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Abstract

Causal inference is grounded in contrasts between potential outcomes under alternative interventions.
Randomized trials are the reference standard for estimating average causal effects because randomization
renders treatment assignment independent of potential outcomes, eradicating confounding by design.
However, many clinically important questions in rheumatology cannot feasibly be addressed through
randomized experiments due to practical, ethical, or temporal constraints. In such settings, observational
data can inform decisions. This paper argues that principles derived from randomized trials should
continue to anchor causal reasoning and proposes the target trial framework as a structured approach to
strengthen causal inference from observational data. By explicitly specifying the protocol of the
hypothetical randomized trial that would answer the question and emulating it using real-world
(observational) data, investigators can clarify eligibility criteria, treatment strategies, time zero, outcomes,
causal contrasts, and identifying assumptions. By describing how each part of the target trial is emulated in
observational data, they increase transparency, clarify the causal estimand, and make assumptions,
limitations, and sources of bias explicit. This design-based perspective helps prevent common biases,
including immortal time bias, selection of prevalent users, and inappropriate conditioning on post-
treatment variables, and aligns reporting with clearly defined causal contrasts and effect measures.
Ultimately, credibility of causal inference from observational data depends on whether the assignment
mechanism is plausibly reconstructed, design choices are made without access to outcome data, and
analyses target explicitly defined causal contrasts under stated assumptions, all of which are explicitly
addressed within the target trial emulation framework.
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Introduction

Causal effects are defined as contrasts between potential outcomes under alternative interventions, of
which only one can be observed for each individual [1]. The basic concept of causality is defined with
respect to a unit, a treatment (X), and the outcomes (Y) that would be observed under alternative treatment
conditions. A unit refers to the person, place, or object upon which a treatment operates at a specific point
in time. Since each observation constitutes a distinct unit, treating them otherwise conflates the temporal
structure of treatment decisions with the outcome they are meant to predict, making time-varying
confounding inevitable.

Here the treatment is the intervention (X = 1) whose effect on a particular outcome is of interest,
evaluated relative to a clearly defined control condition, such as no intervention or an alternative
intervention (X = 0). For each unit, there exist potential outcomes corresponding to each treatment
condition, representing the value of the outcome that would be observed if the unit were exposed to the
treatment and the value that would be observed if the unit were exposed to the control. The causal effect
for an individual unit is defined as the contrast between these potential outcomes under treatment (Y| X =1)
and control (Y]X = 0). A fundamental challenge of causal inference is that, for any given unit, only one of the
potential outcomes can be observed in practice; the remaining potential outcome is counterfactual.
Therefore, individual-level causal effects are not directly observable, and causal inference proceeds by
comparing outcomes across units to estimate average causal effects under explicit assumptions that allow
observed outcomes in one group to serve as valid proxies for the unobserved counterfactual outcomes in
another.

Consequently, randomized experiments are the reference standard for estimating average causal
effects. By construction, randomization makes treatment assignment independent of potential outcomes, so
observed differences between groups can be interpreted as unbiased estimates of average treatment effects
without invoking untestable assumptions about the assignment mechanism [1, 2]. Randomization resolves
the fundamental “counterfactual missing-data” problem of causal inference by ensuring that, in expectation,
unobserved counterfactual outcomes are comparable across groups. Formally, treatment assignment is
independent of all pre-treatment variables, whether measured or unmeasured, such that simple between-
group contrasts yield unbiased estimates, and any residual imbalance is attributable to chance and
quantifiable. Crucially, valid inference follows from the design itself rather than from correct specification
of outcome models, assumptions about functional form, or complete measurement of confounders.
Randomized trials therefore protect against both known and unknown confounding and provide a coherent
framework for quantifying uncertainty. A “target trial” represents the hypothetical randomized experiment
conducted in the same population, comparing the same interventions and outcomes, that would directly
answer the causal question of interest. It serves as the benchmark against which non-randomized evidence
is evaluated [3, 4].

