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Abstract This paper itemises the current and developing roles of modelling in health

economic evaluation and discussesits value in each role.

We begin by noting the emptiness of the dichotomy that some commentators
have sought to create between modelling and controlled trials as mechanisms for
informing decisions. Both are necessary parts of the armoury. Recent literature
discussions are examined and the accelerating prevaence of modelling is re-
ported.



446

Brennan & Akehurst

The identified roles include: extrapolating outcomes to the longer term; ad-
justing for prognostic factorsin trials; translating from intermediate to final out-
comes; extending analysisto therelevant comparators; generalising from specific
trial populations to the full target group for an intervention and to other settings
and countries; systematic sensitivity analyses; and the use of modelling for the
design and prioritisation of future trials.

Roles are illustrated with 20 recent examples, mostly from within our own
work analysing new or contentious interventions for the Trent Development and
Eval uation Committee, which is planned to be incorporated into the UK National
Ingtitute for Clinical Excellence (NICE). Each role discussed has been essential

at some point in this policy-making forum.
Finally, the importance of quality assurance, critical review and validity test-
ing is reiterated and there are some observations on processes to ensure probity

and quality.

This paper itemises the current and devel oping
roles of modelling in health economic evaluation
and discussesitsvalue in each role.

1. Health Technology Assessment
and Reimbursement

The world of health technology assessment is
developing at speed. Governmental desire to con-
trol burgeoning health budgets, together with de-
velopments in health services research methodol-
ogy and practice, have combined to produce much
more guestioning of the cost effectiveness of new
and existing interventions. The focus has been par-
ticularly sharp in the case of pharmaceuticals. The
Netherlands, Norway, Portugal, Spain, the UK and
the USA all have guidelinesfor evaluation of phar-
maceuticals in various stages of development, and
statutory processes are already in place in Canada
and Australia.[%2]

In the UK, the recently created National Insti-
tute for Clinical Excellence (NICE) is required to
appraise new technologies, particularly pharma-
ceuticals. NICE will build upon the work of the
existing regional Development Evaluation Com-
mittees (DECs) in providing advice to Health Au-
thorities. The Trent DEC has been serviced by the
School of Health and Related Research (SCHARR)
at the University of Sheffield. The authors of this
paper have been heavily involved in the process of

0 Adis International Limited. All rights reserved.

evidence review, synthesis of data and modelling
necessary to provide policy advice.

2. Modelling

Modelling represents the real world with a se-
ries of numbers and mathematical and statistical
relationships. In the twentieth century its use has
exploded, with almost universal application, from
atomic physics and weather forecasting to military
strategy and international business. In the health
field, modelling is often used for planning budgets,
workforce and location of facilities. Certain clini-
cal fieldsarefundamentally based on mathematical
modelling approaches, for example pharmacokine-
tics and epidemiology.

The literature gives some excellent introduc-
tionsto modelling in broader health technology as-
sessment.[3-€] The progression of the disease or the
‘patient pathways must be examined, how these
would change given the intervention, and the sub-
sequent costs and outcomes. Such assessments
apply not only to treatment technologies but also
to broader systems with more ‘knock-on’ conse-
guences — health promotion, preventive and vacci-
nation programmes, screening policies and diag-
nostic services. Technically, modelling frameworks
include formalised approaches such as decision
trees, Markov analysis, discrete event simulation
and systems dynamics. In practice, modelsvary in
complexity and investment required. The choice of

Pharmacoeconomics 2000 May: 17 (5)
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approach depends on the structure of the disease,
theimpact of the technology and the avail ability of
datafor its assessment. No single framework is al-
ways applicable and an increasing number of mod-
els are simply extended spreadsheet calculations.

3. Modelling or Trials:
A Redundant Debate

Health technology assessment (HTA) has2 dis-
tinct phases:

« gathering evidence — from randomised control-
led tridls (RCTs), observational studies, case con-
trol studies etc.

e processing evidence — to estimate the perfor-
mance of the technology in the circumstances
of interest, often circumstances that either have
not or cannot be observed in atria situation. It
isin this second phase of HTA that most appli-
cations of modelling occur.

The literature discussions on the roles of mod-
elling often take an adversarial, trials versus mod-
elling, perspective. Lucel® reviewed the past 30
years of cost-effectiveness analysis with particul ar
reference to modelling. He examined the genesis
of therecent policy of the New England Journal of
Medicinel” and the Task Force on Principles For
Economic Analysisof Healthcare Technol ogy!®! on
industry funded modelling. These developments
were prompted by concerns about bias and valid-
ity, which are expressed globally but most forcibly
intheUSand by the Food and Drug Administration
(FDA).

Luce analysed this debate as a clash between 2
cultures. Biomedical researchersand the FDA have
aparadigm of RCTs, experimental data and hypo-
thesistesting. In contrast, the health economicsand
health technology assessment communities have a
different paradigm of cost effectiveness and the need
to support policy decisions. The latter recognise
the* necessity of varioustypes of analytical models
to enrich and broaden results from experimental
research when it isavailable and to find substitutes
for experimental datawhen it is not available’.[6

The advantages of RCTsarewell understood. In
particular, the methodology ensures that the effect

0 Adis International Limited. All rights reserved.

isattributable to theintervention alonethrough the
exclusion of potential biasing factors, such as pa-
tient selection, physician suggestion and the pla-
cebo effect. RCTs meet the criteriafor the best sci-
entific evidence: replicability, verification and fal-
sification. The statistical apparatus also enablesas-
sessment of the uncertainty in effects. However,
there are problems with the direct use of RCT ev-
idence for policy-making, and these are well re-
viewed by Rittenhouse:[%)

« choice of comparison therapy
 protocol-driven costs and outcomes

« artificial environment

« intermediate versus final outcomes

* inadequate patient follow-up

¢ selected patient and provider populations.

