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esearchers frequently use data collected in ran-

domized controlled trials to target questions that
are beyond the scope of the original trial. For example,
trial data may be used to explore the effects on out-
comes of an exposure collected during the trial that
was not the randomized intervention. Although such
data originate from a randomized trial, the analyses do
not have the protection from bias that randomization
provides. Successful randomization tends to balance
observed and unobserved characteristics between study
groups. Comparisons of nonrandomized exposures, even
when done using trial data, can be biased and require
analytic approaches commonly used for observational
studies (for example, multivariable adjustment, stratifica-
tion, weighting, and matching).

The goal of this article is to help readers under-
stand key questions to consider when interpreting
studies that use trial data to compare nonrandomized
groups (Table). This article does not focus on analyses
comparing randomized groups, which may also be sus-
ceptible to biases when adherence is poor or data are
incomplete (1).

THE ORIGINAL TRIAL

In the original randomized controlled trial (Helping
HAND 2), 1357 hospitalized smokers, all of whom ex-
pressed a desire to quit tobacco and received in-
hospital tobacco cessation counseling, were randomly
assigned to receive either 3 months of standard care
for tobacco cessation (n = 677) or an intervention with
sustained care (n = 680) (2). Standard care included an
individualized recommendation for a postdischarge
smoking cessation medication plus advice to call a free
telephone quitline. The intervention included an up to
90-day free supply of tobacco cessation medication,
which was selected by the patient with guidance from a
smoking counselor, and 5 automated, interactive tele-
phone calls at specific intervals after discharge that en-
couraged adherence to the medication and offered di-
rect transfer to a telephone quitline.

The primary outcome was 7-day abstinence from
all tobacco products, including e-cigarettes, at 6 months
after discharge, which was measured biochemically by
testing for carbon monoxide in expired air or cotinine in
mailed saliva samples. The researchers did not find a dif-
ference in abstinence between the intervention and stan-
dard care groups (16.6% vs. 15.5%; risk difference, 1.1
percentage points [95% Cl, —2.8 to 5.0 percentage
points]).

THE ExaMPLE: COMPARISON OF
NONRANDOMIZED EXPOSURE

A post hoc analysis of these data (the e-cigarette
analysis) aimed to determine whether e-cigarette use in

Table. Key Questions for Evaluating Studies Using Trial
Data to Compare Nonrandomized Exposures

How does the analysis sample compare with the full, randomized trial
sample? How might these differences create bias?

How does the exposure compare with the randomized intervention in the
original trial? How might these differences create bias?

How does the method of analysis control for these sources of bias?

How are results from the analysis interpreted?

the 3 months after hospital discharge was associated
with subsequent tobacco abstinence (3). Researchers
identified 1022 patients with data about self-reported
e-cigarette use in the 3 months after hospital dis-
charge; 286 reported using e-cigarettes (exposed) and
736 did not (unexposed). As part of the analysis, the
researchers created a propensity score for e-cigarette
use and applied propensity score matching to form 237
pairs of patients. (For the definition of propensity score
and other terms used in the article, see the Glossary
[4].) Each pair had similar characteristics at the start of
the trial, and both members of the pair were randomly
assigned to the same group (sustained or standard
care). One member was exposed to e-cigarette use in
the 3 months after hospital discharge, and the other
was not. The researchers did an analysis using these
matched pairs to evaluate the association between
e-cigarette use and biochemically verified 7-day to-
bacco abstinence at 6 months (the outcome). They
found that e-cigarette users were less likely than non-
users to achieve abstinence (10.1% vs. 26.6%; risk dif-
ference, —16.5 percentage points [Cl, —23.3 to —9.6
percentage points]). The Figure illustrates the design of
the original trial and the analysis comparing e-cigarette
users with nonusers.

How DOES THE ANALYSIS SAMPLE COMPARE
WiTH THE FULL, RANDOMIZED TRIAL
SAamMPLE? How MiIGHT THESE DIFFERENCES
CREATE Bi1as?

The original trial enrolled 1357 patients who were
randomly assigned to receive either sustained or stan-
dard care for smoking cessation. The e-cigarette analy-
sis included 1022 patients who provided an assess-
ment of e-cigarette use during the first 3 months after
hospital discharge (75% of the original randomized
sample). Patients who were lost to follow-up at 3
months were younger (mean age, 46 vs. 51 years) and
were less likely to have a smoking-related disease as
their primary discharge diagnosis (24% vs. 37%) than
those who remained in the study, but they did not differ
in the number of cigarettes smoked per day. Matching
further changed the characteristics of the analysis
sample. The 1:1 matching scheme identified non-e-
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Glossary

Confounder: A variable that is related to both the exposure of interest
and the outcome so that it alters (biases) the measure of association.

Confounding (confounding bias): A distortion of the measure of
association between an exposure and outcome due to the presence of
1 or more confounders.

Information bias: A distortion of the measure of association between an
exposure and outcome due to measurement errors in or
misclassification of the exposure, covariate, or outcome variables.

Propensity score: The probability of being exposed or treated conditional
on an individual's observed baseline characteristics. Methods using
propensity scores (matching, stratification, weighting, covariate
adjustment) can be used to reduce effects of confounding when
analyzing observational data.

Selection bias: A distortion of the measure of association between an
exposure and outcome that occurs due to the procedures used to
select individuals for the study or the analysis.

cigarette users who resembled e-cigarette users in their
observed baseline characteristics, leaving only 237
pairs of patients in the analysis.

