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Randomized controlled trials (RCTs) are the gold standard generating evidence owing to their rigorous
methodology. However, their logistical, financial and ethical limitations highlight the need for alternative
approaches using real-world data. Target trial emulation (TTE) applies RCT design principles to estimate
causal effects when trials are infeasible. TTE involves three steps: formulating a precise causal research
question, explicitly specifying the protocol of the target trial, and rigorously replicating each component
of the target trial, such as the eligibility criteria, treatment assignment and follow-up period, using
available observational data. Statistical methods commonly used include propensity score matching,
inverse probability weighting, G-methods and/or instrumental variables to address confounding and
align observational data with the target trial design. Nonetheless, residual confounding, missing data
and misclassification can bias results. Sensitivity analyses and transparent reporting are recommended.
Notably, TTE frameworks utilizing continuously updated registry data enable ‘living protocols’ that can
be iteratively refined as new data accumulate, representing an important evolution toward prospective-
retrospective hybrid designs that maintain causal clarity while addressing emerging clinical questions.
Though valuable, TTE complements rather than replaces RCTs, as both inform causal inference and clinical
decisions.

Plain language summary: Using real-world data to answer clinical questions when randomized trials are
not possible
What is this article about? This article describes how researchers can use real-world medical data from
registries to design studies that mimic the structure of randomized controlled trials. This approach, called
target trial emulation (TTE), applies the same principles as a clinical trial but uses existing health data
instead of enrolling new participants. Unlike traditional retrospective analyses that use fixed datasets,
registry-based TTE studies can take advantage of continuously updated data, creating opportunities for
‘living protocols’ that evolve as new information becomes available.
What were the results or methods described? The article highlights how TTE can improve the quality and
reliability of registry-based research. By requiring researchers to predefine study criteria and use robust
statistical methods to adjust for confounding factors, TTE reduces bias, prevents selective reporting and
encourages transparent and reproducible science.
What do the results mean and why is this important? Registry-based TTE transforms observational
research into a structured, causal framework that produces more credible and clinically relevant findings.
The ‘living protocol’ approach allows studies to adapt as data accumulate, supporting timely and
trustworthy evidence generation. By applying TTE principles, registry research can become a cornerstone
of evidence-based medicine while maintaining scientific rigor and public trust.
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The causal effect, which assesses the consequences of actions, is fundamental to decision-making. Robust evidence to
inform clinical and policy decisions is crucial for an evolving health research landscape. Randomized controlled trials
(RCTs) remain the gold standard for determining causal effects and generating evidence because of their rigorous
methodology [1–4]. Their main advantages include reducing bias, balancing confounders through randomization,
ensuring adequate study power via sample size calculations, and systematic data collection that improves validity and
reliability. Blinding, when present, further minimizes observer bias. However, research has highlighted significant
concerns about the quality of many RCTs owing to methodological flaws or concerns about bias [5]. When well-
designed and properly implemented, RCTs excel in internal validity; however, their controlled settings, strict criteria,
and design can limit external validity, meaning results may not always generalize to real-world settings. Despite their
strengths, with the increasing recognition of the logistical, financial and ethical constraints of RCTs, alternative
approaches to causal inference using real-world data (RWD) have gained prominence. For instance, evaluating a
drug for a rare disease may require lengthy recruitment, long follow-up, or raise ethical issues in randomization. Trials
can also be prohibitively costly, demand excessive monitoring, or require complex infrastructure. Pragmatic trials
using routine health data collected from registries, electronic health records and reimbursement/claims databases,
known as RWD, are increasingly being used to provide insights into treatment effects under routine practice
conditions, often using larger, more inclusive populations. Pragmatic trials and observational studies both aim to
generate evidence in real-world clinical settings, but they differ fundamentally in their design and ability to support
causal inference. Pragmatic trials leverage RWD to assess interventions as they occur in everyday clinical practice
yet retain baseline randomization to preserve internal validity and minimize bias. Because treatment allocation is
controlled, causal effects can be estimated more reliably, even as the trial is embedded in routine care. However,
because pragmatic trials often allow flexible adherence, treatment delivery and patient management to reflect usual
practice, they may sacrifice some degree of internal validity due to reduced control over confounding factors [6–8]. In
contrast, observational studies lack randomization, and treatment decisions are determined by clinical practice or
patient choice, making them more susceptible to confounding and bias. While purely observational designs can offer
greater external validity and capture a wider, more representative patient population, they require careful design and
analytical strategies to approximate causal effects reliably. The susceptibility of observational data to bias (Table 1
& Figures 1 & 2), such as selection bias and immortal time bias [9,10], can further limit their reliability, making
it challenging to draw definitive causal conclusions [11–13]. This trade-off between internal validity in RCTs and
external validity in pragmatic trials highlights the need to balance rigor with relevance when evaluating healthcare
interventions for real-world decision-making. Target trial emulation (TTE) provides a transparent framework for
researchers to estimate causal effects using observational data while explicitly mimicking the design of a hypothetical
target trial. TTE helps ensure clarity of assumptions and supports robust causal inference.

Aim
TTE has emerged as a powerful methodological approach that combines the best of both worlds by applying
RCT design principles to observational data [9,18,19]. TTE allows researchers to estimate the causal effects in a
transparent, systematic and rigorous manner. This approach not only enhances the validity of observational studies
but also bridges the gap between real-world evidence and traditional trials, offering a promising framework for
more informed and timely health decision-making.

This paper serves as a practical guide for researchers and practitioners who may not have extensive expertise in
advanced causal inference techniques. It summarizes recent advances in the field and presents them in an accessible
manner, while offering practical advice on how to put these methods into practice. It highlights not only the
theoretical underpinnings of TTE but also practical advice for applying these methods, making these tools more
accessible to a wider range of researchers and practitioners.

Causal inference using potential outcomes
To lay the groundwork for the effective application of TTE, it is essential to provide a basic overview of causal
inferences, particularly in the context of potential outcomes. Causal inference is the process of drawing conclusions
about causal relationships from data. In this framework, potential outcomes, also known as counterfactuals, serve
as fundamental concepts for understanding causal effects [20,21].
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Table 1. Definition of common biases.
Confounding bias Ref.

A confounder is a variable that influences both exposure (or intervention) and the outcome in a study, leading to a spurious
association between them. Confounders can distort or obscure the true relationship, making it difficult to determine whether the
observed effect is due to the intervention itself or the confounding variable.

