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More than a quarter of a century ago
Weinstein and Stason [1] introduced to the
medical community the concept and meth-
ods of cost-effectiveness analysis.Although
economic evaluations were not widely used
at first, today they are a standard tool in
the assessment of health care technologies.
Health care resources continue to be lim-
ited, and new and more effective technolo-
gies often come with increased costs and
bear different risks than the „standard“
technology. Therefore the application of
formal methods considering all dimen-
sions relevant to the patient and society
will continue to be of paramount impor-
tance in the future.

When faced with choosing between a
variety of available procedures, physicians
and patients may want to choose those that
offer the best trade-off between potential
harm and potential benefit in hopes of rec-
ommending the treatment with the max-
imum expected health benefit for the pa-
tient. Therefore health policy makers and
health insurers must decide which proce-
dures to promote and which to reimburse
for specific groups of patients. Society may
want to allocate limited health care re-
sources in a way that maximizes the over-
all health of a population and avoids the
implementation of ineffective or compar-
atively inefficient interventions. Thus de-
cision makers at all levels are increasing-
ly forced to consider the cost-effectiveness
of alternative choices in medicine and
health care.

Decision making is an essential part of
health care. It involves choosing an action
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When should decision-analytic
modeling be used in the economic
evaluation of health care?

after weighing the risks, benefits, and costs
of the options available to the individual
patient or the patient population. While
all decisions in health care are made under
conditions of uncertainty, the degree of un-
certainty depends on the availability, va-
lidity, and generalizability of clinical and
economic data.

Clinical decisions and health care poli-
cy decisions must be made whether the clin-
ical circumstances are obvious or complex.
Even choosing not to perform a diagnostic
test, not to intervene, or not to reimburse a
health technology is a decision with conse-
quences that will be experienced by the pa-
tient.Physicians,health policy makers,and
health care payers are responsible for these
decisions. Decision-analytic modeling is a
systematic approach to decision making un-
der uncertainty that is used widely in eco-
nomic evaluations of pharmaceuticals and
other health care technologies. In contrast to
models that do not aim to inform decisions,
decision-analytic models focus on situa-
tions in which a decision must be made –
even under uncertainty [2, 3, 4, 5, 6].

This contribution explores and discuss-
es situations in which decision-analytic
models have been used to inform decisions
in health care policy. This article is not
meant to offer a step-by-step guide to per-
forming a decision analysis. For this pur-
pose, several excellent texts are available [2,
4, 7, 8, 9]. Nor does it give an exhaustive
list of situations in which modeling can be
useful. Most examples cited here are cho-
sen from areas familiar to the author and
therefore do not reflect a representative

sample of decision-analytic studies. Al-
though this text builds on numerous oth-
er excellent editorials and reviews of mod-
eling [10, 11, 12, 13], the author alone is re-
sponsible for the views expressed.

What is a model?

Several definitions have been offered for
the term „model“ as it applies to the con-
text of health care. The International So-
ciety for Pharmacoeconomics and Out-
comes Research (ISPOR) Task Force on
Good Research Practices–Modeling Stud-
ies defines a health-care evaluation mod-
el as „an analytic methodology that ac-
counts for events over time and across pop-
ulations, that is based on data drawn from
primary and/or secondary sources, and
whose purpose is to estimate the effects of
an intervention on valued health conse-
quences and costs“ [13].

The United States National Research
Council in its report on the uses of mi-
crosimulation modeling for social policy
offered this definition of a simulation mod-
el:„a replicable, objective sequence of com-
putations used for generating estimates of
quantities of concern“ [14]. Buxton and
colleagues [10] defined models in scientif-
ic disciplines this way:„Models ... are a way
of representing the complexity of the real
world in a more simple and comprehensi-
ble form.“ Box and colleagues [15] distin-
guish between empirical and theoreti-
cal/mechanistic models. An empirical
model is used to hypothesize about a situ-
ation in which „the mechanism underlying
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a process is not understood sufficiently
well, or is too complicated, to allow an ex-
act model to be postulated from theory.“
In an empirical model the data speak for
themselves, without necessarily using a
mechanistic or logical connection between
cause and effects. In contrast, a theoreti-
cal model is „based directly on an appreci-
ation of physical or mechanistic theory
governing the system.“ Weinstein and col-
leagues [11] used this reasoning and men-
tioned that a clinical trial can be thought
of as an empirical model, whereas a deci-
sion-analytic model with empirically es-
timated parameters, including some esti-
mated from clinical trials could be consid-
ered as a theoretical model.

