
International Journal of Methods in Psychiatric Research
Int. J. Methods Psychiatr. Res. 23(4): 401–410 (2014)
Published online 18 June 2014 in Wiley Online Library
(wileyonlinelibrary.com) DOI: 10.1002/mpr.1445
A mediator effect size in randomized
clinical trials
HELENA CHMURA KRAEMER1,2

1 Department of Psychiatry and Behavioral Sciences, Stanford University, Stanford, CA, USA
2 Department of Psychiatry, University of Pittsburgh, Pittsburgh, PA, USA
Key words
mediators, randomized clinical
trials, effect sizes

Correspondence
Helena Chmura Kraemer, 1116
Forest Avenue, Palo Alto, CA
04301, USA.
Telephone (+1) 650 328-7564
Email: hckhome@pacbell.net

Received 26 August 2013;
revised 22 March 2014;
accepted 8 April 2014
Copyright © 2014 John Wiley & Sons, Ltd.
Abstract

To understand the process by which a treatment (T) achieves an effect on out-
come (O) and thus to improve the effect of T on O, it is vital to detect media-
tors, to compare the impact of different mediators, and to develop hypotheses
about the causal factors (all mediators) linking T and O. An index is needed
to facilitate interpretation of the potential clinical importance of a mediator
(M) of choice of T on treatment O in randomized clinical trials (RCTs). Ideally
such a mediator effect size should (1) be invariant under any rescaling of M and
O consistent with the model used, and (2) reflect the difference between the
overall observed effect of T on O and what the maximal effect of T on O could
be were the association between T and M broken. A mediator effect size is
derived first for the traditional linear model, and then more generally for any
categorical (ordered or non-ordered) potential mediator. Issues such as the
problem of multiple treatments, outcomes and mediators, and of causal infer-
ences, and the correspondence between this approach and earlier ones, are
discussed. Illustrations are given of the application of the approach. Copyright ©
2014 John Wiley & Sons, Ltd.
Introduction

In clinical research there is growing realization of the
importance of the identification of both moderators and
mediators in randomized clinical trials (RCTs) comparing
two treatments, T1 versus T2. As defined in the
MacArthur approach (hereafter the MA approach), mod-
erators of treatment in a RCT are baseline variables that
help identify patients in whom the effect size of T1 versus
T2 are different (Kraemer et al., 2001, 2002, 2006, 2008).
Thus moderators are the means of achieving the objectives
of personalized medicine (Garber and Tunis, 2009; Lesko,
2007; Jain, 2002), delivering the appropriate treatment to
each individual patient. Mediators of treatment describe
events or changes that occur during treatment before the
outcome of treatment is determined that help identify
how or why differential effects of T1 versus T2 occur. Thus
mediators, while themselves not necessarily causal, help to
locate possible causal factors that link treatment choice to
outcome, to identify processes by which treatments work
and may help in developing new, more cost-effective, or
safer treatments for the patients. Both the targeting func-
tion of moderators of treatment choice and the tailoring
function of mediators of treatment choice are crucial to
identifying and fostering the best possible clinical deci-
sion-making (King et al., 2008). The focus of the present
discussion is not on moderators, but on mediators in
RCTs. It is important, however, at least to mention mod-
erators in this context, for if there are strong moderators
401
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of treatment (T) choice on outcome (O), the mediators of
T on O may differ in the subpopulations defined by the
moderator (M).

A continuing difficulty in addressing these questions is
the inconsistent definitions of the terms “moderator” and
“mediator” in the research literature. In a 1986 seminal
paper, Baron and Kenny (1986) presented conceptual defi-
nitions for these terms. It was later found that ambiguity
remained, and refinements to the definitions were proposed
(the MA approach) that will here be used (Kraemer et al.,
2008). The remaining difficulties lie in the fact that many
use the term “mediator” as a soft synonym for “causal
factor”. It is important to understand that the MA approach
does not assume causality, nor does it draw inferences of
causality, from its application. Any inference of a causal role
for a mediator identified using the MA approach requires
proof beyond that in the MA approach.

Clearly in medical research, what everyone wants to
know is to what extent a treatment causes an outcome,
and what the elements are of any causal chain linking
treatment to outcome. Arguments have been ongoing for
two millennia dating back to Aristotle as to how to prove
causality. Current approaches to causality range from the-
oretical and philosophical work (e.g. Pearl, 2013) to a
number of data analytic models (e.g. Rubin, 2004;
MacKinnon, 2008). Carefully designed observational
studies and complex modeling can certainly bring greater
credibility to claims of causality but such inferences are al-
ways conditional on the assumptions made. In medical re-
search, the “gold standard” to infer the causal effect of a
treatment is not an analytic approach, but the RCT meth-
odology. In particular, experience in medical research has
shown that drawing inferences of causality for a mediator
can be erroneous and cost the well-being and possibly the
lives of patients (Silverman, 1998; Connolly, 2006).

