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Summary
After looking at some case studies, we will remind in this paper how observational studies
regarding drug exposure or delivery are prone to various biases and structural limitations. These
biases lead us to be extremely cautious regarding the implementation of results from such studies in
clinical practice, and to question the reliability of such studies to determine the position of a given
treatment into the therapeutic strategy. We will conclude on the respective place of randomized
controlled trials (RCTs) and observational approaches, which are obviously complementary, but not
interchangeable.
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Introduction

Prescribing a given drug to a given patient is a common, but heavy decision. It relies on various
elements among which the prediction of benefits of the drug exposure, expected to be reasonably
higher than the risks of this exposure, beyond any reasonable doubt. This prediction is best based on
the results from randomized clinical trials (RCTs) [1] and their meta-analyses, which answer three
questions: i) Does a benefit exist from drug exposure in general? ii) Is this benefit quantification
enough to justify the drug exposure, in general, but also in this particular patient? iii) Are there any
side effects which are likely enough to compromise the positivity of the net benefit or the risk-tobenefit ratio, specifically expected for this patient situation? These answers are given to the
community with the highest level of evidence, thanks to the reduction of biases through the methods
of RCTs, ideally cumulating the most important items among the following: prospective design,
with an a priori definition of hypotheses to be tested, an appropriate randomization, a double blind
administration, an intention-to-treat analysis in agreement with the pre-specified analysis plan, and
an appropriate hierarchy of tests to be conducted. Every distance taken to these standards reduce the
methodological power of RCTs and its ability to control the impact of biases. Of course, some
poorly designed or badly performed RCTs had led to biased results [2]. The level of transparency
and control by regulatory agencies could be improved, e.g. in conducting systematic re-analyses of
principal results and allowing an efficient individual patient data sharing. And, for nonmethodological reasons, RCTs are prone to over-select patients and, therefore, draw conclusion on
only a subset of patients who are to treat in the real life [3] at the time of marketing authorization.
The medico-scientific community often considers that clinical trials are not appropriate to
estimate rare adverse effects, or those resulting from long-term exposure to the drug. This
consideration is logical given first, the size of samples studied in clinical trials, rarely above 10 000
patients and often less than 1000, and second, the duration of exposure, rarely above 5 years and
often less than 1 year. These limitations are the main rationale to conduct observational studies of
drug exposure consequences, to assess whether it could be associated with rare or delayed adverse
events. Another important rationale of these studies is to observe drug impact in patients usually
excluded from, or poorly represented in, RCTs samples. The third rationale for such studies is to
describe the population to which the drug is prescribed after market access, in particular whether the
administrative authorization constraints are respected. The growing availability of medical
information in administrative care-providing databases, the development of analytical techniques
for giant databases among which some invoke artificial intelligence, make observational approaches

even more appealing. We will now look at some case studies to illustrate the weaknesses of
observational studies regarding biases.

Introductory case studies

Could observational studies replace RCT to assess efficacy and safety of new treatment? Could
observational studies be useful to confirm or infirm the results of the previous treatment’s RCTs?
The limitations of observational studies to make causal inference are well known [1, 4].
There are now multiple examples of RCT that did not confirm the efficacy of treatment, even
showed by several observational studies. For example, the STATCOPE trial [5] failed to show the
benefit of simvastatin for the prevention of exacerbations in moderate-to-severe chronic obstructive
pulmonary disease (COPD), whereas several retrospective studies have shown a reduced rate of
exacerbations in COPD patients receiving statins. However, these observational observations had
appeared sufficiently reliable to ground the initiation of STATCOPE.
More recently, the ASCEND trial [6], comparing aspirin to placebo for primary prevention
in persons with diabetes mellitus, did not find benefit in terms of prevention of digestive cancer
despite a large number of previous observational studies and meta-analysis which lead to believe
that aspirin had a marked preventing effect on digestive cancer.
These cases show that observational studies could lead to make a wrong decision about
benefit or safety of drugs and could be of limited interested in decision making. In fact, these
restrictions arise from a series of limits: confounding, selection and information bias, loss to followup, reverse causation, uncontrolled statistical error risk, and purely inferential reasoning.
In the history of drug evaluation [7], these limitations were perceived early, and a lot of
solutions were elaborated to put the clinical trials away from these problems. These solutions
shaped the present design and methodology we use now with confidence to evaluate the efficacy
and safety of news drugs: contemporary, randomized controlled clinical trial.

