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Abstract

Observational studies are necessary to provide evidence to inform decision-making in the
absence of a relevant randomised trial. Although commonly criticised for potential problems
due to confounding bias, design-related biases in observational studies are often overlooked
yet highly prevalent. Design-related biases occur due to decisions made by researchers
during analyses of observational data. Common design-related biases include bias related to
selection and treatment misclassification, resulting from misalignment of eligibility
ascertainment, treatment strategy assignment, and start of follow-up. Conceptualising the
analysis of observational data to identify the causal effects of interventions as an attempt to
explicitly emulate a target trial can help avoid design-related biases, so that investigators can
instead and focus on data-related biases (e.g., confounding, measurement error) not directly
addressed by the framework. Target trial emulation may also help readers appraise an
observational study when transparently reported. This article aims to help readers of
observational studies identify, and investigators avoid, design-related biases to support the

use of observational evidence to inform clinical and policy decision-making.
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Standfirst
Design-related biases are common in observational studies investigating comparative
effectiveness of interventions; this manuscript outlines how to identify them and how target

trial emulation can help to avoid these biases.

Background

Randomised trials are the preferred approach to estimate the causal effects of medical
interventions.[1,2] However, it is often not feasible to conduct randomised trials to
investigate the long-term safety and effectiveness of interventions,[3] identify specific groups
who benefit (or are harmed) most from interventions,[4] or to provide evidence when timely
information is needed for decision making.[5] Routinely collected, observational data (e.g., in
the form of electronic health records and claims data) have become increasingly available for
research[6] and are frequently used to inform decision-making where randomised trials are
not available.[7,8] Because of the ability to complement evidence from randomised trials,
regulators such as the European Medicines Agency are reviewing the use of observational
data to inform regulatory decision-making around the safety and effectiveness of
medicines.[9] Despite the necessity of using observational data to inform health decision-
making in the absence of a relevant randomised trial, there are clear challenges in drawing

valid causal inferences from observational data.[10]
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Clinicians and policy makers are often hesitant to rely on evidence from observational
studies due to concerns of confounding bias due to the lack of randomisation.[10,11]
However, design-related biases[12] can explain discrepancies between findings in
observational data and randomised trials, even more so than confounding.[13-17] These
biases are introduced when observational studies are designed in a manner which deviates
from the design principles of a randomised trial.[18] For example, well-designed randomised
trials will follow participants from the time of randomisation (treatment strategy assignment)
immediately after meeting eligibility criteria. In observational studies of longitudinal data,
the timing of eligibility, treatment assignment and start of follow-up are not naturally
aligned, and analysts must therefore define these timepoints retrospectively. The choice of
these timepoints is where errors commonly occur.[13,19] In a cross-sectional study of 200
observational studies of drug interventions,[20] Yaacoub et al., highlighted that over 75% of
studies were subject to at least one avoidable design-related bias related to the timing of

eligibility ascertainment, treatment strategy assignment, and start of follow-up.

It is critical that readers and investigators alike can identify and avoid these often-overlooked
design-related biases to maximise the usefulness of observational data for decision-making.
This Research, Methods and Reporting article aims to provide a detailed outline of how
design-related biases may occur and how target trial emulation can help avoid these biases,

with reference to the growing literature on this topic in health and medical
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research.[12,13,17,21-27,27-33] Key terms used in this article are defined in Box 1, with

references to articles with more detail.

Box 1: Key terms

Term

Definition

Target trial

The hypothetical randomised trial that would be conducted to
answer the question of interest, with respect to the variables

available in the observational data.[22]

Target trial emulation

The process of mapping the analysis of observational data to the
components of the target trial (eligibility criteria, treatment
strategies, assignment procedures, follow-up, outcomes, causal
contrast, data analysis plan) with specification of the assumptions

necessary for causal inference.[22]

Time zero

The time at which follow-up begins, which should align with the
time of eligibility ascertainment and treatment strategy

assignment.[12]

Design-related bias

Biases introduce by investigator decisions about the design of an
observational study, often occurring when investigators deviate

from the design principles of a randomised trial.[13]
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Selection bias

The systematic inclusion or exclusion of individuals into an

analysis resulting in a biased treatment effect estimate.[23]

