
Vol. 60 - No. 1	 European Journal of Physical and Rehabilitation Medicine	 145

European Journal of Physical and Rehabilitation 
Medicine
February 2024
Vol. 60 - No. 1

S P E C I A L  A R T I C L E
C O C H R A N E  R E H A B I L I T A T I O N  C O R N E R 

5 t h  C O C H R A N E  R E H A B I L I T A T I O N  M E T H O D O L O G I C A L  M E E T I N G

Introduction to target trial emulation in rehabilitation: 
a systematic approach to emulate a randomized 

controlled trial using observational data
Pierre CÔTÉ 1, Stefano NEGRINI 2, 3, Sabrina DONZELLI 4, 5, Carlotte KIEKENS 3, 

Chiara ARIENTI 6, Maria G. CERAVOLO 7, Douglas P. GROSS 8, Irene BATTEL 2 *, 
Giorgio FERRIERO 9, 10, Stefano G. LAZZARINI 6, Bernard DAN 11, 12, Heather M. SHEARER 1, 13, 

Jessica J. WONG 1, Participants in the 5th Cochrane Rehabilitation Methodological Meeting ‡

‡ Members are listed at the end of the paper.

1Institute for Disability and Rehabilitation Research, Faculty of Health Sciences, Ontario Tech University, Oshawa, ON, Canada; 
2Department of Biomedical, Surgical and Dentals Sciences, University “La Statale”, Milan, Italy; 3IRCCS Istituto Ortopedico Galeazzi, 
Milan, Italy; 4Department of Orthopedics, University Medical Center, Utrecht, the Netherlands; 5Harvard T.H. Chan School of Public 
Health, Boston, MA, USA; 6IRCCS Fondazione Don Carlo Gnocchi, Milan, Italy; 7Department of Experimental and Clinical Medicine, 
Polytechnic University of Marche University, Ancona, Italy; 8Department of Physical Therapy, University of Alberta, Edmonton, AB, 
Canada; 9Department of Biotechnology and Life Sciences, University of Insubria, Varese, Italy; 10Physical Rehabilitation Medicine Unit, 
Scientific Institute of Tradate IRCCS, Istituti Clinici Scientifici Maugeri, Tradate, Varese, Italy; 11Faculty of Psychology and Educational 
Sciences, Université Libre de Bruxelles, Brussels, Belgium; 12Inkendaal Rehabilitation Hospital, Vlezenbeek, Belgium; 13Division of 
Research, Canadian Memorial Chiropractic College, Toronto, ON, Canada
*Corresponding author: Irene Battel, Department of Biomedical, Surgical and Dentals Sciences, University “La Statale”, Via Festa del Perdono 7, 20122 
Milan, Italy. E-mail: irene.battel@gmail.com

This is an open access article distributed under the terms of the Creative Commons CC BY-NC-ND license which allows users to copy and 
distribute the manuscript, as long as this is not done for commercial purposes and further does not permit distribution of the manuscript if 
it is changed or edited in any way, and as long as the user gives appropriate credits to the original author(s) and the source (with a link to 
the formal publication through the relevant DOI) and provides a link to the license. Full details on the CC BY-NC-ND 4.0 are available at 
https://creativecommons.org/licenses/by-nc-nd/4.0/.

