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This study examined various factors that affect statistical power in randomized
intervention studies with noncompliance. On the basis of Monte Carlo simulations,
this study demonstrates how statistical power changes depending on compliance
rate, study design, outcome distributions, and covariate information. It also exam-
ines how these factors influence power in different methods of estimating inter-
vention effects. Intent-to-treat analysis and complier average causal effect estima-
tion are compared as 2 alternative ways of estimating intervention effects under
noncompliance. The results of this investigation provide practical implications in
designing and evaluating intervention studies taking into account noncompliance.

In randomized field experiments, noncompliance
(nonadherence) can be a major threat to obtaining
statistical power to detect intervention effects. Non-
compliance occurs when study participants do not fol-
low the randomized assignment, and it has several
forms (Angrist, Imbens, & Rubin, 1996). The most
common form is represented by individuals who are
assigned to the experimental group and fail to show
up and receive the treatment (never-takers). Other,
less frequent forms are represented by individuals as-
signed to the control group who nevertheless find
ways to receive the treatment targeted for the experi-
mental group (always-takers), or by individuals who
do the opposite of what they are asked to do (defiers).

Among these types, this study focuses on never-takers
as the most common type of noncompliers.

In laboratory experimental studies, it is relatively
easy to ensure compliance with a randomized assign-
ment. Under these well-controlled circumstances,
noncompliance is unlikely to occur because a small
number of individuals are closely supervised. In non-
laboratory environments, some researchers limit non-
compliance using on-site randomization. Researchers
invite all recruited individuals to an initial meeting
and then assign them to the treatment or the control
condition on-site. The intervention (usually a single
session) is given on-site right after assignment.

Although effective in reducing noncompliance
rates, laboratory experiments and on-site randomiza-
tion and treatment are not always possible in practice.
First, these strategies are not easy to apply when man-
aging a large number of study participants. Second,
intervention trials often deliver an intensive treatment
regime. Thus, administering the entire treatment on
one occasion is not possible. Third, it is not easy to
motivate individuals to show up at the intervention
site without informing them whether they are getting
treatment or not getting treatment. Although labora-
tory experiments and on-site randomization are ideal,
they are often the exception rather than the rule in
intervention studies.

Two studies that used randomization, but neither
on-site nor under laboratory conditions, are discussed
here. The Job Search Intervention Study (JOBS II;
Little & Yau, 1998; Vinokur, Price, & Schul, 1995;
Vinokur & Schul, 1997) was a randomized field ex-
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periment intended to prevent poor mental health and
to promote high-quality reemployment among unem-
ployed workers. In JOBS II, neither laboratory experi-
ment nor on-site randomization was an option because
of intensive treatment protocols and the large scale of
the study. Recruited individuals were randomized ei-
ther to the control or to the intervention condition.
Individuals assigned to the intervention group were
invited to a series of training sessions. The problem of
noncompliance arose in this situation because a sub-
stantial proportion of individuals who were assigned
to the intervention condition did not show up to the
intervention. For example, even though randomiza-
tion was carried out among individuals who agreed to
participate in the study, their motivation could have
changed by the time of intervention. In addition, some
individuals might have found a job quickly, leaving
no need to attend the intervention sessions.

The Johns Hopkins University Preventive Interven-
tion Research Center Study (JHU PIRC; Ialongo et
al., 1999) was designed to improve academic achieve-
ment and to reduce early behavioral problems of
schoolchildren. As in JOBS II, laboratory and on-site
settings were not applicable in the JHU PIRC study
because of the long duration and intensity of the in-
tervention protocols. First-grade children and their
parents were randomly assigned to the family-school
partnership intervention condition or to the control
condition. In the intervention condition, parents were
asked to do a series of take-home activities related to
literacy and mathematics. If parents did not carry out
these activities, their children did not receive the in-
tended intervention. In this setting, parents complied
with the intervention by actually implementing the
intervention. The advantage of this setting (self-
administration) was that there was no need for parents
to show up at the intervention site, which eliminated
obstacles such as finding transportation to the site and
being unable to choose a convenient time. The disad-
vantage of this setting was that parents had to sacrifice
other activities and motivate themselves to administer
the intervention in the absence of supervision. There-
fore, despite the flexibility, parents could still be
prone to noncompliance.

Noncompliance affects planning and evaluation of
randomized intervention trials. In planning a new in-
tervention trial, researchers need to consider the pos-
sibility of noncompliance to better estimate statistical
power and sample size. For example, estimated
sample size on the basis of results from a small labo-
ratory experiment may not yield the expected statis-

tical power when applied to a large-scale community
trial, where noncompliance is more likely to occur.
Recent developments in statistical methods provide
options for researchers to estimate intervention effects
with noncompliance. Depending on the purpose of the
intervention, one can decide whether (a) to estimate
the overall intervention effect for the entire sample or
(b) to estimate the intervention effect for only those
who comply with the treatment. Intent-to-treat (ITT)
analysis is a widely accepted method for the first pur-
pose (a), whereas complier average causal effect
(CACE) estimation is a relatively new method that
serves the second purpose (b). However, the way in
which noncompliance affects statistical power has not
been explicitly studied in either context.

On the basis of Monte Carlo simulations, this study
examines how noncompliance affects statistical
power in various settings of intervention trials. The
degree of receipt of treatment can vary among study
participants who actually receive the treatment (i.e.,
there could be partial compliers); however, in this
article, discussion is limited to situations in which
participants receive either all or none of the interven-
tion treatment. On the basis of dichotomous treat-
ment-receipt status, this study demonstrates how sta-
tistical power changes depending on compliance rate,
study design (e.g., balanced or unbalanced), outcome
distributions, and covariate information. This study
also examined how these factors influence power in
different methods of estimating intervention effects.
ITT analysis and CACE estimation are compared as
two alternative methods for estimating intervention
effects under noncompliance. The results of this study
provide useful answers to several questions that arise
in intervention trials with noncompliance: particu-
larly, how to estimate sample size and power, what
affects power, how to improve power, and how to
reduce cost.

Estimation of Intervention Effects
With Noncompliance

The randomization procedure of assigning indi-
viduals to an experimental group and a control group
is intended to create equivalent groups that can later
be compared to determine the effects of treatment.
However, if noncompliance occurs (i.e., study partici-
pants do not follow the randomized assignment), there
is a serious risk that the groups may not be equivalent,
and the comparison between them after the treatment
may confound the effect of treatment with the initial
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difference in their composition. For example, a sig-
nificant proportion of those randomly assigned to the
experimental group may not show up to receive the
treatment because of lack of motivation. In this case,
if the data are analyzed without including individuals
who did not show up (per-protocol analysis), the re-
sulting treatment-effect estimate may not represent
the causal effect of the treatment because the experi-
mental group would be composed of individuals who
are more highly motivated than those in the control
group. If the data are analyzed treating individuals
who did not show up as a part of the control group
(as-treated analysis), the resulting treatment-effect es-
timate will not represent the causal effect of the treat-
ment because the experimental and the control groups
lose comparability on the basis of random assignment.

