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CLINICAL

TRIALS TUTORIAL Clinical Trials 2010; 7: 286-298

A tutorial on principal stratification-based
sensitivity analysis: application to smoking
cessation studies

Brian L Egleston®, Karen L Cropsey®, Amy B Lazev® and Carolyn | Heckman®

Background One problem with assessing effects of smoking cessation interventions
on withdrawal symptoms is that symptoms are affected by whether participants
abstain from smoking during trials. Those who enter a randomized trial but do not
change smoking behavior might not experience withdrawal-related symptom:s.
Purpose We present a tutorial of how one can use a principal stratification
sensitivity analysis to account for abstinence in the estimation of smoking cessation
intervention effects. The article is intended to introduce researchers to principal
stratification and describe how they might implement the methods.

Methods We provide a hypothetical example that demonstrates why estimating
effects within observed abstention groups is problematic. We demonstrate how
estimation of effects within groups defined by potential abstention that an
individual would have in either arm of a study can provide meaningful inferences.
We describe a sensitivity analysis method to estimate such effects, and use it to
investigate effects of a combined behavioral and nicotine replacement therapy
intervention on withdrawal symptoms in a female prisoner population.

Results Overall, the intervention was found to reduce withdrawal symptoms but the
effect was not statistically significant in the group that was observed to abstain. More
importantly, the intervention was found to be highly effective in the group that would
abstain regardless of intervention assignment. The effectiveness of the intervention in
other potential abstinence strata depends on the sensitivity analysis assumptions.
Limitations We make assumptions to narrow the range of our sensitivity analysis
estimates. While appropriate in this situation, such assumptions might not be
plausible in all situations.

Conclusions A principal stratification sensitivity analysis provides a meaningful
method of accounting for abstinence effects in the evaluation of smoking cessation
interventions on withdrawal symptoms. Smoking researchers have previously
recommended analyses in subgroups defined by observed abstention status in the
evaluation of smoking cessation interventions. We believe that principal stratification
analyses should replace such analyses as the preferred means of accounting for post-
randomization abstinence effects in the evaluation of smoking cessation
programs.  Clinical Trials 2010; 7: 286-298. http://ctj.sagepub.com

Glossary

individuals’ outcomes under both randomization
Identifiable: Heuristically, being able to examine arms, we do not know to which subgroups
the data and infer to which principal stratum individuals belong. Our assumptions allow us to
an individual belongs. Since we do not observe probabilistically identify the principal strata.
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Intermediate variable: A variable that lies in the
causal pathway between two other variables as in
Figure 1. Also called a mediator variable.

Monotonicity: The assumption that no one would
abstain from smoking if assigned to the control
group, but would not abstain if assigned to the
intervention group.

Potential outcome: The outcome (either interme-
diate or distal) that an individual would have under
a randomization arm. We assume that individuals’
potential outcomes exist for all arms, but we only
observe the outcome under the assigned random-
ization arm.

Principal stratification/Principal strata: In a two
arm trial, the grouping of individuals by the
potential outcomes that they would have under
both arms of a trial. These groupings cannot be
identified using the observed data.

Sensitivity analysis: Estimating effects over a
range of assumptions that cannot be verified
using the data at hand.

Introduction

We present a tutorial of how principal stratification
[1] can be used to simplify controlling for the
impact of post-randomization intermediate vari-
ables on outcomes in clinical trials. As the name
implies, a post-randomization intermediate vari-
able is a variable measured post-randomization that
is affected by randomization assignment and
also affects other more distal post-randomization
outcomes. A common example of a post-
randomization variable is compliance. A patient’s
compliance with treatment is often affected by
randomization assignment. Subsequently, a
patient’s outcome will be affected by both random-
ization assignment and level of compliance with
the assigned treatment.

Historically, intermediate variables have been
examined as mediator variables. A graphical repre-
sentation of the pathway would be that shown in
Figure 1. We have a direct effect of treatment
assignment on an outcome as represented by arrow
c. We also have an indirect pathway of treatment
assignment on an outcome that is through

Intermediate variable

o N

Treatment assignment » Outcome

Figure 1 Historical intermediate variable

(mediation) pathway

depiction of
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treatment assignment’s impact on the intermediate
variable and the intermediate variable’s impact on
the more distal outcome (defined by arrows a
and b). Authors such as Judea Pearl have formalized
a language for such graphical representations of
pathways [2].

Principal stratification presents a relatively new
method of examining the impact of intermediate
variables on outcomes. It differs from the traditional
path and structural equation models that have been
used to investigate direct and indirect effects [2]. In a
two-arm trial, principal stratification refers to the
subgrouping of individuals by the potential out-
comes that they would have had if they had been
assigned to each arm of the study. In practice, this
often requires estimating the same individual’s
intermediate and distal outcomes had she been
assigned to intervention and had she been assigned
to control. This helps us better understand the
effects of intermediate and distal outcomes on dif-
ferent groups of individuals. Defining meaningful
causal effects using a principal stratification frame-
work has become increasingly common [3-135].

