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The statements of science are not of
what is true and what is not true, but
statements of what is known with different
degrees of certainty.
—Richard Feynman, physicist

An explosion of new data sources has
increased focus on the use of “real-world”
information to inform patient-centered
care. Enthusiasm for such a “learning
health care system” is shared by many
organizations, including the Institute of
Medicine (1), the U.S. Food and Drug
Administration (2), and Agency for
Healthcare Research and Quality (3). How
can we bridge the divide between a learning
health care system’s need for research that
infers information from routine clinical
care and the current hierarchies that
place the results from tightly structured
randomized controlled trials (RCTs) at the
apex of evidence?
RCTs provide accurate estimates of
average treatment effects for groups that
differ only with respect to the intervention
of interest when adherence is perfect
to blinded and randomly allocated
interventions across large numbers of
patients (4). However, inferences derived
from RCTs may not consistently be
readily transferable to clinical practice.
Strict inclusion and exclusion criteria can
limit the group of people being tested to a
degree that does not allow evaluation of the
risks or beneﬁts of the intervention in the

population that will ultimately receive
the intervention. In contrast, observational
studies can compare outcomes among
individuals who have been exposed
to an intervention to outcomes among
individuals who have not been exposed
(or correlate different exposure levels to
outcomes) and enable inferences regarding
patients for whom we care over long periods
of time.
Valid and reliable observational studies
provide an attractive complement to RCTs
in many circumstances. These include when
the outcomes of interest are rare (e.g., safety
outcomes, outcomes in rare diseases) or
occur over a long time frame (5), or when
randomization is considered unethical,
prohibitively difﬁcult (e.g., health services,
policy, or quality-improvement
interventions), or alters the study
population. Despite the potential for
observational studies to yield important
information, clinicians tend to be reluctant
to apply the results of observational
studies into clinical practice. Methods of
observational studies tend to be difﬁcult
to understand, and there is a common
misconception that the validity of a study
is determined entirely by the choice of
study design (i.e., RCTs are always more
“trustworthy” than observational studies)
(Figure 1) rather than a comprehensive
evaluation of the quality of individual
studies. Herein, we explore situations
that arise when comparing the results of

randomized and observational studies of
similar clinical research questions; we also
develop an approach to applying research
from both types of studies into clinical
practice.

Agreement between RCTs
and Observational Studies
Clinical interventions are rarely supported
by strong certainty or high-quality evidence
in the traditional hierarchy (Figure 1);
rather, evidence is usually uncertain. For
example, three critical care–focused
American Thoracic Society clinical practice
guidelines published in 2017 made
27 clinical recommendations, but
only one (4% of recommendations)
was a “strong” recommendation
supported by “high-quality evidence”
(a recommendation to use noninvasive
ventilation in hypercapnic chronic
obstructive pulmonary disease [COPD]
exacerbations) (6–8). A common reason
that evidence is considered uncertain
is that studies evaluating similar
research questions yield different results
(i.e., inconsistency). RCTs may disagree
with other RCTs (9, 10), and RCTs
may disagree with observational studies.
Conﬂicting evidence poses difﬁculties for
guideline panels and complicates decisionmaking; however, it provides a myriad of
learning opportunities.
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What Can We Learn When
Observational Studies and RCTs
Disagree?

Figure 1. The hierarchy of evidence.

How Often Do Observational Studies
Disagree with RCTs?

