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Estimation of Intervention Effects With Noncompliance:

Alternative Model Specifications

Abstract

This study examines alternative ways of specifying models in the CACE
(complier average causal effect) estimation method, where the major interest
is in estimating causal effects of treatments for compliers. A fundamental dif-
ficulty involved in the CACE estimation method is in dealing with missing
compliance information among study participants. Given that, the assumption
of the exclusion restriction plays a critical role in separating the distributions
of compliers and noncompliers. If no pre-treatment covariates are available,
assuming the exclusion restriction is unavoidable to obtain unique ML esti-
mates in CACE models, although the assumption can be often unrealistic. One
disadvantage of assuming the exclusion restriction is that the CACE estimate
can be biased if the assumption is violated. Another disadvantage is that the
assumption limits the flexibility of CACE modeling in practice. However, if pre-
treatment covariates are available, more modeling options other than strictly
forcing the exclusion restriction can be considered to establish identifiability of
CACE models. This study explores modeling possibilities of CACE estimation

within an ML-EM framework in the presence of covariate information.

Keywords: noncompliance, CACE, assignment effects, exclusion restriction,

pre-treatment covariates, missing data, ML-EM
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Alternative Model Specifications

1 Introduction

Treatment noncompliance is a common problem in randomized intervention trials.
Standard ITT (intent-to-treat) analysis has been widely used as a method to estimate
treatment effects in the presence of noncompliance. This method provides an overall
average treatment effect estimate by comparing outcomes based on assignment of the
treatment, but ignoring receipt of the treatment. Since the I'TT effect estimate does
not represent treatment efficacy under noncompliance, researchers are often interested
in estimating treatment effects only for compliers — individuals who would receive the

treatment if offered.

To estimate treatment effects taking into account noncompliance, Bloom (1984)
applied instrumental variable (IV) approach, where treatment effect estimates are
adjusted by considering the noncompliance rate. More recently, a refined form of the
IV approach with clear underlying assumptions has been proposed (Angrist, Imbens
& Rubin, 1996; Imbens & Angrist, 1994). The estimation of CACE (complier average
causal effect), originally based on the IV approach, made dramatic progress with the
introduction of likelihood-based methods. Imbens and Rubin (1997) demonstrated

CACE estimation through the maximum-likelihood (ML) estimation method using
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the EM algorithm and with a Bayesian approach using the Data Augmentation algo-
rithm. Little and Yau (1998) incorporated covariates in this framework and applied

the ML-EM method.

The major difficulty involved in CACE estimation is in dealing with missing com-
pliance information among study participants. In the absence of this information, the
assumption of the exclusion restriction provides the basis for identifiability in CACE
models. Under this assumption, the difference in the 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 offered
— or for always-takers — individuals who would receive the treatment regardless of
whether it is offered. However, this assumption often limits realistic modeling of

CACE in practice, as in two real data applications shown in this study.

In the Job Search Intervention Study for unemployed workers (Little & Yau, 1998,
Vinokur, Price, & Schul, 1995; Vinokur & Schul, 1997), never-takers assigned to the
treatment condition could be demoralized by failing to take the intervention oppor-
tunity. This negative psychological effect would not occur for never-takers assigned
to the control condition, since the treatment is never offered. Therefore, the inter-
vention effect for compliers can be understated if the effect of treatment assignment

on never-takers is ignored.

In the Johns Hopkins School Prevention Study (Ialongo et al., 1999), there is a

large variation in completed intervention activities (ranges 0 to 66), and over-reporting
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of compliance level by parents is also expected. Therefore, the intervention may not
show any desirable effects unless parents report a quite high level of compliance. In
this case, categorizing individuals into low and high compliers will provide a more
meaningful intervention effect estimate than categorizing them into never-takers and
compliers (97% reported they completed at least one activity). The exclusion restric-
tion cannot be assumed in this setting, because low compliers would partially receive
the intervention if they were assigned to the treatment condition, while they would

not receive the intervention at all if they are assigned to the control condition.

The assumption of the exclusion restriction can be often unrealistic in practice.
However, testing the violation of the assumption is not straightforward, since the
assumption is directly related to the identifiability of CACE models. Given this iden-
tifiability problem, previous studies demonstrated the possibility of testing the as-
sumption using weakly identified models in the Bayesian framework (Hirano, Imbens,
Rubin, & Zhou, 2000; Imbens & Rubin, 1997). Without the exclusion restriction,
CACE models are considered as weakly identified, since they show proper posterior
distributions, but they do not have unique ML estimates. In these weakly identified
CACE models, relaxation of the exclusion restriction assumption relies on auxiliary
information such as from proper priors and parametric form likelihood functions.

The current study explores a third option, where we build identifiability of CACE

models relying on auxiliary information from observed pre-treatment covariates. In

principle, the assumption of the exclusion restriction can be fully relaxed without
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losing identifiability if the number of covariates increases in an appropriate way as
sample size increases (Frangakis, 1999). This study, however, focuses on more com-
mon situations, where only a limited number of covariates are observed, and therefore
some functional assumptions are needed to attain identifiability of CACE models.
Identifying CACE models based on limited covariate information is not as straight-
forward as identifying CACE models based on the exclusion restriction. However,
information from covariates is still valuable in the sense that it provides options in
establishing identifiability of CACE models based on functional assumptions that are

more reasonable in given situations.

2 Modeling Options in Estimating CACE

2.1 Common Setting

Assume the simplest experimental setting where there is only one outcome measure
(Y), the treatment assignment (Z) is binary (1 = treatment, 0 = control), and the
treatment received (D) has only two levels (1 = received, 0 = not received). Angrist et
al. (1996) defined four behavior types based on treatment receipt status of individuals
given treatment assignment status. Let D;(1) denote the potential treatment receipt
status for individual i when assigned to the treatment condition, and D;(0) denote
the potential treatment receipt status for individual ¢ when assigned to the control

condition. Compliers are subjects who do what they are assigned to do (D;(1) =1
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and D;(0) = 0). Never-takers are subjects who do not receive the treatment even
if they are assigned to the treatment condition (D;(1) = 0 and D;(0) = 0). Defiers
are the subjects who do the opposite of what they are assigned to do (D;(1) = 0
and D;(0) = 1). Always-takers are the subjects who always receive the treatment no

matter which condition they are assigned to (D;(1) =1 and D;(0) = 1).

Among these four behavior types, the possibility of having defiers is excluded
based on the motonicity assumption (Imbens & Angrist, 1994). Although defier is
often regarded as the least likely behavior option, violation of monotonicity may cause
substantial bias in causal effect estimates. The current study assumes monotonicity

based on two real data examples shown in later sections.
Monotonicity: There are no defiers.

For simplicity, this study also assumes that there are no always-takers. In the two
examples shown in this study, neither defier nor always-taker was a likely compliance
option, since study participants were prohibited from receiving a different intervention
condition than the one that they were assigned to. However, unlike monotonicity, the
assumpion of having no always-takers is not critical in estimating CACE, and can be

relaxed depending on situations.

The possible compliance behavior types (C;) can then be reduced to

¢ (complier) if D;(1) =1, and D;(0) =0
C;=

n (never-taker) if D;(1) =0, and D;(0) = 0.

Let C(t) = {i | C; =t} for t € {¢,n}. The differential average causal effect of
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treatment assignment based on compliance type can be defined as

ITT, = z()mu,m» — Yi(0, Di(0))]/ Ny, (1)
eC(t

where Y;(1, D;(1)) denotes the potential outcome for individual i with treatment
receipt status D; when Z; = 1, and Y;(0, D;(0)) denotes the potential outcome for
individual ¢ with treatment receipt status D; when Z; = 0. N; is the number of

individuals of compliance type t.

In line with Rubin’s causal model approach, the effect of treatment assignment
in equation (1) is defined at the individual level (Holland, 1986; Rubin, 1978, 1980).
It is shown in equation (1) that the causal effect of treatment assignment cannot be
estimated for individual ¢, since two potential outcomes Y;(1, D;(1)) and Y;(0, D;(0))
cannot be jointly observed. However, the causal effect of treatment assignment can
be estimated at the average level assuming randomization and SUTVA (stable unit

treatment value; Rubin, 1978, 1980, 1990).

Randomization: Treatment assignment is random.

SUTVA: Potential outcomes for each person are unrelated to the treatment status

of other individuals.

The average causal effect of treatment assignment for compliers (77, = CACE)
can be defined as p11. — 0., where p;. denotes population mean potential outcome for
compliers if Z = 1, and . denotes population mean potential outcome for compliers

if Z = 0. The average causal effect of treatment assignment for never-takers (177,)
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can be defined as p1, — pon, where py, denotes population mean potential outcome
for never-takers if Z = 1, and pg, denotes population mean potential outcome for
never-takers if Z = 0.

