NEW DEVELOPMENTS AND
TECHNIQUES IN STRUCTURAL
EQUATION MODELING

By

George A. Marcoulides
California State University at Fullerton

and

Randall E. Schumacker
University of North Texas

@ Lawrence Erlbaum Associates, Publishers
2001 Mahwah, New Jersey London




3

Modeling of Intervention
Effects With Noncompliance:
A Latent Variable Approach

for Randomized Trials

Booil Jo
Bengt O. Muthén
University of California, Los Angeles

It is well known that experimental designs based on randomization are powerful in
terms of statistical analysis and inference. However, the estimation of treatment
effects can be biased even with successful randomization unless everyone complies
with the given treatment. Noncompliance is not only an obstacle to fair statistical
comparison between the treatment group and the control group, but also a major
threat to obtaining power to detect intervention effects (Jo, 2000c). Depending on
how noncompliance is dealt with in the estimation of treatment effects, different
conclusions may be reached about the effect of the same intervention trial.

Figure 3.1 illustrates subgroups in the intervention trial based on treatment
assignment and compliance. It is shown that belonging to the complier or non-
complier category is not randomized but chosen by individuals, whereas the
assignment to treatment or control condition is randomized. In the treatment con-
dition, compliance behavior is actually observed and individuals can be catego-
rized into either the complier or noncomplier category. In the control condition,
compliance behavior cannot be observed because treatment is never offered.
Therefore, individuals in the control condition are potentially either complier or
noncomplier, but cannot be categorized based on observed compliance behavior.
Potential compliers are individuals in the control condition who would comply
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FIG. 3.1. Randomization and compliance.

with the treatment if it had been offered. Potential noncompliers are individuals
in the control condition who would not comply with the treatment even if it had
been offered.

Intent to Treat (ITT) analysis is a standard way to estimate treatment effects in
randomized experimental designs. In this method, average outcomes are com-
pared by randomized groups ignoring compliance status information. In other
words. the treatment effect is estimated assuming that every subject in the treat-
ment condition actually received the treatment. It is shown in Fig. 3.1 that the
treatment (A+ B) and the control (a +b) groups are statistically comparable in
this method because both groups consist of both compliers and noncompliers.
However, if only compliers are the targeted subpopulation of interest, there is a
possible bias in the estimation of treatment effects by including noncompliers in
the analysis.

As-treated analysis is another commonly used method to estimate intervention
effects in the presence of noncompliance. This method focuses on the receipt of
the treatment, but ignores the fact that compliance behavior is not randomized but
chosen by individuals, and the characteristics of compliers are often different
from those of the rest. For example, people with higher motivation or a special
interest in the treatment are more likely to participate in that treatment. This
method presents an unfair statistical comparison between groups, by comparing
recipients (A) in the treatment group with nonrecipients (B +a + b) both in the
treatment and the control group.

When compliers are the targeted subpopulation of interest, there is a possible
bias in the estimation of treatment effects in the presence of noncompliance both
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in ITT and as-treated analysis. To counter this unfair comparison, the possibility
of estimating causal effects of the treatment only for the individuals who actual-
ly received the treatment has been explored under the label Complier Average
Causal Effect (CACE; Angrist, Imbens, & Rubin, 1996; Bloom, 1984; Imbens &
Rubin, 1997; Little & Yau, 1998) estimation. This method not only provides the
estimation of treatment effects only for compliers, but also presents a fair statis-
tical comparison by comparing the compliers (A) in the treatment group to the
potential compliers (a) in the control group (see Fig. 3.1).

The CACE estimation method has been applied using several approaches.
The major technical difficulty involved in CACE approaches is that the compli-
ance status of the individuals in the control condition is unknown. The unknown
compliance status in the control group makes it difficult to differentiate effects
of the treatment based on compliance status. One way to solve this problem is
to use the instrumental variable (IV) approach, where treatment effect estimates
are adjusted by considering the proportion of noncompliers (Bloom, 1984). More
recently, a refined form of the IV approach with clear underlying assumptions has
been proposed (Angrist, Imbens, & Rubin, 1996). A more efficient way to solve
this problem is to identify potential compliance status of the control group indi-
viduals so that average outcomes can be directly compared based on randomiza-
tion. This method has been demonstrated through a Bayesian approach that com-
bines the use of EM and data-augmentation algorithms (Imbens & Rubin, 1997)
and the maximum-likelihood estimation method using the EM algorithm (Little
& Yau, 1998). The idea of CACE made dramatic progress in the estimation of
treatment effects in the presence of noncompliance. By introducing Bayesian
inferential methods and missing data techniques, this approach opened the possi-
bility for more flexible model-based estimation of treatment effects.

Structural equation modeling has potential for flexible CACE modeling.
However, the exploration possibility of CACE modeling in this area is limited
within the conventional framework. Although the unknown compliance status in
the control group can be naturally seen as a missing data problem in general, sub-
groups of individuals based on compliance status can be better understood as a
latent variable in the structural equation modeling framework. The systematic
role of compliance categories distiguishes latent membership from missing data
in outcome measures. That is, individuals in different compliance categories can
be seen as finite mixtures (Titterington, Smith, & Makov, 1985) of subpopula-
tions that might have separate distributions and different model parameters. If the
compliance status is known for everybody, this problem can be solved using the
multiple-group approach in conventional structural equation modeling. Because
the group membership is unknown for individuals in the control group, this prob-
lem cannot be solved unless discrete latent variables can be included in the
model.
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I'he current study demonstrates that the problem of noncompliance can be
dealt with in a broader framework of structural equation modeling by looking
at compliance status as a categorical latent variable, and also demonstartes the
flexibility of CACE modeling in this framework. To demonstrate how the latent
variable approach works in dealing with compliance information in various sit-
uations, the Job Search Intervention Study for unemployed workers (Vinokur,
Price, & Schul, 1995; Vinokur & Schul, 1997), the Study of Vitamin
Supplement Effect on Survival Rates in young children (Imbens & Rubin,
1997: Sommer et al., 1986; Sommer & Zeger, 1991), and the Johns Hopkins
Public School Preventive Intervention Study (Ialongo et al., 1999) are used as
examples.

This chapter is organized as follows. First, it defines model assumptions and
the estimation method using the ML-EM algorithm. Second, it demonstrates
CACE estimation with a single continuous outcome, with results compared to
those from the ITT approach. Third, it demonstrates CACE estimation with a sin-
gle categorical outcome, with results compared to those from the I'TT approach.
Fourth, it demonstrates CACE estimation with multiple outcomes, with results
compared to those from CACE estimation using a single outcome measure. Fifth,
it demonstrates growth mixture CACE estimation using repeated outcome meas-
ures with a trend. Results are compared to those from CACE estimation using a
single outcome measure. The chapter concludes with discussion.