This article provides conceptual details concern-
ing principal stratification and a data example of
the approach. The article is organized as follows.
We frame the issue using a hypothetical example in
the following section. Next, we present a data
example in which we discuss how one can estimate
the effects of interest. We report the results of our
data example, and then provide a discussion of our
findings. An appendix gives technical details of the
approach, and a glossary of commonly used terms
in the article is provided.

Framing of the issue

To provide a more concrete example, we present
principal stratification methodology that accounts
for the complicating impact of abstention status on
withdrawal symptoms in smoking cessation inter-
vention studies. Here we assume that the interven-
tion comprises nicotine replacement therapy with
counseling while the control condition consists of
no active treatment. One problem with assessing
the effect of an intervention on withdrawal symp-
toms is that symptoms are affected by whether a
person makes an attempt to quit or actually
abstains from smoking during the intervention.
Intuitively, those who enter a randomized trial, but
do not change their smoking behavior after enroll-
ment in the trial, might not experience any with-
drawal related symptoms. In a randomized trial, it
is likely that smoking behavior changes will differ
between two arms of a study. If many of those in
the intervention arm of a study abstain from
smoking, but few of those in the control arm
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make similar attempts, those in the intervention
arm might report more withdrawal symptoms.
Investigators might naively conclude that the
intervention increased withdrawal symptoms
when different abstinence rates actually drove the
relationship.

To demonstrate how abstention can affect infer-
ences we present a hypothetical example and a
framework for investigations. The potential out-
comes framework developed by Neyman [16], Rubin
[17], and Holland [18] provides a meaningful way to
characterize the difficulty in assessing intervention
effects on withdrawal symptoms. Under the poten-
tial outcomes framework, we conceptualize that
individuals in a study with two randomization
arms have two potential outcomes: one outcome
under the control condition and one outcome under
the intervention condition. An assumption we are
making is that there are well-defined intervention
and control conditions; that is, the treatments
offered to individuals within randomization arms
do not change depending on when or how indivi-
duals are assigned to arms (for more details, see
discussions of consistency in Pearl [2] and stable-
unit-treatment-value assumptions in Rubin [19]).

Using the potential outcomes framework, we can
group individuals based on their potential absten-
tion status. Thus, we have (1) a group that abstains
regardless of whether they are assigned to the
intervention or the control condition, (2) a group
that abstains only when assigned to the interven-
tion (but does not abstain when assigned to the
control), (3) a group that would not abstain regard-
less of whether they are assigned to the intervention
or control condition, and (4) a group that abstains
only when assigned to the control condition (but
does not abstain when assigned to the interven-
tion). Each of these four groups has been termed a
‘principal stratum’ by Frangakis and Rubin [1].

For purposes of this example, we will assume
that there is no one in the fourth group. A number

of authors have proposed such a strict ‘monotoni-
city’ assumption eliminating the fourth group for
the identification of principal strata causal effects
[7-9,15]. Such an assumption is appropriate in this
context as there is strong evidence that nicotine
replacement therapy combined with counseling is
highly effective [20,21]. Hence, it is not realistic to
presume that a person who quits in a control
condition that does not include any active inter-
vention would be induced to not quit when given
nicotine replacement therapy with counseling.
Further, as will be described later, there is substan-
tial reduction in the range of point estimates if such
an assumption can be made validly.

In Table 1, we present a hypothetical example of
the percentage with and without withdrawal
symptoms on a dichotomous symptom scale by
principal stratum and intervention assignment
status. In the table, principal stratum assignment
is not related to intervention assignment. That is,
within each principal stratum, there are equal
numbers of individuals assigned to the control
arm and the intervention arm. We would generally
expect this to be the case on average since
individuals cannot be randomized to interventions
within the unknown principal strata.

Also shown in Table 1, the intervention
decreases symptoms among those who always
abstain (3% out of 10% among control arm, vs.
2% out of 10% in intervention arm). This group
abstains regardless of condition, but the interven-
tion (e.g., NRT) helps reduce their nicotine with-
drawal symptoms. The intervention worsens
withdrawal symptoms in those who can abstain
with the intervention only (3% out of 15% in
control arm vs. 6% out of 15% in intervention
arm). In this group, because people become absti-
nent from nicotine in the intervention but not the
control condition, being assigned to the interven-
tion increases the severity of withdrawal symptoms.
Finally, the intervention has no effect in the group

Table 1 Withdrawal symptom rates in a hypothetical sample by principal stratum and treatment assignment. Assumes use of

dichotomous withdrawal symptom variable

Principal stratum Treatment Has withdrawal Has no withdrawal Row
assignment symptoms (% of total) symptoms (% of total) total %

