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Summary. We present a linear rank preserving model (RPM) approach for analyzing mediation of a ran-
domized baseline intervention’s effect on a univariate follow-up outcome. Unlike standard mediation anal-
yses, our approach does not assume that the mediating factor is also randomly assigned to individuals in
addition to the randomized baseline intervention (i.e., sequential ignorability), but does make several struc-
tural interaction assumptions that currently are untestable. The G-estimation procedure for the proposed
RPM represents an extension of the work on direct effects of randomized intervention effects for survival
outcomes by Robins and Greenland (1994, Journal of the American Statistical Association 89, 737–749) and
on intervention non-adherence by Ten Have et al. (2004, Journal of the American Statistical Association 99,
8–16). Simulations show good estimation and confidence interval performance by the proposed RPM ap-
proach under unmeasured confounding relative to the standard mediation approach, but poor performance
under departures from the structural interaction assumptions. The trade-off between these assumptions is
evaluated in the context of two suicide/depression intervention studies.
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1. Introduction
We present a causal rank preserving model (RPM; e.g., Joffe
et al., 1998) approach for investigating whether a random-
ized baseline intervention effect on a continuous outcome oc-
curs through (indirect effect) or around a postrandomization
intermediate factor (direct effect) in the context of random-
ized behavioral health trials (i.e., mediation analysis). Using
the approach of potential outcomes (Neyman, 1923; Rubin,
1978), this work attempts to respond to the problem that
direct effects are not nonparametrically identifiable from the
data (Robins and Rotnitzky, 2005), as the number of param-
eters exceeds the number of identifying estimating equations.
Model-based assumptions achieve such identifiability by in-
creasing the number of identifying estimating equations. One
such assumption that is commonly made for standard me-
diation analysis methods (Baron and Kenny, 1986) is the
untestable no unmeasured confounding assumption for the
intermediate factor. This assumption is equivalent to random-
ization of the baseline intervention and of subsequent interme-
diate variables (i.e., a strong form of “sequential ignorability”;
e.g., Robins and Rotnitzky, 2005). Alternative approaches to
increasing the number of identifying equations entail speci-
fying baseline covariate relationships with the outcome (e.g.,

Vansteelandt and Goetghebeur, 2004) or using principal strat-
ification (PS, e.g., Frangakis and Rubin, 2002; Mealli and
Rubin, 2003). Under still another approach, we extend
a weighted estimating equation method by Robins and
Greenland (1994) for the survival context to the continu-
ous outcome context under certain no-interaction assump-
tions. Accordingly, this article compares the proposed RPM
approach to the standard approach in terms of a trade-off
between these interaction assumptions and sequential ignor-
ability. We use data from one of the behavioral intervention
studies of interest in this article to compare inference under
divergent assumptions.

The first study for which we use clinical insights to help
compare the standard and proposed approaches is a suicide
therapy study. It evaluated the effect of a specific type of
psychotherapy (cognitive therapy) versus usual care in the
treatment of suicide attempts, suicide ideation, hopelessness,
and depression in 120 patients who had recently attempted
suicide (Brown et al., 2005). The sample size for this investi-
gation at 6 months is 101 because of drop-out, which appears
to be weakly associated with the factors used in this analysis
as well as others (p > 0.35; Brown et al., 2005). We assess if
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the significant intent-to-treat effect of the cognitive therapy
on 6-month depression outcome as measured by the Beck De-
pression Inventory-II (BDI) was due to a direct effect apart
from the use of nonstudy therapy (mediator) between 4 and
6 months. Potential confounders of the mediator–outcome re-
lationship include economic and personal stress reducing the
motivation for nonstudy therapy and increasing the likelihood
of depression in suicide attempters. Additionally, the potential
for baseline depression to have modified significant cognitive
therapy effects on follow-up depression needs to be addressed
as a structural interaction under the proposed RPM approach.

The second study, a suicide prevention study, compared
collaborative care management for treating depression (and
thus reducing the risk of suicide) with usual care in 293 el-
derly depressed primary care patients (Bruce et al., 2004).
The collaborative care management program in the interven-
tion group was based on patient, primary care, and staff and
physician interactions with a nurse-level behavioral health
specialist (BHS). We evaluate if the significant intent-to-treat
effect of the intervention on the 4-month Hamilton depres-
sion outcome was due to a direct effect apart from the use
of prescribed antidepressant medication (mediator) between
baseline and 4 months. Potential unmeasured confounders of
the medication–depression relationship include medical co-
morbidities at follow-up, which deter elderly depressed pa-
tients from taking antidepressant medications because of so
many other medications necessitated by their medical co-
morbidities, which also predispose patients to depression. As
with the first study, potential baseline factors such as base-
line depression and suicide ideation may have modified the
significant effect of the BHS intervention and also the medi-
ator, antidepressant medication, on the follow-up depression
outcome.

The article now proceeds to Section 2 for notation,
Section 3 for models, Section 4 for assumptions, Section 5
for estimation, Section 6 for the simulation results, Section 7
for the case study analyses, and Section 8 for the discussion.

2. Notation
We define the observed and potential variables for participant
i. However, we suppress the index i to simplify the notation
resulting from the addition of indices for the randomized in-
tervention and mediators when defining the potential outcome
variables.

