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Mediation and moderation of treatment effects in
randomised controlled trials of complex
interventions
Richard Emsley, Graham Dunn Health Methodology Research Group, School of
Community Based Medicine, University of Manchester, UK and Ian R White MRC Biostatistics
Unit, Cambridge, UK

Complex intervention trials should be able to answer both pragmatic and explanatory questions in order
to test the theories motivating the intervention and help understand the underlying nature of the clinical
problem being tested. Key to this is the estimation of direct effects of treatment and indirect effects acting
through intermediate variables which are measured post-randomisation. Using psychological treatment
trials as an example of complex interventions, we review statistical methods which crucially evaluate
both direct and indirect effects in the presence of hidden confounding between mediator and outcome.
We review the historical literature on mediation and moderation of treatment effects. We introduce two
methods from within the existing causal inference literature, principal stratiﬁcation and structural mean
models, and demonstrate how these can be applied in a mediation context before discussing approaches and
assumptions necessary for attaining identiﬁability of key parameters of the basic causal model. Assuming
that there is modiﬁcation by baseline covariates of the effect of treatment (i.e. randomisation) on the mediator
(i.e. covariate by treatment interactions), but no direct effect on the outcome of these treatment by covariate
interactions leads to the use of instrumental variable methods. We describe how moderation can occur
through post-randomisation variables, and extend the principal stratiﬁcation approach to multiple group
methods with explanatory models nested within the principal strata. We illustrate the new methodology
with motivating examples of randomised trials from the mental health literature.

1

Introduction

Good trials evaluating complex interventions should be able to answer both pragmatic
and explanatory questions. As well as asking ‘Does it work?’, we should also be asking
‘How does it work?’, ‘What components are responsible for efﬁcacy?’ and ‘Can it be
tailored to work more effectively with particular types of patient?’.1−4 At its best, the
complex intervention trial will be a sophisticated clinical experiment designed to test
the theories motivating the intervention and will also help understand the underlying
nature of the clinical problem being treated.
In this review we focus on psychological treatment trials as an exemplar of complex
intervention trials. Psychological treatment trials almost always involve the collection of
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multivariate outcomes. Rarely is it satisfactory to insist that there should be one simple
primary outcome. Although these trials may be large, it would be a mistake to routinely
aim to make them simple.
The term ‘mediator’ is commonly used for a variable on a causal pathway, and ‘moderator’ for a variable which modiﬁes the strength of part or all of a causal pathway.5
Complex interventions have, by deﬁnition, multiple components and are therefore characterised by complex treatment effect mechanisms with multiple mediators, with the
possibility of moderators such as the background characteristics and environment of
the patient. It is important that these mediating and moderating mechanisms are investigated as a major component of the analysis of a randomised trial. However, investigators
should be aware of the pitfalls of using over-simpliﬁed methods of analysis. Simple, naïve
approaches (equivalent to correlating intermediate and ﬁnal outcomes) are very likely
to be invalid because of ‘hidden confounding’ caused by selection effects. The aim of
this review is to describe ways to investigate mediation and the sources of treatment
effect heterogeneity in the presence of hidden confounding.
We start by describing the ideas of mediation and moderation. We then describe
two motivating examples of randomised trials from the mental health literature – one
aimed at suicide prevention in elderly patients suffering from depression,6 and the other
evaluating psychological interventions in recent onset psychosis.7 We then give a brief
historical survey of the theoretical work in this area and explain what hidden confounding is and why it invalidates the use of simple regression models. This is followed by
a description of the relevant notation and demonstration of the decomposition of the
total causal effect of treatment into direct and indirect effects in the case of a single
putative mediator. We introduce principal stratiﬁcation and structural mean models,
and discuss approaches for attaining identiﬁability of the key parameters of the basic
causal model. We brieﬂy discuss moderation of treatment effects by baseline covariates and develop this idea to the evaluation of treatment effect heterogeneity due to
patient characteristics, such as therapeutic alliance, that cannot be observed prior to
treatment allocation (randomisation). A key component of this development is the use
of explanatory models nested within latent classes (e.g. principal strata). Methods will
be illustrated through analysis of data from the two randomised trials.
2

A brief introduction to mediation and moderation

We start with a trial in which there are no measured baseline covariates. Consider the
simple directed or causal inference graph (path diagram) given in Figure 1(a). In such a
graph, each arrow represents an assumed causal inﬂuence of one variable on another.
Randomised treatment allocation (Z) has an effect on an intermediate outcome (M)
which, in turn, has an effect on the ﬁnal outcome, Y. There is also a direct effect of
Z on Y. That part of the inﬂuence of Z on Y that is explained by the effect of Z on
M is an indirect or mediated effect. The intermediate variable, M, is a treatment effect
mediator. The key thing to remember is that Figure 1(a) is representing structural or
causal relationships, not merely patterns of association. The effect of Z on M is the
effect of manipulating Z – i.e. setting Z to equal a particular value z (set(Z = z) or
do(Z = z), using the terminology of Pearl).8 Similarly, the effect of M on Y is the effect
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Figure 1 Possible causal path diagrams relating randomised treatment allocation (Z ) to an intermediate
outcome (M) and a ﬁnal outcome (Y ).

of manipulating M (do(M = m)) on the outcome Y. It is not necessarily the same as the
observed association between M and Y given an observed value of the mediator that
has not been manipulated by the investigator.
The important skill that an investigator needs in interpreting directed graphs such
as Figure 1(a) is to automatically think ‘What vital component might be missing?’
or ‘What’s not in the graph?’ In our experimental set-up (the RCT), we are able to
manipulate Z through random allocation (and by implication we can assume that there
are no confounders of the effects of Z on either M or Y). But, typically, we have no
control over either M or Y (they are both, in fact, outcomes of randomisation). So, there
may be unobserved variables, other than treatment (Z), that inﬂuence both M and Y.
Let these unobserved inﬂuences be represented by the variable U. The directed graph for
this situation is shown in Figure 1(b). Let us further suppose that we cannot measure M
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directly (i.e. without error), but we have an error-prone proxy, M*. The corresponding
graph is now Figure 1(c).
Let us assume that a data analyst uses simple (multiple) linear regression or structural equation modelling approaches to estimate the size of the effects illustrated by
Figure 1(a). Can they interpret the resulting regression coefﬁcients as causal effects?
Yes, if the model represented by Figure 1(a) is the correct one. But if either Figure 1(b)
or 1(c), or a more complex model, is correct then a naïve analysis based on Figure 1(a)
will lead to invalid results.
Let us ﬁnally assume that we have measured an important baseline covariate, X.
Suppose the effect of Z on M is inﬂuenced by the value of X. The covariate X is said
to be a moderator of the effect of Z on M. In addition, X itself is assumed to inﬂuence
the values of M and to directly inﬂuence the values of Y, but there are no covariate by
treatment interactions for these components of the model. The resulting graph (assuming
M is measured without error) is given in Figure 1(d). By convention, a graph with multiple
arrows pointing at a single variable allows for interactions between the causal variables.
We depart from this convention and indicate the interaction between X and Z on M
by a double-headed arrow. Again, when interpreting Figure 1(d) we should be carefully
considering what paths are missing as well as the ones that are drawn. The missing
paths are indicative of some of the vital assumptions on which any valid analysis might
be made.