ABSTRACT      
Rehabilitation providers and policymakers need valid evidence to make informed decisions about the healthcare needs of the population. When-
ever possible, these decisions should be informed by randomized controlled trials (RCTs). However, there are circumstances when evidence needs 
to be generated rapidly, or when RCTs are not ethical or feasible. These situations apply to studying the effects of complex interventions, including 
rehabilitation as defined by Cochrane Rehabilitation. Therefore, we explore using the target trial emulation framework by Hernán and colleagues 
to obtain valid estimates of the causal effects of rehabilitation when RCTs cannot be conducted. Target trial emulation is a framework guiding the 
design and analysis of non-randomized comparative effectiveness studies using observational data, by emulating a hypothetical RCT. In the con-
text of rehabilitation, we outline steps for applying the target trial emulation framework using real world data, highlighting methodological consid-
erations, limitations, potential mitigating strategies, and causal inference and counterfactual theory as foundational principles to estimating causal 
effects. Overall, we aim to strengthen methodological approaches used to estimate causal effects of rehabilitation when RCTs cannot be conducted.
(Cite this article as: Côté P, Negrini S, Donzelli S, Kiekens C, Arienti C, Ceravolo MG, et al.; Participants in the 5th Cochrane Rehabilitation Meth-
odological Meeting. Introduction to target trial emulation in rehabilitation: a systematic approach to emulate a randomized controlled trial using 
observational data. Eur J Phys Rehabil Med 2024;60:145-53. DOI: 10.23736/S1973-9087.24.08435-1)
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Establishing clinical equipoise is necessary yet chal-
lenging and should be demonstrated by conducting a sys-
tematic review of the literature, conducting qualitative 
research or surveying experts, health care providers and 
patients, and by understanding patient preferences.10 The 
ethical conduct of an RCT also requires that the interven-
tions being tested do not exceed accepted minimal risks. 
For example, it would be unethical to estimate the effects 
of high-dose opioids on pain intensity in children with ce-
rebral palsy because of the high risk of addiction and other 
side effects.

There are also situations when conducting an RCT is 
not feasible because evidence is urgently needed to make 
clinical timely decisions (e.g., rehabilitation for patients in 
emergency situations), the costs of conducting an RCT can 
be prohibitive (e.g., robotic rehabilitation combined with 
brain-computer interface technology for patients with spi-
nal cord injury) and recruiting enough participants may not 
be possible because a disease is rare. In rehabilitation, RCTs 
are often not feasible as interventions in rehabilitation have 
small effects and the disease may be rare, posing challenges 
with sample size and reliability. Nonetheless, evidence is 
strongly needed and strategies with alternative study de-
signs can overcome these challenges. Finally, as described 
by Shearer et al.,9 testing the effectiveness of rehabilitation 
in an RCT requires that preliminary research supports its 
feasibility, potential benefits, and safety for patients.

Rehabilitation and comparative effectiveness

According to Cochrane Rehabilitation, rehabilitation in-
cludes a multimodal, person-centered, and collaborative 
process, that targets a person’s capacity or contextual fac-
tors related to performance with the goal of optimizing 
functioning.9, 11 Rehabilitation is inherently complex and 
needs to be tailored to an individual’s needs. The com-
plexity of rehabilitation resides in its structure, delivery 
mode and targeted outcomes, while its design requires 
combining clinical interventions and technologies, clini-
cians, settings, and recipients of the intervention (patients, 
family, and community). Therefore, applying the target 
trial emulation framework to rehabilitation necessitates 
careful consideration of the complexity of the experimen-
tal and control interventions. Since rehabilitation needs to 
be tailored to the specific needs of study participants, it is 
necessary that the sources of data used to emulate a trial 
describe the ingredients of the rehabilitation program in 
sufficient detail for clinicians to understand what and how 
it was tailored to patients’ individual needs. This descrip-

Rehabilitation providers need quality evidence to make 
timely clinical decisions. Similarly, policymakers re-

quire valid research to plan and implement healthcare de-
livery models that address emerging rehabilitation needs 
in the population. In an ideal world, these decisions should 
be informed by randomized controlled trials (RCTs). 
However, in circumstances where RCTs are not warranted 
or possible (e.g., when effectiveness data is urgently need-
ed, RCTs are not ethical or feasible for various reasons 
including costs), best practices or observational studies are 
often used to inform clinical decisions. For example, the 
delivery of rehabilitation to patients with moderate to se-
vere COVID-19 during the early phases of the pandemic1-3 
or the field of stroke rehabilitation4 are largely informed 
by best practices and observational studies. Therefore, it 
is necessary to consider how alternative designs to RCTs 
can provide valid estimates of the cause-and-effect rela-
tionship between an intervention for rehabilitation and 
functioning.