When evidence from randomized trial(s) is unavailable, infeasible, untimely, or unethical, well-
designed non-randomized studies can provide informative evidence, particularly when they offer greater
directness with respect to the population, intervention, comparator, or outcomes of interest. However, their
credibility hinges on design rather than analysis. When randomization is not possible, observational studies
should be explicitly designed to approximate randomized experiments by defining the causal question in
advance, separating design from analysis, and achieving balance between treated and control groups using
only pre-treatment information, without access to outcome data [2]. Consider an observational study
comparing two biologics in a registry. A conventional approach would define exposure from dispensing
records, select covariates based on the literature, and apply some regression model to estimate an adjusted
effect. The target trial framework imposes a different discipline: eligibility must be defined before
examining outcomes, time zero must be anchored at treatment initiation, the comparator strategy must be
specified in advance, and the analysis plan must be fixed before outcome data are accessed. Causal
inference in observational settings therefore depends less on post-hoc statistical adjustment and more on
whether the study design successfully reconstructs a plausible assignment mechanism comparable to that
of a randomized experiment [2].
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In this commentary, we demonstrate how principles derived from randomized trials should continue to
anchor causal reasoning, while clarifying how trial emulation approaches can be used to approximate
randomized comparisons in observational data, and how their assumptions, sources of bias, and
implications for decision-making should be made explicit.

Modern evidence hierarchies and the role of real-world data

Traditional evidence hierarchies have long placed randomized controlled trials (RCTs) and their meta-
analyses at the apex, implicitly treating study design as a surrogate for (causal) validity [5]. However,
contemporary methodological work has shown that such hierarchies are overly simplistic and risk
obscuring the more fundamental determinants of evidentiary credibility, namely risk of bias, precision,
consistency, and directness [6]. The Grading of Recommendations Assessment, Development and
Evaluation (GRADE) Working Group challenges the notion that certainty in evidence can be inferred from
study design alone and discourages rigid interpretations of traditional evidence hierarchies [7]. Instead,
GRADE treats study design as a starting point and evaluates certainty using a structured, outcome-specific
framework that explicitly considers risk of bias, imprecision, inconsistency, indirectness, publication bias,
and contextual factors such as magnitude of effect, dose-response relations, and residual confounding [7].
Within this framework, evidence may be rated down or up based on methodological rigor and relevance to
the decision context, regardless of whether it originates from randomized or non-randomized studies. As a
result, certainty in evidence reflects not the label of the design but the credibility, precision, and
applicability of the estimates to the clinical question at hand [6].

In parallel, the increasing availability of real-world data has expanded the role of non-randomized
evidence in addressing clinically important questions for which randomized trials are infeasible, unethical,
or untimely [8]. As emphasized by Hernan and Robins [3, 9], causal inference from observational data
should be understood not as a fundamentally different enterprise, but as an explicit attempt to emulate the
randomized trial that would ideally answer the question of interest, the so-called target trial. When the
protocol of this target trial is clearly specified, and the assumptions required for its emulation are made
transparent, analyses of real-world data can provide decision-relevant estimates of effectiveness and safety
[10], albeit with greater reliance on unverifiable assumptions than randomized evidence, implying a
persistent risk of residual confounding [10, 11].

Taken together, these developments challenge rigid evidence hierarchies and favor a question-driven
approach to evidence evaluation. Randomized trials remain the reference standard for causal inference
because their design enforces exchangeability by construction. Thus, when randomization is not feasible,
observational data can inform causal questions, but only if studies are deliberately designed to emulate the
randomized trial that would have addressed the question of interest. Under this framework, credibility
depends less on the study design and more on whether the assignment mechanism is plausibly
reconstructed, design choices are made without access to outcome data, and analyses target clearly defined
causal contrasts. When these conditions are met, prospective real-world data from non-randomized
settings can provide valuable, and at times indispensable, evidence.

Appraising the target trial framework

The target trial framework provides a disciplined approach to causal inference from observational data by
requiring investigators to first specify the protocol of the randomized trial that would ideally answer the
causal question of interest and then assess how closely that trial can be emulated with available data. By
forcing explicit definition of eligibility criteria, treatment strategies, time zero, outcomes, and causal
contrasts, the framework prioritizes design over analysis and helps prevent common self-inflicted biases,
including immortal time bias, selection of prevalent users, and inappropriate conditioning on post-
treatment variables. Its primary value lies not in overcoming the inherent limitations of observational data,
but in clarifying the causal estimand, making assumptions explicit, and providing a transparent benchmark
against which the credibility of non-randomized evidence can be judged.
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Target trial emulation
In the following, we describe a practical, step-by-step tutorial for conducting and reporting a target trial
emulation study, aligned with the two-step framework ([i] specify the target trial, [ii] then emulate it [4]),
and with reporting expectations from the TARGET statement [12].
Step 1. State the causal question in “target trial” form
Write the question as if you were designing a pragmatic randomized trial:

« Population (eligibility at enrolment/baseline)

¢ Treatment strategies (initiation, dosing, duration, discontinuation rules, allowable switches)

e Comparator strategy (if not placebo, then what?)