3

Motivating examples

3.1 PROSPECT (a suicide prevention trial)
PROSPECT (Prevention of Suicide in Primary Care Elderly: Collaborative Trial) was
a multi-site prospective, randomised trial designed to evaluate the impact of a primary
care-based intervention on reducing major risk factors (including depression) for suicide
in later life.6 Participants were recruited from 20 primary care practices in New York
City, Philidelphia and Pittsburgh regions. Ten pairs of practices were matched by region
(urban vs suburban/rural), afﬁliation, size and population type. Within these 10 pairs,
practices were randomly allocated to one of two conditions by a ﬂip of a coin. The
two conditions were either (a) an intervention based on treatment guidelines tailored
for the elderly with care management or (b) treatment as usual. Bruce et al.6 reported
an intention-to-treat (ITT) analysis for a cohort of participants recognised as being
depressed at the time of randomisation. Data from this trial have also been analysed
in detail by Ten Have et al.,9 Bellamy et al.,10 Lynch et al.11 and by Gallop et al.12
in a series of papers developing and illustrating the estimation of direct and indirect
treatment effects in randomised controlled trials in the presence of possible hidden
confounding between the intermediate and the ﬁnal outcome. An intermediate outcome
(putative mediator) in the PROSPECT trial was whether the trial participant adhered
to antidepressant medication during the period following allocation of the intervention.
The question here is whether changes in medication adherence following the intervention
might explain some or all of the observed (ITT) effects on clinical outcome. So, the focus
is on the estimation of direct effects of the intervention.
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Data from this trial are available on the Biometrics website (http://www.biometrics.
tibs.org/datasets/060225CF_biomweb.zip) as supplementary material to the paper by
Ten Have et al.9 and comprises information on the 297 depressed elderly trial participants with complete outcome data (here the Hamilton Depression Rating Scale
(HDRS)13 score at 4 months after randomisation – the variable hamda). Here we use
variable labels as provided in the Biometrics ﬁle. The baseline covariates are site (used in
our analyses as the categorical factor site, or as two dummy variables, s1 and s2), previous
use of medication (scr01), use of antidepressants at the time of the baseline assessment
(cad1 – scored from 0 to 5), a dichotomised measure of suicidal ideation at baseline
(ssix01) – based on the Scale for Suicidal Ideation (SSI),14 and the Hamilton Depression Rating Scale total at baseline (hamda1). Medication adherence following treatment
allocation (interven) is recorded by the binary variable amedx. Table 1 summarises the
data. There appears to be a beneﬁcial effect of the intervention on the 4-month HDRS
score – could this be explained by post-randomisation changes in adherence to medication? In our analyses reported below, like those of previous authors, we make no
attempt to allow for the clustering of the data within primary care practices.
3.2 SoCRATES (a schizophrenia psychotherapy trial)
The SoCRATES (Study of Cognitive Re-Alignment Therapy in Early Schizophrenia)
trial was designed to evaluate the effects of cognitive behaviour therapy and supportive
counselling on the outcomes of an early episode of schizophrenia. This was a multicentre prospective, rater-blind, randomised, controlled trial with planned follow-up
assessments at regular intervals up to 18-months after randomisation. Participants were
allocated to one of three conditions: cognitive behaviour therapy (CBT) in addition to
treatment as usual (TAU), supportive counselling (SC) and TAU, or TAU alone.7,15
Recruitment and randomisation was within three catchment areas (treatment centres):
Liverpool, Manchester and Nottinghamshire. In summary, 101 participants were allocated to CBT + TAU, 106 to SC + TAU and 102 to TAU alone. 225 participants (75% of
those randomised) were interviewed at 18 month follow-up, 75 in the CBT + TAU arm,
79 in the SC + TAU arm and 71 after receiving TAU alone. The remaining participants
died during the follow-up period (7), withdrew consent (4) or were lost (73).
Post-randomisation variables that have a potential explanatory role in exploring the
therapeutic effects include the total number of sessions of therapy actually attended and
the quality or strength of the therapeutic alliance. Therapeutic alliance is a general term
for a variety of therapist–client interactional and relational factors which operate in
the delivery of treatment, and contains two distinct factors, a personal alliance based
on the interpersonal relationship and a task related alliance based on factors of the
treatment.16 Therapeutic alliance was measured at the fourth session of therapy, early
in the time-course of the intervention, but not too early to assess the development of
the relationship between therapist and patient. (The alliance was also assessed at the
tenth session, but we will not pursue this added complication here). The strength of
the therapeutic alliance was measured in SoCRATES using two different methods, but
here we report the results from an Anglicised and simpliﬁed version of the short 12-item
patient-completed version of the CALPAS (California Therapeutic Alliance Scales).17
Total CALPAS scores (ranging from 0, indicating low alliance, to 7, indicating high

Downloaded from http://smm.sagepub.com at UCLA on July 6, 2010

Downloaded from http://smm.sagepub.com at UCLA on July 6, 2010

*One missing observation.

18.11 (6.15)
11.98 (7.75)

17.25 (5.26)
14.10 (8.55)

19.87 (6.40)
12.12 (7.29)

16.48 (5.33)
13.42 (8.12)

45 (83.3)

25 (46.3)
28 (51.9)*
18 (33.3)

Depression scores: mean (SD)
At baseline (hamda1)
At follow-up (hamda)

25 (43.9)
25 (43.9)
12 (21.1)

Post-randomisation adherence to antidepressant medication: number (%)
amedx
20 (37.7)
44 (83.0)
19 (33.3)

18 (34.0)
24 (45.3)
13 (24.5)

Intervention
(N = 54)

Control
(N = 57)

Control
(N = 53)

Intervention
(N = 53)

Site 2 (s1 = 1, s2 = 0)

Site 1 (s1 = 0, s2 = 0)

Summary statistics from the suicide prevention trial (PROSPECT)

Baseline characteristics: number (%)
Antidepressant use, cad 1 (>0) 22 (41.5)
Previous medication (scr 01)
27 (50.9)
Suicidal ideation (ssix 01)
9 (17.0)

Table 1

18.62 (6.32)
12.98 (8.53)

30 (71.4)

25 (59.5)
29 (69.1)
13 (31.0)

Control
(N = 42)

18.74 (5.85)
9.97 (6.92)

34 (89.5)

21 (55.3)
20 (52.6)
16 (42.1)

Intervention
(N = 38)

Site 3 (s1 = 0, s2 = 1)
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alliance) were used in some of the analyses reported below, but we also use a binary
alliance variable (1 if CALPAS score 5, otherwise 0). A total of 182 (88.3%) out of 206
patients in the treated groups provided data on the number of sessions attended. Fifty-six
patients from the CBT group and 58 from the SC group completed CALPAS forms at
session 4 (overall 55.34%). Fewer Nottingham patients completed the scale (44.64%),
compared to Manchester (65.79%) and Liverpool (52.70%). These low completion
rates might be explained by patient non-compliance, therapist non-compliance or a
decision by the therapist not to tax the patient.
The primary outcome measure, the PANSS (the Positive and Negative Syndromes
Schedule),18 an interview-based scale for rating 30 psychotic and non-psychotic symptoms, was administered at regular intervals by three research psychiatrists who remained
blind to condition allocation. For the present purposes, only the initial (baseline) and
18-month PANSS total scores are considered. The initial PANSS score is considered
as a baseline covariate in all analyses reported here. Other baseline covariates used
in the analyses reported here are centre membership, the logarithm of the duration of
untreated psychosis (logDUP) and years of education.
Further details and the trial outcomes have been reported elsewhere.7,15 Brieﬂy, from
an intention-to-treat analyses of 18-month follow-up data, both psychological treatment
groups had a superior outcome in terms of symptoms (as measured using the PANSS)
compared to the control group. There were no differences in the effects of CBT and SC,
but there was a strong centre effect, with outcomes for the psychological therapies at
one of the centres (Liverpool) being signiﬁcantly better than at the remaining two.
For illustrative purposes, we here ignore the distinction between CBT and SC. As
indicated above, not everyone in the treated groups provided data on the number of
sessions attended or on the strength of their therapeutic alliance. The analyses reported
in the present article (and in previous work by Dunn and Bentall19 ) are based on all of the
control group participants but only those from the CBT and SC groups who provided
both a CALPAS score at the fourth session of therapy and a record of the total number
of sessions attended. Note that this introduces a potential source of bias. In particular,
the approach inevitably excludes the small number of participants (n = 13) who failed
to attend sufﬁcient sessions to have their therapeutic alliance assessed. However, our
aim in using the SoCRATES data is to motivate approaches to the analysis of trials in
which records of the potential explanatory covariates – particularly the amount and
quality of treatment received – are complete (the more complex task of coping with
several sources of missing data is beyond the scope of the present article).
Table 2 provides descriptive summaries of the SoCRATES data. It shows that there
are large differences between the three centres in the mean PANSS scores at baseline,
and, not surprisingly, large differences in the PANSS scores at 18-months. But there are
also large differences in the treatment effects within the three centres. In centre 1 the
treatment group has a mean 18-month PANSS score which is about 19 points lower
(a lower score corresponds to a better outcome) than the control group; in centres 2 and
3 the differences are about +1 and −5 points, respectively. In the treatment groups, the
number of sessions attended ranged from a minimum of 2 (presumably someone who
provided a CALPAS assessment at what was intended to be the fourth session despite
not attending all of the previous sessions) to a maximum of 29. The therapeutic alliance
(CALPAS) scores ranged from 0 (poor) to 7 (good). Note, again, that the treated group
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*CALPAS ≥ 5. The values are given as mean (SD).