Many trials use placebo comparison for regis-
tration purposes and it is often only by modelling
that the most relevant comparator or current mix of
care can be assessed. Protocol-driven care within a
trial can cause significantly higher levels of com-
pliance, monitoring of safety and general carethan
occursin practice.

Indeed, the Canadian guidelines suggest that
‘protocol-driven costs should be excluded if they
would not occur as part of the intervention on a
regular basis .l RCTs often use intermediate rather
than final outcomes and can have inadequate follow-
up of dropouts or treatment failures. They can be
biased because of the population selected (often
healthier and more compliant than the real popula-
tion) or because of self-selected providers of care
(e.g. specidist clinicians who may be better at di-
agnosing produce more true positives using adiag-
nostic technology).

The issue of effectiveness versus efficacy stud-
ies continues to be fundamentally important in
pharmacoeconomics.¥l A recent review of meth-
odological problems confirms that these i ssues ap-
ply not only to the UK National Health Service
(NHS) but also globally to pharmaceutical manu-
facturers, insurers, providers and practice guide-
line committees aswell as policy-makers and con-
sumers.[1% These problems are commonplace and
well established and, as we shall see, they areaso

Pharmacoeconomics 2000 May: 17 (5)
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reflected in our experience of supporting the Trent
DEC.

On the other hand, the literature also provides
some important cautions against inappropriate use
of modelling.[*-13] Worries about combining evi-
dence from incompatible studies, extrapolating to
longer term outcomes and partial or misleading sen-
sitivity analyses are to the fore. There isaso ade-
bate about whether and when large pragmatictrials
should be commissioned rather than relying on mod-
dling for policy decisions. Deciding when and where
to invest in such studies requires an attempt to re-
view and synthesise the avail able evidence and un-
derstand the remaining uncertainty in our knowl-
edge. This assessment of the scale of uncertainty
and its effect is necessary to justify the priority and
inform the design of the study. In other words we
need a model.

For NICE and other such bodiesinternationally,
thereality isthat modelling has akey role. Model-
ling and the conduct of trials are not aternativesif
the intention is to give policy advice. Both form
part of the necessary armoury. Certainly, the blan-
ket rejection of the use of modelling in economic
evaluationin favour of trials, as some authors have
seemed to recommend, is foolish and misguided.
The use of sound modelling methodology, so that
‘good’ model s can bedevel oped and used and ‘ bad’
models can be told apart, is of tremendous impor-
tanceasmodelling playsalarger part in evaluation.
The roles and examples outlined in the following
discussion serve to underline the mutually impor-
tant interactions between collecting basic evidence
and the synthesis of data to inform policy.

4. Reported Prevalence of Modelling

The Office of Health Economics database!]
summarisesfacets of around 3000 heal th economic
evaluation studies between 1991 and 1997. They
cover adiversity of interventions and, importantly,
the vast mgjority involve the synthesis of evidence
from non-RCT sources. There has been an enor-
mous growth in the number of evaluations: 109 in
1991 rising to 2471 in 1997. The interventionsin-
clude pharmaceutical (33%), surgical (13%), diag-

0 Adis International Limited. All rights reserved.

nostic (14%), screening (6%o), prevention (7%), de-
vices (6%), procedures (7%) and general care (14%).

Just 19% of the studies used RCTs to give the
probability of the main clinical events, with 59%
using observational studies, 3% systematic review
or meta-analysis and 16% other literature review.
Yet more studies used data from outside trials for
the quantity of resources used — 21% used other
literature review and 5% used expert judgements.
Similarly, the costs of these resources, while often
obtained using local costs (48%), were sometimes
calculated using national publications (8%), judge-
ment (3%) or ad hoc estimation from other litera-
ture (36%).

The use of formal decision analytic modelling
was very limited — 2% of studies used it in the esti-
mation of main clinical events and the resources
used. Our own recent review of keywords in the
NHS Economic Evaluations database also showed
low levels of use of the more formal mathematical
approaches — Markov (3%), simulation (3%) and
decision tree (2%).

The conclusion isthat the synthesis of evidence
in published health economic eval uationsisthenorm,
whilefully integrated RCT-based economic evalu-
ations are more rare. The more formal, sophisti-
cated modelling approaches are also rarely used.

5. The Roles of Modelling in
the Economic Evaluation of
Health Technologies

Theroles identified are illustrated using exam-
ples mostly from our own very recent work for the
Trent DEC, which advises Health Authorities on
whether, and in what circumstances, they should
fund a particular technol ogy.