¢ Qutcome(s) (definition and measurement)

¢ Follow-up window (A trial endpoint is the operationalized use of one or more outcome measures
within a specific estimand framework, defined by the timing of assessment relative to baseline [t =
0], how the measure is summarized over a prespecified follow-up period, and how it is compared
between treatment groups)

e Causal contrast (Intention-to-treat [ITT] versus per-protocol, with the former most often preferred
by end users of evidence-based medicine)

¢ Effect measures (absolute and relative)

The TARGET statement recommends that readers should be able to recognize, from the abstract and
introduction, that the study is an observational emulation of a target trial and to see the causal question
clearly summarized.

Step 2. Draft the target trial protocol explicitly
Create a concise “protocol” subsection (or a table) that includes, at minimum:

« Eligibility criteria

e Treatment strategies

¢ Assignment procedures (randomization in the hypothetical target trial)

¢ Qutcomes

Start/end of follow-up (time zero and censoring rules)

¢ Causal estimand(s) and contrasts (ITT, per-protocol)

Identifying assumptions and analysis plan

Step 3. Map each protocol component to your observational data
Now describe, point-by-point, how you operationalize the protocol using the available real-world data:
* How eligibility is ascertained (and what you cannot capture well)
+ How treatment initiation and adherence are captured (prescriptions, dispensing, administrations)
e How outcomes are defined (codes/algorithms; any validation evidence)
e How follow-up ends (administrative end, death registry, loss to follow-up)

TARGET note: Investigators should describe any imperfections in the mapping of each protocol
component to the available data, including variables that could not be well operationalized and the reasons
why [12]. The framework does not resolve data quality problems, but it makes them explicit before the
analysis begins.
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Step 4. Define time zero correctly and synchronize the “three alignments”
A core design rule is that time zero must coincide with:

1. meeting eligibility criteria,

2. assignment/classification to a treatment strategy, and

3. starting outcome counting.

When these three elements are not synchronized, patients who survive long enough to receive
treatment accumulate event-free time that is attributed to the treatment group but precedes any exposure.
This is immortal time bias, which produces a systematic overestimate of treatment.

TARGET note: This synchronization is repeatedly emphasized because violations generate design-
related biases such as immortal time bias and selection of prevalent users.

Step 5. Choose your causal contrast

¢ ITT analogue: classify individuals by strategy at baseline and follow regardless of later adherence,
adjusting for baseline confounders.

¢ Per-protocol effect: requires accounting for deviations from the assigned strategy by censoring at
deviation and using appropriate methods to adjust for prognostic factors related to adherence (often
g-methods/weighting).

[t is important to recognize that the ITT and per-protocol effects address fundamentally different
causal questions rather than representing competing estimators of the same quantity. The ITT effect
reflects the consequence of assigning a treatment strategy regardless of subsequent adherence, which is
relevant to prescribing and policy decisions. The per-protocol effect reflects the consequence of following
the strategy as specified throughout follow-up, which is more relevant to understanding the biological
effect of treatment. The choice between them should be guided by the clinical question rather than
analytical convenience.

TARGET note: Report which estimand is primary (subject for the main reporting in the manuscript and
why).

Step 6. Pre-specify confounders using a causal rationale

Because observational assignment is not random, the analysis typically relies on conditional
exchangeability given measured baseline covariates (no unmeasured confounding conditional on those
covariates). TARGET recommends justifying covariate choice, often via a causality diagram, and describing
how those variables are measured.