Target trial emulation is a framework used to guide the 
design and analysis of comparative effectiveness (non-
randomized) studies using “real world” observational data 
that emulates a hypothetical RCT. In this article, we ex-
plore how applying the target trial emulation framework by 
Miguel Hernán and colleagues can provide valid estimates 
of the causal effects of rehabilitation when RCTs cannot 
be conducted.5, 6 Furthermore, we outline the methodology 
used to design cohort studies and quasi-experimental stud-
ies based on target trial emulation, including trial protocol 
development and the use of observational data necessary 
to make causal inferences. As illustrated below, our dis-
cussion focuses on investigating the comparative effec-
tiveness of rehabilitation grounded in causal inference and 
extends the principles of benchmarking-controlled trials 
proposed by Malmivaara.7

Ethics, scientific justification, feasibility, 
and timeliness of RCTs: a balancing act

It is indisputable that RCTs are the design of choice to 
answer causal questions about the effectiveness of an in-
tervention, such as rehabilitation. The methodological ad-
vantage of RCTs comes from the ability to control for con-
founding through randomization. However, randomization 
is indicated under specific circumstances: 1) when clini-
cal equipoise is present;8 2) when the interventions being 
tested do not exceed accepted minimal risks; 3) when it is 
acceptable to patients; or 4) previous research justifies its 
conduct.9
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‘potential outcome’). Let us apply counterfactual theory 
to studying whether a vocational counselling intervention 
is associated with return to work in patients with rheuma-
toid arthritis. To determine whether vocational counselling 
improved the return-to-work rate requires that we answer 
the question “Would the patients have returned to work at 
the same time (outcome) had they not received vocational 
counselling?”. In an ideal situation, we would be able to 
observe the outcome for the same patients at the same time 
but treated with usual care instead of vocational counsel-
ling. Of course, this is not possible, and we cannot make 
this observation; it is counterfactual. Since observing the 
outcome in the same individuals at the same time under 
two distinct intervention scenarios is impossible, we must 
rely on comparative experiments to estimate the effect of 
an intervention.

To make causal inferences using counterfactual theory, 
a study must meet the exchangeability, or “no confound-
ing and no selection bias” assumption. Exchangeability 
implies that the groups being compared (exposed and un-
exposed) are similar in all aspects that are of importance 
to the outcome, except for the exposure.16, 17 Achieving ex-
changeability is straightforward in randomized controlled 
trials but more challenging in observational studies. In ob-
servational studies, achieving exchangeability hinges on 
adequately controlling for confounding, including unmea-
sured factors through design (e.g., self-controlled studies, 
Directed Acyclic Graphs (DAGs) and negative control ex-
posures) or analysis (e.g., instrumental variables or model-
based adjustment for confounders).18, 19

tion requires that the data about the intervention are suf-
ficiently detailed to differentiate the experimental from the 
control group and allow the valid classification of patients 
into the correct intervention group.

It is useful to consider the emulated target trial by Heil 
et al. to illustrate how rehabilitation compared within a 
target trial intervention framework should be described.12 
The authors aimed to determine the effectiveness of a mul-
timodal prehabilitation program compared with usual care 
in high-risk patients with colorectal cancer who underwent 
elective colorectal surgery. The detailed treatment strate-
gies (multimodal prehabilitation versus usual care) as de-
scribed by Heil et al.12 are outlined in Table I. Heil et al. 
provided adequate details of the intervention and compari-
son groups, including all components and provider details 
of the multimodal prehabilitation program and usual care, 
respectively.12 These details were captured in the data 
source they used and allowed for correct classification of 
patients into the two groups when emulating a target trial.

Causal inference

Making valid causal inferences requires that we use coun-
terfactual theory.13-15 In an ideal situation, we would com-
pare the potential outcomes for the same individual un-
der two contrasting conditions (e.g., treatment A versus 
treatment B) for causal inference. However, one of these 
conditions is real (factual) and the outcome can be ob-
served, while the other condition is counterfactual and the 
outcome cannot be observed (termed ‘counterfactual’ or 

Table I.—��Treatment strategies described by Heil et al.,12 used in their study to determine the effectiveness of a multimodal prehabilita-
tion program compared with usual care in high-risk patients with colorectal cancer who underwent elective colorectal surgery.
Description of multimodal prehabilitationprogram Description of usual care
•	Multimodal prehabilitation consisted of case management of a specialized oncology nurse and 

anemia treatment.
•	In addition, patients were strongly advised to reduce intoxications (smoking cessation and 

reduction of alcohol intake).
•	During intake with the physical therapist, a personalized exercise program was made for each 

participant.
•	Each patient received tailored nutritional advice from a dietician. The exercise program designed 

by the physical therapist contained two components: 1) three times a week, for at least 3 weeks, 
a 60 min high-intensity training in the hospital supervised by a physical therapist; 2) four times 
a week for at least 60 min, a non-supervised low-intensity endurance training at home (e.g., 
walking or biking).

