum of £4,390,086 at an optimal sample size
of 153 (n,,"=57). This is greater than when a fixed allocation rule is used where
the maximum ENBS is £4,297,885 at an optimal sample size of 140 (nt,=70). The
EVSI will decline when the n,;>172 in figure 6.2.5a and when n,>191 in figure
6.2.5b. The marginal costs of sampling in figure 6.2.5a also declines because a

smaller proportion of the sample is allocated to t; at stage 2 as the sample size is

increased.

Figure 6.2.5a

Figure 6.2.5b

Optimal Patient Allocation

The optimal patient allocation increases the value of information and it will also
change the optimal scale of research. The optimal sample size when optimal
patient allocation is used can be compared to optimal sample size with the fixed
allocation rule in figure 6.2.6. In this numerical example the optimal sample size is
higher when optimal allocation is used. Indeed figure 6.2.6 shows the
circumstances in which optimal allocation will result in a positive sample size but
the fixed rule indicates that no sample should be taken (when 1/g=£3,200). So it
is possible that by using optimal patient allocation sampling may become efficient
whereas with a fixed rule a trial would not be cost-effective and the optimal

sample size would be zero.

Figure 6.2.6
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The allocation of the sample is also illustrated in figure 6.2.6 and this
demonstrates that optimal patient allocation assigns fewer entrants to t,, because
the marginal cost of assigning trial entrants to t, is higher. Consequently the total
variable cost of the research is lower when optimal patient allocation is used
despite the fact that the total sample size is higher. The optimal sample size using
fixed allocation rules is not the same as in chapter 4 because the population
benefits are not independent of sample size and in this example the discontinuity in
the relationship between sample size and 1/g occurs at 1/g=£6,500 where the
clinician would be indifferent between t, and t,. At this point the opportunity cost

of enrolling an additional trial entrant (EVSI) reaches a peak.
Figure 6.2.7

The difference between the ENBS, the EVSI, and the cost of sampling when
optimal and fixed allocation rules are used is illustrated in figure 6.2.7. This
demonstrates that the optimal patient allocation will increase the maximum
expected net benefits of sampling and the value of the second hurdle. If an
arbitrary allocation rule is used to design a clinical trial then the potential benefits
of this research may be underestimated, the costs may be overestimated, and there
will be a danger that proposed research which is cost-effective may be rejected at
the second hurdle. The design and scale of proposed research will also be biased
and by using arbitrary rules those proposals which pass the second hurdle will be
conducted at less than the technically efficient scale with possibly higher cost and
lower net benefits. In this numerical example the optimal allocation of trial
entrants means that fewer entrants are allocated to t; and this reduces the benefits
of sample information (when 1/g>£4,000), but this is more than offset by the

reduction in the costs of sampling.
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Implications for Research Design

This approach to optimal allocation of trial entrants explicitly considers the
marginal benefit and marginal cost of assigning trial entrants to the alternative
arms of the trial. The marginal costs and benefits of allocating trial entrants to
alternative arms may differ and in these circumstances an optimal allocation should
be applied when designing efficient clinical research. This numerical example
demonstrates that the optimal allocation of trial entrants is not simply an issue for
sequential clinical trials but is a more fundamental issue which is also relevant to
the fixed sample design considered here, where all the results are available at the
same time at the end of the trial. There appears to be little justification for using
arbitrary fixed rules of precedent and these arbitrary rules will lead to inefficient
research design and errors at the second hurdle. The approach taken to this single-
stage decision problem involves the full enumeration of all feasible allocations of |
each sample size considered and therefore provides the optimal solution to this
problem. This requires a considerable increase in computafion compared to the
fixed allocation rule used in chapter 4, however the additional computation
becomes extreme when more complex decision problems are considered. Full
enumeration of more complex decision problems is simply not feasible and a
dynamic programming solution to the two and four-stage decision problems is

presented in section 6.3 and 6.4.
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6.3 A Two-Stage Sequential Clinical Decision Problem

The approach to optimal patient allocation can also be applied to sequential
clinical decision problems. In this section it is applied to the two-stage decision
problem which was considered in chapter 5.2. This is the same problem which was
also considered in chapter 2, where the clinician must decide whether to use a
diagnostic test and treat according to the test results, or use the fallback treatment
strategy. This decision problem is illustrated in figure 6.3.1 and it is identical to
the problem illustrated in figure 5.2.1 except that it is solved in three stages when

optimal patient allocation is required.
Figure 6.3.1

At stage 3 an optimal contingent allocation between t, and t, for each sample
entering stage 3 is made based on the expected net benefit of every feasible
allocation of each sample. At stage 2 an optimal contingent allocation between
the test and no test arm of the trial is made for each sample entering stage 2. This
is based on the expected net benefit of sampling at stage 2 and the payoff from the
optimal allocation of the sample assigned to the no test arm which enters stage 3.
Finally the optimal sample size which will maximise expected net benefits can be
selected at stage 1. Solving contingent allocation decisions before the optimal
sample size is selected at stage 1 is consistent with the principle of backward
induction and can be characterised as a simple three-stage dynamic programme,
where the payoff for each sample size considered at stage 1 is the expected net
benefit given that an optimal patient allocation policy will be followed from stage
1 to the end. This approach of making contingent allocative decisions avoids the
full enumeration of all possible allocations of each sample and dramatically
reduces the computation required. Indeed the full enumeration of all the possible
alternatives in a sequential decision problem for the range of possible sample sizes
considered here is not feasible. The approach taken in this chapter provides a

practical solution to the problem.
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The same numerical example that was used in chapter 5.2 is used to illustrate this
approach to optimal patient allocation. The expected net benefits using optimal
patient allocation are compared to the fixed and equal allocation that was used in
chapter 5.2 but in this section (as in section 6.2) the population of patients who
will benefit from the information generated by the research is no longer assumed
to be independent of the sample size selected. Consequently the results with
optimal patient allocation are compared to the fixed allocation rule when both

have endogenous population benefits.

The estimates of the EVPI and the value of the first hurdle is identical to the
estimates in chapter 5.2 because the EVPI is based only on prior information and
is not affected by the allocation rules. If the proposed research passes the first
hurdle the second hurdle must be constructed to demonstrate that it will be cost-
effective and to establish the technically efficient scale of the research. Just as in
section 6.2 the second hurdle is dependent on the allocation rules used to assign
trial entrants to the alternative arms of the trial at each stage because this will

determine both the expected benefits and the costs of a given sample.

6.3.1 Optimal Allocation at Stage 3

At stage 3 the optimal contingent allocation between t, and t, for each sample
entering stage 3 must be made based on estimates of the expected net benefits of
sampling for every feasible allocation of each sample entering stage 3. The optimal
contingent allocation will be where the expected net benefit reaches a maximum
for a given sample size. This is the same problem that was considered in the
previous section of this chapter except that it is now a contingent treatment

decision which follows the initial diagnostic decision.

Once the fixed allocation rule is relaxed the expected benefits of sampling depend

not only on the sample size entering stage 3 but also on the way this is allocated to
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t,and t,. An estimate of the expected benefits of sampling for every feasible
allocation of each sample entering stage 3 is required. The EVSI5)|n3,n, is a
measure of the expected benefit of sample information given a sample of n,,

entering stage 3 with n,allocated t, and (n;,-n,) allocated to t, and from 6.2.1a:

EVSIing,nt, =K. /Vn,on, .0gs L(Dg,ng,.nt,) 6.3.1a

Dyslngynts = (Boay-8u)/ ¢ Vs,
8oz = (E(UIt))-g E(Clt,)) - (E(Ulto)-g.E(Clt,))
Vg0 = O (o) t0uzy)

2
on(3)2 = (0,7 nz1)+(0:02/ (neyny))

In this numerical example o,,% is greater than 0,)> and the marginal benefits of
assigning a trial entrant to t, will be greater than t,, However o,* and g, are

partly determined by the value of 1/g, and the difference between 0, and 0,

declines as 1/g is increased.

The total variable cost of sampling (Cs;)n;),n,) is also determined by how the
sample is allocated between t; and t, because the additional treatment cost of
assigning a patient to t, will be zero but the marginal cost of assigning a trial

entrant to t, will be the additional treatment cost of t,.
Csylng,ny = (E(Clt)) -E(Clto))-ny - 6.3.1b
The payoff at stage 3 given a sample of n;, entering stage 3 (H(3)|n(3),n;,) is the

expected net benefits of sampling given a sample of n;) entering stage 3, with n,,

allocated to t, and ng;-n,, allocated to t,.
II 3,0y = ENBS3)[n),n, = EVSI I, n, -Csglngpn,  6.3.1c

The payoff can now be established for every feasible allocation of each sample
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entering stage 3. The optimal contingent allocation is the allocation where the
ENBS reaches a maximum for each sample size. This is illustrated in table 6.3.1a.
The payoffs in the body of the table and the optimal contingent decision are the

same as at stage 2 from table 6.2.1a in the previous section of this chapter.
Table 6.3.1a

The optimal contingent allocation of a sample entering stage 3 for this numerical
example is illustrated in figure 6.3.2a. These contingent allocations for three
values of 1/g are the same as the contingent optimal allocation at stage 2 in section
6.2. The marginal cost of allocating entrants to t, results in a smaller proportion

of the sample allocated to t, than when using the fixed and equal allocation rule in

cliapter 5.

Figure 6.3.2a

6.3.2 Optimal Allocation at Stage 2

At stage 2 the optimal contingent allocation between the test (t.) and the no test
(nt,) arm of the trial for each sample entering stage 2 must be made based on the
expected net benefit of sampling at stage 2 and the payoff given the optimal

allocation of the sample which will enter stage 3.

Payoff at Stage 2

A sample entering stage 2 (n,,) which is allocated between test (n,) and no test
alternatives (n-n,)) will generate benefits and costs of sampling at stage 2, but
when part of the sample entering stage 2 is allocated to the no test arm of the trial
it will enter stage 3 (n=n,-n,) and will be allocated optimally, generating

payoffs of II3ing,n," which where illustrated in table 6.3.1a. This is a recursive
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relationship ' ! where the payoff at stage 2 is partly determined by the payoffs
associated with the optimal contingent allocation at stage 3. So the payoffs
(IL,n,,n,) and the optimal contingent allocation at stage 2 will be determined by
the ENBS at stage 2 and the payoff from allocating part of the sample to the no

test arm given that an optimal allocation policy will be followed at stage 3.

1)) 0e =ENBS5)In,n,, + H(3)!n(3),nu‘ 6.3.2a

Ny = Ny Ty

The payoffs for every feasible allocation of each sample entering stage 2 are
illustrated in table 6.3.1b (when l/g=£4,000). The possible samples entering stage
2 are represented by each row. The feasible allocations to the testing arm of the
trial (n,) are represented by the columns, and the sample allocated to the no test
arm ng,-n,, will enter stage 3 and will be alloéated optimally in table 6.3. lb; The
optimal contingent allocation at stage 2 and the associated payofls are the row

maximums and are illustrated on the right hand columns of the table.

Table 6.3.1b

EVSI at Stage 2

The payoffs in the main body of table 6.3.1b require estimates of the
ENBS,,|n), 0 and both the expected benefit and cost of sampling will be
determined by the sample size and how it is allocated. The expected benéfit of
sampling (reduction in sample variance (0,,(2)2 )) depends on n,, and how it is
allocated between the alternatives. The marginal benefits of assigning a trial
entrant to either the test or no test arms will be determined by the variance of the
net benefit of testing (,.”) and the variance of the net benefit of not testing (0,,).
In this numerical example 0,.* is greater than 0,2 and the marginal benefits of
assigning an entrant to the test arm will be greater than the no test arm of the trial.

However the difference between 0,2 and 6,2 declines as 1/g increases. The
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EVSI,In,,.n, is a measure of the expected benefit of an sample of n,,, entering

stage 2 with n, allocated to the test arm and n,,-n,, allocated to the no test arm of

the trial.

EVSIying, o, =K. {/Vn,.n, .0y, L(Dp)lng, n,,) 6.3.2b

Dyl 0 = (3020 \/Vn(z),n‘e
8y = (E(Ult,)-g E(Ct.)) - (E(Ulnt,)-g.E(Clnt,))
V Vn(Z)’nte = 00(2)2/ (00(2)2 + On(?.)z)

0“(2)2 = (olezlnle) + (onlez/ (n('l)-ntc))

The prior incremental net benefit (8y)), the prior variance of 8, (04,2, and the
variance of the net benefits of not testing (o,,.”) depend on the sample assigned to
nt, which will enter stage 3 (n=ny,-n,.). This is the same problem of establishing
the net benefits of sampling at stage 1 in chapter 5.2 when a fixed allocation rule is
used. But now the prior mean and the variance of the net benefits of not testing
depend not only on the sample allocated to the no test arm, but also on the way

this sample will be allocated between t; and t, at stage 3.

The prior net benefits of not testing (E(U|nt,)-g. E(Clnt,)) and therefore 8, is
dependent on the sample allocated to the no test alternative at stage 2 which will

enter stage 3, and from 5.2.8a and 5.2.8b:

E(Uint)-g E(Clnt,) = p(8,, >0,*).(E(Ult)-¢ E(Clt))  6.3.2¢
* 1-p(84 >0y *)-(E(Ulto)-g.E(Clty))

Py >0xy*) = P(Z>((Bos) >0,y *)/0ws))

Oy’ = (0u’/ny*) + (0™ (030 *))

The value of p(8,3,>0,3)*) is determined by the sample assigned to the no test
arm (n,-n,;=n;,) which will enter stage 3 and the way it is allocated between t,

and t,. The value of E(Ulnt,)-g E(C|nt,) is calculated assuming an optimal
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allocation policy is followed at stage 3, and this is the prior information used to

establish the EVSI at stage 2.

The prior variance of (E(Ulnt)-g E(Cint,)) and therefore 00(2)2 are also dependent
on the sample allocated to nt, which enters stage 3. This is because it determines
the value of p(8ys,>0,:,*) and because the prior variance of (E(Ulnt,)-g. E(Cint,))
at stage 2 is based on the posterior variance of (E(Ult,)-g.E(Cl|t,)) and (E(Ult,)-

g E(Clt,)) from stage 3. The posterior variance of (E(U]t,)-g.E(Clt,)) and
(E(Ult,)-2.E(Clt,)) is a combination of the prior and sample variance of each and is
calculated for each sample assigned to the no test arm assuming that an optimal
allocation policy is followed at stage 3. The population variance of the net benefit
of not testing (a,,.) is also partly determined by the sample entering and allocated
at stage 3, because this determines the value of p(d,;, >6;(3)*). The expected
benefit of every feasible allocation of each sample entering stage 2 can now be

established given that a sample allocated to the no test arm will be allocated

optimally at stage 3.