In this article I focus on two methods of estimating
the causal effects of treatment assignment (ITT analy-
sis and CACE estimation) and do not discuss methods
that may not yield causal-effect estimates (e.g., per-
protocol analysis and as-treated analysis). Statistical
assumptions required to make causal inferences are
clearly addressed in Rubin’s causal model (RCM;
Holland, 1986; Rubin, 1974, 1978, 1980) approach. In
RCM, the possibility of statistical causal inference is
built on the basis of the effect of treatment at the
individual level. The RCM begins with the consider-
ation of an ideal case in which each individual could
be separately given the treatment and the control con-
dition at the same time. In this hypothetical situation,
the equivalence between the two conditions is guar-
anteed in the absence of treatment, and each individu-
al’s potential outcome can be directly compared be-
tween the two conditions. However, in practice, one
individual cannot be exposed to different treatment
conditions at the same time (see Holland, 1986, for
more discussion). Given the two assumptions below,
unbiased estimation of the average causal effect can
be achieved.

Assumption 1 (stable unit treatment value; SUTVA):
Potential outcomes for each person are unrelated to the
treatment status of other individuals in the sample (Ru-
bin, 1978, 1980, 1990). For example, this assumption
would be violated if individuals assigned to the control
condition have contact with individuals assigned to the
treatment condition and become demoralized by perceiv-
ing the treatment condition to be more attractive. West,
Biesanz, and Pitts (2000) and Winship and Morgan
(1999) provided illustrations of cases in which violations
of SUTVA are likely to occur.
Assumption 2 (randomization): Treatment assignment is
random. Random assignment enables field experiment-
ers to approximate the equivalence between the treat-

ment condition and the control condition prior to deliv-
ering the intervention. If randomization is successfully
done, the average characteristics (pretreatment covari-
ates) of individuals will be very similar between the
treatment condition and the control condition, which
provides the basis for fair comparison (i.e., causal infer-
ence).

Standard ITT Analysis

ITT analysis is a standard method used to estimate
treatment effects in randomized experimental designs.
In this method, average outcomes are compared with-
out considering the aspect of receipt of treatment.
Therefore, the ITT effect provided by this method can
be thought of as the causal effect of treatment as-
signed but not necessarily the causal effect of treat-
ment received. If the purpose of the trial is to estimate
the overall causal effects of treatment assignment,
ITT analysis is an appropriate method. For example, if
public health researchers want to learn the overall
effectiveness of a new vaccination program in reduc-
ing the outbreak of influenza in the community, both
compliers and noncompliers should be included in the
analysis.

ITT effect (i.e., the average causal effect of treat-
ment assignment) can be defined as

ITT � �1 − �0, (1)

where �1 denotes the mean potential outcome of the
population when assigned to the treatment condition
(Z � 1), and �0 denotes the mean potential outcome
of the population when assigned to the control con-
dition (Z � 0).

Under Assumptions 1 and 2, the unbiased estimate
of the ITT effect is

ITT̂ = y1 − y0, (2)

where y1 is the sample-mean outcome of individuals
assigned to the treatment group, and y0 is the sample-
mean outcome of individuals assigned to the control
group.

Estimation of CACE

The CACE estimation method considers both the
assignment and the receipt of intervention treatment
to estimate intervention efficacy. In this method, av-
erage outcomes are compared between the treatment
and the control conditions, but only for compliers.
Therefore, the CACE estimate can be thought of as
the causal-effect estimate of treatment assignment for
compliers. If the purpose of the trial is to estimate the
effect of treatment when it is actually received, CACE
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estimation is an appropriate method. For example, the
purpose of the JOBS II and the JHU PIRC trials was
to estimate the intervention effect when it was actu-
ally received rather than to estimate the overall effect.
The CACE estimate is often of interest in medical
research (e.g., clinical trials to test the effect of new
drugs, procedures, and therapies).

Bloom (1984) introduced the idea of estimating
CACE on the basis of an instrumental-variable (IV)
approach, in which treatment effect estimates were
adjusted by considering the noncompliance rate. More
recently, a refined form of the IV approach based on
RCM has been proposed (Angrist et al., 1996; Imbens
& Angrist, 1994). The CACE estimation shown in this
study is based on assumptions addressed by Angrist et
al. (1996), which are described in Assumptions 1–5 in
this article. Along with the RCM approach, likeli-
hood-based estimation methods accelerated develop-
ment in this area. Imbens and Rubin (1997) demon-
strated CACE estimation through the maximum-
likelihood (ML) estimation method using the
expectation-maximization (EM) algorithm (Demp-
ster, Laird, & Rubin, 1977; Little & Rubin, 1987;
McLachlan & Krishnan, 1997; Tanner, 1996), and a
Bayesian approach using the data augmentation algo-
rithm. Little and Yau (1998) incorporated covariates
in this framework and applied the ML–EM method.

In line with RCM, individuals can be categorized
not only on the basis of a potential treatment assign-
ment, but also on the basis of a second indicator of the
treatment receipt status. Assuming that the treatment
has only two levels (D � 1, received; D � 0, not
received), researchers can classify potential compli-
ance types (Ci) of individuals into four categories on
the basis of combinations of Z (Z � 1, assigned to the
treatment condition; Z � 0, assigned to the control
condition) and D. Angrist et al. (1996) labeled the
four categories as complier, never-taker, defier, and
always-taker. Compliers are individuals who would
receive the treatment only if they are assigned to the
treatment condition. Never-takers are individuals who
would not receive the treatment even if they are as-
signed to the treatment condition. Defiers are indi-
viduals who would do the opposite of what they are
assigned to do. Always-takers are individuals who
would receive the treatment no matter which condi-
tion they are assigned to. Among these four potential
compliance types, the current study considers only
compliers and never-takers, which is the case when
individuals assigned to the control condition do not
have access to the treatment, as in the JOBS II and the

JHU PIRC studies. The assumption of monotonicity
(Imbens & Angrist, 1994) excludes the possibility of
having defiers.

Assumption 3 (monotonicity): There are no defiers. This
assumption will hold if study participants are prohibited
from receiving a different intervention treatment than the
one they were assigned. Although defiers are usually
considered the least likely type of noncompliers, viola-
tion of this assumption can have a serious impact on the
CACE estimate.