•	During the intake with a dietician, patients received tailored nutritional advice to achieve a total 
protein intake of 1.9 g per kg of lean body mass per day. Patients were also advised to take an 
additional 0.4 g per kg protein, within 1 h before high-intensity training and daily before bedtime. 
If necessary, protein shakes were prescribed to achieve this intake.

•	During prehabilitation, patients were followed by a dietician with a final consultation at the end of 
the program.

•	Anemia treatment as indicated (using 
intravenous iron medication or blood 
transfusion per protocol)

•	A 30-minute preoperative assessment with the 
physical therapist for breathing exercises

•	A preoperative calculation of the nutritional 
assessment score (SNAQ). In case the 
SNAQ-score ≥3, patients were referred for a 
consultation with a dietician.

•	Patients were accompanied from diagnosis to 
the end of the treatment trajectory (including 
both surgery and chemotherapy) by a 
specialized oncology nurse who provided 
detailed information about the diagnosis and 
treatment process, as well as psychological 
support.

•	On indication, a psychologist was consulted
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lenges to conducting an RCT comparing dedicated versus 
non-dedicated units for inpatient stroke rehabilitation, as 
these units represent complex interventions rolled out to dif-
ferent facilities at different times, and an RCT with a 2-year 
follow-up to assess the risk of stroke would be time- and 
resource-intensive. If we are unable to conduct an RCT to 
answer this causal question, we can consider emulating a 
target trial with analyses of observational data. Target trial 
emulation involves two steps:

Step 1: Articulating the causal question and protocol

The causal question and protocol would be formulated as 
though we were designing a hypothetical RCT. This causal 
question would be the question we ask if we could design 
an RCT e.g., What is the effect of inpatient stroke rehabili-
tation delivered through dedicated facility units compared 
to inpatient stroke rehabilitation delivered through non-
dedicated stroke rehabilitation units on risk of fracture 
(within 2 years post-stroke) in older adults with a diag-
nosis of stroke? (Table II). The protocol outlines key ele-
ments (termed “causal estimands”) of a randomized trial 
representing the target study to answer this causal ques-
tion. This includes eligibility criteria, treatment strategies, 
treatment assignment, start and end of follow-up, out-
comes, causal contrasts, and analysis plan5, 6 (Table III).

Target trial protocol for our example

Using the example of inpatient stroke rehabilitation, we 
would start by designing a comparative effectiveness 
study with clear eligibility criteria for the sample (compo-
nent #1), e.g., older adults (aged ≥65 years) with a diagno-
sis of stroke or TIA, with specific inclusion and exclusion 
criteria listed in Table III. Component #2 describes the 
treatment strategies. For example, this can be dedicated 
units versus non-dedicated units of inpatient stroke reha-
bilitation.22 Component #3 describes how participants are 
assigned to a treatment strategy in this hypothetical RCT, 
e.g., randomly assigned to dedicated versus non-dedicated 
stroke rehabilitation units at baseline in this target RCT. 

Applying the target trial emulation framework 
to quantify the effect of rehabilitation

As described earlier, it is impossible to observe the out-
come in the same individual at the same time under two 
contrasting treatment conditions. To overcome this fun-
damental problem, we can move to estimating population 
causal effects, which involves comparing outcomes under 
different conditions between comparable groups. Tied to 
the previous example, to quantify the effect of vocational 
counselling (as an example of rehabilitation) on return 
to work in patients with rheumatoid arthritis, the rate of 
return to work can be compared between groups of pa-
tients who received vocational counselling to those who 
did not receive vocational counselling (but received usual 
care instead). Ideally, these patients with rheumatoid ar-
thritis would be randomly assigned to the two groups to 
ensure that they are comparable (exchangeable) at base-
line. Therefore, any differences in return-to-work rates 
can be attributed to vocational counselling as opposed to 
prognostic differences between the two groups. RCTs also 
provide the advantage of clearly specifying time zero for 
each participant (time of randomization to the assigned 
treatment group), which is important for causal inference.