CACE ESTIMATION IN THE LATENT
VARIABLE MODELING FRAMEWORK

Model Assumptions

The common purpose of the models used in this study is to estimate the treat-
ment effect for the compliers (CACE) and to draw causal inference about this
treatment effect through experimental designs based on randomization. In line
with Rubin’s causal model, there are some general assumptions required to be
able to make causal inference. In Rubin’s causal model approach, the possibili-
ty of statistical causal inference is built based on the effect of treatment assign-
ment at the individual level (Holland, 1986; Rubin, 1974, 1978, 1980). The
assumption of potential exposability (Holland, 1988) implies that the nature of
the treatment should be alterable so that individuals have the possibility of expo-
sure to either condition, although they cannot be exposed to the treatment and
the control condition at the same time. When this basic assumption is satisfied,
Stable Unit Treatment Value (SUTVA) implies that potential outcomes for each
person are unrelated to the treatment status of other individuals (Rubin, 1978,
1980, 1990). SUTVA and randomization in the study provide a statistical means
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of causal inference at the population level. The models used to analyze compli-
ance in this study assume randomization and SUTVA in line with Rubin’s causal
model.

Assume the simplest experimental setting where there is only one outcome
measure (y), the treatment assignment (7') is binary (1 = treatment, 0 = control),
and the treatment received (D) has only two levels (1 = received, 0 = not
received). By classifying the behavior types of the subjects based on combina-
tions of 7 and D, four types of subpopulations can be defined. These definitions
are based on the individual level, which is possible because of the assumption of
potential exposability. An individual i cannot be exposed to the treatment (7; = 1)
and the control condition (7. = 0) at the same time, but has the possibility of
exposure to either condition.

Angrist et al. (1996) labeled the four categories as complier, never-taker, defier,
and always-taker. Compliers are subjects who do what they are assigned to do
(D, = 11T, = 1,and D, = 0IT;, = 0). Never-takers are subjects who do not
receive the treatment even if they are assigned to the treatment condition (D; =
01T, = 1,and D; = 017, = 0). Defiers are the subjects who do the opposite
of what they are assigned to (D; = OIT; = 1,and D; = 11T; = 0). Always-
takers are the subjects who always receive the treatment no matter which condi-
tion they are assigned to do (D; = 117; = l,and D; = 11T; = 0).

Among these four kinds of possible compliance behaviors, the current study
focuses on compliers and never-takers. That is, it is assumed that there are neither
defiers nor always-takers. This is a stronger assumption than monotonicity
(Imbens & Angrist, 1994) in the instrumental variable approach, where it is
assumed that there are no defiers. Although defiers and always-takers are also
possible compliance behaviors, the existence of never-takers 18 a more common-
ly seen problem. In examples shown in this study, subjects were not allowed to
choose a different treatment condition than the one to which they were assigned.
For never-takers, it is assumed that the outcome is independent of the treatment
assignment (the exclusion restriction; Angrist et al., 1996), implying no assign-
ment effects of the treatment. Based on these assumptions (randomization,
SUTVA, monotonicity, no always-takers, and the exclusion restriction), two kinds
of subpopulations can be defined: never-takers and compliers. For simplicity,
never-takers are labeled as noncompliers in this chapter.

CACE Estimation Using ML-EM

The randomization in the assignment of treatment condition provides the basis for
identification in CACE models. In addition to the equality in the parameter val-
ues based on random assignment assumption, the observed compliance status
among treatment group individuals (training data) also plays a key role in the esti-
mation of the treatment effect for the compliers (CACE).
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Consider a single outcome variable v, for individual i within latent class k,
Yir =+ T +ey, (1)

where latent categorical variable ¢ has K levels of compliance status (k=
1,2,..., K). c represents observed compliance status in the treatment group and
latent compliance status in the control group. ¢,=(¢;;, ¢, ---, ¢;) has a multinomial
distribution, where ¢;, = 1 if individual i belongs to class k and zero otherwise. The
categorical latent variable approach may also be referred to as finite mixture mod-
eling, where sampling units consist of subpopulations that might have separate dis-
tributions and different model parameters (Muthén et al., 1997; Titterington, 1985).
In finite mixture modeling, the number of mixture components is assumed to be
known and fixed. For example, K = 2 in examples shown in this study (k¢ = 1 for
compliers, k = 2 for noncompliers). &; represents the normally distributed residual
with zero mean independent of treatment assignment 7 (1 = treatment, 0 = con-
trol). Let V(e,) = o be the residual variance within compliance class k. a, is the
mean for the control group within latent class k, and I';, is the intervention effect
within latent class k. The parameters of interest in the CACE model are o, ', 07,
and the proportion of the population from component k with =§_, 7, = 1. The pro-
portion of compliers is 77, and the proportion of noncompliers is I — | = .

The identifiability of the model can be shown by solving for these parameters
in terms of the population quantities that have observable counterparts in the form
of consistent estimates. As a first step, m, is directly identified as the observed
proportion of compliers in the treatment condition P(k = 1). The remaining
parameters «, and 'y, are identified based on observed means and 7.

Based on Eq. (1), the parameters that represent average treatment effects for
compliers and noncompliers are defined as

&l + ].—";-] - (ﬂ'l + 0) - ]'—".I"l = CACE (2)
a, + 'y — (o +0) = I'py, (3)

whereas the unknown control group means for compliers and noncompliers are

Me =1 = Qy, (4)
M g =2 = Qg (&)

the treatment group means are
pr.x=1 =Ty, (6)

My p=2 =+, (7)
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and the overall control group mean is

Me =Ty peg=1F T ey =2 (8)

Because '/, = 0 under the exclusion restriction assumption, «, is directly iden-
tified from equation (7) as

®y = Myp=2- (9)

From Egs. (4), (8), and (9), «, can then be expressed in terms of known quantities as

a) = (e — T g =)/ (10)

From Egs. (6) and (10), the average treatment effect for compliers can be
expressed in terms of known quantities:

CACE = Ty = pyg=1 — (M — Moy 1 =2)/m). (11)

The parameters o7 and o can then be identified from the mixture distribution of
y (Eq. [1]). Because variances are not involved in the identification of I';; as
shown earlier, CACE models can be identified in the same way (Eq. [2]-[11])
when the outcome measure is categorical.

A single binary outcome variable u;, for individual i within latent class k can
be defined in a logit form as

logit(ty) = ay+T'p T (12)

where 7,=P(uy = 1lc; =1). a,, represents the intercept in the logistic regression
of u on T within compliance class k. I';;, can be defined as the treatment effect for
compliers as in the CACE model with a continuous outcome measure.