(1) Always abstains Control 3 7 10

(1) Always abstains Intervention 2 8 10

(2) Abstains with intervention only Control 3 12 15

(2) Abstains with intervention only Intervention 6 9 15

(3) Never abstains Control 5 20 25

(3) Never abstains Intervention 5 20 25

(4) Abstains with control only Control 0 0 0

(4) Abstains with control only Intervention 0 0 0

Column total % 24 76 100
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Table 2 Observed withdrawal symptom rates from Table 1 when principal stratum is not known
Observed abstention status Treatment Principal stratum Has withdrawal Has no withdrawal Row

assignment from Table 1 symptoms (% of total) symptoms (% of total) total %
Observed to abstain Control (1) and (4) 3+0=3 7+0=7 10
Observed to abstain Intervention (1) and (2) 2+6=8 8+9=17 25
Not observed to abstain Control (2) and (3) 3+5=8 12+20=32 40
Not observed to abstain Intervention (3) and (4) 5+40=5 20+0=20 25
Column total % 24 76 100

that cannot abstain regardless of intervention
assignment (we call this the group that never
abstains). We believe that some of those who do
not abstain might still experience withdrawal
symptoms due to attempts to reduce the amount
of smoking.

In Table 2, we present the data that a researcher
would actually observe. The researcher only knows
the outcomes in the group to which an individual is
assigned, not the outcomes that the individual
would have had in the other assignment group.
Among the observed abstainers in the sample, 30%
(3%/10% =30%) in the control arm report with-
drawal symptoms compared with 32% (8%/
25%=32%) in the intervention arm. Among
observed non-abstainers, 20% (8%/40% =20%) of
those in the control group and 20% (5%/25% = 20%)
in the intervention group report withdrawal symp-
toms. One might conclude that the intervention
worsens withdrawal symptoms among those who are
able to abstain during the study, but has no effect in
those who never abstain during the study. However,
we see from Table 1 that such inferences differ by
potential abstention status. In this paper, we propose
to estimate the effects of a smoking cessation
program on withdrawal symptoms in groups defined
by potential abstention status as defined in Table 1.

This framing of the problem illustrates why it is
problematic to use the methods of Shiffman and
colleagues [22] who advocated comparing inter-
vention effects on withdrawal symptoms among
multiple groups defined by observed abstinence
status. Those who are observed to quit in the
intervention arm are a mixture of those who would
always abstain and those who would only abstain
with intervention. Meanwhile, the group who
would be observed to quit in the control arm
consists only of those who would always abstain.
Hence, individuals in the control group who
abstained have different characteristics from indi-
viduals in the intervention group who abstained.

Data example

Our data example concerns assessment of the
impact of smoking cessation interventions on

http://ctj.sagepub.com

withdrawal symptoms. Interventions that reduce
symptoms might improve quality of life during the
quitting process and lead to higher cessation rates.
Withdrawal symptoms include: craving, irritability,
depression, restlessness, sleep disturbance, diffi-
culty concentrating, increased appetite, weight
gain, and anxiety [22]. Targeting amelioration of
withdrawal symptoms is an important goal in
aiding cessation since withdrawal symptoms, par-
ticularly craving, are associated with smoking
relapse. While withdrawal patterns, time course,
and severity may vary between individuals [23,24],
the vast majority of smokers experience withdrawal
upon quitting smoking [25] with withdrawal
symptoms being more severe for those who are
more dependent on nicotine [26].

We apply the methods to a randomized waitlist
control smoking cessation intervention study
on withdrawal symptoms in a female prisoner
group from the southeastern US from 2004
to 2006. As described by Cropsey and colleagues
[20], the intervention consisted of a behavioral
component and a pharamacologic component.
The intervention had a strong effect on increasing
quit rates among study participants.

Intervention description

The behavioral intervention was based on ‘Mood
Management Training to Prevent Smoking Relapse’
[27]. The 10-session group intervention was
modified to conform to the prison environment
and included typical examples of smoking triggers
and coping strategies that were appropriate for a
correctional environment.

All intervention participants received NicoDerm
CQ® patches during week 3 of the intervention
following the manufacturer’s suggested dosing.
Participants who smoked more than 10 cigarettes
per day (cpd) received 21 mg patches for 6 weeks;
14 mg for 2 weeks; and 7 mg patches for 2 weeks for
a total of 10 weeks of nicotine replacement
(extending 2 weeks beyond the group interven-
tion). Participants who smoked 10 or fewer cpd
received 14mg patches for 6 weeks and 7mg
patches for 2 weeks, for 8 weeks of nicotine

Clinical Trials 2010; 7: 286-298
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replacement. Side-effects were monitored and
patches were distributed at weekly group sessions.
Participants were asked to make a quit attempt
between weeks 3 and 4, immediately after receiving
the first supply of nicotine replacement patches.

For purposes of this study, abstinence was
defined as carbon monoxide (CO) exhalation of 2
parts per million (ppm) or less. This stringent
cut-off is consistent with the carbon monoxide
(CO) cut-off chosen by Cropsey and colleagues [28].
Point prevalence was used as a measure of absti-
nence as this would capture people who had
recently started to abstain and hence might be
near the peak of their withdrawal symptoms.
Withdrawal symptoms were measured using the
Minnesota Withdrawal Scale [29], both at baseline
and follow-up.