30 (61.2)

–

23 (79.3)
18m
23

1.43 (0.63)
11.69 (2.02)
100.5 (16.25)
74.4 (20.00)
5.07 (0.88)
16.16 (4.58)

1.40 (0.60)
12.71 (2.40)
97.9 (16.60)
73.2 (22.36)
–
0

1.32 (0.53)
11.41 (2.65)
77.7 (13.93)
50.2 (13.48)
5.73 (0.81)
18.14 (3.60)

Treated
(N = 49)

Control
(N = 35)

Control
(N = 39)

Treated
(N = 29)

Centre 2 (Manchester)

Centre 1 (Liverpool)

Summary statistics from the SoCRATES trial

LogDUP
1.08 (0.53)
Years education
11.31 (1.78)
PANSS at baseline
80.0 (12.36)
PANSS at 18 months 69.5 (13.55)
CALPAS
–
Sessions
0
Number with high alliance N (%)*
–
Number with non-missing PANSS at
23

Table 2

21

–

0.81 (0.41)
11.69 (2.98)
84.9 (14.91)
54.5 (10.07)
–
0

Control
(N = 26)

22

13 (56.5)

0.84 (0.38)
10.74 (2.80)
83.4 (10.84)
49.1 (7.25)
5.15 (1.47)
13.87 (4.95)

Treated
(N = 23)

Centre 3 (Nottinghamshire)
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in Liverpool had the highest dose of therapy (measured by sessions attended) and also,
in terms of therapeutic alliance, at least, therapy of apparently better quality (higher
mean CALPAS score). Could these differences in the number and quality of sessions
attended help to explain the very clear treatment group by centre interaction?

4

Brief historical survey

At present the ﬁeld comprises two distinct traditions. The older and more popular
approach, particularly in the social and behavioural sciences, is concerned with the
estimation of direct and indirect effects through the use of path analysis (and associated
regression models)20,21 and structural equations modelling (SEM22−26 ). We will refer to
this as the ‘standard SEM approach’. The alternative newer approach is being developed
by statisticians, econometricians and others interested in the assumptions needed for
valid inferences concerning the causal effects of treatments/interventions.9,27−34 This
we will call the ‘causal inference approach’.
The standard SEM approach has recently been reviewed (including a brief history)
in a monograph by the psychologist MacKinnon,35 whose methodological work has
been very inﬂuential in this area (see, for example MacKinnon and Dwyer).36 Articles
by Judd and Kenny,37 and particularly by Baron and Kenny,5 have also been extremely
inﬂuential. Baron and Kenny5 set out three steps in the evaluation of mediation through
the use of appropriate linear regression models: (1) demonstrate that treatment, Z, has
an effect on the outcome, Y, (2) demonstrate that treatment, Z, has an effect on the
putative mediator, M and (3) demonstrate that the mediator, M, has an effect on the
outcome, Y, after controlling for treatment, Z.
Many authors, including MacKinnon,35 have argued that the ﬁrst step is not necessary.
It implies that the evaluation of mediation is only of value when we have a statistically
signiﬁcant intention-to-treat effect on the ﬁnal clinical outcome. However, analysis of
mediation might also tell us why a trial result is negative. Is it because the intervention
has failed to shift the mediator, or has the mediator failed to inﬂuence the outcome?
Or is there a harmful direct effect of the intervention that counterbalances the beneﬁts
attained via the mediator?
Here we concentrate on steps (2) and (3). These are the regressions used to estimate
and evaluate the direct and indirect (mediated) effects of Z on Y. Typically, both steps in
practice will include the effects of baseline covariates, X . The validity of this regression
approach is dependent on the following assumptions:35 (a) the correct functional forms
(e.g. linearity) for the effect of treatment on the mediator and for the joint effects of
treatment and mediator on the outcome, (b) no omitted inﬂuences (in the context of a
randomised intervention, we are assuming that, conditional on the measured covariates,
there is no residual or hidden confounding between mediator and outcome) and (c) the
treatment, mediator and outcome are reliable and valid measures. A further assumption,
that there is no co-variation between the equation errors and the explanatory variables
and no co-variation between the equation errors from the two regression models, is
equivalent to assumption (b). Assumption (b) is referred to as sequential ignorability in
the recent statistical literature.38−40
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Let’s brieﬂy consider complete mediation, where there is no direct effect of treatment
on outcome. In the absence of any hidden confounding we have conditional independence between treatment and outcome: Z Y |M, X (here we use the symbol ‘ ’ to mean
‘is statistically independent of’). Now, if we have a source of hidden confounding, U,
complete mediation implies Z Y |M, X, U. Note that in the presence of U it is not true
that Z Y |M, X . Examination of partial correlations or the equivalent partial regression
coefﬁcients, ignoring U, will lead us astray. Similarly, hidden confounding caused by
U will lead investigators astray in using regression or structural equation modelling to
assess incomplete mediation. Their estimated regression coefﬁcients will be biased. The
likely presence of hidden confounding, U, is the reason why the standard SEM approach
has doubtful validity.
In a randomised controlled trial, the mediator and the ﬁnal clinical outcome are both
outcomes of randomisation. The standard SEM approach involves controlling for the
mediator (the intermediate outcome) when evaluating the direct effects of randomisation on the ﬁnal outcome. The potential pitfalls of controlling for post-randomisation
variables have been recognised for many years.41 In the context of the estimation and
testing of direct and indirect effects, there are several powerful critiques of the standard
methods.33,38,41−45 But it is worth noting at this point that it is not structural equation
modelling (SEM) as a general technique that is necessarily at fault but that the users
of the methodology are frequently ﬁtting the wrong models.46 Subject to solving the
problems of identiﬁcation, it is possible to use SEM methodology in an appropriate way
(see below).
The ﬁrst rigorous description of the problems arising in the estimation of direct and
indirect effects appears to be that provided by Robins and Greenland.38 A thorough
exposition has also been provided by Pearl and his colleagues.8,47,48 For other important
contributions, see also Robins,49 Tritchler,45 Rubin,50 Lauritzen,51 Kaufman, et al.,43
Petersen et al.,52 Geneletti53 and Goetgeluk et al.54 We now review these proposals.
One way round the hidden confounding problem is to assume a priori that there is
no direct effect of treatment (i.e. complete mediation). This leads naturally to the use
of instrumental variable methods with randomisation as the instrument. Brieﬂy, in a
standard regression model, if an explanatory variable is correlated with the error term
(known as endogeneity) its coefﬁcient cannot be estimated unbiasedly. An instrumental
variable (IV) is a variable that does not appear in the model, is uncorrelated with the
error term and is correlated with the endogenous explanatory variable; randomisation,
where available, often satisﬁes this criteria. A two-stage least squares (2SLS) procedure
can then be applied to estimate the coefﬁcient. At its simplest, the ﬁrst stage involves
using a simple linear regression of the endogenous variable on the instrument and
saving the predicted values. In the second stage the outcome is then regressed on the
predicted values, with the latter regression coefﬁcient being the required estimate of
the coefﬁcient. This procedure is routinely used by econometricians and further details
including the derivation of the standard errors are found in standard econometric texts
such as Wooldridge.55
Early examples (in the context of randomised encouragement designs) are provided by
Holland33 and by Permutt and Hebel.56 Examples of the use of instrumental variable
methods to look at the effect of all-or-none compliance with randomised treatment
allocation can be found in Bloom,57 Newcombe,58 Sommer and Zeger59 and Follman;60
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key theoretical discussion being provided by Imbens and Angrist61 and Angrist et al.62
(see also Baker and Lindeman).63 The work of Angrist et al. led directly to the idea of
principal stratiﬁcation.64 Reviews of this area of work can be found in a 2005 issue of the
present journal.65−68 In the context of quantitative measures of treatment compliance
(i.e. dose–response effects), the work of Angrist and Imbens69 is of direct relevance. The
work by Robins70 and by Goetghebeur et al.71−73 on structural nested mean models
and structural mean models, respectively, has been extremely inﬂuential. Maracy and
Dunn74 have recently discussed the use of instrumental variable methods to evaluate
dose–response relationships in psychological treatment trials. Extensions of this work
to deal with post-randomisation inﬂuences on dose–response effects can be found in
Fisher and Goetghebeur75 and in Dunn and Bentall.19
Evaluating both direct and indirect effects in the presence of hidden confounding
between mediator and outcome is the main concern of the present review. Of related
interest is the pioneering work of Gennetian and colleagues76,77 on the use of instrumental variable methods to look at the joint effects of two or more putative mediators (we
will return to this problem later in the review). Identiﬁcation of the causal parameters is
the major challenge.78 Here, we are mainly dependent on the use of baseline covariates
that are good predictors of an assumed heterogeneous effect of treatment allocation
(i.e. randomisation) on levels of the mediator (i.e. moderators of the effect of treatment
on the putative mediator). Ten Have et al.9 have recently used G-estimation methods
to solve the problem (see also Bellamy et al.10 and Lynch et al.)11 Here we observe
treatment-free outcomes in those randomised to the control group and if we can deduct
the effect of treatment from each of the participants allocated to the treatment group to
obtain their treatment-free outcomes, then we would expect treatment-free outcome to
be independent of randomisation. In essence, G-estimation is a means of ﬁnding a treatment effect estimate that makes treatment-free outcome independent of randomisation.
Methods based on 2SLS and extensions of the G-estimation algorithms of Fischer-Lapp
and Goetghebeur72 have been described by Dunn and Bentall.19 Albert79 also used 2SLS
estimation. The application of principal stratiﬁcation (via maximum likelihood estimation or fully Bayesian methods) to the evaluation of direct and mediated effects in RCTs
has been described by Bellamy et al.,10 Lynch et al.,11 Gallop et al.,12 and Jo.80 These
articles also discuss the potential equivalence of the various methodological approaches.
A parallel methodological literature concerns the evaluation of surrogate outcomes
(Prentice81 and Weir and Walley).82 Surrogate outcomes are closely related to mediating
variables: a mediator may function as a good surrogate for the ﬁnal outcome, and
correspondingly a good surrogate may be a mediator of a treatment effect. Much of this
literature ignores the problem of hidden confounding, but Joffe and Greene83 recently
discussed causal frameworks for surrogate outcomes.
Moderation (treatment effect modiﬁcation) is described by Baron and Kenny5 as a
treatment by covariate interaction in a linear regression or ANCOVA/ANOVA model
used to explain the effect of treatment allocation on ﬁnal outcome. Here the moderator
is the covariate. See Aguinis84 and Aitken and West85 for extensive discussions of the
evaluation of interaction effects in such models. In general, moderators must precede
the sources of the causal effects that they are moderating. Kraemer et al.1 insist that
the only covariates that are eligible to be moderators of the effect of randomisation are
baseline covariates measured prior to randomisation (so that they are independent of
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treatment allocation). In principle, baseline covariates could inﬂuence the size of the
direct treatment effect, the effect of the treatment on the level of mediator and the effect
of mediator on ﬁnal outcome. We refer readers to MacKinnon35 for further details.
Contrary to the views of Kraemer et al.,1 some clinically interesting questions concern
the modifying effects of variables that can only be measured once treatment has been
initiated (i.e. post-randomisation). Such variables include compliance with active treatment, since the causal effect of treatment allocation is likely to be different in compliers
and non-compliers (and often assumed to be zero in the non-compliers), and strength
of the therapeutic alliance between patient and therapist, since the causal effect of randomisation is likely to be more beneﬁcial in the patients who develop a good therapeutic
alliance.19 For such variables, it is useful to consider the potential value if an individual were allocated to active treatment as a baseline covariate which is observed in the
active treatment arm and unobserved in the control arm. Such variables deﬁne principal
strata64 in which the effects of treatment allocation can be evaluated (again, principal
stratum membership is assumed to be independent of treatment allocation). In the SEM
literature, interactions are frequently evaluated by testing for heterogeneity of treatment effects across groups deﬁned by observed covariates (the ‘stacked group’ analyses
described by MacKinnon35 – see Section 10), under the assumption of no unmeasured
confounding. Here we are concerned with the same general idea (i.e. simultaneous estimation of treatment effects in two or more a priori groups) but the groups are deﬁned
by principal strata (i.e. latent classes rather than directly observed groups). The present
terminology is not really satisfactory for the description of this situation – but in this
review we will tentatively retain the term ‘moderation’. We will return to moderation
by post-randomisation covariates in Section 10.
5