This study also demonstrates CACE estimation in the random coefficient
growth mixture modeling framework. The growth mixture CACE model can be
expressed using a two-level formulation. Consider a single outcome variable y for
individual i at time point & within compliance class k,

Yink =1 +Sich+ & (13)

where &, represents a vector of normally distributed residuals with zero mean
independent of other variables in the model. Let V(g;,) = o7jy. Iy and S are
individually varying continuous latent variables representing initial level of out-
come and growth rate (slope), respectively. The time scores hare 0,1,2,...,H,
representing linear growth over time, which may be fixed at different values
depending on the distance between the measuring points. Individual variation
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in parameters [, and S, within compliance class & is specified in the second
level as

Iy = I + Ly, (14)
S =8t InT; + st (15)

In Eqgs. (14) and (15), /, and S, represent intercept parameters of initial status and
slope for each compliance class k. {; and g, can differ at different levels of com-
pliance status, but the common residual variances V({,;,) = o and V({) = g
are used across different compliance classes for simplicity of illustration in the
examples shown for this study. Based on randomization, initial status is not
regressed on 7, but growth rate (slope) is regressed on 7). I';, represents a mean
shift in the slope when subject i belongs to the treatment condition and is allowed
to vary across different compliance status. I';; can be identified in the same way
as in the estimation of CACE using a single outcome measure. The difference is
that the intervention effect is identified based on means of growth rate (latent
variable) instead of observed outcome means. In a growth modeling framework,
treatment effects can be defined either as the difference between treatment and
control conditions in the growth rate or as the difference between treatment and
control conditions in the oucome measure at the final time point (Muthén &
Curran, 1997). The second definition is used in the study for easier comparison
between an ANCOVA approach using univariate outcome and growth mixture
CACE modeling. Based on Egs. (13), (14), and (15), the average treatment effects
for compliers (CACE) can be defined at the last time point as

CACE=T, xH (16)

When covariates are present, the information carried by the covariates influences
the CACE model in two ways. First, the precision in the regression of y (or ) on
T is affected by inclusion of covariates (e.g., ANCOVA). Second, the class prob-
ability 7, is allowed to vary as a function of covariates. The logistic regression
model of ¢ on a vector of covariates x is decribed in a logit form as

logit(r,;) = a.+B.x;, (17)

where 7, denotes the probability of being a complier. Because it is assumed that
the treatment assignment is random, 77, is the same for the control and treatment
groups. The logistic regression of compliance status also provides information
about the characteristics of the compliers.

The maximum likelihood estimation method using the EM algorithm (Dempster,
Laird, & Rubin, 1977; McLachlan & Krishnan, 1997; Tanner, 1996) is employed in
the current study to estimate the unknown compliance status of each subject in the
control condition and to estimate average treatment effects for compliers.
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Consider the sampling distribution of y and x from the mixture of k components

K
g(y,x|9,w)=§|mfty,x|6k), (18)

where y and x represent observed data, 6 represents model parameters, and 7,
represents the proportion of the population from component k with 2f_, m = L.

The probability 7 is the parameter that determines the distribution of c. The
observed data log likelihood is

LogL = ;fog[yf | #:): (19)

Given the proposed CACE model in the presence of both covariates (x) and con-
tinuous latent variables (1), the complete data log likelihood can be written as

Log L. = Y (loglc;| x]+log[m;
i=1

Cis x:’]+'{og[yi Cis Tlis xa’)s (20)

where

1

n K
2logleilx] = 2 2 cilog T (21)

i=1k

In Egs. (20) and (21), ¢ represents categorical latent compliance class, and n rep-
resents continuous latent growth factors (e.g., I and S).

Maximum likelihood estimation using the EM algorithm maximizes the expect-
ed complete data log likelihood shown in Eq. (20). In maximizing the expected
complete data log likelihood in Eq. (20), the E step computes the expected values
of the complete data sufficient statistics given data and current parameter estimates.
¢ is considered as missing data in this step. The conditional distribution of ¢ given
the observed data and the current value of model parameter estimates 6" is given by

fcly,x, 0)= Hf(c.- |y, %0 6). (22)

The M step computes the complete data ML estimates with complete data suffi-
cient statistics replaced by their estimates from the E step. This procedure con-
tinues until it reaches optimal status. The M step maximizes

n

K
E Epr'k log (23)

i=1 k=1
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with respect to model parameters. p; is the posterior class probability of individ-
ual 7, conditioning on observed data and model parameters, where 7, = P(c;lx,).

In the current study, ML-EM estimation of CACE was carried out by the
Mplus program (Muthén & Muthén, 1998). Parametric standard errors are com-
puted from the information matrix of the ML estimator using both the first- and
second-order derivatives under the assumption of normally distributed outcomes.
For more details about estimation procedures in general latent variable modeling,
see Muthén and Shedden (1999) and the chapter authored by Muthén in this book.
Aslo, check Mplus website (www.statmodel.com) for more examples.

ESTIMATION OF CACE WITH A SINGLE
CONTINUOUS OUTCOME

This section demonstrates the estimation of CACE with a single continuous out-
come using the Job Search Intervention Study for unemployed workers (JOBS II:
Vinokur, Price, & Schul, 1995; Vinokur & Schul, 1997). The JOBS II Inter-
vention Study is a randomized field experiment intended to prevent poor mental
health and promote high-quality reemployment. The experimental condition con-
sisted of five half-day training seminars, which included the application of prob-
lem-solving and decision-making group processes, inoculation against setbacks,
provision of social support and positive regard from the trainers, and learning and
practicing job search skills. The control condition consisted of a booklet briefly
describing job search methods and tips.

TABLE 3.1
JOBS 1I: Sample Statistics (N = 486)

Variable M SD Description
N 0.67 0.47 Experimental condition (0 = control, 1 = treatment)
¢ 0.55 0.50 Compliance (0 =noncompliance, 1 =compliance)

in TX group
Depress0 2.45 0.30 Depression level before TX
Depresso 2.01 0.73 Depression level 6 months after TX
Employ6 0.62 0.49 Employment status 6 months after TX

(0 = unemployed, 1 =employed)
Age 36.61 10.04 Age in years
Mativation 0.32 0.47 Motivation level before TX (0 =low, 1 = high)
Fducation 13.37 2.01 School grade completed
Assertive 3.07 0.91 Assertiveness before TX
Nonmarried 0.62 0.49 Marital status (0 = married, 1 = other)
Econ-Hard 3.60 0.87 Economic hardship before TX
Non-White 0.19 (.39 Race (0 = white, 1 = other)

Female 0.58 0.49 Gender (0 = male, 1 = female)
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The present study focused on the high-risk status group based on previous
studies (Price, van Ryn, & Vinokur, 1992; Vinokur, Price, & Shul, 1995), which
indicated that the job search intervention had its primary impact on high-risk
respondents. Risk score was computed based on risk variables predicting depres-
sive symptoms at follow-up (depression, financial strain, and assertiveness) in the
screening data (Price et al., 1992). 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 variables used in the current study are described in
Table 3.1.