Definitions and goals 
of decision-analytic modeling

Decision analysis is the application of ex-
plicit and quantitative methods to analyze
decisions under conditions of uncertain-
ty [2, 4]. Decision analysis is naturally suit-
ed for decisions in the prevention, diagno-
sis, and treatment of disease because mul-
tiple alternative options are often avail-
able with complex and uncertain out-
comes. Decision analysis allows the ana-
lyst to compare the expected consequences
of different strategies after considering all
relevant events and complications with
their probabilities and weighing all rele-
vant clinical outcomes and costs. The re-
sults of such analyses can inform a deci-
sion both for an individual patient and a
health care policy [16, 17]. Depending upon
the purpose of the analysis different per-
spectives can be chosen, such as the pa-
tient’s perspective or the perspective of so-
ciety or a national health authority [18].

Whereas clinical decision analysis fo-
cuses merely on clinical outcomes such as
success rates, complication rates, survival,
life expectancy, and health-related quali-
ty of life associated with the compared stra-
tegies, decision analysis is more frequent-
ly used in economic evaluations of health
care technologies.

Methods of decision-analytic 
modeling

The two basic forms of decision-analytic
models are decision trees and Markov mod-
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els.A decision tree is a visual representation
of all the possible options and the conse-
quences that may follow each option [9].
Each alternative action is followed by
branches representing the possible events
with their respective probabilities.Probabil-
ities may depend not only on the different
strategies but also on patient characteris-
tics (e.g., subgroups with different risk fac-
tor profiles).At the end of the tree each path
leads to an outcome, such as symptoms,
clinical score, survival, and death. For each
alternative action the expected value of the
clinical outcome can be calculated as a
weighted average of all possible outcomes,
applying the path probabilities as weights.
Decision trees work well when analyzing
events with limited recursion and a limit-
ed and fixed time horizon.

In chronic diseases such as coronary
heart disease and cancer,model parameters
such as progression rates, quality-of-life
measures (utilities), and costs may change
over time, the time-to-event or time-to-pro-
gression plays an important role,and events
may also recur. Under these circumstances
Markov models are usually the preferred
method to evaluate interventions [19, 20].
Markov models offer a methodology for
considering extended (variable) time hori-
zons, timing of events,and recurring events
[9]. In a Markov model a hypothetical co-
hort of patients moves through defined
Markov states and time is represented in
cycles during which patients can (a) remain
in their current health states, (b) move to
another health state,or (c) die,according to
certain transition probabilities.During this
process cumulative life years, quality-ad-
justed life-years (QALYs), and costs can be
accumulated in each of the interventions
and then compared between the interven-
tions [19, 20].

In addition to traditional decision trees
and Markov models, other modeling tech-
niques have been used to evaluate the con-
sequences of health care interventions. Dy-
namic models based on differential equa-
tions are usually used to model transmis-
sion effects in infectious diseases [21] and
sets of mathematical equations predicting
costs are often used in cost simulations.

Because decision models aim to inform
decisions, they must compare different al-
ternative strategies, one of which may be
the strategy of not intervening. Therefore

decision models are naturally suited to be
applied in full economic evaluations, de-
fined as the comparative analysis of alter-
native courses of action in terms of both
the costs and consequences examined [18].
One form of a full economic evaluation is
cost-effectiveness analysis. The underly-
ing premise of a cost-effectiveness analysis
in health problems is that for the limited re-
sources the decision maker wishes to max-
imize the aggregate health effects conferred
to the population of concern [22]. In the
framework of a cost-effectiveness analy-
sis, a health technology should be adopted
if the incremental cost-effectiveness ratio
is below the threshold of societal willing-
ness-to-pay (e.g., € 50,000 per QALY
gained). In practice the incremental cost-
effectiveness ratio of a health technology
should be compared to the cost-effective-
ness ratios of other well-accepted health
technologies [22].

When should decision-analytic 
models be used?