The resulting analysis comparing e-cigarette users
with nonusers is susceptible to various forms of selec-
tion bias (5). Selection bias due to loss to follow-up can
occur if the risk for attrition differed by e-cigarette use
and the probability of tobacco abstinence differed be-
tween persons who completed 3-month follow-up and
those who did not. In this example, 317 of 1357 (23%)
patients did not complete 3-month follow-up, primarily
because they missed the assessment or withdrew from
the study. In addition, 18 patients who completed the
3-month follow-up did not respond to the e-cigarette

questions and were excluded from the analysis. Nonre-
sponse can also create bias in an observational analy-
sis. Finally, matching as done by the researchers means
that the analysis sample will resemble only e-cigarette
users in the sample rather than all patients. The result-
ing estimates answer the question of the effect of
e-cigarette use among patients like the e-cigarette us-
ers, rather than among all smokers if they were to be-
come e-cigarette users.

How DoESs THE ExXPOSURE COMPARE WITH
THE RANDOMIZED INTERVENTION IN THE
ORIGINAL TRIAL? How MIGHT THESE

DIFFERENCES CREATE Bi1as?

In the original trial, the intervention was sustained
care versus standard care for smoking cessation. In
contrast, the primary exposure used in the e-cigarette
analysis was any self-reported use of e-cigarettes dur-
ing the first 3 months after discharge.

Comparisons of exposures that differ from the ran-
domized intervention in the original trial can be suscep-
tible to confounding (5). In the example, the exposure
(e-cigarette use) was not randomized. As a result,
e-cigarette users may have differed from nonusers in
more ways than just e-cigarette use. It is unlikely that all
characteristics differing between users and nonusers
were measured, allowing for the possibility of unmea-
sured confounding.

Figure. Design of original trial and analysis of nonrandomized exposure.
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In the original Helping HAND 2 trial, patients were randomly assigned at hospital discharge to receive a 3-month smoking cessation intervention—
either sustained or standard care. The primary outcome was smoking abstinence at 6 months after discharge. In the example, the researchers
conducted a post hoc analysis of these data (the e-cigarette analysis) to determine whether e-cigarette use in the 3 months after hospital discharge
was associated with subsequent tobacco abstinence. The researchers used all randomly assigned patients who remained in the study at 3 months
after discharge and who completed an e-cigarette survey (75% of the initial trial population) to identify 237 propensity score-matched pairs with 1
exposed and 1 unexposed patient. Using these matched pairs, smoking abstinence at 6 months was compared between those who reported
e-cigarette use in the 3 months after discharge (exposed) and those who did not (unexposed). Similar to analyses of observational data, this analysis
needed to account for potential selection bias, confounding, and measurement error.
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For example, suppose that e-cigarette use is re-
lated to age, with users being younger than nonusers. If
age is also associated with successful tobacco cessa-
tion, it can confound the relationship between e-
cigarette use and tobacco abstinence. In addition, the
exposure in the example was self-reported and subject
to measurement error. If e-cigarette use had been the
randomized intervention, the device, nicotine dose,
and frequency of use may have been monitored during
follow-up.

Of note, the e-cigarette analysis and primary trial
analysis shared the same outcome variable: tobacco
abstinence at 6 months. Had outcomes for the 2 analy-
ses differed, researchers would have had to consider
how the outcome in the e-cigarette analysis was mea-
sured and the potential for information bias.

How DoOES THE METHOD OF ANALYSIS
CONTROL FOR THESE SOURCES OF BI1AS?

In the example, researchers used propensity score
matching to control for potential confounding. This
analysis attempts to emulate some aspects of a ran-
domized trial by pairing e-cigarette users and nonusers
with similar baseline characteristics (6, 7). In particular,
the researchers used demographic characteristics,
smoking patterns, alcohol and marijuana use, and hos-
pital discharge diagnosis to create a model that esti-
mated the propensity (that is, the probability) of each
person using e-cigarettes. This process produced a
propensity score that was used along with the random-
ized study group from the original trial to match each
e-cigarette user to a nonuser. This sample of propensity
score-matched pairs was then used in the analyses.

If such matching is successful and the comparison
groups are well balanced on observed baseline charac-
teristics, analyses of matched pairs control for con-
founding due to observed factors (6, 7). Researchers
should provide summaries of participant characteristics
by exposure group before and after matching, with
standardized differences, to demonstrate balance after
matching. The number of adequate matches, or the de-
gree of similarity in the distribution of propensity scores
in the exposed and unexposed groups, also needs to
be examined. When the exposed and unexposed groups
differ greatly, comparisons can be unreliable (7). In addi-
tion, matching can result in a sample that is not represen-
tative of the population of interest (7). In the example,
results apply to smokers like the e-cigarette users and
may not be generalizable to all smokers.

Importantly, propensity score matching does not
address potential confounding due to unmeasured fac-
tors. To address that possibility, the researchers con-
ducted sensitivity analyses to demonstrate that their re-
sults could be explained away only by a strong,
unmeasured confounder (8).

How ARE RESULTS FROM THE ANALYSIS
INTERPRETED?

In discussing study results, researchers in the ex-
ample emphasized that e-cigarette use was a self-
selected and nonrandomized exposure, the analysis
was subject to confounding, and the results may not
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adequately reflect the underlying causal relationships.
In addition, they noted lack of information about the
type of e-cigarette device, frequency or duration of use,
and timing of e-cigarette use relative to the random-
ized intervention as limitations. Finally, the researchers
also called for further investigation of the association,
including conduct of randomized controlled trials.

CONCLUSION

Post hoc analyses of randomized trial data can help
answer important questions by making use of valuable
data collected in controlled settings (9). Using trial data to
compare nonrandomized exposures requires care be-
cause the comparisons are not protected by randomiza-
tion. The questions outlined here can help readers under-
stand the potential biases that need to be controlled for
and considered when evaluating study results.
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