The current study employs a maximum likelihood estimation approach, which is
known to be often more efficient than the traditional IV approach in the estimation
of CACE (Imbens & Rubin, 1997; Little & Yau, 1998). If compliance type C; can be

completely observed, the complete-data likelihood function is

L(0 | data) o H T f(Yi | N’]TMO-EL) X H e f(yi | PchvUz)
iE{C(n),Zizl} iE{C(C),ZiZI}
X II  mf@ileomon) x  I1 7 f | poe,02),(2)
i€{C (n), Zi=0} i€{C(c), Zi=0}

where 0 = (7, Te, fn, fies Hon, Hoc, UZ, 03) is the set of parameters in the model, and
f(yi | p, 0%) denotes the probability density of a normal distribution with mean p and
variance o%. However, note that the identification of CACE models discussed in this
study does not depend on normality assumption. The proportion of never-takers in

the population is m,, and the proportion of compliers in the population is 7.. The

2

variance for never-takers is o,

and the variance for compliers is 0. The likelihood

function can be modified conditional on covariates.

Since compliance type C; cannot be observed in the control condition, the observed-

data likelihood function is

L(@ | data) X H Tn f(yz | Hins 0-721> X H Te f(yz | Hic; 03)
iE{ZZ':LDl‘:O} iE{Zl':LDl‘ZI}
X H [Tn f (i | Hon, ‘7721) + 7 f(i | toe, U?)]- (3)

iE{ZiZO,DiZO}
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By maximizing the likelihood in equation (3) with respect to the parameters of
interest 0, ML estimates are obtained. The unknown compliance status (C') in the
control condition is handled as missing data via the EM algorithm (Dempster, Laird,
& Rubin, 1977; Little & Rubin, 1987; McLachlan & Krishnan, 1997; Tanner, 1996).
7. and 7, (= 1 —m,.) are parameters that determine the distribution of C. The E step
computes the expected values of the complete-data sufficient statistics given data y
and current parameter estimates #. The M step computes the complete-data ML
estimates with complete-data sufficient statistics replaced by their estimates from the
E step. This procedure continues until it reaches optimal status. ML-EM procedures
for CACE estimation has been previously presented in Little and Yau (1998). For real
data applications shown in this study, ML-EM estimation of CACE was carried out
by the Mplus program (Muthén & Muthén, 1998-2001), which provides parametric
standard errors computed from the information matrix of the ML estimator using

both the first- and the second-order derivatives.

2.2 Modeling CACE Without Covariates

Based on the observed-data likelihood function in equation (3), three directly es-
timable population means can be expressed in terms of model parameters as
Win = Qp+ Yn, (4)
/‘1’10 — ac + IYC) (5)

Ho = Tp0p + e Qe (6)
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where «,, corresponds to pg,, a. corresponds to ., and pg is the overall population
mean potential outcome if Z = 0. ~, represents the average causal effect of treatment
assignment for never-takers (I77,,), and 7, represents the average causal effect of

treatment assignment for compliers (177, = CACE).

From equation (4), o, can be defined as

On = MWin — Yn- (7)

From equations (6) and (7), a. can be defined as

— T n T Yn
a, = Ho M i ’Y_ (8)
Te Te

From equations (5) and (8), 7. can then be defined as

H1 — Mo Tn Yn
Ye = - . (9)
T, T

In equations (8) and (9), the possibility of zero denominator is excluded (m, >
0). That is, treatment assignment Z has some effect on the average probability of

treatment receipt D (Angrist et al., 1996).

Nonzero Average Causal Effect of Z on D: The average causal effect of Z on D

is not equal to zero.

Equations (7), (8), and (9) show that suggested model parameters cannot be iden-
tified without additional information or restrictions. Here, the exclusion restriction
plays a critical role in identifying CACE models by assuming no effect of treatment as-

signment on noncompliers. Under the assumption of the exclusion restriction, v, = 0
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in equations (7), (8), and (9). Therefore, a,, o, and 7. can be identified based on

directly estimable quantities in a straightforward way.

Exclusion Restriction: For never-takers and always-takers, the distributions of

the potential outcomes are independent of the treatment assignment (Angrist et al.,
1996). That is, Yi(0,D;(0)) = Y;(1, D;(1)) for units with D;(0) = D;(1) = 0 or
D;(0) = D;(1) = 1.

However, if the assumption of the exclusion restriction does not hold (i.e., v, # 0),
the estimator of CACE (~.) will be biased as much as m, v, /7. as shown in equation
(9). The bias in the CACE estimate increases, if the average causal effect of treat-
ment assignment for never-takers (,) increases and compliance rate (7.) decreases
(Angrist et al., 1996; Jo, in press). This implies that the CACE estimate not only
can be understated, but also can be exaggerated depending on how the assignment
of treatment affects noncompliers. The bias mechanism also shows that if compli-
ance rate is very low, violation of the exclusion restriction can cause a substantial
bias in the CACE estimate even when the effect of treatment assignment on never-
takers is trivial. The assumption of the exclusion restriction can also be violated
for always-takers, which further complicates the bias mechanism and interpretation
of causal effect estimates (Hirano et al, 2000; Jo, in press). In clinical trials, where
blind, double-blind, or placebo-control conditions are possible, the assumption of the
exclusion restriction seems reasonable. In other situations such as social-behavioral

intervention studies, whether the exclusion restriction holds is often questionable.
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2.3 Modeling CACE With Covariates

The importance of covariate information in CACE estimation has been demonstrated
in earlier studies. In the Bayesian estimation framework, it has been shown that
covariate information plays a critical role in obtaining better posterior distributions
especially in weakly identified models (Frangakis et al., 2002; Hirano et al., 2000). In
the ML estimation method, it has been demonstrated that covariate information may
increase statistical power (Jo, 2002) and reduce bias due to model misspecification

(Jo, in press). The current study focuses on the role of covariate information in
identifying CACE models.

If pre-treatment covariates are available in the study, the probability of being a
complier for each individual (7.;) varies depending on the influence of covariates. Let
x be a vector of pre-treatment covariates. The logistic regression of compliance on

covariates is described as

P@ieC(c) | x) = 7,
PieCn)|xz) =1 — 7,

logit(mei) = fo+ Bz, (10)

where 3y represents a logit intercept, and 3, is a vector of logit coefficients. The level

of association between compliance and covariates is represented by 3.

Pre-treatment covariates can also have direct influence on the outcome. Let ¢; =0

and n; = 1if i € C(n), and ¢; = 1 and n; = 0 if i € C(c). Consider an outcome



Intervention Effects With Noncompliance 14

variable Y for individual ¢ with compliance status ¢; and n;,

Yi = anni+ acCit+ Y Zi+ Ve Ci Zi + YnaNi Zi Ti + Yeu Ci Zi T +

An i T + A G T + € My + €ic Gy (11)

where «,, is the intercept for never-takers, and a. is the intercept for compliers. A,
denotes the main effect of covariates for never-takers, and A. denotes the main effect of
covariates for compliers. 7, denotes the main effect of treatment assignment for never-
takers (ITT,), and 7. denotes the main effect of treatment assignment for compliers
(ITT.). ~yn: denotes the interaction effect of treatment assignment for never-takers,
which varies across different levels of covariates (IT7,;). 7. denotes the interaction
effect of treatment assignment for compliers, which varies across different levels of
covariates (ITT.;). €, is a normally distributed residual if i € C'(n) with zero mean

and variance 02, and €, is a normally distributed residual if 7 € C'(c) with zero mean

2

and variance o?.

In equation (11), the model parameters where functional assumptions can be
considered are v, Ynz, Yer, An, and A.. The assumption of the exclusion restriction
can be imposed on 7, and -,,. The assumption of additive effect of treatment
assignment can be imposed on “,, and ... The assumption of the constant effect
of covariate can be imposed on .z, Yezr; An, and A.. Depending on which of these
assumptions are imposed, CACE models are differently identified. The advantage of

having covariate information is that one can choose functional assumptions that are

more reasonable in given situations. The two key assumptions related to covariates
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are defined as follows.

Additivity of Treatment Assignment Effect: The average causal effect of treat-

ment assignment is constant regardless of varying values of covariates. That is,
Yne = 0, and ., = 0.

Constant Effects of Covariates: The effect of a covariate on the outcome does not

depend on compliance type. That is, A, = A, and Yz = Ver-

Assume that there is only one binary covariate X that predicts both compliance

and outcome. The observed-data likelihood in equation (4) can be modified as

L(0 | data) o< 11 n,x=0 f(i | frinx=0.07) %
iE{ZZ':LDl‘:O,Xi:O}

11 Tnx=1 f (Wi | panx=1,00) X
iE{ZZ':LDl‘:O,Xi:l}

11 Tox=0 (Ui | Biex=0,0.) X
iE{ZiZLDi:],Xi:O}

11 Tox=1 f (Ui | prex=1,0.) X

iE{Zi=1 ,D;=1,X;=1 }

H [ﬂ-n,Xzo f(yl | Hon,X=0, O-r2b> + Te, X=0 f(yl | Hoc, X =0, 002)] X
iE{ZiZO,DiZO,XZ':O}

H [ﬂ-n,le f(yl | Hon, X=1, O-r2b> + Te, X=1 f(yl | Hoe, X=1, 0-02)]’ (12>
iE{ZZ'ZO,Dl‘ZO,XiZI}

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 different values of X.
The population mean potential outcomes for compliers and never-takers vary across

different values of X.

