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Randomized controlled trials (RCTs) are the
gold-standard approach for evaluating the
risks, benefits, and comparative effectiveness
of critical care interventions. However,
RCT-level evidence evaluating many
intensive care therapies is scarce (1–4).
Characteristics inherent to critical care
imbue unique challenges to RCTs, including
time-sensitive eligibility windows, the
complexity of interventions and baseline
critical care, and real or perceived ethical
concerns over withholding potentially
lifesaving therapy from critically ill patients.
Even when theoretically feasible, RCTs can
be slow or prohibitively expensive—
constraints that are often compounded
when evaluating treatment effects among
subgroups or measuring rare outcomes.
In these cases, analyses of existing
observational data may provide rapid,
actionable information at substantially
lower cost. The increasing availability of “big
data” in health care combined with
contemporary computational and analytic

advances has enabled a proliferation of
observational research using electronic
health records (5). Yet, it has also prompted
acrimonious debates about the role that
observational research should play in the
assessment of treatment effects (6).

Critics of observational causal inference
studies often cite their lack of random
treatment assignment as predisposing to
confounded effect estimates (6, 7). Careful
specification of causal pathways, measurement
of and adjustment for relevant confounders,
and attention to the role of unmeasured
confounding are paramount in addressing bias
arising from a lack of randomization (8, 9).
While analytic methods like regression
adjustment and propensity scorematching are
commonly used to adjust for confounding,
other fundamental flaws in the design of
observational causal inference studies are often
ignored (10, 11). One important error is the

failure to synchronize time anchors that
determine eligibility, treatment assignment,
and the start of follow-up (12–14). In an
observational study, the timing of eligibility
refers to the point at which a participant meets
criteria to be included in the study. This
includes any criteria necessary for inclusion in
an observational registry or dataset (e.g.,
intensive care unit transfer, endotracheal
intubation, pulmonary hypertension
diagnosis, etc.). The timing of treatment
assignment refers to the point at which a
patient is “assigned” (nonrandomly in most
observational studies) to a treatment or
treatment strategy. This might be the point at
which a physician selects an induction agent at
intubation, orders a certain vasopressor to
treat shock, or initiates corticosteroid therapy
for acute exacerbation of idiopathic
pulmonary fibrosis. Finally, the beginning of
follow-up marks the point at which a patient’s
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Figure 1. Synchronization of eligibility and treatment group determination with start of follow-up
(as in randomized controlled trial). A = treatment assignment; E = eligibility determination; t0 = start of
follow-up.
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outcome would be counted in the study
and attributed to the patient’s specific
treatment strategy. In randomized
controlled trials and properly conducted
observational studies, the timing of eligibility
assessment, treatment assignment, and start of
follow-up are synchronized (Figure 1), or
differences are explicitly addressed in the
analysis.

To aid both readers and practitioners of
observational research, we present three
common misapplications of these time
points in pulmonary and critical care
research together with the biases they
introduce. We then describe a design
framework to overcome biases owing to
discrepant time points.

Scenario 1: Treatment
Assignment Placed after
Eligibility Assessment and
Start of Follow-Up

First, treatment assignment may occur after
eligibility and the start of follow-up
(Figure 2). Consider an observational study
evaluating whether empiric anticoagulation
improves mortality among patients
hospitalized with coronavirus disease

(COVID-19) pneumonia. In this example,
patients enter the cohort at the time of
hospital admission and are assigned to the
treatment group if they received empiric
anticoagulation during the hospitalization,
which may not occur until days later.
By design, patients included in the
“anticoagulation” group cannot die during
the period between admission and treatment
assignment (because assignment occurs at
the initiation of anticoagulation). As a result,
deaths during this time can only be
attributed to patients in the “no
anticoagulation” group. Failing to either
align assignment of anticoagulation with
start of follow-up or to account for the time-
varying nature of treatment leads to
immortal time. When immortal time
observed in the anticoagulation group
is not addressed by the analysis, the
resulting bias introduces a spurious
survival advantage. This scenario cannot
arise in an intention-to-treat analysis
of a corresponding RCT, in which
treatment assignment is made at the
time of enrollment and patients are
analyzed in the groups to which they are
randomized.

Scenario 2: Eligibility Occurs
after Treatment Assignment
and Start of Follow-Up

Second, eligibility may be determined by
characteristics occurring after treatment
assignment and the start of follow-up
(Figure 3). Consider a retrospective study
evaluating whether early versus delayed
antibiotics in the emergency department
improve mortality from culture-positive
sepsis. Outcome ascertainment and follow-
up might begin at emergency department
arrival with treatment assignment (early or
delayed antibiotics) occurring soon after.
Culture-based eligibility, however, would
not occur until one or more days later.
Observational studies that establish
eligibility using post-treatment factors such
as culture results or discharge diagnoses
commit several errors that introduce
potential bias. First, because RCT eligibility
criteria can only include information
available to investigators at the time of
prospective enrollment, observational
studies that use “posterior” eligibility
determination are susceptible to selection
bias, and results are unlikely to replicate
RCTs examining related questions. More
importantly, they fail to address actionable
clinical questions (because post-treatment
data is not available to clinicians making
decisions on whether to treat at the bedside).
Finally, by basing eligibility on downstream
factors that might themselves be affected by
treatment, they risk arriving at incorrect
estimates of treatment efficacy.