Depression and reemployment are the major outcome measures in the JOBS 11
intervention study. The level of depression 6 months after the intervention
(Depress6) is used as a continuous outcome measure in this section. The effect of
the intervention on reemployment is analyzed in a later section. Depression was
measured with a subscale of 11 items based on the Hopkins Symptom Checklist
(Derogatis, Lipman, Rickles, Uhlenuth, & Covi, 1974).

Table 3.2 shows the results from the JOBS II data analysis using the ITT
approach. In this method, it is assumed that noncompliers receive the same effects
from the intervention as compliers. Table 3.2 shows that there is a small and
insignificant effect of the intervention on the level of depression (TX effect =
—0.137, Effect size = 0.189). The effect size of the treatment is calculated 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.
In the ITT analysis, economic hardship was found to be a significant predictor of
the level of depression. Individuals had a higher level of depression if they had
economic hardship.

TABLE 3.2
Intervention Effects on Depression: ITT Analysis

Parameter Estimate SE
Average treatment effects on Depress6 —0.137 0.072
Depress6 Regressed on x

DepressO 0.063 0.108
Age 0.000 0.003
Motivation 0.019 0.073
Education —0.026 0.016
Assertive -0.039 0.038
Nonmarried -0.117 0.075
Econ-Hard 0.143 0.040
Non-White 0.057 0.092
Female 0.105 0.068
Intercept 1.895 0.389

-

a, 0.502 0.036
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Depressé)

X TX

FIG. 3.2. CACE estimation with a single continuous outcome.

Figure 3.2 illustrates the model to estimate differential treatment effects in the
JOBS 11 Intervention Study using the CACE approach. This model has been pre-
viously analyzed by Little & Yau (1998) using the ML-EM, treating unknown
compliance status as missing data (Little & Rubin, 1997). In this method, com-
pliance status of control group individuals is estimated, and average causal effects
of the treatment are estimated only for compliers. In this diagram, TX denotes
treatment assignment (0 = control, 1 = treatment) and ¢ denotes compliance sta-
tus (0 = noncompliance, | = compliance). Individuals who completed at least
one seminar were categorized as compliers (55% of treatment group individuals)
and the rest were categorized as noncompliers. Here the compliance status of the
control group is latent (unknown), and the compliance status of the treatment
group is observed (known). The partly observed latent variable ¢ is expressed as
a square in a circle. In the path diagram in Fig. 3.2 and in the other path diagrams
to appear later, squares represent observed variables and circles represent latent
(missing) variables. The path from TX to y corresponds to the treatment effect.
The arrow from ¢ to this path indicates that the treatment effect is different
depending on compliance status. The arrow from ¢ to y means that the means are
different between compliers and noncompliers in the control group. In this model,
covariates (x) including baseline depression (DepressO) are used as predictors
of not only the outcome measure (Depress6) but also the compliance
status (c¢) to improve precision in the prediction of compliance status and the
quality of the treatment effect estimates.

Table 3.3 shows the results from the CACE analysis of the JOBS II interven-
tion. In the current study, effect sizes of CACE estimates were calculated in a con-
ventional 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. A more correct way to calculate effect size is to use the pooled
variance of each compliance class. However, this approach was not chosen
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TABLE 3.3
Intervention Effects on Depression: CACE Analysis
Parameter Estimate SE
CACE —0.351 0.139
Depresst Regressed on x
DepressO 0.065 0.107
Age —0.001 0.004
Motivation —0.002 0.076
Education —0.030 0.017
Assertive —0.040 0.038
Nonmarried —0.120 0.076
Econ-Hard 0.151 0.041
Non-White 0.065 0.092
Female 0.099 0.069
Intercept (Complier) 2.133 0.425
Intercept (Noncomplier) 1.821 0.385
a 0.490 0.036
¢ Regressed on x (Complier vs. Noncomplier)
DepressO —0.420 0.425
Age 0.078 0.015
Motivation 1.309 0.292
Education 0.304 0.071
Assertive —0.338 0.149
Nonmarried 0.546 0.288
Econ-Hard —0.225 0.155
Non-White —0.424 0.330
Female —0.396 0.259
Intercept —4.208 1.623

because standard deviations may vary depending on CACE models specified to
estimate treatment effects, and this makes the comparison between models very
difficult.

Table 3.3 shows that the intervention had a positive impact on the level of
depression for compliers (TX effect = —0.351, Effect size = 0.484). In this
method, the treatment effect is significant, and its magnitude is much larger than
that of the overall average effects in the ITT analysis (e.g., Effect size =0.189).
The level of depression is significantly lower for compliers in the intervention
condition compared with that of control condition individuals who could have
complied if they had been assigned to the intervention condition. In the CACE
analysis, economic hardship was found to be a significant predictor of the level
of depression. It was also found that subjects complied more if they were older,
more motivated, more educated, and less assertive.

The difference in the results from the ITT approach (Table 3.2) and those
from the CACE approach (Table 3.3) implies that quite different conclusions are
possible depending on the estimation method used to evaluate the effect of inter-
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vention treatment. According to the ITT analysis, the intervention did not have
a significant effect on depression, and the magnitude of the effect was trivial. In
contrast, the CACE analysis showed that the intervention had a significant effect
on depression level for compliers and had a practically meaningful effect size.

ESTIMATION OF CACE WITH A SINGLE
CATEGORICAL OUTCOME

This section demonstrates the estimation of CACE with a single categorical out-
come using the Study of Vitamin Supplement Effect on Survival Rates in young
children in Indonesia (Aceh Study; Imbens & Rubin, 1997; Sommer & Zeger,
1991; Sommer et al., 1986). The Aceh Study is a large-scale randomized con-
trolled community trial conducted through a joint collaboration of the Dana
Center for Preventive Ophthalmology at Johns Hopkins University, Hellen Keller
International, and the Indonesian government in a province (Aceh) in Indonesia.
The major goal of the Aceh Study is to examine the effectiveness of the inter-
vention in reducing the mortality rate among infants and young children due to
vitamin A deficiency. The study was originally aimed for children from 12 to 85
months old, but some children under 12 months or over 85 months old were also
included in the study. Therefore, the effect of the age of children needs to inter-
preted with caution in this study. In the intervention condition villages, there were
village-based persons trained by the government to give out the capsules. They
were supposed to give each child a capsule every 6 months. Parents were asked at
the end of 1 year of intervention whether their children had received a vitamin A
capsule in the past 6 months. A total sample size of 20,130 was analyzed in this

TABLE 3.4
Aceh Study: Sample Statistics (N =20,130)
Variable M SD Description
™ 0.52 0.50 Experimental condition (0 = control, 1 = treatment)
¢ 0.81 0.39 Compliance (0 =noncompliance, 1 = compliance)
in TX group
Survival 0.993 0.08 Vital status at 1 year follow-up (0 =died, 1 =alive)
Age 37.55 20.97 Age in months
Male 0.51 0.50 Gender (0 = female, | =male)
SES 0.63 0.48 Land ownership (0 = does not own land,
1 = owns land)
Health 0.87 0.33 Health seeking in the past year by any household
member (0 =no, | = yes)
Diepast 0.64 1.07 Number of children whom the mother has had

died in the past
Nblind 0.008 0.09 Nightblindness in past six months (0 =no, | = yes)

[ —————————
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study after listwise deletion of cases that had missingness in covariates and out-
come variables. The variables used in the current study are described in Table 3.4.

