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SUMMARY

Encouragementdesign studies are particularly useful for estimating the effect of an intervention that can-
not itself be randomly administered to some and not to others. They require a randomly selected group
receive extra encouragement to undertake the treatment of interest, where the encouragement typically
takes the form of additional information or incentives. We consider a “clustered encouragement design”
(CED), where the randomization is at the level of the clusters (e.g. physicians), but the compliance with
assignment is at the level of the units (e.g. patients) within clusters. Noncompliance and missing data are
particular problems in encouragement design studies, where encouragement to take the treatment, rather
than the treatment itself, is randomized. The motivating study looks at whether computer-based care sug-
gestions can improve patient outcomes in veterans with chronic heart failure. Since physician adherence
has been inadequate, the original study focused on methods to improve physician adherence, although
an equally important question is whether physician adherence improves patient outcomes. Here, we re-
analyze the data to determine the effect of physician adherence on patient outcomes. We propose causal
inference methodology for the effect of a treatment versus a control in a randomized CED study with
all-or-none compliance at the unit level. These methods extend the current approaches to account for non-
ignorable missing data and use an alternative approach to inference using multiple imputation methods,
which have been successfully applied to a wide variety of missing data problems and have recently been
applied to the potential outcomes framework of causal inference (Taylor and Zhou,2009b).
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1. INTRODUCTION

For treatments that cannot be randomized, for ethical reasons or for lack of feasibility, it may be possible
to randomize encouragement to the treatment of interest, which would increase use of treatment in the
intervention arm while leaving the control arm treatment use unchanged. If the effect of encouragement
is of interest, intention-to-treat (ITT) analyses are appropriate. But if interest lies in the effect of the
treatment itself on outcome, then methods that focus on compliant subjects are more appropriate.

Our methods utilize a causal inference approach, referred to as principal stratification (Frangakis and
Rubin,2002), which focuses on the potential outcomes among the subpopulation of compliers, who are
not fully identifiable from the observed data. Alternative methods of modeling noncompliance, such as
conditioning on the potential outcomes in selection models (Heitjan,1999) or the use of structural equation
models (Robinsand others, 1999), are not considered here. For research on nonignorable missing data
methods and treatment noncompliance under the principal stratification framework,Frangakis and Rubin
(1999) developed methods for encouragement designs using method of moments for inference;Taylor and
Zhou (2009b) developed methods for this setting using a multiple imputation framework for inference.
Barnardand others(1988) described methods that extend this template to allow for missing covariates and
multivariate outcomes using a basic multiple imputations approach to inference, although they stopped
short of implementing their methodology.Barnardand others(2003) later extended this framework to a
more complicated form of crossover noncompliance (i.e. control patients could receive the intervention
and intervention patients could receive the control) and used a Bayesian framework for inference. For
research on encouragement design studies,Hirano and others(2000) developed methods for a binary
outcome in a setting where outcomes are completely observed, relaxing the exclusion restrictions (often
used to develop and identify estimands of interest) using a Bayesian framework for inference.Ten Have
and others(2004) extended their approach to linear models for the continuous outcome. For research on
CED studies,Frangakisand others(2002) developed methods in a setting where outcomes are completely
observed, using a Bayesian framework for inference.

We propose to extend the methods ofFrangakisand others(2002) for CED studies by incorporating
nonignorable outcome nonresponse and by utilizing a multiple imputation approach to inference, which
has been successfully applied to a wide variety of missing data problems, but has only recently been
applied to the potential outcomes framework of causal inference.Taylor and Zhou(2009b) developed
multiple imputation methods for the setting of crossover noncompliance and outcome nonresponse for a
simple binary outcome without covariates or clustering and compared these methods to existing likelihood
and moment methods. We extend these multiple imputation methods on binary outcome data to include
clustering by physician and patient covariates and apply these methods to the guideline treatment study.

We begin with a description of the study that motivates our methods in Section2. Section3 defines the
causal inference notation, assumptions, and parameters of interest. Section4 defines the proposed models,
and Section5 describes the multiple imputation framework for inference. In Section6, these methods are
applied to data from a guideline treatment study previously studied bySubramanianand others(2004).

2. MOTIVATIONAL STUDY

Thesemethods are motivated by a study in veterans with chronic heart failure (Subramanianand others,
2004). Chronic heart failure is a highly prevalent condition associated with serious morbidity, intense lev-
els of health use, and shortened survival, where approximately two-thirds of patients die within 5 years of
initial hospitalization (Ashtonand others, 2000). Veterans Affairs (VA) treatment guidelines in this pop-
ulation have been created to improve quality of health care, lessen clinical practice variation, and reduce
costs (Audetand others, 1990; Institute of Medicine,1992). These guidelines consist of an algorithm
that allows a clinician to follow a linear approach to evaluate and develop management strategies for the
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patient. These guideline rules are typically programmed into a locally developed decision support system
and the workstations used by physicians.