Cost of Sampling at Stage 2

The cost of sampling at stage 2 (CsyIn,,n,) is the additional treatment cost. The
marginal cost of assigning an entrant to the no test arm of the trial at stage 2 will
be zero because the additional cost of assigning a trial entrant to t, has already
been taken into account in the estimates of the ENBS at stage 3. However the
additional treatment cost of assigning an entrant to the testing arm of the trial will

be the additional expected cost of the testing strategy.
Cspylnepnie = (E(Clt)-E(Clty)).n,, 6.3.2d
The ENBS 3|n.),n,, can now be established and is the difference between the

expected benefit and the expected cost of a sample entering stage 2 with n,,

allocated to the test arm of the trial and n,-n,, allocated to the no test arm.
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ENBS(z)an),ﬂte = EVSI(Z)]H(‘_}), ntc 'CS(S)’n(z), nw 6.3.26

Optimal Allocation at Stage 2

The optimal allocation will be where the marginal payoff of assigning a trial
entrant to test arm is equal to the marginal payoff of assigning the entrant to the
no test arm, or where the Il ;|n,,n, reaches a maximum for each sample entering
stage 2 (row maximum in table 6.3.1b). The optimal contingent allocation of the
sample entering stage 2 for this numerical example is illustrated in figure 6.3.2b
for three values of 1/g. The optimal allocation to the testing arm of the trial can

be compared to the fixed allocation rule used in section 5.2 where half the sample

is allocated to the test and half to the no test arm.

Figure 6.3.2b

Figure 6.3.2b illustrates that the optimal allocation depends on both the sample
size entering stage 2 and the value of 1/g because this will determine the weight
placed on the differences in the marginal cost and benefit of aséigning entrants to
either t_ or to nt.. In this example the variance of the test arm is greater than the
no test arm so the marginal benefits of allocating an enfrant to t, will be greater
than nt,. However the marginal costs of assigning an entrant to te is greater than
nt,. When the value of 1/g=£4,000 n,=0 and the optimal allocation is to assign all
the sample to the no test arm. In these circumstances it is not efficient to compare
the test and no test strategies using sample information and the testing arm of the
trial can be ruled out as an irrelevant alternative. However if the value of 1/g is
increased to £10,000 then less weight is placed on the additional costs of assigning
entrants to the testing arm of the trial and more weight is placed on the additional
benefits. Now it is efficient to assign entrants to t, and the test arm becomes a

relevant alternative.
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6.3.3 Optimal Sample Size at Stage 1

The first stage is simply to select the optimal sample size given that a sample
considered at stage 1 will enter stage 2 and will be allocated optimally between
test and no test arms, and the sample entering stage 3 will be allocated optimally
between t, and t,. The payoff from a sample of n,, at stage 1 (II;n,,) is simply
the payoff given that an optimal patient allocation policy is followed at each

subsequent stage.

H(l)ln(l) = H(Z)ln(Z)’nte. 633
ENBSing, = ENBSlng,n.’ + ENBSng,n,”

Ny = Ny

Ny = Ny Ty

The optimal sample size at stage 1 (ng,") can now be selected in table 6.3.1¢ and
will be where IT;|n;, (ENBS,In,)) reaches a maximum. This is the value of the
second hurdle for this two-stage decision problem and will be higher than when a
fixed and equal allocation rule is used. Once the optimal sample size has been
selected at stage 1 the allocation of this sample between each alternative at each
stage is given by the contingent allocative decisions that have already been made

at stage 2 and 3 and which were illustrated in tables 6.3.1b and 6.3.1a, and figures

in 6.3.2b and 6.3 .2a.

Table 6.3.1c
The Dynamic Programming Approach
This approach to optimal patient allocation dramatically reduces the computation
required to establish the optimal sample size and the value of the second hurdle.

The optimal contingent allocation which has been made at stage 3 reduces the

number of alternatives which must be considered at stage 2 because only the
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payoffs from stage 3 given optimal contingent allocation need to be considered.
Only one estimate of I13,InG, 0, is required for each sample allocated to the no
test arm, rather than estimates for all the feasible allocations of each sample. This
is a considerable reduction in the computation required because using this
approach the optimal allocation of a sample at stage 2 requires ((n+1)*+(n+1))/2
estimates of IL;)n,n,, at stage 3 and ((n+1)*+(n+1))/2 estimates of Iy |n,n, at

stage 2, where n is the maximum sample size considered.

In this numerical example the maximum sample considered is 500 and a total of
251,502 estimates of payoff are required to solve the optimal contingent allocation
at stage 2 and stage 3 (12 hours computer time at 6 estimates per second).
However the full enumeration of all feasible allocations of the sample at stage 2
and stage 3 would require 125,751? estimates which would take almost 84 years
of computing time. Even if a 100-fold increase in computing speed was possible
the solution would still require more than 10 months of computing time. Clearly
the full enumeration of all possible alternatives is not feasible and this surprising
result is a consequence of the problem of dimensionality''!. When A is the
number of alternative combinations of sample size and allocation at each stage,
and S is the number of sfages in the decision problem then total number of
alternatives will be A%. The simple dynamic programming approach 99,120 1) the
problem taken in this chapter provides a feasible and practical solution by reducing
the number of alternatives which must be considered to A«S for an § stage

decision problem ™.

6.3.4 Expected Net Benefit of Sample Information

The expected net benefits of sampling at each stage with optimal patient allocation
at stage 3 and stage 2 is illustrated in figure 6.3.3a and this can be compared to the

expected net benefits when a fixed and equal allocation rule is used in figure

6.3.3b, when 1/g=£4,000. The ENBS,;, when a optimal allocation rule is used
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reaches a maximum of £724,970 at an optimal sample size of 116 (n,"=0, and
n,,"=29) with all the sample allocated to the no test arm and the treatment decision
at stage 2, consequently ENBS,=0 and ENBS;,=ENBS;,. This is greater than
when the fixed allocation rule is used where the maximum ENBS,,, is £362,366 at
an optimal sample size of n,,"=80. This is because the negative ENBS,, from
allocating half the sample to test alternative at stage 2 in figure 6.3.3b can be
avoided when the optimal allocation rule is used. In this example the optimal
allocation reduces the benefits from sampling (because no sample is allocated to te
which has a higher variance of net benefits), but this is more than off-set by the

reduction in the cost of sampling.

Figure 6.3.3a
Figure 6.3.3b

The optimal allocation of the sample at each stage allows irrelevant or inefficient
alternatives to be identified and ruled-out explicitly and consistently because it is
possible to allocate none of the sample to that arm of the trial. This is not the case
when a fixed allocation rule is used in chapter 5 because half the sample is always
allocated to each alternative at each stage irrespective of the costs and benefits. In
this example the optimal allocation enables no sample to be assigned to the test
arm of the trial, and the test arm can be ruled-out as an irrelevant alternative
because the comparison of the test and no test alternative using sample
information is not cost-effective. Once the test alternative has been ruled-out as
irrelevant the optimal trial design is identical to single-stage problem in section 6.2

with the same optimal sample size and the same expected net benefits.
Value of Health Outcome
The ENBS, the optimal sample size, and optimal allocation is dependent on the

value of 1/g and the budgetary restrictions on service provision. The ENBS when

the value of 1/g is increased to £10,000 is illustrated in figure 6.3.4a when the
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sample is allocated optimally and in figure 6.3.4b when the fixed allocation rule is
used. In figure 6.3.4a the ENBS reaches a maximum of £12, 155,102 at an
optimal sample size of 136 (n,. =68 and n,,"=31). The testing arm at stage 2 is now
a relevant alternative because less weight is placed on the marginal costs of
assigning entrants to the test arm and the additional benefits are valued more
highly. Half the sample is allocated to the testing arm and this demonstrates that
what can be regarded as a relevant alternative is dependent on the value placed on
health outcome. Once again the maximum ENBS and optimal sample size with
fixed allocation is lower (ENBS=£12,098,145 and n,;,"=133). In this case the
expected benefits of sampling are higher and the costs of sampling are lower with

optimal allocation despite the fact that the optimal sample size is higher.

Figure 6.3 4a
Figure 6.3.4b

The ENBS when the value of 1/g is increased to £20,000 is illustrated in figure
6.2.5a when optimal patient allocation is used and in figure 6.2.5b when a fixed
allocation rule is used. In figure 6.3.5a the ENBS reaches a maximum of
£18,499,910 at an optimal sample size of 147 (n, *=86, and n,*=28), and now
more than half of the sample is assigned to the testing arm of the trial at stage 2.
This is because more weight is placed on additional benefits of assigning the
sample to the testing arm and less weight is placed on the additional costs (this
was also illustrated in figure 6.3.2b). Clearly the testing arm is a relevant
alternative and in figure 6.3.5a the greatest share of the ENBS,,, is accounted for

by the net benefits of sampling at stage 2.

Figure 6.3.5a
Figure 6.3.5b

The ENBS when the fixed allocation rule is used in figure 6.3.5b is lower
(£18,313,023) but the optimal sample size is higher (153). So in this case the
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optimal patient allocation leads to a smaller optimal sample size, but this smaller
sample generates a higher expected benefit which off-sets the higher sampling
cost. This is because more entrants are assigned to the testing arm of the trial
where the benefits and costs are highest. This example demonstrates that the
optimal patient allocation at each stage of the decision problem may increase or
reduce optimal sample size and may also increase or reduce the costs of sampling
depending on the particular example and the value of 1/g. However what is clear
is that optimal allocation will increase the expected net benefits of sampling and

the value of the second hurdle.
Optimal Patient Allocation

The optimal sample size and allocation to the testing arm of the trial for both fixed
and optimal allocation rules can be compared in figure 6.3.6 for a range of values
of 1/g. As already noted the optimal allocation of the sample can lead to greater
or smaller optimal sample size and more or less assigned to the testing arm of the
trial depending on the value of 1/g. However figure 6.3.6 also illustrates
circumstances where optimal allocation leads to a positive sample size when no
sample would be taken if a fixed rule is used. When 1/g<£4,000 no samble is
taken when a fixed allocation rule is used because it forces trial entrants to be
assigned to the costly testing arm of the trial. However when l/g'z £3,000 the
optimal allocation of trial entrants leads to positive sample size, demonstrating
that optimal patient allocation can lead to proposed research being cost-effective

when an arbitrary fixed rule would make it inefficient.

Figure 6.3.6
The difference in the ENBS;,, EVSI, and the cost of sampling at the optimal
sample size between the optimal and fixed allocation is illustrated in figure 6.3.7

for a range of values of 1/g. This demonstrates that the optimal allocation of trial

entrants will increase the expected net benefits of sampling. This may be achieved
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by a reduction in the cost of sampling (possibly with a reduction in the expected
benefits of sampling) or alternatively it may be achieved by an increase in the

expected benefits of sampling (possibly with an increase in the cost of sampling).
These differences are determined by the value of 1/g because this determines the

relative weight placed on the additional benefits and costs of assigning entrants to

each arm of the trial.

Figure 6.3.7

The way that the optimal allocation of trial entrants can be used to identify
relevant alternatives explicitly and consistently can be illustrated in figure 6.3.8a
and 6.3.8b where the maximum ENBS,, and the optimal sample size for the
single-stage decision problem considered in 6.2 can be compared with the two-
stage decision problem considered here. When the value of 1/g<£4,000 the
ENBS,, for the two-stage decision problem is the same as the ENBS,, for the
single-stage decision problem and the optimal sample size is also the same for this
range of value of 1/g. The test alternative at stage 2 is not a relevant alternative
and should not be included in the design of prospective research. This approach to
optimal patient allocation alloWs no sample to be allocated to an alterative at each
stage and if it is optimal not to allocate a sample to an alternative then it can be

regarded as irrelevant and can be excluded from prospective research.

Figure 6.3.8a
Figure 6.3.8b

In this example when 1/g<£4,000 the two-stage decision problem is identical to
the single-stage decision problem because the testing arm is an irrelevant
alternative and no sample is assigned to testing at stage 2. However when the
value of 1/g>£4,000 less weight is placed on the higher marginal cost of assigning
entrants to the testing arm of the trial and testing is a relevant alternative. An

analysis which simplified this two-stage decision problem to a single-stage

161



treatment decision would underestimated the value of the research and seriously
bias the trial design. This demonstrates that what are relevant alternatives depends
on the value of 1/g and alternatives cannot be ruled-out as irrelevant before the
shadow price of the budget constraint (the value of health outcome) has been

established.
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6.4 A Four-Stage Sequential Clinical Decision Problem

The dynamic programming approach to optimal patient allocation can also be
applied to more complex sequential clinical decision problems. In this section the
approach is applied to the four-stage decision problem that was considered in
chapter 5.3. This is the problem that was used to generalise the Phelps Mushlin
strategy in chapter 3 and is identical to the two-stage problem considered in the
previous section except that an alternative treatment t, is available. This is
illustrated in figure 6.4.1 and is identical to figure 5.3.1 except that this four-stage

decision problem is solved in five stages when optimal patient allocation is

required.

Figure 6.4.1

At stages 5 and 4 the optimal contingent allocation between t, and t, is made
based on the expected net benefits of sampling for every feasible allocation of each
sample entering the stage. At stage 3 contingent allocation decisions must be made
between treatment (with either t, or t;) and no treatment. The optimal allocation
is based on the expected net benefits of sampling at stage 3 and the payoff from
stage 4 given an optimal allocation of the sample allocated to the treatment arm of
the trial. At stage 2 an optimal allocation between the test and no test arms of the
trial is made for each sample entering stage 2. This contingent allocation is based
on the expected net benefits of sampling at stage 2, the payoff from the optimal
allocation of the sample which will enter stage 3, and the payoff from the optimal
allocation of the sample which will enter stage 5. Finally the optimal sample size
can be selected at stage 1 given that an optimal allocation policy will be followed

at each subsequent stage.

The value of the first hurdle and the EVPI for this decision problem is identical to

chapter 5.3 and if the proposed research passes this first hurdle the second hurdle

must be constructed to demonstrate that the research will be cost-effective at the
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optimal scale. The value of the second hurdle is dependent on the allocation rules
used at each stage because this will determine the expected benefit and cost of a
given sample. Once again this example demonstrates that arbitrary rules will
underestimate the value of proposed research and will lead to technically
inefficient research design. The same numerical example that was used in chapter
5.3 is used to illustrate this approach to optimal patient allocation. The results are
compared to the fixed an equal allocation rule used in chapter 5.3 but assuming

that the population benefits of the proposed research are endogenous.