Notation

We randomise participants to receive treatment or to be in the control condition. For
the i-th subject (observational unit) we observe the following:
Zi – treatment group: the outcome of randomisation (Zi = 1 for treatment, 0 for controls).
X i = X1i , X2i , . . . , Xpi – baseline covariates.
Yi – observed outcome.
Mi – intermediate outcome that is a putative mediator of the effects of treatment on
outcome (either a quantitative measure or binary).
Ri – response: missing value indicator (Ri = 0 if Yi is missing, 1 if observed).
We also deﬁne the following potential (counterfactual) outcomes:
Mi (0) – mediator (intermediate outcome) if randomised to the control condition.
Mi (1) – mediator (intermediate outcome) if randomised to treatment.
Yi (z, m) – outcome with treatment z and level of mediator m.
Yi (0) = Yi (0, Mi (0)) – ﬁnal outcome if randomised to the control condition with
intermediate outcome Mi (0).
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Yi (1) = Yi (1, Mi (1)) – ﬁnal outcome if randomised to the treatment with intermediate
outcome Mi (1).
In the control arm, Yi = Yi (0) and Mi = Mi (0), so Mi (0) and Yi (0) are observed and
Mi (1) and Yi (1) are unobserved. Similarly, in the treatment arm, Mi (0) and Yi (0) are
unobserved and Mi = Mi (1) and Yi = Yi (1) are observed. Apart from this, we assume
for the time being that there are no missing values.

6

Effect decomposition: the total, direct and indirect effects of
treatment assignment (Z )

Pearl47 gave a formal deﬁnition of the total effect decomposition into direct and indirect effects, with application to both linear and non-linear models. Sobel78 and Albert79
have recently described this decomposition more speciﬁcally for linear models in areas of
application similar to those covered in the present review. We follow Sobel’s derivations
very closely. Throughout this article we use the Stable Unit Treatment Value Assumption
(SUTVA – see, for example, Rubin).28 SUTVA has two components – (a) no interference
between study units (the outcome for subject i depends only on the treatment assignment for that subject and not the treatment assignment for any other subjects), and
(b) consistency, which implies that the observed outcome for unit i will equal one of
the potential outcomes for that unit, no matter how the treatment was received.
The total effect of randomisation (Z) on outcome (Y) for the i-th subject is
Yi (1) − Yi (0) = Yi (1, Mi (1)) − Yi (0, Mi (0)).
Similarly, the effect of Z on the intermediate outcome or mediator (M) is
Mi (1) − Mi (0).
Taking expectations over i, we deﬁne the average treatment effect on the outcome as
τ = E[Yi (1) − Yi (0)] and the average treatment effect on the mediator as α = E[Mi (1) −
Mi (0)].
The total effect of randomisation can be partitioned as follows:
Yi (1) − Yi (0) = {Yi (1, Mi (1)) − Yi (0, Mi (1))} + {Yi (0, Mi (1)) − Yi (0, Mi (0))}.

(1)

The ﬁrst component of this decomposition is the direct effect of randomisation given
M(1). The second is the effect of the change in mediator if randomised to control (i.e.
Z = 0). Similarly,
Yi (1) − Yi (0) = {Yi (1, Mi (0)) − Yi (0, Mi (0))} + {Yi (1, Mi (1)) − Yi (1, Mi (0))}.

(2)

Here, the ﬁrst component of this decomposition is the direct effect of randomisation
given M(0) and the second is the effect of the change in mediator if randomised to receive
treatment (i.e. Z = 1).
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We deﬁne the direct effect of treatment assignment on outcome at mediator level m
as Yi (1, m) − Yi (0, m).111 If we are prepared to assume that this does not depend on m,
then for any m and m*,
Yi (1, m) − Yi (0, m) = Yi (1, m∗ ) − Yi (0, m∗ ).

(3)

Equation (3) expresses the additivity (linearity) assumption of Holland33 and the no
interaction assumption of Robins.49 It enables us to deﬁne the mean direct effect as
E[Yi (1, Mi (1)) − Yi (0, Mi (1))] = E[Yi (1, Mi (0)) − Yi (0, Mi (0))] = γ .
Now, deﬁne the effect of M on Y via
Yi (1, Mi (1)) − Yi (1, Mi (0)) = β(Mi (1) − Mi (0)) + εi

(4)

where we acknowledge lack of homogeneity of treatment effects (σε2 > 0; E(εi ) = 0) but
we assume that Cov(εi , (Mi (1) − Mi (0)) = 0 (i.e. that there is no essential heterogeneity
as deﬁned in the econometrics literature).86−89 It follows from (1) or (2) together with
(3) and (4) that
τ = E[Yi (1) − Yi (0)] = E[{Yi (1, Mi (1)) − Yi (0, Mi (1))}] + βE[Mi (1) − Mi (0)]
= γ + αβ.

(5)

This is the decomposition from the path analysis model.
7

Binary mediator and principal stratification

|=

If the mediator is binary (m = 0, 1) then the linear model of Section 6 still applies,
but α has the clearer interpretation as the difference between two proportions
(P(Mi (1) = 1)− P(Mi (0) = 1))). There are now four distinct possibilities (classes) for
the combination of Mi (1) and Mi (0). These four classes deﬁne principal strata64 and
are illustrated in Table 3. It is sometimes assumed that only one of classes 3 and 4 is
present (the monotonicity assumption). Individuals’ class membership is not known:
for example, an individual with Zi = 1 and Mi = 1 is only known to belong to
class 2 or 3.
In general, the stratum-speciﬁc average treatment effects τ1 , τ2 , τ3 and τ4 differ. The
direct effects of treatment are measured by τ1 and τ2 .10−12,90 Because class membership is
not changed by treatment allocation (i.e. Mi (1), Mi (0) Zi ), the average treatment
 effect
for the whole trial is the weighted average of the effects within strata (i.e. τ = j πj τj ).
When we have the no interaction (additivity) assumption of Equation (3), the expected
stratum-speciﬁc treatment affects are those given on the far right of Table 3.40,80,83 Under
this assumption we ﬁnd as before that


τ=
πj τj = γ
πj + (π3 − π4 )β = γ + αβ
(6)
j

j

since α = π3 − π4 . We discuss estimation of this model in Section 9.
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Principal strata with a binary mediator and the no interaction assumption

Class (stratum)

M i (1)

M i (0)

M i (1)–M i (0)

Proportion

Treatment
effect

Treatment
effect
(no interaction)

1
2
3
4

0
1
1
0

0
1
0
1

0
0
1
−1

π1
π2
π3
π4

τ1
τ2
τ3
τ4

γ
γ
γ +β
γ −β

Within each principal stratum C (C = 1 to 4), and given a set of measured covariates,
X , we have
Yi (z) =



ϕk Xik + τc z + ζi

(7)

k

Superﬁcially, it looks very straightforward to estimate τ c since it is an effect of randomisation, but, of course, we typically do not know to which stratum each subject belongs.
The class, C, is frequently not identiﬁed. If, however, we can ﬁnd baseline covariates
that are good predictors of C, then we can make progress as outlined in Section 9.