Different ﬁndings from observational
studies and RCTs that evaluate similar
research questions rarely result in the
dismissal of the randomized trial design as
a valid method of scientiﬁc inference;
however, conﬂicts between RCTs and
observational results often result in
commentary regarding the times when
observational studies “got it wrong” (11).
Such discussions give the false impression
that disagreement between RCTs and
observational research is common; studies
suggest the contrary (12–14).
A meta-analysis of 14 meta-analyses
compared more than 1,000 pairs of
observational studies and RCTs across 228
medical conditions and found that effect
estimates from observational studies were not
signiﬁcantly different from those of RCTs
(ratio of odds ratios, 1.08; 95% conﬁdence
interval [CI], 0.96–1.22) (12). The majority
(71%) of the meta-analyses found minimal
disagreement between RCTs and
observational studies (12), indicating that on
average observational studies and RCT
results agree (15). Studies have concluded
that discrepancies occur as frequently among
860

different conclusions. An observational
study of 6,730 patients with sepsis
concluded that balanced crystalloids were
associated with a lower risk of mortality
(relative risk [RR], 0.86; 95% CI, 0.78–0.94).
However, a subsequent double-blind,
randomized, cluster-crossover trial of 2,278
critically ill patients published a year later
showed similar mortality estimates (RR,
0.88; 95% CI, 0.67–1.17) and concluded
that larger studies were needed to evaluate
the effects of crystalloid type on mortality
(31). In 2018, a larger cluster-crossover trial
of normal saline versus balanced crystalloid
among critically ill patients showed a nearly
identical effect estimate for mortality and
renal dysfunction as the prior observational
study and randomized trial among the
subgroup of 2,336 patients with sepsis
(odds ratio converted RR, 0.87; 95% CI,
0.78–0.97) (32). When faced with
seemingly different results of observational
studies and RCTs, the RCT cannot be
uncritically relied on; instead, reasons that
the results differed should be explored (in
this case, the difference in study size).

observational study–randomized trial pairs
as among randomized trial–randomized trial
pairs (14).
When Observational Studies Do Not
Agree with RCTs, Should I Always
“Believe” RCTs over the
Observational Studies?

Although evidence shows that observational
studies and RCTs examining the same
research questions usually agree, history has
provided us with notable examples of times
when they have not. Well-known examples
include studies of hormone replacement
therapy and cardiovascular disease for
postmenopausal women (16, 17), statins
and sepsis/acute respiratory distress
syndrome (18, 19), procalcitonin to
decrease antibiotic use in sepsis and COPD
exacerbations (20–28), and activated
protein C (29, 30). However, factors other
than study design need to be considered
when exploring reasons for a lack of
agreement between RCTs and observational
studies (12). When discrepancies exist, the
observational study is not always wrong.
For example, initial observational
studies and RCTs of normal saline and
balanced ﬂuid solutions in sepsis reached