Decision-analytic economic evaluations
have been performed in different areas of
medicine such as primary prevention (risk
factor reduction), secondary prevention
and screening, diagnostic procedures, ther-
apy, and rehabilitation [23]. This section
briefly describes several situations in which
decision-analytic modeling is helpful or
even required. The categories listed are nei-
ther mutually exclusive nor exhaustive.
Overlaps exist between these categories,
and often there are multiple reasons mo-
tivating the investigators to perform a de-
cision analysis. In most of the situations
described below decision models are used
for either (a) combining or linking data
from different research areas and sources
or (b) transferring or extrapolating results
from one time, place, population, or set-
ting to another.

Combining evidence from 
short-term clinical trials and long-term
epidemiological studies

For many diseases it takes years until the
final health outcomes become manifest. In
such cases it is common to assess interme-
diate clinical endpoints that serve as sur-
rogates for the final endpoint that really



matters to the patient such as long-term
morbidity (including its effects on health
related quality of life) and mortality. For
example, it may take patients who are
chronically infected with the hepatitis C
virus decades to develop advanced liver
disease which is associated with reduced
quality of life and high mortality [24, 25, 26,
27]. Although recent antiviral treatment
strategies [28, 29] have proven effective at
eliminating the virus in most patients, vi-
rus status is not the main parameter that
patients are interested in. Indeed, patients
ask questions such as „Does virus elimi-
nation increase my remaining life expect-
ancy?“ „Does it reduce the risk of advanced
liver disease?“ and „Does the expected
long-term improvement in health-related
quality of life outweigh the short-term
quality of life decrements due to side ef-
fects during the 1 year of treatment?“ Eco-
nomic evaluations must include initial
treatment costs as well as long-term (dis-
counted) cost savings from advanced dis-
ease that is prevented. From a societal per-
spective we must answer the question,„Are
the expected benefits worth the resources
spent, or should the scarce health care re-
sources be allocated to another treatment
or disease?“

To answer such important questions,
efficacy results from clinical trials must be
linked to long-term epidemiological (ob-
servational) studies or registries that re-
flect the natural history of disease.

Assessment of screening programs
and diagnostic procedures

The outcome parameters of diagnostic
studies are sensitivity, specificity, and neg-
ative and positive predictive value. Howev-
er, the accurate detection of disease is not
the primary goal of medicine. Instead, it
is the appropriate and early treatment of
patients with disease. Thus, diagnostic pro-
cedures are clinically useful only if the in-
formation they yield can guide physicians
regarding their actions in a way that im-
proves health. The expected value of infor-
mation depends strongly on prevalence of
disease (prior probability of disease), risk
associated with the test, diagnostic accu-
racy, and the relationship between the net
benefit of treating truly diseased patients
and the net harm of unnecessarily treat-

ing the nondiseased. Even a purely clini-
cal decision analysis often requires a mod-
el to link the diagnostic accuracy data and
the long-term effectiveness of available
treatments. In an economic analysis sav-
ings from advanced disease prevented
must be included in the model along with
the costs for the diagnostic tests and treat-
ments.

A specific challenge in diagnostic stud-
ies with continuous test results (i.e., the
majority of tests, such as the prostate-spe-
cific antigen test for prostate cancer or glu-
cose tolerance test for diabetes) is the def-
inition of the optimal cutoff point which
distinguishes between a positive and neg-
ative test result. For a given societal will-
ingness to pay the optimal cutoff point can
be derived from a model that uses receiv-
er operating characteristic curve data (i.e.,
pairs of sensitivity and specificity for dif-
ferent cutoff points) instead of fixed sensi-
tivity and specificity as model parameters.
Similarly, the optimal (parallel or sequen-
tial) combination of multiple diagnostic
tests can be determined.

The use of the prostate-specific antigen
test as a screening tool for prostate cancer
remains quite controversial. Because many
prostate tumors grow slowly and are not
aggressive,many men with the disease have
a good prognosis even without treatment.
Economic evaluations have demonstrated
that screening can be associated with in-
creased costs for small incremental bene-
fits or, under specific conditions, even can
cause net clinical harm [30, 31, 32]. The lat-
ter can arise from complications related to
the diagnostic procedure such as increased
morbidity and mortality from biopsy-in-
duced infections or from treatment-related
complications such as urinary incontinence
and sexual dysfunction.

