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I. INTRODUCTION 
Target trials emulated using observational 

data are necessarily pragmatic trials lacking a 

placebo, blind treatment assignment, and blind 

outcome ascertainment — design features that 

don’t occur in the real world. Therefore, 

observational data are not a good fit for causal 

questions that cannot be expressed in terms of a 

pragmatic trial. The table outlines the elements of 

the protocol of a target trial and its observational 

emulation. The principles of target-trial emulation 

are applicable to any causal question that can be 

translated into a contrast between sufficiently well-

defined interventions. 
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II. DESCRIPTION / MATERIAL AND 

METHODS AND FINDINGS 
One example of causal inference from 

observational data can be found in the story of the 

HIV-treatment-as-prevention strategy. In 2010, 

millions of people worldwide had HIV infection. 

With no vaccine in sight, a possible strategy for 

reducing transmission was to immediately treat 

anyone with a positive HIV test (because 

antiretroviral therapy reduces viral concentration). 

U.S. guidelines, however, recommended starting 

therapy in asymptomatic people at CD4 cell counts 

of 350 per cubic millimeter. Earlier initiation at 500 

cells per cubic millimeter or higher was not 

recommended because of concerns about drug 

toxicity and accumulating resistance. A decision to 

change guidelines required evidence about the 

effectiveness and safety of early therapy initiation, 

but no randomized trials had generated that 

evidence. 

 

In 2011, using observational data, U.S. 

clinical guidelines began recommending that 

antiretroviral therapy be initiated at 500 cells per 

cubic millimeter. Earlier, data from an international 

consortium of observational HIV cohorts had been 

used to emulate a target trial of various strategies 

for initiating antiretroviral therapy.3 The analyses 

indicated that early therapy initiation resulted in the 

lowest risk of AIDS and death, a finding later 

validated by a randomized trial of early versus 

deferred treatment initiation. 

 

This example illustrates the 

complementarity of randomized trials and 

observational analyses for causal inference: the 

effect estimates from observational data were used 

for provisional decision making until estimates 

from randomized trials became available, and 

randomized trial estimates were used as a 

benchmark for the observational analyses. After an 

emulation produces results close to the benchmark, 

there is greater confidence in expanded 

observational analyses that answer causal questions 

not considered by the randomized trial. In this case, 

the observational cohorts were also used to emulate 

target trials with outcomes (death, drug resistance) 

and in subgroups (people over 50) that could not be 

studied with precision in the randomized trial. This 

interplay between study types may fail in the 

absence of adequate target-trial emulation: 

observational analyses that did not specify a target 

trial led to implausibly high estimates of the benefit 

of early antiretroviral therapy initiation. 

 

Traditional analyses of observational data 

are often based on allocation of person-time to 

“exposed” and “unexposed” groups, rather than on 

explicit specification and emulation of a target trial. 

Resulting estimates may not correspond to a 

relevant causal contrast and therefore may not be 

easily mappable onto real-world interventions.5 

This lack of actionable causal inference arises 

frequently in traditional analyses of both medical 

and nonmedical factors. An important reason to 

explicitly specify and emulate a target trial is to 

compare well-defined courses of action, which 

helps decision makers. 

 

Another reason for emulating a target trial 

is to avert the selection and immortal time biases 

that arise from mishandling the start of follow-up 

(time zero) in analyses. As a rule, in causal 
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analyses of both randomized trials and 

observational data, each participant’s time zero 

must be the time when they meet the eligibility 

criteria and are assigned to a treatment strategy. 

This rule is automatically enforced in randomized 

trials and in observational analyses emulating 

target trials. Observational analyses deviating from 

this rule led to conclusions, which were later 

disproved, that statins reduce cancer risk and that 

estrogen-plus-progestin therapy reduces the risk of 

coronary heart disease in postmenopausal women. 

Though sometimes appropriate, deviations from 

this rule must be justified on a case-by-case basis; 

for example, given the long period between 

exposure and outcome, the effect of cigarette 

smoking on lung cancer may be approximately 

quantified even when people are not followed from 

the time they begin smoking. 

 

Causal effect estimates from observational 

analyses are often distrusted because of the lack of 

randomization, which may lead to confounded 

estimates due to noncomparable treatment groups. 

Confounding is a serious concern, but many high-

profile observational failures have resulted instead 

from mishandling of time zero. In fact, reanalyses 

of observational data that explicitly emulated a 

target trial (and thus handled time zero correctly) 

yielded estimates compatible with those from 

randomized trials in the examples above. That is, 

the observational data were sufficient to 

approximately emulate randomization (i.e., to 

adjust for confounding); the failures were caused 

by selection and immortal time biases that can be 

avoided by explicitly emulating a target trial. 

Alternatively, these biases can be avoided by 

studious application of principles of causal 

inference and study design, but the target-trial 

approach helps in implementing these principles. 

 

By itself, however, target-trial emulation 

cannot overcome confounding bias from 

noncomparable treatment groups. Despite correctly 

emulating all other components of a target trial, 

observational analyses may be invalidated if 

confounding cannot be adequately adjusted for. 

Sophisticated adjustment methods are sometimes 

necessary, but they work only when good data on 

confounders are available. Machine learning and 

artificial intelligence methods cannot compensate 

for missing data. 

 

When confounder data are not available in 

an observational database, certain causal questions 

cannot feasibly be answered. For example, 

insurance claims databases may be inadequate for 

estimating effects of preventive interventions on 

all-cause mortality. It’s important to build 

safeguards (such as negative controls) into 

observational analyses to alert investigators when 

the danger of confounding is too high. 

Confounding adjustment is also infeasible for 

causal questions involving interventions (e.g., 

antihypertensive therapy) that are used almost 

exclusively by people with risk factors for the 

outcome (e.g., cardiovascular disease). 

 

When data on confounders are 

insufficient, researchers can sometimes use 

methods such as instrumental variable estimation, 

which replace the need to adjust for confounders 

with other strong untestable conditions. For causal 

questions about the effects of an intervention (such 

as a policy change or new program) newly 

implemented in a population, the requirement for 

data on confounders for each person can, under 

certain conditions, be replaced by comparisons 

between preintervention and postintervention 

periods. For complicated causal questions 

involving interactions between persons in the 

population or systemwide effects, observational 

data sets cannot by themselves be used to emulate 

hypothetical target trials. For example, attempts to 

quantify individual and societal effects of 

interventions for controlling the U.S. opioid 

epidemic require simulation models integrating 

observational and experimental findings with 

assumptions about the structure of society and the 

health system. 

 

Explicit target-trial emulation increases 

the transparency and replicability of observational 

effect estimates. By including descriptions of 

target-trial protocols and their emulations in reports 

of observational analyses, investigators tell us 

precisely which causal effects they are estimating 

so that our replication attempts can be accurate. 

Also, explicit specification of the target trial 

imposes constraints on data analysis, reducing 

multiple comparisons and selective reporting of 

results. And it prevents data manipulations 

resulting in hard-to-interpret estimates that don’t 

correspond to any relevant intervention. 

 

III. CONCLUSION 
Determining the effectiveness and safety 

of many health interventions will continue to rely 

on observational data because randomized trials are 

not always feasible, ethical, or timely. Explicit 

emulation of a target trial using observational data 

helps eliminate unnecessary sources of bias so that 
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concerns can focus on potential confounding bias 

due to nonrandomization 
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