Disagreement between observational studies
and RCTs can alert readers to ﬂaws in
internal validity and limitations in external
validity (i.e., the degree to which results can
be generalized to a target population,
practice setting, intervention, comparator,
or outcome beyond that which was
speciﬁcally studied) of the studies.
Internal validity. Both observational
studies and RCTs occasionally get things
wrong. Table 1 outlines threats to the
internal validity of observational studies.
We focus on deﬁciencies of observational
studies (unmeasured confounding
variables, measurement error, prevalent
user bias, and immortal person-time),
because those of RCTs are extensively
discussed elsewhere (33).
Confounding. When confounding
occurs, there is systematic bias or an error in
the measure of association between the
exposure and the outcome because of the
effect of another factor or confounder (34).
Residual unmeasured confounding may
exist even after adjustment of measured
confounders. For example, nearly all
observational studies of activated protein C
identiﬁed lower mortality rates among
patients who received activated protein C
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Table 1. Factors to Consider When Observational Studies and Randomized Controlled Trials Disagree
Did the observational studies and RCTs ask the same question?
d Included the same population?
d Used the same intervention?
d Performed the same comparison?
d Measured outcomes in the same way?
If the answer is “No” to any of these questions, the studies did not ask the same research question and may complement, but not
contradict, each other if both studies have high internal validity.
Was the internal validity of the observational studies optimized?
d Measured confounding: Did the study account for measured confounding variables using methods such as restriction, matching,
stratiﬁcation, standardization, multivariable adjustment, propensity score analysis, and/or generalized methods?
d Unmeasured confounding bias: Did the study account for unmeasured confounding variables using methods such as instrumental
variables or regression discontinuity design? Alternatively, did the study simulate the effect of unmeasured confounders and the effect did
not change interpretation (i.e., sensitivity analysis)? Did the study compare two interventions, rather than an intervention vs. nothing?
d Other selection biases: Were prevalent users excluded? Was immortal person-time avoided? Did the study enroll consecutive patients?
Did the study enroll patients from the same population?
d Deviation bias: Were the interventions strictly adhered to? Were cointerventions likely due to patients or caregivers being aware of the
intervention?
d Detection bias: Was the outcome assessor unaware of the intervention? Was the outcome a known effect of the intervention and more
likely to be affected by confounding by indication, or an unknown effect (simulating blinding in a trial)?
d Attrition bias: Were all relevant data analyzed?
d Reporting bias: Were all of the measured outcomes reported?
d Other: Did the study have adequate power? Did the study justify multiple hypothesis tests?
If the answer is “No” to any of these questions, then low internal validity of the observational study may explain disagreements between
results of observational studies and RCTs.
Was the internal validity of the RCTs optimized?
d Selection bias: Was there true random sequence generation that was blinded (i.e., concealed)?
d Performance bias: Were the patients and caregivers blinded?
d Detection bias: Were the outcome assessors blinded?
d Attrition bias: Was the data incomplete (i.e., loss to follow-up)?
d Reporting bias: Were all of the measured outcomes reported?
d Other: Did the trial have adequate power? Did the trial justify multiple hypothesis tests?
If the answer is “No” to any of these questions, then low internal validity of the randomized trial may explain disagreements between results
of observational studies and RCTs.
Definition of abbreviation: RCT = randomized controlled trial.
Note that differences in achieving certain P value thresholds (e.g., P , 0.05) for similar study questions do not necessarily indicate disagreement between
studies but, rather, may be a function of different study outcome rates and/or sample sizes. When evaluating “agreement” between studies, it is preferable
to evaluate for similarity in effect estimates and inclusion of effect estimates within confidence intervals of the comparator studies.

during sepsis, whereas RCTs generally
found it inefﬁcacious. Later analyses
determined that the observational studies
were likely confounded by an inability
to measure and analytically account
for patient preferences to limit lifesupporting interventions, which acted as
confounders because they were common,
associated with mortality, and produced
a low likelihood of receiving activated
protein C (35).
Selection bias. Selection bias in RCTs
may occur if the study personnel inﬂuence
the distribution of study interventions on
the basis of perceived needs or if the
participants in one study arm are more
likely to be lost to follow-up than in another.
A common cause of selection bias in
observational studies occurs when studying
the effectiveness of a treatment as
compared with receipt of no treatment
(i.e., confounding by indication). For
Pulmonary Perspective

example, if one was studying the
effectiveness of a medication to treat COPD,
one might use a database to identify groups
of people with COPD who were and were
not taking the medication and then
determine how their outcomes differ.
However, people are not usually started on
medications unless they are sick, so the
group receiving the medication is likely to be
sicker than the one not receiving the
medication and, thus, have worse health
outcomes.
Prevalent user bias is related to prior
use of the intervention of interest. Prevalent

users have used the treatment being studied
before the start of the study and are enrolled
based on their adherence to the treatment.
The fact that they have been using the
treatment before study enrollment suggests
that prevalent users have tolerated it and are
more likely to be “healthy users” who have
not developed adverse effects or outcomes.