For the observed variables, Y is the observed continuous
outcome; R is the observed randomized zero-one variable; X is
the vector of observed baseline covariates other than random-
ization; and M is the observed mediation variable. Without
loss of generality, we assume M is binary. The RPM approach
and the corresponding G-estimation equations procedure that
we present can accommodate continuous M in a straightfor-
ward way.

In contrast to the observed outcome variable, Y, we define
Yrm to be the outcome variable that would be observed if
participant i were randomized to level r of the intervention
and through some hypothetical mechanism were to receive or
exhibit level m of the mediator. To establish a unique poten-
tial outcome, this approach assumes that all such hypothet-
ical mechanisms lead to the same potential outcome. With r
and m binary, we define four separate potential outcome vari-

ables: Y00, Y10, Y01, and Y11. With these four potential outcome
variables, one can define the causal contrasts for the direct
effect of the baseline intervention and the effect of the medi-
ator on outcome. These effects are defined more formally in
Section 3.1.

The indices of the potential outcome, which represent lev-
els of the baseline intervention and mediator “set” or manip-
ulated by those in control of these factors (e.g., investigators
or clinicians) need to be distinguished from the observed lev-
els of these factors for patient i. Given that the set levels of
randomized baseline and mediators are denoted by r and m,
respectively, in the definition of Yrm , we denote the observed
levels of R and M by r̃ and m̃, respectively. To be consis-
tent, we also denote the corresponding observed level of the
baseline covariates, X, as x̃.

3. Models
In our context, a RPM may be used to model jointly the
causal effects of the randomized baseline intervention and
the mediator. We present such an RPM in Section 3.1 and
the standard model in Section 3.2.

3.1 RPM
One specification of the RPM is

Yrm = g(x̃) + θMm + θRr + ε, (1)

for all participants regardless of what is actually observed in
terms of R and M; where θM = Yr1 − Yr0; θR = Y1m − Y0m;
g(·) is an unspecified function; and ε is a mean zero (given R
and X) error term with unspecified common distribution with
finite variance. Here, θM represents the effect of the mediator
on the outcome holding the baseline intervention fixed at any
level r; and θR represents the direct effect of the randomized
intervention on the outcome, holding the mediator fixed at
any level m.

The error term ε is not a function of m or r; this results in a
RPM model for intervention effects, where the effects of both
R and M are the same for all subjects. This rank-preserving
assumption allows simpler presentation of our estimators than
analogous more general and less restrictive structural distri-
bution models (SDMs; e.g., Robins et al., 1992) but imposes
no additional restrictions on the observable data. The assump-
tion of a common error distribution across covariate levels
imposes some restrictions on the observable data and makes
this model also more restrictive than a structural mean model
(SMM; e.g., Vansteelandt and Goetghebeur, 2004) with an
analogous form. Nonetheless, the estimators discussed below
apply to SMMs as well.

3.2 Standard Regression Model
For comparison with the RPM in (1), we present the corre-
sponding standard linear regression model as presented by a
number of authors (e.g., Baron and Kenny, 1986). This stan-
dard linear regression model is defined as

Y = βSx̃ + θMSm̃ + θRS r̃ + εS , (2)

for all participants, and where θRS = E(Y |R = 1, M = m̃,
X = x̃) − E(Y |R = 0, M = m̃,X = x̃); θMS = E(Y |R = r̃,
M = 1,X = x̃) − E(Y |R = r̃, M = 0,X = x̃); βS is a vector
of effects for baseline covariate values x̃; and εS is a mean
zero error term with a normal distribution and variance equal
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to σ2
S . The parameters θRS and θMS are defined as compar-

isons of observed outcome expectations from different sample
subgroups defined by r̃ and m̃ but not as causal contrasts of
expectations under different conditions defined by r and m for
the same individual. The comparisons of such subgroups will
only equal the causal contrasts for an individual under cer-
tain conditions listed below for the standard approach (e.g.,
sequential ignorability).

4. Model Assumptions
We now address the assumptions of each of the RPM and
standard approaches in Sections 4.1 and 4.2, respectively. Of
special interest will be sequential ignorability for the standard
approach and the structural interaction assumptions under
the RPM approach.

4.1 RPM Assumptions
For the RPM model, the assumptions necessary for unbiased
inference are: (1) Stable Unit Treatment Value Assumption
(SUTVA); (2) randomization (i.e., ignorability) of baseline
intervention assignment; (3) independence of observations for
standard error estimation; and (4) model assumptions includ-
ing no-interaction assumptions among baseline covariates, the
baseline randomized intervention, and the mediator.

SUTVA consists of two sub-assumptions. First, there is a
single value for each of the potential random outcome vari-
ables (Yrm) for a given patient i regardless of the randomiza-
tion assignment or mediation behavior of any other patient
i ′. Notationally, this assumption implies that Yrm is defined
with scalar indices for a given participant i, rather than vec-
tors of indices representing baseline intervention assignments
and mediator levels of all patients.