The discussion of mediators here lies within the context
of RCTs. Since patients are randomly assigned to treat-
ment, it might be appropriate to infer that T causes O,
and within the MA approach definition, that T causes M,
but whether M causes O is always in question. There may
always be an unrecognized moderator or an unrecognized
proxy to M (a “confounder”) that explains away any causal
relationship between M and O. Thus in the MA approach,
every element of a causal chain linking T to O is a mediator
of T on O, but not every mediator of T on O is a link in
such a causal chain. Discovery of mediators in the MA ap-
proach is therefore a precursor to seeking causal paths
linking T with O.

Thus, it must be here emphasized that the issue here is
not causality but mediation, and, where appropriate, the
contrasts between various definitions of mediators will
Int. J. Met
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be briefly addressed in the present development so that
the choices between such approaches might be clearer.
Background

In the MA approach, to show that M mediates the effect of
T on O in the MA approach, one must demonstrate three
criteria in the population of interest:

• Temporal Precedence: T precedes M which precedes O
(M is an event or change that occurs after treatment
onset but before treatment outcome O is determined);

• Correlation: M and T are not independent (i.e. the dis-
tribution of M differs between the two treatment
groups);

• Analytic: The effect size of T on O depends wholly or
in part on the effect of T on M.

MacKinnon (2008) correctly points out that the MA
approach essentially prohibits using cross-sectional data
to study mediation, commenting “This would seem to
prohibit the work of detectives, psychotherapists, and phy-
sicians who seek to untangle the process of events after
they have occurred” (p. 71). However, establishing the
time-line of events that have occurred is an essential part
of the work of detectives, psychotherapists, and physicians.

The second and third criteria are common to most me-
diation approaches, but many approaches restrict the
demonstration of the Analytic criterion to a linear model
that assumes that the effect size of T on O conditional
on M is the same for all values of M (no interaction in
the linear model (e.g. MacKinnon, 2008, pp. 48–49).
While a linear model is often useful (and will here be the
initial approach), mediators are not always well-described
by linear models, and if a linear model is appropriate, the
interaction term may not be zero. Thus the non-paramet-
ric approach is likely to be more universally applicable.

An important lack in all mediator approaches to date is
a definition of the effect size of the mediator. In recent
years, the overuse and misuse of p-values has been increas-
ingly recognized, and it is recommended that each p-value
be accompanied by an estimated interpretable effect size
and its confidence interval (Wilkinson, 1999). There have
been suggestions for such an effect size (MacKinnon,
2008; Preacher and Kelley, 2011). To date, however, most
proposed effect size measures depend on restrictive linear
assumptions producing results that may be easy to inter-
pret when the assumptions hold, but difficult otherwise.

Preacher and Kelley (2011) in considering the desider-
ata for good mediator effect sizes suggested that all effect
sizes should be scaled appropriately, but what is consid-
ered “appropriate scaling”might differ among researchers.
hods Psychiatr. Res. 23(4): 401–410 (2014). DOI: 10.1002/mpr
Copyright © 2014 John Wiley & Sons, Ltd.
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However, if one can change the effect size simply by
rescaling either the outcome or the mediator variable,
the effect size becomes uninterpretable. It should be noted
that any effect size is likely to change from one population
to another; any effect size is population specific. The issue
here is concern that within a single population, the effect
size can be manipulated by changing the scaling of the
outcome or mediator. Moreover, it becomes difficult, if
not impossible, to compare multiple mediators measured
on different scales of the same T on O in the same popu-
lation. Thus we suggest that in a RCT it is required that:

(a) The mediator effect size be invariant under any
rescaling of either the O or the proposed M that pre-
serves the assumptions of the appropriate model.

(b) It equals the difference between the overall treatment
effect size of T on O and the effect size if the connec-
tion between T and M were somehow severed.

As to what the treatment effect size might be in a RCT,
either AUC (area under the receiver operating characteris-
tic [ROC] curve comparing T1 and T2 responses)
(Kraemer and Kupfer, 2006; Acion et al., 2006; Grissom,
1994; McGraw and Wong, 1992) or SRD (success rate dif-
ference) (Kraemer and Kupfer, 2006; Hsu, 2004) is
recommended because they are invariant under all mono-
tonic transformations of O:

AUC ¼ Prob T1 > T2ð Þ þ 0:5Prob T1 ¼ T2ð Þ (1)

SRD ¼ Prob T1 > T2ð Þ � Prob T2 > T1ð Þ
¼ 2AUC–1 (2)

where “T1 > T2” means that of two patients, one sampled
from the T1 population and one sampled from the T2 pop-
ulation, the one from the T1 population has a clinically
preferable response (“T1 = T2” means clinical equivalence
of outcomes). AUC and SRD are essentially equivalent ef-
fect sizes (SRD = 2AUC � 1) defined for any outcome
measure in a RCT, no matter how measured or how dis-
tributed, provided only that one can compare the individ-
ual outcomes of two patients, a necessary condition for a
RCT outcome measure. AUC ranges from zero to one with
null value ½, while SRD ranges from �1 (when every pa-
tient treated with T2 has a clinically preferable response
to every patient treated with T1) to +1 (the reverse) with
null value zero. SRD has a more easily interpretable scale
and will here be used.

