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ABSTRACT

There has been an increasing use of multisite randomized trials in evaluations of
educational programs. Multisite designs provide unique opportunities for investigating between-
site heterogeneity in the mediation mechanism that characterizes an educational process central
to a program theory. Re-analyzing data from the National Job Corps Study, a multisite
randomized evaluation, this dissertation develops methods for empirically examining the Job
Corps program theory. Job Corps is the nation’s largest education and training program for 16-24
year old disadvantaged youths, most of whom had dropped out of high school. Previous research
has suggested that Job Corps generated a positive average impact in promoting economic
independence. However, the impact was not uniform across all the sites. The multisite data allow
us to further investigate whether the central program element, i.e. educational and vocational
training, played the same mediating role across sites, and whether the role of other program
elements was consistent over the sites. Such evidence will be crucial for enriching theoretical
understanding and for informing the design and implementation of education programs alike.
However, due to some important constraints of existing analytic tools, analysts have rarely
investigated between-site heterogeneity of mediation mechanisms in multisite program
evaluations.

To enable researchers to assess the generalizability of an education program theory across a
wide range of contexts, this dissertation develops a comprehensive weighting-based analytic
procedure for multisite causal mediation analysis. The procedure utilizes a propensity score-
based weighting strategy to flexibly decompose the average program impact at each site into a
direct effect and one or two indirect effects, the latter being transmitted through one or two

hypothesized focal mediators. To enhance the external and internal validity of causal



conclusions, | further incorporate a sample weight to adjust for complex sample and survey
designs and employ an estimated nonresponse weight to account for non-random nonresponse in
the longitudinal follow-ups. Extending a theoretical model of causal inference under the potential
outcomes framework, | conceptualize the population average and the between-site variance of
the direct and indirect effects and identify them based on the above weights. For the estimation
and inference of the causal parameters, | develop a method-of-moments procedure that takes into
account the sampling variability of the estimated weights. Finally, I use a weighting-based
balance checking procedure to assess if the weighting adjustment effectively reduces selection
bias associated with the observed covariates and adopt a weighting-based sensitivity analysis
strategy to assess the consequences of potential violations of key identification assumptions.

| employ the proposed analytic procedure in an in-depth evaluation of Job Corps. The
empirical results lend support to the program theory that Job Corps promotes economic well-
being among disadvantaged youths through education and training. The results also highlight the
crucial role of support services for reducing behavioral and health risks and reveal the need for

standardizing the quantity and quality of such services across Job Corps centers.
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CHAPTER 1

INTRODUCTION

1.1 An Introduction to Multisite Trials

Intervention programs in education, economics, political science, public health, and social
welfare are usually delivered in organizations or communities. Each local setting can be viewed
as an experimental site within which individuals are assigned to different treatment conditions.
Multisite randomized trials and multisite natural experiments have been pervasive in these fields
and are often longitudinal in data collection (Bloom, Hill, & Riccio, 2005; Raudenbush &
Bloom, 2015; Spybrook & Raudenbush, 2009). For example, over the past dozen years, the
Institute for Education Sciences (IES) of the U.S. Department of Education has funded over 175
large-scale randomized trials. The vast majority of these studies are multisite randomized trials.
In some of these studies, districts are taken as sites, and within each site schools are randomized
to different treatment conditions which are usually composed of a program condition and a
control condition; in some other studies, schools are sites in which classrooms, teachers, or
students are randomized to different treatment conditions; sites are sometimes communities or
regions in which individuals are randomized to treatment conditions. Most well-known examples
include the Tennessee Class Size Study, the Head Start Impact Study, and the National Job
Corps Study, among others.

Different from clustered randomized trials (also called “group randomized trials”), which
only allow for the estimation of the average treatment effect because individuals in the same
cluster are assigned to the same treatment condition, multisite randomized trials offer unique
opportunities for investigating how the program impact may vary across a wide range of settings

in which a program is implemented. In a multisite randomized trial, a sample of sites represents a
1



population of sites that may differ in various contextual factors and in program implementation.
Due to the randomization within each site, program impacts can be identified without bias at the
site level. One may then examine not only the average program impact but also the between-site
variation of the impact.

While most evaluation research in the past has focused solely on the average impact,
researchers have argued that the average alone is not sufficient for developing policy and
practice if the impacts vary from sites to sites. The importance of investigating the heterogeneity
of the program impacts across sites has become increasingly appreciated (e.g. Bryk &
Raudenbush, 1988; Heckman, Smith, & Clements, 1997; Raudenbush & Bloom, 2015; Bloom et
al., 2017; Olsen, 2017). Weiss et al. (2017) provided by far the most comprehensive evidence on
the magnitude of between-site impact variation, by evaluating 16 large multisite trials of
educational interventions. The results indicate that program impacts do vary for some
interventions and some variations can be quite substantial. Such a between-site variation
indicates the likely highest and lowest impacts of a program. An investigation of the variation
may enable policy makers to gain a better understanding of whether the program impact is
generalizable across various contexts and, if not, in what contexts the program is effective and
why the impacts vary. This may in turn inform the implementation of the programs under
different settings and help to make the programs more equitable.

Causal mechanisms may differ across sites due to natural variations in organizational
contexts, in participant composition, and in local implementation (Weiss, Bloom, & Brock,
2014). Assessing between-site variation in the causal mechanisms may generate important
information for unpacking and understanding the heterogeneity in the total program impact, may

reveal a need to revisit the program theory, and may suggest specific site-level modifications of



the intervention practice. Multisite trials provide rich opportunities for researchers to investigate
the mechanisms through which programs produce their intended effects under different local
settings. In some cases, evidence may suggest that a program theory is highly generalizable
across a wide range of contexts; while in some other cases, such an investigation may reveal
important differences between sites in how the program operates, which may explain important
between-site variation in program impacts. However, researchers have not taken full advantage
of the multisite data to investigate important between-site differences in program mechanisms
that may give rise to the unevenness in program impact across the local settings.