In the Aceh Study, the vital status of children at 1-year follow-up is the major
outcome measure and is used as a binary outcome in this section. Vital status was
measured at the end of 1 year of intervention. Sixty children died in the first
6 months of the trial, 75 children died in the second 6 months of the trial, and
19,995 children were alive at the end of the trial. Children who died either in the
first or second 6-month trials were categorized as not survived, and children who
were alive at the end of the trial were categorized as survived in this study. The
survival rate among 10,439 intervention condition children was 0.995, and the
survival rate among 9,691 control condition children was 0.992.

Table 3.5 shows the results from the Aceh Study data analysis using the ITT
approach. In this method, it is assumed that noncompliers receive the same
effects from the intervention as compliers. Table 3.5 shows that the intervention
had a significant effect on survival rates of young children (TX effect = 0.446,
Odds ratio = 1.561). The logistic regression results show that the odds of sur-
vival are 1.561 times higher for children in the intervention condition than for
children in the control condition. In the ITT analysis, child’s age and mortality
rate of child’s siblings were found to be significant predictors of the survival
rate. Children had a higher rate of survival if they were older and had fewer sib-
lings who had died.

Figure 3.3 illustrates the model to estimate differential treatment effects in the
Aceh Study using the CACE approach. The CACE estimation of the intervention
effects in the Aceh Study has been previously analyzed without covariates using
EM and data augmentation algorithms (Imbens & Rubin, 1997). The current
study employs the EM algorithm and incorporates covariates in the model. For
CACE estimation of the intervention, a dichotomous variable (¢) was created
based on the dosage of vitamin A each child had taken. Children who took one or
two capsules were categorized as compliers (81% of intervention condition chil-
dren) and the rest were categorized as noncompliers. In this model, covariates (x)
are used as predictors of not only the outcome measure (Survival) but also the

TABLE 3.5
Intervention Effects on Survival: ITT Analysis

Parameter Estimate SE

Average treatment effects on survival 0.446 0.177
Age 0.046 0.006
Male —0.194 0.174
SES 0.064 0.177
Health 0.036 0.254
Diepast —0.264 0.052
Nblind —1.400 0.727

Intercept 4.933 0.290
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(0,1)
C
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FIG. 3.3, CACE estimation with a single categorical outcome.

TABLE 3.6

Intervention Effects on Survival: CACE Analysis
Parameter Estimate SE
CACE 0.813 0.274
Survival Regressed on x
Age 0.043 0.005
Male —0.189 0.174
SES -0.014 0.182
Health 0.015 0.253
Diepast —0.261 0.052
Nblind —1.436 0.734
Intercept (Complier) 4.008 0.346
Intercept (Noncomplier) 3.351 0.342
¢ Regressed on x (Complier vs. Noncomplier)
Age 0.005 0.001
Male 0.000 0.050
SES 0.394 0.051
Health 0.097 0.077
Diepast 0.004 0.025
Nblind 0.223 0.313
Intercept 0.938 0.094

compliance status (c¢) to improve precision in the prediction of compliance status
and the quality of the treatment effect estimates.

Table 3.6 shows the results from the Aceh Study data analysis using the CACE
approach. The logistic regression of vital status in the CACE approach shows that
the intervention had a significant effect on survival rates of young children
(TX effect = 0.813, Odds ratio = 2.254), and the odds ratio is considerably
higher than in the ITT approach (i.e., 1.561). The odds of survival are 2.254 times
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higher for intervention condition children who actually took capsules than for
control condition children who could have taken capsules if they had been
assigned to the intervention condition. In the CACE analysis, child’s age and mor-
tality rate of child’s siblings were found to be significant predictors of the survival
rate. Children had a higher rate of survival if they were older and had fewer siblings
who had died. It was also found that parents complied with the intervention more
if they had higher socioeconomic status (SES) and if their children were older.

In the Aceh Study, both ITT and CACE approaches showed significant effects
of the intervention on the vital status of young children. However, the magnitudes
of the intervention effects are quite different in two approaches. These results
imply that treatment effect estimates for categorical outcomes could be still sen-
sitive to estimation method in the presence of noncompliance, although noncom-
pliance rate is quite low (19%) and the sample size is very large.

ESTIMATION OF CACE WITH MULTIPLE
OUTCOMES

This section demonstrates the estimation of CACE with multiple outcome meas-
ures using the JOBS II Study. The same subset of the JOBS 1II data with a sample
size of 486 used earlier was analyzed in this section. The variables used in this
section are described in Table 3.1. This section focuses on the estimation of the
intervention effects on reemployment, which was one of the major goals of the
JOBS 1I intervention. Reemployment status was determined 6 months after
the intervention by classifying respondents working for 20 hours or more per
week as reemployed (Employ6 = 1) and the rest as unemployed (Employ6 = 0).

Table 3.7 shows the results from the CACE analysis using a single categorical
outcome (Employ6). The logistic regression of reemployment status in the CACE
approach shows that the intervention did not have a significant effect on reem-
ployment among intervention condition individuals, although they actually had
complied with the intervention (TX effect = 0.576, Odds ratio = 1.779). In the
CACE analysis using a single categorical outcome, it was found that age, educa-
tion, and racial background were significant predictors of the reemployment.
Individuals had a higher rate of reemployment if they were White, younger, and
more educated. It was also found that individuals complied more if they were
older, single, more motivated, more educated, and less assertive.