Key features of a confounder:
1. Associated with the exposure: the confounder is related to the factor being studied (e.g., a treatment or risk factor).
2. Associated with the outcome: the confounder independently affects the outcome of interest. An independent relationship means

that a variable (in this case, a confounder) has a direct association with the outcome that is not caused by or dependent on the
exposure being studied. In other words, the confounder influences the outcome on its own, regardless of whether the exposure is
present.

3. Not on the causal pathway: the confounder is not an intermediate step in the causal relationship between the exposure and the
outcome.

Example:
You are interested in studying whether coffee consumption (exposure) affects heart disease (outcome). Smoking is a potential
confounder because:

• People who drink more coffee may also be more likely to smoke (associated with exposure).
• Smoking increases the risk of heart disease (associated with the outcome).
• Smoking is not caused by coffee consumption (not part of the causal pathway).

If smoking is not accounted for, the estimated effect of coffee on heart disease could be exaggerated or obscured.

[6–8]

Selection bias (internal and external validity)

Selection bias (internal validity) refers to systematic differences in the characteristics between those included in the study and those
who do not, or between study groups (treated and control), and those characteristics are related to either the exposure/treatment or
outcome under investigation. This bias distorts the observed relationships between exposure/treatment and outcome, making the
results unreliable or unrepresentative of the broader population.

There are several potential sources of selection bias, commonest during the recruitment phase and in the processes of retaining
participants in a study, due to:

• Flaws in the selection process, such as unclear or not predefined inclusion and exclusion criteria;
• Inherent personal characteristics that make some people more likely to be willing to participate in a study than others;
• Whether some participants are more likely to be selected than others.

Examples:
1. A researcher who only includes patients in the study if follow-up data are available introduces selection bias, if unmeasured

factors affect both follow-up and the outcome; or
2. in a study evaluating the effect of a new exercise program on cardiovascular health, participants who voluntarily enroll may be

more health-conscious, motivated, or have fewer comorbidities than those who do not enroll. This self-selection creates bias because
the study population is not representative of the target population, and the estimated effect of the program may be exaggerated.

Selection bias can threaten external validity when the study sample is not representative of the target population. This type of bias
does not necessarily distort causal effect estimates within the study sample (internal validity may still hold), but it limits the
generalizability of the results. Common causes include restricted recruitment (e.g., only urban hospitals, specific occupational groups),
volunteer bias or exclusion of certain demographic subgroups.

Potential sources:
• Recruitment from specific geographic areas, institutions or subpopulations;
• Demographic or occupational restrictions;
• Volunteer or self-selection biases.

Example:
• Comparing disease rates in a particular occupational group with the general population can lead to the healthy worker effect,

since employed individuals are generally healthier than the overall population.

[14]

Immortal time bias

Immortal time bias is a distortion that modifies an association between an exposure and a health outcome, caused when participants
assigned to the treatment or exposure group have a period of follow-up during which they cannot experience the outcome and are
essentially rendered ‘immortal’, leading to an overestimation of the intervention effect.

Examples:
1. As shown in Figure 2, Follow-up begins at the time of prescription for a drug, but patients must survive to receive that

prescription. This creates a period during which the outcome cannot occur; or
2. in a study where groups are defined by requiring multiple events over time, such as the number of times a diagnosis was made, or

a medication was prescribed. For example, in this published cohort study, the authors conducted a population-based retrospective
cohort study using healthcare administrative data to compare the rates of acute myocardial infarction in elderly patients. To be
considered as exposed subjects were required to have at least two prescriptions of a given cyclooxygenase-2 inhibitor, and they were
followed from their first prescription for up to 1 year until death or hospitalization for acute myocardial infarction. On the other
hand, nonusers of these drugs were followed from a date selected randomly from the observation period. In the 1-year follow-up, the
study reported that the rate of acute myocardial infarction in subjects was similar with cyclooxygenase-2 inhibitor compared with that
for the unexposed subjects.
Subjects who died after their first prescription of cyclooxygenase-2 inhibitor were not included in the exposed group. On the other
hand, the unexposed subjects could have died at any time during the follow-up period. Therefore, in this design, the time between
the two prescriptions that define the exposed subjects is necessarily ‘immortal’.

[15–17]

10.57264/cer-2025-0180



Methodology Riggi, Segelov & Di Tanna

Confounder

OutcomeExposure Figure 1. The principle of confounding.

Start of follow-up 1º prescription Death or event

Time

Immortal time

Figure 2. Immortal time bias.

Table 2. Causal estimands under the potential outcomes framework.
Units Potential outcomes Individual-level causal effect Summary causal effect

Treatment Yt = 1 Control Yt = 0

1 Yt=1
1 Yt=0

1 Yt=1
1 − Yt=0

1 Comparison of Yt=1
i − Yt=0

i for a
common set of units

i Yt=1
i Yt=0

i Yt=1
i − Yt=0

i

N Yt=1
N Yt=0

N Yt=1
N − Yt=0

N

Table 3. Glossary definitions.
Definition Guiding question

The estimand (θ) is the quantity of interest to answer the trial’s research
objective

What hypothetical quantity, or parameter, are we interested in?

An estimator (
ˆ
θ ( X)) is a method for estimating approximately the

estimand using data
Can we write this causal quantity in terms of observable data?

An estimate (
ˆ
θ ( X. = .x)) is a numerical value of the estimand that results

from the use of a particular estimator
What algorithm will best approximate this statistical quantity?

These potential outcomes represent the set of outcomes that an individual can experience under different
treatment conditions, where only one is observed, depending on the treatment received.

For instance, in a study assessing the effectiveness of oral aspirin in relieving headache pain, the potential
outcome Yt = 1 represents whether relief is achieved one hour after taking aspirin (T = 1), whereas Yt = 0 represents
the same outcome had aspirin not been taken (T = 0). The individual causal effect for the treatment is computed as
Y t=1

i − Y t=0
i , which captures the difference in the potential outcomes for an individual (Table 2). When this effect

is aggregated across a population, we derive a summary causal effect of the treatment in the population of interest,
one of the most common of which is called the average treatment effect (ATE): ATE = E [Y t=1] − E [Y t=0]. Here
the estimand (Tables 3 & 4) is the expected value of the difference in potential outcomes across all individuals.