Hence, the major goal of this dissertation work is to develop a conceptual framework and a
statistical tool for investigating, in a multisite randomized trial, the population average and the
between-site variation of the causal mediation mechanisms through which programs produce
their intended effects. In the meantime, | apply the proposed methods to an empirical

investigation of the causal mediation mechanism of the Job Corps program.
1.2 An Introduction to Causal Mediation Analysis

1.2.1 Causal Mediation Analysis with a Single Mediator

To investigate the mechanisms through which a program operates, that is, to develop and
test a program theory explaining the educational processes that shape participants’ learning and
development, researchers will need to conduct a mediation analysis. A hypothesized mediation
mechanism characterizes an educational process central to a program theory. Such a process
often involves a change in cognitive or social-emotional behaviors induced by the program
participation and subsequently a change in one’s developmental outcomes. The variable that
transmits the program impact plays a role as a mediator. In the basic mediation framework, a
treatment affects a focal mediator, which in turn affects an outcome. The total treatment effect

3



can be decomposed into an indirect effect that transmits the treatment effect through the
hypothesized focal mediator and a direct effect that works directly or through other unspecified
mechanisms. In general, an average indirect effect in the desired direction and magnitude lends
support to the program theory with regard to the central mechanism.

Let T denote the treatment assignment, M for the focal mediator, and Y for the outcome.
Here | use the encouragement design example in Holland (1988) as an illustration. In this
example, students were randomly assigned to one of two treatments: those in the experimental
group were encouraged to study for a test (T = 1) while those in the control group were not (T =
0). In the hypothesized mediation mechanism, after being exposed to one of these treatments, the
amount of time that a student spent studying for the test, M, would mediate the effect of
encouragement on the student’s final test score, Y. The causal diagram in Figure 1.1 depicts the
causal mediation process. The arrow from T to M and that from M to Y represent how the
treatment generates the impact on the outcome through the mediator. The arrow from T to Y
captures all the other possible pathways that transmit the treatment effect on the outcome. Hence,
the total treatment effect can be decomposed into an indirect effect transmitted through M and a

direct effect that operates through all the other possible mechanisms.

X
M
(Mediator)
T _ Y
(Treatment) (Outcome)

Figure 1.1 Diagram of a Causal Mediation Process
Note. In a randomized experiment, even though the treatment assignment is randomized, the mediator usually is not.
Some pretreatment covariates X may be correlated with both the mediator and the outcome and thus confound the
relationship between the mediator and the outcome.



In social science research, path analysis (Alwin & Hauser, 1975; Baron & Kenny, 1986;
Duncan, 1966; Sobel, 1982; Wright, 1934) and structural equation modeling (SEM) (Bollen,
1987; Jo, 2008; J&eskog, 1970; MacKinnon, 2008; MacKinnon & Dwyer, 1993) have been the
primary techniques for mediation analysis in the past several decades. This technique regresses
the mediator on the treatment and regresses the outcome on the mediator and the treatment for
each individual i:

M; =dy +aT; + ey; (1.1

Y, =dy + bM; + cT; + ey; (1.2)
where ey;~N(0,02,) and ey;~N(0,02,). a denotes the association between the treatment and
the mediator, b indicates the association between the mediator and the outcome given the
treatment condition, and c is the association between the treatment and the outcome given the
mediator level. The indirect effect is represented as the product of a and b, and ¢ represents the
direct effect, based on the assumptions that there are no confounders of the treatment-mediator,
treatment-outcome, or mediator-outcome relationship and that the mediator and outcome models
are correctly specified (Holland, 1988).

In presentations and applications of this technique, one major concern that tends to receive
little attention is the omission of confounders of the mediator-outcome relationship, shown as X
in Figure 1.1. Omitting X from the outcome model may generate biased direct and indirect effect
estimates even if the treatment is randomized (Bullock, Green, & Ha, 2010). In the
encouragement design example, X is a set of pretreatment or posttreatment covariates that are
associated with both the amount of study and the final test score under each encouragement
condition. For example, students who had higher pretest scores prior to participating in the

experiment might have greater motivation and would study relatively more hours than students



who had lower pretest scores even without the encouragement; students with higher pretest
scores are also expected to score higher on the final test, no matter which treatment group they
were assigned to. Hence, the observed association between the amount of study and final test
score given the treatment condition might be partly attributable to the confounding of the pretest
score. Omitting the pretest score from the outcome model would lead to a biased estimate of b
and thus a biased estimate of the indirect effect. Similarly, the estimate of ¢ would also be
biased, leading to a biased estimate of the direct effect.

Moreover, this method relies heavily on correct specifications of both the mediator model
and the outcome model. Even when the treatment is randomized and even when an analyst
attempts to make statistical adjustment for all potential confounders of the mediator-outcome
relationship, estimation of the indirect and direct effects will nonetheless be biased if the
regression models are misspecified. Typically, an analyst may overlook a possible treatment-by-
mediator interaction, ignoring the fact that the treatment effect may be generated not only
through changing the mediator but also through changing the mediator-outcome relationship
(Judd & Kenny, 1981). For example, the impact of study on the final test score might be higher
for students who were encouraged to study than for students assigned to the control group even if
the two groups of students would study the same number of hours. This is because students who
received encouragement to study might display a higher efficiency in study and benefit more
from every hour of study. An analyst may also overlook a possible treatment-by-covariate
interaction, a mediator-by-covariate interaction, a treatment-by-mediator-by-covariate
interaction, a nonlinear covariate-mediator relationship, or a nonlinear covariate-outcome
relationship (Hong, 2017). In addition, the strategy typically assumes that the mediator and the

outcome are multivariate normal in distribution. As others have pointed out (Imai, Keele, &



Tingley, 2010; MacKinnon & Dwyer, 1993; VanderWeele & Vansteelandt, 2010), their
applications to discrete mediators and outcomes face many constraints.

The mainstream literature on path analysis and SEM did not incorporate the causal
inference framework until relatively recently (Holland, 1988; Jo, 2008; Sobel, 2008). Since then,
serious attempts have been made to reduce selection bias associated with the non-random
mediator value assignment. These include two widely-used approaches that have been extended
to causal mediation analysis—the instrumental variable (1) method popular among economists
(Heckman & Robb, 1985) and marginal structural models well known to epidemiologists
(Coffman & Zhong, 2012; Robins, 2003; Robins & Greenland, 1992; VanderWeele, 2009).
However, these methods were built upon the assumption of no treatment-by-mediator
interaction. The IV method is employed primarily for estimating the effect of the mediator on the
outcome. It relies heavily on the exclusion restriction, which implies that the treatment as an
instrument for the mediator does not influence the outcome through any unspecified pathways
including a treatment-by-mediator interaction. It is equivalent to assuming that the direct effect is
0, which is unrealistic in many settings. Marginal structural models take the same structural
form as path analysis models, while covariates are adjusted for through weighting instead of
being directly entered into the structural models. However, as Coffman and Zhong (2012)
acknowledged, marginal structural models cannot be used to estimate the indirect effect in the
presence of a treatment-by-mediator interaction.

