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e�ects of interventions with non-compliance
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SUMMARY

Randomized trials often face complications in assessing the e�ect of treatment because of study partici-
pants’ non-compliance. If compliance type is observed in both the treatment and control conditions, the
causal e�ect of treatment can be estimated for a targeted subpopulation of interest based on compliance
type. However, in practice, compliance type is not observed completely. Given this missing compliance
information, the complier average causal e�ect (CACE) estimation approach provides a way to estimate
di�erential e�ects of treatments by imposing the exclusion restriction for non-compliers. Under the ex-
clusion restriction, the CACE approach estimates the e�ect of treatment assignment for compliers, but
disallows the e�ect of treatment assignment for non-compliers. The exclusion restriction plays a key
role in separating outcome distributions based on compliance type. However, the CACE estimate can
be substantially biased if the assumption is violated. This study examines the bias mechanism in the
estimation of CACE when the assumption of the exclusion restriction is violated. How covariate infor-
mation a�ects the sensitivity of the CACE estimate to violation of the exclusion restriction assumption
is also examined. Copyright ? 2002 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Non-compliance is a common problem in randomized trials involving human participants.
Since both the standard ITT (intent-to-treat) analysis and as-treated analysis may provide
biased estimates of treatment e�ects for compliers in the presence of non-compliance, the
possibility of estimating treatment e�ects only for compliers (CACE, complier average causal
e�ect) has been explored [1–5].
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Under a series of statistical assumptions, CACE estimation provides an unbiased treatment
e�ect estimate for compliers. In the estimation of CACE, the exclusion restriction is one of the
critical underlying assumptions. This assumption provides the basis for identi�ability in CACE
models, given that compliance status is not observed completely. Under this assumption, the
di�erence in outcome between the treatment and the control condition is allowed for compliers,
but is not allowed for never-takers (individuals who would not receive the treatment regardless
of whether it is o�ered) or for always-takers (individuals who would receive the treatment
regardless of whether it is o�ered). The assumption of the exclusion restriction plays a critical
role in simplifying methodological di�culties involved in CACE approaches. However, this
assumption can often be unrealistic in practice [6–8].
When the exclusion restriction is violated, the causal e�ect of treatment not only can be

understated, but also can be exaggerated depending on how the assignment of treatment a�ects
non-compliers. Hirano et al. [6] demonstrated the impact of the violation of the exclusion
restriction in application to a study of the e�ect of an in�uenza vaccine in an encouragement
design [9]. Their �ndings showed little evidence of bene�t from the vaccine after taking
into account the e�ect of treatment assignment (that is, encouragement) on always-takers. In
contrast, positive e�ect of the vaccine was found when the e�ect of treatment assignment
on always-takers was ignored. In the Job Search Intervention Study [10, 11], shown as an
example in this study, the assumption of the exclusion restriction is more likely to be violated
for never-takers. That is, never-takers in the treatment condition could be demoralized by
failing to take the intervention opportunity. This negative psychological e�ect would not occur
for never-takers in the control condition, since the treatment is not o�ered. In this situation,
the CACE estimate can be understated by ignoring the e�ect of treatment assignment on
never-takers.
This study examines the bias mechanism in the estimation of CACE when the assumption

of the exclusion restriction is violated. It is demonstrated how the magnitude of bias is
a�ected by compliance rate and the e�ect of treatment assignment on non-compliers. The
study also examines how covariate information a�ects the sensitivity of the CACE estimate
to violation of the exclusion restriction assumption. Simulation studies demonstrate that bias in
the CACE estimate due to model misspeci�cation can be reduced substantially by including
covariates that are good predictors of compliance. To demonstrate CACE estimation when
the assumption of the exclusion restriction is potentially violated, the Job Search Intervention
Study for unemployed workers is presented as an example. Maximum likelihood estimation
using the EM algorithm is employed in the estimation of CACE in the study.

2. DATA: THE JOB SEARCH INTERVENTION STUDY

The Job Search Intervention Study (JOBS II) is a randomized �eld experiment intended to
prevent poor mental health and to promote high-quality re-employment. The outcome measure
that will be the focus in the current study is depression of study participants. Among the
mental health problems associated with job loss, depressive symptoms are the most commonly
reported [12, 13]. The experimental condition consisted of �ve half-day training sessions,
which included the application of problem-solving and decision-making processes, inoculation
against setbacks, provision of social support and positive regard from the trainers, and learning
and practising job search skills. The control condition consisted of a booklet brie�y describing
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job search methods and tips. Although the e�ect of receiving the booklet was expected to be
very small, the booklet was also mailed to treatment condition individuals, including people
who did not show up at the intervention seminars, to prevent possible di�erences in outcome
between the treatment and control conditions due to the booklet.
The problem of non-compliance arises in JOBS II because a substantial proportion of indi-

viduals who were assigned to the intervention condition did not show up to the intervention.
Among study participants assigned to the intervention condition, 55 per cent attended at least
one session. Among attendees, 82 per cent attended four or �ve sessions (mean=4:3 ses-
sions, median=5 sessions). A previous study [14] using the instrumental variable approach
[2], which normally yields a very similar outcome to CACE analysis, showed that the choice
of threshold made little di�erence in the JOBS Intervention Study, possibly because individu-
als assigned to the intervention condition either attended most sessions or did not attend any.
Little and Yau [5] also employed the binary compliance approach in their CACE analysis of
JOBS II using the ML-EM method. In line with previous analyses of JOBS II, the current
study also de�nes compliance as having attended at least one out of �ve total sessions. How-
ever, note that sensitivity of the CACE estimate to the choice of threshold may vary in other
situations and needs to be carefully examined.
Given the rate of non-compliance in JOBS II, one can expect that treatment e�cacy can be

better estimated for compliers if CACE estimation is applied instead of standard ITT analysis.
However, special attention is needed in applying the CACE estimation method to JOBS II,
because the assumption of the exclusion restriction is questionable. One possible explanation
for this phenomenon is that never-takers in the treatment condition become demoralized by
failing to take the intervention opportunity. Considering that the major outcome analysed in
this study is depression mainly caused by unemployment, this interpretation seems plausible in
JOBS II. However, this explanation is not de�nitive and may not apply to di�erent situations.
As in JOBS II, blinding or placebo-control is hard to implement in most randomized �eld
experiments. Although the exclusion restriction assumption is always questionable in this
situation, little has been studied about how treatment assignment in�uences study participants
who decide not to comply with the treatment.