Practical implementation:
¢ Define baseline covariates collected at or before time zero

¢ Avoid adjusting for post-baseline variables that may be consequences of treatment (risk of collider
bias or adjusting away part of the effect)

Step 7. Handle ambiguity in treatment assignment with appropriate design tools

If treatment strategies are not distinguishable at time zero (for example, “initiate within 2 days”), you may
need:

¢ Cloning: at time zero, each eligible individual is simultaneously represented in all treatment
strategies they are compatible with, creating one copy per strategy. Each copy follows its assigned
strategy and is censored at the point where the individual's observed data become inconsistent with
that strategy. Because all copies share identical baseline characteristics, the cloning step preserves
comparability at time zero; inverse probability of censoring weights subsequently correct for the fact
that censoring is related to prognosis [3, 13].
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e Censoring: a participant is removed from follow-up at the moment its observed treatment history
becomes incompatible with the assigned strategy. This artificial censoring is by design informative
and must therefore be corrected for in the weighting step [3, 13].

e Weighting: inverse probability of censoring weights are estimated from a model for the probability
of remaining uncensored at each time point given prior covariate and treatment history.
Upweighting copies that remain on-strategy creates a pseudo-population in which adherence is
independent of prognosis, recovering the distribution of outcomes that would have been observed
under full adherence to each strategy [3, 13].

Step 8. Choose an estimator consistent with your estimand
Common approaches (depending on estimand and data structure):

¢ Outcome regression or standardization: a regression model is fitted for the outcome as a function
of treatment strategy and baseline covariates. Predicted outcomes are then computed for each
individual under each strategy and averaged across the study population. This yields the marginal
absolute risk under each strategy, standardized to the covariate distribution of the whole population
[3, 4,13, 14].

+ Propensity score methods, including inverse probability weighting: the propensity score is the
probability of receiving a given treatment strategy conditional on baseline covariates. Weighting
each individual by the inverse of their propensity score creates a pseudo-population in which
treatment assignment is independent of measured covariates, mimicking randomization. The
weighted analysis then estimates marginal treatment effects without directly modelling the outcome-
covariate relationship [3, 4, 13, 15, 16].

¢ G-methods for per-protocol and time-varying settings: G-methods—including the parametric g-
formula, marginal structural models estimated via inverse probability weighting, and g-estimation—
are a family of estimators designed for settings where confounders are time-varying and themselves
affected by prior treatment [15]. In this setting, standard regression adjustment is insufficient
because conditioning on a time-varying confounder that lies on the causal pathway can both remove
part of the treatment effect and introduce collider bias. G-methods instead model the treatment and
censoring processes to produce estimates that reflect the outcomes that would have been observed
had all individuals followed the assigned strategy throughout follow-up [3, 13-15, 17].

TARGET note: Report the software and model details sufficient for reproducibility, including functional
forms and handling of missing data. For analysts working in R, relevant packages include TrialEmulation for
implementing the cloning, censoring, and weighting approach; Weightlt and ipw for propensity score and
inverse probability weighting methods; gfoRmula for the parametric g-formula.

Step 9. Plan and conduct sensitivity analyses and robustness checks
At minimum:

 Alternative operationalizations of exposure, eligibility, and outcomes

¢ Alternative confounding adjustment strategies

¢ Quantitative bias analysis or negative /positive controls where relevant

TARGET note: These are integral to interpretation and expects them to be reported, not relegated to
vague statements.

Step 10. Report results like a pragmatic trial
TARGET is explicit that the results should look trial-like. Key reporting elements:

1. Participant flow: numbers assessed, eligible, assigned/classified; flow diagram strongly
recommended (consolidated standards of reporting trials [CONSORT]-like).
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Baseline table by strategy: ideally show balance before/after adjustment.
Follow-up summary: duration, censoring reasons, competing events as relevant.

Outcome reporting: frequencies and, for time-to-event, absolute risks over time with precision.

vtk W N

Effect estimates: report both absolute and relative measures when applicable, each with measures
of precision.

It should be highlighted as a practical benefit of this approach: it encourages reporting absolute risk
under each strategy (often more decision-relevant than hazard ratios alone). Since GRADE evidence profiles
require absolute effect estimates over a defined time horizon for each outcome of interest, the
implementation of the target trial emulation framework into common practice in rheumatology would
facilitate integration into systematic reviews and guideline panels [18].

To illustrate the process of going through the 10 steps of a target trial emulation mentioned above,
Figure 1 goes through the 2009 Hetland study comparing Infliximab, Etanercept and Adalimumab head-to-
head, based on observational data from the Danish nationwide rheumatology biologics registry (DANBIO)
register [19].