The original study focused on methods to improve physician adherence through use of computer-based
care suggestions, which involved sending the physician patient-specific electronic guideline treatment
suggestions before each patient visit. Physicians were randomly assigned to receive either care suggestions
generated with electronic medical data as well as symptom data obtained from questionnaires mailed
to patients within 2 weeks of scheduled outpatient visits (intervention physicians) or care suggestions
generated with electronic medical data alone (control physicians, where the control suggestions were
considered a type of “standard of care” in these facilities). Since physician adherence had been inadequate,
the original study focused on methods to improve physician adherence, although an equally important
question is whether increased physician adherence improves patient outcomes. Under this study aim,
which is the focus of this paper, physician-randomized intervention (e.g. physician encouragement to
administer the guideline treatment) is a surrogate to induce the target treatment of interest (e.g. physician
adherence), and thus there is a large amount of noncompliance.

3. POTENTIAL OUTCOMES FRAMEWORK

Causalinference, a growing area of statistical research, can be viewed as the extraction of information on
the comparison between therapies or policies. An important and much-recognized statistical framework
for causal inference is the one based on potential outcomes, which dates back to Neyman and Fisher
(Neyman, 1923;Rubin,1990), and is often referred to as the Rubin Causal Model (Holland,1986). The
approach to adjusting for noncompliance within this framework is a special case of the principal stratifi-
cation framework defined byFrangakis and Rubin(2002).

The role of time is important in this framework since variables are divided into two categories:
pretreatment variables whose values are determined prior to treatment exposure and posttreatment vari-
ables whose values are determined after treatment exposure (Holland,1986). All posttreatment variables
are potentially affected by the treatment or control. So for subjecti , each posttreatment outcome variable
Yi hastwo “potential outcomes”: one under treatment, denotedYi (1), and one under control, denoted
Yi (0). We interpretYi (1) asthe value of the response that would have been observed if subjecti were
assigned the treatment, andYi (0) as the value of the response that would have been observed on the
same subjecti if assigned control. It is impossible to observe bothYi (1) andYi (0) sincethe subject is
randomized to either treatment or control, but a statistical solution is found in working with average dif-
ferences in potential outcomes across populations. In our research setting, posttreatment variables, for
which potential outcomes will be specified, include physician adherence, patient outcomes, and response
indicators.

3.1 Setting and notation

The setting consists ofi = 1, . . . ,N patients, where patienti has physicianQi for Qi = 1, . . . ,M 6 N.
Then,Zi = 1 if patienti ’s physician is randomized to encouragement with medical records plus symptoms
data, and 0 if patienti ’s physician is randomized to encouragement with medical records data alone. Since
randomization is by physician cluster,Zi = Z j for Qi = Q j . Under the stable unit treatment value
assumption (SUTVA), the potential physician adherence indicatorDi (Zi ) = 1 if patient i ’s physicianQi

adheresto guideline treatment underZi , andDi (Zi ) = 0 otherwise.
Since patients had multiple visits over the 12 months of the study, we collapsed physician adherence

to a binary variable, where a patienti ’s physicianQi is considered to have adhered if they provided
guideline treatment at least once during the 12 months. We define guideline treatment to be treatment
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Table 1. Notation

Notation Specifics Generaldescription

Zi 1 if patient i assigned treatment Treatment assignment indicator
0 if patienti assigned control

Xi Vector of indicators of baseline NYHA status Patient covariates
Qi q for patienti ’s physician
Di (Zi ) 1 if patient i ’s physician adhered under assignmentZi Potentialoutcome formulation

0 if patienti ’s physician did not adhere under assignmentZi of treatment receipt
Di Treatment receipt indicator under

observed assignment
Ci n if Di (0)= 0 andDi (1)= 0 Compliance type principal stratum:

c if Di (0)= 0 andDi (1)= 1 n = never-taker,c = complier,
a if Di (0)= 1 andDi (1)= 1 a = always-taker;d = defier
d if Di (0)= 1 andDi (1)= 0

Yi (Zi ) Binaryoutcome of interest under Potential outcome formulation
assignmentZi of the outcome of interest

Yi Binaryoutcome of interest under
observed assignment

Ri (Zi ) 1 if Yi (Zi ) would be observed Potential outcome formulation of the
0 if Yi (Zi ) would not be observed response indicator forYi

Ri Responseindicator forYi under
observedassignment

basedon medical records and patient-specific symptom data. We have this data since both intervention
and control suggestions were generated for all patients at all visits in the study; all future references to
physician adherence will refer to this definition.

Under SUTVA, we defineYi (Zi ) to be the binary potential outcome of interest, when patienti ’s physi-
cian is assignedZi . In the guideline treatment study,Yi is a binary indicator of whether a patient’s phys-
ical status improved over the 12 months of the study as measured by their New York Heart Association
(NYHA) score. LetRi (Zi ) bethe potential indicator for response, equal to 1 ifYi (Zi ) would be observed,
and 0 if not, when patienti ’s physician is assignedZi . Let Xi be a vector of fully observed covariates
for patienti . In the application, we adjust for baseline NYHA class since there were unequal numbers at
baseline between treatment groups, whereXi correspondsto binary indicators of baseline NYHA classes.
There were no recorded physician-level covariates in the guideline treatment study. Table1 provides a
summary of all notation.