However, the fundamental problem of causal inference arises because we cannot simultaneously observe both
potential outcomes for the same individual [22,23]. Due to the presence of missing data, it is not possible to measure
‘directly’ the causal effect, but we must make assumptions. These include:

• Stable unit treatment value assumption (SUTVA) [24], which encompasses both consistency and no interference.
The consistency assumption implies that an individual’s potential outcome, given their observed exposure history,
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Table 4. Examples of treatment effects in observational data and randomized controlled trials.
Effect Potential outcome notation

Average treatment effect (ATE) E [Yt=1] − E [Yt=0]

Average treatment effect in the treated E [Yt=1] − E [Yt=0] T = 1

Complier average causal effect (CACE) (E [Yt=1] − E [Yt=0]|
T A=0 = 0

T A=1 = 1
)

T denotes the treatment/exposure (t = 1 treated/exposed, t = 0 untreated/unexposed). A denotes assignment to the treatment/exposure, which may or may
not have been adhered to.

is the outcome observed for that person: Y t
i = Y T

i = Yi , if Ti = t . If an individual has been treated with aspirin
(T = 1), the potential outcome under treatment Yt = 1 = 1 is equal to the observed outcome of relief from headache
1 hour later (Y = 1). This assumption can be violated when there are multiple versions of the treatment that are
not distinguished in the analysis, or when the intervention is applied inconsistently across individuals. Violations
of consistency can lead to ambiguous causal effects and biased estimates, highlighting the importance of precisely
defining and standardizing the treatment under study.

The no interference assumption allows that the potential outcomes for any unit do not vary with the treatments
assigned to other units, and for each unit, there are no different forms or versions of each treatment level (no hidden
version of treatments), which leads to different potential outcomes. For instance, in evaluating a new blood pressure
medication, a patient’s outcome should depend only on their own treatment, not on whether other patients receive
the medication, and each patient should receive a well-defined version of the treatment to avoid different potential
outcomes.

• Conditional exchangeability (unconfoundedness) assumes that, conditional on measured covariates Z, the po-
tential outcomes under treatment t are independent of treatment assignment (Y t

i ⊥⊥ Ti | Zi for all t). In other
words, among individuals with the same values of the confounders, the treated would have experienced the same
average outcome as the untreated had they received the alternative treatment, and vice versa. For example, in
an study comparing two antihypertensive drugs, patients receiving drug A would have, on average, the same
outcomes as those receiving drug B if they had received the other drug, conditional on covariates such as age, sex,
baseline blood pressure and comorbidities. This assumption allows unbiased estimation of causal effects when
confounders are properly measured and adjusted for, as is implemented in TTE frameworks.

• Positivity: Every individual has a nonzero probability of receiving each treatment level given their covariates
(0 < P (Ti = t | Zi ) < 1 for all t). In the context of TTE, positivity ensures that all treatment strategies specified
in the target trial protocol are empirically represented in the observed data. Violations of positivity may occur when
certain subgroups are deterministically assigned to a specific treatment due to clinical guidelines, contraindications
or structural features of the healthcare system. Without positivity, causal contrasts cannot be estimated for
subgroups of the population.

• Unbiased measurement of key variables: outcomes, treatments and confounders must be measured accurately.
Misclassification or measurement error can bias effect estimates even if other assumptions are held.

The reason why RCT can be used to estimate average causal effects is because the relationship between treatment
and outcome is not confounded. Randomization ensures that the independent predictors of the outcome are equally
distributed between the treated and untreated groups.

Target trial emulation framework
The TTE framework builds on these causal principles to design real-world studies that emulate hypothetical
randomized trials that address a specific causal question. As the name suggests, by mimicking an ideal RCT using
RWD, TTE adheres to the rigorous design principles of RCTs while capitalizing on the scale and relevance of the
observational data. The process to design a TTE involves three main steps [9,19,25,26] (Figure 3).

Step 1: causal research question phase

The first step is to formulate the causal question of the research. It is useful to bear in mind that association
inferences deal with real-world questions, whereas causal inferences deal with ‘what-if ’ questions in counterfactual
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Formulate the causal research question to
directly prove the causal relationship 

between exposure or intervention and the 
effect

Explicitly specify the protocol of the 
target trial we wish to replicate,

which must include the RCT components 
to be mimicked, as shown in Table 6

Mimic each of the components of the 
target trial using observational data.

If this is not feasible, 
we need to 

reformulate the 
research question

Figure 3. Target trial emulation framework.

worlds; that is, what would be the risk if everyone had been treated? what would be the risk if everyone had not
been treated?

To formulate the causal question, as Hernàn suggests [27], it is helpful to define the causal effect in the study
population as that which would have been observed in a hypothetical trial where an individual participant had
been randomly assigned to a specific ‘treatment’ for some period.

For example, when studying the potential ‘causal effect’ of high BMI on cardiovascular outcomes, the question to
be posed is: how would this study be conducted as an RCT? As it is impossible to randomize and assign participants
to different BMI levels, the researcher needs to reformulate the question in terms of intervention, for example,
targeting a certain BMI level through interventions such as diet, exercise regimens, medication or bariatric surgery.
By doing so, the results will be interpretable and useful for decision making, as the researcher precisely specifies
how the decrease in BMI is achieved. Each causal research question should have its own target trial protocol, and it
is noteworthy that these may require different observational designs and analyses. The main advantage of explicitly
specifying the hypothetical ‘target trial’ is that it forces investigators to articulate a well-defined intervention and
causal question [28,29], and to assess whether the intervention can be meaningfully specified using the available data.
While TTE is most suitable for questions that involve well-defined interventions, many other research questions
remain important and informative even if they cannot be directly addressed using this framework. Explicitly
defining the target trial clarifies the assumptions required for valid inference and supports transparent, evidence-
based decision-making. As reported in these reviews [30,31], many studies identified as TTE did not explicitly define
the target trial. This omission increases concern because specifying the components of the target trial serves the
dual purpose of increasing transparency and reducing bias.

Step 2: target study protocol or design phase

Once the causal question has been formulated, the second step is to explicitly specify the protocol of the target study,
addressing all components listed in Table 5. This is crucial because the flawed emulation of protocol components
is more likely to lead to incorrect inferences [27]. As the goal is to be transparent, the target trial must be pragmatic,
because observational data cannot emulate a placebo-controlled trial [9]. For the same reason, we can only emulate
target trials without blind assignment. By focusing on the protocol and carefully thinking about each component,
researchers can avoid many common design pitfalls of dealing with observational data.

Examples of published target trial protocols are presented in Table 6, where the authors assessed in the first
one the impact of special educational needs (SEN) provision on health and education outcomes for a well-defined
population [32]; while in the second paper the authors assessed the effectiveness of health interventions from RWD
in the context of health technology assessment using a case study, the ‘Emergency Surgery or Not’ (ESORT)

10.57264/cer-2025-0180 J. Comp. Eff. Res. (2026) e250180
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Table 5. Target trial protocol components.
Protocol component Description

Eligibility criteria Who will be included in this study?