Figure 3.4 illustrates the model to estimate CACE using multiple outcomes in
the JOBS 11 Intervention Study. In this method, compliance status (¢) of control
group individuals is estimated based on both outcomes, and intervention effects
for compliers are also estimated for both outcomes. The binary and continuous
outcomes are correlated through covariates, intervention assignment, and com-
pliance status, but there is no direct relation between the binary outcome and the
residual of the continuous outcome. The conditional independence between these
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TABLE 3.7
Intervention Effects on Employment: CACE Analysis
Parameter Estimate SE
CACE 0.576 0.344
Emplov6 Regressed on x
Depress0 —0.058 0.323
Age —0.023 0.011
Motivation —0.267 0.215
Education 0.130 0.053
Assertive 0.075 0.118
Nonmarried 0.201 0.210
Econ-Hard 0.015 0.122
Non-White —0.554 0.253
Female —0.051 0.202
Intercept (Complier) —0.761 1.290
Intercept (Noncomplier) —0.499 1.191
¢ Regressed on x (Complier vs. Noncomplier)
Depress( —0.387 0.428
Age 0.078 0.016
Motivation 1.244 0.294
Education 0.301 0.070
Assertive —0.347 0.152
Nonmarried 0.571 0.291
Econ-Hard —0.239 0.157
Non-White —0.386 0.331
Female —0.386 0.260
Intercept —4.193 1.648
- Employ6
Depresst (0.1)
AR
C
X X

FIG. 3.4. CACE estimation with multiple outcomes.
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TABLE 3.8
Intervention Effects on Employment and Depression: CACE Analysis
Parameter Estimate SE Estimate SE
Employ6 Depress6
CACE 0.693 0.353 —0.369 0.142
Employ6 Regressed on x Depress6 Regressed on x
Depress0 —0.062 0.324 0.066 0.107
Age —0.022 0.011 —0.001 0.004
Motivation —0.237 0.219 —0.005 0.077
Education 0.137 0.053 —0.031 0.017
Assertive 0.070 0.118 —0.038 0.038
Nonmarried 0.205 0.211 —0.119 0.075
Econ-Hard 0.007 0.123 0.152 0.041
Non-White —0.565 0.253 0.064 0.092
Female —0.053 0.203 0.100 0.069
Intercept (Complier) —0.980 1.289 2.161 0.423
Intercept (Noncomplier) —0.532 1.191 1.820 0.385
of 0.488 0.036

¢ Regressed on x (Complier vs. Noncomplier)

Estimate SE
DepressO —0.450 0.422
Age 0.078 0.015
Motivation 1.303 0.291
Education 0.306 0.070
Assertive —-0.351 0.151
Nonmarried 0.521 0.289
Econ-Hard —0.223 0.156
Non-White —0.384 0.333
Female —0.403 0.257
Intercept —4.119 1.616

two outcome measures is assumed for the simplicity in the model estimation, but
this assumption may need to be relaxed. In this model, two major outcomes
(Employ6 and Depress6) of the intervention are considered at the same time to
improve the quality of parameter estimates in the categorical outcome (Employ®6).
The model is intended to increase the precision in the estimation of compliance
status in the control condition by including a continuous outcome (Depress6), and
consequently to increase the power to detect intervention effects on the categori-
cal outcome (Employ6).

Table 3.8 shows the results from the CACE analysis of the JOBS II interven-
tion using multiple outcomes illustrated in Fig. 3.4. The logistic regression of
reemployment status shows that the intervention had a positive effect on reemploy-
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ment for compliers (TX effect = 0.693, Odds ratio = 2.000). In this method, the
intervention effect is significant, and its magnitude is larger than that in the CACE
analysis using a single categorical outcome only. The odds of reemployment are
two times higher for intervention condition individuals who actually participated in
intervention seminars than for control condition individuals who could have partic-
ipated if they had been assigned to the intervention condition. The logistic regres-
sion of reemployment status also shows that age, education, and racial background
were significant predictors of the reemployment. Individuals had a higher rate of
reemployment if they were White, younger, and more educated.

Table 3.8 also shows the estimation of intervention effects on the level of
depression 6 months after the intervention. The results show that the intervention
had a positive effect on depression for compliers (TX effect = —0.369, Effect
size = 0.509). The intervention effects on depression are slightly stronger in this
model than in the CACE model using a continuous outcome only (see Table 3.3).
Among several covariates, economic hardship was found to be a significant pre-
dictor of the level of depression. It was also found that subjects complied more if
they were older, more motivated, more educated, and less assertive.

The difference in the results from the CACE approach using a single outcome
(Tables 3.3 and 3.7) and those from the CACE approach with multiple outcomes
(Table 3.8) implies that the efficiency in CACE estimation can be improved by
employing estimation models based on multiple outcomes. The difference
between the two methods was not dramatic, but still affected the power to detect
intervention effects.

GROWTH MIXTURE CACE ANALYSIS FOR
MULTIPLE OUTCOMES WITH A TREND

This section demonstrates CACE estimation using repeated outcome measures
with a trend using the Johns Hopkins Public School Preventive Intervention
Study. In the previous section, multiple outcome measures are used in CACE esti-
mation, but these outcomes were not repeated measures of the same outcome.
When intervention studies are focused on the long-term effects of treatment, the
outcome is often measured several times at specific intervals. In this case, one
way to define the treatment effect is to use the difference between the treatment
and the control group in the outcome measured at the last time point, condition-
ing on the outcome measured at the first time point (ANCOVA). Another way to
define the treatment effect is to use a trend or growth trajectory of the subjects.
This section demonstrates CACE estimation in these two alternative approaches.

The Johns Hopkins Public School Preventive Intervention Study was conduct-
ed by the Johns Hopkins University Preventive Intervention Research Center in
1993-1994 (Ialongo et al., 1999). The study was designed to improve academic
achievement and reduce early behavioral problems of school children. Based on
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the life course/social field framework as described by Kellam and Rebok (1992),
the study focused on successful adaptation to first grade as a means of improving
social adaptational status over the life course. Teachers and first-grade children
were randomly assigned to intervention conditions. The intervention impact was
assessed in the spring of first and second grades. Two intervention programs
were employed in the Johns Hopkins Public School Preventive Intervention
Study: the Classroom-Centered Intervention and the Family-School Partnership
Intervention. The present study focused on the comparison between the control
group and the Family-School Partnership Intervention group. Intervention
condition parents were asked to implement 66 take-home activities related to lit-
eracy and mathematics. Based on the level of completeness in home-learning
activities, a dichotomous variable was created in this study. Parents who com-
pleted at least 35 activities were categorized as compliers (73% of parents) and
the rest were categorized as noncompliers. The cutpoint was decided based on
exploratory growth mixture analyses (Jo & Muthén, 2000), but the details are not
discussed in this chapter. For illustration purpose, compliance in continuous
measure was simply dichotomized in this example, but note that sensitivity of the
CACE estimate to different thresholds needs to be carefully examined in practice
(West & Sagarine, 2000). Figure 3.5 shows observed mean curves of attention
deficit in the Johns Hopkins School Preventive Intervention Study.