6.4.1 Optimal Allocation at Stage S

At stage 5 the optimal contingent allocation between t, and t, for each sample
entering stage 5 must be made. The expected benefit of sampling not only
depends on the sample entering stage 5 but also on the way it is allocated to t, and
t,. The EVSLins),n, is a measure of the expected benefit of sample information
at stage 5 given a sample of ns entering stage 5 with n,; allocated to t,, and n,-n,,

allocated to t,.

EVSl)lngs, g = K - V5,0 Oysy LDyl ) 6.4.1a

D(s)ln(spnu = (6«5)'6b)/ an(s Ny

Oysy= (ECUIL.", t)-g.E(CIt", 1)) - (E(UIt.", t,)-g.E(Clt,", t))

— 2 2 2
Vn 5,0, = Oys) /(Gysy TOns))

0!\(5)2 - (otellz/ nt1)+(0te(22/ (n(s)'nu))

The benefit of a sample entering stage 5 is the reduction in the sample variance
(0,s) of the incremental net benefits of t,. The benefit of sampling is determined
by both the size of the sample entering stage 5 and the way it is allocated between

the alternatives. In this example (when 1/g=£4,000) the variance of the net
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benefits of t, given a positive test result (0.2) is greater than the variance of the
net benefits of t, given a positive test result (0,,,%) so the marginal benefits of
assigning an entrant to t, will be higher than t,. However the variance is partly
determined by the value of g and when 1/g is higher (1/g=£20,00) 0., is greater

than 0,2 and the marginal benefits of allocating a trial entrant to t, will be greater

thant,.

The cost of sampling at stage 5 (CssIns),ny) is also determined by the way the
sample is allocated because the marginal cost of assigning a patient to t, will be

greater than the additional cost of assigning a patient to t,.
CS(S)ln(synu = (E(Cltl)‘E(Clto))-nn +(E(C|t2)-E(C|t0)).(n(5)-nn) 6.4.1b

The payoff at stage 5 (I 5{n¢s,ny ) is simply the expected net benefits of sampling

given a sample of n;, entering stage 5 with n,, allocated to t, and n,-n,, allocated

tot,
IL 500 = ENBSs)ns),n = EVSI)ins,n, - CS(s)Il’l(s),nu 64.1c

The payoff can be established for every feasible allocation of each sample entering
stage 5. This is illustrated in table 6.4.1a where the rows represent the sample
entering stage 5, the feasible allocations are represented by the columns, and the
optimal contingent allocation to t, are the row maximums (II5)Ins),n,") on the

right of the table.

Table 6.4.1a

The optimal contingent allocation of a sample entering stage S to t, is illustrated in
figure 6.4.2a for three values of 1/g. These optimal allocations can be compared
with the fixed allocation rule used in chapter 5.3 where half the sample was

allocated to t, and half to t,. In this example more trial entrants are allocated to t,
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because the marginal cost of assigning a trial entrant to t, is greater thant,. The
proportion of the sample allocated to t, falls as the sample size entering stage 5
increases because differences in the marginal benefit of assigning trial entrants to t,
and t, become less significant as the sample size increases, but the difference in the
marginal cost of sampling remains constant. When the value of 1/g increases a
greater proportion of the sample is allocated to t, because less weight is placed on

the additional cost of assigning the entrant to t,.
Figure 6.4.2a
6.4.2 Optimal Allocation at Stage 4

At stage 4 the optimal contingent allocation between t, and t, must be made based
on the expected net benefits of sampling for every feasible allocation of each
sample entering stage 4. The EVSIn,,n, is a measure of the expected benefits

of a sample of n,, entering stage 4 with n, allocated to t, and n,-n, allocated to

t,.

EVSIlng,ny = K . V0,0, .Ogy L(Dgylng,ny) 6.4.2a

Dyy)lngyny = (Bo(ay0v) y Vn(4),nu
60(4)= (E(U[tl)‘gE(Cltl)) - (E(Ultz)‘gE(Cltz))

—_ 2 2 2
V.0, = Ogy/(Osy +0usy)

Onmz = (0,70, (0" (Ngeyny))

The benefit of sample information at stage 4 is the reduction in the sample
variance (0,,’) of the incremental net benefit of t, and the marginal benefit of
assigning a trial entrant to t, or t, is determined by the variance of the net benefit
of t, (0,%) and the variance of the net benefit of t, (6,,%). In this example 0, is
greater than o,,° and the difference between 0,,* and 0,2 increases with the value

of 1/g, so the marginal benefits of assigning an entrant to t, will be greater than t,.
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The cost of sampling at stage 4 (Csn,,n,) is also determined by the additional
treatment cost of assigning an entrant to t; which is greater than the additional

treatment cost of t,.
CS(4)In(4)1nﬂ = (E(CIt))-E(Clto)).n, +(E(C|t2)‘E(C|to))-(1’1(4)-nﬂ) 6.4.2b

The payoff at stage 4 (T gy Ingepnyy) is simply the expected net benefit of sampling

given a sample of n, entering stage 4 with n, allocated to t, and n,-n, allocated

tot,.
yneytu = ENBSInyny = EVSLy)ing,ny, - Csglng,ny 6.4.2¢c

The optimal contingent allocation can now be established by calculating the payoff
for every feasible allocation of each sample entering sfage 4. This is illustrated in
table 6.4.1b where the possible samples entering stage 4 are represented by each
row, and the feasible allocations are represented by each column. The optimal |
allocation for a given sample size entering stage 4 is the row maximum

(I g /nyny ) on the right of the table.

Table 6.4.1b

The optimal contingent allocation of each sample size entering stage 4 for three
values of 1/g is illustrated in figure 6.4.2b. A smaller proportion of each sample is
allocated to t, than ;vith the fixed and equal allocation rule because the marginal
cost of assigning entrants to t; is higher than t,. This optimal allocation is not the
same as at stage 5 because although the marginal cost of sampling is the same, the
marginal benefits of assigning entrants to either t, ort, differ. In general a greater
proportion of the sample is allocated to t, because the marginal benefits of
allocating an entrant to t, is higher than at stage 5. The proportion of the sample
allocated to t, falls as the sample size is increased because the difference in

marginal benefit of assignment to t, or t, declines with sample size. The proportion
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of each sample allocated to t, increases with 1/g because less weight is placed on
the additional cost of assigning an entrant to t,, and this does not offset the

additional benefits of allocating entrants to t,.

Figure 6.4.2b

6.4.3 Optimal Allocation at Stage 3

At stage 3 the optimal contingent allocation between treatment (t,) (with either t,
or t, at stage 4) and no treatment (t,) must be made based on estimates of the
expected net benefits of sampling at stage 3 and the payoff from stage 4 given that

the sample allocated to the treatment arm will be allocated optimally between t,

and t, at stage 4.

Payoff at Stage 3

A sample entering stage 3 (n;)) which is allocated between the treatment and no
treatment arms will generate an expected net benefit of sampling at stage 3, but
the sample allocated to the treatment arm will enter stage 4 and will be allocated
optimally between t, and t, generating a payoff of I In,,n,". So thereisa
recursive relationship between the payoff at stage 3 and stage 4, where the payoff
and the optimal allocation at stage 3 is determined by the ENBS at stage 3 and the

payoff given an optimal allocation policy at stage 4.

H(s)ln(s),nu =ENBS;)|n,n, + H(«t)!nu),nu‘ 6.43a
Ny = Oy

The payoffs given optimal contingent allocation at stage 4 have already been

determined at stage 4 and were illustrated in table 6.4.1b and figure 6.4.2b. But to

establish the optimal contingent allocation at stage 3 estimates of the
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ENBS 3,|n ), 0, are required for every feasible allocation of each sample entering

stage 3.

EVSI at Stage 3

The EVSI)n,n, is a measure of the expected benefits of a sample of n;, entering

stage 3 with n, allocated to the treatment arm and ng-n, allocated to t,.

EVSIylng,n, = K; . Vg0, Oy L(Dgjng,n,) 6.4.3b

D s)Ingy e = (Bozy-Ov)/ N30,
d43= (E(UIt)-gE(Clt)) - (E(Ulto)-g.E(Clto))
Y Vi, = G0 /(O™ 0uzy)

on(3)2 = (0, nu)+(0,02/ (n(3)'nu))

Following the analysis of stage 2 in chapter 5.3 the prior incremental net benefits
of treatment (8y,), the prior variance of oy (Oosy’), and the variance of the net

benefit of treatment (o,°) all depend on the sample allocated to the treatment arm.

The prior net benefits of treatment (E(Ujt)-g.E(Clt,)) and therefore 8, are
dependent on the sample allocated to the treatment arm, because this sample will

be allocated optimally between t, and t, at stage 4, and from 5.3.7:

(E(UI)-gE(CIt) =  pBys>dysy)-(E(Ult)-g E(Clt,)) 6.4.3c
+1-p(84> sy )-(E(Ult,)-g. E(Clty))

B> dxety) = PZ((Boydty /Ouy))

Oty = (00 107 (00 "))

Ny = Dy

The value of p(8y) >0y, ) is determined by the both the size of the sample

allocated to the treatment arm of the trial (n,) and the allocation of this sample at
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stage 4. The value of (E(Ult,)-g.E(Clt,)) is calculated for each sample assigned to
the treatment arm given an optimal allocation between t, and t, at stage 4, and

these values are the prior information used to establish the EVSI stage 3.

The prior variance of E(Ult,)-g E(C]t,) at stage 3 is a combination of the posterior
variance of E(U|t,)-g. E(C|t,) and E(U]t,)-g.E(C|t,) from stage 4. The sample
allocated to t, (n,=n,) determines the value of p(Gx(4)>5x(4)°) and the sample
variance of E(Ult,)-g.E(Clt,) and E(Ult,)-g.E(CIt,) (0,%/n,,", and 0,,/(ng,n,")
respectively). Since posterior variance is a combination of sample and prior
variance, the prior variance of (E(Ult,)-g. E(C|t,) at stage 3 is calculated for every
sample assigned to t. given an optimal allocation policy at stage 4. The
population variance of the net benefits of treatment (0,) is also partly determined
by the sample allocated to t, because this determines the value of P(Syi>O ity )s
so 0,2 is also calculated for every sample assigned to t, given an optimal allocation

at stage 4.
Cost of Sampling at Stage 3

The marginal cost of sampling at stage 3 will be zero because the additional
treatment cost of assigning an entrant to t, will be zero and the cost of assigning
an entrant to the treatment arm will also be zero because the additional treatment
cost of t, and t, has been included in the estimates of the ENBS at stage 4. The
expected net benefit of sampling for every feasible allocation of each sample

entering stage 3 can now be established:

ENBS)ng),n, = EVSIying),n, 6.4.3d
The payoffs at stage 3 for every feasible allocation of each sample entering stage 3
can now be calculated in 6.4.3a and the optimal contingent allocation can be

established. This is illustrated in table 6.4.1c where the payoffs at stage 3 in the
main body of the table include the ENBS at stage 3 and the payoff given an
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optimal allocation of the sample assigned to t. which enters stage 4. The sample
entering stage 3 is represented by each row of the table and the feasible allocations
to the treatment arm are represented by each column. The optimal allocations at
stage 3 are the row maximums and the optimal allocation (n.) and associated
payoff (IT 4 |n.,h, ) for each sample entering stage 3 are illustrated on the right of
the table. This approach of using the contingent allocation established at stage 4
reduces the computation required at stage 3 because only one estimate of
IT,ngny, " is required for each sample allocated to the test arm, rather than

estimates for every feasible allocation.

Table 6.4.1c¢

Optimal Allocation at Stage 3

‘The optimal allocation at stage 3 is illustrated in figure 6.4.2¢ for three values of
1/g. The optimal allocation depends on the sample entering stage 3 and as nys,
increases the marginal benefits of sampling decline and a greater proportion of the
sample is allocated to t, where the marginal cost of sampling is zero. The optimal
allocation also depends on the value of 1/g, and as 1/g is increased a greater
proportion of the sample will be allocated to the treatment arm because the payoff
at stage 4 (the net benefits of assigning an entrant to tr) will be greater as less
weight is placed in the costs of allocating entrants to t, and t,. Indeed in this
example when 1/g=£20,000 and when n;<33 all the sample is allocated to the
treatment arm of the trial because the payoff at stage 4 is greater than the
expected net benefits of allocating the entrant to t,. Over this range of sample

sizes t, is not a relevant alternative.

Figure 6.4.2¢

171



6.4.4 Optimal Allocation at Stage 2

At stage 2 the optimal contingent allocation between the test and no test arms of
the trial must be established for every feasible allocation of each sample entering
stage 2. The payoff at stage 2 is based on the ENBS at stage 2, the payoff from
the optimal allocation of the sample assigned to the no test arm which enters stage

3 and the payoff from the optimal allocation of the sample assigned to the test arm

which enters stage 5.
Payoff at Stage 2

A sample entering stage 2 (n;) which is allocated to the test (n,)) and no test
alternatives (n,,,-n,) will generate an expected benefit and cost of sampling at
stage 2. Also n,-n=ng will be allocated optimally at stége 3 generating a payoff
of H(3)|n(3),n,,', and p(t,").n,=n;s, will be allocated optimally at stage 5 generating a
payoff of I gns,ny, . This is a recursive relationship where the payoff and the
optimal contingent allocation at stage 2 is determined by the expected net benefits
of sampling at stage 2 but also by t}}e payoffs given an optimal allocation policy at

subsequent stages.

I )00, =ENBS )l 0, + I ng,n, + Mgings,ny” 6.4.4a

Ny = Ny M

n(5) = p(te+)'n1e )

The payoffs from the sample assigned to the no test arm, which will be allocated
optimally at stage 3, have already been established (I s)ng,n, ) and were
illustrated in table 6.4.1c. The payoff from the sample assigned to the test arm,
which is allocated optimally at stage 5, have also been established (II 5)|n 5,1, ")
and were illustrated in table 6.4.1a. To determine the optimal allocation at stage 2
the ENBS,|n,,,n, must be estimated for every feasible allocation of each sample

entering stage 2.
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EVSI at Stage 2

The EVSI5)ng,n, is a measure of the expected benefit of a sample of n,, entering
stage 2 with n,, allocated to the test alternative and n,)-n,, allocated to the no test

alternative.

EVSIying,n,. =K, V0,0, .0y L(Dg)ng,n,.) 6.4.4b

D20z nee = (So2y-0)/ y Vn,,n,
Buy= (E(UIt)-8 E(CIt) - (E(UInt)-g E(Clnt.)