Misclassification of

treatment assignment

Errors when classifying individuals into a treatment strategy
caused by the use of information that emerges after the
beginning of follow-up to assign individuals to a treatment
strategy. This often occurs when baseline information alone is

insufficient to classify individuals into a treatment strategy.[23]

Clone-censor-weight

An analytic approach where the study dataset is replicated
(cloned) and replicates (clones) are assigned to each treatment
strategy with which their data are compatible with at baseline
and censored when they deviate from their assigned strategy, and
inverse probability of censoring weights are applied to overcome
biases introduced by the censoring. This approach is used to
handle scenarios in which baseline information alone is
insufficient to classify individuals into a treatment

strategy.[30,32]

Sequential trial

emulation

An analytic approach where a series of hypothetical target trials
are conceptualised and emulated where individuals who are
eligible at multiple times are included at each time of eligibility.

This approach is used to handle scenarios where individuals may
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meet the eligibility criteria at multiple times over follow-up and
is more statistically efficient than selecting only one of those

times as time zero.[34]

Identifying common design-related biases in observational studies

Deviation from the design principles of a randomised trial in an observational study will
often introduce biases that occur primarily due to the misalignment of ‘time-zero’ — that is,
the time of eligibility ascertainment, treatment strategy assignment, and start of follow-
up.[23] For example, selection bias can be introduced when prevalent users of the
treatment(s) are included in an analysis,[35] and immortal time may appear when a)
eligibility criteria are ascertained using information that emerges after the start of follow-up,
or b) information that emerges after baseline is used to classify individuals into a treatment
strategy.[20,36,37] In addition to the design-related biases highlighted in the following
sections, we note that other biases such as confounding may also be present and require

appropriate data and analytic approaches to address.[38]

Prevalent user bias
Studies that include prevalent users of treatment are prone to selection bias (sometimes
referred to as ‘prevalent-user’ bias, or ‘depletion of susceptibles’).[37,39] This bias arises

when the ‘treated’ group includes individuals who had been taking treatment for some time
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before the start of follow-up and who remained alive and event-free until the start of follow-
up (Figure 1). This results in a systematic ‘depletion of susceptibles’ in the ‘treated’ group,
which may therefore appear safer or more effective.

Treatment group
classification

Untreated

Treated
Treated
??

Depletion of

Untreated
ro————X ??

Untreated

susceptibles

Treated

-

End of
follow-up

Start of
database

Start of
follow-up

Figure 1: Graphical depiction of prevalent user bias. Green lines indicate treatment, dotted
lines indicate no treatment. Red crosses depict people who died, experienced the outcome of
interest, or were lost to follow-up. The yellow line indicates the start of follow up (time
zero). Depletion of susceptibles occurs when individuals who experience outcomes during
treatment prior to the start of follow-up are systematically excluded. Figure adapted from Fu

et al., 2021, licensed under CC-BY-NC 4.0.[21]

Immortal time
Immortal time refers to a period of time included in the analysis where individuals cannot

experience the outcome of interest due to choices about the study design.[12,26,40] In a
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randomised trial, all outcomes that occur after eligibility ascertainment, treatment strategy
assignment, and the start of follow-up are attributed to the appropriate treatment strategy.
However, in observational analyses, when information that is ascertained after the start of
follow up is used to inform eligibility (or classification into treatment strategies), immortal
time may be introduced. Below are examples of specific design decisions that can introduce

immortal time.

Using information emerging after treatment assignment to define eligibility (selection bias)

Using information that emerges after treatment assignment (e.g., adherence to treatment
strategy, duration of treatment use, providing follow-up data) to define the eligibility criteria
induces selection bias when the analysis starts the follow-up at treatment assignment. In a
study investigating the effect of unilateral total knee replacement compared to staged
bilateral total knee replacement for the outcome of functional impairment, investigators only
included participants who provided follow-up data at 12 months post-surgery.[27] This
decision will result in a biased treatment effect estimate if response rates differ based on the
intervention and if there are common causes of response and the outcome of interest (e.g.,
persistent pain). In general, if information measured after treatment strategy assignment and
the start of follow-up is used to determine eligibility, the treatment differentially influences
those eligibility criteria, and there are common causes of the eligibility criteria and the

outcome, then the treatment effect can be biased (Figure 2).[20] In a well-designed and
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executed randomised trial, the time of eligibility ascertainment is anchored to the time of

treatment strategy assignment (randomisation) and the start of follow-up, avoiding this issue