Treatment or intervention strategies Which well-defined treatment or intervention will eligible individuals receive?

Treatment or intervention assignment procedure How will eligible individuals be assigned to the treatment or intervention strategies?

Outcomes of interest What outcomes will be measured during follow-up?

Causal estimand Which causal estimand will be estimated with the observational data?

Start and end of follow-up When does follow-up start and when does it end?

Statistical analysis plan Which statistical analyses will be used to estimate the causal estimand?

study [33]. It is important to note that multiple choices can be made when emulating a target trial, including
defining eligibility, treatment assignment, follow-up periods and analytical methods. For example, in the ESORT
study, alternative approaches such as clone-censor-weighting could have been used to handle the 7-day grace period,
and different strategies could address unmeasured confounding. Explicitly defining the target trial protocol clarifies
which operational decisions were made, making the assumptions, analysis, and interpretation transparent and
facilitating replication or alternative analyses in future work.

Step 3: emulation phase using observational data

The final step is to mimic each component of the target trial protocol using observational data. Following a properly
conducted design phase, the emulation of the target study and the subsequent statistical analysis can be guided
by the explicit protocol, defined in the previous step and the prespecified statistical analysis plan. As illustrated in
Figure 3, this step should be conducted iteratively, since not all components of an ideal target trial may be fully
feasible with the available data. When feasibility issues arise, investigators may need to return to the previous step
to adapt the protocol, ensuring that the emulation remains transparent and methodologically rigorous. To ensure
proper emulation of the target trial protocol, a key step is to align the following three components at so-called
time-zero, or the baseline:

• Eligibility criteria (all the included individuals who meet the specified inclusion criteria);
• Treatment strategies (eligible individuals are assigned well-defined treatment or intervention);
• Start date and timing for end of follow-up.

A common mistake is the use of information collected during the follow-up period to select eligible individuals
which introduces selection bias. To avoid this, researchers should not use the information collected post-baseline
(future information after time zero) to determine which individuals should be included in the study.

Recognizing that when dealing with observational data, confounding is often a key concern, all potential measured
covariates that contribute to the causality between the point intervention and outcome should be identified and
included in the design phase of the target trial protocol and must be measured before treatment assignment.
Conceptual tools such as directed acyclic graphs [34] can support this process by making causal assumptions explicit
and guiding the selection of an appropriate adjustment set while avoiding overadjustment or collider bias. However,
depending on the study context and data source, other sources of bias, such as selection bias or informative censoring,
may represent equally important or even dominant threats to validity.

However, under what conditions can RWD be used for causal inference? A simple and common solution is
to analyze RWD as if the treatment had been randomly assigned conditional on measured covariates Z. Thus,
an observational study can be viewed as a conditionally randomized experiment when several causal inference
assumptions hold, including consistency, conditional exchangeability and positivity (Table 7) [35–37].

A practical guide is given in Table 8 which shows that a target trial can be rigorously replicated, and causal effects
can be estimated from the observational data.

Specific instruments and methods are required to adjust for all baseline confounding factors in order to emulate
the random assignment of strategies at time zero. Causal effect estimation methods typically focus on reduc-
ing the impact of confounding factors by conditioning on a set of potential confounders (common causes of
treatment/exposure and the outcome). Conditioning can be achieved by employing at least one of the following
techniques:

10.57264/cer-2025-0180
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Table 6. Target trial emulation protocol’s examples.
1) Trial emulation to estimate the causal effect of special educational needs by Year 1 on unplanned hospitalizations by Year 6 in children with
cleft lip and/or palate (without other congenital anomalies) [32].

Protocol component Ideal target trial Emulated target trial

Eligibility criteria Region: England
Year 1 started between 2008 and 2018.
Diagnosed with cleft lip and/or palate prior to year 1
Born in England

Geography: England
Year 1 started in a state school between 2008 and 2018.
Identified in HES with cleft lip and/or palate before start of
year 1
Has a birth record in HES
Linked to NPD

Recruitment period Year 1 started between the academic years 2008/2009
and 2018/2019

Year 1 Started between the academic years 2008/2009 and
2018/2019

Follow-up duration From: randomization to the intervention
To: the end of primary school OR loss of follow-up
(e.g., emigration) OR death OR end of study

From: January Census in year 1
To: the end of primary school OR loss of follow-up in NPD
OR death OR end of study/end of data (for HES: 31 August
2019)

Outcomes Unplanned hospital utilization as defined by days in AE
or APC
Medical related absences as defined using half-day
sessions.
Unauthorized absences as defined using half day sessions

Unplanned hospital utilization as defined by days in AE or
APC
Medical related absences as defined using half-day sessions.
Unauthorized absences as defined using half day sessions

Intervention to be
compared

One of three categories of SEN (none, SEN, EHCP) to be
delivered following randomization (between start of
reception and end of year 1

One of three categories of SEN (none, SEN, EHCP) as
recorded by the January census in year 1

Causal contrast The average treatment effect of initiating SEN vs
noninitiating SEN at all by year 1 on the number of
unplanned hospital days expressed as a rate ratio.
The average treatment effect of initiating EHCP vs
initiating SEN by year 1 on the number of unplanned
hospital days expressed as a rate ratio.

The average treatment effect of recording SEN vs
noninitiating SEN at all by year 1 on the number of
unplanned hospital days expressed as a rate ratio.
The average treatment effect of recording EHCP vs
recording SEN by year 1 on the number of unplanned
hospital days expressed as a rate ratio.
These estimands will be defined for the whole population
and for the sub-populations of ‘treated’ and ‘untreated’
children, that is the children who were (or were not)
recorded to receive the relevant intervention.

Analysis plan Poisson or negative binomial regression (depending on
the degree of overdispersion) of the number of events
accountings for duration of follow-up.
Clustering by school and/or local authority to be dealt
with using either mixed effects models or robust
inference (e.g., GEE).

Appropriate methods for confounding adjustment (such as
regression adjustment and standardization, or propensity
score-based methods) involving Poisson or Negative
Binomial Regression (depending on the degree of
overdispersion) of the number of events accountings for
duration of follow-up.
Clustering by school and/or local authority to be dealt with
using either mixed effects models or robust inference
(e.g., GEE).

EHCP: Education and HealthCare Plan; GEE: Generalized estimating equation; HES: Hospital episode statistic; NPD: National Pupil Database; SEN:
Special educational need.