Inclusion of prevalent users generally biases
results toward positive effects of the
treatment under study. Observational
studies including prevalent users are not
comparable with most RCTs, in which
follow-up starts at the beginning of
treatment for all participants (36). For
example, observational studies of statins
and aspirin during critical illness may
have been subject to prevalent user bias
(34). As another example, reanalysis
of observational studies of hormone
replacement excluding prevalent users (and
accounting for heterogeneity in treatment
effects due to time from menopause)
harmonized previously discrepant results
between RCTs and observational studies
(37). Including only new users of a
treatment, which can be done in both
observational studies and RCTs, allows
detection of early adverse events and
mitigates prevalent user bias.
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Immortal person-time bias. In contrast
to prevalent user bias, immortal person-time
results from treatments started after the
study begins. Take the example of a study
that intends to compare death in patients
who do and do not start a treatment after
a hospitalization. If all patients in the
treatment group are considered treated from
the time they leave the hospital, but in fact
they start treatment days or weeks after the
hospitalization, they are essentially
“immortal” for the time between the
discharge and treatment start dates.
Immortal person-time always favors the
treatment of interest (38). There are many
methods that can account for this common
bias (39).
External validity. RCTs often use
strict enrollment criteria to improve the
likelihood of identifying efﬁcacious
interventions (40). Previous work has well
documented how little RCT populations
resemble real-world populations. For
example, patients are often diagnosed with
COPD in the real world without the use of
spirometry, which differs from the situation
in RCTs, where study participants have
spirometry-conﬁrmed COPD (41). This
leads to a situation where some people
who report being diagnosed with COPD by
their physician do not have true airﬂow
obstruction; thus, they differ from those
evaluated in RCTs (42). As another
example, observational studies may show
lack of effectiveness and discrepant results
to RCTs if there are differences in
implementation of an intervention (e.g.,
poor ﬁdelity to treatment algorithms),
as shown by comparisons of studies
investigating the effects of procalcitonin
testing on antibiotic use in real-world
and RCT settings (43–45). Enrolling study
participants within narrow inclusion
criteria in tightly controlled RCTs also
may result in an increased risk of adverse
events when the results are applied to
frailer patients in real-world clinical
practice (46). Long-term observational
studies conducted outside of a trial
setting may be better able to detect adverse
effects.
Pairing RCTs and observational studies
provides an opportunity to learn about
treatment efﬁcacy (47, 48) and effectiveness
by comparing RCTs and observational
studies, as well as rare side effects and
problems with implementation. This allows
for a more complete evaluation of
interventions in the real world.
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Maximizing the Quality of
Observational Studies
What Are Some Methods Used to
Strengthen the Internal Validity of an
Observational Study?

Observational studies tend to have weaker
internal validity than RCTs, generally
related to confounding. Several strategies
can be used to reduce confounding, and
often more than one is used.
Confounding can be attenuated
through proﬁcient study design. For
example, an observational study designed to
look at unexpected outcomes minimizes
confounding, because such outcomes are
less likely to be associated with indications
for treatment, severity of illness, and/or
cointerventions. Likewise, studies that
compare two interventions with similar
indications (i.e., an active-comparator
design) minimize confounding from
selection bias, indication for treatment,
prevalent users, and immortal time more
than studies that compare an intervention to
no intervention. For example, comparison
of dopamine and norepinephrine in septic
shock resulted in similar estimates of
mortality between observational (RR, 1.09;
95% CI, 0.81–1.41) and RCTs (RR, 1.12;
95% CI, 1.01–1.20), with the observational
study further enabling comparison of effects
across clinically important subgroups not
evaluated in RCTs (49, 50).
Restriction refers to restricting the
comparator populations so that they are
similar. For example, a study could focus
on only hospitalized patients with COPD,
increasing likelihood that the disease
severity is similar in treatment and
control groups. The limitation of this
approach is that treatment effectiveness is
only determined in people with severe
disease, with generalizability problems
similar to those encountered in some RCTs.
A better design is to explore effect estimates
across differing degrees of cohort restriction.
Matching involves pairing people
between two comparison groups who have
similar characteristics (51). Observational
studies often match by age and sex but may
also match by severity of disease and other
factors. Matching can be one to one, one to
two, or greater, depending on how many
are in each group and how similar they are.
Stratiﬁcation involves dividing the
study population into strata on the basis of
characteristics that have the potential to