3.2 Assumptions

Our methods assume the SUTVA which states that a patient’s treatment assignment does not affect other
patients’ outcomes. If we consider a physician with two patients,j andk, then SUTVA implies that how
the physician treats patientj should not influence the outcome of patientk. In the application, the elec-
tronic reminders were sent prior to each patient visit and were patient specific (i.e. based on a specific
patient’s medical records, as well as, for intervention physicians, the patient’s symptom information).
So it is reasonable to expect the physician’s responses to be specific to each patient, and independent
of the physician’s treatment of his or her other patients, which satisfies SUTVA. Although physician
responses may be correlated within physician, which our methods take into account. The SUTVA then
limits the number of potential outcomes by allowing us to write potential outcomes as functions ofZi

ratherthan of the vectorZ. We can then define the ITT causal effect ofZ onY asE[Yi (1)− Yi (0)].

 at M
cG

ill U
niversity Libraries on A

ugust 24, 2011
biostatistics.oxfordjournals.org

D
ow

nloaded from
 

http://biostatistics.oxfordjournals.org/


Methodsfor clustered encouragement design studies 317

In the guideline treatment study, if the patient’s physician does not adhere when encouraged with med-
ical data and patient-specific symptom data (i.e. the intervention), then we assume the patient’s physician
would not adhere when encouraged with medical data alone (i.e. the control). This is the “monotonicity
assumption” (Imbens and Angrist,1994), which rules out the existence of defiers, making compliance
type observable whenZi 6= Di .

Unintentionalmissing data create problems since we are typically interested in making inference on
the entire target population, not just the portion of the population that would provide responses. We choose
a less restrictive assumption where we assume the missing data are nonignorable, which means that non-
response is related in some partially unknown way to the missing data, even after adjusting for covariates
known for responders and nonresponders. Specifically in our setting, missingness depends on latent com-
pliance type (defined in Section3.3), which is missing for patients whereZi = Di (undermonotonicity);
this assumption is called “latent ignorability” (Frangakis and Rubin,1999) and formally, it assumes that
within each latent principal compliance type as well as covariates and physician cluster, potential out-
comes and associated potential response indicators are independent, or Pr[Ri (0)|Yi (0),Ci , Xi , Qi ] =
Pr[Ri (0)|Ci , Xi , Qi ] and Pr[Ri (1)|Yi (1),Ci , Xi , Qi ] = Pr[Ri (1)|Ci , Xi , Qi ]. We condition on covari-
ates and physician clusters for two reasons: first, our methods and inference require conditioning on
physician cluster since this is the level of the randomization and second, the assumption of ignorability is
more plausible after conditioning on important covariates.

We do not assume any exclusion restrictions which hold that for certain subpopulations, treatment
assignment does not affect outcomes or response behaviors. These restrictions would be violated if, for
example, the electronic reminder prompts the physician to take measures beyond the suggested guide-
lines, like suggesting that the patient avoid unnecessary exposure to certain things. Without the exclusion
restrictions, the parameters in Section3.4 are “weakly identifiable” in the sense that there is no unique
maximum likelihood (ML) estimator, although the posterior distribution is proper (Hirano and others,
2000). Identification under Bayesian or multiple imputation methods is then based entirely on a carefully
thought-out prior distribution.

3.3 Compliance principal strata

We then use the method of principal stratification (Frangakis and Rubin,2002), which divides the popula-
tion into four compliance principal strata, as determined by the value of the vector of potential physician
adherence indicators [Di (0),Di (1)], whereCi = n (never-taker) if Di (0) = Di (1) = 0, Ci = c (com-
plier) if Di (0) = 0 and Di (1) = 1, Ci = a (always-taker) ifDi (0) = Di (1) = 1, andCi = d (defier)
if Di (0) = 1 and Di (1) = 0. Compliance type is not identified from the observable data on physician
adherenceD without additional assumptions. In particular, since patients are randomized to either the
intervention or the control, we only observeDi (1) for patients assigned to the intervention, andDi (0)
for patients assigned to the control. But there is some information on compliance type from the observed
treatment assignment and physician adherence. For example, patients with physicians assigned the control
arm where the physician was not guideline adherent (i.e.Zi = Di = 0) are a mixture of never-takers and
compliers. Similarly, patients with physicians assigned to the intervention arm where the physician was
adherent (i.e.Zi = Di = 1) area mixture of always-takers and compliers. Note that conditioning on fully
observed pretreatment covariates could substantially limit the extent of the relationship betweenDi (1)
andDi (0) that is unobserved, depending on the strength of the covariates in predictingDi (1) andDi (0)
(Zhangand Rubin,2003;Rubin,2004). Principal strata have some important properties. First, they are not
affected by assigned treatment, so we can adjust for them as we do for baseline covariates (Frangakis and
Rubin,2002). Second, any comparisons made between potential outcomes within the principal strata are
well-defined causal effects (Frangakis and Rubin, 2002), allowing us to define estimands for the causal
treatment effect that appropriately account for noncompliance.
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3.4 Definingthe causal estimands of interest