Second, there is a single value for each of the potential out-
come random variables (Yrm) for a given patient i regardless
of the method of administration of the randomized baseline
intervention or the administration or occurrence of the medi-
ator, such that for patient i with observed levels r̃ and m̃
for R and M, respectively, Y = r̃m̃Yr̃m̃ + (1 − r̃)m̃Y1−r̃m̃ +
r̃(1 − m̃)Yr̃1−m̃ + (1 − r̃)(1 − m̃)Y1−r̃1−m̃. Such an identity
only holds for binary r and m, but extends in a straightfor-
ward way to continuous m.

The randomization assumption for the RPM in (1) implies
stochastic independence between the randomized baseline in-
tervention, R, and potential outcomes. Stochastically, this
means for the potential outcomes: Pr(Y1,1, Y1,0, Y0,1, Y0,0 |R =
r̃,X = x̃) = Pr(Y1,1, Y1,0, Y0,1, Y0,0 |X = x̃). Such an assump-
tion implies no imbalance between randomization groups with
respect to unmeasured confounders, i.e., no unmeasured con-
founding. We note that for the suicide prevention study, pri-
mary care practices were randomized. However, because the
within-practice design effect is so small for the outcome, the
Hamilton depression scale, we ignore the clustering due to
primary care practice (Bruce et al., 2004).

Additional assumptions for the RPM in (1) include the ad-
ditive structure of the baseline intervention and mediating
factors and the following structural no-interaction assump-
tions. First, the causal effects of treatment and intermedi-
ate factors are assumed to be the same for all subgroups of
patients defined by baseline covariates (i.e., no X ∗ R and
X ∗ M interactions on Yr,m). Second, we assume the absence

of a structural interaction between the baseline intervention
and intermediate factors (R ∗ M) on Yrm . These structural
no-interaction assumptions are not fully testable, but fu-
ture research will focus on assessing and relaxing these as-
sumptions under the RPM without the sequential ignorability
assumption.

An additional but fully testable assumption is needed for
obtaining weights that are sufficiently noncollinear for achiev-
ing unique identifying estimating equations. Such an assump-
tion requires a significant intent-to-treat effect on the media-
tor that is modified by baseline covariates (i.e., X ∗ R on M).

Finally, the consistency of the proposed estimators of θM
and θR does not rely on the correct specification of g(x̃) or the
distribution of ε in (1). However, efficiency depends on how
well g(x̃) approximates the true relationship between X and
Yrm (e.g., Fischer-Lapp and Goetghebeur, 1999). In contrast,
the standard regression approach does rely on correct specifi-
cation of the relationship between the outcome and baseline
covariates, which is testable under sequential ignorability.

4.2 Standard Regression Assumptions
The standard regression model assumptions are: (1) se-
quential ignorability of both the baseline intervention and
mediator given baseline covariates; (2) independence among
participants; and (3) model assumptions including the cor-
rect form of g(x̃) and a no-interaction assumption. We fo-
cus on the sequential ignorability and no-interaction as-
sumptions. While the RPM in (1) requires ignorability of
R under randomization of the baseline intervention assign-
ment, the standard regression model in (2) requires ig-
norability for both the baseline intervention and mediator.
The sequential ignorability assumption implies stochastic in-
dependence of these two factors relative to the potential
outcomes, conditional on baseline covariates. Stochastically,
this implies Pr(Y1,1, Y1,0, Y0,1, Y0,0 |R = r̃, M = m̃,X = x) =
Pr(Y1,1, Y1,0, Y0,1, Y0,0, |X = x̃). The no confounding assump-
tion for the mediator that is made in the literature on
standard mediation methods (e.g., Baron and Kenny, 1986)
requires the above identity. Although there is no interaction
in the standard model in (2), any of the candidate interac-
tions, X ∗ R, X ∗ M , and R ∗ M can be identified and esti-
mated under the above assumptions, especially the sequential
ignorability assumption for both the baseline intervention and
mediator.

5. Estimation
Under the assumptions in Section 4.1 and RPM in (1), con-
sistent estimators of θR and θM can be obtained by solving
the following weighted G-estimation equations for θM , θR,
and parameters of g(X). To obtain these equations based
on observed data, we first relate the observed and poten-
tial outcome variables as follows with the potential outcome
indices in (1) equal to the corresponding observed outcome
indices, m = m̃ and r = r̃ : Y = Y0,0 + m̃θM + r̃θR. Based on
this relation, we obtain a candidate value for Y0,0 for each
combination of m̃ and r̃: Y0,0(θ

∗) = Y − m̃θ∗
M − r̃θ∗

R where
θ∗T = (θ∗

Mθ∗
R) and the elements of which are putative or can-

didate values for θM and θR. When θ∗
R = θR and θ∗

M = θM
under the RPM and β̂ is some estimate of β under the

working specification g(X) = βT X, Y0,0(θ
∗) − β̂

T
x̃ and the
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randomized baseline intervention, R, are uncorrelated. Hence,
we can obtain consistent estimators of θM and θR by iteratively
solving the following unbiased estimating equation using a
Newton–Raphson routine,

∑
(R − q)W(x̃)(Y0,0(θ) − β̂

T
x̃) = 0, (3)

where θT = (θMθR); q ≡ Pr(R = 1), the proportion random-
ized to the baseline intervention; β̂ is obtained from a linear
regression of Y0,0(θ̂) on X given an estimate of θ from the
previous iteration; and W(x̃) is a weight vector function of
the observed elements of X.