Extrapolating efficacy beyond 
the time horizon of a clinical trial

Pivotal clinical trials are often the initial
source of reliable data on the efficacy of
health care interventions. However, clini-
cal trials are often constrained regarding
the length of follow-up, and thus assump-
tions must be made to extrapolate the
treatment effect beyond the time horizon
of the clinical trial. As an example, Neu-
mann et al. [33] developed a Markov mod-

el to evaluate the cost-effectiveness of
donepezil in patients with mild or moder-
ate Alzheimer disease (AD). This model
used efficacy data from a 24-week random-
ized placebo-controlled clinical trial [34].
The authors used a Cox proportional haz-
ards model to estimate the relative hazard
rates for disease progression under treat-
ment compared to placebo. However, as
the trial ended after 24 weeks, the dura-
tion of the effect was uncertain and had
to be based on open-label data and expert
opinion about „how long ... the drug will
delay progression of cognitive deteriora-
tion“ [33]. As the expert answers varied,
the authors analyzed different scenarios
including optimistic and pessimistic as-
sumptions regarding treatment duration
and included a threshold analysis to show
the point at which the drug would achieve
economic savings. This example demon-
strates how decision-analytic modeling
can help in making assumptions explicit
and in transparently reporting results con-
ditional on the underlying assumptions.
In the absence of long-term effectiveness
data the formal and explicit way of explor-
ing the uncertainty regarding the duration
of treatment effect must be seen as a
strength and not a weakness of the deci-
sion-analytic modeling approach.

Generalizing from efficacy to routine
effectiveness

Clinical trials tend to be conducted in an
artificial clinical setting and thus do not
reflect the real-world conditions regard-
ing effects and costs. Therefore data from
a clinical trial must be adapted to routine
clinical practice. Efficacy data from trials
must be replaced by routine-effectiveness
data, reduced compliance must be consid-
ered, and the expected resource utilization
in the real-world setting must be used in
the model.

One elaborated example that has been
repeatedly used as a demonstration of us-
ing a decision model to transfer evidence to
other settings [10, 35], is the economic eval-
uation of misoprostol, a medication that
reduces the risk of gastric ulcer in patients
taking a nonsteroidal anti-inflammatory
drug who have gastric symptoms [36]. It
has been argued that one would expect low-
er compliance, more frequent side effects,
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and less detected „silent“ ulcers when com-
paring the real-world setting with the sit-
uation in a clinical trial [37]. In the eco-
nomic analysis these factors were taken
into account by a decision tree model [37].

Transferring the evidence 
from one health care system 
or country to another

Clinical studies are increasingly performed
as multinational, multicenter trials, and
publication of their results often includes
economic evaluations. To use these data
in the context of a specific country or health
care system the specific conditions of this
setting must be considered. In most cases
prices differ between countries, and differ-
ent practice patterns may lead to different
resource utilization patterns [38]. In some
cases the demographic characteristics or
other parameters such as efficacy or utili-
ties vary from country to country [39, 40].
As mentioned above the prevalence of dis-
ease is a crucial parameter for the econom-
ic evaluation of diagnostic procedures, as
is the risk factor distribution in the evalu-
ation of prevention.

An example in which a comprehensive
cost-effectiveness model was transferred
to several countries is the Markov model
for antiviral treatment of chronic hepati-
tis C developed by Wong and colleagues
[41, 42]. This model was initially developed
and validated in the context of the United
States health care system but has since been
extended by new pharmaceuticals and
adapted to the context of several countries
[43, 44, 45, 46, 47, 48].

Resource allocation

Different diseases and health care interven-
tions require different endpoints in clinical
studies.When cost-effectiveness studies are
based on these endpoints, cost-effectiveness
ratios should be reported as costs per natu-
ral unit (e.g., cost per reduced cholesterol
unit, cost per restenosis avoided, costs per
life saved, costs per liver transplantation
avoided, costs per cancer detected). How-
ever,as health care budgets are constrained,
decisions about health care resource allo-
cation involve choices across all diseases
and health care areas. Therefore a generic
measure of health outcome is needed to

compare cost-effectiveness of health care in-
terventions across diseases.Current recom-
mendations for economic evaluations [18,
22, 49, 50] suggest the use of QALYs gained
as a generic measure of effectiveness.As out-
lined above,Markov modeling is one meth-
od to simulate simultaneously duration and
quality of life and thus provides the cost-
utility ratio (e.g., in euros per QALY gained)
of the evaluated health care intervention
vs. its comparator.This has led to the devel-
opment of league tables which rank differ-
ent interventions with respect to their cost-
effectiveness ratio [51].