We define the ITT effect as ITT=
∑

t∈{n,a,c,d} E[Yi (1) − Yi (0)|Ci = t ]Pr(Ci = t) =∑
t∈{n,a,c,d} ACEtPr(Ci = t), where ACEt is the average causal effect of randomized treatmentZ on

outcomeY for the subpopulation of compliance typet . Under monotonicity, defiers do not exist, and the
never-takers and always-takers, by definition of these groups, do not carry information about the com-
parison between treatments with respect to finding the causal effect of treatment on outcome (Sommer
and Zeger,1991;Sheiner and Rubin, 1995). Therefore, we focus on the the subpopulation of compliers
and define the complier average causal effect (CACE) to be CACE= E[Yi (1)− Yi (0)|Ci = c], which
is the average treatment effect among the subpopulation of compliers. In the application, the CACE is
the comparison of randomized groups on patient NYHA improvement among patients whose physician
would adhere when assigned the intervention and would not adhere when assigned the control. Put simply,
the CACE is the as-treated effect of physician adherence on patient NYHA improvement.

4. PARAMETRIC MODELS

Sincerandomization is at the level of the physician, randomized assignment is ignorable only after condi-
tioning on physician cluster. Therefore, any inference on potential outcomes must condition on physician
cluster which may lessen the precision since no physician has patients in both arms (Frangakisand others,
2002). Under latent ignorability, we model the joint distribution ofYi (Zi ), Ri (Zi ), andCi , conditionally
on X andQ, as Pr[Yi (Zi )|Ci , Zi , Xi , Qi ]Pr[Ri (Zi )|Ci , Zi , Xi , Qi ]Pr(Ci |Zi , Xi , Qi ).

We model the compliance principal strata as a multinomial logit model, or Pr(Ci = t |Xi = x, Qi =
q, θ) = 9(t, x, b(C)q , ψ), where, forx ≡ (x1, x2, x3), ψt ≡ (ψt1, ψt2, ψt3), b(C)q ≡ (b(C)qn , b

(C)
qc , b

(C)
qa ),

andt ∈ {n, c,a},

9(t, x, b(C)q , ψ) =
exp(ψt0 + ψt x + b(C)qt )

∑
v∈{n,c,a} exp(ψv0 + ψvx + b(C)qv )

.

We set{ψn0, ψn1, ψn2, ψn3} ≡ (0,0,0,0), as well asb(C)qn ≡ 0 for q = 1, . . . ,M , to normalize the prob-
abilities. Here,{ψc0, ψc1, ψc2, ψc3} and{ψa0, ψa1, ψa2, ψa3} modelthe association between compliance
principal strata and covariates, andb(C)q modelthe association between compliance principal strata and
physician cluster.

We model the binary potential outcomes as logistic regressions or Pr[Yi (z) = 1|Ci = t, Xi = x, Zi =
z, Qi = q, θ ] = ϒ(x, ηtz, b

(Y)
q ) where,for ηtz ≡ {ηtz1, ηtz2, ηtz3},

ϒ(x, ηtz, b
(Y)
q ) =

exp{ηtz0 + ηtzx + b(Y)q }

1 + exp{ηtz0 + ηtzx + b(Y)q }
.

We letηt01 = ηt11 ≡ η0.1, ηt02 = ηt12 ≡ η0.2, andηt03 = ηt13 ≡ η0.3 for t ∈ {n, c,a}, which reduces the
number of parameters. Although it does not complicate the methodology to allow separate coefficients,
we did not have a strong a priori belief that the baseline covariate’s effect on potential outcomes would
vary by compliance type or treatment assignment. Given the sample size in this study, this should help
increase precision in the estimates of interest.

We model the binary potential outcome responses as logistic regressions, or Pr[Ri (z) = 1|Ci = t,
Xi = x, Zi = z, Qi = q, θ ] = 4(x, γtz, b

(R)
q ) where,for γtz ≡ {γtz1, γtz2, γtz3},

4(x, γtz, b
(R)
q ) =

exp{γtz0 + γtzx + b(R)q }

1 + exp{γtz0 + γtzx + b(R)q }
.
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Similar to the outcome model parameters, we letγt01 = γt11 ≡ γ0.1, γt02 = γt12 ≡ γ0.2, andγt03 =
γt13 ≡ γ0.3 for t ∈ {n, c,a}.