Confounding

Confounding is certainly one of the main difficulties of the observational setting. In real life, the
decision to treat a patient with a drug is not taken at random but as a function of multiple variables
like patient characteristics, severity of illness, socio-economic setting, etc. Among all these factors,
some of them could be also linked to the outcome and will confound the association observed in the
study between the treatment and the outcome.
To remove any confounding from an observational result and produce an appropriate picture
of the true association, it should be necessary to consider all the confounding factors. In practice
this is not achievable. Firstly, because it is difficult to identify all the factors that can act as
confounders (by being linked both to the outcome and to the treatment study). Causal diagrams [8]
are certainly the best option to conduct this analysis. Secondly, because in general, all potential
confounders were not measurable directly or indirectly (especially with the claims database or all
types of retrospective data). The question of unmeasurable confounders and residual confounding is
crucial. Fewell et al. have shown that magnitude of the effect commonly estimated in the
observational studies are of the same order of magnitude that the residual confounding generated by
the unmeasured confounding factor [9].
In critical assessment of a result, before decision making, the use of a priori reasoning using
knowledge [10, 11] and causal diagrams in order to identify all the potential confounders is
certainly the best way to give confidence to the reader that all confounders were potentially taken
into consideration. The ultimate confidence will be given when all these variables were available in
the dataset of the study.
The adjustment on a large number of variables performed to limit the risk of forgotten real
confounders could be unproductive given the possibility of colliders. Colliders [12] are variables
that are causally influenced by two or more other variables. Conditioning on a collider, whatever
the method used, leads to observe a non-causal association between these two variables. There is a
real danger in extensive non-reasoned adjustment. The causal graphs are helpful to identify this
kind of variable too.
In critical assessment of observational results in a decision-making perspective, it should be
necessary to exclude with confidence the possibility of a residual confounding.

None of the available methods used to take into account the confounding (adjustment,
matching, restriction by the confounders themselves or a summary of them like a propensity score,
or an approach based on instrumental variables) could give the assurance of absence of residual
confounding. In fact, it is not a problem of statistical method choice. Residual confounding depends
only on the possibility to adjust on all the confounders [13]. In practice, it proofs impossible to be
sure that analysis can adjust for all confounders. Discarding a residual confounding need another
approach like the use of falsification variable or negative control [14-17]. Residual confounding
could be ruled out if no association be detected between a set of appropriate falsification variable
and the treatment under consideration. Falsification testing uses variables that are unlikely to be
associated with the outcome but can be affected by confounding in the same way as the variable of
interest. So in the absence of any residual confounding, no association should be observed between
falsification variables and outcomes. These falsification variables are an elegant potential solution
to validate findings from observational studies. The limit of this proof by reductio ad absurdum is
the impossibility of being sure that all necessary falsification variables were used.
The sensitivity of a result to unmeasured confounders can also be assessed by different
methods of sensitivity analysis [18, 19].
Convincing positive proofs of absence of residual confounding is compulsory before
actioning an observational result in decision making. The description of a sophisticated adjustment
method performed on a reasonable list of confounders is not enough to establish the reliability of
the results. Applying a convincing method of diagnostic for residual confounding is therefore
certainly mandatory to accept the result of an observational in decision-making.

Bias

Observational studies are also prone to all kinds of biases, independently to the confounding. The
risk of bias in non-randomized studies of interventions I (ROBINS–I) ROB tools distinguishes 6
domains of bias:
1.

Bias in selection of participants into the study.

2.

Bias in classification of interventions.

3.

Bias due to deviations from intended interventions.

4.

Bias due to missing data.

5.

Bias in measurement of outcomes.

6.

Bias in selection of the reported result.

Given the diversity and the complexity of biases that potentially affect an observational study, it is
virtually impossible to conclude that a result is not due, in totality or in part, to biases for weak to
moderate association as frequently reported in observational pharmaco-epidemiological studies.
Some principles were enacted to limit some biases, like the new users design, the validation of the
proxy or generated variables in claims database, etc. but we do not yet have the demonstration that
these principles lead to a full control of all the bias.
The bias analysis is even dependent of the nature of the results given that a null effect could
be biased by a different kind of measurement error that a non-null effect (symmetric and nonsymmetric error).

Studies on retrospective data

Another limitation is the use of retrospective data by much observational studies. In this setting,
fishing expeditions or cheery picking are possible practices, leading to a dramatically increased risk
of false discoveries. The prevention of these errors goes through a strict respect of the deducting
reasoning with analyses conducted only after the definition of a precise objective in a pre-specified
protocol, objectively stated without any knowledge of the result which will be obtained. Mandatory
protocol registering is part of the solution [20] but will never give absolute guarantees that the
objective of the present protocol was not derived from a previous exploratory analysis on the same
data [21].

Critical appraisal

Another difficulty arising when observational studies are considered for decision-making is the
critical appraisal of the results. Critical appraisal of RCTs is performed mostly by checking if the
study is protected by design against the bias. On the opposite in an observational study, this
appraisal needs to determine if biases are present or not. As biased results are clearly undetectable
by itself (given that the truth is unknown), this exercise consists of a series of “what if” reasoning. It
is not rare to obtain completely discordant appreciation of bias for the same study, each conclusion
being based on a coherent reasoning.
No doubt that the recent availability of a ROBINS-I risk of bias assessment tool [22] will
clarify and standardized these critical assessments.