8

Structural mean models

A structural mean model is a model relating the potential outcomes Yi (z, m) to one
another or to Yi (0, 0). If we assume a linear model for the potential outcome Yi (0, 0) in
terms of a set of measured baseline covariates, X i (including a vector of 1s), then as in
Section 6 and in Lynch et al.,11 we could write
Yi (z, m) =



λk Xik + βm + γ z + εi

(8)

k

for all values of z and m, with ε being independent of Z but not X and M, i.e.
E[εi |Z = z] = 0.
However, it is not necessary to model counterfactuals that would not have been
observed under either randomisation. For example, for an individual with Mi (0) =
Mi (1) = 1, it is not necessary to make assumptions about Yi (z, 0). Instead, we can write
Yi (1) − Yi (0) = γ + β[Mi (1) − Mi (0)] + ei

(9)

where E[ei ]=0 and σe2 > 0. This term allows for treatment effect heterogeneity, with
Cov(ei , (Mi (1) − Mi (0)) = 0.
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Our aim is to estimate the causal parameters β and γ . At the same time we have a
model for M(z) which for quantitative M(z) might be

ψk Xik + αz + ωi (z).
(10)
Mi (z) =
k

Again, there is a random departure term, ωi (z) with zero expectation. The valid
estimation of α and ψ is very straightforward by linear regression. Estimation of β and
γ is much more problematic. In the presence of hidden confounding between M and
Y, these two parameters are not identiﬁed. Often, however, we can improve our ability
to identify and estimate β and γ by the introduction of covariate by randomisation
interactions on the post-randomisation factor into the model for M(z) (Section 9).
9

Model identification and parameter estimation: utilisation of
baseline covariate by randomisation interactions

Consider a binary pre-randomisation covariate, X. Here we assume X is treatment site.
We make the crucial assumption that X inﬂuences the ITT effect (τ ) through its effect
on the level of mediation (α) but that X does not modify either the direct effect of
the intervention (γ ) or the effect of the mediator on the outcome (β), as illustrated in
Figure 1(d).
For site 1 we have
τ1 = γ + α1 β

(11)

τ2 = γ + α2 β

(12)

Similarly, for site X = 2

Clearly,
τ1 − τ2 = (α1 − α2 )β
β = (τ1 − τ2 )/(α1 − α2 )

(13)

Recall that τ1 , τ2 , α1 and α2 may all be estimated by regressing Y and M on Z separately
in each site (possibly adjusting for other covariates). So β is now identiﬁed, as is γ (by
substitution back into either (11) or (12)).
If instead the baseline covariate, X, has many levels then, in general
τx = γ + αx β

(14)

and so β and γ are, respectively, the slope and intercept of the straight line relating the
ITT effect (τ ) at each level of X to the effect of treatment on the mediator (α) at that level
of X. This approach has much in common with the meta-analytic regression techniques
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for the evaluation of surrogate outcomes.82,83,91,92 We note, in passing, that if a proxy
for the mediator (M∗ ) is simply the true mediator subject to random measurement error,
then using M∗ rather than M itself will still yield valid causal effect estimates, as will
the instrumental variable methods described below.73,83
Because the baseline covariate is inﬂuencing the size of the effect of treatment on the
mediator, we have an X by Z interaction in the structural model for M(z). There is no
interaction in the model for Y(z, m) and therefore the interaction is an instrumental
variable (its only inﬂuence on outcome is through the mediator). So, if we have baseline
covariates (X1 and X2, say) then, at an individual level we can ﬁt an equivalent instrumental variable model through the use of 2SLS.19,79 In Stata,93 for example, we could
use the following ivreg command:
ivregress 2sls y x1 x2 z(m = x1z x2z)
where x1z and x2z are the products of x1 or of x2 and randomisation, respectively.
For a binary mediator, we might wish to use a control function approach; these are an
additional function which when added to the standard regression equation removes the
endogeneity because they account for the correlation between the error term and the
unobserved part of the outcome.94 A typical Stata command would be:
treatreg y x1 x2 z, treat(m = x1z x2z)
An alternative is to use a G-estimation algorithm, which conceptually is based on
similar ideas involving multiple instrumental variables arising from treatment-baseline
covariate interactions to estimate direct and mediation effects.9,39,72,95 Precision is
improved with the use of strong baseline covariate-treatment interactions on the
mediator through weights in the estimating equations.
Jo96 investigated the model assumptions required for identiﬁability when using
instrumental variables to adjust for non-compliance, and highlighted two alternative
assumptions which allow the exclusion restriction to be relaxed when additional covariate information is available. The ﬁrst is the additivity of treatment assignment effect,
which states that the ITT effect on outcome is constant regardless of varying values of
the covariates. The second assumption assumes constant effects of covariates, such that
the effect of a covariate on outcome does not depend on the principal strata. In the
context of SoCRATES, we can therefore introduce a treatment by covariate interaction
in the equation for the outcome provided it is constrained to be the same for the low
and high alliance principal strata.
In the principal stratiﬁcation approach, estimation proceeds by specifying a full probability model. This has been developed and illustrated by several authors (see, for
example)67,96−104 in the context of non-compliance, using models relating observed and
unobserved treatment compliances (principal stratum membership) to baseline covariates, and Bayesian methods or ML/EM algorithms. In the setting of Table 3, with four
principal strata, we would construct multinomial logistic regression (latent class) models
to predict stratum membership using information on the impact of baseline covariates, X , on potential observed mediator levels which are functions of both observed
and unobserved mediator variables within each randomisation group. Accordingly, this
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approach also relies on the same baseline covariate-randomisation interactions as used
for the instrumental variable approach. It is also possible to ﬁt the latent class model for
stratum membership and simultaneously a further regression model for the ITT effects
of treatment within each of the principal strata, usually allowing for the same baseline
covariates (based on Equation (7)). If we have missing outcome data (with missing outcome indicator, R, say) we can also simultaneously ﬁt a third model predicting missing
outcomes, based on the assumptions of latent ignorability, for example.64,67,103,104 We
will return to and develop models based on these methods in Section 11.

10

Moderation of treatment and mediation effects

Instead of concentrating on moderator by treatment interactions in the more familiar
regression (ANCOVA) modelling tradition, we here very brieﬂy introduce the statistical
methods based on simultaneous analyses of data from multiple groups that is a key
feature of the SEM literature.105 Let us look at sex differences in intervention effects
as a simple example and let’s assume that we are interested in the evaluation of the
ITT effect of a psychological intervention. Using standard SEM software (Mplus106 for
example) it is very straightforward to simultaneously ﬁt separate regression/ANCOVA
models to the data from men and women. All of the model parameters can be left free
to vary between the two sexes (equivalent to completely separate analyses), or some can
be constrained to be equal for the two groups. Typically, we would allow the intercept
term (i.e. mean outcome in the control group) to differ for men and women. However,
we would frequently constrain the effects of baseline covariates and the two residual
variances to be equal. Our main aim is then to test the ITT effect of treatment separately
for the two sexes and to evaluate (through the testing of equality constraints) whether it
might differ between the two groups. If we were evaluating a simple model for the direct
and indirect effects of a mediator, M, on outcome (assuming, for the time being, that
we have sequential ignorability) we can specify two simultaneous models (the effect
of treatment, Z, on M; and the effect of both Z and M on outcome, Y) for the two
sexes separately and then ask a series of questions concerning equality constraints on
the various causal parameters within these models. The effect of the treatment on the
mediator might be different for men and women, for example, but the direct effects
of treatment on outcome and the effect of the mediator on the outcome might both be
invariant. This type of analysis is not limited to the use of a binary moderator (one might
wish to simultaneously ﬁt mediated treatment-effect models to data from several trials,
for example, or treatment centres within trials) and the models themselves can be of
arbitrary complexity (involving repeated measures with missing outcomes, for example).
The essence of the idea is the evaluation of between-group equality constraints in models
ﬁtted to each of the groups simultaneously. The interesting challenge, in the context of
the present review, is the extension of the approach to situations in which the putative
moderator variables are not fully observed (principal strata). This is the rationale for the
following section. The challenge is to develop viable models and estimation procedures
to evaluate the joint effect of potential mediators and moderators, stressing as always,
the possibility of hidden confounding.
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Extensions to multiple group methods: explanatory models
nested within principal strata