The average causal effect of treatment assignment
for compliers can be expressed in terms of potential
outcomes as

CACE � �1c − �0c, (3)

where �1c denotes the population-mean potential out-
come for compliers when assigned to the treatment
condition (Z � 1), and �0c denotes the population-
mean potential outcome for compliers when assigned
to the control condition (Z � 0). The problem with
this definition, in practice, is that �0c cannot be di-
rectly estimated from the sample statistics. Because
individuals assigned to the control condition are not
allowed to receive the treatment, their potential com-
pliance behavior cannot be observed. Only the over-
all mean �0 is estimable from the control condition.
That is,

�0 � �c �0c + �n �0n, (4)

where �0n denotes the population-mean potential out-
come for noncompliers when assigned to the control
condition (Z � 0). �c is the proportion of compliers
in the population, and �n is the proportion of non-
compliers in the population (�c + �n � 1). Both �c

and �n can be estimated directly from the sample
statistics because the compliance rate can be observed
in the treatment condition. On the basis of random-
ization, it can be assumed that the control condition
has the same (potential) compliance rate.

Here, the exclusion restriction plays a critical role
in identifying CACE models by assuming no effect of
treatment assignment for noncompliers. Because this
study assumes no always-takers, Assumption 4 ap-
plies only to never-takers.

Assumption 4 (exclusion restriction): For never-takers
and always-takers, the distributions of the potential out-
comes are independent of treatment assignment (Angrist
et al., 1996). In other words, never-takers and always-
takers receive identical treatment regardless of which
treatment condition they are assigned to.
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The exclusion-restriction assumption can be vio-
lated if the treatment is not identical in different treat-
ment conditions or if the treatment assignment has a
psychological effect. For example, in the JHU PIRC
study, if a parent (i.e., always-taker) assigned to the
control condition somehow (e.g., from his or her
friend assigned to the intervention condition) obtained
a part of the home-learning activity materials, his or
her child may have experienced only part of the in-
tervention, which may not have been identical to get-
ting the intervention when assigned to the intervention
condition. In the JOBS II study, individuals who were
assigned to the treatment condition but failed to attend
the intervention seminars (never-takers) could be de-
moralized by failing to take the intervention opportu-
nity. This negative psychological effect would not oc-
cur for never-takers assigned to the control condition,
because the treatment was never offered.

If the exclusion-restriction assumption holds, the
potential outcomes of noncompliers are the same re-
gardless of treatment assignment (i.e., �0n � �1n).
Therefore, Equation 4 can be rewirtten by replacing
�0n with �1n as

�0 � �c�0c + �n�1n, (5)

where �1n denotes the population-mean potential out-
come for noncompliers when assigned to the treat-
ment condition (Z � 1).

Then, from Equation 5, �0c can be expressed using
parameters that are estimable on the basis of sample
statistics. That is,

�0c � (�0 − �n �1n)/�c. (6)

Finally, Equation 3 can be rewritten by replacing
�0c with the right-hand side of Equation 6. That is,

CACE = �1c − ��0 − �n�1n���c = ��1 − �0���c.
(7)

In Equation 7, Assumption 5 excludes the possibil-
ity of a zero denominator (i.e., �c > 0).

Assumption 5 (nonzero-average causal effect of Z on D):
The average causal effect of Z on D is not equal to zero
(Angrist et al., 1996). In other words, the compliance
rate cannot be zero. This assumption can be violated if
none of the study participants receive the treatment even
though it is offered.

Under Assumptions 1 and 5, the unbiased estimate
of CACE is

CACÊ = �y1 − y0��pc (8)

where y1 is the sample-mean outcome of individuals
assigned to the treatment group, y0 is the sample-mean
outcome of individuals assigned to the control group,
and pc is the sample proportion of compliers in the
treatment group.

The current study uses an ML estimation approach,
which is known to be often more efficient than the IV
approach in estimating the CACE (Imbens & Rubin,
1997; Little & Yau, 1998). By maximizing the like-
lihood in Equation 9 with respect to the parameters of
interest �, ML estimates are obtained. The unknown
compliance status is handled as missing data using the
EM algorithm (Dempster et al., 1977; Little & Rubin,
1987; McLachlan & Krishnan, 1997; Tanner, 1996).
ML-EM procedures for CACE estimation have been
previously presented in Little and Yau (1998). In this
study, ML-EM estimation of CACE was carried out
by the Mplus program (Muthén & Muthén, 1998–
2001). Parametric standard errors are computed from
the information matrix of the ML estimator using both
the first- and the second-order derivatives assuming
conditional normality (i.e., conditional on compliance
types and covariates). Mplus input codes used in this
study can be obtained by contacting Booil Jo, or from
the Mplus Web site, http://www.statmodel.com/
mplus/examples/jo/.

Given that compliance type cannot be observed in
the control condition, the observed-data likelihood
function assuming a normally distributed outcome is

L��|data� � �
i��Zi=1,Di=0�

�n f�yi|�1n, �n
2�

� �
i��Zi=1,Di=1�

�c f�yi|�1c, �c
2�

� �
i��Zi=0,Di=0�

��n f�yi|�0n, �n
2�

+ �c f�yi|�0c, �c
2��, (9)

where � � (�n, �c, �1n, �1c, �0n, �0c, �2
n, �2

c) is the
set of parameters in the model, and f (yi|�, �2) denotes
the probability density of a normal distribution with
mean � and variance �2. �2

n denotes variance for
never-takers, and �2

c denotes variance for compliers.
If pretreatment covariates are available in the study,

the magnitude and the precision of the CACE estimate
can be adjusted depending on the influence of covari-
ates on the outcome measure and compliance status.

In Equation 10, two dummy variables are used to
represent compliers and noncompliers. That is, ci � 0
and ni � 1 for a noncomplier and ci � 1 and ni � 0
for a complier. A continuous outcome variable Y for
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individual i with compliance status ci and ni can be
expressed as

Yi = �nni + �cci + �cci Zi + �nnixi + �ccixi + �ni + �ci,
(10)

where x is a vector of covariates, �n is an intercept for
noncompliers, and �c is an intercept for compliers. �c

represents the average causal effect of treatment as-
signment for compliers (CACE). �n represents covari-
ate effects on the outcome for noncompliers, and �c

represents covariate effects on the outcome for com-
pliers. �ni is a normally distributed residual with a zero
mean and variance �2

n, and �ci is a normally distrib-
uted residual with a zero mean and variance �2

c.
The logistic regression of compliance on covariates

is described as

P�ci = 1|xi� = �ci,
P�ci = 0|xi� = 1 − �ci = �ni,

logit��ci� = 	0 + �1xi, (11)

where �ci denotes the probability of being a complier,
�ni denotes the probability of being a noncomplier, 	0

represents a logit intercept, and �1 is a vector of logit
coefficients, which represent the association between
compliance and covariates.