4.1 Likelihood

We define the vector of all parameters to beθ . Let ζ(t) be the subset of patients with complier typet ,
and letδ(z, d) be the subset of patients with observed(Zi = z, Di = d). The observed likelihood takes
a complicated form and is defined in Section1 of the supplementary material available atBiostatistics
online. However, the likelihood based on the complete data{C,Z,D,Y,R,X,Q} takes a much simpler form,
where

Lcomp(θ |C,Z, D,Y, R,X,Q) =
∏

i ∈ζ(c)

{
ϒ(x, ηcZi , b

(Y)
q )Yi (1 − ϒ(x, ηcZi , b

(Y)
q ))(1−Yi )

×4(x, γcZi , b
(R)
q )Ri (1 −4(x, γcZi , b

(R)
q ))(1−Ri )

×9(c, x, b(C)q , ψ)
}

∏

i ∈ζ(n)

{
ϒ(x, ηnZi , b

(Y)
q )Yi (1 − ϒ(x, ηnZi , b

(Y)
q ))(1−Yi )

×4(x, γnZi , b
(R)
q )Ri (1 −4(x, γnZi , b

(R)
q ))(1−Ri )

×9(n, x, b(C)q , ψ)
}

∏

i ∈ζ(a)

{
ϒ(x, ηaZi , b

(Y)
q )Yi (1 − ϒ(x, ηaZi , b

(Y)
q ))(1−Yi )

×4(x, γaZi , b
(R)
q )Ri (1 −4(x, γaZi , b

(R)
q ))(1−Ri )

×9(a, x, b(C)q , ψ)
}

.

Since the complete data likelihood is easier to work with than the observed data likelihood, we can
utilize missing data methods such as the Gibbs sampler (Geman and Geman,1984).

4.2 Prior selection

We perform two separate analyses using two types of priors that are computationally tractable for this ap-
plication. For the first type, we use a prior distribution that is proper but diffuse in order to be relatively un-
informative for our application. Given the physician-specific parameters, we posit the following indepen-
dent prior distributions:η ∼ N(0, Iξ) , γ ∼ N(0, Iξ) , ψ ∼ N(0, Iξ) , and(b(Y)q , b(R)q , b(C)qc , b

(C)
qa )|Vb ∼

N(0,Vb) independentlyacross physiciansq = 1, . . . ,M . I is the identity matrix andξ is the inflation
factor that we set. We assume that the inverse ofVb hasa Wishart distribution with scale matrix(αR)−1

with α = 10degrees of freedom.
For the second prior, since the observed likelihood involves a mixture over a large amount of missing

data, we use a prior with conjugate form. This more informative prior can be fit using the same model
but adding artificial patients to the data set (Hiranoand others, 2000). Prior information is expressed by
attaching weights to the artificial patients’ contribution to the likelihood, where weights are based on the
combinations of cluster indicators, covariates, compliance groups, randomized assignment, outcomes, and
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observed response indicators. We use a prior that corresponds to adding 30 observations to the likelihood.
This corresponds to 10 additional observation for each compliance type, where the 10 observations are
then split into 10/(32Q) observations for each of the 32Q combinations of(Zi ,Yi , Ri , Xi 1, Xi 2, Xi 3, Q).
Formally, the prior distribution is as follows:

p(θ) ∝
Q∏

q=1

×
∏

t∈{n,c,a}

×
∏

x

∏

z=0,1

∏

y=0,1

∏

r =0,1

{
ϒ(x, ηcZi ., b

(Y)
q )Yi (1 − ϒ(x, ηcZi ., b

(Y)
q ))(1−Yi )

×4(x, γa1., b
(R)
q )Ri (1 −4(x, γa1., b

(R)
qa ))

(1−Ri )

×9(a, x1, x2, b
(C)
qc , b

(C)
qa , ψ)

}10/(32Q)

×MVN(0,Vb)× InvWis(R, α),

where MVN(0,Vb) is the multivariate normal distribution forbq with mean vector0 and varianceVb,
andInvWis is the inverse Wishart distribution we assume for the distribution ofVb, with hyperparameters
(αR)−1 andα for the scale matrix and degrees of freedom, where, for the scale matrix, we use an ap-
proximation ofVb basedon the posterior distribution under the uninformative prior distribution described
above, withα = 10.

5. FRAMEWORK FOR MULTIPLE IMPUTATION

In the principal stratification framework, existing methods for estimation of the treatment effect include
Bayesian (Imbens and Rubin,1997;Hirano and others, 2000;Frangakisand others, 2002), likelihood
(O’Malley and Normand, 2005;Zhou and Li, 2005), and moment methods (Frangakis and Rubin, 1999;
Levy and others, 2004;O’Malley and Normand, 2005;Taylor and Zhou, 2009a). An interesting alternative
is multiple imputation (Rubin,1987), a method that has been successfully applied to a wide variety of
missing data problems but has only recently been applied to the potential outcomes setting of causal
inference (Taylor and Zhou, 2009b).

Taylor and Zhou(2009b) provide a detailed list of the advantages of multiple imputation (MI) in this
causal inference setting, which include the fact that neither the monotonicity nor the compound exclusion
restrictions, which have been used to develop and justify estimation procedures under ML and moment
methods, are essential for the MI analysis, and violations of these assumptions can be addressed. In addi-
tion, MI can be used in virtually any setting, whereas ML is much more restricted in its applications,
requiring specially designed expectation-maximization algorithms and difficult analytic or numerical
integration on the log likelihood for intervals.