Based on equations (11) and (12), six directly estimable population means can be
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expressed in terms of unrestricted model parameters as

Hin,x=0 = OQpn -+ Vn, (13)
Pinx=1 = Qn+ Yo+ Yne+ An, (14)
Hle,x=0 = Q¢+ Ve, (15)
Hiex=1 = Q¢+ Vet Yer + Ac (16)
Mo, X=0 = Tp,X=0n + Tex=0 e, (17)
pox=1 = Tnx=1(n+ An)+ Tex=1 (. + Ac), (18)

where «,, corresponds to fion, x=0, and a. corresponds to figc, x=0. o, x=0 is the popula-
tion mean potential outcome if Z = 0 and X = 0, and pp x=1 is the population mean
potential outcome if Z = 0 and X = 1. Equations (13) to (18) show that suggested
model parameters cannot be identified without some functional assumptions. Three

alternative ways of identifying CACE models are discussed in this study.

2.3.1 Model A: Exclusion Restriction

Model A represents conventional CACE models, where unique ML estimates are ob-
tained relying on the exclusion restriction. In the presence of covariates, the exclusion
restriction is imposed not only on a main effect (i.e., 7, = 0), but also on interaction
effects (i.e., Ynr = 0). Assuming that there is only one binary covariate X, equations

(19) to (24) describe Model A with zero degrees of freedom.

Hin,X=0 = Qn, (19)
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HinX=1 = Qp+ A, (20)
e x=0 = O¢ + e, (21)
Hie,x=1 = O¢+ Yot Yoz + A, (22)
f0.X=0 = Tpx=00n + Tex=0 0, (23)
pox=1 = Tnx=1(n+ A\p)+ Tex—1(0e+ Ao). (24)

From equation (19), the estimator of «, is directly defined as
é‘n - [Lln,XZO- (25)

where fi1, x—o is an ML estimate of p, x—o.

From equations (20) and (25), the estimator of A\, can be defined as

5\n = laln,le_[len,Xzo- (26)

where fi1, x—1 is an ML estimate of p1, x—1.

From equations (23) and (25), the estimator of . can be defined as

~ Mo, x=0 — Tin,x=00n

Q. =

(27)

Te, X =0
where [ig, x—=0, Tn,x=0, and 7, x—o are ML estimates of jip x=0, Tn x=0, and 7. x=o.

From equations (21) and (27), the estimator of 7. can then be defined as

ﬁ/c == ﬂ]c,X:O_dc- (28)

where [i1. x=p is an ML estimate of 141, x—o.
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From equations (24), (25), (26), and (27), the estimator of ). is defined as

Ho,X=1 — Tnp X=10p — Ty X=1 )\n — Te,X=10C¢

A =

- 29
Te,X=1 ( )

where [ig x=1, Tp x=1, and 7, x—1 are ML estimates of jio x=1, Tn x=1, and 7. x=1.
Finally, the estimator of 7., can be defined from equations (22), (27), (28), and

(29) as

~

ﬁ/cx = [Llc,le - é[c - ’3/0 - >\c- (30)

where fi;. x—1 is an ML estimate of ft1, x—1.

The advantage of Model A is that it provides both the main and the interaction
effect estimates for compliers. However, ML estimates of parameters in Model A
can be biased, if treatment assignment has any effect on never-takers. Treatment
assignment can have not only a main effect (,), but also an interaction effect (v,,)
on never-takers depending on covariate values. The estimators of 7. and 7., will be
biased if 7, # 0 and/or v,, # 0. The bias mechanism that involves both ~,, and 7,
can be very complex, and it is hard to predict consistent patterns of bias (e.g., v,

and ~,, may have opposite effects).

2.3.2 Model B: Additive Effect of Treatment Assignment

Model B represents alternative CACE models, where unique ML estimates are ob-
tained by assuming additive effect of treatment assignment across different values of

covariates. Assuming additivity, Model B provides the main effect estimate of treat-
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ment assignment for both compliers and noncompliers. Along with the additivity

assumption, the identifiability of Model B relies on the association between compli-

ance and covariate. In principle, Model B can be identified unless 8y = 0 in equation

(10).

Assuming that there is only one binary covariate X, equations (31) to (36) describe

Model B.

Hin,X=0 = o e
Hin,X=1 = OQn + M+ )\na

Hie,x=0 = O + Yes

Hie,x=1 = O + Ve + /\67
Mo, X=0 = Tn,X=00n + T x=0 e,
pox=1 = Tnx=1(n+ A\n)+ Tex=1 (a4 Ao).

From equations (31) and (32), the estimator of A\, can be defined as

~

Ao = fin,x=1 — flin,X=0-

where [i1, x=1 and fi1,, x=o are ML estimates of (1, x=1 and ft1,, x=o.

From equations (33) and (34), the estimator of A\, can be defined as
;\c - ﬂ]c,X:] - ﬂ]c,X:O-

where [i1. x=1 and fi1. x=o are ML estimates of p11. x=1 and ft1. x—o.

(37)



Intervention Effects With Noncompliance 20

From equations (35), (36), and (37), the estimator of a,, can be defined as

g Tex—oflox—1 — Tex—1 flo,x—0 — Tex—0n,x—1 An = T, x=0Te,X=1 Ac (39)
n - A A )
Te,X=0 — T¢,X=1

where fio, x=1, flo,x=0, Te,x=0, Te,x=1, and 7, x=1 are ML estimates of p x—1, o, x=o,
Te,X=0y Te,X=1, and Tn,X=1-

From equations (35) and (39), the estimator of . is defined as

A~ — /‘/)’O,XZO - ﬁn,XzO dn (40)
¢ ﬁ-c,XZO ’
where 7, x—¢ is an ML estimate of 7, x—o.
From equations (31) and (39), the estimator of v, is defined as
fA}’n = ﬂ]n,X:O - OAén- (41)
Finally, from equations (33) and (40), the estimator of ~,. is defined as
’?c = ,alc,XZO — Q. (42)

Model B is an appropriate model if interaction between treatment assignment
and covariates is unlikely. However, ML estimates in Model B can be biased if the
additivity assumption does not hold (i.e., v, # 0 and/or 7., # 0). The advantage of
Model B is that the CACE estimate is not affected by violation of exclusion restriction.
In Model B, the . estimate is not sensitive to violation of ~,, = 0. The 7, estimate
is not sensitive to violation of 4., = 0. For example, if true v,, = 0, and true ~., # 0,

the A, estimate will not be biased (see equations (14) and (32)), but the A, estimate
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will be biased (see equations (16) and (34)). Therefore, o, can be estimated without
bias from equations (35) and (36), but the a. estimate will be biased. As a result,

the 7, estimate will not be biased, although the v, estimate is biased.

If the 7, estimate is biased in Model B, the bias is not due to violating v., = 0,
but due to violating 7v,, = 0. In other words, if 7, = 0 and ~,, = 0, the v, estimate
should be zero. If 7,, # 0 and/or v,, # 0, the v, estimate will be different from zero,
suggesting violation of the exclusion restriction. Having a zero 7, estimate does not
necessarily guarantee that the exclusion restriction holds, because it could result from
nonzero -, and nonzero v,,. However, having a zero -, estimate does mean that the
CACE estimate will be the same with and without assuming the exclusion restriction.
In that sense, the exclusion restriction is not violated from the practical point of view.
It is demonstrated in Tables 3.a and 3.b, using JOBS II, how ~,, and the . estimates

change when 7., = 0 and ~,,, = 0 are relaxed for different combinations of covariates.

2.3.3 Model C: Constant Effects of Covariates

Model C represents alternative CACE models, where unique ML estimates are ob-
tained by assuming constant effects of covariates on the outcome across compliers and
noncompliers. Assuming constant effects of covariates, Model C provides both the
main and interaction effect estimates of treatment assignment. As in Model B, the
identifiability in Model C relies on the association between compliance and covari-

ate. This model also requires an additional restriction to maintain its identifiability.
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That is, additive effect of treatment assignment needs to be imposed at least for one
covariate. Therefore, the Model C framework can be useful when there are multiple

covariates.

Equations (43) to (51) describe one example of building identifiability in the Model

C framework assuming two binary covariates X; and Xo.