cause confounding and then conducting
analyses in each stratum separately. For
example, an investigator may include people
with mild disease in one stratum, moderate
disease in a second, and severe disease in a
third. If results are consistent across strata, it
indicates that disease severity did not likely
alter treatment effectiveness.
Standardization or simple adjustment
involves adding covariate-speciﬁc risk in
the reference (i.e., unexposed) population to
the covariate distribution in the study
(i.e., exposed) population, yielding the
expected risk in the study population if
it had been unexposed. The exposed
and unexposed groups then become
independent of the confounder and
comparable (52). Consider an example in
which death is the outcome. If the agespeciﬁc mortality rates for a population of
interest are known, they can be used to
create a standard population that is used to
compare age-adjusted mortality rates.
Multivariable adjustment or outcome
regression is a statistical approach where
one can theoretically look at the relationship
of an exposure and a continuous, binary,
or a time-to-event outcome. Unlike
stratiﬁcation, however, it allows
simultaneously accounting for the effects of
more than one confounding factor. The
number of people with a study outcome
often limits the number of variables that
one can account for in a multivariable
regression, with a rule of thumb that one
confounding variable can be considered
for every 10 people with an outcome.
Propensity score analysis is statistical
technique that addresses some
shortcomings of the multivariate
adjustment method, particularly when there
are many potential confounders and/or
exposed and unexposed individuals are very
different (53). A propensity score is the
probability that an individual will be
exposed (or will be allocated to a treatment
group) based on his/her baseline
characteristics (54). It can be used to
adjust for confounders in several ways,
including propensity score–adjustment,
–stratiﬁcation, or –matching (55). Each of
these methods essentially creates groups of
individuals that are balanced on the
characteristics used to calculate the
propensity scores that can then be
compared.
Robins’ generalized methods (i.e., g
methods) are a family of statistical techniques
developed to address time-dependent
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confounding in the presence of timevarying exposures (56). Time-dependent
confounding occurs in longitudinal studies
when factors that affect an outcome and an
exposure are themselves affected by a
previous exposure. For example, let us
assume that we are interested in comparing
the effects of two antihypertensive
medications in patients with COPD on
cardiovascular outcomes, where
individuals’ characteristics, blood pressure,
and medication use are recorded
longitudinally over several visits. A high
blood pressure, recorded at a given visit,
increases the risk of a cardiovascular
adverse outcome and also creates an
indication for antihypertensive use. This
results in blood pressure confounding the
association of subsequent antihypertensive
use and the outcome, while at the
same time it is itself affected by prior
antihypertensive use. Because such factors
(i.e., blood pressure level) are on the causal
pathway between prior antihypertensive
medication use and the outcome,
traditional methods of adjusting for
confounding would mask a portion of the
effect of the preceding exposure on
outcomes (57); therefore, none of the
standard methods of adjustment for
baseline confounding (e.g., restriction,
matching, stratiﬁcation, or regression
adjustment in a linear, logistic, or Cox
hazard model) can be used. G-methods
include g-formula, marginal structural
models that are estimated through inverse
probability weighting of exposure or
censoring, and structural nested models
that are estimated by g-estimation
technique (57). G-estimation was
previously implemented to mitigate
confounding by indication by including
factors that predicted treatment initiation (58).
Are There Any Methods to
Strengthen the Internal Validity
of an Observational Study if
the Confounders Are Unknown or
Cannot Be Measured?

All the methods above address confounding
when confounders can be measured. If
confounders are unknown or cannot be
measured, other approaches can be used to
balanced exposure and control groups on
measured and presumably also unmeasured
variables.
An instrumental variable is a variable
that, by design, correlates with the exposure
but not with the outcome of interest (59).
Pulmonary Perspective