= 2 2 2
N2y Me = oy /(Toy +0nc2y)

0n(2)2 = (otez/ nte)+(onte2/ (n(2)'nte))

Following the analysis of stage 1 in chapter 5.3 thé prior incremental net benefit of
testing (), the prior variance of 8y, (Gy)"), and the population variance of the
net benefit of test and no test alternatives (0,2, and ¢,,%) are all partly determined
by the sample allocated to the test and the no test arms of the trial. From 5.3.8a
the net benefit of not testing will be the expected net benefit from stage 3 given

the optimal allocation of a sample of n,,-n, =1 at stage 3.

E(Ujnt,)-g ECInt) = P80y )-(E(UIt)-g E(CIt))  6.4.4c
+1-p(8, >0y )-(E(Ulto)-8. E(Clty))

p(éx(3)>6x(3).) = P(Z>((50(3)'5x(3)‘)/ 0n(3)2))

Oy’ = (070, ) (0,0 (05N ))

N3 = Doy T,

“The value of p(8,3>8,:, ) and therefore E(Ulnt,)-g E(Clnt,) are determined by the
sample allocated to the no test arm. The value of E(Ujnt,)-g.E(C|nt,) is calculated
for each sample allocated to the no test arm given that this sample will be
allocated optimally at stage 3 (and subsequently at stage 4), and these values are

used as the prior information used to establish the EVSI at stage 2. The prior
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variance of E(Ulnt,)-g.E(Clnt,) at stage 2 is a combination of the prior variance of
(E(Ult,)-g.E(Clt,)) and the posterior variance of (E(Ujt)-g.E(Clt,)) at stage 3. The
prior variance of E(Ujnt.)-g.E(C Int,) at stage 2 is calculated for each sample
allocated to the no test arm given that it will be allocated optimally at stage 3. The
population variance of E(U Int.)-g.E(Cint,) is partly determined by p(6X(3,>6x(3)')
and is also calculated for each sample assigned to the no test arm given an optimal

allocation policy at stage 3 (and subsequently at stage 4).

The prior net benefit of treatment following a positive test result and therefore the
net benefit of testing at stage 2 (E(UJt,)-g.E(Clt.)) are determined by the sample

allocated to the test arm, and from 5.3.8b:

E(Ulte)-g-E(Clte) = p(t.)(E(UIL,, tp)-g.E(Clt., to) ~ 6.4.4d
+ p(t.")-(p(Oxs) >Bx 5)-(ECULL,", t)-g E(CIt.", 1))
+ 1'p(5x(5) >6x*(5))'(E(Ulte+! t,)-g. E(Ult.", t,))

P85 0xs) = P(Z>((BosyOxcsy V/Ous))
0:1(5)2 = (O’ nﬂ°)+(0m22/ (n(srnn‘))
ns= p(te)-ne

The value of p(8s>Oxs ) is determined by the sample allocated to the test arm of
the trial which enters stage 5 and E(Ujt.)-g.E(C]t,) is calculated for each sample
allocated to the test arm at stage 2 given that the sample entering stage 5 will be
allocated optimally. These values are the prior information used to establish the

EVSI at stage 2.

The prior variance of E(Ult.)-g.E(C]t,) at stage 2 is a combination of the prior
variance of (E(Ult.’, t,)-g.E(C|t,", t,), and the posterior variance of (E(Ult,", t,)-

g E(Clt.", t,)), and (E(Ult.", t)-g.E(U It.", t,))) given the optimai allocation at stage
5 of each sample allocated to the test alternative at stage 2. The population

variance of E(U[t,)-g.E(Clt,) can also be calculated for each sample allocated to

174



the test arm which enters stage 5 because this determines the value of
p(8ys5>8ys) ) The expected benefit for every feasible allocation of each sample
entering stage 2 can now be established given that the sample allocated to the no
test arm will be allocated optimally at stage 3 (and subsequently stage 4) and given

that the sample allocated to the test arm of the trial will be allocated optimally at

stage 5.
Cost of Sampling at Stage 2

The cost of sampling for each sample entering stage 2 (Cs,)n,,,n,) is the
additional treatment cost of the test and no test alternatives. The marginal cost of
assigning an entrant to the no test alternative will be zero because the additional
treatment costs at stage 3 and stage 4 are included in the payoff from stage 3. The
additional cost of assigning a trial entrant to the test arm will simply be the cost of
the diagnostic test (C,;) because the additional cost of t, given a negative test
result will be zero and the additional treatment cost given a positive test result is

included in the payoff at stage 5.
CS(Z)ln(2)7nte = Cle'ntc - 6.4 4¢

The expected net benefit of sampling at stage 2 (ENBS,|n,n,;) can now be
established for each sample of n,, entering stage 2, with n,, allocated to the test

arm, and n,,-n, allocated to no test arm of the trial.
ENBS;;)In2),0 = EVSI(‘.’)In(Z),nte - CS(:)|1'1(2),1’1‘e . 6.4.4f

The optimal contingent allocation of each sample entering stage 2 can be
determined based on the payoff at stage 2 (II ,|n,),n,) for every feasible allocation
of each sample entering stage 2. This is illustrated in table 6.4.1d where the
sample entering stage 2 is represented by the rows of the table and the feasible

allocations by the columns. The optimal allocation of each sample is the row
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maximum (I,|ne,n,. ) and the optimal allocation (n,") and the associated payoffs

are illustrated in the right hand columns of the table.

Table 6.4.1d

Optimal Allocation at Stage 2

The optimal contingent allocation of a sample entering stage 2 to the test arm of
the trial for three values of 1/g is illustrated in figure 6.4.2d. The optimal
allocation depends on both the size of the sample entering stage 2 and the value of
1/g. In general a greater proportion of the sample is allocated to the more costly
test arm of the trial as the value of 1/g is increased and less weight is placed on the
cost of sampling. It is worth noting that when 1/g is low (£4,000) and n,< 50
then no sample is allocated to the test arm of the trial and testing is not a relevant
alternative, however when 1/g=£20,000 and n;, <50 then almost all the sample is
allocated to the test arm of the trial. The proportion of the sample allocated to the
test arm of the trial also tends to decline as the sample size entering stage 2
increases because any difference in the marginal benefit of allocation to the test
and no test alternatives becomes less significant. The relationship between the
optimal allocation, the value of 1/g, and n,,, is more complex at stage 2 because
the optimal allocation is not simply determined by the ENBS at stage 2 but also by

the payoffs and the optimal allocation at subsequent stages.

Figure 6.4.2d

6.4.5 Optimal Sample Size at Stage 1
The first stage is simply to select the optimal sample size given that an optimal
allocation policy will be followed at each subsequent stage. The payoff given a

sample of n;, selected at stage 1 (I ;,|ny,) is simply the payoff from stage 2 given
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an optimal allocation of n,, between the test arm (n.") and the no test arm ngp-n,,".

Mgy = Hmln(zvnte‘ 6.4.5
ENBS /g, = ENBS3)[n,n, +ENBS/ng,n,”
+ ENBS N, 0y + ENBS g Ing,.n,°

Ny = Ny
*
Ny = Ny e
- .
Ny = Dy

r\(5) = p(te+)~nlc.

The optimal sample size at stage 1 (n,,") can be selected in table 6.4.1e and is
where I ;,ng, or the ENBS;;[ng, reaches a maximum. _The ENBS;,in,,, " provides
the value of the second hurdle for this 4 stage decision problem. Once the optimal
sample size at stage 1 has been selected the allocation of this sample at each
subsequent stage is given by the contingent allocative decisions which have
already been made and which were illustrated in tables 6.4.1a, 6.4.1b, 6.4.1c,
6.4.1d, and figures 6.4.2a, 6.4.2b, 6.4.2¢, 6.4.2d.

Table 6.4.1e
The Dynamic Programming Approach

The approach taken to this four-stage decision problem is a simple five-stage
dynamic programme where contingent allocative decisions at each stage are
solved before the optimal sample at stage 1 can be selected. The payoff for each
sample considered at stage 1 is established given that an optimal allocation policy
will be followed at each subsequent stage. This approach reduces the
computation required to solve this problem even more dramatically than in the
two-stage decision problem considered in section 6.3. Only one estimate of

ENBSG)In(;,,n; and ENBSIn,,,n,," is required for each sample allocated to the no
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test arm at stage 2 and only one estimate of ENBSs)|n;s),n,," is required for each
sample allocated to the test arm, rather than estimates of the ENBS for every
feasible allocation of each sample allocated to the test and no test arms. This
reduces the number of estimates of the ENBS from 125,751 if full enumeration of
this four stage decision problem is required to 125,751 *4 where a maximum
sample of 500 is considered at each stage. The solution for this numerical

example using this approach requires 503,004 estimates of the ENBS which takes
approximately 24 hours of computing time (6 estimates per second). This
compares very favourably to the full enumeration of all possible alternatives which
(even with a 100 fold increase in computing speed) would require over 13 billion

years of computing time, a task so enormous it can safely be regarded as’

impossible.

6.4.6 Expected Net Benefits of Sample Information

The expected net benefit of sampling given optimal patient allocation at each stage
is illustrated in figure 6.4.3a when 1/g=£4,000. This can be compared to the
expected net benefit when the fixed and equal allocation rule is used at each stage
in figure 6.4.3b. The ENBS;, with optimal patient allocation reaches a maximum
of £3,865,420 at an optimal sample size of 165, with an allocation of n,,'=67 at
stage 2, n,'=27 at stage 3, n, ‘=12 at stage 4, and n,, =19 at stage 5. This is
greater than with fixed allocation where the ENBS,;, reaches a maximum of
£3,529,502 at an optimal sample size of 148. In this example the optimal patient
allocation increases the expected benefits and reduces the costs of sampling. An
arbitrary allocation rule will lead an underestimate of the value and optimal scale

of the proposed research.

Figure 6.4.3a
Figure 6.4.3b
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Value of Health Outcome

The expected net benefit of sampling when the value of 1/g is increased to
£10,000 is illustrated in figure 6.4.4a when an optimal allocation policy is followed
at each stage. The expected net benefit of sampling reaches a maximum of
£20,207,332 at an optimal sample size of 199. This sample is allocated optimally
at each stage with n,"=96 at stage 2, n,'=53 at stage 3, n,"=24 at stage 4, and

n, =27 at stage 5. A greater proportion of the sample is allocated to the more
costly alternatives at each stage because less weight is placed on the additional
sampling cost when the value of 1/g is increased. The expected net benefit when
the fixed allocation rule is used is lower and reaches a maximum of £19,988,081

at an optimal sample size of 192 in figure 6.4.4b.

Figure 6.4.4a
Figure 6.4.4b

The expected net benefit of sampling when the value of 1/g is increased to
£20,000 illustrated in figure 6.4.5a when the optimal allocation is used and in
figure 6.4.5b when the fixed allocation is used. The ENBS reaches a maximum of
£28.865,947 at an optimal sample size of 257 when an optimal allocation policy is
followed. This sample is allocated optimally with n,’=116 at stage 2, n, "=75 at |
stage 3, n,, =34 at stage 4, and n, =33 at stage 5. The ENBS with optimal |
allocation is greater than with the fixed allocation rule where the ENBS reaches a

maximum of £28,543,130 at an optimal sample size of 244 in figure 6.4.4b.

Figure 6.4.5a
Figure 6.4.5b
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Optimal Patient Allocation

These examples demonstrate that the optimal patient allocation increases the
ENBS and the value of the second hurdle, and in this numerical example optimal
patient allocation also increases the optimal sample size. It also demonstrates that
the difference in the ENBS, optimal sample size and the allocation at subsequent
stages is determined by the value placed on health outcome. This is illustrated in
figure 6.4.6 where the optimal sample size and the allocation to the test arm of the
trial for optimal and fixed allocation rules can be compared. In this example
optimal sample size with optimal patient allocation is greater than with fixed
allocation and a smaller proportion of the sample is allocated to the test arm which
has high sampling cost. Indeed when 1/g=£3,000 no sample is assigned to the test
arm of the trial and the testing alternative can be excluded as an irrelevant
alternative. The difference in the ENBS, the EVSI and the cost of sampling
between optimal and fixed allocation is illustrated in figure 6.4.7. This
demonstrates that using arbitrary allocation rules will underestimaté the ENBS. In
this example optimal patient allocation increases the expected benefit of sampling

and it also reduces the cost of sampling despite larger sample size.

Figure 6.4.6
Figure 6.4.7

The optimal allocation of trial entrants in this example assigns a sample to every
arm of the trial when 1/g>£4,000. This means that it is efficient to compare each
alternative at each stage using safnple information and all the alternatives can be
regarded as relevant. However when 1/g=£3,000 n, =0 at stage 2 and n,,=0 at
stage 4, and the sample is allocated to t, and t, which in this case are the only
relevant alternatives. The new treatment t, is a relevant alternative and this is also
confirmed by comparing the ENBS and optimal sample size for the two stage and
the four stage decision problem in figure 6.4.8a and 6.4.8b. The difference

between the two and five-stage problem is that treatment t, was not available in
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the two-stage problem. Since the ENBS and the optimal sample size is greater
when t, is included in the decision problem it is clear that t, is a relevant
alternative. An analysis which simplified what is a four-stage problem to a two-
stage problem by excluding t, would underestimate the ENBS and the optimal

scale of the research at the second hurdle.

Figure 6.4.8a
Figure 6.4.8b

The analysié of the two-stage problem in the previous section of this chapter
found that testing was not a relevant alternative when 1/g=£4,000 and n,, =0.
However when t, is included testing is a relevant alternative with n,."=67 when
1/g=£4,000. So excluding t, would also exclude the testing arm of the trial. This
demonstrates a theme which has been discussed in previous chapters: that the
selection of relevant alternatives and the exclusion of some alternatives based on
judgements and implicit decision rules can seriously bias the analysis, lead to
errors at the second hurdle, and inefficient research design. If this inconsistency
arose (due to a higher implicit value of health outcome) the ENBS would be
seriously underestimated (£3,865-,420 compared to £724,970) and there would be
a very real danger that this research could be rejected at the second hurdle when it
would be cost-effective if t, was included. The design of the research would also
be inefficient because testing would be excluded as an irrelevant alternative and
rather than a trial that assigned patients to each alternative at each stage, it would
simply compare t, and t, at a single-stage. If the value of 1/g is lower (£3,000)
then the ENBS and the sample size is zero when t, is wrongly excluded and no

research will be undertaken.
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6.5 Conclusions

In this chapter the fixed and equal allocation rule which was used in chapter 4 and
5 is relaxed. The numerical examples in this chapter demonstrate that the optimal
allocation of trial entrants is not simply an issue for sequential clinical trials but is a
more fundamental problem which is also relevant to the fixed sample designs

considered here.