Considering patient preferences

Regardless of the economic purpose the
combination of quality and duration of
life explicitly accounts for patient prefer-
ences (utilities), and is thus the preferred
method of assessment when a health care
intervention has an effect on quality of life.
It also allows investigators to combine dif-
ferent health outcome dimensions such as
mortality, morbidity, and risk of severe ad-
verse events or complications into a single
effectiveness measure, the quality-adjust-
ed life expectancy.

Decision-analytic models can also be
applied in „bedside decision making“ and
„shared decision making,“ in which the
decision is meant to be triggered by indi-
vidual patient preferences for the different
benefits and risks associated with the dif-
ferent health care interventions. Even with-
out including monetary costs such analy-
ses can be considered a form of economic
analysis from the patient’s perspective, as
maximizing utilities is one of the most fun-
damental goals of economics in general.
Of course, the societal perspective requires
the inclusion of resource utilization into
the evaluation, which is almost always
done in monetary terms.

Pauker and Pauker [52, 53] presented a
clinical decision model for counseling par-
ents about amniocentesis for prenatal diag-
nosis. This model explicitly considered the
possibilities of spontaneous and amniocen-
tesis-induced miscarriage,an affected child
(as a function of maternal age), and diag-
nostic errors. The decision model encour-
aged couples to confront their attitudes to-
ward specific reproductive outcomes to clar-
ify their preferences and to incorporate

them, along with their current risks, into a
logical decision about prenatal diagnosis.

Informing decisions in the absence 
of clinical trial data

For many research questions hard data
from clinical trials are not available. In
some cases clinical trials are not ethically
feasible. In others, such as in cancer screen-
ing trials, the enormous sample sizes and
extended follow-up periods may make con-
ducting a trial difficult, if not impossible. In
such situations decision-analytic model-
ing can play an important role and at times
may be the only way to formally inform the
decision.Decision models can explicitly de-
scribe the structure of the decision prob-
lem and the related parameters that influ-
ence the decision and thereby identify pri-
orities for further data collection. For tech-
nologies that are evaluated in ongoing clin-
ical trials the final trial results may either
replace the decision-analytic results once
the hard data become available, or they
may update a more complex decision anal-
ysis based on multiple parameters.

As an example, Krahn and colleagues
[54] developed a decision model that eval-
uated screening asymptomatic men for
prostate cancer. This decision analysis did
not support general screening. In fact, sev-
eral screening scenarios were dominated
and resulted in poorer health outcomes and
increased costs dramatically. Also in the
early 1990s large-scale randomized screen-
ing trials with the prostate cancer death
rate as the primary endpoint were begun
in Europe and the United States, namely,
the European Randomized study of Screen-
ing for Prostate Cancer and the Prostate,
Lung,Colorectal,Ovarian Cancer screening
trial, respectively. Therefore a final answer
to the question of whether screening for
prostate cancer is truly beneficial at a pop-
ulation level can only be answered in sev-
eral years when these trials have been com-
pleted and properly analyzed.

Fine-tune technologies

Strictly speaking, a health technology be-
comes a different technology even if just a
single aspect of it changes. For example,
consider the starting and stopping ages in
screening programs, and their examina-
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tion intervals.At which age should screen-
ing for colon cancer be started [55]? What
is the optimal interval for cervical cancer
screening [56, 57]? How long should men
be screened for prostate cancer [31, 54]? In
diagnostic studies clinicians are confront-
ed with questions such as, „When is a cor-
onary stenosis functionally significant (i.e.,
requiring coronary intervention)?“ [58],
and „What is the optimal combination of
diagnostic tests for patients with chest
pain“ [59]? Optimal treatment manage-
ment poses questions such as,„What is the
optimal and economically efficient dose
and duration for antiviral treatment in
patients with chronic hepatitis C?“ [47],
„Does the answer depend on different
genotypes of the virus or on demographic
parameters of the patients?“ [26, 48], and
„What is the impact of compliance on sus-
tained virological response rate“ [60]?