3. CACE ESTIMATION UNDER THE ASSUMPTION OF THE EXCLUSION
RESTRICTION

Assume the simplest experimental setting where there is only one outcome measure (Y ),
treatment assignment (Z) is binary (1=treatment, 0=control), and the treatment received
(D) has only two levels (1=received, 0=not received). The behaviour types (Ci) of the
subjects based on combinations of Z and D can be classi�ed into four categories based on
Rubin’s causal model approach, where the possibility of statistical causal inference is built
at the individual level [15–18]. Angrist et al. [1] labelled the four categories as complier,
never-taker, de�er and always-taker. Let Di(1) denote the potential treatment receipt status for
individual i when assigned to the treatment condition, and Di(0) denote the potential treatment
receipt status for individual i when assigned to the control condition. Compliers are subjects
who do what they are assigned to do (Di(1)=1 and Di(0)=0). Never-takers are subjects who
do not receive the treatment even if they are assigned to the treatment condition (Di(1)=0
and Di(0)=0). De�ers are the subjects who do the opposite of what they are assigned to do
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(Di(1)=0 and Di(0)=1). Always-takers are the subjects who always receive the treatment,
no matter which condition they are assigned to (Di(1)=1 and Di(0)=1).
Among these four types of subjects, the CACE approach focuses on the estimation of causal

e�ect of treatment assignment for compliers. The following assumptions 1 to 5 are critical in
estimating CACE:

Assumption 1 (randomization). Treatment assignment is random.
Assumption 2 (stable unit treatment value, SUTVA). Potential outcomes for each person
are unrelated to the treatment status of other individuals [17–19].
Assumption 3 (exclusion restriction). For never-takers and always-takers, the distribu-
tions of the potential outcomes are independent of the treatment assignment [1]. That is,
Yi(0; Di(0))=Yi(1; Di(1)) for units with Di(0)=Di(1)=0 or Di(0)=Di(1)=1.
Assumption 4 (monotonicity). There are no de�ers [3].
Assumption 5 (non-zero average causal e�ect of Z on D). The average causal e�ect of
Z on D is not equal to zero [1].

In addition, the current study also assumes that there are no always-takers (assumption
6) based on the JOBS II example. In JOBS II, neither de�er nor always-taker was a likely
compliance option, since study participants were prohibited from receiving a di�erent inter-
vention condition than the one that they were assigned to. However, unlike monotonicity, the
assumption of having no always-takers is not critical in estimating the CACE, and can be
relaxed depending on the situation.

Assumption 6. There are no always-takers.

Under assumptions 4 and 6, the possible compliance behaviour types (Ci) can be reduced to

Ci=

{
c (complier) if Di(1)=1 and Di(0)=0

n (never-taker) if Di(1)=0 and Di(0)=0

Let C(t)={i |Ci= t} for t∈{c; n}. The di�erential average causal e�ect of treatment assign-
ment based on compliance type can be de�ned as

ITTt=
∑
i∈C(t)

[Yi(1; Di(1))− Yi(0; Di(0))]=Nt (1)

where Yi(1; Di(1)) denotes the potential outcome for individual i with treatment receipt status
Di when Zi=1, and Yi(0; Di(0)) denotes the potential outcome for individual i with treatment
receipt status Di when Zi=0. Nt is the number of individuals of compliance type t.
The causal e�ect of treatment assignment cannot be estimated for individual i, since two

potential outcomes (that is, Yi(1; Di(1)) Yi(0; Di(0))) cannot be jointly observed. However,
the causal e�ect of treatment assignment can be estimated at the average level. The average
causal e�ect of treatment assignment for compliers (ITTc=CACE) can be de�ned as

CACE=�1c − �0c (2)

where �1c denotes population mean potential outcome for compliers if Z=1, and �0c denotes
population mean potential outcome for compliers if Z=0.
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This study assumes that the average causal e�ect of treatment assignment (ITTt) does not
vary across di�erent values of covariates. Under the exclusion restriction, assumption 7 is not
critical in the estimation of CACE and can be relaxed depending on situations and research
questions.

Assumption 7 (additivity). The average causal e�ect of treatment assignment is constant
regardless of varying values of covariates.

The current study employs a maximum likelihood estimation approach, which is known to be
often more e�cient than the traditional IV (instrumental variable) approach in the estimation
of CACE [4, 5]. Given that compliance type Ci 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}

�nf(yi |�1n; �2)×
∏

i∈{Zi=1; Di=1}
�cf(yi |�1c; �2)

× ∏
i∈{Zi=0; Di=0}

[�nf(yi |�0n; �2) + �cf(yi |�0c; �2)] (3)

where �=(�n; �c; �1n; �1c; �0n; �0c; �2) 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. �n is
the proportion of never-takers in the population, and �c is the proportion of compliers in the
population. �1n denotes population mean potential outcome for never-takers if Z=1, and �0n
denotes population mean potential outcome for never-takers if Z=0.
By maximizing the likelihood in equation (3) with respect to the parameters of interest

�, ML estimates are obtained. The unknown compliance status (C) in the control condition
is handled as missing data via the EM algorithm [20–23]. �c and �n(=1 − �c) are param-
eters that determine the distribution of C. The E-step computes the expected values of the
complete-data su�cient statistics given data y and current parameter estimates �. The M-step
computes the complete-data ML estimates with complete-data su�cient statistics replaced by
their estimates from the E-step. This procedure continues until it reaches optimal status. In the
current study, ML-EM estimation of CACE was carried out by the Mplus program [24]. Para-
metric standard errors are computed from the information matrix of the ML estimator using
both the �rst- and the second-order derivatives under the assumption of normally distributed
outcomes.
Based on equation (3), three directly estimable population means can be expressed in terms

of model parameters as

�1n = �n + �n (4)