Assuming that they are not perfectly collinear, each ele-
ment of W(x̃) corresponds to a separate identifying equation
for the corresponding structural parameter under certain as-
sumptions. These weight elements can be derived from effi-
cient score criteria in Robins et al. (1992) under the linear
structural distribution model given additional assumptions
such as sequential ignorability and normal errors with con-
stant variance. These additional assumptions impact effi-
ciency but not the consistency of the resulting estimators.
Accordingly, W(x̃)T = [1 η(x̃)] with the two elements corre-
sponding to θR and θM , respectively. In the context of in-
tervention nonadherence, the element corresponding to θM
is the “compliance score,” η(x̃) = Pr(M = 1 |R = 1,X = x̃) −
Pr(M = 1 |R = 0,X = x̃) (e.g., Ten Have et al., 2004). To pre-
clude collinearity with the element of “1” in W(x̃), variation
across covariates X is needed for this score, which is a mea-
sure of the interaction between baseline covariates and the
randomized intervention factor with the mediator as the de-
pendent variable. In estimating the effect of the mediator on
outcome (θM ), η(x̃) upweights participants characterized by
X = x̃ for whom the randomized intervention effect on the
mediator is large, thus contributing information to estimating
the path through the mediator to outcome. For this article,
estimation of Pr(M |R, X) was based on the logistic model.
The consistency of the resulting estimator of θ is not impacted

by the form of either W(x̃) or Y0,0(θ) − β̂
T
x̃, although the ef-

ficiency of θ̂ is.
The variance–covariance for θ̂ is estimated after conver-

gence of the G-estimation algorithm with a sandwich estima-
tor based on (3) as follows: VarCov(θ̂) = D−1H−1D−1T , where
D is a symmetric 2 × 2 matrix: D =

∑
∂S
∂θ

;S is a 2 × 1 col-

umn vector for patient i: S = (R − q)
(
Y0,0(θ) − βT x̃

)
W(x̃);

and H is a 2 × 2 submatrix corresponding to the θ elements
in the (2 + k) × (2 + k) matrix:

∑
S∗S∗T with S∗ equal to S

but augmented with score functions for g(X) in general and
βT x̃ in particular. The resulting estimate of VarCov(θ̂), eval-
uated at θ̂ and β̂, is used in Wald statistics for hypothesis
testing and Wald confidence intervals for θM and θR. We as-
sume that q ≡ Pr(R = 1) is fixed by design but estimation of
q may improve efficiency (Robins et al., 1992; Fischer-Lapp
and Goetghebeur, 1999).

6. Simulations
Under different combinations of sequential ignorability and
structural no-interaction assumptions, we now present sim-
ulation results for the effects of the randomized baseline in-
tervention and mediation factors given the conditions of the
two example trials. Each data set for each set of simulations

was based on the corresponding characteristics of the respec-
tive example data set and fitted RPMs: (1) sample size of the
data set (293 for the suicide prevention study and 101 for the
suicide therapy study); (2) observed values of X and R for
each subject in each study; and (3) study-based estimates of
θ, β, and η(x̃). Given these specifications, we simulated Yrm

and M.
First, in Table 1 under no sequential ignorability but still

under the assumption of no structural X ∗ R, X ∗ M , and
R ∗ M interactions for Yrm , we specified that the error term
for Yrm in (1), ε, was decomposed into two components, one
of which was related to a model for M. That is, we specified
the following shared parameter framework: ε = ε∗ + νY γ and
Pr(M = 1 |R = r̃,X = x̃) = expit(δT x̃ + αr̃ + νMγ), where γ
is a normal random variable with mean zero and variance
equal to one; νY = νM = 1; ε∗ is a normal random variable
with mean zero and variance equal to the variance of the
observed outcome variable in the particular example data set;
and δ and α are specified to be equal to the corresponding
naive estimates from the logistic regression of M on X and R
interaction without consideration of γ. The values of X used
for the simulations were obtained from the samples of the two
studies, such that on Yrm, η(x̃) varied by more than 0.80 on
the probability difference scale across X = x̃.

Second, Table 2 presents an assessment of the sensitivity
of the RPM approach to departures from the assumptions
of no X ∗ R interaction on Yrm . Specifically, we included an
Xk ∗ R interaction term in the RPM based on (1) in an addi-
tional simulation. Finally, in Table 3 we present a simulation
under both sequential ignorability and no structural X ∗ R,
X ∗ M , and R ∗ M interactions for Yrm .

For each simulation specification, we simulated 1000 sets of
data for Y and M. From the corresponding 1000 sets of fitted
RPMs under (1), we computed for θR and θM , the absolute
and relative bias of the RPM estimate, the mean squared error
(MSE), and confidence interval coverage (a proportion of iter-
ations for which the 95% confidence interval included the true
value of θR or θM ). We computed the same simulations statis-
tics for the standard regression model in (2). The results of
the simulations for the suicide prevention and therapy studies
are summarized below.