2) Target trial emulation of emergency surgery vs nonemergency surgery for acute appendicitis and acute gallstone disease [33].

Protocol component Description of target trial of ES How was the protocol element emulated in the ESORT?

Eligibility criteria Inclusion criteria:
- Patients were at least 18 years old at admission.
- Emergency admission, via emergency department or

primary care.
- The condition was the reason for admission into

hospital.
- The diagnosis was confirmed by a consultant.

Exclusion criteria:
- According to clinical condition-specific exclusion

criteria.
- Emergency admission for the condition in the

previous year.
- Surgery for the condition within the previous 90 days.
- Patient transferred between hospitals before surgical

assessment.

Inclusion criteria:
- Emulated directly from HES data.
- Emulated directly from HES data.
- Expert panel defined diagnostic (ICD-10) codes with

equipoise between comparator strategies.
- Emulation directly from HES data.

Exclusion criteria:
- Expert panel designated exclusion criteria with (ICD-10)

codes.
- Emulated directly from HES data.
- Emulated directly from HES data (using definitions of

treatment strategies below).
- Emulated directly from HES data.

Additional criteria according to data availability:
- Patients were admitted to an ineligible hospital for

ESORT.
- Admission lacked information on admission or discharge

status or date.

ES: Emergency surgery; ESORT: Emergency surgery or not; FCE: Finished consultant episode; HES: Hospital episode statistics; HRQoL: Health-related quality of
life; ICD: International Classification of Diseases; ITT: Intention-to-treat; IV: Instrumental variable; LIV: Local instrumental variable; NES: Nonemergency surgery;
ONS: Office for National Statistics; OPCS Office of Population Censuses and Surveys; PP: Per-protocol; QALY: Quality-adjusted life-year.

10.57264/cer-2025-0180 J. Comp. Eff. Res. (2026) e250180
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Table 6. Target trial emulation protocol’s examples (cont.).
2) Target trial emulation of emergency surgery vs nonemergency surgery for acute appendicitis and acute gallstone disease [33].

Protocol component Description of target trial of ES How was the protocol element emulated in the ESORT?

Recruitment period Time zero is analogous to the time of randomization and
is when all the eligibility criteria are met, the assignment
to ES or NES occurs, and follow-up starts.

Emulation assumed time zero was the start date of the first
FCE for the first admission, in which the specialty code was
general surgery, colorectal surgery or upper gastrointestinal
surgery.

Follow-up duration Follow-up ends at the earliest of 1 year, death, or end of
study period.

Emulation censored patients at the date of death, if that
was within 1 year from day zero. Complete follow-up data
were available for all patients.

Outcomes - Life-years at 1 year from randomization.
- QALYs at 1 year from randomization - total costs at

1 year from randomization.
- Net monetary benefit at 1 year from randomization.

- Emulated directly from HES data (linked to ONS death
data).

- Emulation required adjusting life-years using published
age- and sex-adjusted HRQoL scores from similar
populations.

- Emulation required calculating resource use for
categories considered to be main drivers of total costs
(length of stay, including critical care; operative and
diagnostic procedures and readmissions up to 1 year) and
valuing resource use data using relevant estimates of unit
costs taken from national unit cost databases.

- Emulated combining cost and QALY data.

Intervention to be
compared

- ES defined as urgent, expedited, or immediate
surgery for the condition.

- NES: (1) medical management with no surgery for the
condition and (2) surgery that did not meet the criteria
for ES, either because of the not relevant procedure or
after the 7-day time window, possibly preceded by
medical management.

- Expert panel defined the 2 criteria for ES: (1) the
procedure constituted “surgery for the condition” according
to selected OPCS codes, and (2) to be considered
“emergency,” the panel designated a time window of 7 days
from the date of assessment (see below).

- Emulation assumed patients assigned NES if they did not
meet ES criteria.

Causal contrast - ITT effect (effect of assignment of patients to
interventions at baseline).

- PP effect (effect of complying with the trial protocol).

- ITT effect could not be emulated because information on
the initial treatment assignment was not available from HES.

- Emulation of the PP effect required taking differences
between the treatment groups in estimated total costs,
life-years, QALYs, and net monetary benefits at 1 year.

Analysis plan - ITT analysis and PP analysis with adjustment for
baseline prognostic factors.

- Subgroup analyses by baseline age, sex, frailty, and
number of comorbidities.

- Emulation of the PP analysis required using a LIV
approach to mitigate the risk of confounding because of
unmeasured prognostic factors associated with ES receipt. IV
was the hospital’s tendency to operate. Models were
adjusted for a wide range of case-mix measures (age, sex,
frailty level, comorbidity profile, ethnicity, index of multiple
deprivation), fixed effects for each financial year, and
proxies of quality of acute care (rates of emergency
admission and mortality for each hospital and acute
condition in 2009–2010 and in the year before the
admission).

- Emulated directly from HES data.

ES: Emergency surgery; ESORT: Emergency surgery or not; FCE: Finished consultant episode; HES: Hospital episode statistics; HRQoL: Health-related quality of
life; ICD: International Classification of Diseases; ITT: Intention-to-treat; IV: Instrumental variable; LIV: Local instrumental variable; NES: Nonemergency surgery;
ONS: Office for National Statistics; OPCS Office of Population Censuses and Surveys; PP: Per-protocol; QALY: Quality-adjusted life-year.

Table 7. The basic assumptions to estimate causal effects from real-world data.

Consistency: An individual’s observed outcome is the same as their potential outcome under the observed treatment
[Yt

i = YT
i = Yi , if Ti = t]. This assumption requires well-defined treatment, specifically one that can be administered

in multiple ways, but that will still lead to the same potential outcome.

Conditional
exchangeability:

An individual’s counterfactual outcome is independent of actual treatment given all confounders (Z) [Yt
i ⊥ Ti |Zi

for all t]. This assumption is often called the no unmeasured confounders or unconfoundedness assumption.

Positivity: All individuals in the target population have a nonzero chance of being assigned any treatment regardless of
their characteristics (0 � P(Ti = t | Zi) �1 for all t). In simple words, positivity holds for Z because there are people
at all levels of treatment (i.e., T = 0 and T = 1) in every level of Z (i.e., Z = 0 and Z = 1).

• Restricting the study sample. This method involves narrowing the study sample to individuals who share the
same value for potential confounders. Since these values do not differ among the subjects of your study, they
cannot correlate with your independent variable and thus cannot confound the cause-and-effect relationship
you are studying. For example, we are interested in study whether a low-carb diet can cause weight loss; and we
know that age, sex, level of education and exercise intensity are all factors that may be associated with weight
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Table 8. Practical guidelines to run a target trial emulation.
1. Define the target trial Ref.