N=9
included
Unilateral
TKR (n=10) 12 months
Dropout
Dropout Dropout Dropout Dropout Dropout
TKR one TKR two
oftwo — oftwo —— 12 months
(n=10) (n=10)
N=5
included

Figure 2: Immortal time due to selection bias. This can arise when eligibility criteria (e.g., 12-
month follow-up response) are applied after treatment assignment (e.g., unilateral vs.
bilateral total knee replacement [TKR]) and the start of follow-up, thereby creating a period
of immortal time between baseline and eligibility ascertainment where the outcome cannot
occur for included individuals. Whilst not the focus, this example also includes bias due to

treatment misclassification (see errors in classifying individuals into treatment strategies).

Errors in classifying individuals into treatment strategies (misclassification bias)

Immortal time can also arise when individuals are classified into a treatment strategy that

differs from the one they should have been assigned to. This often occurs when treatment
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strategies under comparison cannot be distinguished at time zero. In a study that compared
surgery to no surgery for lung cancer in the elderly, it was necessary to have a grace period
of 6 months to allow individuals time from their diagnosis to receive surgery, as surgery
often does not occur immediately after diagnosis.[28] Using only information at cancer
diagnosis, it is unclear to which treatment strategy individuals should be classified as their
data at baseline may be compatible with both strategies (surgery within 6 months or no
surgery). If investigators look forward’ and classify individuals who undergo surgery within
6 months to the surgery strategy, all individuals in that strategy would have survived until
their surgery. Therefore, in this scenario, events (e.g., death) that occur before surgery will
be attributed to the no surgery strategy. This may result in up to 6 months of immortal time
for participants classified to the surgery strategy (Figure 3B).[28] In a randomised trial,
participants would be allocated prospectively to either strategy and events are attributed to
the strategy assigned at baseline, avoiding this bias. To avoid introducing immortal time,
analysts of observational data can use approaches which overcome the lack of knowledge on
what treatment strategy individuals were intended to be allocated, without using

information that is measured after baseline.
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Figure 3: Immortal time due to misclassification of treatment assignment. This can arise
when treatment strategies (e.g., surgery within 6 months or no surgery) are assigned using
information after the start of follow up (e.g., cancer diagnosis), which can result in events
being misattributed to one of the treatment groups (e.g., above, early deaths marked by blue

arrows are misattributed to the no surgery strategy).

Avoiding design-related biases with target trial emulation

Carefully mapping the analysis of an observational study to the framework of a randomised
trial that would answer the question of interest, known as target trial emulation, can help
investigators avoid design-related biases.[22,41,42] To emulate a target trial there are two
steps. The first step is to design the hypothetical pragmatic trial — the target trial — that a)
would answer the question of interest and b) uses only variables that are available in the
observational data source (i.e., the target trial is able to be emulated with the available

data).[22] The target trial can be considered a detailed description of the causal question (or
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estimand) that is being targeted.[22] The critical components to be considered when
specifying the target trial are: eligibility criteria, treatment strategies, treatment assignment,
outcomes, follow-up, and causal contrasts of interest (e.g., intention to treat effect), as well as
any identifying assumptions and the data analysis plan.[14,22] After the target trial is
specified, the second step is to map the components of the target trial to the observational
data (i.e., emulate the target trial) and apply appropriate analytic techniques to adjust for
confounding.[25,43,44] There may be instances where data on all variables needed to
emulate the target trial are not available; however, still specifying the target trial can help

readers understand these limitations.[45]

There are several approaches under the target trial framework to help investigators avoid
inducing design-biases common in observational studies, such as to avoid inclusion of
individuals already taking treatment at baseline and to avoid the use of information that is

available after baseline to assign individuals to treatment strategies or to define eligibility.