Dividing the study population by this
variable creates groups that differ with
respect to exposure, but not necessarily
outcome, and, without the usual selection
pressures, are presumably balanced on all
other variables. In other words, if the
outcome differs between the groups it is
likely as a result of the exposure. For
example, in a study of elderly patients
hospitalized with an acute myocardial
infarction, regional catheterization rate was
the instrumental variable used to determine
how cardiac catheterization impacted
mortality (60). Instrumental variables
are useful to counter confounding by
indication (61).
Regression discontinuity design is used
to estimate the effects of treatments on
outcomes when treatments are initiated
based on the threshold of a continuous
variable (62, 63). For example, a postbronchodilator FEV1/FVC ratio of 0.70 is
often used to conﬁrm COPD and initiate
therapy. In regression discontinuity
designs, patients are quasi-randomized by
the noise in this continuous variable—
patients with a ratio of 0.69 likely do not
differ from those with a ratio of 0.70, but
they are more likely to be treated. Thus, it
is most likely treatment and not patient
characteristics that inﬂuence outcomes in
patients with FEV1/FVC ratio around the
0.70 threshold. This approach to reduce
unmeasured confounding may also be used
to evaluate health policy or health services
interventions. For example, novel policies
can be implemented on a threshold of a
continuous risk score and studied using
regression discontinuity designs (63). Time
can be used as a continuous threshold on
which to study an intervention, whereas
interrupted time series designs (64) and
difference-in-difference approaches (65)
can be used to study new health services
interventions by controlling for the
confounding effects of secular trends.
Are There Ways to Explore Whether
or Not Unmeasured Confounding
Accounts for Results?

Sensitivity analyses may be used to
determine how robust ﬁndings are to
different methods of analysis or to the
presence of unmeasured cofounding. One
commonly used sensitivity analysis
quantiﬁes the extent of unmeasured
confounding that would invalidate an
observed association. It creates a
hypothetical confounding variable that has

sufﬁcient strength and prevalence to explain
away the results. A healthcare provider,
using his or her clinical knowledge, can then
judge the likelihood such a variable exists
(and is not already controlled for). This
approach has been formalized in a measure
called the E-value (66–68).
Another sensitivity analysis to assess
for unmeasured confounding examines the
association between the intervention and
a tracer condition. This is a condition
associated with potential confounders but,
by design, not the intervention of interest. If
an association is found, it suggests that
unmeasured confounding is present. For
example, in a study comparing two COPD
medications, if there were more upper
gastrointestinal bleeds (a condition not
likely to be associated with COPD
medication use) in one group than the other
group after adjustment for all covariates, it
would suggest one group was more frail than
the other and prone to poor health
outcomes, including those related to COPD.
Are There Any Other Uses for
Sensitivity Analyses?

Sensitivity analyses are also useful for
detecting measurement error or
misclassiﬁcation. Observational studies
often use secondary data sources (i.e., data
not collected for research but reasons such
as billing or healthcare delivery), where
recorded services may not fully represent
diseases or the treatments or exposures
received by patients. For example, people
identiﬁed as having COPD using health
administrative data may not have received
spirometry, because a large proportion of
real-world patients do not (41). To address
uncertainty, an imperfect COPD indicator,
such as “physician-diagnosed COPD” (69),
may be used.
When one uses an alternative to a gold
standard measure, its accuracy should be
established through a validation study (70).
Poor correlation to the gold standard,
however, does not necessarily negate its
value if it is something that is of value to
patients, physicians, and decision-makers.
Rather, differences should be clearly
delineated so that readers can evaluate its
value. Indeed, the real-world nature of a
secondary data source measure can be a
strength, depending on the research
question; in our example, a large
proportion of people with physiciandiagnosed COPD do not receive
spirometry, yet they still contribute
863
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signiﬁcantly to disease burden, take
medications, get admitted to the hospital,
and so on, which reﬂects real-world
circumstances.
When differences between an alternate
measure and a gold standard exist or a
relevant validation study has not been done,
uncertainty can be explored through a
sensitivity analysis. For example, one could
determine the hypothetical degree of
misclassiﬁcation that would have to occur
(i.e., between diagnoses of COPD and
asthma) to explain away the results found in
a study (71). Then one could turn to other
data or clinical experience to judge whether
this seems likely. There are many
approaches to sensitivity analysis for
misclassiﬁcation bias, including sensitivityspeciﬁcity imputation, positive and negative
predictive values direct imputation, and
probabilistic bias analysis by Monte Carlo
or Bayesian analysis (72).
How Do You Assess the Quality of an
Observational Study?