Scenario 3: Follow-Up
Begins after Eligibility and
Treatment Assignment

Third, the start of follow-up might begin
after both eligibility and treatment
assignment (Figure 4). Consider a registry-
based study evaluating the effectiveness of
b-blockers in reducing acute exacerbation of
chronic obstructive pulmonary disease
(COPD). Patients with COPD are
“assigned” to b-blocker treatment
nonrandomly by a clinician’s decision and
then later enroll in a registry. Follow-up and
outcome ascertainment begin at registry
enrollment when a study team member
begins tracking the patient’s clinical
trajectory. Including patients who have
already received treatment (“prevalent
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Figure 2. Eligibility synchronized with start of follow-up, but treatment group assignment occurs after.
A = treatment assignment; E = eligibility determination; t0 = start of follow-up.
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Figure 3. Eligibility and treatment group assignment both determined after start of follow-up.
A= treatment assignment; E = eligibility determination; t0 = start of follow-up.
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users”) risks introducing selection bias. If,
for example, the true effect of b-blockers is
early harm, patients who receive b-blockers
and die before registry inclusion will not
have their outcomes counted. Results from
this study will therefore be biased in favor of
b-blockers because those patients surviving
to registry enrollment and thus appearing in
the study cohort will have demonstrated
tolerance to the treatment.

A Modern Epidemiologic
Strategy for Eliminating
Bias owing to Misaligned
Time Anchors

Observational causal inference research
methods will continue to play a role in
guiding clinical decisions in critical care
when randomized trial results are not
available or feasible. Our confidence in these
data depends on the degree to which such
studies produce accurate conclusions
comparable to those from RCTs. Control of
confounding (and attention to unmeasured
confounding) is paramount to achieving
such comparability. However, even
well-controlled studies are vulnerable to bias
when the design flaws described above are
not explicitly mitigated or avoided. One
strategy for mitigating the threats described
above is by designing the observational
analysis to explicitly emulate a
(hypothetical) pragmatic target trial. This
intuitive technique, termed target trial

emulation, is a modern epidemiological
approach that reduces the likelihood of bias
stemming from such design problems (15).
In target trial emulation, investigators
begin by specifying characteristics of the
hypothetical clinical trial they are seeking
to replicate using observational data.
Target trial emulation begins with a well-
defined research question (e.g., “among
eligible patients, what is the effect of
treatment A versus treatment B on
mortality?”). Importantly, reliably captured
time-stamped data is helpful for ensuring
that time anchors closely align to mirror a
randomized trial. Investigators then select
eligibility criteria for the target trial using
baseline data only, which ensures that
eligibility specification is aligned with the
start of follow-up as would occur in the
RCT and limits selection bias. Often,
specification of an eligibility grace period—
a time period after eligibility during which
treatment initiation can happen—is
necessary to reflect clinical practice.
Analytical techniques (e.g., cloning,
weighting, or time-dependent censoring)
are used to account for this grace period
without introducing immortal time bias. In
addition to providing a framework to aid
synchronization of time anchors in
observational research, the target trial
emulation approach includes specification
of other aspects of study design and
analysis (e.g., outcomes, treatment
strategies, follow-up, and causal contrasts)

that help reduce bias and improve the
interpretability of observational
comparative effectiveness research.
Indeed, Admon and colleagues
demonstrated that applying target trial
emulation to existing observational data
produced results similar to those of a
randomized trial regarding the effects of
positive-pressure ventilation during
tracheal intubation on oxygen saturation
and severe hypoxemia (16).

Standard use of design tools such as the
Comparative Effectiveness Research Based
on Observational Data to Emulate a Target
Trial tool (17) together with reporting
guides such as the Strengthening the
Reporting of Observational Studies in
Epidemiology (18) are also important to
ensure transparency and complete reporting
of authors’ handling of time anchors in
observational designs. Prospective
registration of observational comparative
effectiveness studies should also be
considered routine practice.

Conclusions

Given the challenges of conducting
informative RCTs in critical care,
observational data is an important source of
evidence to guide clinical decisions.
Observational researchers have begun to
develop standardized methodology and
reporting guidelines guided by causal
inference principles that prioritize control of
confounding. However, underrecognized
errors in the synchronization of time points
that determine eligibility, treatment
assignment, and the start of follow-up
commonly afflict observational analyses.
Together with careful control of
confounding, recognition of these errors
and explicit efforts to avoid them will
improve the quality and comparability of
observational research. n

Author disclosures are available with the text
of this article at www.atsjournals.org.
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