Table 1 shows that under the absence of sequential ignor-
ability but under no structural X ∗ R, X ∗ M , and R ∗ M
interactions for Yrm , the RPM approach yields smaller bias
and more accurate confidence intervals than the standard re-
gression procedure, but at the expense of larger MSE due to
greater variability. This result is consistent for MSE and bias
between the two example-based simulations and between θR
and θM . There is somewhat less consistency for the improve-
ment in 95% confidence interval coverage under the RPM ap-
proach relative to the standard regression procedure. Also,
the MSE tends to be larger for RPM estimators of θM than
of θR.

The simulation results in Table 1 for the RPM approach
under the suicide prevention study conditions are somewhat
better than the analogous results for the suicide therapy
study conditions with the smaller sample size. Based on ad-
ditional simulations, this difference in results between study
conditions appears to be partly attributable to differences in
sample size and the magnitude of the X ∗ R interaction on
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Table 1
Simulation results based on the suicide prevention (“prevention”) study (N = 293;
θM = −1.43 and θR = −2.58) and on the suicide therapy (“therapy”) study (N =
101; θM = 14.59 and θR = −3.93) without sequential ignorability but assuming no

R ∗ M , X ∗ R, or X ∗ M structural interactions for Yrm

Suicide Simulation Mediation Direct
study Method statistic effect (θM ) effect (θR)

Prevention Standard Bias (%) 3.68 (258%) 0.79 (31%)
RPM 0.02 (1%) 0.00 (0%)

Therapy Standard −4.05 (−28%) −0.41 (−10%)
RPM 0.40 (3%) −0.18 (5%)

Prevention Standard % Coverage 2% 84%
RPM 99% 95%

Therapy Standard 73% 95%
RPM 90% 97%

Prevention Standard MSE 14.37 1.46
RPM 23.43 1.92

Therapy Standard 25.11 7.10
RPM 326.95 11.60

Table 2
Simulation results based on the suicide prevention (“prevention”) study (N = 293;
θM = −1.43 and θR = −2.58) and on the suicide therapy (“therapy”) study (N =

101; θM = 14.59 and θR = −3.93) without sequential ignorability and with a X1 ∗ R
(10% of θR) structural interaction for Yrm

Suicide Simulation Mediation Direct
study Method statistic effect (θM ) effect (θR)

Prevention Standard Bias (%) 3.65 (255%) −3.88 (−150%)
RPM −1.14 (−80%) −4.91 (−190%)

Therapy Standard −3.26 (−23%) −12.99 (−333%)
RPM 12.35 (864%) −11.67 (−299%)

Prevention Standard % Coverage 0% 0%
RPM 99% 7%

Therapy Standard 82% 0%
RPM 86% 21%

Prevention Standard MSE 14.16 15.85
RPM 24.88 26.11

Therapy Standard 19.70 175.75
RPM 482.99 156.50

M. First, the bias of θ̂R appears to be impacted slightly by
the magnitude of the X ∗ R interaction on M, although the
variability of θ̂R is increased substantially, as are the bias and
variability of θ̂M . Second, halving the sample size for each
study has a differential impact. For the RPM estimators un-
der the suicide therapy study conditions, halving the overall
sample size to 50 did not adversely impact bias, but did in-
crease MSE, especially for θR and decreased the coverage for
θM . Under the suicide prevention study conditions, halving
the overall sample size to 150 adversely impacted bias and
MSE but not the confidence interval coverage for the RPM
estimators of θR and θM .

Additionally, Table 2 assesses the RPM approach relative
to the standard regression method without sequential ignora-
bility and with a structural Xk ∗ R interaction on Yrm . Table 2
does not show the Table 1 superiority of the RPM approach
over the standard regression method for bias and confidence
interval coverage. Specifically, the RPM and standard regres-

sion estimators of the direct effect of the baseline intervention
exhibit similarly severe bias and lack of confidence interval
coverage for both study contexts. Nonetheless, the RPM ap-
proach does provide consistently better coverage than the zero
coverage of the standard approach.

Table 3 presents very different simulation results under se-
quential ignorability and without any structural interactions.
The RPM and standard regression approaches perform simi-
larly well for bias and confidence interval coverage, but with
the RPM approach exhibiting larger MSEs and somewhat
worse confidence interval coverage.

In summary, the simulations show the trade-off be-
tween the sequential randomization and structural no-
interaction assumptions in terms of comparisons between
the RPM and standard approaches. For bias and coverage
but not MSE, the RPM approach performs better than the
standard approach under the structural no-interaction set-
ting. However, they both perform poorly when the structural



Causal Mediation Analyses with RPMs 931

Table 3
Simulation results based on the suicide prevention (“prevention”) study (N = 293;
θM = −1.43 and θR = −2.58) and on the suicide therapy (“therapy”) study (N =
101; θM = 14.59 and θR = −3.93) with sequential ignorability and without any

structural interactions (e.g., X1 ∗ R) for Yrm

Suicide Simulation Mediation Direct
study Method statistic effect (θM ) effect (θR)

Prevention Standard Bias (%) 0.03 (2%) 0.02 (1%)
RPM 0.08 (6%) 0.02 (1%)

Therapy Standard −0.10 (−1%) −0.10 (−2%)
RPM −0.13 (−1%) −0.12 (−3%)

Prevention Standard % Coverage 96% 95%
RPM 99% 94%

Therapy Standard 95% 95%
RPM 90% 96%

Prevention Standard MSE 0.73 0.73
RPM 20.06 1.64

Therapy Standard 8.51 6.76
RPM 308.87 16.28

no-interaction assumption is relaxed, although the standard
approach may yield worse confidence interval coverage. Fi-
nally, when both sets of assumptions hold, the two models
perform well, although the standard approach performs some-
what better in terms of confidence interval coverage. Overall,
the standard approach yields better MSE than the proposed
RPM procedure.