Statistical Power and Noncompliance:
Simulation Studies

Statistical power is a major element considered in
planning intervention trials. In general, power to de-
tect intervention effect decreases under noncompli-
ance. However, the impact of noncompliance on
power can be influenced by various factors such as
outcome distributions, covariate information, and
study design. Furthermore, noncompliance may affect
power differently depending on the method used to
estimate intervention effects. Focusing on the ITT
analysis and CACE estimation methods, it is demon-
strated in this section how statistical power changes in
various settings of intervention studies.

Given the possible heterogeneity between compli-
ers and noncompliers, it is unclear, in both the ITT
analysis and CACE estimation methods, how to esti-
mate sample size and statistical power by applying
standard power calculation methods. For example,
conventional power calculation methods (e.g., Cohen,
1988), which are based on ITT effect, cannot reflect
change in power because of distributional (i.e., means
and variances) differences between compliers and
noncompliers. Noncompliance also poses a problem

in applying standard power calculation methods in the
context of CACE estimation. If a compliance type is
completely observed, statistical power can be esti-
mated for compliers assuming normality. Otherwise,
CACE estimation involves subgroups of individuals
with unknown group membership (i.e., finite mix-
tures: McLachlan & Peel, 2000; Titterington, Smith,
& Makov, 1985), which excludes the possibility of
applying standard power calculation methods.

The estimation of statistical power in this study is
based on empirical results from Monte Carlo simula-
tions (detailed information about the simulation pro-
cedures can be obtained by contacting Booil Jo). Al-
though a number of variations can be considered for
intervention settings with noncompliance, this study
focuses on simple settings that have been frequently
discussed in the recent literature. The assumptions
required for CACE estimation (Assumptions 1–5) are
satisfied in the simulation studies. It is also assumed
that participants assigned to the control group do not
have access to the intervention treatment and that par-
ticipants assigned to the intervention group receive
either all or none of the intervention treatment.

On the basis of ITT analysis and CACE estimation,
the simulation studies demonstrate how statistical
power is influenced by various aspects of intervention
trials. First, the simulation studies show how the com-
pliance rate affects power. Second, the studies show
how the use of balanced or unbalanced design affects
power. Third, the studies show how heterogeneity be-
tween compliers and noncompliers in outcome distri-
butions affects power. Finally, the studies show how
covariate information affects power.

Compliance Rate and Statistical Power

This section demonstrates how the rate of compli-
ance affects the magnitude and precision of interven-
tion-effect estimates and consequently affects the
power to detect intervention effects. Noncompliance
has a negative impact on power in both the ITT analy-
sis and CACE estimation methods. However, loss in
power because of noncompliance is driven by differ-
ent mechanisms in ITT analysis and CACE estima-
tion.

In ITT analysis, the magnitude of the intervention-
effect estimate (effect size) is dependent on the rate of
compliance. On the basis of Equations 1 and 7, the
relationship between ITT effect and CACE can be
described as

ITT � �c × CACE, (12)

STATISTICAL POWER AND NONCOMPLIANCE 183



where �c is the rate of compliance. This systematic
relationship shows that the size of the ITT effect es-
timate will decrease as the rate of compliance de-
creases. For example, if the CACE estimate is −0.5,
the ITT effect estimate will also be approximately
−0.5 when there is no noncompliance. However, if the
compliance rate is .3, the ITT effect estimate will be
approximately −0.15 (0.3 × −0.5), which is only 30%
of the magnitude of the intervention effect when there
is no noncompliance.

In CACE estimation, precision of intervention-
effect estimates is dependent on the rate of compli-
ance. Low precision in the CACE estimate is partly
due to subsampling of the entire sample and partly
due to missing compliance information. CACE analy-
sis focuses on estimating the intervention effect for
compliers only, and the number of compliers de-
creases as compliance rate decreases, which results in
a wider confidence interval for the CACE estimate.
Missing compliance information also contributes to a
wider confidence interval in the CACE estimate.
Given that compliance status is not completely ob-
served, precision of the CACE estimate depends on
precision in estimating missing compliance informa-
tion.

Simulation studies reported in Figure 1 show sta-
tistical power in the ITT analysis and CACE estima-
tion methods for various combinations of effect size
and compliance rate. To demonstrate the relationship
between power and sample size, various sample sizes

ranging from 200 to 600 are used. All simulation stud-
ies reported in this article are based on 1,000 replica-
tions. Power is defined as the proportion of replica-
tions out of 1,000 replications where the intervention-
effect estimate is significantly different from zero (�
� .05). Equal probability of intervention–control as-
signment (i.e., balanced design) is assumed, and three
conditions of compliance rate are considered (30%,
50%, and 70%).

Without covariates, the continuous outcome Y, as-
suming mixture distributions of compliers and non-
compliers with compliance status ci and ni, can be
described as

Yi � �nni + �cci + �cci Zi + �ni + �ci, (13)

which is a simpler form of Equation 10.
In the simulation studies shown in Figure 1, the true

control-group mean is 1.5 for both compliers (�c) and
noncompliers (�n). The true residual variance is 1.0
for both compliers (�2

c) and noncompliers (�2
n). In line

with Cohen (1988), three different conditions of effect
size (low, medium, and large) are chosen. True inter-
vention effects for compliers (�c � CACE) are −0.2,
−0.5, and −0.8, which correspond to 0.2 (small), 0.5
(medium), and 0.8 (large) in terms of effect size. The
negative sign of the causal effect reflects the typically
desired outcome in intervention research: reduction of
a problem behavior. The true noncomplier mean is 1.5
both in the intervention and control conditions assum-
ing the exclusion restriction.

Figure 1. Noncompliance and power to detect intervention effects. The true complier average causal effect (CACE) is −0.2
in Panel a, −0.5 in Panel b, and −0.8 in Panel c, which corresponds to the effect size (ES) of 0.2, 0.5, and 0.8, respectively.
No covariates are included. Comp � compliance; ITT � intent-to-treat analysis.
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The model described in Equation 13 is used in gen-
erating data for the simulation studies, and the same
model is used to estimate intervention effects in the
CACE estimation method. Equation 14 shows the
model assuming a single population, which is used to
estimate intervention effects in the ITT analysis:

Yi � � + �Zi + �i, (14)

where � represents the overall mean outcome for the
control group, and � is the overall effect of interven-
tion, ITT. �i is a normally distributed residual with a
zero mean and variance �2.