A total sample size of 286 was analyzed in this study after listwise deletion of
cases that had missingness in covariates and outcome variables. The two major out-
come measures in the Johns Hopkins Public School Preventive Intervention Study
were academic achievement (CTBS mathematics and reading test scores) and
the score Teacher Observation of Classroom Adaptation—Revised (TOCA—R) score
(Werthamer-Larsson, Kellam, & Wheeler, 1991). Among these two outcome meas-
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FIG. 3.5, Observed mean curves of attention deficit.




TABLE 3.9

The Johns Hopkins Public School Prevention Data: Sample Statistics (N = 286)

Variable M 5D Description

TX 0.50 0.50 Experimental condition (0 = control, 1 = treatment)

Activity 40.78 15.96 Number of completed home-learning activities

& 0.73 0.45 Dichotomized home-learning activities (0 = 34 or
fewer, 1 =35 to 66)

ADO 2.19 0.92 TOCA teacher report mean attention deficit before
TX (1st grade, fall)

AD6 222 0.95 TOCA teacher report mean attention deficit 6
month after TX

ADIS 2.39 I.11 TOCA teacher report mean attention deficit 18
month after TX

Male 0.49 0.50 Student’s gender (0 = female, 1 = male)

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

Page 3.01 1.44 Parent’s age in S-year brackets

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

Non-White 0.87 1.03 Parent’s ethnicity (1 = non-White, () = White)

TABLE 3.10

Intervention Effects on Attention Deficit: CACE Analysis

Parameter Estimate SE
CACE —0.300 0.129
ADI18 Regressed on x

ADO 0.624 0.068
Male 0.330 0.107
Lunch 0.296 0.112
Page 0.037 0.037
Pmale 0.132 0.258
Non-White —-0.213 0.146
Intercept (Complier) 0.890 0.246
[ntercept (Noncomplier) 0.765 0.276
o 0.790 0.074
¢ Regressed on x (Complier vs. Noncomplier)

ADO —0.118 0.226
Male 0.203 0.390
Lunch —0.147 0.382
Page -0.197 0.126
Pmale —0.781 0.637
Non-White —0.306 0.639
Intercept 2.209 0.782
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ures, the TOCA-R score was used as the final outcome measure in this study. The
TOCA-R is designed to assess each child’s adequacy of performance on the core
tasks in the classroom as rated by the teacher. Among several areas that TOCA-R
measures, attention deficit is the construct focused in this study. The attention
deficit scale ranges from 1 to 6 and consists of TOCA-R items that measure hyper-
activity, concentration problems, and impulsiveness. Table 3.9 shows the sample
statistics for the variables used in the analyses of this study.

Table 3.10 shows the results from the CACE analysis using a single outcome
measured approximately 18 months after the intervention (ADIS). In this
approach, the outcome measured before the treatment (ADO) is used as one of
covariates, and the outcome measured in the spring of the first grade (AD6) is
ignored (i.e., ANCOVA). The results show that the intervention had a positive
impact on children’s attention deficit when their parents were highly involved in the
intervention activities (TX effect = — 0.300, Effect size = 0.271). It was assumed
that there was no effect of intervention assignment for children with parents who
had a very low level of compliance with the intervention activities, but this assump-
tion may need to be relaxed. The assumption of the exclusion restriction is critical
for the identifiability of CACE models, but can be unrealistic in some situations
(Hirano et al., 2000; Jo, 2000a, 2000b). In the CACE analysis based on a single out-
come measure, baseline attention deficit, gender, and free lunch program were
found to be significant predictors of the level of attention deficit. Children had a
higher level of attention deficit in spring of the second grade if their baseline atten-
tion deficit was higher, if they were boys, and if their SES level was low.

Figure 3.6 illustrates the growth mixture CACE model using repeated outcome
measures. In this approach, all three measures of attention deficit are considered

ADo ADe AD1s
1
1
I S
c
X TX

FIG. 3.6. Growth mixture CACE estimation with repeated oulcome measures.
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in the analysis. This approach 1s in line with the CACE approach using a single
outcome measure in the sense that compliance status of control group individuals
is estimated, and average causal effects of the treatment are estimated only for
compliers. One difference between CACE models using growth mixtures and
CACE models using a single outcome is that the first time point measure (ADO)
1s one of the outcome measures instead of one of the covariates. Because initial
status (/) and growth rate (S) are separated in this model, the influence of back-
ground variables can be estimated separately for initial level of attention deficit
and change of attention deficit. Another difference is that the growth mixture
CACE model utilizes not only covariates, but also trajectory information to
identify compliance class and increase efficiency in the estimation of intervention
effects. Including a growth process in the estimation of CACE utilizes the idea of

TABLE 3.11
Intervention Effects on Attention Deficit: Growth Mixture CACE Analysis

Parameter Estimate SE
CACE —0.306 0.126
Growth rate Regressed on x

Male 0.062 0.038
Lunch 0.063 0.039
Page 0.013 0.013
Pmale 0.061 0.084
Non-White —0.107 0.050
Intercept (Complier) 0.103 0.074
Intercept (Noncomplier) 0.047 0.087
[nitial Status Regressed on x

Male 0.376 0.102
Lunch 0.277 0.104
Page —0.002 0.036
Pmale —0.131 0.128
Non-White 0.268 0.159
Intercept (Complier) 1.569 0.207
Intercept (Noncomplier) 1.673 0.234
e 0.042 0.011
Uy 0.536 0.061
o 0.265 0.030
¢ Regressed on x (Complier vs. Noncomplier)

Male 0.144 0.387
Lunch -0.176 0.385
Page —0.198 0.127
Pmale —0.775 0.632
Non-White =), 327 0.625

Intercept 2.025 0.713
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a general latent variable modeling framework, where both categorical and con-
tinuous latent variables are incorporated (Muthén, 1998; Muthén et al., 1997;
Muthén & Shedden, 1999). That is, latent variables that represent growth trajec-
tories are continuous as in conventional structural equation models, whereas the
latent variable that represents compliance status is categorical.

In Fig. 3.6, initial status 7 has equal loadings (1, 1, 1) on three outcome meas-
ures representing initial status, which does not change over time. The time scores
(h) are fixed at 0, 1, and 3 representing linear growth over time. The arrows from
¢ to [ and S mean that trajectory shapes are different between compliers and non-
compliers in the control group. The arrow from TX to S corresponds to the mean
shift in growth rate due to the treatment. The arrow from c to this path indicates
that the treatment effect is different depending on the compliance status. The
intervention effects for compliers (CACE) is defined as the difference in estimat-
ed attention deficit between the control and the treatment condition at the last
time point (see Eq. [16]).