Recently, there have been important extensions that further relax the no treatment-by-
mediator assumption. These include the modified regression approaches (Pearl, 2010; Petersen,
Sinisi, & van der Laan, 2006; Preacher, Rucker, & Hayes, 2007; Valeri & VanderWeele, 2013;

VanderWeele, 2013; VanderWeele & Vansteelandt, 2009, 2010), direct effect models (van der



Laan & Petersen, 2008), conditional structural models (VanderWeele, 2009), and a model-based
resampling approach (Imai, Keele, & Yamamoto, 2010; Imai, Keele, & Tingley, 2010). All these
strategies accommodate the treatment-by-mediator interaction in the outcome model. This leads
to an indirect effect that takes a rather complex form combining more than two parameters and
thus adds considerable complications to estimation and statistical inference. Besides, correct
model specifications are still crucial for generating consistent causal effect estimates, and
challenges involving covariates remain in model specifications.

Unlike the regression-based strategies, the weighting method, proposed for single-site
causal mediation analysis by Hong (2010, 2015) and others (Hong, Deutsch, & Hill, 2011, 2015;
Hong & Nomi, 2012; Huber, 2014; Lange, Rasmussen, & Thygesen, 2014; Lange, Vansteelandt,
& Bekaert, 2012; Tchetgen Tchetgen, 2013; Tchetgen Tchetgen & Shpitser, 2012), has offered
an appealing alternative. Defining direct and indirect effects in terms of potential outcomes
(Pearl, 2001; Robins & Greenland, 1992) that will be introduced in Section 2.1, a ratio-of-
mediator-probability weighting (RMPW) analysis identifies and estimates these causal effects
each as a mean contrast, along with their standard errors, while adjusting for pretreatment
confounding through propensity score—based weighting. The intuitive rationale is that, among
individuals with the same pretreatment characteristics, the distribution of the mediator in the
experimental group and that in the control group can be effectively equated through weighting
under the assumption of sequential ignorability that will be introduced in Section 2.4. Unlike the
regression-based strategies, these weighting methods allow for the treatment-by-mediator
interaction without having to specify the mediator—outcome relationship and the covariate—
outcome relationship and is suitable for discrete and continuous mediators and outcomes. This is

because, unlike other causal mediation methods, the weighting strategy does not require strong



assumptions about the functional form of the outcome model and hence greatly minimizes the
risk of model misspecification. Simulations (Hong et al., 2015) have shown that, when the
outcome model is misspecified, RMPW clearly outperforms path analysis/SEM in bias
correction.

1.2.2 Causal Mediation Analysis with Two Mediators

A theory-based social intervention program tends to have multiple components rather than a
single element. This is because a well-developed program theory often recognizes the necessary
conditions required for the targeted change and therefore builds condition-changing strategies
into the program. A program theory as such may suggest complex mechanisms involving
multiple pathways operating jointly to produce a desired outcome.

Causal inference methods for investigating complex mediation mechanisms have only
begun to emerge in recent years. Researchers have proposed various methods for rigorously
evaluating the causal effects transmitted through two mediators that are either consecutive (i.e.,
one mediator affecting the other) or concurrent (i.e., two mediators being parallel). Albert and
Nelson (2011) used a potential outcomes framework to define effects transmitted through two
mediators. They then proposed a system of generalized linear structural models for binary
mediators and outcomes. Each model was fit separately using maximum likelihood estimation;
and confidence intervals were obtained through bootstrapping. Daniel, De Stavola, Cousens, and
Vansteelandt (2015) adopted a similar parametric G-computation approach but implemented it
through Monte Carlo simulations that generated multiple random draws of the values of each
potential mediator and potential outcome; they estimated standard errors also through the

bootstrap. Imai and Yamamoto (2013) presented an idea of setting up bounds for the mediated



impacts. VanderWeele (2015) reviewed two methods, one extending path analysis and the other
using a prediction model to impute counterfactual outcome values.

These strategies, however, all require that an analyst correctly specify each mediator model
and the outcome model and often further require distributional assumptions about the mediator
and outcome measures. As discussed in Section 1.2.1, causal analytic results are sensitive to
violations of parametric modeling assumptions. To reduce reliance on model specifications,
Lange and colleagues (Lange et al., 2014) extended a propensity score-based weighting method
(Hong, 2010; Lange et al., 2012) to the case of multiple concurrent mediators; Hong (2015)
further considered the extension of this method to multiple consecutive mediators; so did Huber

(2014).
1.3 Causal Mediation Analysis in Multisite Trials

In a single-site study, the population of individuals residing at the site is naturally the target
of inference. The parameter of interest is generally the treatment effect averaged over all the
individuals in this site-specific population. In a multisite study, however, there are two potential
targets of inference: the population of sites and the overall population of individuals which is the
union of all the site-specific subpopulations (Raudenbush & Bloom, 2015; Raudenbush &
Schwartz, working paper). When researchers are primarily interested in how a program is
implemented at the site level and whether the program impact depends on the local settings, the
population of sites clearly becomes the target of inference. In such a case, the population average
treatment effect is defined as the average of the site-specific average effect over all the sites.
Henceforth we call this “the average effect for the population of sites”. Moreover, the between-
site variance of the site-specific average effect indicates the extent to which the program impact

is generalizable across the sites. In contrast, when researchers are primarily interested in the
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overall population of individuals served by a particular program, the population average
treatment effect is simply an average over the individuals in the overall population regardless of
their site membership. We call this “the average effect for the population of individuals”. The
average effect for the population of sites and that for the population of individuals become
equivalent only when the site-specific subpopulations of individuals are of the same size across
all the sites or if the effect does not vary across sites. In this dissertation, with a primary interest
in the between-site heterogeneity of the program impacts and of the mediation mechanisms, |
focus on the population of sites rather than the overall population of individuals.

In most evaluations of the education programs that are delivered in different local settings,
most researchers have focused on the population of individuals and simply ignored the role of
multiple sites in their analyses. Hence, little has been done to reveal important between-site
heterogeneity of mediation mechanisms. Advancement in this line of research has largely been
constrained by existing analytic tools. How can we improve the analysis of between-site
heterogeneity in causal mechanisms in multisite evaluations of education programs? This is the
fundamental question that motivates my dissertation research.