The approach to optimal patient allocation taken in this chapter explicitly
considers the marginal cost and the marginal benefit of assigning trial entrants to
the alternatives arms of the trial at each stage. In section 6.2 the single stage
decision problem was solved in two stages and required the full enumeration of all
feasible allocations of each sample considered. However the full enumeration of
all feasible allocations in more complex sequential decision problems is not
tractable and in section 6.3 and 6.4 the two and four-stage decision problems were
solved using three and ﬁve-sfage dynamic programmes. This simple dynamic
programming approach utilises the recursive relationship between the payoffs at
each stage of the decision problem and provides a practical solution to the
problem. This may not be the optimal solution (because although there is a
recursive relationship between the payoffs at each stage the prior variance and
incremental net benefit at earlier stages are partly determined by the contingent
allocation at later stages), but the dynamic programming approach is the only
feasible solution and clearly provides a better solution than the arbitrary fixed

allocation rule used in chapter 5.

The optimal allocation of trial entrants will increase the expected net benefit of
sampling and the value of the second hurdle. This may be achieved by a reduction
in the cost of sampling (possibly with a reduction in the expected benefits of
sampling) or alternatively it may be achieved by an increase in the expected
benefits of sampling (possibly with an increase in the cost of sampling). The

optimal allocation at each stage, optimal sample size, and the expected net benefits
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of sampling are determined by the value of health outcome because this
determines the relative weight placed on the additional benefits and costs of
assigning entrants to each arm of the trial. These numerical examples demonstrate
that arbitrary and fixed allocation rules are inefficient and will lead to an
underestimate of the value of proposed research and there is a danger that
research which should be accepted at the second hurdle will be rejected. Research
which is accepted at the second hurdle despite an arbitrary allocation will be
designed inefficiently, may include the comparison of irrelevant alternatives, and

the value of the research will be underestimated.

The simple dynamic programming approach to optimal patient allocation provides
and explicit and consistent method to identify relevant alternatives which should
be compared in the trial. This is one of the problems which was posed by the
analysis of the Phelps Mushlin strategy in chapter 3 and could not be adressed by
using the fixed allocation rule in chapter 5. Optimal allocation provides a method
" to rule out irrelevant alternatives consistently based on an assessment of the
expected benefit and cost of comparing alternatives, because it allows no sample
to be allocated to an alterative at each stage. Ifit is optimal not to allocate a
sample to an alternative then it can be regarded as irrelevant and can be excluded

from prospective research.

These numerical examples demonstrate that what are relevant alternatives depends
on the value of 1/g and alternatives cannot be ruled out as irrelevant before the
shadow price of the budget constraint (the value of health outcome) has been
established. They also illustrate the danger of ruling-out alternatives based on
implicit and inconsistent decision rules. An analysis which simplified the two-stage
~ decision problem in section 6.3 to the single-stage treatment decision in section
6.2 would underestimated the value of the research and seriously bias the trial
design. Similarly an analysis which simplified the four-stage problem in section
6.3 to the two-stage problem in section 6.3 by excluding t, would underestimate

the ENBS and the optimal scale of the research at the second hurdle. This
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demonstrates an argument which was also made in previous chapters: that the
selection of relevant alternatives and the exclusion of some alternatives based on
judgements and implicit decision rules can seriously bias the analysis, lead to

errors at the second hurdle, and lead to inefficient research design.
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Figure 6.2.1 Decision Tree for the Single-Stage Decision Problem
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Table 6.2.1a Optimal Allocation of the Sample Entering Stage 2 (1/g=£4,000)

Payoff at stage 2 Io)Ing,n, = ENBSgIng,n, Maximgm payoft
ny ' and optimal
Allocationto t, (n,) (withn, allocated tot,, and n,,-n,, allocated to t;) allocation (n,,”)
0 S 6 7 0 “ *
n(2) 1 2 3 4 8 9 1 11 12 II (2)|n(z)r“u
Sample 0 ° : : - : - . : : - - - 0
Entering 1 o | -ti0s00 . . . . . - . . - . -1 0
Stage 2
= 0 -£9,95 -£20,800 - - . . - - - - - - .
Ny~ Ny 2 ? 0
3 0 -£8,395 -£18,405 -£31,200 - - . . - . - - - - 0
4 o | -£7om | 8728 | -£26905 | -L41.600 - -0 - . . . . i 0
5 0 -£6.015 712 4166 | 35812 -£52,000 - - - - - - - - 712
6 0 -£3,257 18216 £11,289 -£9,355 -£45,065 -£62,400 - - - - - - - £11,289
7 ] -£4,677 £14,053 £21397 £19,266 -£12,344 -£54,572 -£72,800 - - - - - - £27,397
8 0 -£4,224 £18,645 £40,301 £43,646 02402 | -£16786 | -£64259 | -i83200 - - - - . £43,646
9 ¢ -£3,860 £22314 £50,664 £63,540 £55,766 £26,223 -£22,300 74,084 -£93,600 - - - - £63,540
10 0 -£3,562 £25,304 £59,072 £79,752 £81,979 £64,182 £26,099 | -i28711 | -g84010 | -£104000 - - - £81,979
11 o | -o3a. | o7oes. | essom. | 93003 | movese. | meo0s. | ss958. | oaam. | 35753 | -ma0ns. | -stida0. - - £103,658
12 o -£3,108 £29,906 £71,840 £104,237 £121,602 £122,536 £106,255 £72,503 £21,399 -£43,304 -£104,078 -£124,800 - £122,536
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Table 6.2.1b Optimal Sample Size at Stage 1 (1/g=£4,000)

Ny

Payoff at stage 1

g, = Hgng.n,

Sample Selected at Stage 1 (n,,)) (ng, = n, sample entering stage 2)

Maximum payoft
and optimal
sample size (n,,")

0

1

2

3

4

5

6

7

11

12

Mying,”

Ny

inz

£11,289

£27,397

£43,646

163,540

£81979
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Figure 6.2.3b Fixed Allocation: ENBS, EVSI, and Cs (1/g=£4,000)
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Figure 6.2.4b Fixed Allocation: ENBS, EVSI, and Cs (1/g=£10,000)
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ENBS, EVSI, Cs

Figure 6.2.5a Optimal Allocation: ENBS, EVSI, and Cs (1/g=£20,000)
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Figure 6.2.5p Fixed Allocatiop: ENBS, EVSI, ang Cs( ]/g=£20,000)
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Figure 6.2.6 Optimal Sample Size with Fixed and Optimal Allocation
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Figure 6.2.7 Difference Between Optimal and Fixed Allocations
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Figure 6.3.1 Decision Tree for the Two Stage Decision Problem
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Table 6.3.1a Optimal Allocation of the Sample Entering Stage 3 (1/g=£4,000)

Payoff at stage 3 I Ing).0y, = ENBSylng,nt, Maximgm payoff
n, and optimal
Allocationto t, (n,) (withn, allocated to t,, and n,)-n,, allocated to ;) allocation (n,")
L]

N, 0 1 2 3 4 s 6 7 8 9 10 11 12 I )ng,ny n,
Sample 0 0 - . . - - - - : - - - 0 0
Entering i o | -610400 . . . . . . . . . - - 0 0
Stage 3

=n.. .- 0 -£9,95 -£20,800 - - - - - - - - -
N3y=NyN,, 2 2 £20, 0 0
3 [1] -£8,395 -£18,405 -£31,200 - . - - - - - - - 0 0
4 0 -£7,031 -£8,728 -£26,905 -£41,600 - - - - - 0 1]
5 0 -£6.015 712 -£8,166 -£35812 -£52,000 - L712 2
6 0 -£5,257 £8,216 £11,289 -£9,355 -£45,065 -£62,400 - . - - - - £11,289 3
7 0 -£4,677 £14,053 £27397 £19,266 -£12,344 -£54,572 -£72,800 - - - . - £27,397 3
8 0 -£4,224 £18,645 £40,301 143,646 £24,092 -£16,786 -£64,259 -£83,200 - - - - £43,646 4
9 0 -£3,860 £22.314 £50,664 £63,540 £55,766 £26,223 -£22,300 -74,084 -£93,600 - - - £63,540 4
10 0 -£3,562 £25304 £59,072 £79,7152 £81,979 £64,182 £26,199 -£28,711 -£84,010 -£104,000 - - £81,979 5
11 0 -£3314. £27,7195.. £66,028.. £93,093.. £103,658.. £96,005.. £69,558.. £24479.. -35,753¢ -£94,013.. -£114,400.. - £103,658 5
12 0 -£3,108 £29,906 £71,840 £104,237 £121,602 £122,536 £106,255 172,503 £21,399 -£43,304 -£104,078 -£124,800 £122,536 6
0
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Table 6.3.1b  Optimal Allocation of the Sample Entering Stage 2 (1/g=£4,000)

Payolff at stage 2 H(z)‘“(z)'“u = ENBS(z)ln(z)’nn + H(s;lfks),rkl.

Maximum payoft

and optimal

° Allocation to te (n,)) (with n,, allocated to te, and n,-n,, allocated to nte) allocation (n,.")
N, 0 1 2 3 4 s | s 7 8 9 10 1 12 Mg |
Sample 0 0 - - : : - : . . : . - ol o
Entering 1 o | -usi0 . . . - - . . . - - ot o
Stage 2
=N, 2 o] -usio | -£30240 . . . - . - . . . ol o
3 0| -misazo | -£30236 | -g45360 - . . . - - . . . ol o
4 0| -f5020 | -£30218 | 445307 | -£60.480 - . . . . . . . 0 0
5 £12 -£15,120 -£30212 -£44.9%0 -£60,274 -£75,000 - - - . N . N £712 0
6 £11,200 | -o14408 | 30212 | 44853 | -£58851 75126 | -£90,720 - . - - - €128 | 0
7 027397 | 03831 | 20405 | -gaam30 | -£s8.146 47493 | 189886 | -£105840 - - - . - £27397 | o
8 c36s | 02217 | -uso7 | paaoss | es7eee | 169524 | 82953 | -rwosses | -£120960 - . - - £43646 | o
9 63540 | 02856 -£2811 450 | £57.02 689% | mom | 93400 | £noee | -n136080 - - - 63540 | o
10 miom | wsaro | 13438 | 017366 | -£4632 467709 | £71590 | -emo637 | -mio3zoa | -n13398 | -nisi200 - . 81979 | o
11 £103658 | 66859 | £33329 1,103 | -£30261 456799 | -£76017 | 84169 | 92958 | -min24es | -£148545 | -£166320 - £103658 | o©
12 0258 | smessw | osi7e0 | a1y | -uzsss | 0703 | cgsarme | ooman | amoods | -em2s0 | -miziaes | -medzor | -migiase £122536 | o
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Table 6.3.1c  Optimal Sample Size at Stage 1 (1/g=£4,000) ‘ l

Payoff at stage 1 ILhing, = Myng,n, ‘ Maximum payoff
and optimal
Sample Selected at Stage 1(n,)) (n,, = n,, sample entering stage 2) sample size (n,)
NGy, 0 1 2 3 4 5 6 7 8 9 10 1 12 . I, g, ng,

0 0 ] 0 0 2 £11,289 £27,397 £43,646 £63,540 £81,979 £103,658 £122,536




Figure 6.3.3a ENBS with Optimal Allocation (1/g=£4,000)
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Figure 6.3.3b ENBS with Fixed Allocation (1/g=£4,000)
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Figure 6.3.4a ENBS with Optimal Allocation (1/g=£10,000)
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Figure 6.3.4b ENBS with Fixed Allocation (1/g=£10,000)
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Figure 6.3.5b ENBS with Fixed Allocation (1/g=£20,000)

£20,000,000 o cmurts ! . RS LI —

£18,000,000 -+ ENBS),

£16,000,000 -+

£14,000,000 -+ ————————— | ENBS;

£12,000,000 -+

Y £10,000,000 —r

ENBS,,

£8,000,000 -+

£6,000,000 -+
ENBS3,

£4,000,000 +

£2,000,000 -+

£ ] } } } } il } !l Il
= T T T T r T T 1 T

a 20 40 60 80 100 120 140 160 180 200

-£2,000,000
Sample Selected at Stage 1 (n))



Figure 6.3.6 Optimal Sample Size with Fixed and Optimal Allocation
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Figure 6.3.7 Difference Between Optimal and Fixed Allocation
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Figure 6.3.8a ENBS for the Single and Two Stage Decision Problems
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Figure 6.3.8b Optimal Sample Size for the Single and Two-Stage Decision Problems
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Figure 6.4.1 Decision Tree for the Four Stage Decision Problem
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Table 6.4.1a Optimal Allocation of the Sample Entering Stage 5 (1/g=£4,000)

Payoff at stage 5 L gIns)n, = ENBS )0, Maximgm payoff
n, and optimal
Allocation to t, (n,)) (with n, allocated to t,, and n-n, allocated to t,) allocation (n,")

n(S) 0 1 2 3 4 5 6 7 8 9 10 11 12 H(S)In(i)’ntl n,
Sample 0 0 : - - - : - : - . - - - 0 0
Entel’mg 1 -£2,400 -£1),484 - - - - - - - - - N - -£2,400 0
Stage 5
ne= p(te*).nte 2 -£4,800 £1,458 -£22,968 - - - - - - - - - - £1,458 1

3 -£7,200 £15,631 £10,833 -£34,452 - - - - - - - - - £15,631 1
4 49600 | 24 | o£55929 | £12.467 | -£45935 . - - . - - - - £55,929 2
5 012000 | -£26200 | esa219 | 481378 9533 | T - £84,219 2
6 -£14,400 £27.780 | £102,306 | £128,535 195,897 13,950 -£68,903 - - - - - - £128,535 3
7 -£16,800 £28,204 £114376 L160.815 £158,261 £103,413 -£3,1712 -£80,387 - - - - - £160,815 3
8 -£19200 | 027935 | nmest | asest | o633 | amssr | mioszer | oiea | o8 . - - - £202,633 4
9 g0 | p7as8 | csas | 200367 | £23sas6 | w3244 | mi90se3 | £106036 | -£20315 | 103355 - . - £235,156 4
10 | 24000 | 26016 | 13286 | 280 | 259627 | mmass | m2s3ses | nios3 | niosass | 029766 | -£114830 . - £273.256 s
11 | 26000 | 24683 | pssass | 222300 | pmas2 | moarss | osooe | ose83%2 | p202.425 99288 | -030607 | -£126323 - £304,755 5
12 | 42800 | e23024 | g137016 | 229503 | 293027 | o230 | o006 | on7e | 2w | p03ss 23811 9736 | -£137806 £339,165 6
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Table 6.4.1b Optimal Allocation of the Sample Entering Stage 4 (1/g=£4,000)