7. Data Analyses
The descriptive statistics in Table 4 suggest similarities be-
tween the two examples in terms of the intent-to-treat (ITT)
comparisons of outcome but not in terms of the ITT com-
parison of the mediator factor. First, the ITT contrasts for
outcome and mediator are significant in both studies. Hence,
an analysis of the mediation of these significant ITT effects
is justified. Second, Table 4 also indicates differences between
the two examples in terms of the level of use of the mediator
factor by patients and also the sign of the ITT effect on the
mediator factors. Most of the depressed patients in the sui-
cide prevention study used medication regardless of whether
they were in the BHS arm or not. In contrast, in the suicide
therapy study, fewer of the suicidal patients used nonstudy
therapy in either arm, although a higher proportion of the
usual care group used nonstudy therapy than the random-
ized study therapy group. Given the differences between the
two examples with respect to the mediator results in Table 4,
we now compare the RPM and standard regression results in
Table 5.

7.1 Suicide Prevention Study

The RPM and standard regression estimates for the suicide
prevention study in Table 5 are in agreement in estimating
a statistically significant direct effect of the BHS interven-
tion on the 4-month Hamilton outcome apart from increas-
ing antidepressant use among the depressed patients. The
estimated direct effect of this intervention under both the
RPM and standard regression approaches is an approximate
reduction of 2.5 Hamilton units. However, the RPM confi-
dence interval is wider than the standard regression confidence

Table 4
For the suicide prevention (“prevention”) and therapy

(“therapy”) studies, means (standard deviations in
parentheses) and proportions for the Hamilton or BDI

depression outcomes, respectively, and proportion of patients
taking antidepressant medication or nonstudy therapy,

respectively, by randomized intervention group or by whether
they took antidepression medication or nonstudy therapy

Suicide
study Group Hamilton Medication

Prevention Usual care 13.55 (8.35) 0.45
Intervention 11.50 (7.38) 0.85
No medication 13.14 (8.09)
Medication 12.23 (12.23)

Nonstudy
BDI therapy

Therapy Usual care 19.33 (12.07) 0.25
Study therapy 14.02 (14.77) 0.08
No nonstudy therapy 17.08 (14.78)
Nonstudy therapy 15.11 (12.07)

intervals, as one would expect from the MSE results in the
simulations. The significant direct effect of the presence of
BHS on reducing depression could be the result of the im-
pact of this specialist on the staff and physicians of the prac-
tices. That is, one would expect that the presence of the
BHS in the intervention practices raised the sensitivity of
the staff and providers in treating depression. We also see
that both the RPM and standard regression approaches in-
dicate a nonsignificant effect of the mediator (antidepressant
use) on outcome.

Estimating the direct effect of the BHS intervention under
the RPM approach required covariates that interact with the
significant randomized intervention factor on the mediator,
i.e, varying the compliance score-based weight element, η(x̃).
One strategy for identifying such predictors is to perform
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Table 5
For the suicide prevention (“prevention”) and therapy

(“therapy”) studies, ITT, standard regression, and RPM
estimates are presented for the direct effects of the randomized
baseline intervention (BHS or study cognitive therapy) and the

mediator (antidepressant medication or nonstudy therapy).
Standard errors and nominal 95% confidence intervals are

in parentheses.

Suicide Direct Mediator
study Method effect effect

Prevention ITT −3.12 (0.82)
(−4.72,−1.51)

Standard −2.67 (0.89) −1.19 (0.94)
(−4.41,−0.93) (−3.03, 0.65)

RPM −2.58 (1.27) −1.43 (2.34)
(−5.07,−0.10) (−6.01, 3.15)

Therapy ITT −6.35 (2.53)
(−11.37,−1.33)

Standard −6.86 (2.60) −3.05 (3.46)
(−12.01,−1.70) (−9.92, 3.82)

RPM −3.93 (3.09) 14.59 (15.87)
(−9.98, 2.12) (−16.52, 45.69)

logistic regression of medication use on baseline covariates
stratified by the randomization arm. For the group not ran-
domized to the BHS, we did not find any significant predictors
of taking medication (p > 0.50), except for baseline antide-
pressant medication status (p = 0.03). For the group ran-
domized to the BHS, site, past medication history and base-
line medication status are strongly predictive of the mediator
medication factor (p < 0.001). Comparing these predictive
relationships between the two randomization arms, the test
of the overall X ∗ R interaction on M yielded a p-value of
0.006. Accordingly, the distribution of the estimated compli-
ance scores based on these predictive factors, η̂(x̃), appears
to be sufficient, as evidenced by the range of scores (−0.08 to
0.72) and quartiles (−0.06, 0.55, and 0.70).