Research question Clearly define the causal question of interest.

Eligibility criteria Specify inclusion and exclusion criteria for the study population.

Treatment strategies Define the treatment strategies.

Assignment procedures Describe how treatment would be assigned in an ideal RCT.

Outcome Define the primary outcome and the time point(s) at which it will be measured.

Follow-up period Specify the duration of follow-up and how losses to follow-up will be handled.

2. Emulate the target trial using observational data

Data source Identify a suitable observational dataset (e.g., electronic health records, claims data and registries).

Cohort selection Apply the eligibility criteria to create a study population that resembles the target trial population.

Baseline covariates Identify baseline covariates that could influence treatment assignment and outcomes.

Treatment assignment Use statistical methods to account for confounding.

Handle time-varying
confounding

If treatment changes over time, use methods like g-methods to account for time-varying confounding.

Assess assumptions Consistency: ensure that treatment assignments are accurately recorded and that there is no confusion
or inconsistency in how treatments are applied in practice.

Conditional exchangeability: this assumption requires that all variables that could affect both treatment
assignment and the and outcome are measured and included in the analysis. Perform balance checks on
covariates to ensure that treatment groups are comparable.

Positivity: check that both treatment strategies are possible for each covariate profile. Look at the
distributions of the covariates within each treatment group to make sure there’s overlap. If certain
groups of individuals receive only one treatment and not the other, the assumption of positivity may be
violated.

Estimate the causal effect Estimate the causal effect by comparing outcome(s) between treatment strategies.

Sensitivity analyses Conduct sensitivity analyses to assess the robustness of results to unmeasured confounding or other
biases.

3. Validate the TTE and report results

Compare to RCTs If possible, compare your results to existing RCTs on the same topic to assess the validity of your
emulation.

Transparency Clearly report the target trial protocol and how the emulation was conducted.

Limitations Discuss potential limitations, such as unmeasured confounding, selection bias or measurement error.

Tools and software

Protocol Outlines the steps to design a study that mimics the structure of a randomized controlled trial (RCT)
using observational data (Table 5).

Software Use statistical software like R for causal inference. Some package examples:

“MatchIt”: used for propensity score matching and other matching techniques, which are commonly
employed to reduce bias in observational studies.

“ipw”: it is designed for Inverse Probability Weighting, a method commonly used in causal inference.

“gfoRmula”: it is a tool for performing g-formula estimations in causal inference, particularly in the
context of longitudinal data.

“EValue”: for sensitivity analyses for unmeasured confounding, selection bias, and measurement error.

[38–41]

TARGET guideline This guideline provides a standardized approach for transparent reporting of such studies. It ensures
that researchers and readers can properly evaluate the design, methods and results of observational
studies that mimic the framework of a target trial.

[42,43]

Common pitfalls

Misspecification of the
target trial

A common problem is misspecification of the ‘target’ trial. If the design, treatments or outcomes of the
target trial are incorrectly specified, the results of the replicated observational study will not be
meaningful or valid.

Solution: start by clearly defining all the components (mentioned above) of the target study trial.

Ignoring or
underestimating
confounding

Observational data are often subject to confounding, and failure to properly adjust for confounding
can lead to biased estimates. In TTE, confounders must be carefully controlled for, and the methods
used to control for confounding should be well specified.

Solution: carefully identify potential confounders, ensuring that both time-invariant and time-varying
confounders are considered.

RCT: Randomized controlled trial; TTE: Target trial emulation.
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Table 8. Practical guidelines to run a target trial emulation (cont.).
3. Validate the TTE and report results

Ignoring selection bias
due to loss to follow-up

In observational studies, loss to follow-up is common and can lead to selection bias, where individuals
who drop out of the study differ from those who remain. This can invalidate the causal inference by
affecting the treatment assignment and outcome.

Solution: implement methods to handle missing data, such as multiple imputation or IPW for missing
data, and perform sensitivity analyses to assess how different assumptions about missing data affect the
estimates.

Inappropriate handling of
post-treatment variables

Post-treatment variables (e.g., variables affected by the treatment) should be handled carefully, as their
inclusion in the analysis may lead to post-treatment bias.

Solution: post-treatment variables should not be directly included in the model as time-zero
confounders.

RCT: Randomized controlled trial; TTE: Target trial emulation.

loss, as well as with the diet our subjects choose to follow. In this case, we restrict our subject pool to 45-year-old
women with bachelor’s degrees who exercise at moderate levels of intensity between 100 and 150 min per week.
However, while effective, this method can significantly reduce sample size and limit generalizability.

• Stratification. This method divides the population of interest into subgroups (strata) based on confounder levels.
The treatment effect is then analyzed within each stratum. For example, participants in a study on aspirin use for
headache relief can be stratified by baseline headache severity. Stratification helps compare treated and untreated
groups within strata where confounding variables are similar. A pooled analysis across strata can provide an
overall estimate, though this method may be less effective when there are many confounders or confounders
with continuous values.

Both restricting the study sample and stratification are typically applied to a limited number of key variables,
while more flexible methods are often preferred when many confounders must be addressed.

• Matching. This technique involves selecting individuals from the treated and untreated groups so that the
distribution of confounders is balanced across these groups. One common approach is propensity score matching,
where a propensity score is calculated for each participant representing the probability of receiving the treatment
given their observed characteristics (e.g., age, BMI and disease duration). Participants in the treatment and control
groups with similar propensity scores are then matched, creating comparable groups that reduce confounding.
For example, in studying the effect of a new diabetes medication, researchers may use propensity score matching
to ensure that participants in the treatment and control groups have similar baseline characteristics, such as age,
BMI and duration of diabetes. Matching can reduce bias but may exclude unmatched participants, which can
reduce effective sample size.

• Multivariable regression adjustment. It adjusts for confounding by including potential confounders as covariates
in a regression model. For instance, in analyzing the impact of a public health campaign on smoking cessation,
factors such as age, education, income, and prior smoking history can be included as covariates in the regression
model. Standard regression models generally assume a linear relationship between covariates and the outcome
(on the scale of the model’s link function), but this assumption can be relaxed by including nonlinear terms,
polynomials or interaction effects when appropriate. Multivariable regression is widely used, flexible, and can
handle multiple confounders simultaneously, but care must be taken to specify the model correctly.