We examined the relationship of the interven-
tion with the first assessment of withdrawal
symptoms after distribution of nicotine replace-
ment therapy. Because control assessments were
not as frequent as intervention assessments, the
timing of evaluations differed. For those in the
intervention arm, we used the first data available
after distribution of the nicotine patch (week 4
for all but four participants whose first assessment
was week 5). For those in the control group, we
used the first available check-in data after the
baseline assessment (mean 10.6 weeks, standard
deviation 10.0).

The original study used a wait-list control design;
those assigned to the control group eventually
received the smoking cessation program. For dem-
onstration purposes, we only used control group
data for those who were assigned initially to the
wait-list control group to avoid correlated response
data (having withdrawal symptom data under both
control and intervention conditions among
wait-list control participants would lead to corre-
lated data). The intervention group in this article
consists of those initially assigned to the smoking
cessation program.

Estimating principal stratum causal effects

To estimate effects within potential abstinence
strata described in Table 1, we adapted the potential

outcomes paradigm that has become well known in
the statistics literature. For example, Zhang and
Rubin [5], Hayden and colleagues [6], and Egleston
and colleagues [7,8] use the potential outcomes
framework to investigate nonmortality outcomes
when death is a significant competing risk.
Similarly, Gilbert and colleagues [9] use the meth-
ods for investigation of HIV vaccine effects on viral
loads, and Roy and colleagues [10] describe their
use in assessing the impact of compliance on
smoking cessation interventions. The estimators
in each of these investigations fall under a general-
izable framework of estimators developed to esti-
mate effects within ‘principal strata’[1] defined by
potential outcomes. Gallop and colleagues [11] and
Jo [12] describe the use of principal stratification
to investigate mediation, while Bellamy and
colleagues [30] provide an overview of causal
modeling in general.

For this work, we adapted the methods of
Egleston and colleagues [7] to estimate the effects
within principal strata. We contrast these estimates
with the estimates in the observed abstainers. We
also compared our estimates of the effect in the
group that always abstains to the nonparametric
bounding estimates of Zhang and Rubin [5], whose
methods are similar to those of Manski and
colleagues [2,31,32].

Since we cannot directly examine the data and
identify to which subgroup individuals belong, we
need to make untestable but simplifying assump-
tions [7]. One key assumption is that the interven-
tion does not decrease one’s abstention from
smoking prior to evaluation. In the context of our
example, the assumption assumes that the group
that abstains only when assigned to the control
condition (but not when assigned to the interven-
tion condition) does not exist. As described in the
framing of the problem section, this assumption is
appropriate as there is strong evidence that an
intervention with nicotine replacement therapy
and counseling will not decrease an individual’s
quitting compared to a control condition without
any intervention [20,21].

We also use two sensitivity parameters that
account for the lack of ability to identify groups
defined by potential outcomes. Namely, let u and v
define sensitivity parameters:

_Average intervention withdrawal score if abstains with intervention only

Average intervention withdrawal score if always abstains

and

Average control withdrawal score if never abstains

V=
Average control withdrawal score if abstains with intervention only

Clinical Trials 2010; 7: 286-298
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Intuitively, the need for the sensitivity parame-
ter u is related to the fact that we cannot separate in
the intervention arm those who always abstain
from those who abstain when assigned to inter-
vention only (Table 2, second row of data).
Similarly, we need v since we cannot separate
those in the control arm who abstain when
assigned to the intervention only from those who
never abstain (Table 2, third row of data). Because
we cannot estimate u and v using the observed data,
we range over plausible values of u and v in a
sensitivity analysis.

We use ratios for the sensitivity parameters as
they are readily interpretable by investigators. They
allow investigators to state the relationship on a
relative rather than additive scale. An additive scale
would necessitate speculating about differences in
average symptom scores between groups (e.g. the
differences could be up to three points), while a
relative scale only requires speculation of propor-
tional differences (e.g. one average is up to twice as
large as the other). While the sensitivity parameters
are not defined if the denominators are zero, this is
not an issue as the withdrawal symptom scale is
non-negative with very few zeros (2 out of 522
withdrawal symptom scores were equal to zero).
Hence, the subgroup averages of interest will be
greater than zero.

Since it is plausible that withdrawal symptoms
generally worsen as people are less likely to abstain,
we believe that u and v are both greater than one. In
figures, we bound the sensitivity parameters at
three since the ambiguity of the intervention
effect’s statistical significance with respect to the
sensitivity parameters mostly falls within the range
of one to three. The general trend of the interven-
tion becomes more pronounced as the sensitivity
parameters increase beyond three.

Finally, we developed multiple linear regression
models for withdrawal symptoms and multiple
logistic models for abstinence. We included the
potential confounders described in the ‘Other
Analytic Details’ section below, but we also
included abstention status as a covariate in the
symptoms model. Including confounders was not
absolutely necessary since this was a randomized
trial. However, their inclusion did assist in remov-
ing residual confounding due to chance imbalances
between study arms or loss to follow-up. The utility
of including confounders is discussed in more
detail by others [6,7,13,30].