Payoff at stage 4 I ying.n, = ENBS|n,.n, Maximum payoff
iy and opFimal .
Allocation to t, (n,,) (with n,; allocated to t,, and n,;-n,, allocated to t,) allocation (n,,")
1'1(4) 0 1 2 3 4 5 6 7 8 9 10 11 12 5 ]'[“)ln(‘),n"'
Sample 0 0 : = : . - - £ . = ; . = o
Entering 1 2,400 | -£10400 . . = . - . . - - - - . -£2,400
Stage 4
Ngy=N, 2 -£4,800 -£12,753 -£20,800 - - - - - - - B 5 C G -£4,800
3 -£7,200 | -£14806 -£22,837 -£31,200 = . J % 2 ¢ s g s 8 -£7,200
4 £9600 | -£1672 | -£22079 | -£32869 | -£41,600 - . - - - - - -] - -£9,600
b -£12,000 -£18.815 -£20,421 -£28,052 -£42,957 -£52,000 - = . - - - - s -£12,000
6 -£14400 | -£20916 | -misor0 | -e21510 | 35501 -£53,106 | -£62,400 . - - - - -1 - -£14,400
7 -£16800 | -£23076 | -nga0a | 14704 | -£23.141 42931 | -£63306 | -£72.800 . = - 5 ] - -£14,704
8 -£19200 | -£25280 | -£17.785 9069 | £10905 25998 | -gs0882 | -£m3345 | -£83200 - - - o -£9,069
9 21600 | 027518 | 017918 (4632 -£269 8846 | 30044 | -£592% | w31 | 93,600 5 5 -] - -£269
10 -£24,000 -£29,783 -£18,415 -£1243 8,512 £6,442 -£8,581 £35,105 -£67,962 -£94,101 -£104,000 - - - ' £8,572
11 26400 | 32060 | 019206 | £1266 | aisEm 952 | oogn 9917 | -g40991 | -£76935 | -£104408 | -£114400 -1 - £19,522
12 -£28,800 -£34372 -£20.226 8,077 £21,755 £30,518 £21.738 £13203 | -£12570 | -£4758 -£86,120 -£114,728 -£124800 - £30,518
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Table 6.4.1c Optimal Allocation of the Sample Entering Stage 3 (1/g=£4,000)

Payoff at stage 3 I 5)lngyn, = ENBSng,n, + I, Ing,.n, Maxlmgm payoft
n, and optimal
Allocation to tr (n,) (with n, allocated to tr, and n-n, allocated to t,) allocation (n,")

Ny 0 1 2 3 4 5 6 7 8 9 10 1 12 I, 0, n,
Sample 0 ° - - - : - - - - - 0 0
Entering 1 o | 2400 . . . R ) i i i i 0 0
Stage 3

= 0 898 -£4; - - - - - .
Ne=nen, | 2 £350 £4,300 £359,898 1
3 0 | £464,708 £538,405 -£7,200 - - - - - - - - £538,760 2
4 0 | £511,470 £802,531 £582,041 -£9,600 . - - . - - - - £802,531 2
5 0 £537.710 £951,965 1917413 £586,379 -£12,000 - - - - - - L£951,965 2
6 o | £5s4465 | £1,048880 | £1,128581 £951,155 £578,408 -£14,400 . - - - - - £1,128,581 3
7 0 | £566007 | £1,11699 | £1276244 | £1,192266 954985 £565915 -£14,704 . - - - - £1,276,244 3
8 0 | £574336 | £1,167,607 | £1385955 | £1367582 | £1,210928 £946,474 £616,005 -£9,069 - - - . £1,385,955 3
9 o | £580575 | £1,206393 | £1,470400 | £1,501327 | £1.400610 | £209477 | £1,003,363 614,545 -£269 - - - £1,501,327 4
10 o | £585378 | £1.236970 | £1,53703 | 1607449 | £1.548189 | £1406981 | £1266829 | £1,004,560 £634,691 851 - £1,607,449 4
11 o | £sso.054 | £1261625 | 11592824 | £1,69396a | fre67061 | £1562399 | £1.462268 | £1273647 | £1027273 | £635286 £19,522 - £1,693,964 4
12 0 £592,167 | £1,281917 £1,368,369 £1,765,246 £1,764,655 £1,688 839 £1,614,969 £1,475,597 £1,298,402 | £1,026,530 £656,028 £30,518 £1,765,246 4
0
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Table 6.4.1d Optimal Allocation of the Sample Entering Stage 2 (1/g=£4,000)

Payoff at stage 2 ,lngn, = ENBSging,.n, + g n, " + I ngn, Maximgm payoff
n, and optimal
Allocation to te (n,,) (with n,, allocated to te, and n,,-n,, allocated to nte) allocation (n,,")

Ny 0 1 2 3 4 5 6 7 8 9 10 1 12 I, )0, n,
Sample 0 0 . : - - - - - - oy o
Entcrlng 1 0 -£10,400 . - - - - B - - B - - 0 0
Stage 2

= -£10,4 -£18, - - - - -
N,= Ny, 2 0 £10,400 £18,400 0 0
3 £359,898 £349,498 -£18,399 -£22,542 - - - - - - - - - £359,898 0
4 £538,760 £528,360 £341,499 -£22,525 -£30,542 - - . - - - - - £538,760 0
5 502,531 £792,131 520,360 £337,376 -£30,455 -£24,309 - - - - - . - £802,531 0
6 £951,965 £941,565 £784,131 £516,241 029509 | 2375 £1.929 . - - - - £951,965 0
7 £,128581 | £1,118,181 £933,565 £780013 £508430 | 337426 18,787 £7 - . - - £1,128,581 0
8 £1.276244 | £1265844 | £1,110,81 929,447 a3 | mms | 23,0 08 | £20219 . - - - £1276244 | 0
9 0385955 | 01375555 | £1.257844 | £1,106057 oaeso | osims | osnos | mesier | 220 | £5%6.53 . . - £1385955 | ©
10 | 050137 | 6490927 | £1367555 | a253720 | no8220 | 3124 | iz | 50663 | p3sogor | eseon £48.535 . . £1501327 | 0O
11 | sue0na00 | niser0s9 | gra8297 | 363431 | pr24s88 | o£1,007470 | 6966961 | mBiassr | £581,088 | £a8.163 £50,977 nsis - £1,607,449 | o
12 | £169396a | 1683564 | 1589010 | mameme | a1355590 | massise | i | ssesasz | mearsis | senes | pamass £75,589 £64815 £1693964 | ©
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Table 6.4.1e  Optimal Sample Size at Stage 1 (1/g=£4,000)

Payoff at stage 1 Myngy = Mylngn,” Maximum payoff
and optimal
Sample Selected at Stage 1 (n;)) (ng, = n, sample entering stage 2) sample size (n,,”)
ng, 0 1 2 3 4 5 6 7 8 9 10 11 12 . I, fng,” ng,

0 0 0 £‘359,898 £538,760 £802,531 £951,965 £1,128,581 £1,276,244 £1,385,955 £1,501,327 £1,607,449 £1,693,964
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Figure 6.4.3a ENBS with Optimal Allocation (1/g=£4,000)
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Figure 6.4.4a ENBS with Optimal Allocation (1/g=£10,000)
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Figure 6.4.5a ENBS with Optimal Allocation (1/g=£20,000)
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Optimal Sample Size

Figure 6.4.6 Optimal Sample Size with Fixed and Optimal Allocation
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Figure 6.4.8a ENBS for the Four and Two-Stage Decision Problem
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Figure 6.4.8b Optimal Sample Size for the Four and Two-Stage Decision Problems
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7.1 Introduction

The thesis has considered two aspects of the value of clinical information. The
value of information provided by diagnostic technology was considered in
chapters two and three. The value of information generated by clinical research

was examined in chapters four, five and six.

Background

This thesis was developed in response to the methodological problems which were
encountered when faced with the economic evaluation of complex sequential
clinical decision problems which include a number of treatment and diagnostic
strategies 2. The issues posed by this type of decision problem are: (a) can
diagnostic information be valued without the prospective evaluation of all feasible
strategies of patient management; (b) if not then is it worth collecting additional
information about this decision problem through prospective research; (c) if it is
then what is the optimal scale of this research; and (d) which of the many
competing strategies of patient management should be included (regarded as
relevant alternatives) in the evaluation. The methodological developments in the
thesis are an attempt to address these practical problems which are the issues of

allocative and technical efficiency in research and development.

Summary

The thesis aims to provide methods which can address these problems, and these
are illustrated throughout the thesis using the same simple numerical examples
which are introduced in chapters two and three. In chapter two a strategy for the
evaluation of diagnostic information which could in principle avoid prospective
evaluation is examined. In chapter three it is generalised to a mére complex
decision problem. It is argued that this strategy will only provide consistent

valuations if critical assumptions which are unlikely to be met in most clinical
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settings hold. The consequences of violating these assumptions are demonstrated
using the same numerical example. It was found that the value of diagnostic
information will be biased: a cost-effective technology many be rejected; and a
technology which is not cost-effective may be accepted. It was also found that
current clinical practice may not include those treatment strategies which will
become optimal once the new technology is adopted. Therefore observing current
practice may not be able to provide the information which would be required to

evaluate the new technology. This posed a number of problems:

“If valid inferences can not be based on observing current clinical practice,
but the prospective evaluation of all possible alternatives in a sequential
clinical decision problem is not possible, efficient, or ethical, then: (a) how
should information of different quality from different sources be combined
consistently and explicitly; (b) which clinical decision problems will be
worth evaluating in a clinical trial; (c) if a clinical decision problem is
worth evaluating which of the competing alternatives should be compared
in a clinical trial; and (d) what is the optimal scale of this prospective

research?”

These are the questions of how to establish both technical efficiency in research
design, and how to achieve allocative efficiency in research and development
across clinical decision problems and between research and service provision. It is

these questions which were addressed in chapters four, five and six.

The analysis in chapter four used a decision analytic approach to the valuation of
clinical information which combined a Bayesian view of probability with a
framework for decision making. This approach was used to establish the cost of
uncertainty surrounding the decision problem (the expected value of perfect
information). The marginal benefit and the cost of acquiring sample information
was then explicitly considered. This enabled the technically efficient scale of the

research to be identified and the expected net benefit of proposed research to be
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established. These methods were generalised from the single-stage decision
problem considered in chapter four to the two- and four-stage sequential clinical
decisions in chapter five. However, although the decision analytic approach taken
in these chapters addressed the issues of which clinical decision problems are
worth evaluating and what the technically efficient scale of the research should be,

it does not allow the relevant alternatives to be identified.

In chapter six the fixed and equal allocation rule which assigned equal numbers of
trial entrants to each of the alternative arms of the trial was relaxed. A dynamic
programming approach was used to identify the optimal allocation of trial entrants
at each stage of the decision problem. By explicitly considering the marginal
benefit and marginal cost of assigning trial entrants to the alternative arms of the
trial, the expected net benefit of the probosed research is higher than with fixed
allocation rules. It enabled relevant alternatives to be identified because it is
possible that no sample will be assigned to an arm of the trial and in this case it
can be ruled out as an irrelevant alternative. At the end of chapter six the
methodological problems which originally motivated the thesis have been

addressed and methods proposed which can in principle provide a practical

solution.

Methodological and Policy Issues

In the process of addressing these problems some interesting methodological
issues have been highlighted. One of the implications from chapter three is that
there are problems when using the traditional approach to priority-setting using
league tables of cost-effectiveness ratios. Chapter four demonstrates that the
traditional approach to clinical trial design is inconsistent with concepts of
efficiency even when economic evaluations is conducted alongside a clinical trial.
The decision analytic approach to the value of information shows that there are
circumstances when it will not be efficient to conduct a clinical trial and clinical

practice should be based only on prior information. Establishing the expected net
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benefit of research also means ethical judgements about proposed research can be

based on a consistent estimate of the opportunity cost of particular ethical

concerns.

The thesis has also provided tools which can address some interesting policy
questions, in particular methods for research priority-setting. Two hurdles are
proposed for clinical research. The first ensures that only potentially cost-effective
research is considered. The second ensures that this research will be cost-effective
when conducted at the technically efficient scale. The expected net benefits of
research can be used to establish allocative efficiency in research and development
" across clinical decision problems or broader areas of clinical research. Perhaps
most importantly, it can be used to establish the optimal allocation of resources
between research and development and service provision. Indeed what is clear
from the analysis is that the value of information and research priorities cannot be
separated from the budgetary constraints on service provision. These
methodological issues and the pélicy implications of this work are discussed in

more detail later in this chapter.
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7.2 Consistency in the Evaluation of Diagnostic Information

The strategy for the economic evaluation of diagnostic information proposed by
Phelps and Mushlin ' was an attempt to combine information from a number of
sources (although not explicitly taking account of the variable quality of this
information) and to focus clinical research more sharply by: (a) eliminating new
technologies which will not be cost-effective by constructing two hurdles that
proposed technology must overcome; (b) by avoiding randomised experimental
design where possible; and (c) by focusing on a clinically relevant range of test and

patient characteristics.

The Phelps Mushlin strategy was applied to a simple numerical example of a two-
séage test/treatment decision problem and two hurdles for the new technology
were constructed. The first hurdle compared the expected value of the test
assuming that it provided perfect information with an estimate of the cost of the
new technology. Once the accuracy of the test is established existing information
about current patient management is used to estimate the expected value of this
imperfect clinical information. The relationship between the value of diagnostic
information and the critical cost-effectiveness ratio (the shadow price of the
budget constraint on service provision) was explored. This demonstrated that
both hurdles are sensitive to this decision rule and that the explicit monetary

valuation of health outcome is unavoidable in the valuation of clinical information.

The approach to the economic evaluation of diagnostic information has a number
of advantages and attractions: it is consistent with economic decision rules and it
enables research to be focused on new diagnostic technologies which are
potentially cost-effective. However the presentation of the approach by Phelps
and Mushlin, where treatment following diagnosis is determined only by the test
résults, implies that no other treatment alternatives are possible. The approach
simply added a diagnostic device to existing patient management strategies and

clinical practice is changed only to the extent that the test changes the probability
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of assigning a patient to a particular diagnosis.

However in most clinical decision problems there is a range of treatment
alternatives (and other diagnostic processes) which are at least possible following
the results of the test, even if these alternatives are currently not used as part of
existing patient management. In these circumstances diagnostic information may
change patient management by changing the probability of assigning a patient to a

particular diagnosis and by changing the optimal treatment choice.