�1c = �c + �c (5)

�0 = �n�n + �c�c (6)

where �n corresponds to �0n, �c corresponds to �0c, and �0 is the overall population mean
potential outcome if Z=0. �n represents the average causal e�ect of treatment assignment for
never-takers (ITTn), and �c represents the average causal e�ect of treatment assignment for
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compliers (ITTc=CACE). Under the assumption of the exclusion restriction, �n=0. Therefore,
�n is directly identi�ed as �1n from equation (4).
From equations (4) and (6), �c can be identi�ed as

�c=
�0 − �n�1n

�c
(7)

From equations (5) and (7), �c can then be identi�ed as

�c=�1c − �0 − �n�1n
�c

=
�1 − �0
�c

(8)

where assumption 5 excludes the possibility of a zero denominator (that is, �c¿0).
Under assumptions 1 to 6, the approximately unbiased estimator of the average causal e�ect

of treatment assignment for compliers can then be de�ned as

�̂c= �y1c −
�y0 − pn �y1n
pc

=
�y1 − �y0
pc

(9)

where �y1c is the sample mean outcome of the treatment group compliers, �y0 is the sample
mean outcome of the control group, �y1 is the sample mean outcome of the treatment group,
�y1n is the sample mean outcome of the treatment group never-takers, and pc is the proportion
of compliers in the treatment condition (1− pc=pn).

3.1. Bias mechanism in a misspeci�ed model

It is shown in the previous section that the assumption of the exclusion restriction plays a
critical role in providing identi�ability in CACE models, given that compliance information
is missing in the control condition. However, assuming the exclusion restriction may cause
bias in the CACE estimate, if the assumption does not hold. In line with Angrist et al. [1],
this section examines the bias mechanism in CACE estimation focusing on compliance rate
(�c) and the e�ect of treatment assignment on non-compliers (ITTn=�n).
If �n is not zero, �n cannot be directly identi�ed as �1n. Instead, correct speci�cation of �n

from equation (4) is

�n=�1n − �n (10)

Equation (10) shows that the estimator of �n will be biased as much as �n, if �n is mis-
speci�ed as zero. For example, if true �n is 1.0, true �1n is 1.2 and true �n is 0.2, then the
estimator of �n will be forced to be 1.2 if the exclusion restriction is imposed (that is, �n=0).
The bias in the estimation of �n is transferred to �c through equation (6). The correct

speci�cation of �c from equations (4) and (6) is

�c=
�0 − �n�1n

�c
+
�n�n
�c

(11)

Equation (11) shows that the estimator of �c will be biased as much as −�n�n=�c, if �n
is misspeci�ed as zero (compare equations (7) and (11)). For example, if true �c is 1.5,
�c=�n=0:5, and true �n is 0.2, then the estimator of �c will be forced to be 1.3 by imposing
the exclusion restriction.
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The bias in the estimation of �n and �c due to misspeci�cation of �n is then transferred to
�c. The correct speci�cation of �c from equations (5) and (11) is

�c=�1c − �0 − �n�1n
�c

− �n�n
�c

(12)

Equation (12) shows that the estimator of CACE (�c) will be biased as much as �n�n=�c,
if �n is misspeci�ed as zero. The magnitude of bias is a�ected by �n, �c and �n. The bias
in the CACE (�c) estimate increases if the average causal e�ect of treatment assignment for
never-takers (�n) increases and compliance rate (�c) decreases.
In some situations, �n may have the opposite direction to that of CACE. Being assigned

to the treatment condition may have a negative psychological impact on never-takers, since
they failed to take the given treatment. The directions of �n and CACE are opposite in this
case, assuming that treatment has a positive impact on compliers. Assume that true CACE
is −0:6 and true �n is 0.2, which is about one-third of the magnitude of CACE. If �c=0:5,
the CACE estimate will be biased as much as 0:2 (�n�n=�c=0:5×0:2=0:5) by imposing the
exclusion restriction. Therefore, the estimated CACE will be around −0:4, which is two-
thirds of the magnitude of true CACE. If �c=0:3, the CACE estimate will be biased as
much as 0:47 (�n�n=�c=0:7× 0:2=0:3) by imposing the exclusion restriction. In this case,
the estimated CACE will be around −0:13, which is less than one-third of the magnitude
of true CACE. This implies that if compliance rate is very low, violation of the exclusion
restriction assumption can cause a substantial bias in the CACE estimate even when the e�ect
of treatment assignment on never-takers is trivial.
In some situations, �n may have the same direction as CACE. Being assigned to the

treatment condition may have a positive psychological impact on never-takers, even though
they decide not to receive the treatment. The directions of �n and CACE are the same in
this situation, assuming that treatment has a positive impact on compliers. If true CACE
is −0:6, true �n is −0:2 and �c=0:5, the CACE estimate will be biased as much as −0:2
(�n�n=�c=0:5×−0:2=0:5) by imposing the exclusion restriction. Therefore, the estimated CACE
will be around −0:8, which implies that the CACE estimate can be also exaggerated when
the exclusion restriction is violated.
The bias mechanism discussed in this section can be generalized to situations where there

are both never-takers and always-takers (see Appendix). However, note that the impact of
combined bias on the CACE estimate can be small when there are two types of non-
compliers, although the exclusion restriction is substantially violated for both types of non-
compliers, because the direction of bias can be di�erent depending on the type of
non-compliance.