More specifically, in order to estimate causal
effects, we estimated multiple linear regression
models separately for those in the control and
intervention conditions. We then used the covari-
ates from all participants to estimate four with-
drawal symptom outcomes among the entire
sample. First, we fixed the abstinence indicator to

http://ctj.sagepub.com

one (indicating abstinence) for everyone and
estimated outcomes in the control and in the
intervention models. Notationally, let Scs; and
Stai denote the estimated respective control and
intervention symptom scores for individual i as if
the individual was an abstainer. Next, we fixed the
abstinence indicator to zero (indicating no absti-
nence) for everyone and estimated outcomes in the
control and intervention models. Let Scyi and Sy
indicate the estimated control and intervention
symptom scores for individual i estimated as if
there were no abstainers. We obtained Scai, Stai,
Scni, and Sty for everyone in the sample.

Next, we fit separate abstinence logistic models
for the control and intervention arms. We used
these models to estimate abstinence outcomes for
everyone as if they had been in the control arm,
and abstinence outcomes for everyone as if they
had been in the intervention arm. For person i, let
Pci and Pp; denote the estimated probability of
abstaining in the control and intervention arms,
respectively. We obtained P¢; and Py for everyone.

Among those in the principal stratum that
always abstains, let E; and E, denote estimated
mean withdrawal symptom scores under interven-
tion and control conditions, respectively. Among
those who never abstain, let E3 and E; denote
estimated mean withdrawal symptom scores under
intervention and control. The treatment effect
estimates for sample size n become:

(1) Estimated effect in those who always abstain =
E, — E,, where

E = i1 Pri E, — > i1 ScaiPci
_ & ZTL Pei
u+1—-u Z:‘:l Pri i=1+Ci

(2) Estimated effect in those who never abstain
= E3 — E4, where

Y1 Seni(1 —Pci)

YR Smi(l=Pr) . Y, (1-Pg)
E;= n Ey= 7
> iz1 (1 =Pri) 1 (1-1) iz1 (1 —Pri)
Y Yy (1 =Pci)

(3) Estimated effect in those who abstain with the
intervention only = u x E; — 1/v x E4

In this article, we used the robust sandwich
standard errors of Huber [7,33]. However, research-
ers can also use bootstrap standard errors.

Clinical Trials 2010; 7: 286-298

Downloaded from ctj.sagepub.com at MCGILL UNIVERSITY LIBRARIES on January 3, 2011


http://ctj.sagepub.com/

292  BL Egleston et al.

Other analytic details

In addition to estimating principal stratum causal
effects, we also applied more common methods.
Fisher’s exact tests and T-tests were used to com-
pare demographics between the intervention arms
of the study. We used exact McNemar’s tests and
paired T-tests to compare changes in CO-confirmed
abstinence and withdrawal symptoms between
baseline and follow-up. We used simple linear and
multiple linear regressions to examine the overall
intervention effect on withdrawal symptoms
(intention-to-treat) and the intervention -effect
within the observed abstainers. The variables
entered into all multivariable regression models
included education (entered as a categorical vari-
able), race/ethnicity = (non-Hispanic  white,
non-Hispanic black, other), age, baseline daily
number of cigarettes smoked, baseline stated inten-
tion to quit smoking (response to question, ‘are you
seriously thinking of quitting smoking within the
next 30 days’), and baseline withdrawal symptoms.

For ease of presentation in this tutorial paper, we
performed a complete case analysis in which miss-
ing data were excluded. Methods such as multiple
imputation [34] can be used to account for missing
data by researchers implementing principal strati-
fication approaches. p-Values less than 0.05 asso-
ciated with two-sided hypothesis tests were used as
the criteria of statistical significance.

Results

As described in Cropsey and colleagues [20], 71
individuals started the intervention immediately

and 289 provided waitlist control data. Of these, 33
were excluded from this study due to missing
baseline data, and 66 were excluded due to missing
follow-up data. This left us with 58 individuals in
the intervention group and 203 individuals in the
control group. The control group was younger than
the intervention group (p=0.013 by unpaired
T-test), but the magnitude of the difference was
not great (3 years). There were no other statistically
significant differences between the two groups in
baseline characteristics.

In the last two rows of Table 3, we present the
follow-up characteristics of the sample. There was a
statistically significant change in the rate of
CO-confirmed abstinence comparing baseline to
follow-up in the intervention group (3-47%,
p <0.001 by McNemar’s test) but not when
comparing baseline to follow-up in the control
group (6-6%, p=1.00 by McNemar's test).
Although the abstinence rate did not change in
the control group (12 participants having absti-
nence at each time period), just five participants
had evidence of abstinence at both periods. In
this table, statistically significant differences in
withdrawal symptoms between the two groups
emerge. Withdrawal symptoms showed statistically
significant increases from baseline (p < 0.003 by
paired T-tests within both groups). However,
the increase was higher in the control than the
intervention group (p <0.001 comparing the
change scores between the two groups using an
unpaired T-test).