If an RCT cannot be conducted due to feasibility, ethi-
cal issues, or time/resource constraints, observational stud-
ies can be designed to incorporate these key features of an 
RCT for causal inference. Applying the target trial emula-
tion framework, developed by Hernan and colleagues, fa-
cilitates this by explicitly emulating a hypothetical RCT that 
is designed to answer the causal question at hand, which is 
known as the ‘target trial’.5, 6, 20, 21 Suppose we would like 
to design a study to determine the effect of dedicated units 
of inpatient stroke rehabilitation (a specific model of ser-
vice delivery in Ontario, Canada) on the risk of fractures in 
adults with a diagnosis of stroke or transient ischemic attack 
(TIA). Regarding this specific model of service delivery, 
dedicated units for inpatient stroke rehabilitation are units 
in rehabilitation facilities with beds and therapists dedicated 
to patients with stroke (Table II).22 There are potential chal-

Table II.—��Example of causal question related to rehabilitation using Population, Intervention, Comparison, Outcome and Time (PI-
COT) framework.
PICOT Component Example
Population Older adults (aged ≥65 years) with a diagnosis of stroke
Intervention Dedicated units for inpatient stroke rehabilitation (units with geographically distinct, stroke-dedicated beds and dedicated 

therapists)22

Comparison Non-dedicated units for inpatient stroke rehabilitation
Outcome Risk of fracture
Time (of follow-up) 2 years after baseline (i.e., after index date of stroke)
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trial represents the target study for causal inference. This 
step involves adapting the target trial protocol to using ob-
servational data, which includes finding eligible individu-
als, assigning eligible individuals to a treatment strategy 
based on what is documented in the observational data, 
following individuals from time zero (time of treatment 
assignment) up to the outcome or end of follow-up, and 
developing an analytic plan aligned with the target trial 
with the addition of adjusting for baseline confounders 
to emulate randomization. To guide the study design and 
analysis, directed acyclic graphs (DAGs) are used to rep-
resent relationships between variables, including the expo-
sure or treatment assignment, the outcome, and confound-
ers.18, 19 This guides the conceptual thinking on whether 
certain variables are confounders, including measured 
and unmeasured confounders. Emulating the target trial 
requires that the necessary data elements are captured in 
the observational data source, as outlined in Table III. For 

Component #4 describes the follow-up period from base-
line (time zero, starts at randomization) to the outcome or 
end of follow-up, such as ending at the outcome (fracture), 
death, loss to follow-up, or 2 years after baseline. Compo-
nent #5 states the outcome of interest, e.g., risk of fracture 
within 2 years after baseline (i.e., after index date of stroke 
or TIA). Component #6 refers to causal contrasts such 
as intention-to-treat effect or per-protocol effect. Lastly, 
component #7 describes the analysis plan, which would 
emulate the analysis intended for the target trial, such as to 
estimate the intention-to-treat or per-protocol effect.

Step 2: Execution of target trial emulation - Emulating 
the components of a protocol representing the target trial

The protocol components representing a target trial (hy-
pothetical randomized trial) would be emulated using ob-
servational data (Table III). This hypothetical randomized 

Table III.—��Components of protocol using the target trial emulation framework5, 6, 20, 21 applied to estimating the effect of a type of reha-
bilitation unit on the risk of fracture in older adults with stroke.
# Protocol component Specification of target trial Emulation of target trial using observational data
1 Eligibility criteria •	Inclusion criteria: Older adults (aged ≥65 years) with a 

diagnosis of stroke or transient ischemic attack
•	Exclusion criteria: Adults with subarachnoid hemorrhage 

or with preexisting hemiparesis (for those with transient 
ischemic attack)