Taking on the challenges of multisite data, researchers (Bauer, Preacher, & Gil, 2006;
Kenny, Korchmaros, & Bolger, 2003; Krull & MacKinnon, 2001; Preacher, Zyphur, & Zhang,
2010; Zhang, Zyphur, & Preacher, 2009) have proposed to embed the standard path analysis and
SEM in multilevel modeling by including random intercepts and random slopes in the mediator
model and the outcome model as follows:

M;j = dyj + a;T;j + ey, (1.3)

Yij = dyj + biM;; + ¢;Tj + eyyj, (1.4)
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for individual i at site j. dyyj, a;, dy;, b; and ¢;, indicating the coefficients at site j, are the site-
level counterparts for d,,, a, dy, b and c in (1.1) and (1.2), and they are assumed to follow a
multivariate normal distribution.

Bauer and colleagues have further explored the possibility of quantifying not only the
population average but also the between-site variation of the direct effect and the indirect effect
through specifying multivariate multilevel models. However, this line of research shares the
same limitations as the single-level path analysis and SEM, as explicated in Section 1.2. In
addition, although estimating the population average and the between-site variance of the direct
effect remains straightforward, estimating the population average and the between-site variance
of the indirect effect is nontrivial because it involves estimating the covariance between a; and
b;; statistical inference is even more challenging. The task would become increasingly daunting
if a treatment-by-mediator interaction was under consideration, not to mention possible
treatment-by-covariate, mediator-by-covariate, and treatment-by mediator-by-covariate
interactions.

Some researchers have incorporated multilevel path analysis models in the causal inference
framework, but no solution was provided for estimating and testing the between-site
heterogeneity of these effects. The methods developed by VanderWeele (2010b) and
Vanderweele, Hong, Jones, and Brown (2013) are useful for evaluating causal mediation
mechanisms when treatments are administered at the group level but not for investigating
between-site variation in mediation mechanisms in a multisite trial. Bind, Vanderweele, Coull,
and Schwartz (2016) examined time-varying treatments and mediators nested within individuals.
Even though one may view individuals in this longitudinal study as analogous to sites, the

researchers focused only on the population average direct and indirect effects. Other researchers
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have extended the instrumental variable (1) method to multisite trials by using treatment-by-site
interactions as instruments for the mediators (Kling, Liebman, &Katz, 2007; Raudenbush,
Reardon, & Nomi, 2012; Reardon & Raudenbush, 2013; Reardon, Unlu, Zhu, & Bloom, 2014).
With its primary interest in identifying the average effect of each mediator on the outcome, the
IV method, when applied to multisite mediation analysis, does not estimate the between-site
distributions of the indirect effects. Besides assuming that the exclusion restriction holds at each
site, the IV method also assumes that the treatment effect on the mediator is nonzero on average
or varies across sites (i.e., E(a;) # 0 or var(a;) # 0) and that the site-level treatment effect on
the mediator is independent of the site-level mediator effect on the outcome (i.e., cov(a;, b;) = 0).
This last assumption is plausible only in a limited number of settings. Take the encouragement
design as an example and suppose that the experiment was conducted at different schools that
serve as sites. In schools that provided high-quality teaching, it is possible that all their students
had already been motivated to study extra hours such that the hours of study would be similar
between the experimental group and the control group. In these same schools, it is also possible
that due to effective teaching, students would have a great amount to gain from their study. In
contrast, in schools with low-quality teaching, the control group might study considerably less
than the experimental group, and students might have little to gain from their study. This is an
example in which the treatment effect on the mediator would be negatively associated with the
mediator effect on the outcome, which would violate the last assumption. As far as | know, other
methods that allow for a treatment-by-mediator interaction (e.g., Imai, Keele, & Tingley, 2010;
Imai, Keele, & Yamamoto, 2010) have not been extended to studies of between-site

heterogeneity in mediation mechanisms.
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To my knowledge, there have been no formal scholarly discussions about the unique
research opportunities and methodological challenges that arise in investigations of complex
mediation mechanisms that may vary across local settings.

To overcome the limitations of the existing methods and fill the gap in the literature, |
extend the novel weighting method, initially developed by Hong (2010, 2015) and others for
single-site analysis, to multisite causal mediation analysis with one single mediator or two
concurrent mediators. In doing so, | aim to provide a new statistical tool that can be applied
broadly to multisite education studies in which not only the population average direct and
indirect effects but also the between-site variation of the direct and indirect effects are of

scientific interest.

1.4 Empirical Research Questions

The methodological development in this dissertation is motivated by a reanalysis of the
multisite experimental data from the National Job Corps Study (NJCS). Job Corps is the largest
federal program designed to promote economic well-being among disadvantaged youths in the
U.S. who are affiliated with neither school nor work. Intensive education and vocational training
are the central elements of the program. Yet unlike most other training programs that were
generally found ineffective because participants tend to “have more trouble in their lives than the
programs could correct” (Pouncy, 2000, p.269), Job Corps is unique in its provision of a
comprehensive array of support services including residential living, supervision, behavioral
counseling, social skills training, physical and mental health care, and drug and alcohol
treatment. The comprehensive support services provide important protective factors for the
vulnerable youths in the process of pursuing education and training and seeking employment.

Despite adverse social structural constraints, such supports for risk reduction may enable highly
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vulnerable youths to display resilience (Spencer, 2006, 2008; Spencer & Swanson, 2013;
Spencer, Swanson, & Harpalani, 2015) and may further reinforce their human capital
improvement.

The NJCS sample universe consists of all the 80,883 youths nationwide who applied for Job
Corps and were found to be eligible between November 1994 and February 1996 (Schochet,
Burghardt, & Glazerman, 2001). Each eligible applicant was associated with one of the more
than 100 Job Corps centers that existed at the time of the study. Through a stratified sampling
procedure, 15,386 eligible applicants were randomly selected into a nationally representative
research sample, among whom 9,409 youths were assigned at random to the program group and
5,977 youths were assigned to the control group. Program group members could enroll in Job
Corps soon after random assignment; while control group members were barred from enrolling
in Job Corps for 3 years. Applicants who were initially assigned to the same Job Corp center,
regardless of their subsequent treatment assignments, constitute the sample of individuals at the
given site. Hence, this is a multisite randomized trial in which each Job Corps center served as an
experimental site. Participants in the study were interviewed at the time of the random
assignment and at 12, 30, and 48 months after randomization. By design, the probability of
selection for each follow-up survey differed across individuals.