We can use Table 3 to estimate the proportion in
each principal stratum. As shown in Table 2, all of
those who abstain while in the control condition

Table 3 Characteristics of data sample. Higher withdrawal symptom scores indicate more symptoms

Control Intervention p-Value
Sample size (with withdrawal/abstinence data) 203 58
Baseline
Mean baseline withdrawal symptoms (SD) 9.2 (5.3) 9.9 (5.4) 0.363
CO-confirmed abstention at baseline 6% 3% 0.743
Mean age (SD) 32.6 (8.6) 35.7 (8.2) 0.013
Race 0.479
Non-Hispanic African American/Black 45% 45%
Non-Hispanic White 48% 43%
Other 7% 12%
Education 0.084
Less than high school degree 31% 17%
High school graduate 42% 45%
Post-high school education 27% 38%
Considering quitting smoking within 30 days 49% 50% 0.883
Mean baseline cigarettes smoked daily (SD) 15.7 (9.0) 16.7 (8.8) 0.439
Follow-up
Mean withdrawal symptoms at follow-up (SD) 16.0 (7.1) 12.9 (8.2) 0.005
CO-confirmed abstention at follow-up 6% 47% <0.001
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Table 4 Estimated effect of intervention on withdrawal symptoms in select subgroups

Method? Subgroup Point estimate 95% ClI p-value
Panel a: Overall
T-test Entire sample -3.1 -5.2, -0.9 0.005
Multiple linear regression Entire sample -3.6 -5.5, 1.7 <0.001
Panel b: Observed abstainers as per Shiffman et al. [22]
T-test CO <2ppm in sample —-4.9 -10.1, 0.2 0.059
Multiple linear regression CO <2ppm in sample -0.5 -5.1, 4.0 0.811

“The multiple linear regressions adjust for education, race, age, baseline number of cigarettes, baseline intention to quit, and baseline

withdrawal symptoms.

are in the principal stratum that always abstains.
Hence, in Table 3, there are 6% in the stratum that
always abstains. Also, as shown in Table 2, all of
those who do not abstain, while in the intervention
condition, never abstain. Thus, there are 53% who
never abstain. This leaves 41% in the principal
stratum that only abstains in the intervention arm.

In Table 4, we present the estimated effect of the
intervention on withdrawal symptoms in different
groups. In Table 4 (Panel a), we present the effect of
the intervention on the entire sample. The inter-
vention had a statistically significant reduction in
withdrawal symptoms in the entire sample as
shown in Table 4 (Panel a) (p < 0.005) without
and with regression adjustment. The magnitude of
the effect in the entire sample was large relative to
the standard deviation of the baseline withdrawal
scores (greater than 0.5 standard deviations).

In Table 4 (Panel b), we present estimates of the
effect in the subgroup observed to abstain in the
sample, as per the recommended subgroup analysis
of Shiffman and colleagues [22]. The effect of the
intervention was not statistically significant either
without or with adjustment for baseline covariates.
The magnitude of the adjusted estimate in those
observed to abstain in the study was very small (a
reduction in withdrawal symptoms of —0.5 units).
However, as depicted in Tables 1 and 2, estimating
an intervention effect in this subgroup is not
meaningful since it represents the effect in a
population that is a mixture of principal strata.

In Figures 2 and 3, we also present estimates of
the effect in groups categorized by potential
abstention status at plausible values of the sensi-
tivity parameters u and v. The estimate of the
intervention effect is only a function of the sensi-
tivity parameter u in those who abstain regardless
of intervention assignment. Among those who
would abstain from smoking regardless of inter-
vention assignment, the intervention reduces
symptoms by an estimated —5.5 to —11.8 on the
Minnesota Withdrawal Scale over a range of the
sensitivity parameter u from 1 to 3; the absolute
magnitude of the estimated effects are monotone
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increasing over this range. The results are statisti-
cally significant (p < 0.015, see Figure 2, Panel A)
over the range of u presented. When u is equal to 1,
we assume that the average withdrawal symptoms
in the intervention arm of the group that can
abstain only when assigned to the intervention are
equal to those of the group that can always abstain.
When u is equal to 3, we assume that the average
withdrawal symptoms when assigned to the inter-
vention are much lower for those who can always
abstain. Since the baseline standard deviation of
the Minnesota Withdrawal Scores is approximately
5.0 with a range of 0-32, an estimated effect of at
least —5.5 (greater than 1.0 standard deviation) is
clinically relevant.