Figure 1 illustrates that the compliance rate has a
remarkable influence on statistical power to detect
intervention effects both in the ITT analysis and
CACE estimation methods. To maintain a desired
level of statistical power under noncompliance,
sample size adjustment is necessary, which usually
increases the cost of intervention trials. For example,
to reach a power of .8 with an effect size of 0.5, a
sample size less than 200 is required if 100% of in-
dividuals comply with the intervention. If 50% of in-
dividuals comply with the intervention, a sample size
greater than 500 is required to reach a power of .8. If
the compliance rate is very low (30%), the power to
detect an intervention effect is under .5 even with a
sample size of 600. Simulation results in Figure 1
clearly illustrate the importance of having a higher
rate of compliance.

Figure 1 also shows that ITT analysis and CACE
estimation methods have little difference in power,
despite the fact that the ITT effect and the CACE
estimate have a substantial difference in effect size
under noncompliance. If there are no other sources of
information than effect size and compliance rate, ITT
analysis and CACE estimation methods have little
difference in power because there is little information
that distinguishes compliers and noncompliers. For
the same reason, standard power calculation methods
(e.g., Cohen, 1988) and Monte Carlo simulations will
provide similar results if compliance rate is taken into
account. For example, if one expects a compliance
rate of .5 and a complier effect size of 0.5, statistical
power and sample size can be estimated when con-
ventional methods are used with an effect size of 0.25
(see Equation 12) and perfect compliance. However,
in practice, compliers and noncompliers can be het-
erogeneous in outcome distributions and auxiliary in-
formation, such as from covariates. Conventional
power calculation methods do not reflect this hetero-
geneity, which influences power in both ITT analysis

and CACE estimation. Therefore, estimated power
and sample size, when conventional methods are
used, may deviate from what will be obtained in a
new intervention trial. Monte Carlo simulations can
be used to better estimate power in the presence of
auxiliary information that might reflect heterogeneity
between compliers and noncompliers.

Study Design and Statistical Power

Although individuals’ compliance behavior is hard
to control, the ratio of the intervention and the control
condition individuals can be controlled in the design
stage. Depending on the situation, the total cost of an
intervention study can be somewhat reduced by con-
trolling this ratio. Simulation results reported in Fig-
ure 2 show the total cost of an intervention study to
reach a power of .8 at various choices of this ratio.
The proportion of individuals assigned to the inter-
vention condition ranges from 20% (undersampling
for the intervention condition) to 80% (oversampling
for the intervention condition). Simulation results are
based on a 50% compliance rate and an effect size of
0.5 (true CACE � −0.5). As in Figure 1, the model
described in Equation 13 is used in generating data for

Figure 2. Design and cost of intervention studies when the
cost of treating an individual in the intervention condition is
the same regardless of compliance status. The results are
based on complier average causal effect (CACE) estimation
with a desired statistical power of .8. The true compliance
rate is .5, and the true CACE is −0.5 (effect size � 0.5). The
cost of treating one individual in the intervention condition
is 1.0. No covariates are included.
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the simulation study, and the same model is used to
estimate intervention effects in CACE estimation. The
true control group mean is 1.5 for both compliers (�c)
and noncompliers (�n). The true residual variance is
1.0 for both compliers (�2

c) and noncompliers (�2
n).

The results reported in Figure 2 are based on CACE
estimation. Similar results can also be obtained when
ITT analysis is applied (not shown).

The cost of treating each individual in the control
condition usually differs from that in the intervention
condition. The relationship between the total cost of
an intervention trial and the ratio of the intervention
and the control group individuals varies depending on
the relative cost to treat these individuals. The simu-
lation study shown in Figure 2 considers various costs
of treating the control group individuals relative to the
costs of treating the intervention group individuals.
The total cost to reach a power of .8 is calculated with
the assumption that cost to treat each complier in the
intervention group is 1.0. The cost of treating each
individual in the control group varies from 0.0 to 0.7.
In some situations, managing an intervention group
individual can be very costly. Therefore, the cost of
treating each control group individual is relatively
very low (e.g., 0.0). In other situations, the cost of
treating each individual in the control group is not
dramatically different from that in the intervention
group (e.g., 0.7). In Figure 2, it is assumed that the
cost of treating an intervention noncomplier is the
same as the cost of treating an intervention complier.
For example, if the main intervention activity is a
small group seminar led by a psychologist and the
cost for each psychologist is fixed, the cost of treating
each seminar group will not be reduced even though
some individuals assigned to that group do not show
up for the seminar.

Figure 2 shows that a desired level of power may be
obtained at a lower cost if a smaller number of indi-
viduals are assigned to the intervention group (unbal-
anced design), and if the cost of treating an individual
assigned to the control group is much lower than the
cost of treating an individual assigned to the interven-
tion group. For example, if the cost of treating a con-
trol group individual is 0.1, the total cost when the
balanced design is used is 286, and the total cost when
the unbalanced design (intervention group proportion
� 30%) is used is 232. Therefore, the total cost of the
unbalanced design is about 19% less than that of the
balanced design. If the cost of treating a control group
individual is 0.0, the total cost when the balanced
design is used is 260, and the total cost when the

unbalanced design (intervention group proportion �
20%) is used is 177. In this case, the total cost of the
unbalanced design is about 32% less than that of the
balanced design.

Depending on intervention treatments, the cost of
treating an individual who receives the intervention
treatment can be different from the cost of treating an
individual who fails or refuses to receive the inter-
vention treatment. Figure 3 investigates the same set
of conditions as in Figure 2 except that it is now
assumed that the cost of treating an intervention non-
complier is the same as the cost of treating an indi-
vidual in the control condition, where the cost is lim-
ited to collecting preintervention and follow-up
information. For example, if a doctor gives an injec-
tion of medicine to participants in the intervention
group, and because of noncompliance the unused
medicine can be saved for later use or can be returned
to the manufacturer, the cost for intervention treat-
ment applies only to individuals who actually receive
the treatment.