3.2. The role of covariates in a misspeci�ed model

It is demonstrated in the previous section that the size of bias in the CACE estimate due
to violation of the exclusion restriction is a�ected by the compliance rate and the e�ect
of treatment assignment on non-compliers. Given that these factors are not easily control-
lable in practice, the current study focuses on the use of covariate information to reduce
the bias due to violation of the exclusion restriction. This section demonstrates how covari-
ate information a�ects the sensitivity of the CACE estimate to violation of the exclusion
restriction.
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Let ci=0 and ni=1 if i∈C(n), and ci=1 and ni=0 if i∈C(c). Consider a continuous
outcome variable Y for individual i with compliance status ci and ni

Yi=�nni + �cci + �nniZi + �cciZi + �xi + �i (13)

where x is a vector of pretreatment covariates that predict both the outcome measure y and
compliance status C. �n + �xi represents the potential mean outcome for control condition
never-takers with covariates xi, and �c +�xi represents the potential mean outcome for control
condition compliers with covariates xi. For simplicity, it is assumed that covariate e�ects on
outcome is the same for compliers and non-compliers (that is, �=�c=�n). �n represents the
average causal e�ect of treatment assignment for never-takers (ITTn), and �c represents the
average causal e�ect of treatment assignment for compliers (ITTc=CACE). �i is a normally
distributed residual with zero mean and variance �2.
The logistic regression of c on x is described as

P(ci=1 |xi)=�ci
P(ci=0 |xi)=1− �ci=�ni

logit(�ci)=	0 + 	1xi (14)

where �ci denotes the probability of being a complier, �ni denotes the probability of being
a never-taker, 	0 represents a logit intercept, and 	1 is a vector of logit coe�cients. Note
that the probability of being a complier (�ci) varies depending on xi (equation (14)), but the
average causal e�ect of treatment assignment (�t) does not vary across di�erent values of xi
(equation (13)). Assumption 7 is tested in the JOBS II example through the likelihood ratio
test between models with and without imposing the assumption (no signi�cant di�erence was
found in model �t).
Assume that there is only one binary covariate X that predicts both C and y. The observed-

data likelihood in equation (3) can be modi�ed as

L(� |data)∝ ∏
i∈{Zi=1; Di=0; Xi=0}

�n; X=0f(yi |�1n; X=0; �2)

× ∏
i∈{Zi=1; Di=0; Xi=1}

�n; X=1f(yi |�1n; X=1; �2)

× ∏
i∈{Zi=1; Di=1; Xi=0}

�c; X=0f(yi |�1c; X=0; �2)

× ∏
i∈{Zi=1; Di=1; Xi=1}

�c; X=1f(yi |�1c; X=1; �2)

× ∏
i∈{Zi=0; Di=0; Xi=0}

[�n; X=0f(yi |�0n; X=0; �2) + �c; X=0f(yi |�0c; X=0; �2)]

× ∏
i∈{Zi=0; Di=0; Xi=1}

[�n; X=1f(yi |�0n; X=1; �2) + �c; X=1f(yi |�0c; X=1; �2)] (15)
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where the binary covariate X has two values (X=0 or X=1). The proportions of compliers
and never-takers in the population vary across di�erent values of X . The population mean
potential outcomes for compliers and never-takers vary across di�erent values of X .
Based on equation (15), the average causal e�ect of treatment assignment for compliers

adjusted for covariate X can be de�ned as

CACE=�1c; X=0 − �0c; X=0=�1c; X=1 − �0c; X=1 (16)

where �0c; X=0 and �0c; X=1 are not directly estimable quantities.

Based on equations (13) and (15), six directly estimable population means can be expressed
in terms of model parameters as

�1n; X=0 = �n + �n (17)

�1n; X=1 = �n + �n + � (18)

�1c; X=0 = �c + �c (19)

�1c; X=1 = �c + �c + � (20)

�0; X=0 = �n; X=0�n + �c; X=0�c (21)

�0; X=1 = �n; X=1�n + �c; X=1�c + � (22)

where �n corresponds to �0n; X=0, and �c corresponds to �0c; X=0. �0; X=0 is the population mean
potential outcome if Z=0 and X=0, and �0; X=1 is the population mean potential outcome if
Z=0 and X=1.
Equations (17) to (22) show that there are two di�erent sources of information that con-

tribute to the identi�cation of CACE: the exclusion restriction and the covariate. Although
both sources of information a�ect the CACE estimate simultaneously, how covariate informa-
tion moderates bias due to violation of the exclusion restriction can be better understood by
looking at the two sources of information separately.
First, �n, �c and �c can be identi�ed based on directly estimable quantities relying on

the exclusion restriction assumption, but ignoring the association between compliance and
covariate. Let us call these tentative estimators �̂tEn , �̂

tE
c and �̂

tE
c .

According to the exclusion restriction assumption, �n=0. Therefore, �̂tEn can be de�ned from
equation (17) as

�̂tEn = �̂1n; X=0 (23)

where �̂1n; X=0 is an ML estimate of �1n; X=0. If the exclusion restriction holds, �̂tEn is an
unbiased estimator of �n.
Based on equation (21), �̂tEc is de�ned as

�̂tEc =
�̂0; X=0 − �̂n; X=0�̂tEn

�̂c; X=0
(24)

where �̂0; X=0, �̂n; X=0 and �̂c; X=0 are ML estimates of �0; X=0, �n; X=0 and �c; X=0. �̂
tE
n is de�ned

in equation (23).
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Then, �̂tEc can be de�ned from equation (19) as

�̂tEc = �̂1c; X=0 − �̂tEc (25)

where �̂1c; X=0 is an ML estimate of �1c; X=0, and �̂
tE
c is de�ned in equation (24).

The estimator of � can be de�ned based on observable quantities from equations (17) and
(18) (or from (19) and (20)) as

�̂= �̂1n; X=1 − �̂1n; X=0 (26)

where �̂1n; X=1 and �̂1n; X=0 are ML estimates of �1n; X=1 and �1n; X=0.
Second, �n, �c and �c can be identi�ed based on directly estimable quantities relying on the

association between compliance and covariate, but ignoring the exclusion restriction. Let us
call these tentative estimators �̂tXn , �̂

tX
c and �̂

tX
c . The key to the identi�cation of �̂

tX
n , �̂

tX
c and �̂

tX
c

is the presence of covariate X , which has non-zero 	1 in equation (14) (that is, �n; X=0 �=�n; X=1
and �c; X=0 �=�c; X=1).
From equations (21) and (22), �̂tXn can be de�ned as