M1n,X1=0,X2=0 = Qn + Vn, (43)
in,X1=1,Xa=0 = Qn + Yo+ Anxy, (44)
Hin,X1=0,Xa=1 = Qpn + Yo+ Ynxo + Anxs, (45)
Hle,X1=0,Xo=0 = O + Ve, (46)
Hie,X1=1,Xa—=0 = O + Yo+ Anxy, (47)
Pie,X1=0,Xs=1 = Qe+ Vet Ynxs T Anxs, (48)
H0,X1=0,X2=0 = Tp,X;=0,X2=0 On T Tec X;=0,X2=0 Nc, (49)
HO,X1=1,X3=0 = Tn,X1=1,X3=0 (On + Anx,) + Tex,=1.x5=0 (@ + Anx,),  (50)
HO, X120, Xa=1 = Tn,X1=0Xs=1 (On + Anx,) + Tex,=0.x,=1 (Qe + Anx,), (51)

where nine population means in the left side of the equations are directly estimable

based on sample statistics.

From equations (43) and (44), or from (46) and (47), the estimator of \,x, can

be defined as

~

Anxy = Pin,X1=1,X2=0 — [in,X,=0,Xs=0; (52)
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where /lln,X1=1,X2=0 and /lln,X1=0,X2=0 are ML estimates of Hin,X1=1,X2=0 and H1in,X1=0,X2=0-
From equations (49), (50), and (52), the estimator of a,, can be defined as

4 = T, X1=0,X2=0 H0,X1=1,X0=0 — T¢,X1=1,X2=0 H0,X;=0,X2=0 — T¢,X;=0,X5=0 >\nX1 (53)
n - 9

T, X1=0,X0=0 — T¢,X1=1,X2=0

where H0,X1=1,X2=0, H0,X1=0,X2=0, T¢,X1=0,X2=0, and Te,X1=1,X,=0 are ML estimates of
0, X1 =1,X=0, H0,X1=0,X2=0> Te,X;=1,Xo=0, aNd ¢ x =1, x,=0-

From equations (49) and (53), the estimator of a. can be defined as

~ /lO,X1=0,X2=0 - ﬁ-n,Xlzo,XQ:O OAén
A, = = 3 (54)
Te,X1=0,X2=0

where 7, x,=0,x,=0 is an ML estimate of 7, x,=0, x,=0-
From equations (51), (53), and (54), the estimator of \,,x, can then be defined as

~

/\nX2 = HM0,X1=0,X2=1 — Tn,X;=0,X9=1 On — T¢,X;=0,Xo=1 ¢, (55)

where fio, x,-0,Xo=1, Tn,X,=0Xo=1, and ¢ x,=0 x,—1 are ML estimates of 119 x,-0,x,=1,
Tn,X1=0,X2=1, and Te,X1=0,Xo=1-

Finally, from equations (43), (45), and (55), the estimator of 7, x, is defined as

~

nXs = [in,X1=0,Xo=1 — [in,X1=0,X2=0 — AnXs (56)

where fi15, x,-0,x,=1 15 an ML estimate of f1,,, x,~0 x,=1-

The advantage of Model C is that it provides both the main and interaction effect
estimates of treatment assignment. This model will be very useful if interaction

effects are expected and covariates are unlikely to have different effects on outcomes
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for compliers and noncompliers. However, ML estimates of parameters in Model C
can be biased, if compliers and noncompliers are heterogeneous in terms of covariate
effects on the outcome. Model C can be identified if two or more covariates are
available. However, having multiple covariates provides more options in imposing

additivity of treatment assignment effect.

3 Application to JOBS II Intervention Study

The Job Search Intervention Study (JOBS II: Vinokur et al., 1995; Vinokur & Schul,
1997) is a randomized field experiment intended to prevent poor mental health and
to promote high-quality reemployment among unemployed workers. The experimen-
tal condition consisted of five half-day training sessions. Among study participants
assigned to the intervention condition, 55% attended at least one session. Among
attendees, 82% attended 4 or 5 sessions (mean = 4.3 sessions, median = 5 sessions).
In the current study, individuals who completed at least one training session were
categorized as compliers and the rest were categorized as never-takers. Based on
that categorization, the compliance rate in JOBS II was 55%. The control condition

consisted of a booklet briefly describing job-search methods and tips.

The present study focused on the high-risk status group based on previous studies
(Price, van Ryn, & Vinokur, 1992; Vinokur et al., 1995), which indicated that the job

search intervention had its primary impact on high-risk respondents. Risk score was
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computed based on risk variables in the screening data (Price et al., 1992) predicting
depressive symptoms at follow-up (depression, financial strain, and assertiveness) . A
total sample size of 486 was analyzed in this study after listwise deletion of cases that
had missingness in covariates and outcome variables. The response rate at follow-up
six months after the intervention was 87%. In the CACE analyses shown in this
section, the level of depression six months after the intervention (Dep6) is used as
a continuous outcome. Depression was measured with a subscale of 11 items based
on the Hopkins Symptom Checklist (Derogatis, Lipman, Rickles, Uhlenuth, & Covi,

1974). The variables used in the current study are described in Table 1.

[Table 1]

Table 2.a shows results from CACE models assuming additive effect of treatment
assignment. Nine covariates are included in the CACE analyses shown in this section
(X1 = Dep0, X5 = Mot, X3 = Grade, Xy = Econ, X5 = NotM, Xg = NonW,
X7 = Age, Xg = Male, X9 = Assert). In this table, the magnitude of main effect
of treatment assignment on compliers (CACE) can be compared between models
with and without assuming the exclusion restriction. Since the outcome measure is
depression, negative coefficients indicate a desirable treatment effect (i.e., positive
effect size). In the current study, the effect size of causal effect estimates is calculated
in a conventional way by dividing the outcome difference in treatment and control
condition means by the square root of the variance pooled across the control and

treatment groups. This approach was chosen for easier comparison across different
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models.

[Table 2.a]

The results from the model assuming the exclusion restriction show that the in-
tervention assignment did not have a significant effect on the level of depression of
compliers (]ﬂc = —0.361, effect size = 0.498). The results from the model without
assuming the exclusion restriction show that the intervention assignment had a sig-
nificant effect on the level of depression of compliers (ITTC = —0.451, effect size =
0.622). The level of depression is significantly lower for compliers in the intervention
condition compared to that of control condition individuals who could have complied
if they have had been assigned to the intervention condition. It is also shown in the
model without the exclusion restriction that the intervention had a negative effect
on never-takers (177, = 0.227, effect size = —0.313). Although the ITT, (7,) esti-
mate should be interpreted carefully given possible confounding with ~,,., it at least
suggests that the CACE estimate will be affected if this parameter is fixed at zero.
In Table 2.a, the CACE estimate with the exclusion restriction is affected by treat-
ment assignment effect on never-takers, but the CACE estimate without assuming

the exclusion restriction is not.

Table 2.b shows the logistic regression part of the CACE model with the exclusion
restriction. The CACE model without the exclusion restriction had very similar

results. It is shown in Table 2.b that several covariates were significant predictors
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of compliance. For example, the estimated odds of being a complier are 3.8 times
higher for individuals who have a high level of motivation than for individuals who
have a low level of motivation. Individuals also complied more if they were older,

more educated, and less assertive.

[Table 2.b]

Table 3.a demonstrates how parameter estimates in Table 2.a change when 7., is
freely estimated. In the first CACE analysis, 7., is fixed at zero for all nine covariates
(see Tables 2.a and 2.b for full results). In the second analysis, 7., is relaxed for
four covariates. In the third analysis, ., is relaxed for eight covariates, which is the
maximum number of interaction effects that can be relaxed in this example without
losing identifiability. It is assumed that the effect of intervention assignment on
depression is the same for compliers regardless of their ethnicity (v.x, = 0). In all
three analyses, 7, is fixed at zero for all nine covariates. In Tables 3.a and 3.b, only

parameters that are related to treatment assignment are listed.

[Table 3.a)

The results in Table 3.a show that the . estimate is sensitive to violation of
Yee = 0. However, the ~, estimate remains stable when ., = 0 is relaxed for any
combinations of the eight covariates. Therefore, the =, estimate might be biased in
Model B, but the bias is not due to violating ., = 0, but to violating 7,, = 0. Also,

the 7. estimate might be biased in Model B, but the bias is not due to violating
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Ynz = 0, but to violating 7., = 0. Assuming that v.x, = 0, the main and interaction
effect estimates shown in the third analysis (8 relaxed) can be considered as unbiased
for compliers. The main effect of intervention has a large effect size, but is not
significant. Intervention assignment showed some significant interaction effects on
compliers. The intervention assignment had a positive impact on compliers if they
were highly motivated and married. However, high motivation and being married
had a negative impact on individuals who would have complied with the intervention

if offered, but were assigned to the control condition.

Table 3.b demonstrates how parameter estimates in Table 2.a change when ~,,, is
freely estimated. In the first CACE analysis, 7, is fixed at zero for all nine covariates
(see Tables 2.a and 2.b for full results). In the second analysis, 7, is relaxed for four
covariates. In the third analysis, 7,, is relaxed for eight covariates. It is assumed
that the effect of intervention assignment on depression is the same for never-takers
regardless of their motivation level (y,x, = 0). In all three analyses, 7., is fixed at

zero for all nine covariates.