If we partition the complete dataM into the observed data,Mobs = (Yobs, Z, D, R, X, Q), and
the missing data,Mmis = (Ymis,Cmis), we then draw from the joint distributionP(Mmis, θ |Mobs) ≡
P(Ymis,Cmis, θ |Yobs, Z, D, R, X, Q) by recursively iterating between the draws fromP(Ymis|Cmis,Yobs,
Z, D, R, X, Q, θ), P(Cmis|Yobs, Z, D, R, X, Q, θ), andP(θ |Yobs, Z, D, R, X, Q). We use a Gibbs sam-
pler (Geman and Geman, 1984) and a Metropolis–Hastings algorithm (Metropolis and others, 1953;
Hastings,1970) for computation of all reported results, where the details are described in Section2 of
the supplementary material available atBiostatisticsonline.

For our setting, if the percent of missing information was even as high as 90%, then an estimate based
on m = 10 imputations would tend to have a standard error only 1.04 times as large as the estimate with
m = ∞ imputations; therefore 10 imputations is adequate for our setting. The next step, or the analysis
stage, involves calculating the complete data estimates of the estimands of interest using complete data
methods.
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Since we are interested in the marginal mean, but would like to use likelihood-based methods at the
analysis stage (which were also used in the imputation stage), we chose a marginalized random effect
model (Heagerty and Zeger,2000), which uses a conditional approach but averages over random effects.
This approach embraces the interpretation and robustness of regression coefficients from the marginal
model while retaining the likelihood inference capabilities and flexible dependence specifications from
a random effects model (Griswold and Zeger,2004). This model can be implemented in existing soft-
ware (like SAS) by formulating the marginal models through conditional specifications, which facilitate
estimation with computation solutions already in place (Griswold and Zeger,2004). See Section3 of the
supplementary materials section available atBiostatisticsonline for a more detailed description of the
marginalized random effects models used at the analysis stage.

For each complete data set, we obtain parameter estimates for the CACE and compliance type,(Q̂1,
Q̂2, . . . , Q̂m), along with their approximate variances,(U1,U2, . . . ,Um), based on the second derivative
matrix of the likelihood function. Similar methods are used to obtain estimates for all estimands of interest.
We then combine results from the completed data sets using the rules defined inRubin(1987).

6. APPLICATION TO THE GUIDELINE TREATMENT STUDY

The study was done among primary care physicians caring for outpatients with heart failure at two VA
medical centers. Although subjects were not eligible to participate in the original study if their physicians
did not expect them to survive 1 year (Subramanianand others,2004), death data were not included in
this analysis. Since outcomes for patients who die are, by definition, nonexistent, it is a limitation of this
analysis that outcomes may have been imputed for patients who died during the 12 months of the study.
A discussion of how to adjust for censoring due to death using the principal stratification framework can
be found inZhang and Rubin(2003) andRubin(2006).

Table2 provides patient characteristics and baseline information, where 38% of patients under the
control (Zi = 0) had NYHA improvement over the 12 months of the study, and 45% of patients whose
physician was assigned the intervention had improvement. A substantial number of veterans with heart
failure were not receiving care in accordance with accepted local guidelines. Overall, less than half the

Table 2. Patient characteristics for the guideline treatmentstudy

Intervention assignment Control assignment Overall

Physicians,N 38 36 74
Patients,N 322 307 629
Received treatment (Di = 1), N (%) 157 (47) 114 (36) 271 (42)
Baseline NYHA Class,N (%)

I—No symptoms or limitations 36 (11) 61 (20) 97 (16)
II—Mild symptoms and limitations 73 (23) 64 (21) 137 (22)
III—Marked limitations due to symptoms 161 (50) 147 (48) 308 (49)
IV—Severe symptoms and limitations, bedbound 52 (16) 35 (11) 87 (14)

NYHA improvement (Yobs
i = 1), N (%) 103 (45) 89 (38) 192 (41)

Among those receiving treatment 57 (48) 35 (39) 92 (44)
Among those not receiving treatment 46 (41) 54 (38) 100 (40)

Observed NYHA status (Ri = 1), N (%) 231 (72) 232 (76) 463 (74)
Among those receiving treatment,N (%) 119 (78) 91 (80) 210 (79)
Among those not receiving treatment,N (%) 112 (66) 141 (73) 253(70)
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patientsreceived guideline treatment at least once during the 12 months of this study. Approximately
half the patients, whose physicians were assigned the intervention, did not receive guideline treatment;
these patient–physician pairs must be never-takers (or, more descriptively, “never-guideline-treatment-
receivers”); similarly there were 36% of patient–physician pairs in the control arm who must be always-
takers (or “always-guideline-treatment-receivers”). The remaining patient–physician pairs in the control
arm were either compliers or never-takers, and those remaining in the intervention arm were either com-
pliers or always-takers.

For an initial examination of the data, we used the multiple imputation methods developed inTaylor
and Zhou(2009b) on binary outcomes without covariates or clustering usingM = 10 imputations. Results
are reported in the first column of Table3, where there was an estimated 12% (95% CI:−67.6, 92.1)
NYHA improvement among the complier subpopulation. The results from adjusting for covariates are
reported in the latter two columns of Table3, corresponding to the two different priors used in the two
analyses. We adjusted for baseline NYHA status (with three indicator variables for status II, III, and IV)
since this was somewhat unbalanced at baseline, with patients in the intervention arm worse off (i.e.
having higher NYHA scores at baseline) than control patients (Table2).