Conclusion and perspectives for evidence-based rheumatology

Causal inference in rheumatology increasingly relies on integrating evidence from randomized trials and
real-world data, rather than treating them as competing sources of knowledge. While randomized trials
remain the reference standard for establishing causal effects, they cannot feasibly address all clinically
relevant questions in heterogeneous, chronic, and evolving rheumatic diseases [19]. In this context, the
target trial framework provides a coherent design-based approach for extracting decision-relevant causal
estimates from observational data while making assumptions, limitations, and sources of bias explicit [20,
21].

For evidence-based rheumatology, the value of the target trial framework lies not in elevating non-
randomized studies to the status of randomized trials, but in clarifying what causal question is being
answered, under which conditions, and with what degree of credibility. By enforcing explicit specification of
eligibility criteria, treatment strategies, timing, outcomes, and causal estimands, target trial emulation
reduces common design-related biases and improves transparency, interpretability, and reproducibility.
Importantly, it aligns observational analyses more closely with the logic of pragmatic trials and encourages
reporting formats that are directly relevant to clinical and guideline decision-making, including absolute
risks under alternative treatment strategies.

The target trial emulation framework carries implications for the evaluation of new therapeutic
targets, where the exposure of interest is often a biomarker measured at a single time point. Mendelian
randomization and target trial emulation are complementary approaches in this setting: Mendelian
randomization uses genetic variants as natural experiments to probe causal relevance, and target trial
emulation operationalizes the clinical question of whether a biomarker-defined population benefits from a
specific intervention. In both cases, the biomarker measurement must genuinely precede treatment
assignment, and when the biomarker itself drives prescribing, confounding by indication is structural
rather than incidental. Specifying time zero in relation to the biomarker measurement and justifying its role
using a causal diagram allows investigators to distinguish whether the question concerns the predictive
value of the biomarker, its causal role, or its capacity to define a population in whom a particular treatment
is more effective.

As rheumatology increasingly turns to registries, electronic health records, and other real-world data
sources to evaluate long-term effectiveness, safety, and treatment sequencing, adopting a target trial
mindset offers a principled way forward [9]. It provides a shared conceptual language for clinicians,
methodologists, and guideline panels to assess when non-randomized evidence can complement
randomized trials, when it can provisionally inform decisions, and when uncertainty remains too great [8].
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Hetland et al.

Hetland et al. compared ACR70 response, remission, and drug survival across
adalimumab, etanercept, and infliximab in 2,326 TNF-naive RA patients in DANBIO.
Outcomes were assessed at six and twelve months and drug survival up to 48
months. The question was framed as a comparison.

Hetland et al. defined inclusion criteria, outcomes, follow-up rules, and an analysis
plan in the methods section. The design was built around what was available in
DANBIO. There was no target trial protocol.

Hetland et al. ascertained eligibility, outcomes, and follow-up from DANBIO
records. No target trial protocol was mapped to the data. However, three
important limitations were noted in the Discussion: infliximab patients were often
assessed on the day of infusion when drug levels were lowest, while subcutaneous
patients were assessed independently of injection timing, among infliximab
patients withdrawing for lack of efficacy after week 26, 51% had received a dose
increase to 169% of standard, and the potential for bias by indication, channelling,
and performance bias inherent to observational comparisons

Hetland et al. defined time zero as the date of first biologic dose, with eligibility and
outcome counting aligned at the same point. Patients who withdrew before six
months (n=449) were excluded from the crude analyses but retained in the drug
survival analyses, with adjustment applied to the analyses to account for early
discontinuation.

Hetland et al. classified patients by their initiating drug and followed them from
time zero, approximating an intention-to-treat approach for drug survival. For six-
month response outcomes, early withdrawers were excluded. No distinction
between an intention-to-treat and a per-protocol analysis was stated.

Hetland et al. adjusted the drug comparison for sex, age, disease duration, DAS28,

seropositivity, methotrexate, prednisolone, HAQ score, and number of prior

DMARDs. Baseline differences between drug groups were handled as confounders.

Drug-by-covariate interactions were formally tested and none were detected.
pensity score gave it results.

Hetland et al. defined treatment assignment as the first biologic initiated, with
clear assignment at the individual level. Drug survival was censored at the date of
first missed dose. Among infliximab patients who withdrew for lack of efficacy after
week 26, 51% had received a dose increase to 169% of standard, meaning that the
drug survival analysis partly captures the effect of a modified rather than the
originally assigned strategy.