In the course of the production of 24 reports,
involving perhaps 8 analyst-years of effort, it has
become clear that almost every policy decision has
required the combination of evidence from avariety
of sources. This combination has usually required
some formal modelling. In no case has the result
from a clinical trial or a set of trials alone been
sufficient to answer the policy question. In many
cases it is impossible to imagine individua trials

Pharmacoeconomics 2000 May: 17 (5)
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that could have provided al the answers. Equally
there have been examples where the absence of
adequate and relevant trial information has made
guidance difficult to produce and subject to wide
margins of uncertainty.
The different roles and applications of model-
ling are identified through 5 perspectives:
» extending results from asingle trial
« combining multiple sources of evidence to an-
swer policy questions
« generalising resultsfrom one specific context to
others
* modelling to inform research strategy and design
* modelling uncertainties in the knowledge base.

5.1 Extending Results from a Single Trial

When preparing DEC reports it is common to
find clinical trials that are potentially relevant for
policy, but which fall short in some key manner.
Many clinical trials have end-points that may be
too early, even from a clinical perspective, and it
isvery common for atrial to stop just when it be-
comesinteresting to an economist pursuing dataon
useof resourcesby different groups. Modelling has
valuein allowing the extrapolation of shorter term
data into the future by using explicit assumptions
about underlying disease progression or similar
outcomes.

Extending results from a single trial includes:

» extrapolating reported health outcomes to the
longer term

 extrapolating the cost analysis to the longer term
and discounting

« translating the clinical efficacy outcomes mea-
sured in the trial (e.g. a disease-specific scale)

to long term health economic outcomes (e.g.

quality-adjusted life-years)

* improving/adjusting the analysis of trial results

(e.g. subgroup analysis to match the general

population of interest).

Example 1: Longer Term Outcomes — Paclitaxel for
Ovarian Cancer

The key trial data reported survival benefits at

4 years.[15] Statistical forecasting and scenario
analysis were used to extrapolate to 7 years as

0 Adis International Limited. All rights reserved.

part of a sensitivity analysis. The analysis con-
firmed that paclitaxel was cost effective within
the typical threshold for costs per life year
ga ned.!6]

Example 2: Adjusting for Prognostic

Factors — Riluzole

Ananalysisof prognostic factorsformed anim-
portant, and contentious, element in the Trent
DEC report on riluzol e Thiswasan attempt
to adjust for possible bias in the origina trial.
The explicit nature of the modelling quantified
the effect of adjustments to allow for differences
in patient characteristicsin the control and treat-
ment groups, which were known independently
to beimportant. These adjustmentswerecrucial
tothe estimates of efficacy accepted by thedrug
licensing authorities. The analytical team was
willing to accept the adjustments as valid but
the DEC itself was not and recommended that
the intervention should not be funded until bet-
ter evidence emerges.

5.2 Combining Sources of Evidence

Very often other studies or data contain impor-
tant evidence that can and should be utilised to
inform policy. It isin this combination of data that
the greatest strength of modelling, and the greatest
opportunity for error, probably lies. Some forms of
combining data sources are already well accepted,
for example meta-analysis, itself aform of model-
ling. Meta-analysis carries problems common for
many modelling exercises, including choice of tri-
alsto include, assessing the validity of pooled in-
formation, analysing uncertainty and balancing ex-
tending the sample size against reductionsin com-
patibility of information.

5.2.1 Infermediate Clinical End-Points and

Final Outcomes

A common reason for modelling isthe desire to
extend intermediate end-points to final outcomes.
Buxton et al.[12 recommend that a modelled rela-
tionship between intermediate end-pointsand final
outcomes should only be used where that relation-
ship has been proven to exist. We wholeheartedly
agree and would go further, to say that when such
relationships are known, modelling them in con-

Pharmacoeconomics 2000 May: 17 (5)
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junction with trial results is highly desirable for
informing policy.

For example, a proven relationship between
chemical markers at 6 months after treatment and
survival and quality of lifeat 5 yearsisimmensely
helpful both for policy decisions and for the future
efficiency of clinical trials. Furthermore, the mod-
elling can be used to calculate expected survival
outcomes year by year. Thisis very important for
NICE becauseit ties together appraisal of technol-
ogies, subsequent study design and audit processes.

Example 3: Olanzapine for Schizophrenia

The cost effectiveness of olanzapine was exam-
ined by 2 separate sets of and ysts.[ls] Both ex-
tended outcomes evidence based on 3-month
trialsto 1 or 2 yearsusing aMarkov model with
transition probabilities between different dis-
ease/symptom states. The analysisrequired trans-
lation of intermediate outcomesto final outcomes
by clinical experts. Clinical symptom scales (the
British Psychologica Ratings Scale and the Posi-
tive and Negative Symptom Scale) were trans-
lated into implications for patient management
and resource consequences. Both analyses
showed that olanzapine would be cost effective
under these assumptions.

Examples 4 and 5: Extending Infermediate
Outcomes using Secondary Databases
In the treatment of patients with rheumatoid ar-
thritis, cocktails of drugs including methotrex-
ate and cyclosporin are currently being trialed
for their 1- and 2-year impact on intermediate
indicators (chemical and quality of life). Asyet
unpublished work is extending these short term
results using a long term database on patients
with rheumatoid arthritis held el sewhere.

In solid organ transplantation, a variety of new

drugs have impact on acute rejection episodes

inthefirst 6 monthsafter transplantation. Again,
asyet unpublished work isexamining extension

of short term acute events to subsequent long

term survival using asimilar long term database

of patients’ experience.