•	Same as specification
•	Required in observational data: age, diagnosis 

of stroke or transient ischemic attack, history 
of subarachnoid hemorrhage, pre-existing 
hemiparesis

2 Treatment strategies •	Dedicated units for inpatient stroke rehabilitation (units with 
geographically distinct, stroke-dedicated beds and dedicated 
therapists).22 This represents one model of service delivery in 
Ontario

•	Non-dedicated units for inpatient stroke rehabilitation, 
representing a different model of service delivery

•	Same as specification
•	Required in observational data: dedicated 

versus non-dedicated units for inpatient stroke 
rehabilitation

3 Assignment procedures •	Participants will be randomly assigned to dedicated units 
of inpatient stroke rehabilitation or non-dedicated units of 
inpatient stroke rehabilitation at baseline

•	Participants will be aware of treatment assignment (cannot be 
blinded due to the nature of the intervention)

•	Different from specification (i.e., no 
randomization)

•	Eligible persons will be assigned to dedicated 
versus non-dedicated units of inpatient stroke 
rehabilitation based on what was documented 
in observational data at the time of eligibility

4 Follow-up period •	Begins at randomization (baseline)
•	Ends at fracture, loss to follow-up, death, or 2 years after 

baseline

•	Same as specification
•	Required in observational data: date of fracture, 

date of loss to follow-up, date of death
5 Outcome •	Low-trauma fracture that occurred within 2 years of index 

stroke, defined as any fracture of the femur, forearm, 
humerus, pelvis, or vertebrae and excludes fractures from 
trauma, traffic collisions, falls from a height, or in people 
with active cancer6

•	Same as specification
•	Required in the observational data source: 

Fracture, including type of fracture, cancer data

6 Causal contrasts of interest •	Intention-to-treat effect
•	Per-protocol effect

•	Observational analogue of intention-to-treat 
effect

7 Analysis plan •	Comparison of fracture risk among participants assigned to 
dedicated units versus non-dedicated units of inpatient stroke 
rehabilitation

•	Intention-to-treat or per-protocol analysis
•	All analyses adjust for baseline confounders/prognostic 

factors

•	Analyses adjusting for baseline confounders/
prognostic factors

•	Required in observational data: All baseline 
confounders/prognostic factors
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tors including hemiplegia/hemiparesis, visual impairment, 
stroke type and severity, cognitive function, and functional 
status after stroke.22, 26

Use of observational data for target trial emulation

Target trial emulation typically involves analysis of ob-
servational data from large databases, such as disease reg-
istries, population health surveys, administrative data, or 
potentially multiple data sources that are linked. This is 
because the observational data needs to capture informa-
tion aligned with the eligibility criteria, treatment strat-
egy, outcome, and a wide range of potential confounders 
to emulate the target trial. This is the necessary data re-
quirement to execute target trial emulation for our exam-
ple of inpatient stroke rehabilitation (Table IV provides 
an example of these data sources). For example, if obser-
vational data sources do not measure the components of 
the rehabilitation program or the outcome of interest, we 
would not be able to emulate the target trial. Similarly, if 
the observational data sources do not capture information 
on a wide range of potential confounders, there is the risk 
of residual confounding from unmeasured confounders 
and the emulated study would not provide valid estimates 
of effects. If applicable, it is important to consider the fea-
sibility of linking multiple databases if needed to conduct 
target trial emulation for the research at hand, as there 
may be ethical or administrative barriers to data linkages. 
Our target trial example focused on inpatient stroke re-
habilitation proposes the use of multiple large registries 
and administrative databases that can be linked at ICES 
(originally known as the Institute for Clinical Evaluative 
Sciences) (Table IV).

this example, we needed data on the diagnosis of stroke 
(population), type of inpatient stroke rehabilitation (treat-
ment strategy), fracture risk (outcome), and a wide range 
of prognostic factors (confounders), in addition to other 
data elements for the eligibility criteria and lost to follow-
up. This represents the necessary data requirement to ex-
ecute target trial emulation. Therefore, when designing a 
comparative effectiveness study with observational data 
for target trial emulation, we need to map the observation-
al data and analysis onto the specifications of the target 
trial. However, due to data constraints, we may need to 
modify the protocol components, such as eligibility crite-
ria, treatment strategies, outcome, or follow-up period. We 
aim to design a target trial as close to the ideal trial as pos-
sible based on available observational data by outlining 
the protocol, describing how observational data is used to 
emulate the target trial, and explaining how the target trial 
differs from the ideal trial.6, 23-25