The effect estimate in the group that would
never have CO-confirmed abstention from smok-
ing regardless of intervention assignment varies
over assumptions about the sensitivity parameter v.
The point estimates for the effect of this interven-
tion range from —0.8 to —7.4 over the range of the
sensitivity parameter (Figure 2, Panel B). The abso-
lute magnitude of the point estimates are not as
great as those in the group that always abstains
regardless of intervention assignment. Here, the
inferences are dependent on the choice of the
sensitivity parameter. The estimates are only statis-
tically significant (p < 0.05) when v is greater than
1.4. When v is equal to 1, we assume that the
average withdrawal symptoms in the control arm of
the group that can abstain only when assigned to
the intervention are equal to those that can never
abstain. When v is equal to 3, we assume that the
average withdrawal symptoms when assigned to the
control are higher for those who can never abstain.

The estimates of the intervention effect in those
who would only abstain in the intervention arm are
a function of both sensitivity parameters u and v.
The effect estimates in this group range from —6.3
to 3.2 (Figure 3). The estimates are statistically
significant except for a band when v equals approx-
imately 2. Further, as v increases above 2, the
direction of the effect flips and the intervention
worsens symptoms.
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Intervention effects in those who always and never abstain under various assumptions about the sensitivity parameters.

The estimate of the effect is statistically significant in the region in which the 95% confidence interval does not cross 0

We examined pairwise comparisons of effect
estimates among principal strata for evidence that
potential abstention group membership moderated
effects. The p-values for tests of moderation were
dependent on the sensitivity parameters and
ranged from <0.001 to 0.99. As an example of
how the p-values vary over the sensitivity analysis,
the p-value comparing the effect in those who
always abstain versus those who abstain only when
assigned to the intervention was 0.684 when both
sensitivity parameters were equal to 1. However,
the p-value was 0.035 when both sensitivity para-
meters were equal to 1.33.

We examined compliance as calculated by the
percentage of used patches returned among those
in the intervention group during the week of
follow-up (week 4 or week 5). Forty-three of the
58 intervention participants had compliance data.
Overall, there was 87% compliance, with 93%
compliance among those with CO-confirmed
abstention and 83% compliance among those
without abstention (p =0.234 by a T-test).

In comparison, Zhang and Rubin’s [5] estimates
that do not make assumptions such as ours give

Clinical Trials 2010; 7: 286-298

bounds on the treatment effect among those who
always abstain of —26 to —2.2.

Discussion

In our study, traditional methods of assessing the
effect of smoking cessation programs among
observed abstainers failed to find a statistically
significant effect of the intervention on nicotine
withdrawal symptoms. By examining the effect of
the intervention on withdrawal symptoms using
our causal framework, we did find statistically
significant effects, particularly in the group that
would abstain regardless of whether they were
assigned to the intervention or the control condi-
tion. Of note is that the group in which the effect
was found to be most statistically significant (the
always abstainers) is the group most similar to the
observed abstainer groups in which Shiffman and
colleagues [22] proposed evaluating symptoms.
Our hypothetical example can give insight into
why our method was able to detect effects but
Shiffman and colleague’s [22] was not. Observed
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Figure 3

Intervention effect in those who abstain with the intervention only under various assumptions about the sensitivity

parameters. The contour lines represent the point estimates and the shading represents the p-value

abstainers are a mixture of those who would always
abstain regardless of intervention assignment and
those who would only abstain if assigned to the
intervention. In the figures, we see that the effect in
the group that abstains only when assigned to the
intervention (but does not abstain when assigned
to the control) is generally less than the effect in
the group that abstains regardless of intervention
assignment. Hence, by naively examining the effect
of the intervention on withdrawal symptoms in the
observed abstainers, we could be diluting the
estimate of effectiveness by mixing a group for
whom the intervention might not be as effective in
reducing symptoms (those who can abstain only
when assigned to the intervention) with a group
for whom the intervention appears to be highly
effective regardless of the sensitivity parameters
(those who always abstain regardless of

http://ctj.sagepub.com

intervention assignment).
avoids this problem.

Our assumptions such as monotonicity greatly
reduce the range of effect estimates. Zhang
and Rubin’s [5] method that makes no such
assumptions gave a much wider range on the
bounds of point estimates among those who
always abstain.

We demonstrated that a behavioral intervention
combined with nicotine replacement therapy can
reduce withdrawal symptoms in an incarcerated
population, but that inferences are dependent on
assumptions about abstention from smoking prior
to reporting withdrawal symptoms. There was a
clear intervention effect in reducing withdrawal
symptoms among those who would abstain regard-
less of intervention assignment. However, the
intervention effect was less pronounced and more

The causal analysis
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ambiguous among those in the groups that
(1) would abstain only when assigned to the
intervention or (2) would never abstain regardless
of intervention assignment.

Our findings concerning the difference between
the principal strata make intuitive sense. For
example, those who would never have CO-
confirmed abstention might not be benefiting as
much from the intervention as those who would
always have such abstention, which could explain
why the effect of the intervention on symptoms
seems attenuated in this group. It is possible that
having factors that make one less responsive to
nicotine replacement therapy might reduce the
ability of the intervention to reduce withdrawal
symptoms in this group.