To establish the circumstances in which this strategy will be appropriate to these
less restrictive decision problems the Phelps Mushlin strategy was generalised in
chapter three to accommodate more than one treatment for a given diagnosis, and
applied to a simple numerical example of a four-stage decision problem. It was
argued in chapter three that the Phelps and Mushlin strategy depends critically on
two assumptions: Firstly it is assumed that the decision problem facing the
clinician prior to the introduction of the test must be identical to the decision
problem when the test is introduced and the test results are known. Secondly it
accepts current practice as an appropriate baseline (or relevant alternative) to
evaluate a new diagnostic device and implicitly assumes that the existing strategies
of patient management are correct. In the context of an economic evaluation this
means that existing strategies of patient management are efficient (the most cost-
effective) at the critical cost-effectiveness ratio. Current practice will only be the
relevant alternative if there is consistency between the value of health outcome
which is implicit in the selection of current practice (1/g) and the value of the

critical cost-effectiveness ratio (CCER), which is the shadow price of the budget

constraint

This assumption is unlikely to hold because the appropriate critical ratio is
uncertain and depends on which budget is regarded as relevant. It was argued
that the value of health outcome implicit in existing patient management may be

greater than the CCER because clinicians may only consider clinical effectiveness
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or may not have full information about the budget constraint they face and the

costs of competing programmes within the budget.

The consequences of violating this assumption were demonstrated in chapter three
and two types of error were identified at each of the hurdles. The first type of
error occurs when the value of diagnostic information is overestimated and a
diagnostic technology which is not cost-effective may be accepted. If both the
fallback and the test/treatment strategy are selected using an inconsistent implicit
value of health outcome then the value of clinical information is underestimated
and a potentially cost-effective diagnostic technology may be rejected. Also a
less effective but less costly alternative treatment may exist which would be
optimal at the CCER but may not be part of current practice. In these
circumstances it can no longer be assumed that treatment alternatives which are
optimal following the new test will be part of existing patient management. It will
not be possible to estimate the EVPI or the EVCI based on existing information
and the investigator may be forced to consider an experimental design which

includes both the test and the subsequent treatment strategies.

The analysis of the Phelps Mushlin strategy in chapter three suggests it is likely to
fail when applied to more complex decision problems because: (a) the key
assumption of consistency between the value of health outcome implicit in current
practice and the CCER is unlikely to hold; (b) when this assumption is violated the
values of both the first and second hurdles will be biased; and (c) it is not
necessarily the case that information about current practice before the test ié
introduced will be sufficient to construct the first hurdle. The Phelps Mushlin
strategy fails, but if the prospective evaluation of all possible alternatives in a
sequential clinical decision problem is not possible, efficient or ethical, then this
poses the questions of how to establish both technical efficiency in research
design, and achieve allocative efficiency in research across clinical decision
problems and between research and service provision. The analysis in chapter

three also poses some methodological problems for constructing league tables of
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cost-effectiveness ratios to set priorities in service provision.
Setting Priorities in Service Provision

The decision problem considered in chapter three includes six possible strategies
of patient management and can generate four cost-effectiveness ratios, none of
which can be ruled out as extendedly dominated ™ '*°. This poses a problem for
the traditional approach to priority-setting and decision making using cost-
effectiveness or cost utility analysis. The traditional approach would be to place
the cost-effectiveness ratio for this new diagnostic test in a league table along with
the cost-effectiveness ratios of other non-mutually exclusive alternatives
competing for the same budget. The social decision-maker should implement each
1 urn until the budget is exhausted “**'. The value of health outcome is set
implicity, and will be the cost-effectiveness ratio of the marginal project. In this
traditional approach health outcome does not need to be valued explicitly prior to
an economic evaluation, and league tables of cost-effectiveness ratios which allow
decision-makers to determine the valuation of health outcome implicitly according
to their budget assume that the cost-effectiveness ratios are independent of the

value of health outcome.

However the example in this chapter shows that when considering sequential
decisions problems there is no unique cost-effectiveness ratio and there are a
number of ratios which could be placed in a league table ' ', The relevant ratio
depends on the valuation of health outcome, so a league table for a particular
value of 1/g could be constructed with a unique ratio for each intervention.
Howwever, in this case the league table as an aid to decision-making is redundant
because 1/g would already have been selected and the projects which should be

accepted have already been determined.

One approach to this issue is essentially to ignore the problem, and this is

embodied in much of the work on league tables and published cost-effectiveness
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ratios ¥, This approach accepts cost-effectiveness ratios which compare
alternatives dictated by current clinical practice using some implicit rule, but as we
have already seen this will lead to inconsistencies and inefficient allocations. Each
of the cost-effectiveness ratios which have been included in published league
tables must be based on some implicit decision rule used to identify which
alternatives are relevant. There is no reason to believe that these implicit rules are

consistent with the shadow price of the budget constraint.

An alternative approach is to evaluate every possible strategy. Sequential clinical
decision problems are a comparison of a number of mutually exclusive
alternatives. By evaluating each they can be ranked by effectiveness and those
alternatives which are dominated and extendedly dominated can be ruled out ™ ',
Those that remain can be used to generate cost-effectiveness ratios implied by
moving to more effective but more costly strategies. These ratios can be placed
in a section of a league table and as the budget increases a more effective strategy
will be accepted and the less effective sirategy will be rejected. Although this
approach does provide a theoretical solution if the assumptions of constant
returns, non repeatability, and perfect divisibility are accepted it does require that
all possible alternatives should be evaluated. In this s-imple decision problem this
would involve the evaluation of six rather than two possible strategies but in more
complex decision problems it could involve a very large number of alternatives.
Adopting this approach would involve the prospective evaluation of each, a
proposal which may well be inefficient, or infeasible (in terms of recruitment into

such a trial) and would probably be regarded as unethical.

Health outcome must be valued explicitly prior to an economic evaluation so that
relevant alternatives can be selected in a way which is consistent with the decision
rules which will be used when the cost-effectiveness analysis is complete.
However this also implies that the decision rule must capture all the relevant
decision criteria. In this example the value of health outcome is the only criteria,

but if social decision-makers '* wish to include other criteria such as equity and
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access these must be included prior to evaluation so they can be used to select the
relevant alternatives which are compared. If different criteria are used to decide
whether the project should be implemented then there may be other alternatives
previously rejected which would meet these new criteria more effectively, and in

these circumstances it becomes difficult to separate issues of equity and efficiency

33, 34, 35,117
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7.3 A Decision-Analytic Approach to Trial Design and Research
Priority Setting

The analysis in chapter three demonstrated that a clinical trial may be unavoidable
even in the evaluation of a non-invasive diagnostic technology. This posed the
problems of allocative efficiency across clinical research and technical efficiency in
research design. In chapter four it was argued that the traditional approach to
clinical trial design is inconsistent with concepts of efficiency, leads to either
infinite or arbitrary sample sizes, and cannot address the issues of allocative or
technical efficiency in clinical research. The methods developed in chapter four
and five address these problems by using a decision-analytic approach which

combines a Bayesian view of probability with a framework for decision-making.

The Traditional Approach to Trial Design

The problems encountered when running an economic evaluation alongside a
clinical trial have been well documented. However, the traditional approach to the
design of pragmatic clinical trials is inconsistent with concepts of efficiency,
because an infinite value is implicitly placed on the benefits of sample information.
Furthermore, the traditional approach does not directly address the decision

problem faced by clinicians and cannot incorporate prior information explicitly and

consistently.

In the traditional approach (assuming a fixed sample design, where all the results
are available at the same time at the end of the trial) the key design issue is the
number of patients to recruit. Sample size is very sensitive to the reference
improvement and if the reference improvement is not well defined or is chosen in
an arbitrary way, then sample size will also be arbitrary. The clinical reference
improvement has been defined as the smallest worthwhile difference in
effectiveness. Very small improvements in effectiveness should be worthwhile, but

as reference improvement approaches zero, sample size tends to infinity. The
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allocative and technical efficiency in research design.
A Decision-Analytic Approach to Trial Design

The decision-analytic approach developed in chapter four and five combines a
Bayesian view of probability with a framework for decision-making. The
approach abandons traditional significance testing, confidence intervals and their

Bayesian counterparts in favour of minimising the expected costs of making the

wrong decision.

The methods developed in these chapters address the problem of allocative and
technical efficiency in research design by constructing two hurdles that proposed
research must overcome before it can be considered cost-effective. The first
hurdle Aasks if the cost of proposed research exceeds the maximum possible
benefits (the expected cost of uncertainty). If the cost does not exceed the
maximum benefit then it is potentially cost-effective. Whether the proposed
research is cost-effective can be established by constructing the second hurdle
which explicitly considers the marginal cost and marginal benefits of sample
information. The second hurdle ensures that the research is conducted at the
technically efficient scale and provides a measure of the expected net benefit of the
proposed research. This approach was illustrated by application to the simple
single-stage fallback treatment decision in chapter four before it was generalised

to the more complex two and four-stage test/treatment decisions in chapter five.
7.3.1 Hurdle I: The Expected Value of Perfect Information

The expected value of perfect information (EVPI) was established and this forms
the first hurdle for proposed research. It is the maximum benefit that could be

provided by additional information and the maximum return to research effort.

This gives a method for focusing research priorities because it can be used to
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identify those clinical decision problems (or areas of clinical research) where the
costs of uncertainty are highest and where the information from research will be
most valuable. If the fixed costs of research are known, the EVPI can be used to
eliminate proposals (where the costs exceed the EVPI) which will not be cost-
effective. The EVPI can also be used in the same way to identify priority areas
for scientific reviews and Meta-analysis: clinical decision problems where the
costs of uncertainty are greatest derive the most benefit from a review of existing
research. The EVPI is a powerful tool for identifying research priorities in
support of a move towards evidence-based medicine. Indeed this approach can
set the limits to evidence-based medicine and provide a framework within which it

can be applied consistently.

The expected value of perfect information can be established based only on prior
information, including evidence from previous intervention and observational
studies, but it can also include expert judgements. The decision-analytic
framework focuses attention on thdse variables where evidence or judgement is
required and by making prior information and judgements explicit they are open to
empirical falsification. This is not necessarily the case in input/output models for
assessing payback in clinical research or in Delphic studies of research foresight
which elicit preferences which are not open to criticism or empirical testing. The
quality of the prior information is reflected in the prior variance and prior
information can be regarded as a quasi-sample where a smaller sample size
indicates a more sceptical prior. This framework makes the prior information
which is required explicit and allows evidence from a variety of sources to be

combined and handled consistently using Bayes Theorem.

The relationship between the EVPI and the value of 1/g was examined for the
single, two and four-stage decision problems and this demonstrated that the value
of information is crucially dependent on the value of health outcome used to set
priorities in service provision. This is because the value of 1/g is determined by

the budget constraint faced by clinical practitioners. If the budget constraint is
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relaxed then more costly but effective health services can be provided, the cost-
effectiveness ratio of the marginal service will increase, and the EVPI will rise. If
the budget is tightened the cost-effectiveness ratio of the marginal project will fall,
service providers will be unable to take advantage of the information provided by
clinical research, and the value placed on this information will diminish. The value
of information, research priorities and the optimal level of research and
development expenditure are all dependent on the budgetary constraint on the

provision of health services.

The relationship between the EVPI and the quality of (or confidence in) the prior
information was also explored and this showed that when there is less confidence
in the prior information the EVPI is higher because there is more uncertainty
surrounding a decision based only on prior information. Similarly when the prior
is less sceptical the decision will be less uncertain and the EVPI is lower. The
point at which the clinician would be indifferent between the alternative strategies
based on prior information is where she is most uncertain and at this point the

EVPI reaches a maximum.
Sequential Decision Problems

The analysis of the sequential decision problems in chapter 5 also demonstrated
that the cost of uncertainty for a clinical decision problem will be underestimated if
some alternatives are ruled out as not relevant and a sequential decision problem is
simplified to a single-stage problem. This is because the EVPI for the whole
decision problem is the sum of EVPI at each of the contingent decisions and at the
initial decision. An analysis which simplified a sequential clinical problem to a
single-stage problem would underestimate the EVPI because the process of
simplification excludes some alternatives which are feasible and relevant and in

certain circumstances could become the preferred strategy.

Chapter five demonstrated that by calculating the EVPI at each stage of a
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sequential decision problem, those points in the sequence of decisions where the
cost of uncertainty is highest can be identified. This is not necessarily the case with
conventional sensitivity analysis because the prior distributions for the key
variables and the value placed on opportunity losses at sensitive decisions are not
necessarily taken into account. It was shown that simple measures of sensitivity
may be misleading particularly if they are used to identify those points where

information may be most valuable

7.3.2 Hurdle II: The Expected Net Benefit of Research

Proposed research which passes the first hurdle can be regarded as potentially
cost-effective. To demonstrate that it will be cost-effective the optimal scale of
the research (in this case sample size) was established. The expected benefit of
sample information was measured by the reduction in expected opportunity loss.
This can be calculated for a particular sample size based on pn’or.information and
an estimate of the sample variance of the incremental net benefits. The marginal
cost of sampling includes the additional cost of treatment when patients entering
the trial are allocated to the experimental treatment. In chapters four and five
patients are allocated equally between the control and experimental arms of the
trial. The expected net benefit of sampling (ENBS) was defined as the difference
between the total benefit and the total variable cost for a particular sample size.
Sample size is optimal when ENBS is positive and at a maximum. The ENBS is
the expected net present value of research and can be used to prioritise research
_proposals. Ifthis is positive then the research passes the second hurdle and is

cost-effective when conducted at the technically efficient scale.

The ENBS also represents the opportunity cost of failing to implement cost-
effective proposals. If a proposal with positive ENBS was rejected on the
grounds of medical ethics then the implicit opportunity cost of this ethical position

can be established either in monetary terms or in terms of health benefits forgone.
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Consideration of medical ethics is an essential element in trial design, but this
approach makes it possible to estimate the opportunity cost of particular concerns
for the individuals involved in a trial. In this way the trade-off between individual
and collective ethics can be made explicit. If these trade-offs are explicit they can

be made consistently and be open to criticism and debate.

The analysis in chapters four and five explored the relationship between the value
of health outcome and the ENBS and showed that the value of sample information
and the technically efficient scale of clinical research is dependent on the
budgetary constraints on service provision. The issues of allocative and technical
efficiency cannot be addressed before health outcome has been valued in monetary
terms. The relationship between the optimal sample size, the expected net benefits
of research and the quality of prior information was also examined. This showed
that when the value of health outcome is low and the prior is less sceptical the
optimal sample size is zero and the decision should be based only on prior
information. In these circumstances the prior decision will be to reject the

experimental treatment.