The development of the concepts and techni-
ques of cross-design synthesisi?% provides another
step forward in the systematic and valid combina-
tion of evidence sources. Cross-design synthesis

0 Adis International Limited. All rights reserved.

firstly assesses the overal quality of all kinds of
studiesidentified. Secondly, it chooses studies based
on the possibility of the elimination of individual
study bias through use of complementary design.
Rittenhouse!® discusses an example of the approach:
to pronounce on the generalisability of the results
from an RCT, cross-design synthesiswould exam-
ine the way in which patient recruitment was ac-
complished and compare the sample with the pop-
ulation of interest. It would examinetheinclusion/ex-
clusion criteria, the investigator’s choices of eligi-
ble patients, the patients’ willingnessto participate
once selected, etc. If the sample differed greatly
from the target population, age or gender, linked
results could be examined and a trial’s results re-
weighted according to the target population.

5.2.2 Extending to Relevant Comparators

Estimated cost effectiveness depends on the
comparator chosen as well as the studied health
technology. The question of comparator isavexed
one, with debate around whether ‘normal care’ or
‘best alternative care’ should be chosen.[?] For li-
censing reasons, most pharmaceutical trials are done
against placebo. For other technologies, the most
complete studies often contain no control data at
al. Models allow comparison against more than
one alternative to inform policy.

Example 6: Comparators in Helicobacter
pylori Eradication

A model developed by ScCHARR?? studied the
effects of H. pylori eradication on peptic ulcer
prevalence and symptom-free days. Data on al
existing options are incorporated for compari-
son with arange of conventional acid suppress-
ant therapies. Local population, prevalence and
cost data can be used. Regimensfor comparison
includethoserecommended by recent European
Guiddines® aswell as user customised options.

Example 1 Revisited: Paclitaxel

The paclitaxel study[16] also demanded extension
to relevant comparators. Carboplatin is used in
the UK, but the trial was against cisplatin and
cyclophosphamide. The analysis suggested that
paclitaxel is dlightly more cost effective when
compared with the current UK treatments than
with the trial’s control treatment.

Pharmacoeconomics 2000 May: 17 (5)
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Example 7: Leukotriene Antagonists for Asthma
The existing evidence base consisted almost
entirely of trials versus placebo. The realistic
treatment alternatives have not yet been able to
be examined within along term trial. This ex-

ample[24] isdiscussed further in the sections on
sensitivity analysis (section 5.5) and pre-trial

modelling (section 5.4).

Buxton et al.[*2] categorisetheserole of combin-
ing data sources as ‘ synthesising results where no
relevant clinical trial exists' and distinguish a fur-
ther form, ‘broader studies to test the impact of
many variables'.

5.2.3 Modelling Broader Systems

The possible consequences of a successful in-
tervention may be quite diffuse. A successful pro-
gramme for reducing smoking, for example, has
consequences for many areas of medicine and sur-
gery anditisinconceivablethat asingletrial could
encompass all of these. Broader studies can model
systems by including the effectiveness of individ-
ual treatments on the clinical pathway, the adverse
effects, the different utilities at different pointsin
the system and the cost of the pathways.

Example 8: Treatments to Reduce Obesity
The long term impacts of obesity are reason-
ably well described from the evidence base. In-
creased risksof coronary heart disease, diabetes
mellitus, etc. are well established. SCHARR is
currently modelling the potential long term im-
pact of therapiesto reduce obesity. Thisisause-
ful and indeed necessary approach given the
aternative of very large and long term observa
tional studies.

5.3 Generalising Results from One Specific
Context to Others

Perhaps the most important reason for model-
ling is the multitude of different settings in which
a particular technology can be applied. Two aspects
of generalising between contextsare considered here.
Thefirstisfromtrialsinto practice, and the second
is from one place to another.

0 Adis International Limited. All rights reserved.

5.3.1 Trials Into Practice

Results from highly controlled trials with se-
lected patients and a strict protocol may have only
partial relevance to a Health Authority wishing to
make a decision to purchase the technology in ques-
tion for everyday use.

Example 9: Cost Effectiveness of Selective
Serotonin Reuptake Inhibitors (SSRIs) for the
Treatment of Depression

There are hundreds, perhapsthousands, of trials
that have reported on the efficacy of drugs for
thetreatment of depression. However, abroader
systems modelling of the treatment of depres-
sion at acommunity level?® demonstrates that

4 key variables for effectiveness are: (i) the GP's

ability to recognise depression; (ii) the appro-

priate treatment being prescribed (subthera-

peutic dosage); (iii) patient compliance; and (iv)

continuation with the prescribed treatment. Ef-

fectiveness and cost effectiveness in practice
can be substantially different from that reported

in short term RCTs.

Drugsthat are similar in efficacy are potentially
very different in their effectiveness if they have
different effects on patient and doctor behaviour.
Modelling focuses us on obtaining more from the
trials carried out by examining the adverse effect
profiles of drugs and their behavioural effects and
alows usto explore the likely consequences.

5.3.2 Generalising Between Locations

Even apassing acquaintancewith health service
delivery patterns demonstrates large variations in
practice both between and within countries. Varia-
tions can be seen in the absolute level of resources
available, for example capital equipment and staff-
mix including, inthe extreme, certain categories of
staff completely absent from some places. Second-
ly, there can be considerable variations in patient
management and, thirdly, there are variations in
costs and prices. Modelling allows the tailoring of
arobust set of clinical resultstothedifferent modes
of organisation in particular locations.