[Table 3.b]

The results in Table 3.b show that the ~, estimate is sensitive to violation of
Ynz = 0. However, the v, estimate remains stable when ~,, = 0 is relaxed for any
combinations of the eight covariates. Assuming that v,x, = 0, the main and in-

teraction effect estimates shown in the third analysis (8 relaxed) can be considered
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as unbiased for never-takers. The main effect of intervention is not significant for
never-takers. Although insignificant, intervention assignment showed some interac-
tion effects on never-takers. The intervention assignment had a positive impact on
never-takers if they were single and less assertive. However, being single and less
assertive had a negative impact on individuals who would have complied with the

intervention if offered, but were assigned to the control condition.

Table 4 shows results from CACE estimation assuming constant effects of covari-
ates. For all nine covariates, it is assumed that A\, = \., and ¥, = ... Additionally,
it is assumed that being assigned to the intervention condition will have the same
effect on depression regardless of participants’ ethnicity (i.e., ¥nx, = Vexs = 0), which
is necessary to maintain identifiability of the CACE model. It is shown in Table 4
that the main effect of intervention assignment was not significant either for compliers
(ITT, = —0.687, effect size = 0.948) or for never-takers (ITT, = —0.064, effect size
= 0.088). The intervention had a positive but insignificant (p-value = 0.086) effect
on depression if study participants were highly motivated (9,x, = Jex, = —0.288,
effect size = 0.397). Study participants showed a higher level of depression if they
had economic hardship at the beginning of the study. The results of the logistic re-
gression of compliance on covariates (not shown here) are similar to those in Table
2.b. Individuals complied more if they were older, more motivated, more educated,

and less assertive.

[Table 4]
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4 Application to JHU PIRC Intervention Study

The Johns Hopkins Public School Preventive Intervention Study was conducted by
the Johns Hopkins University Preventive Intervention Research Center (JHU PIRC)
in 1993-1994 (Talongo et al., 1999). The study was designed to improve academic
achievement and to reduce early behavioral problems of school children. Teachers and
first-grade children were randomly assigned to intervention conditions. The control
condition and the Family-School Partnership Intervention condition are compared
in this example. In the intervention condition, parents were asked to implement 66

take-home activities related to literacy and mathematics over a six-month period.

A total sample size of 284 was analyzed after listwise deletion of cases that had
missingness in covariates and outcome variables. One of the major outcome measures
in the JHU PIRC preventive trial was the TOCA-R score (Teacher Observation of
Classroom Adaptation-Revised; Werthamer-Larsson, Kellam, & Wheeler, 1991). The
TOCA-R is designed to assess children’s adequacy of performance on the core tasks
in the classroom as rated by the teacher. Among various TOCA-R measures, shy be-
havior assessed in the spring of the second grade (18 months after the pre-intervention
assessment) is used as a continuous outcome in the CACE analyses shown in this sec-
tion. The shy behavior is a composite variable that consists of TOCA-R items such
as friendly to classmates, interact with classmates, play with classmates, and initiate

interactions with classmates. Table 5 describes the variables used in this example.
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[Table 5]

For CACE models reported in this section, individuals are categorized into low
and high compliers based on the level of completeness in 66 home learning activities.
Parents who completed at least 45 activities are categorized as high compliers (upper
50% of parents) and the rest (lower 50% of parents) are categorized as low compliers.
To be consistent with previous sections, the same notations will be used in this section.
That is, 7 € C(c), if individual ¢ is a high complier, and i € C(n), if individual i is a
low complier.

Table 6.a shows results from CACE models assuming an additive effect of treat-
ment assignment. Fight covariates are included in CACE analyses shown in this
section (X; = Shy0, X; = Agg0, X3 = Male, X, = Lunch, X5 = Phealth, X5 =
Page, X7 = Pmale, Xg = NonW). In this table, the magnitude of main effect of
treatment assignment on compliers (CACE) can be compared between models with
and without assuming the exclusion restriction. Since the outcome is shy behavior,

negative coefficients indicate a desirable treatment effect (i.e., positive effect size).

[Table 6.a)

Table 6.a shows that the results from models with and without the exclusion
restriction are almost identical, given that the v, estimate is actually close to zero.
In other words, the CACE estimate is unaffected by treatment assignment effect

on never-takers in both models with and without the exclusion restriction. The
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intervention assignment had a positive impact on children’s shy behavior when their
parents were highly involved in the intervention activities (]ﬁc = —0.652, effect size
= 0.643). Among several covariates, baseline shy behavior and parent’s gender were
found to be significant predictors of the level of shy behavior, if parents were not
actively involved in the intervention activities. Children had a higher level of shy
behavior in spring of the second grade if their baseline shy behavior was higher and

if fathers were their major caregivers.

Table 6.b shows the logistic regression part of the CACE model. It is shown that
parent’s ethnic background was a significant predictor of compliance. The estimated
odds of being a high complier are about three times higher for parents with White
ethnic background than for parents with non-White ethnic background. Parent’s gen-
der had a pretty high, but not significant association with compliance. The estimated

odds of being a high complier are about 2.5 times higher for mothers than for fathers.

[Table 6.b]

Table 7 shows results from CACE estimation assuming constant effects of covari-
ates. For all eight covariates, it is assumed that A, = A\, and 7, = V... Additionally,
it is assumed that intervention assignment will have the same effect on a child’s shy
behavior regardless of the parent’s ethnicity (i.e., Ynxs = Yexs = 0), which is nec-
essary to maintain identifiability of the CACE model. It is shown in Table 7 that

the main effect of intervention assignment was not significant either for compliers
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(ITT, = —0.382, effect size = 0.377) or for never-takers (ITT}, = 0.240, effect size =
0.237). The intervention had a positive but insignificant (p-value = 0.080) effect on
children’s shy behavior if they were initially more aggressive (9,x, = Yex, = —0.358,
effect size = 0.353). Children showed a higher level of shy behavior if their baseline
shy behavior was higher, and if their baseline aggression level was higher. No covari-
ates were found to be significant predictors of compliance in the logistic regression of
compliance on covariates (not shown here). Although insignificant, some covariates
were highly associated with compliance. Parents complied more if they were younger,

if they were female, and if they were from White ethnic background.

[Table 7]

5 Conclusion

The current study demonstrated alternative ways of modeling CACE in the presence
of pre-treatment covariates. The three models discussed in the study showed that the
identifiability of CACE models can be built based on functional assumptions that are
more reasonable given specific situations. Model A relies on the exclusion restriction,
Model B relies on additivity of treatment assignment, and Model C relies on the
constant effect of covariates in establishing identifiability of CACE models. Further
study is needed to provide more modeling options, and to provide practical guidelines

that will help intervention researchers to better select CACE estimation models given
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alternative assumptions.

It was demonstrated in the study that Model B-type analysis is a practical way
to test violation of the exclusion restriction within the ML-EM framework. The lim-
itation of Model B is that it does not separate the main and interaction effects of
treatment assignment simultaneously for compliers and never-takers. However, it is
still useful to separate bias in the CACE estimate due to violation of the exclusion
restriction, which was considered impossible in the ML-EM framework. The limita-

tion leaves room for future study to explore other alternative ways of dealing with

lack of identifiability in CACE models.

This study demonstrated the relaxation of the exclusion restriction for never-takers
assuming that there are no always-takers. Relaxing the exclusion restriction for both
never-takers and always-takers may complicate CACE estimation, since several sub-
populations need to be distinguishable from each other in a multinomial distribution
based on auxiliary information. A reasonable strategy would be to focus only on a
plausible violation for a specific study. For example, the assumption is more likely to
be violated for never-takers (or low compliers); or it is more likely to be violated for
always-takers (e.g., Hirano et al., 2000); or the violation of the assumption is unlikely
to be violated for both never-takers and always-takers (e.g., Imbens & Rubin, 1997).
Further investigation is needed to clarify how suggested models can be applied in

more general situations, where several sub-populations are studied.
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Table 1. JOBS II: Sample Statistics (N = 486)

Variable Mean SD Description

Z 0.67  0.47 Intervention assignment (O=control, 1=intervention)
c 0.55  0.50 Compliance (0=never-taker, 1=complier)

Dep6 2.01  0.73 Depression level 6 months after the treatment

Dep0 2.45  0.30 Depression level before the treatment

Mot 0.32  0.47 Motivation level before the treatment (0O=low, 1=high)
Grade 13.37  2.01 School grade completed

FEcon 3.60 0.87 FEconomic hardship before the treatment

NotM 0.62 0.49 Marital status (O=married, 1=not married)

NonW 0.19  0.39 Race (0=White, 1=non-White)

Age 36.61 10.04 Age in years

Male 0.42 0.49 Gender (O=female, 1=male)

Assert 3.07 091 Assertiveness before the treatment
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Table 2.a. JOBS II: CACE Estimation Assuming Additive Effect of Intervention