• G methods [21,44,45]. Time-varying confounding arises when covariates that influence treatment assignments also
change over time and are themselves affected by prior treatment. In this setting, standard regression adjustment
may induce bias, as conditioning on post-treatment variables can block or distort causal pathways between
treatment and outcome. For example, in an observational study emulating a target trial to estimate the effect of
long-term statin use on cardiovascular mortality, low-density lipoprotein (LDL) cholesterol levels may influence
treatment decisions at each follow-up while also being affected by prior statin use. LDL cholesterol is therefore
a time-varying confounder that lies on both the causal pathway and the treatment assignment mechanism
(Figure 4). Adjusting for LDL cholesterol using standard regression methods would result in biased estimates by
partially blocking the treatment effect. G-methods address this challenge through approaches such as:

10.57264/cer-2025-0180



Methodology Riggi, Segelov & Di Tanna

LDL0 LDL1 LDL2

T0
T1 T2

Y

Figure 4. Time-varying confounder.

◦ Inverse probability weighting, typically implemented through marginal structural models, creates a pseudo-
population in which treatment assignment is independent of measured baseline and time-varying confounders
by weighting individuals by the inverse probability of their observed treatment history. This approach appro-
priately accounts for treatment–confounder feedback.

◦ The G-Formula and G-Estimation are both advanced methods, which provide alternative frameworks for
estimating causal effects in the presence of time-varying confounding by explicitly modeling treatment
strategies and outcome processes over time.

All the above methods rely on the assumption of no unmeasured confounding, which is often not plausible given
the observational nature of the study design.

To overcome this problem, investigators may rely on a limited set of advanced causal inference methods. While
valuable in specific contexts, these approaches depend on strong identification assumptions that must be carefully
assessed:

• Instrumental variables, this method is used to control unobserved confounding by exploiting external variables
(called instruments) that affect the treatment or exposure but do not directly influence the outcome, except
through the treatment. The instrument needs to satisfy three conditions: relevance, the instrument must be
strongly correlated with the treatment or exposure, exclusion restriction, the instrument should not be associated
with the outcome, except through its effect on the treatment or exposure and no unmeasured common causes of
the instrument and the outcome [46].

• Regression discontinuity design, a quasi-experimental research design that is useful for estimating causal effects
in situations where treatment assignment is determined by whether an observed covariate crosses a specific
threshold [47]. For example, a scholarship awarded based on a test score cutoff allows the comparison of individuals
slightly above and below the threshold, assuming that those near the cutoff are similar in all respects except for
receiving the scholarship. Causal effects are identified by comparing individuals close to the cutoff, under the
assumption that units near the threshold are otherwise comparable.

• Interrupted time series design, a quasi-experimental research design too, used to evaluate the effect of an
intervention or treatment on an outcome over time, particularly when the intervention happens at a clearly
defined point [48]. Their validity relies on alternative identification assumptions, such as the absence of concurrent
interventions and stable pre-intervention trends.

By carefully selecting and applying these methods, researchers can emulate randomization and obtain valid causal
estimates, even in observational settings. The choice of method should align with the research question, study’s data
characteristics and the feasibility of assumptions. Most of the studies often used advanced statistical techniques of
causal inference, such as G-methods for time-varying confounding or inverse weighting probability, followed by
matching with propensity score [30,49,50].

Analogous to RCT, given the observational nature of treatment assignment, similar estimands can be computed
in TTE. They are labelled with the term observational-analog as follows:

• Observational-analog intention-to-treat (ITT), because the closest observational analog ITT is a comparison
of initiators of the different strategies, assuming adequate adjustments for baseline confounders, regardless of
whether individuals continue the strategies after baseline;

• Observational-analog per-protocol (PP), where adjustment for baseline and time-varying confounding is nec-
essary when the treatment strategies under study are sustained over time. G-methods are the best option for
validating the PP [9].
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Confidence in the results of the TTE framework may be increased by comparison with existing RCTs and the
potential use of negative control outcomes (outcomes for which the well-defined intervention of interest is not
expected to have an effect).

Strength & limitations of TTE
Although the TTE concept is relatively new and was first proposed as a framework in 2016, it is increasingly being
used to infer causality from observational data. This approach is a popular method used in epidemiology and causal
inference to estimate causal effects, especially when RCTs are not feasible [30,31,49,50]. The most common study
topics were cancer, cardiovascular, cerebrovascular and infectious diseases.

The TTE framework pushes researchers to ask meaningful causal questions about actions, treatments or inter-
ventions, leading to practical evidence useful for decision-making as an actionable causal inference. This forces us
to define the causal effect in a hypothetical trial, the target trial, as the inferential target. Focusing mainly on the
emulation of the hypothetical target trial, specifying the target trial protocol prevents self-inflicted avoidable biases
due to a flawed study design. As reported by Wang [51], real-world evidence studies can reach conclusions similar
to those of RCTs when the design and measurements can be closely emulated.

Although this approach has gained traction for estimating causal treatment effects in real-world settings, it does
come with several limitations.

Despite efforts to mimic an RCT, the use of observational data inherently presents challenges in controlling for
all possible confounders. In an ideal RCT, randomization ensures that confounders are equally distributed across
treatment groups; however, in observational data, confounding variables may be unmeasured or incompletely
captured. Even with advanced statistical methods, researchers may not account for all relevant confounders,
which can lead to residual confounding and bias causal estimates. To acknowledge this limitation and improve
the reliability of causal estimates, researchers can employ various strategies as sensitivity analysis to evaluate the
robustness of the findings to potential unmeasured confounding. Although sensitivity analysis cannot eliminate
residual confounding, it can provide an indication of how much it might influence the study’s results.

Researchers can use hypothetically simulated bias analysis scenarios to examine the effect of potential confounding
factors. Specifying a plausible distribution for an unmeasured confounder helps to evaluate whether residual
confounding is likely to impact on the treatment-outcome relationship and, consequently, on the conclusions
drawn from the data [52].

Another approach can be used to assess whether results are likely to be robust even in the presence of unmeasured
confounders is the E-value analysis [53]. The E-value quantifies the minimum strength of association that an unmea-
sured confounder would need to have with both the treatment and the outcome (beyond measured confounders)
to explain the observed treatment effect [41].