Under the conjugate prior that adds 30 artificial patients to the likelihood, guideline treatment pro-
duced an estimated 4% (95% CI:−25.2, 32.2) improvement in NYHA status, where including covariates
substantially lowered variability in the estimated treatment effect. Similar nonsignificant effects were
found in the never-taker and always-taker subpopulations (.1% [95% CI:−11.3, 11.5]; 1.9% [95% CI:
−11.9, 15.6], respectively). Similar results were found under the noninformative prior where the slightly
negative treatment effect among the compliers had a wide confidence interval which included zero, mak-
ing the negative result consistent with random fluctuation. The last six rows of Table3 report results on
response indicators for all models, where overall rates of outcome response were lowest among compliers
and highest among always-takers.

Table4 reports the estimated proportion within each compliance subpopulation by covariates. Overall,
under the conjugate prior, 13% of the patient–physician pairs were compliers, 50% were never-takers

Table 3. Overview of NYHA improvement rates and response rates for compliance principal strata based
on imputations from the posterior distribution

Modelwithout covariates Model adjusting for covariates
Normalprior (ξ = 1) Conjugateprior

Mean(SE) [95% CI] Mean (SE) [95% CI] Mean (SE) [95%CI]

ACEc ≡ CACE 0.12 (0.36) [−0.68, 0.92] −0.01 (0.15) [−0.30, 0.28] 0.04 (0.14) [−0.25, 0.32]
ACEn 0.05(0.08) [−0.13, 0.22] 0.01 (0.06) [−0.10, 0.13] 0.001 (0.06) [−0.11, 0.12]
ACEa 0.07(0.12) [−0.18, 0.31] 0.04 (0.09) [−0.15, 0.22] 0.02 (0.07) [−0.12, 0.16]
E(Yi (1)|Ci = c) 0.62(0.36) [0.00, 1.00] 0.44 (0.15) [0.13, 0.75] 0.50 (0.09) [0.33, 0.68]
E(Yi (0)|Ci = c) 0.50(0.35) [0.00, 1.00] 0.45 (0.14) [0.16, 0.74] 0.48 (0.09) [0.29, 0.65]
E(Yi (1)|Ci = n) 0.41(0.05) [0.30, 0.52] 0.47 (0.04) [0.39, 0.56] 0.47 (0.06) [0.35, 0.58]
E(Yi (0)|Ci = n) 0.36(0.06) [0.23, 0.50] 0.46 (0.05) [0.36, 0.56] 0.47 (0.05) [0.36, 0.57]
E(Yi (1)|Ci = a) 0.45(0.10) [0.24, 0.67] 0.50 (0.05) [0.41, 0.59] 0.48 (0.06) [0.37, 0.60]
E(Yi (0)|Ci = a) 0.39(0.05) [0.28, 0.49] 0.46 (0.07) [0.32, 0.60] 0.47 (0.07) [0.33, 0.60]
E(Ri (1)|Ci = c) 0.60(0.23) [0.08, 1.00] 0.58 (0.13) [0.31, 0.85] 0.65 (0.17) [0.29, 1.00]
E(Ri (0)|Ci = c) 0.42(0.29) [0.00, 1.00] 0.60 (0.16) [0.24, 0.95] 0.58 (0.24) [0.05, 1.00]
E(Ri (1)|Ci = n) 0.63(0.04) [0.55, 0.70] 0.65 (0.04) [0.57, 0.73] 0.65 (0.04) [0.57, 0.73]
E(Ri (0)|Ci = n) 0.76(0.07) [0.61, 0.90] 0.79 (0.07) [0.65, 0.94] 0.77 (0.08) [0.60, 0.94]
E(Ri (1)|Ci = a) 0.83(0.09) [0.62, 1.00] 0.82 (0.09) [0.61, 1.00] 0.80 (0.07) [0.65, 0.96]
E(Ri (0)|Ci = a) 0.80(0.04) [0.73, 0.87] 0.79 (0.04) [0.71, 0.87] 0.79 (0.04) [0.71,0.87]
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Table 4. Compliance principal strata rates by covariates

Normalprior (ξ = 1) Conjugate prior (PS= 30)
Estimate(SE) [95% CI] Estimate (SE) [95%CI]

Pr(Ci = c) 0.08(0.06) [0.00, 0.22] 0.13 (0.05) [0.03, 0.25]
Pr(Ci = n) 0.55(0.08) [0.38, 0.71] 0.50 (0.08) [0.34, 0.66]
Pr(Ci = a) 0.37(0.08) [0.21, 0.52] 0.37 (0.09) [0.20, 0.54]
NYHA Class I: no limitations

Pr(Ci = c) 0.16(0.17) [0.00, 0.53] 0.22 (0.14) [0.00, 0.50]
Pr(Ci = n) 0.48(0.12) [0.06, 0.89] 0.42 (0.19) [0.04, 0.80]
Pr(Ci = a) 0.36(0.09) [0.20, 0.60] 0.36 (0.09) [0.20, 0.54]