Table 3.11 shows the results from the estimation of treatment effects using
growth mixture CACE modeling. The results show that the intervention had a
positive impact on children’s attention deficit change when their parents were
highly involved in the intervention activities (TX effect = 0.306, Effect size =
0.276). It is also shown that growth mixture CACE analysis has a slightly larger
effect size and tighter confidence interval than the CACE analysis using the
ANCOVA approach shown in Table 3.10. In the growth mixture CACE analysis,
child’s gender and participation in the free lunch program were significant pre-
dictors of initial level of attention deficit, and parents’ racial background was a
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FIG. 3.7. Estimated mean curves of attention deficit,
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significant predictor of growth rate of attention deficit. Initial level of attention
deficit was higher for boys with low SES. The level of attention deficit increased
significantly faster for children from White families.

Figure 3.7 shows estimated mean attention deficit curves over time based on
results in Table 3.11. This figure shows how attention deficit changed over time
depending on parents’ compliance level and treatment assignment. It is shown that
attention deficit among highly complying parents’ children maintained a low level
over time, but the deficit could increase to a level even higher than that of less
involved parents” children at the second grade unless the intervention was given.

CONCLUSION

Noncompliance is a common problem in intervention studies, and one can arrive
at different conclusions about the effect of the same intervention trial depending
on how this problem is handled. Both ITT and CACE analyses are useful in their
own contexts. However, the estimation of CACE was the focus of this study,
because a major interest in intervention trials is often the estimation of treatment
effects for individuals who actually receive the treatment.

The current study demonstrated that the problem of noncompliance can be
dealt with in a broader framework of structural equation modeling by looking at
compliance status as a categorical latent variable. To deal with compliance status
as a latent variable, a broader framework of structural equation modeling was
employed. This framework has two differences in the concept of latent variable
from the conventional structural equation modeling. First, latent variable can be
not only continuous but also categorical, whereas latent variable is only continu-
ous in the conventional framework. Second, latent may mean missing for only a
part of the total sample, whereas it usually means missing or unknown for every-
body in the conventional framework.

This study demonstrated that the general latent variable approach is useful in
improving the efficiency and interpretability of CACE estimation. Possibilities of
flexible CACE modeling in a general latent variable modeling framework were
demonstrated in various situations. The examples shown in this study imply that
the difference in the estimation of treatment effects could be substantial depend-
ing not only on estimation approaches, but also modeling alternatives.

In the examples of intervention effect estimation using a single outcome meas-
ure, it was shown that the magnitude of treatment effects was considerably
larger in the CACE approach than in the ITT approach. In the JOBS II study
example using a continuous outcome measure, the intervention did not have a
significant effect on depression, and the magnitude of the effect was trivial
according to the ITT analysis. In contrast, the CACE analysis showed that
the intervention had a significant effect on depression level for compliers and
had a practically meaningful effect size. In the Aceh Study example using a
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categorical outcome measure, both ITT and CACE approaches showed signifi-
cant effects of the intervention on vital status of young children. However, the
magnitudes of the intervention effects were quite different in two approaches,
implying that treatment effect estimates for categorical outcomes could still be
sensitive to estimation method in the presence of noncompliance even with a high
compliance rate and a large sample size. In both examples, covariates were incor-
porated in CACE models to increase the precision in the estimation of compliance
class and improve the power to detect treatment effects.

This study also demonstrated the use of multiple outcomes and growth trajec-
tories in the estimation of CACE. It was shown that the quality of intervention
effect estimates could be improved further within the CACE approach by employ-
ing models that utilize the information from multiple outcomes and growth tra-
jectories. In the CACE estimation of the JOBS II study, the intervention effect on
reemployment status was not significant when reemployment status was the only
outcome in the model. In contrast, the intervention effect was significant and its
magnitude was larger when both outcomes (reemployment and depression) were
included in the model. In the CACE estimation of the Johns Hopkins study, the
difference between ANCOVA and growth mixture approaches was small in terms
of the magnitude of the intervention effects. However, the growth mixture CACE
approach provided more detailed information about the intervention effects.
It was found that the intervention had a positive impact on attention deficit among
highly complying parents’ children. Initial level of attention deficit was higher for
boys with low SES. The level of attention deficit increased significantly faster for
children from White families.

APPENDIX

Mplus input for Table 3.3

title: CACE estimation with a single continuous outcome

data: file is jobs2.dat;

variable: names are depress6 TX depress0O age motivat educat;
names are assert nonmarr econhard nonwhite female employ6 ¢l ¢2;
usev are depress6 TX depressO-female ¢l ¢2;
classes-c(2);
training=cl-c2;

analysis: type=mixture;

model:

%OVERALL%
C#1 ON depress0O-female;
depress6 ON TX depressO-female;
depress6;
[depress6];
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% C#1%
[depress6];
depress6 ON TX;
T C#2%
[depress6]:;
depress6 ON TX @0;

Mplus input for Table 3.6

title: CACE estimation with a single categorical outcome
data: file is aceh.dat;
variable: names are survival TX age male ses health diepast nblind c1 c2;
categorical are survival;
classes = c(2);
training = cl-c2;
analysis: type = mixture;
model:
9%OVERALL%
C#1 ON age-nblind;
survival ON TX age-nblind;
GoCH#1%
[survival$1#-4];
survival ON TX;
% CH#2%
[survival$1*-3];
survival ON TX @0;

Mplus input for Table 3.8

title: CACE estimation with multiple outcomes
data: file is jobs2.dat;
variable: names are depress6 employ6 TX depressO-female cl c2;
categorical are employ6;
classes = c(2);
training = cl-c2;
analysis: type = mixture;
model:
9%OVERALL%
C#1 ON depressO-female;
depress6 ON TX depressO-female;
employ6 ON TX depressO-female;
[depress6];
depress6;
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PoCH#1%

Y0 C#2 %

[depress6];

[employ6$1*1.0];
depress6 ON TX;
employ6 ON TX;

[depress6];
[employ6$1*0.5];
depress6 ON TX @0;
employ6 ON TX@0;

Mplus input for Table 3.11

title: CACE estimation with repeated outcome measures
data: file is hopkins.dat;

variable;

names are TX ADO AD6 ADI18;

names are male lunch page pmale nonwhite cl c2;
usev are ADO AD6 AD18 TX male-nonwhite c1 ¢2;
classes = c(2);

training = cl-c2;

analysis: type = mixture;

model:

9%OVERALL%

ToCH#1%

Yo CH#2%

init by ADO-AD18@ 1;

grow by ADO@0 AD6@1 AD18@3;
[ADO-AD18@0];
ADO-ADI18 (1);

grow ON TX male-nonwhite;
init ON male-nonwhite;

nit;

[init];

grow;

[grow];

C#1 ON male-nonwhite;

[1nit];
[grow];
grow ON TX;

[1nit];
[grow]:
grow ON TX@0;
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