Regarding the analytic plan using observational data, 
we aim to examine the intention-to-treat effect, which 
compares the outcomes of groups assigned to each treat-
ment at baseline, where possible based on the observa-
tional data available.5, 6, 20, 21 This includes comparing the 
initiation of different treatments (e.g., data on the prescrip-
tion of different drugs) as an observational analog of the 
intention-to-treat analysis. Baseline confounders are ac-
counted for in the analysis in the absence of randomization 
to a treatment strategy. In our example, the analytic plan 
includes adjustment of baseline confounders/prognostic 
factors, and potential confounders of the association be-
tween service delivery of inpatient rehabilitation and risk 
of fracture include age, sex, previous fractures and health-
related conditions, medication use, and stroke-specific fac-

Table IV.—��Description of linked data holdings at ICES for target trial emulation in the stroke rehabilitation example.
Description of ICES (originally known as the 
Institute for Clinical Evaluative Sciences) Examples of data holdings at ICES used for stroke rehabilitation example

•	In the stroke rehabilitation example of this paper, answering 
the proposed causal question using target trial emulation could 
be conducted using data holdings at ICES, including linked 
registry databases and population-based administrative data

•	ICES is an independent, non-profit research institute whose 
legal status under Ontario’s health information privacy law 
allows it to collect and analyze health care and demographic 
data, without consent, for health system evaluation and 
improvement.

•	Data holdings at ICES, including linked registry databases and 
population-based administrative data, could be used for Target 
Trial Emulation of the stated example because they capture 
relevant information on inpatient stroke rehabilitation, risk of 
fracture, a wide range of potential confounders, and other data 
elements as described in Table III

•	Ontario Stroke Registry, which collects clinical information on a population-based 
sample of patients with stroke or TIA seen at all acute care institutions in Ontario

•	National Rehabilitation Reporting System (NRS), which collects data on inpatient 
rehabilitation, including rehabilitation services for stroke and TIA

Ontario Stroke Registry and NRS can be linked to administrative databases using 
unique, encoded patient identifiers:

•	Canadian Institute for Health Information Discharge Abstract Database (CIHI-
DAD) and National Ambulatory Care Reporting System (NACRS) to capture 
hospitalizations and emergency department visits for fractures, falls, and other 
medical conditions

•	Ontario Health Insurance Plan (physician claims) database to capture outpatient 
physician visits and procedures

•	Registered Persons Database (RPDB) to identify deaths
•	Ontario Drug Benefits database to capture medication claims (for those ≥65 

years)
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versus untreated).27 This involves conducting a logistic 
regression model that includes the potential confounders 
as independent variables and treatment assignment (e.g., 
treated versus untreated) as the dependent variable to com-
pute and output the propensity score. Subjects between 
the two treatment groups can be matched on this propen-
sity score, and balance diagnostics assessed to determine 
whether there is sufficient balance in baseline covariates 
(<10% standardized mean difference).28 The propensity-
score matched cohort can then be used to assess for dif-
ferences in the outcome(s). Details on propensity score 
methods can be found in Austin’s introduction to propen-
sity score methods,27 which provides other resources on 
these methods.

It is important to acknowledge that residual confound-
ing from unmeasured confounders remains a limitation of 
a comparative effectiveness study using target trial emu-
lation. Nevertheless, if there is unmeasured confounding 
(i.e., confounder not captured in the observational data 
source), methods can be used to estimate its potential 
impact, with various methods further described by Lash 
et al.29, 30 and VanderWeele et al.31, 32 As one approach, 
quantitative bias analyses can be conducted as a sensi-
tivity analysis to assess the potential impact of residual 
confounding from unmeasured confounders.31, 32 Among 
various methods within quantitative bias analyses, an ap-
proach by VanderWeele et al. assesses how robust an as-
sociation is to potential unmeasured confounding through 
a measure called the E-value.32 E-value is defined as the 
minimum strength of association (on the risk ratio scale) 
that an unmeasured confounder would need to have with 
both the exposure and outcome to fully explain away the 
observed exposure-outcome association, conditional on 
measured covariates.32 A large E-value suggests that con-
siderable unmeasured confounding (i.e., an unmeasured 
confounder strongly associated with both the treatment 
and outcome) would be needed to explain away an effect 
estimate:31 This allows researchers and others to consider 
how robust treatment-outcome associations are by assess-
ing whether confounder associations of that magnitude are 
likely plausible.32