Avoiding prevalent user bias

Prevalent user bias can be avoided by applying eligibility criteria in the target trial that
restricts entry into the hypothetical trial to individuals who have not used the treatment for
a defined period. This same criterion must be applied in the analysis of the observational data
(emulation) and is often implemented using a ‘look-back’ period where individuals cannot

have used the treatment for some defined period prior to baseline (time-zero). Only
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including individuals who are just starting treatment has also been termed a new- or
incident-user design in pharmacoepidemiology.[46] There are also occasions where prevalent
users are of interest, and designs are emerging to handle the depletion of susceptibles

appropriately;[47,48] however, such designs can be challenging to apply and interpret.[49]

An example of prevalent-user bias occurred in observational studies investigating hormone
replacement therapy for the prevention of coronary heart disease.[50,51] Grodstein et al.
(1996) compared women using hormone therapy (prevalent users) to women who did not

use hormone therapy. The observational study suggested a reduced risk of coronary heart

disease among users of hormone therapy compared to non-users,[51] a result that conflicted

with a later randomised trial which showed an increased risk of coronary heart disease for

those assigned to initiate hormone therapy compared to placebo.[52] The same data in
Grodstein et al. (1996) was used by Herndn et al., (2008) although these investigators adhered
more closely to the principles of the randomised trial by comparing initiators to non-

initiators and found a similarly increased risk of coronary heart disease to the trial.[50] In

the original observational study,[51] the inclusion of prevalent users introduced bias as
individuals who were susceptible to adverse events of hormone therapy or who experienced
coronary heart disease were less likely to be included in the study (depletion of susceptibles),
resulting in an underestimation of the true risk of hormone therapy. The comparison

between initiators and non-initiators of treatment better aligns with common clinical
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decisions about whether to start a new treatment or not, and how a randomised trial would

be conducted.[50]

Avoiding immortal time

Immortal time is introduced by selection of individuals based on eligibility criteria defined
after treatment strategy assignment or misclassification of individuals into treatment
strategies based on information available after eligibility ascertainment. These biases do not
exist in well-designed randomised trials where there are negligible gaps between eligibility
ascertainment, treatment strategy assignment, and the start of follow-up. Specifying a target

trial that similarly aligns these features will avoid the introduction of immortal time.[12,34]

Immortal time can have substantial impacts on study results. To illustrate this, Kuehne et al.,
systematically applied different approaches to estimate the effect of LOT2 (a type of
chemotherapy for ovarian cancer), including designs subject to immortal time, to highlight
how the estimates change with design decisions.[17] With the ‘naive’ approach subject to
immortal time, they estimated a hazard ratio of 0.56 (95% CI 0.49 to 0.64). By contrast, when
they emulated the design of an index trial, they estimated a hazard ratio of 1.12 (95% CI 0.96

to 1.28), which was compatible with the results of the trial.[17]

This alignment is straightforward when estimating the effect of receiving an intervention

that occurs at a single timepoint such as a surgery or single-dose vaccine. However, this
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alignment is more complex when estimating the effect of treatment strategies that are
indistinguishable at baseline, such as when the effect of the timing of treatment is of interest
(e.g., start treatment within 6 months of diagnosis or after 6 months). Several strategies have

been developed to handle these situations.[30]

Clone-censor-weight approach

An approach to handle questions where treatment strategies are indistinguishable at time-
zero, in conjunction with the target trial framework, is the clone-censor-weight
approach.[30,32] To implement this, investigators can clone participants, that is, replicate
individuals, and assign replicates to as many treatment strategies as their data are compatible
with at baseline. As a person’s observed treatment pattern becomes incompatible with their
assigned strategy, their follow up in that treatment strategy is artificially stopped or
‘censored’ by the investigator at the time of deviation from their assigned strategy. This
artificial censoring ensures individuals classified into each strategy are only included in
follow-up whilst they are adherent to their assigned treatment strategy. However, if
adherence is differential (non-random) between the treatment strategies, the artificial
censoring may induce selection bias,[53] requiring a third step: weighting. Inverse
probability of censoring weights are estimated and applied to eliminate the selection bias
induced by the artificial censoring.[30,32] For interested readers, Herndn (2018) and Gaber et
al., (2024) provide in depth explanations of how to conduct a clone-censor-weight