Figure 3 shows that a desirable level of power may
be obtained at a lower cost if a smaller number of
individuals are assigned to the intervention condition

Figure 3. Design and cost of intervention studies when the
cost of treating a noncomplier in the intervention condition
is the same as the cost of treating a control condition indi-
vidual. The results are based on complier average causal
effect (CACE) estimation with a desired statistical power of
.8. The true compliance rate is .5, and the true CACE is −0.5
(effect size � 0.5). The cost of treating one complier in the
intervention condition is 1.0. No covariates are included.
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and if the cost of treating a control group individual is
much lower than the cost of treating an intervention
complier. Because the total cost of an intervention is
generally lower in this setting, the effect of under-
sampling intervention group individuals is not as
dramatic as in the setting shown in Figure 2. For
example, if the cost of treating a control group indi-
vidual is 0.1, the total cost when the balanced design
is used is 169, and the total cost when the unbalanced
design (intervention group proportion � 30%) is used
is 147. Therefore, the total cost of the unbalanced
design is about 13% less (compared to 19% less in
Figure 2) than that of the balanced design.

In estimating the cost of intervention trials, this
study assumed that the cost for measuring compliance
is trivial. However, measuring compliance can be
costly in some situations, and the cost of intervention
trials may be reduced by measuring compliance be-
havior for only subgroups of study participants (Fran-
gakis & Baker, 2001). Another design possibility that
could be considered is having a run-in period, before
the main trial, to select potential compliers (Sheiner &
Rubin, 1995). In this setting, only individuals selected
as potential compliers are randomly assigned to the
treatment conditions in the main trial. This method
seeks to maximize the proportion of potential compli-
ers. However, this method is not always applicable for
practical and ethical reasons.

Outcome Distributions and Statistical Power

Simulation studies discussed in previous sections
assumed a setting in which compliers and noncom-
pliers have minimal difference in terms of outcome
distributions (i.e., means and variances). However, in-
dividual differences between the complier and non-
complier groups may lead to different distributions
even in the absence of treatment. If outcome distribu-
tions of compliers and noncompliers are different
from those in the simulation setting used in Figure 1,
the precision of the ITT effect and CACE estimates
will not necessarily remain the same. In addition, the
difference in power between the ITT effect and CACE
estimates will change because differences between
compliers and noncompliers in outcome distributions
affect the precision of the ITT effect and CACE es-
timates differently. This section demonstrates that it is
useful to examine how outcome distributions of com-
pliers and noncompliers are different because this will
give a better idea about the expected level of statisti-
cal power.

Figure 4 demonstrates how statistical power

changes in ITT analysis and CACE estimation meth-
ods as the distance between mean outcomes of com-
pliers and noncompliers changes. Simulation results
reported in Figure 2 are based on a sample size of 300,
an effect size of 0.5 (true CACE � −0.5) and a 50%
compliance rate. As in Figure 1, the model described
in Equation 13 is used in generating data for the simu-
lation studies, and the same model is used to estimate
intervention effects in the CACE estimation method.
The model described in Equation 14 is used to esti-
mate intervention effects in the ITT analysis. The true
residual variance is 1.0 for both compliers and non-
compliers. The true control group mean is 1.5 for
compliers (�c). The true noncomplier mean (�n) has
values ranging from 0.0–3.0, which results in the dis-
tance between means of compliers and noncompliers
ranging from 0.0–1.5 in terms of the pooled standard
deviation of 1.0.

Figure 4 shows that the difference in power be-
tween ITT analysis and CACE estimation methods
increases as the distance between mean outcomes of
compliers and noncompliers increases. Precision of
the CACE estimate benefits from the remoteness be-
tween two means, because compliance status can be
estimated with a greater precision when compliers are

Figure 4. Mean difference and power to detect interven-
tion effects. The true compliance rate is .5, the true complier
average causal effect (CACE) is −0.5 (effect size � 0.5),
and the sample size is 300. The true �c is 1.5, and the true
�2

c is 1.0. The true �n varies from 0.0 to 3.0. The true �2
n

is 1.0. No covariates are included. ITT � intent-to-treat
analysis.
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more distinguishable from noncompliers. In contrast,
the remoteness between two means has a negative
influence on precision in the ITT effect estimate be-
cause the overall variance estimate increases as the
distance between means of compliers and noncompli-
ers increases. The relationship between the mean dif-
ference and variance is illustrated in Figure 5. If com-
pliers and noncompliers are allowed to have different
means, the distance between the two means does not
affect variance estimates of compliers and noncom-
pliers. However, if a single distribution is assumed,
the overall variance estimate increases as the distance
between the two means increases.

Figure 6 demonstrates how statistical power
changes in the ITT analysis and CACE estimation
methods as the difference between variances of com-
pliers and noncompliers changes. In this simulation
setting, true means of compliers and noncompliers
with a minimal distance are chosen to emphasize the
influence of having different values of variances. The
true control group mean is 1.5 for both compliers (�c)
and noncompliers (�n). The true variance for compli-
ers (�2

c) is 1.0. The true variance for noncompliers
(�2

n) ranges from 0.25–2.00, which is one fourth to
twice the size of the true complier variance.

Figure 6 shows that statistical power increases in
the CACE estimation method as the size of noncom-
plier variance becomes smaller than the size of com-
plier variance. When the noncomplier variance is
smaller than the complier variance, the difference in
size of variances results in a higher precision in esti-
mating compliance, because compliers are more dis-
tinguishable from noncompliers in terms of variance.
In addition, as the noncomplier variance becomes
smaller, the mean outcome for noncompliers is esti-
mated with a higher precision, which results in a

higher precision in estimating the mean outcome for
compliers and the intervention effect for compliers.

Figure 6 also shows that statistical power remains
stable in the CACE estimation method as the size of
noncomplier variance becomes larger than the size of
complier variance. When the noncomplier variance is
larger than the complier variance, the difference in
variances has a positive effect on the precision in
estimating compliance. However, as the noncomplier
variance becomes larger, the precision in estimating
the noncomplier mean decreases, which results in a
decreased precision in estimating the complier mean
and the complier intervention effect. Because having
a larger noncomplier variance relative to the complier
variance has both positive and negative influences on
precision, statistical power in CACE estimation re-
mains stable. If the noncomplier variance is much
larger than the complier variance (e.g., �2

c � 1.0, �2
n

� 4.0), statistical power in CACE estimation in-
creases (not shown) because having a larger noncom-
plier variance relative to the complier variance has a
more positive than negative influence on precision.

The relationship between power and variance dif-
ferences is more straightforward in ITT analysis. Fig-
ure 6 shows that the size of the noncomplier variance

Figure 5. Distributions of compliers and noncompliers
with different means.