Missing data presents significant challenges for accurate causal inference. RWD, such as electronic health records
or claims data, often suffer from missingness in key variables, such as baseline confounders (information such as
socioeconomic status or lifestyle factors might be unrecorded), exposure (timing or dosage of treatments could be
inconsistently captured) and/or outcome (may not always be systematically tracked, especially if patients move to
different care settings). As with RCTs, specifying a missing data strategy when designing the emulated trial to avoid
post hoc adjustments and selective reporting is highly recommended. A transparent approach is essential, with clear
reporting of the extent of missing data, the methods used to deal with it, such as complete case analysis and advanced
methods such as multiple imputation [54], and the sensitivity of results to different assumptions about missingness.
Transparent and standardized reporting is essential for TTE studies to ensure reproducibility, interpretability, and
credibility of causal inferences derived from observational data. In addition to clearly describing the extent of
missing data and methods used to address it, TTE studies should comprehensively report all components of the
target trial protocol. Inconsistent or incomplete reporting of eligibility criteria, treatment strategies, follow-up,
outcomes, causal estimands and analytic choices has been identified as a major limitation in current practice [49].
Existing observational study reporting frameworks, such as STROBE and RECORD, do not fully capture the
specific requirements of TTE. The recently developed TARGET (Transparent Reporting of Observational Studies
Emulating a Target Trial) [42,43] guideline addresses this gap by providing a 21-item checklist that emphasizes explicit
specification of the target trial, mapping to observational data, and transparent description of analysis methods.
Adopting TARGET, including structured tables summarizing key trial components and prespecified sensitivity
analyses, can promote consistent and clear reporting, enhance the comparability of TTE studies and strengthen the
reliability of real-world evidence for informing clinical and policy decisions.
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Despite these limitations, when carefully designed and appropriately analyzed, the TTE approach remains a
valuable tool for understanding causal relationships in contexts where randomized trials are not feasible. Recognizing
and mitigating these limitations is critical for ensuring the validity and interpretability of results derived from this
approach. However, it should not be considered as the ‘default gold standard’ for all observational studies; other
observational study designs may be more appropriate and may provide additional insights into causality [55].

As guidance on RWE continues to evolve [56–58], TTE is expected to play an increasingly central role, offering
a robust framework to ensure that real-world analyses meet the methodological rigor necessary for regulatory
evaluation.

Systematic reviews [59,60] have highlighted growing concerns about research integrity arising from the proliferation
of single-factor analyses using large health datasets such as NHANES and the UK Biobank, many of which rely
on simplistic associations and inadequate control of bias. In this context, TTE allows for a broader regulatory
shift toward integrating high-quality observational data in a way that preserves scientific validity while addressing
practical and ethical constraints of clinical research.

Strengthening registry-based research with target trial emulation
An important methodological consideration in registry-based TTE studies is the dynamic nature of large, contin-
uously updated data sources. Unlike traditional retrospective analyses based on fixed datasets, registries evolve over
time as clinical practices change, emerging treatments are introduced and patient populations shift. These features
create both opportunity and risk: while registries enable large-scale, timely analyses, they are also particularly
vulnerable to analytic flexibility and time-related biases, including temporal confounding.

The concept of ‘living protocols’ naturally emerges, where study protocols may be updated as new data accrue or
clinical standards evolve. For example, a living protocol emulating the effect of newly approved cancer therapies may
need to update eligibility criteria over time to reflect new clinical indications, incorporate newly treated patients and
recalculate treatment assignment probabilities and inverse probability weights. These ongoing adjustments require
repeated sensitivity analyses and careful monitoring of assumptions to ensure valid causal inference.

TTE offers a promising solution to many of these challenges, providing a structured causal framework that
mitigates the key sources of bias and analytic flexibility:

• Prevents data dredging and hypothesizing after the results are known: TTE requires researchers to pre-specify
eligibility criteria, exposures, comparators, outcomes and follow-up periods, effectively serving as a prospective
protocol that limits post hoc fishing for significant results.

• Reduces false discoveries: robust causal inference methods within the TTE framework, including inverse prob-
ability weighting and g-methods, help control for time-varying confounding and produce effect estimates with
stronger causal interpretation.

• Promotes transparency and reproducibility: when paired with protocol registration and code sharing, TTE creates
a fully auditable research workflow and makes replication feasible.

Adopting TTE more widely across registry-based research would therefore not only improve methodological
rigor but also help safeguard the credibility of open data initiatives. It transforms registry studies from a source of
noisy associations into a powerful engine for causal inference, aligning the goals of Open Science with trustworthy
and clinically meaningful evidence.

Conclusion
TTE is a valuable tool for regulatory evidence-based decision-making, especially because it allows the comparison
of pragmatic strategies in real practice. The core strategy is to use available health datasets to mimic hypothetical
RCT in a transparent and systematic way, minimizing potential biases.

Applying this framework proficiently could extend the benefits of using RWD data, especially for conditions in
which interventions are already widely implemented. Additionally, TTE can serve as an exploratory tool to test
initial hypotheses and generate evidence that can inform the design and implementation of future RCTs. Structured
reporting is essential for quality assessment, evidence synthesis and translation of evidence into policy and practice.

However, it is important to understand the scenarios in which TTE is an appropriate method, its limitations,
and how it complements rather than replaces RCTs. TTE relies heavily on detailed and high-quality observational
data. If such data are incomplete, lack key confounders or have measurement errors, the validity of TTE results
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may be compromised. In situations where it is possible and ethical to conduct an RCT, it remains the first choice
because minimize confounding through randomization, an advantage that TTE can only replicate.

Each approach, RCT or TTE, has unique strengths and is best viewed as complementary tools in a broader
methodological framework. TTE should be viewed as filling gaps and enriching the causal evidence base. The most
robust causal conclusions come from the integration of both methods, using RCTs to anchor the analysis and TTE
to extend the findings to broader real-world settings.

Summary points

• Randomized controlled trials (RCTs) remain the gold standard for establishing causal effects but are often limited
by cost, logistics and ethical constraints.

• Target trial emulation (TTE) provides a structured approach to estimate causal effects using real-world data when
RCTs are not feasible.

• TTE involves explicitly defining the research question, specifying a ‘target trial’ protocol, and replicating each trial
component using observational data.

• Common statistical methods in TTE include propensity score matching, inverse probability weighting, G-methods
and instrumental variables to minimize confounding.

• Registry-based TTE frameworks introduce the concept of ‘living protocols,’ where study designs evolve as registry
data are continuously updated.

• This dynamic approach enables adaptive, ongoing evidence generation while maintaining causal clarity and
methodological rigor.

• The shift toward prospective–retrospective hybrid TTE designs represents a key methodological evolution in
modern clinical research.

• By aligning registry research with TTE principles, researchers can transform real-world data into robust, clinically
meaningful evidence.

• Broad adoption of TTE in registry-based research can enhance research integrity, improve reproducibility and
strengthen trust in open data science.
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