The basic idea of principal stratiﬁcation is the estimation of ITT effects within principal
strata. Typically we are interested in a univariate response, but in the context of CACE
estimation, Jo and Muthen100 have investigated the advantages of simultaneously estimating CACE effects for two or more different outcomes (i.e. multivariate responses).
It is possible to look at multivariate binary outcomes and, of course, one of these binary
outcomes might be a missing value indicator as suggested by Frangakis and Rubin107
in their article introducing the concept of latent ignorability.
Again, in the context of CACE estimation, Jo and Muthen100,101 have investigated the
use of latent growth curve/trajectory models for longitudinal outcome data. But the idea
can be generalised to other applications of principal stratiﬁcation. Other multivariate
models might be equally rewarding, depending on the aims of the analysis. In the context
of traditional ideas of moderation by baseline factors, it is possible to investigate patterns
of mediation within each class deﬁned by the baseline factor using either a traditional
SEM approach or the newer instrumental variable or estimating equations methodology
described above. It is only then a small conceptual jump to consider mediation models
within the classes deﬁned by principal strata.
An accompany article in this issue by Pickles and Croudace108 explores the use of latent
class growth models in SoCRATES with univariate and bivariate outcomes. Viewing
the latent classes as described by Pickles and Croudace as principal strata, these growth
mixture models identify a further class of explanatory models we can incorporate within
the principal stratiﬁcation framework.
Returning to CACE estimation, one may be interested in looking at mediation within
the compliers, with relevant exclusion restrictions in the non-compliant groups. The
idea is similar to Sobel’s recent suggestion of looking at complier-average mediated
effects.78 Consider the SoCRATES trial, for example. We might be interested in two
groups of participants who form principal strata deﬁned by their potential therapeutic
alliance: low alliance versus high alliance which is unchanged by treatment allocation,
and observed in the treatment group, but latent in the controls. As well as looking
at simple ITT effects on 18-month PANSS scores within these two principal strata,
we might also be interested in the indirect effects of the number of sessions attended
under the exclusion restriction, checking the sensitivity of the results to assumptions
concerning hidden confounding between sessions attended and the outcome. This will
be the main source of illustration in Section 12.2, but we start our illustrative analyses
with a more straightforward look at the suicide prevention trial data.
12

Illustrative examples

All analyses in this section were carried out using either Stata 1093 or Mplus 5.1106
12.1 PROSPECT
We start with an ITT analysis, using all the baseline variables provided in the Biometrics website ﬁle (that is, treatment site, antidepressant use, past mediation use, suicidal
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ideation and depression severity according to the HDRS). One participant appeared to
have a missing value code for previous medication use and so our analysis is based on
the 296 participants with complete data. We then added post-randomisation adherence
to medication as a further covariate (i.e. the standard Baron and Kenny approach to
mediation). The initial ITT effect estimate was −3.15 (s.e. 0.82), indicating a small
but statistically signiﬁcant beneﬁt from the intervention. In the Baron and Kenny-based
analysis the direct effect of the intervention was estimated as −2.66 (s.e. 0.93).
Now, instead of following the G-estimation method of Ten Have et al.,9 we used a
2SLS estimator in Stata (see Appendix 1(a)) to estimate the direct effect of treatment on
outcome. The key feature is the use of all two-way interactions of baseline covariates
with randomised intervention as instrumental variables (randomisation itself is not an
instrument because we wish to estimate the direct effect of the randomised intervention
on outcome). The new direct effect estimate is −2.38 (s.e. 1.35). As described by Ten
Have et al.,9 allowing for hidden confounding appears to have had little effect, other
than increasing the standard error of the estimate. The use of maximum likelihood
estimation with joint probit selection (for post-randomisation medication adherence)
and outcome models (with Stata’s treatreg command – see Appendix 1(b)) produced a
very similar result (−2.34 with a s.e. of 1.27). Note again the use of all of the two-way
baseline by intervention interactions in the probit selection model, but not in the model
for the outcomes. Since we have more baseline variables than are needed to identify the
model, we note that it is possible to include one baseline by intervention interaction in
the model for the outcomes in order to test the assumptions; alternatively, a general
model speciﬁcation test is available.109
Finally, we have a look at principal stratiﬁcation. Here we ﬁt a ﬁnite mixture model
using the Mplus ML/EM algorithm, with baseline covariates predicting both latent
class (principal stratum) membership and outcome (see Appendix 1(c)). We constrain
the within-stratum ITT estimates to conform with our basic additive model, as above.
We make the assumption of monotonicity so that there are three principal strata (classes
1, 2 and 3 in Table 3): never adherers, always adherers, and those who adhere if and
only if they are in the intervention group (‘compliers’). There are assumed to be no
participants who only adhere if allocated to the control group (‘deﬁers’). The direct effect
of the intervention across all three principal strata is estimated to be −2.62 (bootstrap
s.e. 1.38). Gallop et al.12 do not assume monotonicity under a Bayesisan model and
provide direct effect estimates of −2.83 (2.57) in the always-takers and −9.17 (9.41) in
the never-takers. The full set of results are summarised in Table 4 and for completeness,
we include Ten Have et al.’s estimates obtained through the G-estimation.
12.2 SoCRATES
Here, we are interested in the joint effects of the strength of the therapeutic alliance
as measured by CALPAS (C) and number of sessions attended (S). Following Dunn and
Bentall,19 we postulate a structural model as follows:
E[Yi (1) − Yi (0)|Xi , Si (1) = s, Si (0) = 0 & Ci = c] = βs s + βsc s(c − 7)

(15)

From the nature of the design the strength of alliance, C, can only be measured in the
treatment arm. We regard this alliance measure as an indicator of an underlying latent
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Results from the analysis of the suicide prevention trial (PROSPECT)

Using all covariates, cad coded 0–4
ITT effect:

−3.15 (0.82)

Analytical method

Direct effect, γ (s.e.)

Indirect effect, β (s.e.)

Standard regression
IV (ivreg)
IV (treatreg – ml)
G-estimation (from Ten Have et al.9 )
Principal stratiﬁcation (with monotonicity)

−2.66 (0.93)
−2.38 (1.35)
−2.34 (1.27)
−2.58 (1.27)
−2.62 (1.38)*

−1.24 (1.09)
−1.95 (2.71)
−2.05 (2.49)
−1.43 (2.34)
−1.37 (2.97)*

*Bootstrap standard errors.

variable that is not inﬂuenced by treatment allocation (the indicator being missing in
the control group). Its inﬂuence is solely as an effect modiﬁer (moderator) – it appears
in the model as a multiplicative term and there is no effect of alliance in the absence of
treatment (i.e. when s = 0). C is entered as (c-7) so that βs represents the causal effect
of one session of treatment in patients with maximum therapeutic alliance. Equation
(15) implies an exclusion restriction – the expected treatment effect being zero when no
sessions are attended. The covariates (X) are treatment centre (represented by binary
dummy variables C1 and C2), baseline PANSS score, the logarithm of the duration
of untreated psychosis and years of education. Identiﬁability of this model is achieved
because both alliance and sessions attended in the treatment group are associated with
the baseline covariates (implying, together with the independence of treatment effect and
covariates, that the randomisation by covariate interactions can function as instruments
when using a 2SLS algorithm). Here we simply compare the 2SLS estimates with those
obtained through standard (OLS) regression. In both cases we carry out a complete
case analysis. Full details, together with analyses allowing for missing outcome data,
are provided by Dunn and Bentall.19 The 2SLS estimates for β s and β sc are −2.40 (s.e.
0.70) and −1.28 (s.e. 0.48), respectively. The corresponding OLS estimates are −0.95
(s.e. 0.22) and −0.39 (s.e. 0.11). Note that since βs is the effect of the number of sessions
attended in patients with maximum therapeutic alliance (C = 7), a negative estimate
indicates a beneﬁcial treatment effect in those with maximum therapeutic alliance. There
is a statistically signiﬁcant negative estimate for the sessions by alliance interaction
(βsc ), suggesting that the beneﬁt of treatment is lower in patients with worse therapeutic
alliance. At minimum alliance (C=0), the effect of increasing sessions appears detrimental
rather than helpful (for example, from the 2SLS estimates, the expected treatment effect
= −2.40s + (−7X − 1.28)s = +6.55s). Increasing the amount of treatment appears to
be helpful in those patients who form a strong working alliance with their therapist but
detrimental in those who do not. Bearing this preliminary conclusion in mind, we will
now change approach and look at the data using models based on principal stratiﬁcation.
First, we shift to the use of the binary indicator of the strength of alliance (A = 1
when CALPAS>5; 0 otherwise) and ignore the number of sessions. We use Mplus to ﬁt
a ﬁnite mixture model based on two latent classes (high and low alliance). Latent class
membership is independent of treatment allocation but is predicted by treatment centre
(the dummies C1 and C2), baseline PANSS score, the logarithm of untreated psychosis