Statistical considerations

Observational studies are also subject to high risk of type 1 error consecutively to uncontrolled
multiplicity in the statistical comparisons. The notion of primary outcome is rarely used in these
studies, and, in any event, is of little effectiveness in all retrospective studies.
Moreover, the adjustment-variables set is rarely predefined, leaving the possibility of some p
hacking [23, 24]. As mentioned by Rubin [25], in regression modeling there is always the
temptation to work toward the desired or anticipated result.
To some extent, the vibration of results that could be generated by the adjustment choices is
sufficiently large, in general, to produce opposite results [26] and explain the magnitude of
heterogeneity observed between observational studies on the same topic.
For example, in 2009, Diabetologia published a paper concluding to an increased risk of
cancer with insulin glargine [27]. This purely exploratory study searched an association between
insulin glargine and all a variety of cancers or aggregate of cancers. All comparisons were nonsignificant except for breast cancer. After this first paper, several other studies found similar results
on all cancers, opening a controversy that will last many years to come. In 2012, the ORIGIN [28]
randomized controlled trial, comparing insulin glargine versus standard care in 12 537 people,
ended the discussions by showing no effect on the pre-specified outcome of cancer( hazard ratio,
1.00; 95% CI, 0.88 to 1.13; P = 0.97).

Real life data

The potential interest of the observational studies frequently spotlighted is their aptitude to estimate
the drug effect in the real world, by considering more complex or frail patients than those enrolled
in the RCTs.
However, some evidence [29] emerges that these patients could not even be considered in
the observational setting, due to several phenomena.
It turned out that doctors follow quite strictly the drug indications that are directly derived
from the inclusion criteria of the pivotal phase 3. In the real world, the treated patients could be in
some case very close to the patients studied in the RCTS [29].
On another hand, the methods used to take into account the confounders may lead to exclude
patients of the analysis, for example, when trimming is performed in propensity score based
analysis. This trimming, needed to ensure an optimal adjustment, leads to exclude the patients with
the more extreme propensity scores, who represent the most atypical and complex patients.
In the popular method of matching, the control patients are matched to the patients treated
with the drug under investigation. This method gives an estimation of the average treatment effect
for the treated [30, 31] and not for the overall population. To estimate marginal (or populationaverage) treatment effect, stratification or inverse probability of treatment weighting (IPTW) are
needed [31].

Publication bias and selective reporting of outcomes

The reliability of observational study for decision making is also hampered by an important risk of
publication bias, or selective reporting of the results inside the publication. Studies on retrospective
data are quite easy to perform and at a low-cost. The same association between treatment and an

outcome can be repeatedly searched on several databases until a favorable result arise. Inside a
same study, it can also be possible to repeat the search of the same association by varying the
endpoint definition (almost all endpoints are derived from the aggregation of several items, ICD
codes for example) or by testing several sub populations.

Conclusion

We have seen how observational studies are prone to a series of biases impossible to completely
master reliably. This is why it is tremendously important to consider these studies and their results
in their appropriate place. Their undisputable interest is to describe the exposed population, in
particular whether prescriptions are in frontier zones of, or even in zones uncovered by, the
marketing authorization. This information could be, per se, a signal important enough to question
whether the benefit demonstrated in RCTs is really to be expected on such population, or in most
members of this population.
Importantly, these studies cannot be trusted per se as a basis of clinical decision, either when
they suggest that one drug is better or safer than another, or when they suggest an appropriate or
conversely a deleterious risk to benefit ratio. Indeed, they are not able to inform correctly on such
benefits or risks, even after multiple adjustment techniques application. Believing that these
methods could replace randomization is non-sense, potentially misleading and source of erroneous
pharmacological attitudes.
If they suggest a safety signal, this alarm should be considered with appropriate caution and
not taken for granted before multiple checks, including estimates of residual confounding and
exploring results on negative controls, ideally completed with ad hoc RCTs. Of course, in the case
of an extraordinary safety signal, and in balancing with the size of the demonstrated benefit,
appropriate decisions must be taken to prevent potential public health drama or crisis, and ideally
trigger further confirmation studies including RCTs.
The heavy limitations of observational pharmacological studies must be acknowledged by
medical community as a whole, they must be taught appropriately so that no confusion be made

with the potential of causal conclusion that could be drawn from appropriately planned and
conducted RCTs.
Our final point will be a hopeful one. The vast data warehouses that are more and more
available in most countries will illustrate the limitations of observational approaches, in particular in
showing the lack of replication for their confounded and biased results. But they will also i) allow to
better estimate risk factors impact, to better predict prognosis, thus to better adjust pharmacological
treatment to appropriate target populations; and ii) support the conduct of large and simple open
randomized clinical trials of pharmacological or therapeutic strategies, in samples that will be more
and more representative of the target or exposed population.

Take home messages

•

The limitations of observation studies initiated the methods development of RCTs.

•

Some RCTs conducted in the market access dossiers have practical limitations, mainly

regarding duration and size.
•

These limitations raise the question of a potential role of observation studies after market

access.
•

However, limitations of observation studies remain, and RCTs development, such as

withdrawal or pragmatic trials, are the best response to market access dossiers constraints.
•

Observational studies have an undisputable role in the definition of the joined population,

which should develop greatly through administrative database.
•

The complete inaptitude of observation studies at estimating benefit and security of

therapeutics in a causal way must be acknowledged.
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