Assignment

Exclusion Restriction Without

Parameter Estimate SE Estimate SE
ITT. (CACE) -0.361 0.191 -0.451 0.131
ITT, 0.000 0.227 0.094
Aex; (Dep0) 0.249 0.177 0.231 0.163
Aex, (Mot) -0.037 0.102 -0.043 0.099
Aexs (Grade) -0.039 0.024 -0.041 0.023
Aex, (Econ) 0.178 0.078 0.194 0.061
Aexs (NotM) -0.124 0.149 -0.153 0.119
Aexs (NonW) -0.106 0.170 -0.077 0.158
Aex, (Age) -0.004 0.006 -0.006 0.005
Aexs (Male) -0.127 0.110 -0.134 0.106
Aex, (Assert) -0.067 0.058 -0.061 0.054
Anx, (Dep0) -0.077 0.166 -0.033 0.152
Anx, (Mot) 0.047 0.182 -0.009 0.130
Anxs (Grade) -0.023 0.031 -0.026 0.026
Anx, (Econ) 0.114 0.064 0.098 0.054
Anxs (NotM) -0.121 0.133 -0.113 0.105
Anxg (NonW) 0.173 0.137 0.165 0.125
Anx, (Age) 0.002 0.006 0.001 0.005
Anxs (Male) -0.088 0.106 -0.078 0.101
Anx, (Assert) -0.009 0.062 -0.018 0.056
O 2.103 0.654 2.260 0.599
Qn 2.091 0.605 1.936 0.561
o2 0.516 0.068 0.512 0.052
o2 0.440 0.080 0.406 0.049
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Table 2.b. JOBS II: Logistic Regression of Compliance on Covariates

(compliers vs. never-takers)

Parameter Estimate SFE
Bo (Intercept) -4.657 1.635
B11 (Dep0) -0.459 0.432

(
Bia (Mot) 1.335 0.302
B3 (Grade) 0.309 0.071
Bi14 (Econ) -0.209 0.163
Bi5 (NotM) 0.507 0.297
Bi6 (NonW) -0.382 0.333

(Age) 0.078 0.016
Bis (Male) 0.369 0.260
Big (Assert) -0.334 0.150
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Table 3.a. JOBS II: Relaxing Additivity of Treatment Effect for Compliers

(Vne = 0 for all covariates)

Yex 0 relaxed 4 relaxed 8 relaxed
Parameter Estimate SE Estimate SE Estimate SE
ITT,. (CACE) -0.451 0.131 0.544 0.434 -1.440 1.670
ITT, 0.227 0.094 0.233 0.092 0.231 0.090
Yex; (Dep0) 0.000 . 0.000 . 0.231 0.385

(
Yex, (Mot) 0.000 : 0.503  0.230 0.607  0.234

(Grade) 0.000 . 0.000 . 0.048  0.064

(Econ) 0.000 . 0241 0.148 0.267  0.138
Yexs (NotM) 0.000 : 0.000 : 0.586  0.240
Yexs (NonW) 0.000 . 0.080  0.531 0.000

(Age) 0.000 . 0.000 . 0013  0.012
Yexe (Male) 0.000 : 0.073 0.238 0.178  0.243
Yexo (Assert) 0.000 : 0.000 : 0.012  0.144
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Table 3.b. JOBS II: Relaxing Additivity of Treatment Effect for Never-takers

(Vez = 0 for all covariates)

Ynz 0 relaxed 4 relaxed 8 relaxed
Parameter Estimate SE Estimate SE Estimate SE
ITT,. (CACE) -0.451 0.131 -0.457 0.129 -0.432 0.137
ITT, 0.227 0.094 -0.044 0.380 0.343 1.103
Tnx, (Dep0) 0.000 . 0.000 . -0.045 0.290

(
Ynx, (Mot) 0.000 : 0.004  0.283 0.000
Ynx, (Grade) 0.000 . 0.000 . 0.018  0.054
(Econ) 0.000 . 0.088  0.102 0.058  0.105
Ynxs (NotM) 0.000 : 0.000 : 0328  0.201
Yuxs (NonW) 0.000 . 0.100  0.288 0.016  0.302
(Age) 0.000 . 0.000 . 0.009  0.011
Ynxs (Male) 0.000 : 0.154  0.183 0272 0.215
Ynx, (Assert) 0.000 : 0.000 : 0.199  0.116
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Table 4. JOBS II: CACE Estimation Assuming Constant Effects of Covariates

Parameter Estimate SE
ITT. (CACE) L0.687 0.933
ITrT, -0.064 0.893
Aex; = Ay, (Dep0) 0.029 0.200
Aexy = )\an (Mot) 0.191 0.145
AeXs = Anx, (Grade) -0.045 0.032
Aex, = Anx, (Econ) 0.195 0.075
Aexs = Anxs (NotM) 0.170 0.132
Aexs = Anxy (NonW) 0.074 0.092
Aexs = Ay, (Age) 20.004 0.007
Aexs = Anx, (Male) 0.073 0.124
AcXo = Anxo(Assert) -0.075 0.079
Yex; = Tnx, (Dep0) 0.053 0.242
NeXy = Y, (Mot) 10.288 0.168
YeXs = Tnxs (Grade) 0.015 0.038
Yexs = Tnx, (Econ) -0.066 0.089
Nexs = Ynxs (NotM) 0.058 0.160
YeXs = TnXe (NonW) 0.000

Yexs = Tnx. (Age) 0.003 0.008
Yexs = YnXs (Male) -0.029 0.149
YeXo = YnXo (Assert) 0.041 0.090
Qe 2.634 0.801
foli 2.065 0.767
o2 0.506 0.051
o2 0.425 0.053
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Table 5. Johns Hopkins PIRC: Sample Statistics (N = 284)

Variable Mean SD Description

VA 0.50 0.50 Intervention assignment (O=control, 1=treatment)

c 0.50 0.50 High compliance (O=low complier, 1=high complier)
Shy18 2.31 1.02 TOCA-R mean shy behavior 18 months after the baseline assessment
Shy0 2.22 1.06 TOCA-R mean shy behavior at the baseline assessment
Agg0 1.45 0.69 TOCA-R mean aggression at the baseline assessment
Male 0.49 0.50 Student’s gender (O=female, 1=male)

Lunch 0.62 0.49 Free lunch program (0=no, 1=yes)

Phealth ~ 0.09 0.29 Parent limited by health problem(0=no, 1=yes)

Page 3.02 1.44 Parent’s age in 5 year brackets

Pmale 0.07 0.26 Parent’s gender (0=female, 1=male)

NonW 0.87 0.33 Parent’s ethnicity (0=White, 1=non-White)
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Table 6.a. Johns Hopkins PIRC: CACE Estimation Assuming Additive Effect of

Intervention Assignment

Exclusion Restriction With Without
Parameter Estimate SE Estimate SE
ITT. (CACE) -0.652 0.221 -0.652 0.225
ITT, 0.000 . -0.001 0.148
Aex; (Shy0) 0.231 0.136 0.231 0.136
x, (Agg0) 0.205 0.162 0.205 0.163
Aexs (Male) 0.001 0.228 0.001 0.228
Aex, (Lunch) 0.197 0.206 0.197 0.206
Aexs (Phealth) 0.164 0.368 0.164 0.369
Aexs (Page) 0.015 0.017 0.015 0.017
Acx, (Pmale) -0.058 0.456 -0.058 0.455
Aexs (NonW) 0.155 0.219 0.155 0.221
Anx, (Shy0) 0.202 0.076 0.202 0.076
x, (Agg0) -0.037 0.159 -0.036 0.164
Anx, (Male) 0.243 0.187 0.243 0.187
Anx, (Lunch) 0.205 0.169 0.205 0.171
Anxs (Phealth) 0.186 0.310 0.186 0.310
Anxs (Page) 0.009 0.008 0.009 0.008
Anx, (Pmale) 0.679 0.291 0.679 0.291
Anxg (NonW) 0.181 0.245 0.181 0.250
o 1.401 0.687 1.400 0.692
ay, 0.815 0.426 0.816 0.444

2 0.929 0.111 0.929 0.111
o2 0.628 0.108 0.628 0.111
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Table 6.b. Johns Hopkins PIRC: Logistic Regression of Compliance on

Covariates (high compliers vs. low compliers)

Parameter Estimate SE
Bo (Intercept) 2.140 1.071
Bi1 (Shy0) -0.204 0.234
B2 (Agg0) 0.239 0.266
B3 (Male) 0.207 0.369
B4 (Lunch) 0.100 0.362