Example 10: Acute Rejection in
Renal Transplantation

US protocols for renal transplantation target an
inpatient length of stay of 8 days, whereas the
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German target is 40 days. A drug to reduce
rejections has very different resource conse-
guences and its cost effectivenesswill vary sig-
nificantly between countries.!?® The use of US
cost-effectiveness results by a decision-maker
in Germany would be wholly inappropriate and
amodel is anecessity.

Example 11: Cost Effectiveness of Statins

in the UK

Generalisation between locations was also im-
portant when analysing the Qotential impact of
statin therapiesin the UK_.1228 The Scandina-
vian trial used to estimate benefits reported re-
ductions in the use of coronary artery bypass
grafts, etc. However, the UK setting has an in-
tervention rate of around 50% of the Scandina-
vian rate. An adjustment for the percentage re-
duction in open-heart surgery interventionswas
made using estimates of UK intervention rates.
While this adjustment reduced the costs
avoided, the analysis still showed statins as cost
effective for the risk groups defined.

5.4 Modelling Prior to Trials and Studies

The vaue of modelling prior to clinica trias
and studies lies in informing study design and in
setting prioritiesfor futureresearch. It can beused to:
* help to generate hypotheses that can be tested

by trids
 decide on the key outcome variables to be mea-

sured
e quantify the potential value of trials.

Such approachesare useful both for government
agencies such as the NHS Health Technology As-
sessment (HTA) Programme and for pharmaceuti-
cal companies who need to prioritise further re-
search and development work.

We are currently undertaking a formal system-
atic review for the HTA on ‘the use of modelling
and planning and prioritising clinical trials’ .[2% There
is much discussion of methodologiesin the litera-
ture, but fewer concrete examples exist. For exam-
ple, a the midway point in the review we had iden-
tified around 30 papersthat discusstherol e of mod-
elling in prioritisation of research but fewer than
10 studies that explicitly claim to do the task for
real. The methodology papers have severa varia-
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tions on a process for using modelling to inform

research priorities:

¢ develop and use a model to estimate costs and
outcomes in the setting of interest

« examinethe sensitivity of outcomesand coststo
the uncertainty in input values

« identify key uncertain variables and relationships
for research

e prioritiseresearch by comparing the costs of ob-
taining information on the real parameter value
with the potential service cost and health conse-
guences of the existing strategy.

Buxton et al.[2 recommend modelling as the
‘tool of first resort’ for early economic evaluation,
both for pharmaceutical companies and government
agencies. Sculpher et al.[3% reviewed the iterative
relationship between modelling work and the pro-
cess of health technology assessment using a 4-
stage analysis. At stagel, ‘ early developmental work
on atechnology’, systematic review and informed
clinical opinion are proposed as the key tools in
economic evaluation. Whilethisistrue, modelling
can be used even here to inform the design of the
next study or prioritise alternativeinterventionsfor
research.

At stage I, ‘maturing innovation’, decision an-
alytic modelling techniques are used to provide a
coherent framework and meansfor synthesising data
from various sources. These can be inexpensive,
updateable and useful for sensitivity and threshold
analysis, e.g. what level of incidence for a particu-
lar diseaseislikely to make the intervention worth
while.

In stage 11, ‘close to widespread diffusion’,
modelling can inform data collection within RCTs.
For example, if modelling indicates that the cost
effectiveness of atechnology is sensitiveto 1 or 2
parameters, then stage |11 RCTs can focus on these
variables and the model can be updated when the
trial results are available.

At stage IV, ‘moving into practice’, modelling
is mostly concerned with the extrapolation of the
results of earlier analyses, incorporating clinical,
epidemiological and economic data. Depending on
the cost and theremaining clinical uncertainty after
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this modelling work it may still be necessary to Monte Carlo sensitivity analyses suggested
undertake longer term RCTs to provide more reli- that there was a low probability that a large
able estimates of the overall gains in survival. In pragmatic trial would show cost effectiveness
the case of the modelling of cholesterol-lowering for the pharmaceutical company’s product.

) . This, together with the large costs of the in-
drugs, such trials were considered necessary and tended pragmatic trial and its potential replica-

have now begun to be reported with their results tion by government-funded research, helped
being incorporated into further models. the company to decide to avoid over £1 million

Example 12: Quantifying the Value of Research
in Reducing Uncertainty
A recent paper by Fenwick et al.®9 puilds on
the theoretical work of Claxton and Posnett, 3
Detsky[33] and others. The example is a rela-
tively simpledisease with 2 alternative forms of
diagnostic test. The modellers used literature and
clinical opinion to populate a decision analytic
model with central estimates and ranges of un-
certainty for the key parameters. Three ap-
proaches are described:
¢ deterministicanaysiswith 1-way sensitivity
—yielding base case cost-effectiveness esti-
mates and the degree of uncertainty in the
results
e stochastic sensitivity analysis — using esti-
mated distributions for each parameter and
Monte Carlo simulation techniques to esti-
mate the full uncertainty in expected costs
and effects

e value of information analysis — calculating
the expected value of perfect information for
sel ected parametersor combinationsof them
within the model.

Theresults showed that further research on unit
costs had little value, research on the accuracy
of the aternative tests had some value, but that
the most vauable research would inform the
relative utility of the various disease state con-
seguences. To address this key uncertainty did
not require an RCT design.