Population average causal mediation mechanism. By analyzing the NJCS data, researchers
(Flores & Flores-Lagunes, 2013; Frumento, Mealli, Pacini, & Rubin, 2012; Lee, 2009; Schochet,
Burghardt, & McConnell, 2006, 2008; Zhang et al., 2009) have found that Job Corps was the
only federal program shown to increase earnings of disadvantaged youth; the program also
improved educational attainment and employment and reduced criminal involvement. Relying on

a bounded local average treatment effect (LATE) approach, Flores and Flores-Lagunes (2013)
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has found that for individuals whose educational attainment was improved by the Job Corps
program, obtaining an education credential increased employment and earnings. However, no
attempt has been made to formally test the Job Corps program theory that emphasizes not only
conventional human capital formation through education and vocational training (Becker, 1964;
Card, 1999) but also the need to reduce risk exposures and risk behaviors for all the Job Corps
participants. To fill the gap, | will address the following research questions in this dissertation:

(1) To what extent did Job Corps increase earnings through improving educational and
vocational attainment?

(2) To what extent did Job Corps increase earnings through other pathways that are
primarily composed of support services for risk reduction?

(3) Given the comprehensiveness of the program and given that support services tend to be
lacking under the control condition, did education and training obtained through Job Corps
generate a greater impact on earnings than education and training obtained under the control
condition? In other words, did Job Corps enhance the economic returns to education and training
for disadvantaged youth?

Between-site variance of the causal mediation mechanism. Moreover, most researchers have
simply ignored the role of individual Job Corps centers in their analyses. Yet a recent study
(Weiss et al, 2017) reported considerable variation in the program impact on earnings across Job
Corps centers. This result coincides with findings from a qualitative process analysis (Johnson et
al, 1999) revealing important discrepancies between the intended program and the implemented
program at some centers. It may be explained by the between-site variation in the causal
mediation mechanisms. For example, some Job Corps centers failed to help most participants

obtain education or vocational training credentials due to the premature departure of these
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participants (Flores, Flores-Lagunes, Gonzalez, & Neumann, 2012). In some other sites, despite
an improvement in educational or vocational attainment, it might fail to further enhance the
program impact due to important contextual constraints. To be specific, many Job Corps
participants obtaining education or training credentials continued to have difficulties securing
employment in a sluggish local job market. Moreover, Job Corps programs in the sites where
participants have access to and make use of a wider range of support services in addition to
education and training might be more effective than those in the sites where service provision
and utilization are limited. Hence, a natural next step is to investigate whether the hypothesized
program mechanisms operated differently across sites and whether additional investment in
education and training or in other support services holds promise for making the program
universally effective. | attempt to examine the following questions:

(1) Were Job Corps centers equally effective in increasing earnings through improving
educational and vocational attainment?

(2) Were Job Corps centers equally effective in increasing earnings through other pathways
that are primarily composed of support services for risk reduction?

(3) Did Job Corps enhance the economic returns to education and training in some centers
but not in others?

(4) Did Job Corps centers that increased earnings through improving educational and
vocational attainment also tend to be successful in increasing earnings through other pathways?

Causal mediation mechanism involving two concurrent mediators. Becker (1964) made a
distinction between generic human capital and job-specific human capital. The former includes
education credentials as a proxy for literacy skills and work ethics; while the latter refers to

technical knowledge or skills applicable in a certain vocational trade that may not transfer easily
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to other trades. Most job training programs tend to focus solely on vocational training. In
contrast, Job Corps places both vocational training and general education at the center of the
program. Its general education curriculum prepares those without a high school diploma to
become qualified for a GED certificate. The program theory does not clarify, however, whether
the education pathway and the vocational training pathway are complementary or mutually
reinforcing. Past research has suggested that general education and vocational training are at
least complementary (Zimmermannet al, 2013; Blundell, Dearden, Meghir, & Sianesi, 1999).
Yet one may argue that, for vocational training to be effective, a student may need basic
academic preparation as a pre-requisite. Following this reasoning, high school dropouts may
benefit more from vocational training when they work toward a general education credential at
the same time rather than receiving vocational training alone. It is of important theoretical
interest, therefore, to distinguish the relative contribution of each pathway and determine
whether these two types of human capital investments reinforce each other and generate a joint
impact greater than the sum of the two separate pathways. Hence, | ask another set of research
questions:

(1) What is the average program impact on earnings mediated by vocational training?

(2) What is the average program impact on earnings mediated by general education?

(3) Is the program impact mediated by vocational training reinforced by general education?

(4) What is the average direct effect of the program transmitted through other pathways?

(5) Does the program impact mediated by vocational training vary across the sites?

(6) Does the program impact mediated by general education vary across the sites?

(7) Does the direct effect of the program vary across the sites?
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Such evidence will be crucial for enriching theoretical understanding and for informing the

design and implementation of education programs alike.

1.5 Organization of the Dissertation

My dissertation is composed of three related studies.

Chapter 2 develops strategies for investigating research questions involving a single
mediator. In the Job Corps application, this focal mediator indicates whether an individual had
obtained an educational or vocational credential 30 months after the randomization. | incorporate
a theoretical model of multisite causal mediation process in the potential outcomes causal
framework, define population average indirect effect and direct effect, and conceptualize
between-site heterogeneity in the mediation mechanism as novel causal parameters that have not
been previously discussed in the causal inference literature. | then develop new statistical
methods for the identification, estimation, and inference of not only the population average but
also the between-site variation of causal mediation mechanisms in multisite trials. Incorporating
RMPW weights, | propose a method-of-moments (MOM) procedure that consistently estimates
the causal parameters. | derive asymptotic standard errors for the weighted estimators of the
population average effects, reflecting the sampling variability of the RMPW weights estimated
based on propensity score models for the mediator. | also conduct a permutation test for the
hypothesis testing of the between-site variance of the causal effects. The proposed analytic
approach conveniently relaxes the assumption of no treatment-by-mediator interaction while
greatly simplifying the outcome model specification without invoking strong distributional
assumptions. Hence, it is more broadly applicable than most regression-based strategies. After
evaluating the proposed method through simulations, | apply the developed analytic procedures

to an empirical investigation of the mediation mechanism of the Job Corps program. The final,
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definitive version of this chapter has been published in the Journal of Educational and
Behavioral Statistics , 42/3, 6/2017 published by SAGE Publications, Inc. (DOI:
10.3102/1076998617694879). All rights reserved.