Downloaded from http://smm.sagepub.com at UCLA on July 6, 2010

258

R Emsley et al.
Table 5 Principal stratiﬁcation in SoCRATES: treatment effect modiﬁcation (moderation) by therapeutic alliance (effect estimates and their
bootstrapped standard errors)
Low alliance
Estimated ITT effect on 18m PANSS
Missing data ignorable (MAR)
+7.50 (8.18)
Missing data ignorable (MAR)
0 (constraint)
Missing data latently ignorable (LI) +6.49 (7.26)
Missing data latently ignorable (LI) 0 (constraint)*
Parameter estimates from the dose–response model**
Standard SEM
MAR
α
14.96 (0.96)
β
+0.59 (0.38)
α
14.94 (0.98)
β
0 (constraint)
LI
α
14.94 (0.95)
β
+0.55 (0.42)
α
14.94 (0.96)
β
0 (constraint)*
IV SEM (i.e. correlated errors)
MAR
α
14.90 (0.97)
β
+0.37 (0.47)
α
14.84 (0.98)
β
0 (constraint)
LI
α
14.85 (0.98)
β
+0.34 (0.50)
α
14.81 (0.99)
β
0 (constraint)*

High alliance

−15.46 (4.61)
−12.73 (4.75)
−16.97 (5.95)
−13.50 (5.31)

16.91 (0.45)
−0.75 (0.23)
16.92 (0.46)
−0.61 (0.23)
16.92 (0.46)
−0.78 (0.28)
16.93 (0.46)
−0.62 (0.25)

16.95 (0.46)
−0.80 (0.29)
16.94 (0.46)
−0.71 (0.26)
16.98 (0.47)
−0.88 (0.37)
16.94 (0.46)
−0.75 (0.30)

*Compound exclusion.
**Assuming that there is no direct effect of randomisation on outcome
(i.e. γ =0).
α is the effect of randomisation on sessions; β is the effect of sessions
on outcome.

and years of education. We simultaneously estimate the ITT effects of treatment allocation (randomisation) within each of the two principal strata, again using the above
baseline variables as covariates. The Mplus input ﬁle is listed in Appendix 2(a). The
resulting estimate is obtained assuming that missing 18-month PANSS scores are ignorable (missing at random). The results (Table 5) indicate a clear inﬂuence of strength
of alliance on the effect of treatment. The ITT estimate in those with low alliance is
+7.50 (s.e. 8.18) – psychological treatment apparently being detrimental, although the
effect is not statistically signiﬁcant – and the ITT estimate in those with high alliance is
−15.46 (s.e. 4.61). If, instead of assuming that missing data are ignorable, we introduce
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a further within-stratum model to allow for latent ignorability (shown commented-out
in Appendix 2(a)), then the two estimates change to +6.49 (s.e. 7.26) and −16.97
(s.e. 5.95), respectively. The choice of missing data model has little impact on the
estimates. Finally, we introduce a zero ITT constraint on 18-month PANSS for the
participants in the low alliance group (an exclusion restriction) and, in the case assuming missing data are LI, a compound exclusion restriction (no ITT effect on either
18-month PANSS or probability of a non-missing value). The estimated ITT effect in
the high alliance principal stratum increases, presumably to compensate for the imposed
reduction in the ITT effect in the low alliance stratum (Table 5).
For comparison, we make the assumption of a constant effect of covariates, as outlined
in Section 9. From the analysis when assuming the missing data mechanism MAR, we
obtain ITT effect estimates of −6.10 (11.67) in the low alliance group, which although
not signiﬁcantly different from zero is in a beneﬁcial direction as opposed to the detrimental effect seen previously. The ITT effect in the high alliance group is −20.83 (4.81),
which is similar to the previous results.
Now we turn to the more interesting problem of explaining the effect of the number
of sessions attended within each of the two principal strata deﬁned by the participants’
potential therapeutic alliance. This uses the decomposed linear model for the total
effect (5) introduced in Section 6 which is then ﬁtted within the two principal strata, i.e.
τ = E[Yi (1) − Yi (0)] = γ + αβ where α is the effect of random allocation on the number
of sessions attended, β is the effect of sessions on outcome and γ is the direct effect of
randomisation. Here the within stratum model comprises two models: a regression of
the number of sessions attended on randomisation and baseline covariates (but with no
interaction terms) giving α, and a regression of outcome on sessions attended and the
same baseline covariates (but with a zero intercept or exclusion restriction in the sessions
model) giving γ and β. Following the Baron and Kenny standard approach, the residuals
from these two models are initially assumed to be uncorrelated. In a more realistic model,
the residuals are explicitly allowed to have non-zero correlation (i.e. relying on the use
of randomised group as an instrumental variable). We also assume that missing PANSS
outcome data are either ignorable or, alternatively, latently ignorable. The Mplus input
ﬁle is given in Appendix 2(b). The results are given in Table 5.
If the strength of the therapeutic alliance is ignored (equivalent to ﬁtting the dose–
response models ignoring principal strata) the standard and instrumental variable-based
estimates for the effects of sessions on outcome are −0.36 (s.e. 0.15) and −0.46 (s.e.
0.14), respectively – see also Table III of Dunn and Bentall19 for similar results using
different software (and multiple instruments). Assuming missing 18-month PANSS data
are ignorable, the corresponding estimates for the low alliance participants are +0.59
(s.e. 0.38) and +0.37 (s.e. 0.47), respectively. For the high alliance participants they
are −0.75 (s.e. 0.23) and −0.80 (s.e. 0.29), respectively. Again, we see that in low
alliance subjects the intervention may be detrimental, but in the high alliance stratum it
is beneﬁcial. If we assume missing data are latently ignorable the results are very similar
(Table 5).
Finally, we introduce a zero constraint on the effect of sessions on 18-month PANSS
for the participants in the low alliance group (equivalent to an exclusion restriction) and,
in the case assuming missing data are LI, a compound exclusion restriction (no effect
of sessions on 18-month PANSS and no ITT effect of randomisation on the probability
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of a non-missing value). Again, the constraints produce no surprises, and the details of
the results are given in Table 5.
13

Concluding thoughts

Once we acknowledge that there may be hidden confounding of the effects of the putative
mediator on the ﬁnal outcome (i.e. post-treatment selection effects), we have to make
alternative assumptions for the identiﬁcation of models that include both direct and
indirect effects. Randomised treatment allocation ensures that there is no confounding
of the effects of the treatment itself. Treatment allocation is also independent of the
baseline covariates.
The causal inference approaches (structural mean models and principal stratiﬁcation)
are conceptually very similar, since both allow for unmeasured confounding but differences between the two arise from exactly how we deal with the confounded mediation
effect on outcome. The structural mean model approach is similar to the standard SEM
approach but explicitly allows for U by utilising X and X ∗ Z interactions. The principal
stratiﬁcation approach controls for the confounded mediator by stratifying the population into latent subgroups (principal strata) based on the potential mediator behaviour
(Mi (1) and Mi (0)), and ﬁtting models within these strata.
The identifying assumptions that we have utilised in our analyses are:
(a)