7.2 Suicide Prevention Study
In contrast to the suicide prevention study, the RPM and
standard regression estimates for the suicide therapy study
in Table 5 are not in agreement, indicating possible unmea-
sured confounding of the standard regression results and/or
a violation of the no M ∗ R, X ∗ R, and X ∗ M interac-
tions assumption for Yrm . Specifically, for the suicide therapy
study, the estimate of θR under the RPM is smaller than the
standard regression estimate of θRS . Hence, under the stan-
dard approach there is a significant direct effect of the study
therapy on the 6-month depression outcome, apart from any
impact on this outcome through the use of nonstudy therapy,
whereas the RPM approach indicates that there is not suffi-
cient evidence for such inference. There are three alternative
explanations for this discrepancy in the direct effect estimates
between the RPM and standard approaches: (1) confounding
of the nonstudy therapy versus depression outcome relation-
ship; (2) effect modification of the nonstudy therapy mediator
on an outcome by study cognitive therapy; and (3) modifica-
tion of the effect of baseline cognitive therapy on an outcome
by baseline depression or suicide ideation.

First, the smaller direct effect of the study therapy in-
tervention on 6-month depression under the RPM approach
relative to the standard approach may reflect potential con-
founding of the effect of nonstudy therapy on depression.
While not significant under either model, the conditional as-
sociation between nonstudy therapy and depression under the
standard approach is negative (helps reduce depression) while
the corresponding effect under the RPM approach is positive
(helps increase depression). It is possible that the negative
association under the standard approach may be due to con-
founding by environmental stresses (family and or financial)
that reduced the likelihood of use of nonstudy therapy and
also increased depression. However, when potentially control-
ling for this unmeasured stress confounder under the RPM,
nonstudy therapy increases depression because of the ineffec-
tiveness of these therapies in dealing with suicidal thoughts
(Brown et al., 2005). Not being vulnerable to such unmea-
sured confounding, the RPM approach suggests that some of
the intent-to-treat effect of the baseline therapy intervention
occurs by reducing the reliance on nonstudy therapy and thus
reducing depression.

Second, the reduced direct effect of study therapy under the
proposed RPM may reflect that the study therapy enhanced
the effectiveness of the nonstudy therapy on depression (ef-
fect modification based on R ∗ M). For example, it is possi-
ble that patients learned to utilize information and problem-
solving skills obtained from the study therapy and applied
them to the other therapy that they had received. The clinical
investigators for this study suggested that this scenario was
likely.

Third, the difference in inference between the RPM and
standard regression approaches could also reflect departures
from the assumption of no baseline covariate effect modifica-
tion of the direct effect of the cognitive therapy intervention
(R ∗ X). The cognitive therapists may have provided more
intensive therapy for patients with more suicide ideation or
depression at baseline, which would have resulted in such in-
teraction. Nonetheless, the investigators believed that the cog-
nitive therapy approach is standardized enough that such an
interaction was not very likely. A similar scenario may have
existed with baseline depression severity impacting the way
external therapists provide nonstudy therapy (M ∗ X). How-
ever, this interaction may also be less likely given that non-
study therapists mostly saw patients after the study started
and may not have been aware of their respective patients’
baseline status.

The above subject matter discussion of possible violations
of the sequential ignorability and structural no-interaction as-
sumptions has provided information to weigh these two sets
of assumptions against each other. The study investigators
believe that the unmeasured stress-based source of confound-
ing violating sequential ignorability was as likely as the pos-
sibility of effect modification of the nonstudy therapy effect
on depression outcome by the baseline cognitive intervention.
Hence, clinical information and statistical evidence suggests
that departures from sequential ignorability and/or depar-
tures from the assumption of no R ∗ M interaction on Yrm

may be leading to differences between the standard and RPM
approaches with respect to the direct effect of the baseline
cognitive intervention.
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Inferentially, the RPM and standard approaches also dis-
agree with respect to the sign of the effect of nonstudy ther-
apy on the depression outcome, although both approaches
yielded confidence intervals surrounding one. Moreover, the
RPM-based estimate of θM and corresponding standard er-
ror are much larger in magnitude than the analogous stan-
dard regression estimates. This result conforms to the large
simulation-based MSE for θM in Table 1. Nonetheless, Table
1 indicates that such variability in the θM estimate does not
preclude more accurate inference of the G-estimation estimate
of θR under the structural no-interaction assumption.

In assessing the effectiveness of the compliance score-based
weight element, η(x̃), for G-estimation, we again evaluate the
predictors of the mediator, taking nonstudy therapy, strati-
fied by randomization arms. For the group not randomized to
the study therapy, we did not find any significant predictors
of nonstudy therapy before 6 months (p > 0.45), except for
the positive association with baseline suicide ideation status
(p = 0.03). For the group randomized to the study therapy,
we did not find any significant predictors (p > 0.30) of non-
study therapy use before 6 months. The corresponding test of
the overall X ∗ R interaction on M yielded a p-value of 0.59,
which is much less significant than the p-value of 0.006 for
the larger suicide intervention study. Nonetheless, the suicide
therapy study appeared to have a wider range of estimated
compliance scores (−0.99 to 0.21) than did the suicide preven-
tion study (−0.72 to 0.08). The spread of the quartiles for the
suicide therapy study compliance scores (−0.20, −0.10, and
0.01) indicates some skewness but with higher mass toward
zero.