Chapter 3 develops several extensions of the methods proposed in Chapter 2. Large-scale
multisite trials are usually conducted based on complex sample and survey designs and are
complicated by non-random nonresponse in longitudinal follow-ups. To enhance the external
validity and internal validity of multisite causal mediation analysis in multisite trials, | further
incorporate into the analytic procedure developed in Chapter 2 a sample weight to adjust for
sample and survey designs and an estimated nonresponse weight to account for non-random
nonresponse. In addition to decomposing the average program impact into a direct effect and an
indirect effect transmitted through a hypothesized focal mediator, as implemented in Chapter 2, |
further define, identify, and estimate the treatment-by-mediator interaction effect. The latter
addresses the research question regarding whether the economic returns to education and training
were greater under Job Corps than under the control condition. I clarify the identification
assumptions under which the mediation analysis results are externally and internally valid. | then
specify the propensity score models for nonresponse status and those for the mediator and
construct the corresponding nonresponse weights and mediator weights. After weighting, |
assess balance in the observed covariates between respondents and nonrespondents and between
individuals in different mediator categories under each treatment condition. To further evaluate
the potential bias related to the omission of confounders or to propensity score model
misspecification, | adopt a novel weighting-based sensitivity analysis strategy. Besides, | extend
the estimation procedure developed in Chapter 2 to further account for the sampling uncertainty

in the estimated nonresponse weights. The updated analytic procedures are expected to
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strengthen the external validity and internal validity of the analytic results for the Job Corps
application.

In Chapter 4, motivated by a need to explicitly test the theory underlying Job Corps in
greater depth, | further extend the refined analytic procedure in Chapter 3 to an investigation of
the complex mediation mechanisms that involve two concurrent mediators in multisite trials. To
distinguish the relative contributions of vocational training and general education, | consider
them as two concurrent mediators. Under the potential outcomes causal framework, | decompose
the total Job Corps impact on earnings into an indirect effect transmitted through vocational
training, an indirect effect transmitted through general education, and a direct effect attributable
to other pathways that are primarily composed of support services.

In the last chapter, | summarize the new methods for the causal mediation analysis in
multisite trials and emphasize the methodological contributions of this dissertation. I then
highlight the key results obtained from the Job Corps application and discuss their theoretical
and practical implications. At the end, | propose an agenda for future research.

The methodological advances will not improve empirical research if they cannot be easily
implemented by education researchers. For this reason, | have developed an open-source R
package, MultisiteMediation, accompanied by a users’ manual (http://cran.r-
project.org/web/packages/MultisiteMediation). The computer program offers a convenient tool
to applied researchers, enabling propensity score analysis, balance checking, estimation of causal

parameters, hypothesis testing, as well as sensitivity analysis.
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CHAPTER 2
AWEIGHTING METHOD FOR ASSESSING BETWEEN-SITE

HETEROGENEITY IN CAUSAL MEDIATION MECHANISM

In this chapter, | present a theoretical model that summarizes key information characterizing
the multisite causal mediation process that involves a single mediator under the potential
outcomes framework. | then identify a joint distribution of site-specific direct and indirect effects
through ratio-of-mediator-probability weighting (RMPW). | also develop new statistical methods
for estimation and inference of the causal parameters. In particular, | address challenges when
RMPW is unknown and must be estimated from sample data. The weighting-based causal
mediation analysis is particularly flexible for accommodating treatment-by-mediator interactions
and is suitable for discrete and continuous mediators and outcomes. This is because, unlike other
causal mediation methods, the weighting strategy does not require strong assumptions about the
functional form of the outcome model. After conducting simulations to evaluate the performance

of the proposed approach, | apply the method to a re-analysis of the NJCS data.

2.1 Potential Outcomes Framework for Causal Inference

Rather than defining the causal effects on the basis of arbitrary regression models that often
do not hold in reality, I adopt the potential outcomes framework (Holland, 1986, 1988; Neyman
& Iwaszkiewicz, 1935; Rubin, 1978) that has previously been extended to causal mediation
research (Pearl, 2001; Robins & Greenland, 1992). The extension focuses on the intermediate
process in which one’s mediator value is a potential natural response to the treatment assigned;

and hence mediator values may naturally vary among individuals under the same treatment.
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As defined in Section 1.2, | use T;; to denote the treatment assignment, M;; for the focal
mediator, and Y;; for the outcome, for individual i at site j, and present the potential outcomes
framework in the context of the multisite Job Corps evaluation. Each eligible applicant was
assigned at random either to the program group denoted by ¢ = 1 or to the control group
denoted by t = 0. Under either treatment condition, the individual might obtain an education or
training credential by the 30-month follow-up, which is denoted by m = 1, or might fail to
obtain a credential, which is denoted by m = 0. For individual i at site j, educational and
vocational attainment is a function of the treatment assignment. Hence, M;;(1) and M;;(0) are
the individual’s respective potential attainment status associated with an assignment to the
program group and that to the control group. For each individual, only one potential mediator
was observed, depending on which group he or she was actually assigned to.

The individual’s earnings in the fourth year after randomization is a final outcome of the
treatment. The convention is to use Y;;(1) to represent the potential earnings if one was assigned
to the program group and use Y;;(0) for the potential earnings if the same person was assigned to
the control group. Alternatively, one may view the potential outcome as a function of both the
treatment assignment and the corresponding potential mediator and denote it with Y;;(t, M;;(t))
for t = 0, 1. Again, only one of the two potential outcomes was observed for each individual
while the other remained counterfactual. When M;;(t) = m, the individual’s potential outcome
value associated with treatment ¢ can be written as Y;;(t, m).