�̂tXn =
�̂c; X=0�̂0; X=1 − �̂c; X=1�̂0; X=0 − �̂c; X=0�̂

�̂c; X=0 − �̂c; X=1 (27)

where �̂c; X=0, �̂c; X=1 and �̂0; X=1 are ML estimates of �c; X=0, �c; X=1 and �0; X=1. �̂ is de�ned
in equation (26).
From equation (21), �̂tXc can be de�ned as

�̂tXc =
�̂0; X=0 − �̂n; X=0�̂tXn

�̂c; X=0
(28)

where �̂tXn is de�ned in equation (27).
From equation (19), �̂tXc can then be de�ned as

�̂tXc = �̂1c; X=0 − �̂tXc (29)

where �̂tXc is de�ned in equation (28).
If there is no association between compliance and covariate (that is, 	1=0), �n; X=0=�n; X=1

and �c; X=0=�c; X=1 in equations (21) and (22). In other words, covariate X does not carry
information to identify �n and �c. In this case, identi�cation of CACE is completely dependent
on the assumption of the exclusion restriction. Therefore, the CACE estimate is the same as
�̂tEc , which is an unbiased estimator of CACE if the exclusion restriction assumption holds. If
the exclusion restriction is violated, �̂tEc is a biased estimate of CACE, where the degree of bias
depends on the size of true �n and the compliance rate (see bias mechanism in Section 3.1).
If the covariate is a perfect predictor of compliance, the CACE estimate is the same as �̂tXc ,

which is an unbiased estimator of CACE regardless of whether the exclusion restriction holds.
That is, the estimator of �c will not be biased due to the violation of the exclusion restriction,
although the estimator of �n can be still distorted due to the restriction in equations (17) and
(18). Consequently, the CACE estimate will not be biased despite the model misspeci�cation.
However, covariates that are perfect predictors of compliance usually do not exist in practice,
which excludes the possibility of complete elimination of bias based on covariate information.
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Figure 1. Simulation: sensitivity of the CACE estimate to violation of the exclusion restriction
assumption when there is no covariate.

In most situations, where the association between compliance and covariates is neither
zero nor perfect, both the exclusion restriction assumption and covariate information a�ect
the identi�cation of CACE. When the assumption of the exclusion restriction is violated,
covariate information plays a critical role in reducing the bias in the CACE estimate. As
the level of association between compliance and the covariate increases, the bias due to the
violation of the exclusion restriction decreases, because parameter estimates are adjusted more
towards �̂tXn , �̂

tX
c and �̂tXc , which are not a�ected by the exclusion restriction. Even when the

assumption of the exclusion restriction holds, having covariates that are good predictors of
compliance is important, because this increases the precision of the CACE estimate [25].

4. SIMULATION STUDIES

4.1. CACE estimation with no covariate

This section demonstrates the quality of the CACE estimate and statistical power when the
exclusion restriction assumption is violated at di�erent levels. The simulation results presented
in Figure 1 and Table I are based on 500 replications with a sample size of 500. The true
values of key parameters were chosen based on the JOBS II Study example. Equal probability
of treatment=control assignment and 50 per cent compliance rate were used as true values for
all simulation settings in this study.
Without covariates, the continuous outcome Y generated for CACE estimation can be de-

scribed as

Yi=�nni + �cci + �nniZi + �cciZi + �i (30)
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Table I. Simulation: estimation of CACE with no covariate (true CACE=−0:6, true
�n =1:0, true �c=1:5).

ITTn CACE �n �c
True Estimate SE Estimate SE Estimate SE

0.0 −0:583 0.180 1.008 0.087 1.484 0.155
0.1 −0:492 0.193 1.104 0.094 1.393 0.170
0.2 −0:387 0.197 1.206 0.096 1.288 0.175
0.3 −0:279 0.196 1.310 0.095 1.180 0.173
0.4 −0:178 0.187 1.410 0.091 1.079 0.164
0.5 −0:093 0.176 1.503 0.085 0.994 0.151
0.6 −0:025 0.165 1.589 0.081 0.926 0.139

Under the assumption of the exclusion restriction, ITTn (�n) is �xed at zero in the estimation
of CACE. How seriously the exclusion restriction assumption is violated depends on the true
value of ITTn, which was set at various values in the data generation. Opposite directions are
chosen for the true values of CACE and ITTn in simulation settings based on JOBS II. The
true treatment e�ect for compliers (CACE) is −0:6, which is approximately 0:6 in terms of
e�ect size, assuming that decrease in the outcome is desirable (for example, depression in
JOBS II). The true treatment e�ect for never-takers (ITTn) ranges from 0:0 to 0:6, which is
approximately 0:0 to −0:6 in terms of e�ect size, assuming that the positive value of ITTn
represents a negative e�ect of the intervention on never-takers. The true residual variance (�2)
is 1:0, the true control group complier mean (�c) is 1:5, and the true control group never-taker
mean (�n) is 1:0.
Figure 1 shows the sensitivity of the CACE estimate to violation of the exclusion restriction.

In this study, coverage is de�ned as the proportion of replications out of 500 replications that
are covered by the 95 per cent con�dence interval. Power is de�ned as the proportion of
replications out of 500 replications where the CACE estimate is signi�cantly di�erent from
zero (�=0:05). Coverage and power at ITTn=0 show the quality of the CACE estimate when
the exclusion restriction is not violated (coverage=0:940, power=0:860). Coverage and power
of the CACE estimate are still acceptable when the exclusion restriction is minimally violated
(that is, ITTn=0:1). However, the violation of the exclusion restriction starts to a�ect the
quality of the CACE estimate substantially as the size of ITTn increases. When the absolute
magnitude of ITTn is one-half that of CACE (that is, ITTn=0:3), coverage is 0:624 and
power is 0:308. When the absolute magnitude of ITTn is the same as that of CACE (that is,
ITTn=0:6), coverage decreases to 0:094. When a large e�ect size is expected for compliers in
interventions, it will be realistic to assume that the size of ITTn will be relatively small and
the impact of misspeci�cation also will be small. However, if a small CACE is expected, and
if it is questionable whether the exclusion restriction will hold, one needs to be more careful
in interpreting the CACE estimate. As shown above, violation of the exclusion restriction may
eliminate or double the CACE estimate.
Table I shows the estimates of CACE, �n and �c that deviate from true values as the