Example 13: The Economic Value of a
Pragmatic Trial

In amodelling study for apharmaceutical com-
pany we undertook a detailed sensitivity analy-
sisof key parametersin alarge clinica pathways
model. Thisexamined prevaence, different treat-
ment pathways, uptake (in practice as opposed
towithintrials), the potential impact of adverse
effects, uncertainty in the outcomes of different
interventions, etc. The results of the multiway

0 Adis International Limited. All rights reserved.

of pragmatic trial investment.

Example 14: Early Decisions on Research and
Development Investment for Pharmaceuticals
A pharmaceutical company required an exami-
nation of the relative priorities of research and
development for pharmaceutical interventions
at various different stages of a chronic disease.
The company was interested in assessing the
potential value of new products both to the UK
NHS and to itself. Possibilities included inter-
ventions early in the asymptomatic phase of the
disease or later to reduce deterioration in the
symptomatic phase, interventions to improve the
efficacy of surgery or interventions even later
in the management of severe disease. A clinical
pathways model was devel oped from prevalence
through screening and diagnosis, to early, me-
dium, surgical and late-stage interventions. The
model assessed the impact of postulated new
interventions on flows down particular clinical
pathwaysand on NHS costs. Threshold analysis
gave an indication of the costs and the efficacy
required of a proposed intervention in order to

improve on existing first-line treatments.

5.5 Sensitivity Analysis and
Modelling Uncertainty

A recent review by Briggs et a.[34 identified 4
types of uncertainty and corresponds closely with
the rolesidentified for modelling:
 uncertainty in the sample data— either resource
use data or effectiveness of treatments
« thegeneralisability of results—trials with atyp-
ical management or different settings

e extrapolation —to the longer term or intermedi-
ate clinical end-points to final outcomes

e uncertainty relating to analytical methods —in-
cluding, for example: (i) incorporating time
preference; (ii) methods of valuation of the con-
sequences of interventions; (iii) instruments to
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valuenonresource consequences; and (iv) whether

to include indirect costs and costs of heathcare

due to unrelated illness, during extra years of
life.

Modelling is an explicit methodology for explor-
ing uncertainty in each case. Conclusions are clearly
problematic where source data are inaccurate. How-
ever, in essence, thisisnot amodel ling problem but
adata problem that any other method would share.
Eddy!3 argues that the criticisms of modelling
when there are poor data are ‘ testimony to the fact
that modelling has made this, previously obscured,
fact clear’. Modelling allows us to test sensitivity
to indicate the importance of poor source data and
hence to estimate the value of further data collec-
tion.

TheBriggset al.[3 review identifies4 approaches
to sensitivity analysis; these are discussed in the
next 4 sections.

5.5.1 Type 1: Simple Sensitivity Analysis
Thisassessestheimpact of changing onevariable.

Example 15: High Dose Chemotherapy and
Stem Cell Transplantation

The effectiveness of treatments of Hodgkin's
disease, non-Hodgkin'slymphomaand multiple
myelomarequired both extrapolation of trial ev-
idence to the longer time period and sensitivity
analysis. Each of these diseaseshad asingle RCT
astheevidencebase. Thetria evidence suggested
that there was additional survival benefit and
that in the case of Hodgkins disease and non-
Hodgkinslymphomathat thismight reach apla-
teau. A sengitivity analysisof a5-, 10- and 20-year
continuation of the survival benefit allowed an
analysisof cost effectiveness. Theconclusion was
that high dose chemotherapy provides a cost-
effectivenessratio of between £12 000 and £18
000 per life year gained, which aimost halvesiif
10-year survival estimates are assumed.[35:36]

5.5.2 Type 2: Threshold Analysis
This is calculating the value a variable would
need toreachin order to changethe cost-effectiveness

policy.
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Example 7 Revisited: Leukotriene Antagonists
for Asthma

The uncertainty analysis for leukotrienes cal-
culated the threshold treatment effect required
to prove leukotriene cost effectiveness. The un-
certainty suggested that the intervention was un-
proven at this stage.[24] There has been arecent
call by theNHSHTA to undertakeaclinical trial
of leukotrienesin practice. Thisearly economic
evauation and threshold analysis will inform
our bid for the design of the clinical trial.

5.5.3 Type 3: Extremes Analysis
This is assessing the impact of moving one or
more variables to its potential extreme value.

5.5.4 Type 4: Probabilistic Monte Carlo

Sensitivity Analysis

This examines the effect of multiway variation
in the input parametersin a model.

Example 16: Modelling the Routing of Severe
Head Injuries

Our recent modelling study analysed whether
patients with serious head injuries should be
routed direct to alocal hospital without neuro-
surgical facilities or to more distant neurosurgi-
cal centres[3] A mathematical model of the case-
mix, geography and survival parameters for a
specific centre was developed that combined
audit databases, published literature and clinical
opinion. Due to the large number of clinical es-
timatesthat were necessary, the modelling made
significant use of sensitivity analysis. One-way
sensitivity identified the key uncertain variables
affecting the policy decision. Monte Carlo multi-
way analysis alowed assessment of 10 alterna-
tive policies, of which 4 performed consistently
well. The exercise also highlighted significant
gapsin theknowledge concerning somevariables
and quantified how sensitive the model output
wasto thesevariables. Theresults could be used
toinform samplesize calculationsfor future ob-
servational studies.