In causal mediation analysis, two additional counterfactual outcomes play indispensable
roles: Y;;(1, M;;(0)) is the individual’s potential earnings if assigned to the program group yet
counterfactually having the same attainment status as he or she would have under the control

condition; and Y;;(0, M;;(1)) is the potential earnings if the individual was assigned to the
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control group yet counterfactually having the same attainment status as he or she would have

under Job Corps. Clearly, neither Y;;(1, M;;(0)) nor Y;;(0, M;;(1)) was directly observed for any

individual.
Table 2.1 Potential Mediators and Outcomes
Treatment Pote_ntlal Potential Outcomes
Mediators
Individual T;; M;; (1) M;;(0) Yii(L,M;(1) V(1 M;(0) Y500, M(1))  Yi;(0, My;(0))
1 1 0 0 Y;;(1,0) Y;;(1,0) Y;;(0,0) ¥;;(0,0)
2 1 1 1 Y;(1,1) Y;(L1) Y;;(0,1) Y;;(0,1)
3 1 0 1 Y;;(1,0) Y;(L1) Y;;(0,0) Y;;(0,1)
4 1 0 1 Y;(1,0) Y;(L1) Y;;(0,0) Y;;(0,1)
5 0 1 0 Y;(1,1) Y;;(1,0) Y;;(0,1) ¥;;(0,0)
6 0 1 1 Y;(1,1) Y;(L1) Y;;(0,1) Y;;(0,1)
7 0 0 0 Y;(1,0) Y;;(1,0) Y;;(0,0) ¥;;(0,0)
8 0 1 0 Y;(1,1) Y;;(1,0) Y;;(0,1) ¥;;(0,0)

Table 2.1 illustrates potential mediators and outcomes with eight individuals when the
mediator is binary. M;;(1) and M;;(0) are random variables, taking value 1 or 0. For each
individual, I list the potential mediator value under each treatment condition and correspondingly
four potential outcomes. For the first four individuals assigned to the program group, only
M;;(1) and Y;;(1, M;;(1)) are observable, while for the next four individuals assigned to the

control group, only M;;(0) and Y;;(0, M;;(0)) are observable.

2.2 Stable Unit Treatment Value Assumption

The above potential mediators and potential outcomes are defined under the Stable Unit
Treatment Value Assumption (SUTVA) (Rubin, 1980; Rubin, 1986; Rubin, 1990). In a single
site, SUTVA implies (a) that an individual’s potential mediators are not functions of the
treatment assignments of other individuals, (b) that an individual’s potential outcomes are not
functions of the treatment assignments and the mediator values of other individuals, and (c) that

an individual’s potential mediators and potential outcomes do not depend on which program
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agents (e.g., instructors or counselors) one would encounter. This assumption would be violated,
for example, in the presence of peer influence or if program agents were not equally effective
(Hong, 2015).

In a multisite study, SUTVA further requires “no interference between sites” (Hong &
Raudenbush, 2006; Hudgens & Halloran, 2008). That is, the potential intermediate outcomes of
individual i at site j are independent of the treatment assignments of individuals at site j' for all
j' # j, and this individual’s potential outcomes are independent of the treatment assignments and
potential mediator value assignments of individuals at site j'. Because applicants are usually
assigned to Job Corps centers relatively close to their original residences and because Job Corps

centers are sparsely located on the map, between-site interference seems unlikely.
2.3 Definition of the Causal Parameters

2.3.1 Individual-Specific Causal Effects
Under SUTVA, for individual i at site j, the intent-to-treatment (ITT) effect of the treatment
on the mediator, also known as the total effect of the treatment assignment on the mediator, is

defined as a;; = M;;(1) — M;;(0), and the ITT effect of the treatment on the outcome is defined

as ﬁi(jT) =Y;; (1, M;;(1)) — Y;;(0,M;;(0)). The superscript in ﬁi(jT) serves as a shorthand for the
total effect of the treatment assignment on the outcome.
The individual-specific natural indirect effect (NIE) of the treatment on the outcome

transmitted through the mediator (Pearl, 2001) is defined as
B = Yy (1L,My(1) = Yy (1,M;;(0)).
The individual-specific NIE represents the Job Corps impact on earnings under Job Corps

attributable to the program-induced change in the individual’s educational and vocational
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attainment from M;;(0) to My; (1). B’ (1) is called “the total indirect effect” by Robins and

Greenland (1992), who distinguished it from the individual-specific “pure indirect effect” (PIE)
B (0) = vy (0,My(1) — i; (0, M(0)).

The individual-specific PIE represents the impact on earnings under the control condition when

educational and vocational attainment is changed from M;;(0) to M;;(1). The superscript in

ﬁi(;)(l) and ﬁi(j)(O) serves as a shorthand for the indirect effects. Clearly, mediation does not

exist if Job Corps has no impact on one’s educational and vocational attainment. In such case,
both NIE and PIE are zero.

The individual-specific natural direct effect of the treatment on the outcome (NDE) is
defined as

B (0) = Yy(1,M;;(0)) — Y¥;;(0, My;(0)).

The individual-specific NDE represents the Job Corps impact on earnings while holding the
individual’s educational and vocational attainment at the level that would be realized under the
control condition. The direct effect is nonzero if the Job Corps program exerted an impact on

earnings without changing an individual’s educational and vocational attainment. Robins and
Greenland (1992) called ,Bl.(jD) (0) “the pure direct effect” in contrast with “the total direct effect”,
ﬁi(jD)(l) =Y (1, M;; (1)) — Y (0,M;; (1)). The latter is the Job Corps impact on earnings
while holding educational and vocational attainment at the level that would be realized under the

Job Corps condition. The superscript in ﬁl.(f)(O) and ﬁi(f)(l) serves as a shorthand for the

individual-specific direct effects.
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The individual-specific total treatment effect is the sum of the individual-specific NIE and

NDE: Bl.(jT) = ﬁi(})(l) + ﬁi(jp) (0). Alternatively, one may decompose the individual-specific total

treatment effect into PIE and the total direct effect: ﬁi(jT) = ,85)(0) + ,BfJD (D).

As Judd and Kenny (1981) pointed out, a treatment may produce its impact not only
through changing the mediator value but also in part by altering the mediational process that
produces the outcome. In other words, the treatment may alter the relationship between the
mediator and the outcome. Because the comprehensive support services provided by the Job
Corps program tend to be lacking under the control condition, obtaining an education or training
credential under Job Corps might bring greater economic returns than obtaining a similar
credential under the control condition. Therefore, NIE and PIE may not be equal. The difference
between the two is defined as the natural treatment-by-mediator interaction effect (Hong, 2015;
Hong et al., 2015), which quantifies the treatment effect on the outcome transmitted through a

change in the mediator-outcome relationship:

(TxM) _ (D) 0]
ij —.Bij (1)_,Bij (O)
A nonzero interaction effect will indicate that the program-induced change in educational and
vocational attainment influences earnings differently between the Job Corps condition and the

control condition.