Bi6 (Page) -0.035 0.022
Bi7 (Pmale) -0.937 0.670

(
(
(
(
Bi5 (Phealth) -0.603 0.629
(
(
(NonW) -1.091 0.541
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Table 7. Johns Hopkins PIRC: CACE Estimation Assuming Constant Effects

of Covariates

Parameter Estimate SE
ITT. (CACE) 10.382 0.579
Irr, 0.240 0.614
Aex; = Anx, (Shy0) 0.219 0.085
Aexy = Anx, (Agg0) 0.323 0.151
Aex, = Anxg (Male) -0.004 0.202
Aex, = A\nx, (Lunch) 0.043 0.182
Aexs = Anx, (Phealth) 0.375 0.295
Aexs = Anxs (Page) 0.010 0.011
AeXs = Any. (Pmale) 0.521 0.311
Aexs = Anx, (NonW) 0.200 0.170
YeXs = nx; (Shy0) 0.027 0.119
Yexs = Ynx, (Agg0) 10.358 0.204
YeXs = TnXs (Male) 0.245 0.255
YeXs = Ynx, (Lunch) 0.207 0.238
Yexs = Tnxs (Phealth) -0.262 0.426
Yexs = Tnxe (Page) -0.001 0.014
YeX» = Ynx. (Pmale) -0.045 0.424
YeXs = Tnxs (NonW) 0.000

Q. 1.417 0.424
Qp 0.448 0.508
o 0.931 0.116

2
C
o2 0.642 0.121
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We thank the editors for the opportunity to offer our comments on this very readable paper on
recent work on noncompliance. Since Angrist, Imbens, and Rubin (1996}, there has been an
explosion of interest and activitics in noncompliance related methods and applications, which
include the bridging of work in different fields such as statistics, cconomics, epidemiology,
sociology, and education. This paper coniribules niccly to this expanding literature by
explicating various assumptions involving covariales that can be uscd to uniquely identify
maximuin likclthood estimates in place of exclusion restrictions.

Although we like the paper very much, as discussants we focus on points designed to
stimulate further discussion. Thus the casual reader may get the mistaken impression that we
are more critical than we really are. The [our lopics we address arc: 1) summarizing results by
“significant” versus “not significant™; 2) handling missing data by listwise deletion; 3)
describing subpopulation differences as “impacts”™ or “effects™; 4} discussing the scientilic

plausibility of competing models.

1, Sensitivity of significant/not significant results
The author’s main interest is sensitivity analysis, which we support, but the focus scems to be
on sensitivity of “significant” and “not significant” results. For instance:

“The results from the model assuming the exclusion restriction show that the intervention

assignment did not havc a significant effect on the level of depression of compliers (ITT, =

-0.361, effect size = 0.498). The results from the model without assuming the exciusion
restriction show that the intervention assignment had a significant effect on the level of

depression of compliers (/TT, = -0.451, ellect size — 0.622).”
Even if the -0.451 estimate were known without any sampling variability, the difference
hetween it and the /T7T, estimate under the cxclusion restriction (0.080) would be only 0.4

standard error away from zero (see Table 2.a). This insensitivity of /77, holds despite the

apparent superiority of the “without exclusion” model (7 T, . =0.227, s.e. = 0.094), suggesting



the need for this extra parameter. There are more sophisticated ways to asscss the different
implications of such models; for example, our preference would be to employ the Bayesian
paradigm, possibly using posterior predictive checks of the ability of the more parsimonious
models to predict important aspects of the obscrved data (Rubin, 1984; Gelman, Meng, and

Stern, 1996).

2. Dealing with missing data by listwise deletion

We were somewhat disappointed by Jo’s general handling of missing data in the datasets,
because the author was so careful when dealing with noncompliance, a special kind of
missing data. The method known as “listwisc deletion” is quite generally inferior to other
methods (e.g., see Little and Rubin, 1987, chapter 3). There has been a tremendous amount of
development in missing data methodology in the past quarter century {(e.g., since Rubin, 1976;
Dempster, Laird, and Rubin, 1977), and recent work has addrcssed the simultaneous
complications of noncompliance and missing data (Frangakis and Rubin, 1999; Baker, 2000).
A highly relevant publication in thc context of a randomized educational intervention is
Barnard ct al. (2002). In thesc publications, the assumption of latent ignorability of missing
data plays a key role: for groups ol subjects with the same true compliance status, the missing
data are ignorable. Because the software needed to implement fully principled analyses of
data with both missing values (in covariates and outcome measures) and noncompliance is not
readily available (e.g., Barnard ct al., 2002), we are sympathetic to restricting the analysis to
people with covariates fully observed, because this limits the inference to subpopulations of’
people with complete covariates. However, also restricting the analysis to thosc with complete
outcomes is in principle incorrect for any subpopulation, because this implies the comparison
of outcomes undcr treatment for those units who would produce outcome data if treated, with

oulcomes under control for those units who would produce outcome data if control; this is not



generally a comparison leading to causal effects hecause these two subpopulations are not the

same (see Frangakis and Rubin, 2002).

3. Language that tends to confuse subpopulation differences and treatment effects

QOur third point concerns language that can often be easily read to imply causal effects for
variables that cannot be manipulated. We feel that it is especially important to avoid such
language in the context of social sciences, where it has too often been misused. As Jo explains
clearly, the basic idca undcrlying the proper analysis of data with noncompliance is to
distinguish between (a) subpopulations delined by the true compliance status and (b) the
effect of treatments on outcomes within those subpopulations. An example of a potentially
deceptive statement is:

“The intervention assignment had a positive impact on compliers if they were highly
motivated and married. However, high motivation and being married had a negative impact
on individuals who would have complicd with the intervention if offered, but were assigned
to the control condition.”

What we believe is actually meant by thesc two sentences can be explained by the cxample in

following table where, in order to simplily the presentation, depression is assumed (o have

only two levels, high and low.

Table 1: Depression level of true compliers by treatment assignment and subpopulation

Intervention

True compliers Control Treatment
subpopulation

NM’ Low depression Low depression
M- High depression Low depression

NM" = not marricd or not highly motivated; M? — married and highly motivated



The meaning of the first sentence is that for the subpopulation of people who are true
compliers and highly motivated and married, the intervention reduces depression: this is
indeed an impact (causal effect) that can be observed by comparing the two cells in the M*
row of Table 1. What is meant by the sccond scntence instead is that, if all members of the
subpopulation of true complicrs arc assigned control, those who are highly motivated and
married will have a depression level that 1s higher than the subpopulation of true compliers
who are not highly motivated and married. This ts not an “impact” of an intervention but a
description of a difference between two subpopulations under the same treatment condition,
which can be observed by comparing the two cells in the Control column of Table 1. Similar
confusing language appears later and in other places, where a diffcrence between

subpopulations under the same treatment condition is described as an “impact” or “effect”.

4. Scientific rationale for various specifications

Although we applaud the specification of diffcrent identifying models, we wished that the
resulting comparisons of estimates across the models had included more discussion of the
scientific plausibilily of the models, and thereby of the resulting estimates. Also, Jo's analysis
of alternative assumptions involving covariates is restricted to the case where, in addition to
monotonicity (i.e., there are no defiers), there are no always-takers. Always-takers are likely
to bc present in many obscrvational studics and randomized trials - for example in
randomized encouragement designs (Hirano et al., 2000), where people in the control arm are
not encouraged to take the treatment (flu shot), but it is nevertheless accessible. It is thus
interesting to see how Jo's results generalize to that case.

For cxamplc, consider the common sctting introduccd in section 2.1 and allow always-

takers, i.e.,



c(complier) if D(l)=land D,(0)=0
C; = {n(never - taker) if D (1=0and N,{0)=0
a(always - taker) if D{l)=1land D,(0)=1

Also, assume there is only one binary covariate X, and, in addition to the notation introduced

in section 2.3, let x,, be the probability that the i-th individual with covariate x; is an always-
taker, and let @; = | if i€C(«)and a; — 0 if :E{C(c) U C(n)}. Equation 11 can be modified to

represent the outcome variable for an individual with compliance status ¢;, r;, and a;:

Vi=aumvauc,vaa,+y,mZ +y.c2, +y,8,7, +7, 025 +7, CZX +Y,0.7.% +

LA ' =i [l A

(11a)

A, + A CX, ¥ A AX FELN, +ECHE, A,
where the additional parameters and residual have the same interpretation for always-takers as
the already introduced parameters and residuals have for compliers and never-takers.

Based on equation (I 1a), eight dircctly estimable population means can be cxpressed in terms

of unrestricted modc| parameters as;

Hiyp xap =0y Y,

Byl =0, +7, Y, + 4,

Mg, xan =0,

Mogxo1 =, + 4,

Bog xan ST, yonl, 0,y o0,

Moo yar =Ty, x1 (an + A, )+ e x=1 (O‘c- + A‘u)
My x=0 =T, va0 (‘Ia +Ya )"‘”:-,X:O (ag' +7. )

My xar =7, x . (aa L L )"‘ e kmi (c, + Yo+ Ve t A ),
where u, ,_; is the population mean potential outcome if Z=j, D(;) — # and X = k. Because
the probabilities of being of 4 certain compliance status are directly estimable at both values
of X, these equations show that the twelve model parameters

S P S s % % SRR Y o 00 GS S } cannol be dentified without some assumptions.
The exclusion restriction for always-takers and never-takers (ie. y, =y, =y, =7, =0)

reduccs the number of parameters to eight and allows the identification of CACE. The same is

true for the assumption of constant effects of covariates (i.e.A, =4, =4 ,andy, =y, =7, ),



whcreas the assumption ol additivily of treatment assignment effect (i.e. vy, =y, =y, =0)
reduces the number of parameters to nine, which is not sufficient to identify CACE: when
there are always-takers, the additivity assumption needs 10 be combined with other
assumplions, lor example with an exclusion restriction for either the never-takers or the
always-lakers. Thus, speculation about which assumptions are more or less plausibie when
always-takers are also present is even more difficult without substantial cxperience with both
fitting the models and applying them in substantive areas. One small contribution of ours into
this difficult territory is Mealli and Rubin (2002), where we describe how dillerent settings
and cxperimcental designs can have very different implications for the plausibility of
competing assumpiions. An example that makes the exclusion restriction but discusses its

plausibility at some length 1s Barnard et al. (2002).