The effect of treatment allocation on the intermediate outcome (putative mediator)
is moderated by one or more baseline covariates, denoted X ∗ and
(b) The effect of the putative mediator on the ﬁnal outcome is neither moderated by
treatment nor the baseline covariates X ∗ (moderation by other covariates is still
possible).
(c) The direct effect of treatment allocation on the ﬁnal outcome is not moderated by
X ∗ (moderation by other covariates is still possible).
Assumption (a) is quite easy to test (provided we have sufﬁcient power). Assumptions
(b) and (c) need thought and are not easy to verify. If the putative mediator is a biomarker
that theory tells us is (or should be) on a mechanistic pathway from treatment receipt
to clinical outcome, then it might be fairly convincing to assume that its effects on the
ﬁnal outcome will be homogeneous. Cognitive or other psychological variables that are
candidate mediators might not behave so simply. If we have several baseline covariates
that appear to be moderators then we might be in the lucky position of being able to
relax each of the constraints on the covariate by mediator interactions and check the
sensitivity of our results using a speciﬁcation test.109 Essentially, we here have access
to multiple potential instrumental variables and we are checking the sensitivity of our
ﬁndings to the introduction or relaxation of exclusion restrictions to evaluate whether
these covariate by treatment interactions are indeed valid instruments.
The key to the successful design of studies of potential mediation appears to be
ﬁnding moderators of the effects of treatment on the proposed mediator(s). Both we
and other investigators have relied on haphazard differences (arising from centre effects,
for example, or the variability of effects across multiple trials). But the ideal would be to
have experimental control over the moderating effects of interest. This might be built into
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the design by multiple randomisations to introduce interventions speciﬁcally targeted
on changing the mediator(s). Gennetian and colleagues76,77 have recently pioneered
this approach in their investigation of the parallel effects of two or more mediators.
Follman110 has also discussed design issues for the evaluation of the role of the immune
response in vaccine trials. Now that many of the issues concerning the use of appropriate
statistical models (and the assumptions that they imply) have been resolved, perhaps
the major focus of future work should be on better design.
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Appendix 1
(a) Using Stata’s ivreg command: 2SLS estimation of direct and indirect effects of
intervention in PROSPECT.
xi: ivreg hdrs4 hdrs0 cad1 ssix01 scr01 i.site i.interven (amedx = i.interven*hdrs0
i.interven*cad1 i.interven*ssix01 i.interven*scr01 i.interven*i.site)
(b) Using Stata’s treatreg command: maximum likelihood estimation (with a probit
ﬁrst-stage selection model) of direct and indirect effects of intervention in PROSPECT.
xi: treatreg hdrs4 hdrs0 cad1 ssix01 scr01 i.site i.interven, treat(amedx =
i.interven*hdrs0 i.interven*cad1 i.interven*ssix01 i.interven*scr01 i.interven*i.site)
(c) Mplus input ﬁle for analysis of Suicide Prevention trial using three principal strata
(i.e. assuming monotonicity)
Note: anything on a line to the right of ! is an explanatory
comment (ignored by Mplus). These comments follow the command
lines they are attempting to explain.
DATA: FILE IS suicide.raw;
VARIABLE: NAMES ARE cad1 hdrs1 ssix01 scr01 hdrs0 site
interven amedx c1 c2 c3 s1 s2;
!
!
!
!

s1 and s2 are binary dummy variables to indicate
treatment site.
c1, c2 and c3 are binary indicators for likely membership of
the three principal strata (never on medication, always

!
!
!
!
!
!
!
!

on medication, and on medication as a result of the
intervention, respectively). The indicator is coded 1 if the
relevant class membership is possible, 0 otherwise.
Examples:
if interven=1 and amedx=1 then c1=0, c2=1 and c3=1
if interven=1 and amedx=0 then c1=1, c2=0 and c3=0
if interven=0 and amedx=0 then c1=1, c2=0 and c3=1
if interven=0 and amedx=1 then c1=0, c2=1 and c3=0
CLASSES C(3);

! The three principal strata.
TRAINING=C1-C3;
! Data using in determination of latent classes (see above).
USEVARIABLES cad1 hdrs0 ssix01 scr01 hdrs1
interven C1 C2 C3 s1 s2 cmed;
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! See below for the explanation of the role of the previously
! unmentioned variable cmed.
MISSING scr01(8);
DEFINE:

cmed=interven;

! The new variable cmed (identical to the randomised intervention) is
! used as a means of estimating the effect of medication on outcome
! (see below).
ANALYSIS: TYPE=MIXTURE;
STARTS = 5000 10;
ESTIMATOR=ML;
BOOTSTRAP=250;
!
!
!
!

Here we are fitting a finite mixture (latent class model) using an
ml/em algorithm (5000 starts with randomly perturbed starting
values), incorporating bootstrapping to estimate standard errors
(250 bootstrap samples).

MODEL:
%OVERALL%
hdrs1 ON cad1 hhdrs0 ssix01 scr01 s1 s2 interven cmed;
C#1 ON cad1 hdrs0 ssix01 scr01 s1 s2;
C#2 ON cad1 hdrs0 ssix01 scr01 s1 s2;
!
!
!
!
!
!
!
!
!
!
!
!

These are the three models applicable to all participants in the
trial. The first line corresponds to a multiple regression model
for the outcome to estimate the effects of the intervention,
allowing for all baseline covariates. The parameter corresponding
to interven is the direct effect of the intervention (common to all
three principal strata). All parameters except for the effect of
cmed will be constrained to be equal across the three principal
strata. The effect of cmed is the effect of taking medication in
those participants (the compliers) who have begun to take
medication as a result of the intervention. The second two lines
are for logistic regression models for principal stratum
membership.
%C#1%
[hdrs1];

! Never take medication.

! Allows the intercept for the outcome to be freely estimated in this
! class (i.e. not constrained to be equal to that for the other two
! classes).
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hdrs1 ON cmed@0;
! Short-hand version of the full multiple regression model above,
! but the parameter corresponding to the effect of medication
! being constrained to be zero (@0).
%C#2%
! Always take medication
[hdrs1];
hdrs1 ON cmed@0;
%C#3%

! Take medication as a result of the
! intervention

[hdrs1];
hdrs1 ON cmed*0;
! The effect of medication in this class (i.e. the indirect effect
! of the intervention) is free to be estimated (*0, with 0
! indicating an arbitrary starting value).
Appendix 2
Mplus input ﬁle for analysis of SoCRATES using two principal strata
(high vs low alliance)
(a) ITT effect within strata. Missing outcome assumed to be latently ignorable (LI)
TITLE:
Principal stratification - SoCRATES
DATA:
FILE IS Socrates_alliance.raw;
VARIABLE: NAMES logdup pantot pant18 sessions yearsed c1 c2
rgroup alliance resp;
CLASSES C(2);
CATEGORICAL alliance resp;
USEVARIABLES logdup pantot pant18 yearsed c1 c2
rgroup alliance resp;
MISSING pant18(999) alliance(999);
ANALYSIS: TYPE=MIXTURE;
STARTS = 100 10;
MODEL:
%OVERALL%
resp ON logdup pantot yearsed c1 c2 rgroup;
pant18 ON logdup pantot yearsed c1 c2 rgroup;
C#1 ON logdup pantot yearsed c1 c2;
! There are three models here. The first is a logistic regression
! to predict the indicator of a non-missing outcome (resp).
! The second is a multiple regression for the outcome itself.

Downloaded from http://smm.sagepub.com at UCLA on July 6, 2010

Moderation of treatment effects
!
!
!
!

269

The third is a logistic regression for latent class membership
(high versus low alliance). All parameters for the missing data
and outcome models are constrained to be equal for the two classes
unless otherwise indicated below.
%C#1%
! Low Alliance
[alliance$1@15];

! A declared threshold to force participants with recorded alliance=0
! into this class.
[resp$1];
resp ON rgroup*0;
[pant18];
pant18 ON rgroup*0;
! These statements release the equality constraints on the relevant
! model intercept terms for the effects of the randomised
! intervention.
%C#2%
! High alliance
[alliance$1@-15];
! A declared threshold to force participants with recorded alliance=1
! into this class.
[resp$1];
resp ON rgroup*0;
[pant18];
pant18 ON rgroup*0;
(b) Dose–response models within principal strata (missing data assumed LI)
TITLE:
Principal stratification - SoCRATES
DATA:
FILE IS Socrates_alliance.raw;
VARIABLE: NAMES logdup pantot pant18 sessions yearsed c1 c2
rgroup alliance resp;
CLASSES C(2);
CATEGORICAL alliance resp;
USEVARIABLES logdup pantot pant18 sessions yearsed c1 c2
rgroup alliance resp;
MISSING pant18(999) alliance(999);
ANALYSIS: TYPE=MIXTURE MISSING;
starts = 100 10;
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estimator=ml;
bootstrap=250;

MODEL:
%OVERALL%
resp ON logdup pantot yearsed c1 c2 rgroup;
sessions ON logdup pantot yearsed c1 c2 rgroup;
pant18 ON sessions logdup pantot yearsed c1 c2;
pant18 WITH sessions;
C#1 ON logdup pantot yearsed c1 c2;
!
!
!
!
!
!
!
!

Here we have five statements: one for the missing data
model; another model for the effect of the intervention and
baseline covariates on sessions attended; a model for the
effects of sessions and baseline covariates on outcome
(no effect of the intervention here) together with a line to
indicate that there is correlation between the residuals from
the sessions and outcomes models (pant18 with sessions).
The last line is the latent class model for alliance status.
%C#1%
[alliance$1@15];
[resp$1];
resp ON RGROUP*0;
[sessions];
sessions ON rgroup*0;
[pant18];
pant18 ON sessions*0;

! Low Alliance

%C#2%
[alliance$1@-15];
[resp$1];
resp ON RGROUP*0;
[sessions];
sessions ON rgroup*0;
[pant18];
pant18 ON sessions*0;

! High alliance
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