It will rarely be the case that all such
applicable questions have been addressed
in primary and sufficiently powered com-
parisons within randomized clinical tri-
als. At best, subgroup or post-hoc analyses
may be available. To compare multiple
subgroups and specific features or combi-
nations of technologies modeling based on
plausible assumptions will in most occa-
sions be the only way to derive comprehen-
sible health care decisions.

Value-of-information analysis

Raiffa [2], one of the founders of decision
theory, describes the concept of value of in-
formation as the difference between the ex-
pected consequences (utility) of a decision
guided by a particular piece of informa-
tion and the respective expected conse-
quences without the information.This con-
cept is directly applicable to the assessment
of whether the aquisition of more empiri-
cal information is justified including such
information that can reduce uncertainty
about decision parameters. Deferring ap-
proval of a drug until more empirical in-
formation about the magnitude or dura-
tion of its effect is available may include
the potential of both gaining and losing
health outcomes and resources in the in-
terim. An example of applying the frame-
work of value of information analysis to
decision modeling has been demonstrated
by Claxton and colleagues [61]. They ana-

lyzed the decision to adopt a new pharma-
ceutical for patients with Alzheimer dis-
ease. Using a Bayesian decision-theoretic
approach to evaluate a probabilistic ver-
sion of a published Alzheimer disease pol-
icy model [33] and to estimate the expect-
ed value of perfect information for each of
the model parameters, they identified those
parameters for which more precise esti-
mates would be most valuable and deter-
mined the optimal sample size for an em-
pirical study from a societal perspective
based on the incremental cost and incre-
mental benefit of the sample information.
Usually there are two conceptually sepa-
rate research questions that must be an-
swered in health care decision making: (a)
Given the available information, should
the new technology be adopted? (2) Should
more information be obtained to inform
(i.e., confirm or change) this decision in the
future? The second question can be framed
in terms of the United States Food and
Drug Administration’s Modernization Act,
which asks whether the economic claim for
a new pharmaceutical can be substantiat-
ed and whether the evidence can be regard-
ed as competent and reliable? [11, 61].

In the analysis by Claxton and col-
leagues [61] the authors broke these gener-
al questions into a number of specific ones:
„Is additional research in Alzheimer dis-
ease potentially cost-effective? Are the es-
timates of the Alzheimer disease model in-
puts adequate? For which model inputs
would more precise estimates be most valu-
able? Is experimental design required for
subsequent research? If so, which endpoints
should be included in any future clinical
trial? What is the optimal follow-up peri-
od? What is the optimal sample size? How
should trial entrants be allocated between
the arms of the trial? What is the value of
this proposed research?“ [61] This approach
can also be applied to clinical trial design
and conduct. Decision modeling can help
estimate expected clinical and economic
effects on which sample size calculations
are based and thus give an ethical justifi-
cation of the sample size.

Health policy models and national
projections

Many decision models are designed to cal-
culate incremental cost-effectiveness ratios.

These have three properties. First, the base-
case analysis refers to a homogeneous co-
hort of patients, for example, a 40-year old
man with moderate hypertension without
comorbidity. These characteristics are then
varied in sensitivity analyses. Second, the
results are reported for a hypothetical co-
hort of patients with an arbitrarily chosen
size (e.g., for 100,000 patients) or,even more
often, as the expected values of the conse-
quences for a single member of this cohort
(e.g.,quality-adjusted life expectancy,mean
lifetime costs). Third, the calculation uses
a fixed (or closed) cohort, that is, no new
patients at risk of the disease or with inci-
dent disease are entered into the model.
Within the framework of utilitaristic re-
source allocation, this can be sufficient to
derive a recommendation about whether
a technology should be adopted under the
societal perspective. However, such analy-
ses do not show the expected values of the
absolute total health outcomes and costs
for a heterogeneous population in a par-
ticular country.