There are limitations to our substantive conclu-
sions. One is that the sample consisted of a female
prisoner population. The results of this study might
not be generalizable to other groups. Also, the
findings might have been different if the control
condition had included a placebo-type interven-
tion which participants expected would help them
quit. Such a control intervention could have
changed expectations about likely withdrawal
symptoms and hence changed the way participants
reported symptoms.

A focus of this article has been to present a
framework for investigating the effectiveness of a
smoking cessation intervention on withdrawal
symptoms. The potential outcomes framework of
investigating intervention effects can help shed
light on paradoxes in the relationship between
withdrawal symptoms and smoking that have been
pointed out in a review by Piasecki [35]. Piasecki
argued that while there has not been strong
evidence linking the time course of withdrawal
symptoms to relapse risk, the ability of nicotine
replacement therapy to reduce both withdrawal
symptoms and relapse risk in a number of studies
suggests that symptoms and relapse are related. In
this article, we demonstrate that the effect of
smoking cessation programs on withdrawal symp-
toms might depend on potential CO-confirmed
abstention status. This work could be extended by
examining intervention effects on cessation within
groups defined by potential withdrawal symptom
outcomes.

In this article, we presented a sensitivity analysis
to allow us to overcome nonidentifiable assump-
tions. Some researchers have advocated using
stronger assumptions rather than sensitivity analy-
ses to identify causal effects [36,37]. Still, using
sensitivity analyses to estimate principal stratifica-
tion effects is common [9,14,15]. Many have
advocated sensitivity analyses for nonidentifiable
model assumptions [38]. In contrast, Pearl has
proposed inequality tests to investigate violations

Clinical Trials 2010; 7: 286-298

of assumptions under his discussion of instrumen-
tal variables [2].

While we believe that our monotonicity assump-
tion is scientifically justifiable in this context,
Shepherd and colleagues [14] demonstrated use of
a stochastic monotonicity assumption that could
be used instead. A limitation is that the method
requires additional sensitivity parameters.

In conclusion, we have shown that a
behavioral-based intervention combined with nic-
otine replacement therapy can reduce withdrawal
symptoms, but the reduction is likely related to
potential CO-confirmed abstention prior to assess-
ment of the withdrawal symptoms. Principal strat-
ification allowed wus to identify effects that
traditional analyses would overlook. The potential
outcomes framework of investigating intervention
effects presented in this article can be useful for
investigating complex pathway relationships when
post-randomization covariates can affect outcomes
related to an intervention.
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Appendix

Here we elucidate identification of effects. Let Z
indicate treatment assignment (Z=1 if assigned to
treatment, O otherwise). Let Sp and R, represent an
individual’s withdrawal symptoms and wait-list
time abstention status when assigned to the control
condition and S§; and R; be the withdrawal
symptoms and abstention status when assigned to
the intervention. Ry and R; are both binary (1 if
abstains, 0 otherwise). So and $; are continuous. In
our study, we only observe the response in the
initial assigned conditions. Thus, each individual
has information on either Sy and Ry, or S; and Ry,
but not both sets. Hence, let S and R represent the
observed data (S=So and R=R, if assigned to
control, and $=S; and R=R; if assigned to inter-
vention). Let X represent the set of confounding
covariates such that the set of potential outcomes
(So, S1, Ro, Ry) are independent of treatment
assignment, Z, given X.
Our sensitivity parameters are hence:

__E[S$1|Ro=0,R; = 1]
~ E[S1lRo=1,R; =1]
__E[So|Ro =0,R; =0]
~ E[SolRo =0,R; =1]

where E[ ] represents the expectation.
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As detailed more extensively by Egleston and
colleagues [7], under the assumptions specified in
the methods section, we have:

E[SolRo =1,R; =1]

_EESIR=1,Z=0,X]PIR = 1|1Z = 0, X]]
B E[PIR=1|Z=0,X]]

E[$11Ro =1,Ry = 1]

E[E[SIR=1,Z =1, X]P[R = 1|Z = 1, X]]
E[PR=1|Z=1,X]]
E[PR=1]Z =0, X]]
U+ =) EpR =17 =1.X]

E[S1|Ro =0,k =0]

_E[ESIR=0,Z=1,X]P[R=01Z = 1,X]]
B E[PIR=0]Z=1,X]]
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E[SolRo = 0, Ry = 0]
E[E[SIR = 0,Z = 0, X]P[R = 0|Z = 0, X]]
E[PIR = 0|Z = 0, X]]

T, (1 1) E[P[R=0[Z = 1, X]]

v " v)EP[R=0|Z =0, X]]

The equalities show how the causal estimands
are related to the observed data. We can fit a
multiple linear regression to estimate conditional
average withdrawal scores, E[S|R, Z, X], and a logis-
tic model to estimate conditional probabilities of
abstention, P[R = 1|Z, X]. We then combine these
estimates as described in the methods section.

http://ctj.sagepub.com

Downloaded from ctj.sagepub.com at MCGILL UNIVERSITY LIBRARIES on January 3, 2011


http://ctj.sagepub.com/