exclusion restriction assumption is more severely violated. In Section 3.1, it was demonstrated
that the estimate of �n will be biased as much as �n (ITTn), the estimate of �c will be biased
as much as −�n�n=�c, and the estimate of CACE will be biased as much as �n�n=�c by
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misspecifying ITTn as zero. Since true �c is 0:5, the size of bias in the estimate of �c will
be approximately −�n, and the size of bias in the CACE estimate will be approximately �n
in this simulation setting. It is shown in Table I that the bias in the estimates of CACE, �n
and �c increases proportionally according to the size of ITTn.
The quality of the CACE estimate reported in Figure 1 and Table I will vary in di�erent

settings. That is, compliance rate, �c and �n values, and other available auxiliary information
such as from covariates a�ect the sensitivity of the CACE estimate to violation of the ex-
clusion restriction assumption. Compliance rate has a direct in�uence on the quality of the
CACE estimate; however, it is often very di�cult to control compliance behaviour of hu-
man participants. �c and �n values also a�ect the quality of the CACE estimate. If outcome
distributions of compliers and never-takers are distant from each other, distinguishing two
distributions will be relatively easier than when the distributions are close to each other. If
the assumption of the exclusion restriction holds, precision in the CACE estimate will in-
crease as the distance between �c and �n increases [25]. However, if the assumption does not
hold, systematic in�uence of �c and �n values cannot be expected, since the estimates of �c
and �n will also be distorted, as shown in Table I. In addition, it is not practical to depend
on information from unknown outcome distributions in the control condition. In contrast, the
association between compliance and covariates can be estimated based on information from
the treatment condition without relying on the exclusion restriction. As a way to improve the
quality of the CACE estimate, this study focuses on the use of covariate information, which
is also a relatively controllable factor in randomized trial practice.

4.2. CACE estimation with a covariate

This section demonstrates how covariate information a�ects the sensitivity of CACE estimation
due to violation of the exclusion restriction. The simulation setting is the same as in the
previous section except that a covariate is added in the model. The model used for data
generation and CACE estimation is described in equations (13) and (14). For simplicity, one
continuous covariate X is used in the simulation study, where Xi ∼ N(0; 1). Both the outcome
and compliance are regressed on the same covariate X . The true direct e�ect of X on the
outcome (�) is −0:3. Two di�erent levels of association between compliance and the covariate
(	1) are considered in the simulation. The two association levels studied are 0:5 and 0:3 in
terms of the odds ratio (OR) in the logistic regression of c on X . As described in equation
(13), constant e�ect of CACE that does not vary across di�erent values of Xi is assumed.
Figure 2 shows the sensitivity of the CACE estimate to the violation of the exclusion re-

striction when there is a covariate. The association between compliance and the covariate is
0:5 in terms of the odds ratio. Coverage and power at ITTn=0 show the quality of CACE
estimate when the exclusion restriction is not violated (coverage=0:964, power=0:948). Cov-
erage and power remain more stable than in the model without covariates (see Figure 1) as
the size of ITTn increases. When the absolute magnitude of ITTn is one-half that of CACE
(that is, ITTn=0:3), coverage is 0:742 and power is 0:470. When the absolute magnitude of
ITTn is the same as that of CACE (that is, ITTn=0:6), coverage is 0:192 and power is 0:106.
Figure 3 shows the sensitivity of the CACE estimate to the violation of the exclusion

restriction when there is a covariate that is highly associated with compliance (OR =0:3).
Coverage and power at ITTn=0 show the quality of the CACE estimate when the exclu-
sion restriction is not violated (coverage=0:964, power=0:970). Coverage and power show
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Figure 2. Simulation: sensitivity of the CACE estimate to violation of the exclusion restriction
assumption when there is a covariate with OR=0:5.
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Figure 3. Simulation: sensitivity of the CACE estimate to violation of the exclusion restriction
assumption when there is a covariate with OR=0:3.

noticeable improvement compared to Figure 2 (that is, OR=0:5). The improvement is even
more substantial compared to the model without covariates (see Figure 1). When the absolute
magnitude of ITTn is one-half of that of CACE (that is, ITTn=0:3), coverage is 0:834 and
power is 0:694. When the absolute magnitude of ITTn is the same as that of CACE (that is,
ITTn=0:6), coverage is 0:396 and power is 0:278.
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Table II. Simulation: estimation of CACE with a covariate (OR=0:3, true
CACE=−0:6, true �n =1:0, true �c=1:5).

ITTn CACE �n �c
True Estimate SE Estimate SE Estimate SE

0.0 −0:607 0.162 0.996 0.091 1.503 0.146
0.1 −0:552 0.167 1.082 0.095 1.440 0.154
0.2 −0:490 0.171 1.172 0.098 1.370 0.159
0.3 −0:424 0.173 1.265 0.099 1.294 0.162
0.4 −0:357 0.175 1.358 0.101 1.218 0.163
0.5 −0:291 0.172 1.451 0.099 1.144 0.160
0.6 −0:232 0.167 1.541 0.096 1.078 0.150

Table II shows the estimates of CACE, �n and �c when there is a covariate that is highly
associated with compliance (OR=0.3). It is shown in Table II that the bias in the estimates
of �n and �c increases at a slower rate than in the model without covariates (see Table I) as
the size of ITTn increases. Consequently, the CACE estimate is much less biased in the model
with a covariate (Table II) compared to the CACE estimate without covariates (Table I). For
example, when the absolute magnitude of ITTn is one-half that of CACE (that is, ITTn=0:3),
the size of the average CACE estimate in the model without covariates is about two-thirds
that in the model with a covariate.