Such information is more likely to
emerge from so-called health policy models.
Although this term is not consistently de-
fined, most such models consider the het-
erogeneity of the actual population of a
country (or other entity) regarding age,gen-
der,ethnicity, severity of disease,or risk fac-
tor distribution and other features relevant
to the decision problem.Furthermore, some
health policy models report the expected to-
tal health outcomes (e.g., total severe events
prevented, life-years gained,QALYs gained)
and the expected total costs during a spec-
ified time horizon (e.g.,20 or 30 years). In or-
der to validly predict the outcomes observed
in the real world these models must use a
dynamic cohort approach,i.e.,patients must
be allowed to enter and leave the decision
pool (i.e., the dynamic population at a giv-
en time point including all patients for
whom a decision must be made) during the
analytic time horizon.

This approach may lead to conserva-
tive cost-effectiveness estimates, because
the nominator of the incremental cost-ef-
fectiveness ratio may include some inter-
vention-related expenditures in the last
years of the analytic time horizon without
„harvesting“ the beneficial effect of the in-
tervention on future health or cost-savings
due to reduced morbidity and mortality.
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However, the reported figures aim to re-
flect the real consequences as observed in
the real world, which is especially impor-
tant for health care planning.

An example of a detailed health policy
model is the Coronary Heart Disease
(CHD) Policy Model, which was developed
to project the future mortality, morbidity,
and cost of coronary heart disease in the
United States [62]. This is a Markov mod-
el of CHD in United States residents aged
35–84 years without CHD [62]. The mod-
el, which consists of three submodels, in-
cludes variables for CHD event rates, case
fatality rates, and costs. In the demograph-
ic-epidemiological submodel an individ-
ual develops CHD depending on his or her
individual risk factor profile (240 risk sub-
groups). After developing CHD the indi-
vidual moves into the bridge submodel,
which represents the outcomes in the first
30 days after the initial CHD event. Final-
ly, the disease history submodel simulates
the subsequent events after a previous
CHD event, including revascularization
procedures and CHD-specific and non-
CHD mortality. Multivariate risk functions
were used to determine the incidence of
CHD and the mortality of non-CHD [62].

This model has been used extensively
in the evaluation of CHD-related interven-
tions [63, 64, 65, 66, 67, 68, 69, 70, 71, 72, 73,
74, 75, 76, 77, 78]. For example, a decision
analysis based on this health policy mod-
el [65] was cited by the Second Adult Treat-
ment Panel of the National Cholesterol Ed-
ucation Program to support its recommen-
dation endorsing treatment of mildly ele-
vated low-density lipoprotein in patients
with a history of heart disease [79]. Short-
ly after this recommendation direct evi-
dence from clinical trials confirmed that
lipid-lowering drug therapy has the poten-
tial to reduce the risk of CHD morbidity
and mortality as predicted by the model.

Another example of a dynamic health
policy model is the Tobacco Policy Model,
which was used to describe the public
health impact and cost-effectiveness of an
enhanced nationwide, school-based, anti-
tobacco education program [80, 81]. This
model simulates birth, death, aging, and
changes in smoking status in the overall
population of the United States. The pop-
ulation was divided into different covari-
ates according to age, gender, and smok-

ing status, and each year newborns entered
the dynamic decision pool. The annual
mortality and transition rates for smok-
ing initiation, cessation, and relapse were
modeled as functions of patient charac-
teristics and time. The authors reported
program costs, medical costs, total life
years, QALYs, and incremental cost effec-
tiveness ratios for the antitobacco program
vs. the status quo after 25 and 50 years.

Health technology assessment

Health technology assessment (HTA) is de-
fined as a multidisciplinary field of policy
analysis. It studies the medical, social, eth-
ical, and economic implications of devel-
opment, diffusion, and use of health tech-
nology (International Network of Agen-
cies for Health Technology Assessment:
http://www.inahta.org/). HTA has differ-
ent parts (e.g., clinical effectiveness and
economic evaluations) and different ap-
proaches (qualitative: narrative review
and evidence tables; quantitative: meta-
analysis and decision analysis). In a grow-
ing number of HTA reports, especially in
the economic section, HTA agencies go be-
yond qualitatively reviewing and summa-
rizing the evidence of published interna-
tional studies and now use decision-ana-
lytic methods to ensure that the results re-
flect the context of the investigated coun-
try’s health care system. In a survey com-
missioned by the German Institute for
Medical Documentation and Information
(DIMDI) of 12 countries with HTA organi-
zations (nine European countries, Aus-
tralia, Canada, and the United States) 10
frequently or routinely used decision-an-
alytic modeling to evaluate the cost-effec-
tiveness of technologies in its own health
care context.

