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It is increasingly common to find the results of economic
evaluations that report results in terms of cost per life
year or cost per quality adjusted life year (QALY)
grouped together for comparison in so called cost effec-
tiveness league tables. It is worrying, however, that the
rankings in such league tables are made on the basis of
point estimates of cost effectiveness without any consid-
eration for the inherent uncertainty involved in their
calculation. Consider the figure, where the point
estimates for seven different healthcare interventions are
plotted in increasing order of magnitude. What is imme-
diately apparent is that the range of uncertainty (shown
by the size of the bars around the point estimates) is such
that a completely different ranking than that obtained
from the order of the point estimates is possible. If poli-
cymakers are to be fully informed it is imperative that
analysts attempt to estimate the uncertainty inherent in
their results rather than simply presenting point
estimates. These interval estimates should accompany
point estimates when reproduced in league tables.

Uncertainty in economic evaluation is pervasive,
entering the evaluative process at every stage. It is use-
ful to distinguish uncertainty related to the data
requirements of a study and uncertainty related to the
process of evaluation. Uncertainty in the data require-
ments of a study arises through natural variation in
populations, which means that estimates based on
samples drawn from that population will always be
associated with a level of uncertainty that is inversely
related to sample size. Examples of uncertainty due to
the evaluative process include the need to extrapolate
when conducting evaluations, say from a clinical
outcome measure (such as cholesterol lowering) to a
health outcome measure (reduced morbidity and mor-
tality due to heart disease); uncertainty related to gen-
eralising from the context of the study to other
contexts and patient populations; and the uncertainty
related to choice of analytical methods—for example,
whether to include indirect costs in the analysis.2

The traditional method for handling uncertainty
due to sampling variation in many forms of evaluation,
most notably clinical evaluation, has been statistical
analysis. When patient specific resource use and health
outcome data have been collected (for example, as part
of a prospective clinical trial) then statistical techniques
have been developed to calculate confidence intervals
around point estimates of cost effectiveness, although
the methods required to estimate confidence limits for
a ratio statistic are less straightforward than for many
other statistics.3 4

In practice, however, few economic evaluations are
conducted alongside clinical trials. Instead, data are
more likely to be synthesised from several sources,
including literature reviews, hospital records, and even
clinical judgments. Hence, standard statistical methods
cannot be used. Moreover, even when statistical analy-
sis is possible, the remaining levels of uncertainty that
are not related to sampling variation need quantifying.
To do this sensitivity analysis is used, which involves
systematically examining the influence of the variables
and assumptions used in an evaluation.5

The term sensitivity analysis encompasses several
techniques and it is useful to distinguish three
approaches. A one way sensitivity analysis systemati-
cally examines the impact of each variable in the study
by varying it across a plausible range of values while
holding all other variables constant at their “best
estimate” or baseline value. In contrast, an extreme
scenario analysis involves setting each variable simul-
taneously to take the most optimistic (or pessimistic)
value in order to generate a best (or worst) case
scenario. In real life, of course, the components of an
evaluation do not vary in isolation, and nor are they
perfectly correlated, so one way sensitivity analyses will
probably underestimate, and extreme scenario analysis
overestimate, the uncertainty associated with the
results of economic evaluation. A third technique,
known as probabilistic sensitivity analysis and based on
a large number of Monte Carlo simulations, examines
the effect on the results of an evaluation when the
underlying variables are allowed to vary simultane-
ously across a plausible range according to predefined
distributions. These probabilistic analyses may be
expected to produce a more realistic interval.6
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