Calculation of E-value in quantitative bias analysis

For an observed risk ratio (RR), the E-value calculation is:32

E-value = RR + √[RR×(RR‒1)].
The mathematical proof for this E-value formula is de-

scribed elsewhere.33 This formula applies to an RR>1, so 
for RR<1, the inverse of the observed RR is used in the 

Overall, the target trial emulation framework guides the 
design of comparative effectiveness studies using obser-
vational data to emulate a protocol that would be used for 
the target trial (randomized trial). In the example above, 
potential challenges to conducting this RCT on examining 
the effects of dedicated units of inpatient stroke rehabilita-
tion on the risk of fracture include the use of rehabilitation 
process rolled out in different units over time, feasibility, 
and resources concerning 2-year follow-up for assessing 
the risk of fracture. To inform timely decisions on types of 
inpatient stroke rehabilitation, we can consider designing 
comparative effectiveness studies that emulate the target 
trial causal question and adapt the target trial protocol us-
ing observational data. Therefore, this framework can be 
used to apply principles of causal inference to estimate the 
effects of rehabilitation when a randomized trial cannot be 
conducted, such as because of feasibility, ethical reasons, 
or time/resource constraints.

Limitations of target trial emulation

To emulate randomization to the intervention versus com-
parison, we need to adjust for confounders to ensure com-
parability of the two groups at baseline. The selection of 
confounders should be informed by DAGs.18, 19 Various 
methods can be used to control for confounders, includ-
ing matching (e.g., propensity score matching), stratifica-
tion or regression, standardization or inverse probability 
weighting, g-estimation, or doubly robust methods, as fur-
ther described by Hernán and Robins.6 It is not possible to 
emulate the target trial, particularly random assignment, 
if the observational data used does not measure a wide 
range of potential confounders or if we do not adjust for 
identified confounders in the analysis plan. Therefore, the 
observational data source(s) requires measurement of the 
treatment strategies, outcome (including any adverse ef-
fects if possible), and potential confounders.

Example of advanced analytic method to achieve compa-
rability of groups at baseline: propensity score matching

As an example, propensity score matching can be used to 
account for a wide range of potential confounders in aims 
to achieve comparability of two groups at baseline. The 
propensity score is the probability of treatment assignment 
(e.g., receiving treatment versus no treatment) condition-
al on observed baseline characteristics.27 The propensity 
score is a balancing score, whereby conditional on the 
propensity score, the distribution of observed baseline 
covariates is similar between treatment groups (treated 
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formula. See Table V for an example of calculating and 
interpreting an E-value.

Other limitations include that target trial emulation us-
ing observational data cannot be used to study new treat-
ments not yet used in practice and not captured in obser-
vational data sources. Routine practice also does not use 
placebo/sham or blinding of outcome assessment; thus, 
studies using target trial emulation in this area emulate 
pragmatic RCTs of rehabilitation. This aligns with reha-
bilitation that tends to not have a valid placebo/sham due 
to the nature of the intervention.

Conclusions

This work describes the use of target trial emulation by 
Hernán and colleagues as applied to rehabilitation. This ap-
proach is important to obtain valid estimates of the causal 
effects of complex interventions, including rehabilitation, 
because there are circumstances when evidence needs to be 
generated rapidly, or when RCTs are not ethical or feasible. 
While there are limitations to this framework as described 
in this paper, target trial emulation serves as a methodolog-
ically robust option to RCTs. Overall, we aim to strengthen 
methodological approaches used to estimate causal effects 
of rehabilitation when RCTs cannot be conducted.
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