5.5.5 Type 5: Structural Sensitivity Analysis

To the preceding 4 types of sensitivity analysis
should be added structural sensitivity analysis —
such asassuming different functional formsfor ex-
trapolating outcomes, e.g. constant benefits, linear
extrapolation, time-dependent decay functions.
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Structural sensitivity analysisisan areathat isrel-
atively neglected and wewould arguethat it should
be routinely considered a ongside the others.

5.6 Further Aspects of the Value
of Modelling

5.6.1 Value as Communication Tools

M odels have 3 principal advantages as commu-
nication tools. First, models are explicit — precise
definitions, assumptions and estimates that are open
toview and criticism. Secondly, they provideaframe-
work for formation of a consensus. The Trent DEC
models have either provided a framework for the
formation of a consensus or have been useful to
identify the differences of opinion explicitly. Mod-
elscanbeused to focusagroup’senergy to produce
agreement on issues such as the options to be as-
sessed, the definitions and the structure of the prob-
lem, the basic factual evidence, the value and un-
certainty of parameters. Finally models can also be
dissemination tools. With policy made, modelscan
be disseminated for local users, either to refine the
analysis and revisit the policy with local dataor to
be part of a programme of education and influence
to improve implementation.

Example 11 Revisited: Disseminating

Statins Analysis

The statins cost-effectiveness modd is avail-

able on the World Wide Web.[®®! This has al-

lowed the dissemination of the analysis to any

Health Authority in the UK and the implemen-

tation of the analysis with local population and

coronary heart disease prevalencedata. Thishelps

to inform local policy and likely need for each

risk group.

5.6.2 alue in Problem Structuring - Conceptual

Modelling and Subjective Information

Even before attempting quantification, concep-
tual modelsare useful to identify important factors
or variables and define or postulate relationships
between those variables, i.e. how one affects an-
other. Such ‘apriori structuring’ is often accompa-
nied by the gathering and analysis of subjective
clinical opinion. This ranges from the crude and
simplistic ‘ give usyour best guess’, throughto sys-
temsto assess the interna coherence of responses,
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to theformalised Delphi techniques and systematic
approachesthat aim for aresearch-orientated level
of rigour. Quantified models can take the results of
these approaches asinputs. They are also useful to
identify questions and assess the validity or uncer-
tainty of subjective information.

5.6.3 Informing the Problem Situation when Hard

Data are Impossible to Obtain

When hard data are impossible to obtain, mod-
elling is used to structure the decision problem and
test the policy decision’ssensitivity to assumptions
about what might happen. Buxton et al.[12] consider
vaccination for swine influenza, a situation where
it was necessary to decide on vaccination or other-
wise before the scale of the potential epidemic or
the efficacy of the vaccine was clear. Modelling
tested the sensitivity of various assumptions and
showed that vaccination was very unlikely to be
cost effective. Itisalmost impossibleto do amean-
ingful small scaletrial of national vaccination. The
efficacy of the drug, take-up rates of the vaccina-
tion and potential reductionsin infection ratesasa
consequence of herd immunity must be modelled.

Modelling is also necessary when it is ethically
or politically difficult to gather further data, e.g.
the intervention is already embedded in current
practice.

Example 17: Partial Hepatectomy for

Liver Metastases

This intervention is used by many clinicians
acrosstheworld with increasing sophistication.
There are no published RCTs. 21 independent
case serieswere reviewed. In many of the series
the non-resected comparators were unsuitable
for surgery and were certainly not an unbiased
comparator group. Theleading caseseriesinterms
of size, patient mix comparators and surgical
techniques was used to extrapolate outcomes
using scenariosof 5-, 10- and 20-year continued
benefit. The conclusions suggested that the in-
tervention was very cost effective.*%

Example 18: Magnetic Resonance Imaging (MRI)
in the Management of Knee Disorders

Again there were no RCTs of MRI. Some case
studies suggest MRI is effective and others that
it adds nothing. Scenario analysis of the case

Pharmacoeconomics 2000 May: 17 (5)



456

Brennan & Akehurst

series showed that there was more impact when
genera orthopaedic surgeons used MRI than with
knee specidists. The analysisdid not find enough
evidence to conclude on cost effectiveness and
recommended alocal audit of MRI practice.[40]

6. Discussion

6.1 The Need for Quality Assurance
and Validation

Modelling plays, and must play, a key role in
economic evaluation of healthcare technologies if
that evaluation is to be of value to policy-makers
and decision-takers. This provides a challenge to
themembersof NICE inthe UK, and similar bodies
around the world, in deciding when a conclusion
derived from a model is valid. The challenge is
significant. Clinical trials have been with us suffi-
ciently long to bewell formalised and most clinical
scientists can distinguish a good trial from a bad
one. Modelling for economic evaluation is signifi-
cantly more complex than designing trials.

Eddy!3! identifies the following key limitations
in modelling. First, it does not provide new obser-
vations. If based on incorrect clinical judgements,
modelling will perpetuate any of these errors (gar-
bage in — garbage out). Models can be poorly de-
signed (e.g. decision trees can be wrongly struc-
tured or use biased expert opinion). Oversimplifi-
cation (the most common error) can occur by omit-
ting important variables, squeezing the problem into
afamiliar or convenient mathematical form or as-
suming the outcomes assessed by the model arethe
only ones of interest. Finally, results can be misin-
terpreted and decision-makers may fail to appreci-
ate the degree of uncertainty in the results. Shel-
donl*! and Buxton et al.[12 also identify different
versions of these same problems with modelling
approaches and give examples where models have
been shown subsequently by trials to be wrong (as
of course have many trials themselves).