NYHA Class II: mild limitations
Pr(Ci = c) 0.05(0.04) [0.00, 0.13] 0.15 (0.12) [0.00, 0.41]
Pr(Ci = n) 0.62(0.08) [0.47, 0.77] 0.52 (0.15) [0.22, 0.83]
Pr(Ci = a) 0.33(0.06) [0.21, 0.46] 0.33 (0.07) [0.17, 0.46]

NYHA Class III: marked limitations
Pr(Ci = c) 0.09(0.07) [0.00, 0.22] 0.12 (0.09) [0.00, 0.32]
Pr(Ci = n) 0.51(0.08) [0.35, 0.68] 0.49 (0.11) [0.27, 0.71]
Pr(Ci = a) 0.40(0.05) [0.30, 0.51] 0.37 (0.05) [0.27, 0.46]

NYHA Class IV: severe limitations
Pr(Ci = c) 0.06(0.07) [0.00, 0.20] 0.10 (0.09) [0.00, 0.29]
Pr(Ci = n) 0.51(0.08) [0.35, 0.68] 0.58 (0.12) [0.34, 0.83]
Pr(Ci = a) 0.33(0.08) [0.19, 0.48] 0.32 (0.08) [0.16,0.48]

ξ = inflation factor set by analysis; PS= number of pseudo subjects in the conjugate prior.

(wherea high proportion of never-takers was expected since guideline–treatment adherence is a known
problem for physicians in this patient population), and 37% were always-takers. Similar results were
found under the noninformative prior. Patients with higher NYHA baseline scores (where high scores are
worse for the patient) tended to have slightly lower proportions of compliers and higher proportions of
never-takers than patient with higher baseline NYHA scores.

In order to assess sensitivity of inference to the parameters in our priors, Table5 displays results based
on three different inflation factors (ξ= 5, 3, and 0.5) under the normal priors, and three different numbers
of pseudo subjects (PS) under the conjugate prior (PS= 9, 15, and 45). Inferences are similar both in
the estimated treatment effect among compliance subpopulations and in the estimated proportions within
each compliance subpopulation.

Since there was no significant improvement in NYHA status over the course of the study for the
compliers, our results suggest that physician adherence to treatment guidelines in this setting does not
necessarily improve patient outcomes. This implies a need for further research on management strategies
for veterans with heart failure in order to provide them optimal care.

7. DISCUSSION

We developed methodology for cluster-randomized studies with individual-level noncompliance. The pro-
posed methods improve upon current procedures for the clustered encouragement design by incorpo-
rating nonignorable missing data and by utilizing an alternative approach to inference using a multiple
imputation framework which has potential advantages over existing methods of inference.

Future work could focus on continuous outcomes and incorporate additional physician adherence cat-
egories since, to make the observed data in the guideline treatment study conform to our template, we had
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Table 5. Overview of NYHA improvement rates and compliance principal strata based on imputations
from the posterior predictive distribution using different inflation factors (ξ ) for the noninformative prior

and different numbers of PS for the conjugateprior

Noninformative prior ξ = 5 ξ = 3 ξ = 0.5
inflation factors,
Mean (SE) [95%CI]

ACEc 0.01(0.14) [−0.26, 0.28] 0.003 (0.20) [−0.38, 0.39] 0.01 (0.14) [−0.27, 0.29]
ACEn 0.001(0.05) [−0.11, 0.11] 0.01 (0.05) [−0.10, 0.12] −0.002 (0.06) [−0.12, 0.11]
ACEa 0.01(0.07) [−0.12, 0.14] 0.01 (0.06) [−0.12, 0.13] 0.03 (0.07) [−0.12,0.17]

Conjugate prior number PS= 9 PS= 15 PS= 45
of pseudo subjects,
Mean (SE) [95%CI]

ACEc 0.01(0.12) [−0.63, 0.91] 0.001 (0.11) [−0.22, 0.22] 0.02 (0.12) [−0.20, 0.23]
ACEn −0.002(0.06) [−0.12, 0.11] −0.004 (0.06) [−0.12, 0.12] 0.002 (0.06) [−0.11, 0.12]
ACEa 0.01(0.07) [−0.13, 0.15] 0.02 (0.07) [−0.12, 0.16] 0.01 (0.07) [−0.13,0.14]

ξ = inflation factor set by analysis; PS= number of PS in the conjugate prior

to reduce the physician adherence variables at multiple visits to a single indicator of physician adherence,
thereby losing information. Others have incorporated principal strata based on multilevel posttreatment
variables using principal stratification methods (Mattei and Mealli, 2007). Future work could also use di-
rect marginal modeling for the analysis stage of the multiple imputation inference and could also address
the frequentist properties (e.g. finite sample behavior) of the multiple imputation estimator in the CED
setting, varying the number of clusters and cluster size, as well as estimator behavior under misspecified
models and assumptions.

SUPPLEMENTARY MATERIAL

Supplementarymaterial is available athttp://biostatistics.oxfordjournals.org.
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