The recently established German Agen-
cy for Health Technology Assessment
(DAHTA) at DIMDI exemplifies this evo-
lution. While only one modeling study was
performed in DIMDI’s HTAs between 1996
and 1999, before the establishment of
DAHTA [82], their use in HTAs commis-
sioned by DIMDI has since increased
(http://www.dimdi.de/de/hta/hta_dim-
di/index.htm). For many topics time and
budget restrictions limit the use of deci-
sion-analytic models. The first draft of an
HTA report is often requested within a

year, which may be too short to develop a
decision model from scratch and apply it
to national data. Therefore DAHTA com-
missioned a methodological project which
includes the development of a framework
(a) to identify existing decision models of
high quality, transparency, and flexibility,
(b) to transfer, extend, and adapt them in
cooperation with the original authors to
the national context, and (c) to establish
a collaboration network between HTA or-
ganizations of different countries that pro-
motes and sponsors the exchange of these
models between HTA agencies. To date
DAHTA has planned and initiated such
collaborations with the National Coordi-
nating Centre for HTA (NCCHTA) in the
United Kingdom and the Canadian Co-
ordinating Office for Health Technology
Assessment (CCOHTA). This approach is
also supported by the results of the EUR-
ASSESS project, which was undertaken by
numerous members of European HTA
agencies and programs with the aim of
improving coordination in HTA. These
members emphasized that collaboration
would help avoid duplication and achieve
synergy [83].

Discussion

Examples of different situations for deci-
sion modeling have been used to demon-
strate its value as a tool for health care de-
cision makers on all levels. Decision anal-
ysis may aid clinical decisions affecting in-
dividual patients as well as inform clinical
policy decisions and decisions regarding
national health policy. It can be applied to
preventive strategies as well as to those
aimed at diagnosis and treatment, and
provides a valuable tool for the develop-
ment of clinical practice guidelines.

Decision-analytic models play an im-
portant role in cost-effectiveness analysis,
which is constructed to identify interven-
tions that produce the greatest health care
benefit with the resources available [22]. It
must be emphasized that despite its utility
decision-analytic modeling in economic
evaluations is not a complete procedure for
determining resource allocation decisions
in health care because it cannot incorpo-
rate all the values and criteria relevant to
such decisions. Rather, it should be used as
an aid in the complex decision making pro-
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cess [84]. In addition to the criterion of
maximizing the overall health benefit of a
population,health policy makers must con-
sider other ethical criteria to comply with
societal preferences. For example, equity is-
sues and distributive justice, which include
the distribution of health across different
subpopulations, are not yet consistently in-
tegrated in the concept of decision analysis
[85]. Although current decisions must in-
evitably be based on imperfect informa-
tion, sensitivity analysis can show the ro-
bustness of some decision while suggesting
areas where further research may be valu-
able in guiding others [1].

Finally, the consideration of the princi-
ples for good practice in decision-analytic
modeling including different levels of mod-
el validation is an important prerequisite
to increase the confidence in a model and
its results. Equally important is the trans-
parent description of the model and the
comprehensible reporting of the results.
Several methodological and reporting
guidelines and textbooks address method-
ological standards. Guidelines for econom-
ic evaluations from six European countries,
Australia, and Canada were summarized
in a review which also reported European
guidelines in the form of a consensus re-
port of the European Network on Metho-
dology and Application of Economic Eval-
uation Techniques (EUROMET) group [50].

Closing remarks

Waiting to make a decision until perfect
information is available is, in most cases,
only a hypothetical option. In most health
care situations clinical and economic evi-
dence must be either extrapolated through
time or space, transferred from one study
population to another, or combined and
linked in a sensible way. Decision makers
must balance the costs and consequences
of adopting or discarding a health tech-
nology based on the available data vs.
waiting for more precise information. They
must do this formally or informally. Al-
though the usefulness of decision-analyt-
ic models in economic evaluations does
not change the fact that cost-effectiveness
analysis cannot incorporate all values and
criteria that are relevant for health policy
decisions, these tools can help to inform
these decisions in an explicit manner.
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