6.2 Validation

The understanding and devel opment of method-
ologiesfor quality assurance and validationisat an
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early stage in the context of health technology as-
sessment. In the disciplines of operational research
and applied mathematical modelling in genera, there
isalarge and varied literature discussing model val-
idation. Thisfocuses both on the hard numbersand
the softer processes of model devel opment and prob-
lem structuring and ranges from the deeply philo-
sophical to practical rules of thumb.[41-47]

Within HTA, Eddy!3] has provided some guid-
anceto good practice. First, heidentifies4 different
orders of validation:

(i) Expert concurrence —the model should make
sense to people with knowledge of the disease (the
right factors are included, the mathematical rela-
tionships are intuitive, the data sources are reason-
able).

(ii) Interna validity — the model should match
the results of the source data used to construct it.
Failure to do so gives a strong indication that the
structure is wrong, i.e. the wrong relationship as-
sumptions have been made.

(iii) Predictions agree with nonsource data—the
model is used to make predictions that are then
cross-checked from nonsource data. Thisisclearly
easier when modelling usual care sincethereismore
data available. For a new therapy, Eddy notes that
thereisatrade-off between saving a partition of the
data for validation purposes versus using as much
of the available evidence as possible to construct
the model in the first place.

(iv) Predict —experiment — compare—this high-
est level test of validation isauseful approach where
it is possible to undertake the experiment. One prob-
lem isthat the actual conditions being experimented
upon can be different from those assumed within
the model, but if the model iswell structured then
the important experimental conditions should be
key parameters within the model.

Anearly checklist for thequality of modellingwas
produced by Eddy!®! (table 1) and further developed
by Sonnenburg.[8l An increasing element of our own
work isin thecritical review of models.

Examples 19 and 20: Critical Reviews

A model of vaccination for pertussis from an-
other country was critically reviewed (Beard S,
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personal communication). It wasshownto have
very different infection or ‘attack rates com-
pared with the UK. Our review report suggested
and subsequently implemented arevision of these
rates to trandate to the UK experience. We dso
developed the model to reflect adequately the
dynamicsof infection, including herd immunity
(i.e. the higher the population coverage of vac-
cination, the lower the ‘ attack rate’) and thein-
fluence of adult infection.

A similar model review on vaccination for hep-
atitis B discovered that the assumptions about
the effects of herd immunity were not adequately
covered by the existing model. A full scale re-
vision of the model was required.

Assessing models will severely tax our normal
peer review procedures. Constraints on length mean
that all theinformation needed to assessthe quality
of amodel cannot be printed in the methods section
of atypical paperinaclinical or economicjournal.
Recent suggestions of a published short paper(49
together with along paper or even the model itself
available electronically over the World Wide Web
would represent a step forward.

Our own views echo those of Rittenhouse,®!
Eddy!34 and others. Ultimately, good and bad anal-
ysiswill show themselves viathe scrutiny of qual-
ified reviewers. Transparency on the part of ana-
lysts is a necessary, though not sufficient, condi-
tionfor quality and validity. Understanding how to
review a model contributes immeasurably to the
goal of not being misled by them. Researchers, pol-
icy-makers and journals will need to agree on how
the validation, peer review and publication processes
will be handled if the degree of trust in modelling
resultsisto increase.

7. Conclusions

From Markov to Monte Carlo, from cost adjust-
ments to forecasting long term outcomes, the vari-
ety of frameworks, purposes and roles of model-
ling in economic evaluation issubstantial. Thispa-
per, reviewing 20 examples mostly from our own
policy decision support work, shows the need for
modelling and itsvaluein the systematic and trans-
parent synthesis of evidence to support policy de-
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Table I. Checklist for the quality of modelling produced by Eddy!!

Each report of a technology assessment employing a math-
ematical model should contain the following elements:

« a statement of the problem

« a description of the relevant factors and outcomes

« a description of the model

« a description of data sources (including subjective estimates),
with a description of the strength and weaknesses of each source
« alist of assumptions pertaining to: (i) the structure of the
model (e.g. factors included, relationships, and distributions);
and (i) the data

« alist of the parameter values that will be used for a base case
analysis, and a list of the ranges in those values that represent
appropriate confidence limits and that will be used in a
sensitivity analysis

« the results derived from applying the model for the base case
« the results of the sensitivity analyses

« adiscussion of how the modelling assumptions might affect
the results, indicating both the direction of the bias and the
approximate magnitude of the effect

« a description of the validation method and results

« a description of the settings to which the results of the analysis
can be applied and a list of main factors that could limit the
applicability of the results

« a description of research in progress that could yield new data
that could alter the results of the analysis

If the analysis recommends a policy, the report should also
contain the following elements:

« alist of the outcomes that required value judgements

< a description of the values assessed for those outcomes

« a description of the sources of those values

the policy recommendation

« a description of the sensitivity of the recommendation to
variations in the values

« a description of the settings to which the recommendations apply

cisions. The challenge for reimbursement authori-
ties is how to decide when a conclusion derived
from a model is valid. The challenge to the aca-
demic community, to provide a consensus on what
represents good quality modelling, has never been
more urgent. It is to be hoped that the considera-
tions of this conference will represent steps to-
wards such a consensus.
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