5. APPLICATION TO JOBS II

This section demonstrates the estimation of CACE in practice when the assumption of the
exclusion restriction is possibly violated. In CACE analysis examples using JOBS II, the
level of depression six months after the intervention is used as the outcome (depression at
T6). Depression was measured with a subscale of 11 items based on the Hopkins symptom
checklist [26]. The present study focused on the high-risk status group based on previous
studies [10, 27], which indicated that the job search intervention had its primary impact on
high-risk respondents. Risk score was computed based on risk variables (depression, �nancial
strain and assertiveness) in the screening data [27] predicting depressive symptoms at follow-
up. A total sample size of 486 was analysed in this study after deleting cases that had
missingness in covariates and outcome variables. Among 486 individuals, 328 are in the
treatment condition and 158 are in the control condition. The response rate at follow-up six
months after the intervention was 87 per cent. The variables used in the current study are
shown in Table III.
In addition to demographic information, all participants in JOBS II were asked before

randomization how highly they expected they would comply with intervention activities, which
was intended to better predict actual compliance. Table IV shows the responses from treatment
group individuals to the question ‘How likely or unlikely is it that you would participate in the
one-week job seminar if you were o�ered the opportunity during the next three weeks?’ Since
compliance behaviour is actually observed in the treatment condition, expected compliance
can be compared to actual compliance (that is, showing up). It is shown that the actual
compliance rate is sharply discriminated between the individuals who answered that it is
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Table III. JOBS II: sample statistics.

Variable Control group No-shows (Z=1) Shows (Z=1)

Mean SD Mean SD Mean SD

Depression at T6 2.090 0.759 2.043 0.704 1.902 0.708
Depression at T0 2.491 0.280 2.441 0.315 2.420 0.297
Expected compliance (0=1) 0.329 0.471 0.218 0.414 0.442 0.498
Age in years 36.127 9.854 33.312 9.678 39.717 9.586
School grade completed 13.340 1.940 12.880 1.920 13.800 2.070
Assertiveness at T0 3.029 0.879 3.218 0.925 2.973 0.924
Not married (0=1) 0.570 0.497 0.626 0.486 0.646 0.479
Economic hardship at T0 3.456 0.953 3.771 0.822 3.600 0.804
Non-White (0=1) 0.171 0.378 0.238 0.427 0.155 0.363
Male (0=1) 0.386 0.488 0.388 0.489 0.475 0.501

Table IV. JOBS II: expected versus actual compliance (Z=1).

Expected compliance (n) Actual compliance

No Yes

Extremely unlikely (1) 1 0
Very unlikely (1) 0 1
Unlikely (2) 2 0
Neither nor (26) 15 11
Likely (93) 51 42
Very likely (93) 46 47
Extremely likely (112) 32 80

extremely likely that they would attend the intervention seminars and those who answered
di�erently. A dichotomous variable (expected compliance: 0=low, 1=high) is created based
on these two categories of individuals.
Table V shows the results from CACE estimation with various pretreatment covariates in-

cluding expected compliance. A slightly di�erent analysis using JOBS II has been previously
presented by Little and Yau [5]. The e�ect size of the di�erential treatment e�ect estimate
is calculated by dividing the outcome di�erence in treatment and control condition means
after treatment by the square root of the variance pooled across the control and treatment
groups. The CACE estimate is signi�cant and has a meaningful level of e�ect size (CACE=
−0:338, e�ect size=0:466). The level of depression was lower for compliers in the interven-
tion condition compared to that for control condition individuals who could have complied
if they have had been assigned to the intervention condition. � represents the direct e�ect of
covariates on the outcome, where �=(�1; �2; �3; �4; �5; �6; �7; �8; �9)′. Economic hardship be-
fore the intervention was found to be a signi�cant predictor of the outcome. Depression level
decreased more among individuals who did not have economic hardship.
The same covariates that are used as predictors of the outcome are also used as predictors of

compliance. For nine covariates, logit coe�cients 	1=(	11; 	12; 	13; 	14; 	15; 	16; 	17; 	18; 	19)′.
Table V shows that expected compliance has high association with compliance (	12=1:264).
The estimated odds of being a complier are 3:54 times higher for individuals who expected
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Table V. JOBS II: CACE estimation with various covariates.

Parameter Estimate SE

CACE −0:338 0.142
�c 2.210 0.435
�n 1.911 0.391
�2 0.492 0.036

Y on x
Depression at T0 (�1) 0.070 0.107
Expected compliance (�2) −0:027 0.073
Age in years (�3) −0:001 0.004
School grade comp (�4) −0:030 0.017
Assertiveness at T0 (�5) −0:038 0.038
Not married (�6) −0:123 0.076
Economic hardship (�7) 0.150 0.041
Non-White (�8) 0.066 0.092
Male (�9) −0:102 0.069

c on x
Intercept (	0) −4:841 1.631
Depression at T0 (	11) −0:420 0.423
Expected compliance (	12) 1.264 0.279
Age in years (	13) 0.078 0.016
School grade comp (	14) 0.310 0.071
Assertiveness at T0 (	15) −0:362 0.149
Not married (	16) 0.659 0.290
Economic hardship (	17) −0:191 0.156
Non-White (	18) −0:460 0.331
Male (	19) 0.369 0.261

Table VI. JOBS II: sensitivity of the CACE estimate to covariate information.

Present covariates CACE estimate SE E�ect size

No covariates −0:237 0.152 0.327
Depression T0 −0:237 0.155 0.327
Depression T0, expected compliance −0:283 0.152 0.390
Depression T0, expected compliance, age −0:298 0.150 0.411
Depression T0, expected compliance, age, grade −0:313 0.145 0.432
All nine covariates −0:338 0.142 0.466

that it was extremely likely for them to attend the job seminar than for individuals who
expected a lower possibility of attending the seminar. In addition to expected compliance,
several covariates were found to be signi�cant predictors of compliance behaviour. Individuals
complied more if they were older, more educated less assertive and not married.
The summary results from six CACE analyses are shown in Table VI. The same CACE

model used in Table V is used, but di�erent numbers of covariates are present in six analyses.
In each analysis, the same covariates that are used as predictors of the outcome are also used
as predictors of compliance. The results demonstrate the sensitivity of the CACE estimate in
JOBS II to covariate information.
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When there are no covariates present in the model, the magnitude of the CACE estimate
is about 70 per cent of that when all nine covariates are present in the model (see Table V
for full results). Adding baseline depression (depression T0), which is the weakest predictor
of compliance, has little impact on the CACE estimate. However, adding covariates that are
strong predictors of compliance results in a noticeable change in the CACE estimate. Given
randomization of intervention assignment, the �uctuation shown in Table VI can be considered
as substantial, implying possible violation of the exclusion restriction. As demonstrated in
previous sections, the magnitude of bias in the CACE estimate due to violation of the exclusion
restriction may be reduced if covariates are good predictors of compliance. However, covariate
information would not completely eliminate bias due to violation of the exclusion restriction.
Therefore, the CACE estimate adjusted for covariates should be considered as less biased, but
not completely unbiased.