This analysis also showed that when the prior is less sceptical and the value of
health outcome is high then the optimal sample size will also be zero. But the
prior decision is now to treat using the experimental treatment, suggesting that
there may be circumstances in which a new treatment should be adopted without
gathering sample information through a clinical trial. This demonstrates that a
decision-analytic approach can be used to set rational limits to evidence-based
medicine and to provide a framework where new treatments of potentially great -
benefit can be adopted without incurring the cost (including the opportunity cost

of the delay before the results are available) of a clinical trial.
Sequential Decision Problems

The analysis in chapter five demonstrated that the expected net benefits of sample
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information and the optimal sample size can be established and the second hurdle
can be constructed for sequential decision problems. This also showed that an
analysis which did not recognise the sequential nature of a decision problem by
simplifying it to single-stage decision and excluding the diagnostic process would
bias efficient research design and cause errors at the second hurdle. Similarly an
analysis which simplified the four-stage decision problem to the two-stage
problem by excluding one of the treatment alternatives will underestimate the
ENBS and bias the optimal sample size. Once again this illustrates that arbitrarily
excluding feasible alternatives and using implicit rules and inconsistent judgements
to identify which alternatives are regarded as relevant will bias research design. In
this example the value of information and the technically efficient scale of
proposed research will be underestimated. There is a danger that cost-effective
proposals will be rejected and those that are accepted will be conducted at less

than the technically efficient scale.

7.3.3 Setting Priorities in Research and Development

The decision-analytic approach which was developed in chapters four and five can
provide practical policy tools for research priority-setting. The information
generated by clinical research is valued in a way which is consistent with concepts
of efficiency and with the methods used to set priorities in service provision. The
prior information, which is implicit in the traditional approach, is identified and
handled consistently so that it is open to criticism, alternative formulation and

empirical testing.

The simple numerical example examples of a fixed sample pragmatic trial shows
that these techniques can be used to identify areas of clinical practice where the
cost of uncertainty is high and where the potential benefits of clinical research will
also be high. Estimates of the EVPI and the ENBS can be used to construct two

hurdles which proposed research must overcome before it can be considered cost-
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effective. The first hurdle is based only on prior information and asks if the EVPI
(the cost of uncertainty or the maximum value of sample information) is greater
than the costs of the proposed research. This hurdle can eliminate proposed
research which will not be cost-effective before issues of research design must be
addressed. Those proposals which pass the first hurdle can be regarded as
potentially cost-effective and can be considered at the second hurdle. The second
hurdle ensures that the design of potentially cost-effective research is technically
efficient and that it will be cost-effective when conducted at the optimal scale.
The ENBS represents the value of the proposed research to the providers and
consumers of health services. It also represents the opportunity cost of rejecting
cost-effective research proposals. This approach provides a means to decide
which clinical decision problems are worth evaluating in a clinical trial and what is

the technically efficient scale of this research.

Estimates of the expected net benefit of research can be used to rank competing
research proposals, and by implementihg proposals with higher net benefit first,
the maximum health benefits can be gained for limited research and development
resources. If all proposals with positive net benefits could be implemented then
the returns to research and development expendituré would be at a maximum,
The net benefit provided by the marginal research proposal will be zero, and the
level of expenditure would be optimal. At this point research and development

should only be expanded if there is a corresponding expansion in health service

provision.

These tools can be used to address the optimal allocation of resource between
research and development and service provision. The optimal level of research
and development expenditure is determined by the budgetary constraints on
service provision, because it is the cost-effectiveness ratio of the marginal service
which determines the value placed on the benefits of clinical research. The level
of research funding would be less than optimal if the net benefit of the marginal

research proposal was positive. Expenditure on research and development

206



should be increased, and in these circumstances health benefits to patients would
improve if resources were transferred from service provision to research and
development. This would reduce 1/g as resources were transferred from service
provision and reduce the value of proposed research. The optimal level of
research and development expenditure would fall and converge on the efficient

allocation between service provision and research and development.

The estimates of the expected net benefit of proposed research can be used to
allocate research resources between broad areas of clinical research. If there are
areas of clinical research where the marginal expected net benefit is low then
resources should be transferred to other areas of research where the marginal net
benefits are higher. This transfer of resources would increase the health gains for
patients within a fixed research and development budget and should continue until
the marginal net benefit across all areas is the same and the share of research
resources is optimal. This approach could also inform policy where there is joint
commissioning of research in a clinical area. If there is evidence that the current
level of research funding is less than optimal this will provide a framework for
negotiation between commissioning agencies. If there is evidence that the
expected net benefit of marginal research commissioned by one agency is higher
than other agencies this suggest that the former should increase their share of
research effort in this clinical area. These techniques provide a framework within
which these broad policy issues can be discussed, although further work would be
required implement this approach because it has implications for those who

commission, design and use clinical research.

207



7.4 A Dynamic Programming Approach to Optimal Patient
Allocation

The approach taken in chapters four and five solved, at least in principle, all but
one of the problems which motivated this thesis: the Bayesian view of probability
can explicitly incorporate prior information from different sources and of different
quality; the first and second hurdles can identify which clinical decision problems
should be considered for prospective clinical research; and the construction of the

second hurdle identifies the efficient scale of this research.

However there remains the problem of which of a number of competing
alternatives should be compared within a clinical trial. This was not addressed in
chapter four or five because that analysis assumed an fixed and equal allocation of
trial entrants at each stage. This means that a sample is allocated to each arm of a
trial irrespective of the cost and benefit. This arbitrary rule forces part of the
sample to be allocated to each alternative and does not provide a method to
identify which of the alternatives are irrelevant. In chapter six this arbitrary
allocation rule was relaxed and a simple dynamic programming approach was used
to establish optimal patient allocation and provide an explicit and consistent

method to identify relevant alternatives which should be compared in the trial.

The Traditional Approach’

The equal allocation of patients between experimental and control arms of a trial is
often used and is implicitly justified by assuming that the variance of the outcome
of interest for the control and experimental arm is the same, so that the benefits
(re'duction in sample variance) of assigning an additional trial entrant to either arm
of the trial will be the same. However there is little justification for this rule of
precedent when the costs and benefits of allocating a trial entrant to the alternative
arms of the trial are explicitly considered. Whether an additional trial entrant

should be allocated to a particular arm of a trial should be determined by the
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marginal benefit of assigning the patient to that arm (which will be determined by
the variance of the net benefits of that arm) and the marginal costs of assigning the
patient to that arm (which is determined by the additional treatment costs). The
only circumstances in which an equal allocation could be justified would be when
the variance and the marginal sampling costs of both arms of the trial are the

same. Inthe examples considered the variance of the net benefits of the
alternatives at each stage are not assumed to be the same and the marginal cost of

assigning a trial entrant to either of the alternatives at each stage will differ.

There are established allocation methods which are only concerned with clinical
outcomes in sequential clinical trials, were the accumulated results from earlier
participants in the trial are available and are used to allocate those entering the
trial. Chapter six addressed a more fundamental problem of optimal allocation in a
fixed sample design where sample information is only available at the end of the
trial. The benefit and cost of sample information, optimal sample size and the
allocation of patients at each stage must be established before ahy sample

information is available.

A Dynamic Programming Approach

The numerical examples in chapter six demonstrate that the optimal allocation of
trial entrants is not simply an issue for sequential clinical trials but is a more
fundamental problem which is also relevant to the fixed sample glesigns considered
here. The approach to optimal patient allocation taken in this chapter explicitly
considered the marginal cost and the marginal benefit of assigning trial entrants to
the alternatives arms of the trial at each stage. The single-stage decision problem
was solved in two stages and required the full enumeration of all feasible
allocations of each sample considered. However the full enumeration of all
feasible allocations in more complex sequential decision problems is not tractable
and the two and four-stage decision problems were solved using three and five-

stage dynamic programmes. This simple dynamic programming approach uses the
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recursive relationship between the payoffs at each stage of the decision problem
and provides a practical solution to the problem. This may not be the optimal
solution (because although there is a recursive relationship between the payoffs at
each stage the prior variance and incremental net benefit at earlier stages are partly
determined by the contingent allocation at later stages), but the dynamic
programming approach is the only feasible solution and clearly provides a better

solution than the arbitrary fixed allocation rule used in chapter five.

The optimal allocation of trial entrants will increase the expected net benefit of
sampling and the value of the second hurdle. This was achieved by a reduction in
the cost of sampling (possibly with a reduction in the expected benefits of
sampling) or alternatively by an increase in the expected benefits of sampling
(possibly with an increase in the cost of sémpling)., The analysis in chapter six

| showed that the optimal allocation at each stage, optimal sample size, and the
expected net benefits of sampling are determined by the value of health outcome
because this determines the relative weight placed on the additional benefits and
costs of assigning entrants to each arm of the trial. The numerical examples
considered in this chapter demonstrate that arbitrary and fixed allocation rules are
inefficient and will lead to an underestimate of the value of proposed research and
there is a danger that research which should be accepted at the second hurdle will
be rejected. Research which is accepted at the second hurdle despite an arbitrary
allocation will be designed inefficiently and may include the comparison of

irrelevant alternatives. The value of the research will be underestimated.

The simple dynamic programming approach to optimal patient allocation provides
an explicit and consistent method to identify relevant alternatives which should be
compared in the trial. Optimal allocation provides a method to rule out irrelevant
alternatives consistently based on an assessment of the éxpected benefit and cost
of comparing the alternatives, because it allows no sample to be allocated to an
alterative at each stage. Ifit is optimal not to allocate a sample to an alternative

then it can be regarded as irrelevant and can be excluded from prospective
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research.

These numerical examples demonstrate that what are relevant alternatives depends
on the value of 1/g and alternatives cannot be ruled out as irrelevant before the
shadow price of the budget constraint (the monetary value of health outcome) has
been established. They also illustrate the danger of ruling out alternatives based
on implicit and inconsistent decision rules. An analysis which simplified the two-
stage decision problem to the single-stage treatment decision would
underestimated the value of the research and seriously bias the trial design.
Similarly an analysis which simplified the four-stage problem to the two-stage
problem, by excluding one of the treatment strategies, would underestimate the
ENBS and the optimal scale of the research at the second hurdle. This supports
an argument which has been made in previous chapters: that the selection of
relevant alternatives and the exclusion of some alternatives based on judgements
and implicit decision rules can seriously bias the analysis and can lead to errors at

the second hurdle and inefficient research design.
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7.5 Further Developments

The methods which have been developed and illustrated in each chapter have
solved, at least in principle, the problems which originally motivated this thesis:
the Bayesian view of probability can explicitly incorporate prior information from
different sources and of different quality; the first and second hurdles can identify
which clinical decision problems should be considered for prospective clinical
research; the construction of the second hurdle identifies the efficient scale of this
research; and the dynamic programming approach to optimal patient allocation
can identify which alternatives should be regarded as relevant and included in a
clinical trial. However there are further methodological developments which
could be pursued and the application of these methods to researéh priority setting
suggests a programme of empirical work and poses the problem of how to

implement this approach to research design and priority setting.

One way in which these methods could be extended would be to include the
expected health benefit or cost to those enrolled in the trial. The analysis in the
thesis has focused exclusively on collective ethical concerns by considering the
expected benefit and cost of proposed research to future patientAs and society as a
whole. This provides a measure of the opportunity costs of rejecting cost-
effective research on the grounds of individual ethical concerns. The valuations of
the potential health benefit and cost to those enrolled in the trial is excluded from
this analysis and it is left to ethical decision-makers to make this trade-off, albeit
with more information about the expected benefits of the research. However it
would be possible to include the expected health benefit and cost to those enrolled
in the trial, although this would involve making a value judgement about the
relative weight attached to the costs and benefits to entrants as compared to the

benefits which will accrue to future patients.

This thesis has been concerned with the value of information generated by

pragmatic clinical research at the final stage (phase I1I or IV) of the development
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of new technology. However it seems that in principle the same approach can be
used to set priorities in the development of new technologies and pharmaceuticals
at a much earlier stage of development. Indeed it may be possible to use the same
approach to set priorities in fundamental and biomedical research. This could
provide a useful method to identify new chemical entities which are most likely to
be cost-effective and which will change clinical practice when fully developed.
This could reduce the research and development cost of bringing successful
technologies to the market and could also inform a regulatory framework to
provide incentives for the development of technologies with these desirable
characteristics. These techniques have provided a framework within which broad
policy issues can be discussed, and in principle prospective empirical work which
applied this approach to a sample of research proposals could provide evidence as
to whether the current level of research and development is optimél and whether
patients would benefit from a reallocation of resources between research and

development and service provision.

Clearly the expected net benefits of research can only be realised if this approach
can be successfully implemented. Implementing a decision-analytic approach to
evéluative design and research priority setting has implications for those who
commission, design and use clinical research. Those who commission research
require guidelines for selectors to identify priority areas, to ensure that proposals
are technically efficient and to establish the expected net benefits of proposed
research. Those who design and seek support for clinical research need to be
convinced of the value of these techniques and require bidding guidelines to
ensure that research is designed efficiently and can demonstrate expected net
benefits. Research interests would need to be focused on priority areas. This may
- be achieved by the incentives created as those who commission research give

higher priority to funding research in these areas.

The impact on the users (clinical practitioners and purchasers) of clinical research

ultimately determine whether the expected benefits of research are realised by
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changing clinical practice. A key issue is the impact on decision-making of
alternative approaches to evaluative design and research priority setting. One
approach to the impact of research could be described as positive, and this
attempts to establish how decision-makers make decisions and what type of
information will have an impact on their practice. The approach accepts the
current decision-making process and it implies that methods should be adopted
which address decision-makers current concerns. This approach implicitly assumes
that either the current decision-making process is optimal, with regard to the
objectives of the NHS, or it is not amenable to change. This is the rationale for
specifying a reference treatment difference in the traditional approach to

evaluative design.

The decision-analytic approach takes what could be described as a normative and
extra-welfarist > 3% % approach to the impact of research findings. This approach
does not accept that the current decision-making process is necessarily optimal. It
suggests how decisions should be made given specified objectives, prior evidence
and the explicit assumptions and judgements that must be made. The aim is to
establish methods and decision rules which best meet the specified objectives of
social decision-makers (the objective which is embodied in the decision rules used
throughout this thesis is the maximisation of health benefits). To change the
existing decision-making process and persuade decision-makers of the issues
which should be considered when interpreting alternative approaches to
evaluative design, a campaign of dissemination, education and incentives is
required. If they can be persuaded to abandon the traditional approach to
significance testing and confidence intervals then this approach to the value of
information could also be used to identify their own informational needs. They
would be able to set their own priorities by establishing the cost of uncertainty or
the EVPI of the decision problems that they face. This could be used to focus
their efforts in searching the published literature, commissioning scientific reviews
and acquiring new skills by recruiting personnel and purchasing training and

consultancy.
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