In conclusion, Jo’s paper represents a fine contribution to this demanding and growing area of
statistical rcscarch, and morcover, it introduces an inleresting new class of tools for applied

researchers, which illustrates a profitable path for further work.
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Rejoinder by Booil Jo

I sincerely thank Fabrizia Mealli and Donald B. Rubin for their thorough and con-
structive commentary on my article. I would like to take this opportunity to clarify
a few issues on the basis of their comments, which I find very helpful and reasonable.
Most of all, I thank the discussants for several suggestions related to real data exam-
ples. I hope that the readers of this paper will note that the analyses for real data
examples were focused on illustrating the identification of proposed CACE models
without involving other concurrent problems such as missing data in outcomes and

covariates. Specific points in the four issues raised by discussants are addressed below.

1. Sensitivity of significant /not significant results

The first issue raised by the discussants is that sensitivity analysis of alternative
models seems to be solely based on “significant” and “not significant” results. I
agree with the discussants that more information than significance of the results
can be provided to better describe sensitivity of the CACE estimate to violation
(or relaxation) of the exclusion restriction assumption. I believe that employing a
Bayesian paradigm will be very useful in evaluating precision and sensitivity among

alternative models, even when CACE models with unique MLE are of concern.

I would like to point out that insensitivity of the CACE estimate in JOBS II is at
least partly due to the presence of covariates that are good predictors of compliance

(Jo, in press). It was not emphasized in this paper that covariate information may
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play an important role not only in models without the exclusion restriction (in iden-
tification), but also in models with the exclusion restriction (in reduction of bias).
Table 8 shows CACE estimates assuming additive effects of treatment assignment
(see Tables 2.a and 2.b for the full results with 9 covariates.). It is shown that the
CACE estimate is less sensitive (at least in terms of size) to the exclusion restriction
in the presence of covariates associated with compliance (e.g., Mot, Age, Assert). In-
sensitivity of the CACE estimate in JOBS II is also due to the fact that the exclusion
restriction is not severely biased. It would be interesting to see how sensitivity of the

CACE estimate differs in various examples in different fields.

Table 8. JOBS II: Sensitivity of the CACE Estimate to the Exclusion

Restriction and Covariate Information (SE in parenthesis)

Present covariates Exclusion Restriction

Yes No
Dep0 -0.297 (0.201) -0.440 (0.150)
Dep0, Mot, Age, Assert -0.340 (0.199) -0.444 (0.140)
All 9 covariates -0.361 (0.191) -0.451 (0.131)

2. Dealing with missing data by listwise deletion

The discussants suggested a better handling of missing data in covariates and out-
comes. As they pointed out, noncompliance and missing data can be indeed con-

sidered simultaneously. Instead of assuming missing completely at random (MCAR:



Intervention Effects With Noncompliance 3

Little & Rubin, 1987), noncompliance and missng data can be simultaneously consid-
ered by assuming missing at random (MAR: Little & Rubin, 1987) as demonstrated
in Yau and Little (2001), or by assuming MAR conditioning on compliance type (la-
tent ignorability), which is less restrictive than the regular MAR assumption (Baker,

2000; Barnard et al., 2002; Frangakis & Rubin, 1999).

The potential relationship between noncompliance and missing data may intro-
duce more complex issues in identifying CACE models, which I did not want to include
within the scope of the current paper. In fact, in JOBS II, a substantial number of
individuals did not respond at follow-up surveys, and observed nonresponse rates in
the treatment condition were quite different for compliers and noncompliers, implying
potential correlation between noncompliance and nonresponse. To maintain identifi-
ability of CACE models allowing for this correlation (latent ignorability: Frangakis
& Rubin, 1999), the exclusion restriction is imposed not only on outcomes, but also
on missing indicators of outcomes (compound exclusion restriction). This situation
raises a question of how the exclusion restriction assumption should be tested with
an increased number of parameters and increased complexity in bias mechanisms.
An interesting next step will be to investigate how proposed alternative assumptions
can be applied to build identifiability in this situation, whether resulting model prop-
erties lead to reasonable and interpretable estimates, and whether model estimates

maintain a practical level of accuracy and precision.
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3. Language that tends to confuse subpopulation differences

and treatment effects

This confusion resulted from mechanical interpretation of interaction effects without
considering the difference between pretreatment covariates and treatment assignment.
In regard to Table 3.a., the statement “However, high motivation and being married
had a negative impact on individuals who would have complied with the intervention
if offered, but were assigned to the control condition” needs to be disregarded. In
regard to Table 3.b., the statement “However, being single and less assertive had
a negative impact on individuals who would have complied with the intervention if

offered, but were assigned to the control condition” needs to be disregarded.

4. Scientific rationale for various specifications

Finally, the discussants raised the issue of scientific plausibility of the alternative
models and the resulting estimates. In some situations, it may be relatively clear
which assumptions (and therefore which models) are more plausible, possibly based
on scientific evidence, previous studies, and experts’ opinion. In many situations,
however, plausibility of model assumptions is often questionable. The second best
thing one can expect under this uncertainty is to have assumptions that will yield
clear and consistent bias mechanisms when violated so that inferences can be made
considering possible ranges of bias in parameter estimates. For example, the bias

mechanism in CACE models assuming the exclusion restriction is quite straightfor-
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ward in the absence of covariates. However, in the presence of covariates, the bias
mechanism becomes very complicated, which makes interpretation of analysis results
very difficult when plausibility of the exclusion restriction is questionable. Similarly,
CACE models assuming constant effects of covariates (Model C) involve complex
bias mechanisms when the assumption is violated. Therefore, inferences made in
these two models depend heavily on the scientific plausibility of model assumptions

(i.e., exclusion restriction or constant effects of covariates).

The advantage of CACE models assuming the additive effect of treatment assign-
ment (Model B) is that the bias mechanism is relatively simple when the assumption is
violated. The simplicity of the bias mechanism provides a couple of convenient prop-
erties in Model B. First, the bias mechanism of compliers is separated from that of
never-takers. As a result, regardless of violation of additivity, at least combined (main
and interaction) effects of treatment assignment can be estimated without introduc-
ing bias due to violation of the exclusion restriction. Second, if there are multiple
covariates, the additivity assumption is not completely unverifiable. As shown in
Tables 3.a and 3.b, some interaction effects are estimable. On the basis of these two
properties, Model B can be creatively used to explore more plausible and parsimo-
nious sets of model assumptions. For example, in the presence of multiple covariates,
one can estimate interaction effects for most covariates in each class, and then decide

whether additivity or a constant effect assumption is appropriate.

Model B including only compliers and never-takers is useful in more controlled

experiments such as JOBS II and Hopkins PIRC. However, in other large scale exper-
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iments or randomized encouragement studies, for practical and ethical reasons, it may
be difficult to prohibit study participants assigned to the control condition from re-
ceiving treatment (e.g., Barnard et al., 2002; Hirano et al., 2000). As the discussants
pointed out, Model B cannot be identified with both never-takers and always-takers
when there is only one covariate. One way to build identifiability in this situation
is to relax the exclusion restriction for either never-takers or always-takers, but not
for both. In doing so, however, Model B loses its unique properties unless there
is strong scientific plausibility that the exclusion restriction should hold either for
never-takers or for always-takers. I agree with the discussants that it is more difficult
to retain interpretability when the exclusion restriction has to be partially imposed
in conjunction with the additivity assumption. Here, the information from multiple
covariates comes into play. If there are multiple covariates, the number of subpopu-
lations for which the exclusion restriction can be relaxed increases in Model B. For
example, assume there are two binary covariates X; and X,. Compared to the num-
ber of parameters and directly estimable population means based on equation (11a),
the number of parameters increases by three (i.e., Ayx,, Aax,, Acx,), Whereas the
number of directly estimable population means increases by four (i.e., 1, x,=0,x,=1,
[40a, X1=0,Xo=1, H00,X1=0,Xa=1, H11,X,=0,X,=1), Which results in a just identified model.
In principle, Model B with always-takers can be identified with one less degree of
freedom compared to Model B without always-takers. However, whether resulting
parameter estimates will retain a practical level of precision is another interesting

issue to be studied.