Various instruments have been developed
to help consumers of medical literature
identify high-quality observational studies,
including the Risk of Bias in Nonrandomized Studies—of Interventions
(ROBINS-I) (73), Good Research for
Comparative Effectiveness (GRACE) (74),
and Methodological Evaluation of
Observational Research (MORE) (75)
assessment tools. The ROBINS-I tool is a
representative instrument that evaluates
seven types of risk of bias that may occur
within observational studies, including: 1)
bias due to confounders, 2) selection bias
(selection of subjects who are different from
those whom the investigators want to
study), 3) classiﬁcation bias (due to
misclassiﬁcation), 4) bias due to deviation
from the intended interventions, 5) bias due
to missing data, 6) bias due to outcome
measurement (assessors are aware of the
intervention status, different methods are
used to measure outcomes in different
groups), and 7) reporting bias (selective
reporting of outcomes).

same questions. The answer is “no” if they
included different populations, used
different interventions, made different
comparisons, or measured different
outcomes. Second, the clinician should
look at the quality and internal validity
of each and determine if any biases are
present. In addition to recommendations
in this manuscript (Table 1), tools to
assess methodological quality and bias
can help (73–75). With thoughtful
consideration of study details, clinicians can
make informed decisions about whether
and how to incorporate study ﬁndings into
patient care.

of pulmonary and critical care
interventions that show similar treatment
effects regardless of study design
include beneﬁts of dual inhaled
corticosteroid/long-acting bronchodilators
to reduce asthma exacerbations (76, 77),
noninvasive ventilation to reduce morality
in acute hypercarbic respiratory failure
(8), and hypothermia for improved
outcomes of out-of-hospital cardiac
arrest (78).

When Results of Observational
Studies and RCTs Agree

Standards for the development of clinical
practice guidelines, established by the
Institute of Medicine (79), state that every
question in a guideline requires a full
systematic review of evidence to inform
recommendations. However, adhering
to these standards is time consuming
and burdensome (79–81). In response,
many organizations prioritize RCTs,
which, if identiﬁed, cease the search for
observational evidence. The effect is
to bias guideline recommendations in
favor of interventions that are efﬁcacious,

Although much of our discussion has
focused on what we can learn from
discordant observational studies and
RCTs, concordant results are also
important. Concordance demonstrates
that treatments are efﬁcacious (or not)
in controlled experiments and effective
(or not) in the messiness of routine
clinical practice. We propose that such
concordance represents the best
evidence (Figure 2). Some examples

Evidence Synthesis and
Guideline Development

Both randomized trials and
observational studies exist
with consistent findings

Meta-analysis:
Randomized trials or
observational studies

Randomized trials or
observational studies

Case series or
case reports

How Do You Decide Which
Studies to Believe?
When Results of Observational
Studies and RCTs Disagree

First, the clinician should ask whether the
RCTs and observational studies asked the
864

Nonsystematic clinical
observations

Figure 2. Proposed new hierarchy of evidence.
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regardless of whether they have proven
effective. This well-intentioned pragmatic
approach may result in erroneous or no
recommendations being made when
RCTs and observational studies disagree
and when high-quality observational
evidence is overlooked. Guideline
developers should appraise all relevant
evidence and use the best-quality studies,
whether randomized or observational,
ideally using both to inform their
recommendations.

Conclusions
Observational studies should be
considered complementary, rather
than inferior, to RCTs. High-quality
observational studies provide valid estimates
of exposure/treatment effects and may be
more generalizable. Similarly, high-quality
RCTs provide unbiased estimates of
treatment effects but are often less
generalizable. These trade-offs are not
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