8. Discussion
We have proposed a new approach to analyzing direct effects
of randomized baseline interventions in the presence of a post-
randomization mediation factor. This approach is based on a
linear model extension of a weighted test-based approach by
Robins and Greenland (1994) for testing direct and media-
tor effects with respect to survival outcomes. The multiele-
ment weight vector with separate weights for each parameter
leads to separate identifying equations for each parameter.
The absence of perfect collinearity among the weight ele-
ments ensures that the identifying equations achieve a full
rank-identifying matrix. A similar approach was implemented
by Ten Have et al. (2004) but in a different context, that
of intervention noncompliance with intervention-received as
the postrandomization factor. In contrast to Ten Have et al.
(2004), who investigated the estimation of the intermediate
factor (adherence to randomized intervention), we focus this
approach on estimating the direct effect of the randomization
factor when the postrandomization factor is a mediator.

In this article, we relate the proposed RPM approach to the
standard regression mediation approach through simulations
and analyses of data from two behavioral intervention tri-
als. These two approaches require different sets of potentially
untestable assumptions, which lead to tradeoffs. In practice,
these tradeoffs of assumptions require assessment using clini-
cal or subject matter information.

In addition to the bias versus variability trade-off shown in
the simulations and example, the RPM approach exchanges
the untestable sequential ignorability assumption for not fully

testable no-interaction assumptions among baseline covariates
and the baseline intervention and mediator. In both of our
studies, there was clinical conjecture about potential unmea-
sured confounders that would violate the sequential ignorabil-
ity assumption. However, there is also clinical weight given to
interactions between baseline study interventions and follow-
up nonstudy therapies on the follow-up depression outcome.
Balancing these assumptions is a clinical judgment.

Future research will focus on assessing the structural
R ∗ M , X ∗ R, or X ∗ M interactions under (1). An ad-
ditional element involving X will be added to W(x̃) for each
additional structural interaction parameter based on the cri-
teria of Robins et al. (1992). The difficulty of testing these
structural interactions arises because X would be required to
satisfy several strong constraints. For example, for R ∗ M ,
X (e.g., baseline depression) would need to satisfy two condi-
tions: (1) X leads to strong interaction with R on M (i.e., vari-
ation in compliance score across x̃); and (2) Pr(M = 1 |R =
1, X) is not perfectly collinear with the compliance score. For
assessing R ∗ X, condition (2) would need to be that X it-
self is not perfectly collinear with the compliance score. Our
future research will focus on determining such baseline covari-
ates satisfying these conditions for either of the two example
studies. While the above weights yield consistent estimators
under departures from sequential ignorability, they are not ef-
ficient under these departures. Additional future research will
develop weights leading to consistent estimators that are also
efficient under departures from sequential ignorability.

An alternative to the proposed RPM approach is principal
stratification (Frangakis and Rubin 2002; Mealli and Rubin,
2003), which is based on estimating baseline intervention ef-
fects within latent strata defined by potential mediator out-
comes in the different randomization arms. This approach al-
lows an alternate definition of the direct effect as the effect
of the baseline intervention for certain subgroups for which
baseline intervention does not affect the mediator (Mealli and
Rubin, 2003). This PS method does not attempt to parse out
the separate effects of the baseline intervention and media-
tor factors, which is the goal of the standard mediation ap-
proaches (Joffe, Small, and Hsu, 2007). Hence, to provide a
parallel way to do this parsing while relaxing sequential ig-
norability but under not fully testable no-interaction assump-
tions, we have proposed the RPM approach.

Ten Have et al. (2004) and at a conceptual level Joffe
et al. (2007) expressed the PS direct effect parameters in
terms of RPM parameters but with a focus on the effect of
adherence as the mediator. Without a direct effect of the ran-
domized baseline intervention, the equivalence of the media-
tion effects between PS and RPM approaches was empirically
supported. However, with a direct effect, the mediation effects
were very different under the two approaches. Future research
will focus on whether the direct effects also differ between the
two approaches and on the nature of this relationship under
the no-interaction assumptions.

Finally, a reviewer notes that the principal stratification
approach to mediation does not require the structural no-
interaction assumption between R and M, although it still
requires no-interaction between the effect of R and baseline
covariates X within the principal strata. The separate direct
effects would be identified and estimated consistently within



934 Biometrics, September 2007

each principal strata for which the potential mediator Mr is
constant for both levels of r (i.e., never-takers and always-
takers in the adherence context). The required assumptions
are that the covariates predict and distinguish among these
principal strata, but assume constancy of the effect of R across
covariate levels within these two strata. Comparing the sep-
arate effects of R on Y identified within each of these strata
represent a way for assessing the R ∗ M interaction.

9. Supplementary Materials
The SAS Macros for the RPMI as they apply to the
two example data sets in this article (Suicide Prevention
and Therapy Studies in Section 7) are available under
the Article Information link at the Biometrics website
http://www.tibs.org/biometrics. More general software
for more than two covariates will be available from the first
author at ttenhave@cceb.med.upenn.edu.
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