Figure 6. Variance difference and power to detect inter-
vention effects. The true compliance rate is .5, the true
complier average causal effect (CACE) is −0.5 (effect size
� 0.5), and the sample size is 300. The true �c is 1.5, and
the true �2

n is 1.0. The true �n is 1.5, and the true �2
n varies

from 0.25 to 2.0. No covariates are included. ITT � intent-
to-treat analysis.
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has a linear effect on statistical power in ITT analysis,
given that the true complier variance is invariant. Be-
cause the difference between compliers and noncom-
pliers is not considered in ITT analysis, the overall
variance estimate increases as the variance of non-
compliers increases and decreases as the variance of
noncompliers decreases. Therefore, precision of the
ITT effect estimate also increases or decreases de-
pending on the size of the overall variance estimate.

Covariate Information and Statistical Power

Although neither the compliance rate nor the out-
come distribution is directly under the control of the
investigator, the investigator can design the study to
collect auxiliary information from pretreatment co-
variates. Pretreatment covariates contain two sources
of information that may affect the precision of inter-
vention effect estimates. One source of information is
based on the association between covariates and the
outcome measure. The other source of information is
based on the association between covariates and com-
pliance. Simulation results reported in Figures 7 and 8
show how this information affects statistical power in
ITT analysis and CACE estimation. Simulation stud-
ies are based on a sample size of 300, an effect size of
0.5 (true CACE � −0.5) and a 50% compliance rate.
The true control group mean is 1.5 for both compliers
(�c) and noncompliers (�n). The true total variance
(pooled across the control and intervention groups) is
1.0 for both compliers and noncompliers. For simplic-
ity, one continuous covariate X is used in the simula-
tion study, where X is normally distributed with a zero
mean and the variance of one.

In Figure 7, regression coefficients 
n and 
c rep-
resent covariate effects on the outcome for noncom-
pliers and compliers (see Equation 10). The true value
for 
n and 
c is either 0.0 (ES � 0.0) or 0.6 (ES �
0.6). Depending on the 
n and 
c values, the true
value for residual variances (�2

n and �2
c) is either 1.0 or

0.64; therefore, the total variance is 1.0 for both com-
pliers and noncompliers taking into account the vari-
ance because of covariate X. In other words, the cor-
relation between Y and X is 0.0 or 0.6 in each
compliance group. To emphasize the effect of a co-
variate associated with outcome, it is assumed that
there is no association between the covariate and com-
pliance. The model described in Equation 10 is also
used as the model for CACE estimation. The model
used for ITT analysis is described as

Yi � � + �Zi + 
Xi + �i, (15)

Figure 7. Statistical power and covariate effects on out-
come. The true compliance rate is .5, the true complier
average causal effect (CACE) is −0.5 (effect size � 0.5),
and the sample size is 300. One continuous covariate (M �
0, variance � 1) is included. The regression coefficient (
n,

c) represents the level of association between outcome and
the covariate. ITT � intent-to-treat analysis.

Figure 8. Statistical power and covariate effects on com-
pliance. The true compliance rate is .5, the true complier
average causal effect (CACE) is −0.5 (effect size � 0.5),
and the sample size is 300. One continuous covariate (M �
0, variance � 1) is included. The biserial correlation be-
tween compliance and the covariate is presented in paren-
theses. ITT � intent-to-treat analysis.
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where � is the overall mean outcome for the control
group, � is the overall effect of intervention (ITT
effect), 
 is the overall effect of covariate X on the
outcome, and �i is a normally distributed residual with
a zero mean and variance �2.

Figure 7 shows that a strong association between
the covariate and outcome generally improves the
power to detect intervention effects in ITT analysis
and CACE estimation. It also shows that this associa-
tion affects the precision of ITT effect and CACE
estimates differently. In ITT analysis, where covariate
effects on the outcome for compliers and noncompli-
ers are not differentiated, precision of the intervention
effect estimate benefits the most when the covariate
has strong and similar effects on the outcome for com-
pliers and noncompliers (i.e., 
n � 
c � 0.6). In
CACE estimation, where covariate effects on the out-
come for compliers and noncompliers can be differ-
entiated, precision of the intervention effect estimate
benefits the most when the covariate has a strong
effect on the outcome only for compliers (i.e., 
n � 0,

c � 0.6). Improvement in precision is less dramatic
when the covariate has strong but similar effects on
the outcome for compliers and noncompliers, because
compliers and noncompliers are less distinguishable
from each other on the basis of the covariate effects
on the outcome.

Figure 8 demonstrates how the association between
covariate and compliance affects power in ITT analy-
sis and CACE estimation. To emphasize the effect of
this association, it is assumed that there is no asso-
ciation between the covariate and outcome. The lo-
gistic regression of compliance on the covariate has
been described in Equation 11. In the simulation study
shown in Figure 8, three different situations are con-
sidered: when there is no covariate, when there is a
moderate association between the covariate and com-
pliance, and when there is a high association between
the covariate and compliance. The true logit coeffi-
cients (�1 in Equation 11) for moderate and high as-
sociation are −0.69 and −1.20 respectively, which cor-
respond to 0.50 and 0.30 in terms of the odds ratio
(approximately −.40 and −.60 in terms of the biserial
correlation). Equation 11 is a part of the CACE esti-
mation model. However, this part is not included in
the ITT analysis, where compliance information is not
used in estimating intervention effects.

Figure 8 shows that a strong association between
the covariate and compliance improves the power to
detect intervention effects in CACE estimation. In
ITT analysis, the association between the covariate

and compliance has little impact on the precision of
the intervention effect estimate. As a result, the dif-
ference in power between ITT analysis and CACE
estimation methods increases as the level of associa-
tion between compliance and covariate increases. As
discussed previously in the context of Bayesian infer-
ence (Frangakis, Rubin, & Zhou, 1998, in press; Im-
bens & Rubin, 1997), covariates associated with com-
pliance are unique sources of information that can be
used in CACE estimation. Covariate information can
often be collected from various sources such as back-
ground variables, initial status of the target outcome
measure, and other relevant covariates that may re-
flect the characteristics of compliance behavior.

Summary

This study examines how noncompliance affects
statistical power in the ITT analysis and CACE esti-
mation methods. If there are no other sources of in-
formation than effect size and compliance rate, ITT
analysis and CACE estimation methods have little
difference in power, and standard power-calculation
methods with adjusted effect size can be used as a
crude way of estimating statistical power. In both
methods, simulation studies showed that compliance
rate has a critical impact on power. To maintain a
desired level of statistical power under noncompli-
ance, sample size adjustment is necessary, which usu-
ally increases the cost of intervention trials.

Researchers may reduce the cost of intervention
trials by controlling the design of randomized trials,
depending on where the major concern lies in terms of
cost. Simulation studies showed that a desired level of
power may be obtained at a lower cost if a smaller
number of individuals are assigned to the intervention
condition (unbalanced design), and if the cost of man-
aging individuals in the control group is much lower
than the cost of managing individuals in the interven-
tion group.

