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Editorial

Observational studies are increasing in number among research
activities on the effectiveness and safety of pharmaceutical products
as the focus in the post-marketing phase shifts from evidence on
efficacy to evidence from the real world of routine clinical practice
free of study-based restrictions. There is good reason for this shift.
Although randomized controlled clinical trials (RCTs) remain the
gold standard for assessing the efficacy of pharmaceutical products,
they are grossly inadequate for addressing questions about the
effectiveness and safety of these interventions, largely due to
inadequate power, unrepresentative patient population and the
controlled processes involved which make for unrealistic clinical
settings.'> Real world evidence mostly comes from observational
studies involving demographic as well as healthcare data on patients
outside of the randomized controlled trial environment.’ In these
studies, the investigators merely collect data on the treatments (i.e.
exposure type) received by the patients in routine clinical practice as
well as information about their health status. In other words, reflection
of real-life clinical practice is without doubt the most compelling
strength of observational studies. And yet, as is common with RCTs,
a vast number of observational studies are based on the intention-to-
treat (ITT) assumption for exposure classification.

Whilst ITT may be suitable in an efficacy trial setting where
randomization and control mechanisms on exposure ensure its validity,
the assumption may not be appropriate in the observational setting
because of the need to reflect real-life (i.e. actual) drug use. Problems
such as treatment compliance and intermittent exposure are more
common in real-life medical practice than generally acknowledged
in observational studies which if not adequately addressed can
result in exposure misclassification- an important measurement
error which may exert more impact on causal inference than any
other sources of bias in a given observational study. Indeed, time is
chiefly responsible for much of the exposure misclassifications we
encounter in observational cohort studies where we are compelled to
make simplistic assumptions about actual versus intended duration of
treatment, number of times the drug has been used and the time of last
use. The problem can also be induced from inappropriate use of time
windows for exposure classification. However, some of the problems
associated with such simplistic assumptions about the influence of
time on exposure classification in these studies have already been
described elsewhere.*> Indeed, inappropriate adoption of the ITT
approach can result in non-differential exposure misclassification (i.e.
similar error in both patients with and without the event) which can
lead to bias towards the null. In other words, we may end up with
exposure effect estimates suggesting little or no association when in
fact an association exists.* '

Exposure is seldom continuous in real-life and intermittent drug
intake is common practice and exposure misclassification can result
in biased effect estimation, wrong conclusions and contradictory
irreproducible results. This is a problem we ignore when we design
a simple registry and analyse the resulting data as a cohort using
the time-to-event approach to assess the safety or effectiveness of
treatment. To reduce the effect of selection bias which is primarily
because of the absence of treatment randomization, it is usual practice
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to select from the study population, only exposed and unexposed
patients that are comparable on key confounding factors. To minimize
the impact of exposure misclassification, we often also match each
person who experienced the event of interest (i.e. cases) to one or
more of those who are free of the event at the time (i.e. controls)
from within the same cohort- thus ensuring that the cases and matched
controls are nested within the cohort. Consequently, we often end up
discarding much of the collected data- which in the case of a registry
would mean a less than optimal use of resources. Actually, as with the
cohort design, the nested case-control design is also similarly liable to
the problem of selection bias in addition to the problem of sample size
which can result from the less optimum utilization of the available
information (i.e. the full study sample- the cohort). Never the less, the
design offers a simple method for avoiding unreasonable assumptions
in the evaluation of time-dependent treatment effect.® We know that
although in general, matching controls to cases on a confounding
variable can improve the precision of the comparison of exposure
groups, we cannot estimate the exposure effect, if in the matched data,
either all the cases or all the controls are of the same exposure status
or if indeed, the exposure status is the same in each matched set. This
is because effect estimation is based entirely on the off-diagonal data
in the resulting stratum-based 2x2 tables of the conditional logistic
regression. Consequently in theory, the more such matched pairs
our sampling can generate, the more improvement we can expect on
efficiency. For this reason, the counter matched version of the nested
case control design has been proposed as a more viable alternative
to both the cohort and the classical nested case control designs and
even more so if an appropriate group balancing instrument can also
be incorporated. Thus offering the opportunity for reducing the likely
impact of both exposure misclassification and selection bias.!! Indeed,
according to evidence from simulated data, for situations involving an
important effect modifier (i.e. a risk factor), the classical nested case-
controls can be spectacularly less efficient when compared with that
of the counter-matched version- even to the extent of failing to yield
any meaningful effect estimates.'?

However, despite being more efficient than the classical approach,
the counter-matched nested case-control design remains less
popular in practice-indicating an apparent, widespread reluctance by
researchers to take advantage of its many potential benefits. On both
theoretical and practical grounds, we could think of no conceivable
explanation for this very low uptake or the preference for the
classical approach. It seems likely that concerns about the additional
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computational requirements associated with counter matching might
be responsible for this situation-a major handicap associated with
the older versions of the leading statistical packages, but which has
since been resolved in virtually all their more recent versions. In other
words, for observational settings where exposure misclassification
is likely, we can indeed do better by adopting the counter-matched
nested case-control design in preference over the classical approach
and that of the simple cohort.
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