Table 2.2 summarizes the individual-specific causal effects defined above.
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Table 2.2 Definitions of Individual-Specific Causal Effects

Individual-Specific Effect Definition
ITT effect a;j = M;;(1) — M;;(0) Effect of treatment assignment on the
on the mediator mediator
ITT effect g = Y, (1, My;(1)) — Yi;(0, My;(0)) Effect of treatment assignment on the
on the outcome Y outcome
NDE ﬁi(jD)(O) = Y,;(1,M;;(0)) — Y;;(0, M;(0)) Treatment effect on the outcome if the

treatment fails to change the mediator

NIE [;i(]{)(l) = ¥,;(1, My (1)) — Y;;(1,M;;(0)) Treatment effect on the outcome under the
experimental condition attributable to the
treatment-induced change in the mediator

PIE [gi(jl)(o) = Y;;(0, My;(1)) — Y;;(0, M;;(0)) Treatment ef_fgct on the outcome under the
control condition attributable to the
treatment-induced change in the mediator

Interaction effect  p™>M) — pW (1) _ pW () Treatment effect on the outcome transmitted
t t 7] . .
through a change in the mediator-outcome
relationship

2.3.2 Site-Specific Causal Effects and Population Parameters

| define the site-specific causal effects including the ITT effects of the treatment on the
mediator and the outcome, NDE, NIE, PIE, and the natural treatment-by-mediator interaction
effect, by taking an average of the corresponding individual-specific causal effects over the
population of eligible Job Corps applicants at a given site. The site-specific effects are listed in
the second column in Table 2.3 in which S;; = j indicates the site membership of individual i.

As emphasized earlier, of particular theoretical interest in the Job Corps evaluation is not
only the overall average of each of these causal effects but also their possible variations across
the sites. Because the composition of applicants, the composition of Job Corps staff, the center
operator, and various elements of the control condition tend to be fluid rather than static, |
consider a theoretical population of sites that are potentially infinite in number. NJCS was a
census of all the Job Corps centers that existed at the time of the study, which enables us to
generalize results to the population of sites. The population parameters that characterize the

distributions of the site-specific causal effects include the ITT effects of the treatment on the
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mediator and the outcome, NDE, NIE, PIE, and the natural treatment-by-mediator interaction
effect, each averaged over the population of sites, as well as the between-site variance of each
site-specific effect.

| have listed in Table 2.3 the research questions with regard to the population average causal
effects over all the sites in column 3 and the corresponding notations in column 4. Column 5 lists
the research questions about the between-site variances of the site-specific effects; and column 6
lists the corresponding notations. Besides, | am also interested in the covariance between the site-
specific NDE and NIE, op(g)(1) = cov(,Bj(D) (O),,Bj(’)(l)), indicating whether Job Corps centers
that increased earnings through improving educational and vocational attainment also tend to be
successful in increasing earnings through other pathways.

In the rest of this chapter, | focus on the identification and estimation of the population
average and between-site variance of NDE and NIE. | will further discuss PIE and the interaction

effect in the next chapter.

2.4 ldentification Assumptions

For each causal effect, its average over the population of sites and its between-site variance
can be easily identified if all the potential mediators and potential outcomes are observed for all
the individuals in the population of eligible applicants at every site. However, we are able to
observe M;;(t) and Y;;(t, M;;(t)) for t = 0,1 only if individual i at site j was assigned to
treatment t. In addition, we never directly observe one’s potential outcome of assignment to
treatment t while the mediator would counterfactually take the value that one would have under
the alternative treatment t’ where t # t'. Causal inference relies exclusively on inferring
counterfactual information from the observed information. The inference inevitably invokes one

or more assumptions. Here | clarify the assumptions under which each of the population
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Table 2.3 Definitions of Population Average and Between-Site Variances

Between-Site
Variance

Average Effect over

Site-Specific Effect the Population of Sites

Research Question Research Question

ITT effect
on the mediator

To what extent did Job
Corps (JC) improve
educational and
vocational attainment?

To what extent did JC
increase earnings?

Were JC centers equally
effective in improving
educational and
vocational attainment?

a}- = E[aU|SU =]] a = E[a]] o’é = Uar(aj)

ITT effect

on the outcome Were JC centers equally

B = E[ B 15 = J] y® = E[p"] ' cen . of = var(8")
effective in Increasing

earnings?
NDE 3]_(0)(0) = E[ﬂi(jD)(O)lsij =] To what extent did JC y®(0) = E[B].(D)(O)] Were JC centers equally 020y = var(ﬂj(D)(O))
increase earnings through effective in increasing
other pathways? earnings through other
pathways?
NIE 3]_(1)(1) = E[Bi(jl)(l)lsij =j] To what extent did JC y®O1) = E[ﬁj(’)(l)] Were JC centers equally Ofyy = var(ﬁj(”(l))

D0) = E[ B (0)1S;; = ]

increase earnings through
improving educational
and vocational attainment
under the JC condition?

To what extent did JC
increase earnings through
improving educational
and vocational attainment
under the control
condition?

Did the improvement in
educational and
vocational attainment
produce a greater
increase in earnings
under JC than under the
control condition?

y®©0) = E["(0)]

y(TxM) — E[ﬂj(TxM)]

effective in increasing
earnings through
improving educational
and vocational attainment
under the JC condition?

Were JC centers equally
effective in increasing
earnings through
improving educational
and vocational attainment
under the control
condition?

Did JC enhance the
economic returns to
education and training in
some centers but not in
others?

oty = var(B"(0))

02y = var(ﬁj(TXM))
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parameters can be identified from the observed data. These assumptions should not be taken
lightly. Rather, they require close scrutiny on scientific grounds.

Assumption 2.1 (Strongly ignorable treatment assignment). Within levels of the
observed pretreatment covariates x, the treatment assignment is independent of all the potential

mediators and potential outcomes at each site.
{V;(t,m),M;(®O} L Tyj|Xpi; = X1, S5 = J.

fort = 0,1, m € M where M is the support for all possible mediator values, and j = 1,...,J,
where ] denotes the total number of sites. Under this assumption, there should be no unmeasured
confounding of the treatment-mediator relationship or the treatment-outcome relationship at any
site. Itis also assumed that 0 < Pr(T;; = ¢|Xr;; = x1,S;; = j) < 1. Thatis, each
individual had a nonzero probability of being assigned to either treatment group at a given site.

Assumption 2.1 enables the identification of the ITT effects, while identifying NDE and
NIE is considerably more challenging. This is because these two mediation-related causal effects
inv