Statistical power can be affected by outcome dis-
tributions of compliers and noncompliers. Further,
outcome distributions influence power differently in
ITT analysis and CACE estimation, which may cause
a larger difference in power between the two methods.
It was shown that the remoteness between the com-
plier and noncomplier means has a negative effect on
power in ITT analysis but has a positive effect on
power in CACE estimation. Statistical power in ITT
analysis increases as the overall variance decreases
and decreases as the overall variance increases. In
CACE estimation, heterogeneity between complier
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and noncomplier variances has a positive influence on
power, whereas the magnitude of these two variances
has a negative influence on power.

Along with outcome distributions, pretreatment co-
variates are another source of information that poten-
tially increases the difference in power between ITT
analysis and CACE estimation. Unlike outcome dis-
tributions, collecting covariate information is rela-
tively controllable in intervention studies. Including
covariates that are highly associated with outcome
may increase power in both methods. Precision in ITT
analysis benefits the most when covariates have
strong and equal effects on the outcome. Precision in
CACE estimation benefits the most if covariate ef-
fects are stronger among compliers than among non-
compliers. Covariates associated with compliance
provide unique sources of information that may im-
prove power in CACE estimation. Although this study
assumed constant covariate effects, treatment effects
may vary depending on covariate values. To avoid
bias in CACE estimation, interaction effects should be
properly specified. However, including unnecessary
interaction parameters may reduce gains in precision
due to covariate information.

Limitations

On the basis of Monte Carlo simulations, this study
examined several factors that affect statistical power
in intervention studies with noncompliance. The study
was intended to help researchers to focus on control-
lable factors that may improve power in future inter-
vention studies, and to evaluate completed studies
with fuller understanding. However, this study did not
cover many other factors that might affect power de-
pending on specific settings. For example, random-
ized trials may face not only noncompliance but also
other complications, such as clustering and attrition.

In intervention trials, the unit of intervention or the
unit of randomization is often a cluster (group) of
individuals. In the JOBS II study, job search seminars
were given to groups of participants. In this setting,
individuals belonging to the same group interacted
with each other and shared common features of the
treatment. In the JHU PIRC study, the unit of ran-
domization was a classroom. Therefore, students be-
longing to the same classroom naturally shared the
same classroom environment, including the teacher.
The resemblance among individuals, due to cluster-
ing, needs to be taken into account to avoid overesti-
mating statistical power. Adjusting statistical power is

further complicated if clustering is accompanied by
noncompliance (Jo, Muthén, Ialongo, & Brown,
2002). This study did not include this situation, which
is quite common in intervention trials.

Nonresponse (e.g., attrition, dropout) is another
common complication that was not considered in this
study. Intervention trials often suffer from both non-
compliance and missingness in outcome because of
nonresponse. For example, in JOBS II, a substantial
number of individuals did not respond to follow-up
surveys, and nonresponse rates were different for
compliers and noncompliers. Yau and Little (2001)
demonstrated the simultaneous modeling of noncom-
pliance and nonresponse using the ML-EM and
Bayesian estimation methods, assuming no correla-
tion between noncompliance and nonresponse (i.e.,
missing at random; Little & Rubin, 1987). Frangakis
and Rubin (1999) demonstrated the simultaneous
modeling of noncompliance and nonresponse using
Bayesian estimation methods, allowing for possible
correlation between noncompliance and nonresponse
(i.e., missing not at random; Little & Rubin, 1987).
Statistical power will be affected not only depending
on whether this missingness is taken into account, but
also depending on what is assumed for the relation-
ship between noncompliance and nonresponse.

Researchers also need to be aware that the results of
CACE estimation shown in this study are based on the
five statistical assumptions originally outlined by An-
grist et al. (1996). Violating these statistical assump-
tions has a critical impact on statistical power and
needs to be carefully examined. Although violating
any of these assumptions will also affect ITT analysis,
consequences of violation are more critical in CACE
estimation because it claims to target compliers. If
compliers and noncompliers are well separated with-
out violating any of these assumptions, CACE esti-
mation will provide an unbiased treatment effect es-
timate and statistical power for compliers. However,
if underlying assumptions are violated, the CACE es-
timate’s validity and power will be challenged.

The exclusion restriction is one of the critical un-
derlying assumptions in the estimation of CACE. The
assumption provides the basis for identifiability in
CACE models, given that compliance status is not
observed completely. However, this assumption can
be often unrealistic in practice (Hirano, Imbens, Ru-
bin, & Zhou, 2000; Jo, in press-a, in press-b; West &
Sagarin, 2000). For example, in JOBS II, noncompli-
ers in the treatment condition could have been demor-
alized by failing to take the intervention opportunity.
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This negative psychological effect did not occur for
never-takers in the control condition because the treat-
ment was not offered. In this situation, the CACE
estimate can be understated by ignoring the effect of
treatment assignment on noncompliers. As a result,
statistical power could be underestimated if the ex-
clusion restriction is assumed.

This study also assumed that participants receive
either all or none of the intervention treatment. How-
ever, the generalizability of this setting is often lim-
ited in reality. Intervention trials often include several
treatment sessions or doses, and study participants
may choose different levels of exposure. For example,
in the JHU PIRC family-school partnership interven-
tion, parents could choose to implement 0 to 66 ac-
tivities. Previous research (Angrist & Imbens, 1995;
Efron & Feldman, 1991; Goetghebeur & Molen-
berghs, 1996; Holland, 1988) has shown some possi-
bilities for estimating treatment effects taking into ac-
count the varying intensity of compliance (or dose).
However, applicability of these methods in psychoso-
cial intervention studies has not been fully studied.

This study did not deal with situations involving
interaction effects. For example, effects of covariates
may vary depending on the treatment assignment con-
dition. Given underlying assumptions such as the ex-
clusion restriction, CACE models do not require con-
stant effect of treatment to remain identifiable. In
other words, both the main and the interaction effect
can be estimated for compliers. If interaction effects
are not specified in the model, the resulting CACE
estimate should be interpreted carefully, given pos-
sible confounding with interaction effects. To avoid
bias in CACE estimation, interaction effects should be
properly specified. However, including unnecessary
interaction parameters may reduce gains in precision
due to covariate information. To minimize a loss in
power, CACE models need to be structured in a more
parsimonious way by focusing only on plausible in-
teractions. This study investigated covariate effects on
statistical power assuming a linear relationship be-
tween outcome and covariate and between compli-
ance and covariate. More research is needed to clarify
the potential complications in estimating intervention
effects when covariates have a nonlinear relationship
with outcome and compliance.
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