analysis.[30,32]
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An example of where the clone-censor-weight approach may be helpful is when comparing
treatment strategies that involve a grace period for initiating treatment (that is, a predefined
time after baseline when treatment can begin and the individual would be considered
adherent to the treatment strategy throughout this period, reflecting delays common in
clinical practice) (Figure 4).[32] Consider the example of comparing receipt of surgery within
6 months of baseline (the grace period) with no surgery over follow-up, among individuals
with lung cancer (Figure 3). Since it is unclear which treatment strategy individuals should
be assigned to at baseline (cancer diagnosis), all individuals who have baseline data
compatible with both treatment strategies (e.g., have not had surgery on the day of cancer
diagnosis) are replicated. Then, as replicates classified at baseline to the no surgery strategy
have surgery over the follow-up, they are censored at that time as their data are no longer
compatible with their strategy assigned at baseline. Similarly, for replicates classified into the
surgery strategy who do not have surgery by the end of the grace period, they are censored at
6 months. Inverse probability of censoring weights are applied throughout the follow-up

period to account for the censoring.
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Figure 4: Illustration of clone-censor-weight approach. Red arrows indicate deviation from
treatment strategies leading to censoring (e.g., when individuals classified to the no surgery
strategy receive surgery, or when individuals classified to the surgery within a certain grace

period strategy do not receive surgery by the end of the grace period).

Applying target trial emulation with cloning, censoring and weighting prevented immortal
time in a recent example by Boyne et al. investigating survival following short or longer

duration of adjuvant chemotherapy for colon cancer.[54] Prior to this study, findings from a



Hansford HJ, Islam N, Lee H, Dickerman BA, Cashin AG. BMJ Medicine. 2026;5:e001280. https://doi.org/10.1136/bmjmed-2024-001280

285

286

287

288

289

290

291

292

293

294

295

296

297

298

299

300

301

302

303

304

randomised trial (the IDEA trial) [55] conflicted with those from observational studies. In
these previous observational studies, information emerging after baseline (achieved duration
of treatment) was used to classify individuals into treatment strategies, leading to immortal
time. Boyne et al. 2021, demonstrated that with the ‘naive’ approach taken in previous
observational studies, estimates suggested that shortener durations of treatment substantially
worsened survival (hazard ratio = 3.33 [95% CI 1.04 to 10.65]).[54] However, when
information emerging after baseline was not used to classify individuals into treatment
strategies, and instead cloning, censoring and weighting was applied, the estimates were
compatible with those from the IDEA trial (emulation hazard ratio = 0.96 [95% CI 0.43 to

2.14], trial hazard ratio = 0.96 [95% CI 0.85 to 1.08]).[54]

Emulating sequential trials

Another approach to avoid immortal time where treatment strategies are not distinguishable
at baseline is reformulating the causal question to make the strategies distinguishable at
baseline.[31] Consider the example outlined previously, comparing receipt of surgery within
6 months of baseline with no surgery over follow-up. Investigators could reformulate the
first strategy as “receipt of surgery at baseline,” that is, without a grace period. Therefore,
individuals who initiate surgery at baseline will be classified into the surgery strategy, and
into the no surgery strategy otherwise. This avoids the introduction of immortal time due to

treatment strategy misclassification; however, whether the new causal question (e.g., without
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grace periods, which may be realistic in many real-world treatment strategies) is still of

interest should be considered.

In principle, using only a single eligible time (e.g., the first, or a random eligible time) would
be an unbiased approach, as it relies only on baseline information to classify individuals into
a treatment strategy.[12,23] However, a large amount of information could be lost, leading to
less precise estimates.[12] A more efficient approach could be to instead emulate a sequence
of nested trials, each initiated at a certain calendar period (e.g., each day, week, or month),
which becomes time zero of a given nested trial.[31] For example, eligible individuals who
initiate surgery in the first week of each nested trial could be compared to eligible
individuals who do not have surgery in that week (Figure 5). Information across these trials

can then be pooled to provide a single estimate of the treatment effect.