6. DISCUSSION

This study examined the bias mechanism in the estimation of CACE when the assumption of
the exclusion restriction is violated. The magnitude of bias is a�ected mainly by compliance
rate and the size of treatment assignment e�ect on non-compliers (ITTn). The magnitude
of bias in the CACE estimate increases as the size of ITTn increases and compliance rate
decreases. If the compliance rate is very low, violation of the exclusion restriction assumption
can cause substantial bias in the CACE estimate even when the e�ect of treatment assignment
on non-compliers is trivial. When the exclusion restriction is violated, the CACE estimate not
only can be understated, but also can be exaggerated, depending on how the assignment of
treatment a�ects non-compliers.
Compliance rate and the e�ect of treatment assignment on non-compliers directly a�ect

bias in the CACE estimate; however, these factors are not easily controllable in practice.
The current study focused on the use of covariate information to test and to reduce bias
due to violation of the exclusion restriction. It was demonstrated that bias in the CACE
estimate due to model misspeci�cation can be reduced substantially by including covariates
that are good predictors of compliance. In JOBS II, one kind of covariate information collected
before the intervention assignment was about study participants’ expected level of compliance,
which turned out to be a good predictor of actual compliance. To increase the precision in
classifying individuals based on compliance types, one can use more aggressive ways of
monitoring compliance (for example, by blood test in pharmaceutical trials), or have a run-in
period before the main trial to select potential compliers [28]. However, these methods are
not always applicable, especially in social-behavioural �eld experiments. Given that, readily
observable covariates such as expected compliance, motivation, baseline outcome measures and
background variables are valuable sources of information that can be acquired at a relatively
low cost.
The limitation of using covariate information without relaxing the exclusion restriction

is that the bias due to violation of the assumption cannot be completely eliminated unless
covariates are perfect predictors of compliance. To test the ultimate magnitude of the bias
and to estimate the assignment e�ect of treatment on non-compliers, the assumption of the
exclusion restriction needs to be relaxed. Without assuming the exclusion restriction, the
identi�ability of CACE models relies on auxiliary information such as from covariates [7]
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and proper priors [4, 6]. Practicality of the CACE estimation methods relying on auxiliary
information is still under investigation.
In examining the bias mechanism in CACE estimation, this study assumed an additive e�ect

of treatment assignment (that is, no interaction e�ects) for both compliers and non-compliers.
However, in practice the e�ect of treatment assignment may vary depending on covariate
values. The presence of interaction e�ects further complicates the bias mechanism. Also,
covariate information may have weaker and inconsistent e�ects on treatment e�ect estimates.
More investigation is needed to identify the bias mechanism with interaction e�ects. This study
examined the bias mechanism in CACE estimation focusing on intervention settings where
the intensity of compliance is the same among compliers. However, in practice, compliance
often has varying intensity [29, 30]. Further study is needed to clarify the relationship between
causal e�ect estimates and model misspeci�cation in more general situations.

APPENDIX: BIAS MECHANISM IN A MISSPECIFIED MODEL WITH
NEVER-TAKERS AND ALWAYS-TAKERS

If there are both never-takers and always-takers, compliance type can be observed only for
always-takers among individuals assigned to the control condition, and only for never-takers
among individuals assigned to the treatment condition. Given that, the observed-data likelihood
function is

L(� |data)∝ ∏
i∈{Zi=1; Di=0}

�nf(yi |�1n; �2)

× ∏
i∈{Zi=0; Di=1}

�af(yi |�0a; �2)

× ∏
i∈{Zi=1; Di=1}

[�cf(yi |�1c; �2) + �af(yi |�1a; �2)]

× ∏
i∈{Zi=0; Di=0}

[�nf(yi |�0n; �2) + �cf(yi |�0c; �2)] (A1)

where �a is the proportion of always-takers in the population, �1a denotes population mean po-
tential outcome for always-takers if Z=1, and �0a denotes population mean potential outcome
for always-takers if Z=0.
Based on equation (A1), four observable population means can be expressed in terms of

model parameters as

�1n = �n + �n (A2)

�0a = �a (A3)

�1 = �n(�n + �n) + �c(�c + �c) + �a(�a + �a) (A4)

�0 = �n�n + �c�c + �a�a (A5)

where �a is the average causal e�ect of treatment assignment for always-takers.
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If the exclusion restriction assumption holds, �n=0 and �a=0. Therefore, �c can be iden-
ti�ed from equations (A2), (A3) and (A5) as

�c=
�0 − �n�1n − �a�0a

�c
(A6)

Then, �c (CACE) can be identi�ed from equations (A2), (A3), (A4) and (A6) as

�c=
�1 − �0
�c

(A7)

If the assumption of the exclusion restriction is violated for both never-takers and always-
takers, �n �=0 and �a �=0. In this case, the correct speci�cation of �c from equations (A2), (A3)
and (A5) is

�c=
�0 − �n�1n − �a�0a

�c
+
�n�n
�c

(A8)

Then, the correct speci�cation of �c (CACE) from equations (A2), (A3), (A4) and (A8) is

�c=
�1 − �0
�c

− �n�n
�c

− �a�a
�c

(A9)

Equation (A9) shows that the estimator of CACE (�c) will be biased as much as �n�n=�c,
if �n is misspeci�ed as zero, and as much as �a�a=�c, if �a is misspeci�ed as zero. If the
exclusion restriction is violated for both never-takers and always-takers, CACE (�c) will be
biased as much as �n�n=�c + �a�a=�c.
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