Hetland et al. used logistic regression for binary outcomes, yielding adjusted odds
ratios, and a Cox model for drug survival. Crude absolute response rates were also
reported.

Hetland et al. pre-specified analyses classifying all withdrawers as non-responders,
restricting to patients starting after January 2003 to ensure all three drugs were on
the market simult: usly, propensity score I and i I
Results were consistent throughout. The differences in assessment timing between
drugs were described qualitatively but not quantified.

Hetland et al. reported patient flow, baseline characteristics by drug, crude
response rates at six and twelve months alongside response rates adjusted for
early discontinuation, adjusted odds ratios and hazard ratios with confidence
intervals, and Kaplan-Meier survival curves with numbers at risk. The objective
decrease in CRP supported the resp findings. The timing issue for
infliximab was disclosed proactively.

State the causal question in
target trial form

Draft the target trial
protocol explicitly

Map each protocol
o component to your

observational data

!

Define time zero correctly
and synchronize the three
alignments

° Choose your causal contrast

Pre-specify confounders
using a causal rationale

!

Handle ambiguity in
treatment assignment with
appropriate design tools

|

Choose an estimator
consistent with your
estimand

Plan and run sensitivity and
robustness analyses

Report results like a
pragmatic trial

Had this been a target trial emulation }

The question would have been written as a trial protocol: among biologic-naive RA
patients initiating their first TNF inhibitor, what is the difference in probability of
ACR70 at six months between the three drugs? Population, treatment strategies,
comparator, outcome, follow-up window, causal contrast, and both absolute and
relative effect measures would all be defined before data are accessed.

Aformal protocol would have been written before examining the data, specifying
eligibility criteria, treatment strategies, assignment procedures, outcomes, start
and end of follow-up, the primary causal estimand, identifying assumptions, and
the analysis plan. The protocol would serve as the reference point, with the data
subsequently mapped to it.

Each protocol component would be mapped to the data before analysis, with
explicit acknowledgement of what could not be well captured and why. The
differences in assessment timing between drugs and the dose escalation in the
infliximab group would be addressed in the protocol design rather than raised after
the results are known.

Time zero would be set at the date of the first biologic dose, so that eligibility,
treatment assignment, and the start of follow-up all coincided at the same point in
time. This would avoid immertal time bias and the inclusion of prevalent users,
since no follow-up time would be counted before treatment actually started.
Hetland et al. did this.

The primary analysis would be declared as intention-to-treat, reflecting the effect
of the prescribing decision regardless of what happened afterwards. A per-protocol
analysis estimating the effect under continued adherence would be planned
separately, as the two answer different clinical questions.

The choice of adjustment variables would be justified, preferrably using a causal
diagram, before the analysis, showing which variables are necessary to achieve a
fair comparison and which should be left out.

Where treatment strategies cannot be distinguished at a single time point, cloning,
censoring, and inverse probability of censoring weighting would have been used.
Each eligible patient is represented in every strategy compatible with their data at
time zero, censored at the moment their observed history becomes incompatible
with the assigned strategy, and weighted to recover the distribution of outcomes
that would have been observed under continued adherence.

The primary result would be the absolute probability of ACR70 under each drug,
estimated for the full eligible population rather than for a specific covariate
pattern.

Sensitivity analyses would have been anchored to specific assumptions in the
protocol: alternative operationalisations of exposure, eligibility, and outcomes;
alternative adjustment sets corresponding to different causal diagrams;
quantitative bias analysis to bound the assessment timing bias; and negative or
positive control outcomes to probe residual confounding in the data source.

Results would have been reported in a trial-like format: a CONSORT-style
participant flow diagram, a baseline table by strategy showing balance before and
after adjustment, a figure displaying the main message, a follow-up summary with
censoring reasons, and absolute risks under each strategy alongside relative
measures, all with confidence intervals.

Figure 1. Applying the ten steps to an already well-conducted observational study [19].

In this way, the target trial framework strengthens the methodological foundations of evidence-based
rheumatology by shifting emphasis from analytic sophistication to causal clarity, from design labels to
estimands, and from implicit assumptions to transparent reasoning [22].
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RCTs: randomized controlled trials
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