Target trial 1
N=100 initiate treatment in week 1 Follow-up for 12 months
N=500 do not initiate treatment in week 1
Target trial 2
N=50 initiate treatment in week 2 Follow-up for 12 months
N=450 do not initiate treatment in week 2
Target trial 3
N=100 initiate treatment in week 3 FOL[OW—L.ID for 12 months
N=350 do not initiate treatment in week 3
Week 1 Week 2 Week 3

Figure 5: Emulation of sequential trials. Each target trial ‘recruits’ each week (or other

relevant time-period, where follow-up begins [time zero]), where investigators classify
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individuals into the treatment strategy their data is compatible with during that week, then

follows individuals for 12 months.

Applying target trial emulation with sequential trial emulation prevented design-related
biases in an evaluation of statins and risk of cancer.[56] In earlier observational analyses,
investigators reported a substantially lower risk of cancer among statin users compared with
non-users (odds ratio for lung cancer of 0.23 (95% CI 0.20 to 0.26), comparing long-term (>4
years) statin users with non-users).[57] These analyses had two flaws previously
discussed:[29,50] post-baseline information on achieved duration of statin use was used to
classify individuals into treatment strategies, generating immortal time, and prevalent users
of treatment were included, leading to selection bias. Dickerman et al. reframed this analysis
as a target trial with sequential trial emulation and classified individuals into one of two
strategies (statin initiators vs. non-initiators) based on information available at the baseline of
each sequential target trial, finding a null effect (hazard ratio = 1.02 [95% CI 0.99 to 1.05]),

consistent with meta-analyses of randomized trials.[58,59]

Discussion

With the increasing use of observational studies of large healthcare databases for health
decision-making, it is crucial that clinicians, policymakers and researchers are able to
identify common design-related biases. Explicit emulation of a target trial supports readers’

appraisal of observational studies investigating the comparative effectiveness of interventions
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[42] and helps investigators overcome design-related biases. Cloning, censoring and
weighting and sequential trial emulation are two approaches that help investigators avoid
design-related biases when treatment assignment is unclear at baseline. The parametric g-
formula is another approach available to analysts, however, is not described in this article
with further reading available elsewhere.[60,61] Appropriate variance estimation is needed
to handle the potential repeated inclusion of some individuals for many approaches used in
target trial emulation.[12,50,62] Despite the potential benefits of these approaches, they
require rich, longitudinal data and may become computationally intensive in large

datasets.[62]

Target trial emulation facilitates more appropriate comparisons between observational
studies and trials,[63] improving our understanding of where differences may occur.[16,64]
Target trial emulation can also support the education of clinicians and epidemiologists in
observational research design by communicating the study design in the form of a
hypothetical trial.[65] However, it is important to note that target trial emulation does not
eliminate the risk of bias,[66] and does not reduce the likelihood of biases within the data
themselves, such as confounding bias or measurement error.[44] Such biases must be
addressed through careful measurement and adjustment for key variables via appropriate
analytic techniques, in combination with unverifiable assumptions.[67] Confounding by
indication may be more of a concern when comparing an active intervention (e.g., a drug) to

no intervention; the use of an active comparator (e.g., another drug) may reduce the
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magnitude of confounding by indication.[68] Similarly, as with all analyses of observational
data aiming to identify causal effects of interventions, time-varying confounding should be
addressed using appropriate methods (such as inverse probability weighting[69]) when

necessary.

Transparent reporting of target trial emulations is essential to allow readers to appraise,
interpret and implement findings in their decision-making. The TARGET guideline [70-72]
aims to assist investigators to report relevant information, and support readers to identify key
aspects of the target trial emulation. TARGET was not designed to be, and should not be,
used as a tool to assess risk of bias or quality of a study. However, although not the intention,
the TARGET guideline may help improve study conduct by serving as an educational tool
and clarifying key methodologic issues to be addressed. Study design diagrams, such as those
described by Schneeweiss et al., (2019), can also assist investigators to communicate the

timing of different aspects of the study design.[73]

Conclusion

In settings where trials are unavailable or infeasible, observational studies may provide
evidence to address the relevant clinical question. Design-related biases are common in
observational studies of comparative effectiveness, but explicit emulation of a target trial can

help investigators avoid these biases and enable readers to identify them when present. The
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