In a RCT with N1 patients randomly assigned to T1 and
N2 to T2, one can always estimate AUC or SRD by making
Int. J. Methods Psychiatr. Res. 23(4): 401–410 (2014). DOI: 10.100
Copyright © 2014 John Wiley & Sons, Ltd.
all N1N2 pairwise comparisons and estimating the proba-
bilities indicated in Equations 1 and 2. If O is binary (suc-
cess versus failure), SRD is the difference in the success
rates of the two treatment groups. If O is ordinal,
one can use the Mann–Whitney U-statistic, for AUC
= U/(N1N2) and SRD = 2AUC � 1. Finally, if O is nor-
mally distributed in the two treatment groups, then,
Cohen’s d, here defined as the difference in the two means
divided by the square root of the average variance in the
two groups (Kraemer and Kupfer, 2006), can be used:

SRD ¼ 2Φ d=√2ð Þ � 1; (3)

where Φ() is the cumulative standard normal distribution
function. This form of d is used because it relates directly
to SRD whether the variances in the two groups are the
same or not.

However, it should also be noted that if O is normally
distributed with equal variances in the two treatment
groups, d is equivalent to that form of d that uses the
pooled standard deviation, or that form that used the stan-
dard deviation in the control/comparison group in the de-
nominator. However, if the variances are not equal, then a
pooled standard deviation estimates the standard devia-
tion in neither treatment population, but a weighted aver-
age of the two that depends on the two sample sizes. If the
sample sizes are equal, the pooled standard deviation
would equal the average standard deviation. If the vari-
ances in the two treatment populations are not equal,
using the standard deviation of the control group can be
very misleading in indicating the degree of overlap be-
tween the treatment and control populations.

Preacher and Kelley (2011) correctly emphasize that an
effect size is a population parameter estimated in a sample
with a certain accuracy indicated by a confidence interval.
Whether the population parameter suggested as an effect
size conveys clinically or practically important information is
the primary consideration and is here the focus. Testing the
null hypothesis that the mediator effect size, however defined,
equals zero is not the important issue. Once the appropriate ef-
fect size is defined, obtaining a tight confidence interval that
may or may not include the null value is more crucial.

Preacher and Kelley (2011) focus on the linear model,
assuming absence of interaction. Here, we first reconsider
a linear model, but including the interaction term. Then
we consider a non-parametric model if the mediator is
categorical (ordered or unordered), with no assumptions
about the distribution of the outcome measure O or the
nature of the M versus O association in either T1 or T2,
and demonstrate its application in special cases. In
2/mpr
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conclusion, we discuss the implications of these results
both in the RCT context.

The linear model

Assume that M is a measure of change after onset of treat-
ment with T1 or T2, and preceding determination of O, that
M andO each have a normal distribution within both T1 and
T2, possibly with different means and variances, and that:
Overall SRD ¼ 2Φ
b1 þ b2 ΔM þ b3 M*ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

b2 þ 0:5b3ð Þ2P1 þ V
� �þ b2 � 0:5b3ð Þ2P2 þ V

� �� �q

2
64

3
75� 1; (4)
M ¼ a0 þ a1Tþ e*;

O ¼ b0 þ b1Tþ b2Mþ b3TMþ e:

Here, conditional on T and M, e and e* are assumed to
have normal distributions, the same for all T and M. The
variance of e in either treatment group is V.

For clarity in interpreting the coefficients, T is coded
+1/2 for T1 and �1/2 for T2 (Kraemer and Blasey,
2004). Absence of change corresponds to M = 0. So that
the effect size is invariant under linear transformation of
M (while ensuring the linearity model) M is recoded as
M/σA, where σA

2 = (σ1
2 + σ2

2)/2, the average of the vari-
ances of M in the T1 and T2 groups and P1 = σ1

2 /σA
2

and P2 = σ2
2 /σA

2. Thus P1 + P2 = 2, and if the twoM-variances
are equal P1 = P2 = 1.

The expected value of O in the T1 and T2 groups are
respectively:

b0 þ 0:5b1 þ b2M1 þ 0:5b3M1;

b0 � 0:5b1 þ b2M2 � 0:5b3M2;

where M1 and M2 are the means of recoded M in the two
groups, and the mean difference is:

b1 þ b2ΔMþ b3M*;

where ΔM = M1 � M2 (the difference between the recoded
M means), and M* = (M1 + M2)/2, the average of the two
recoded M means.

The within group variance in the T1 and T2 groups
are respectively:
Int. J. Met
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b2 þ 0:5b3ð Þ2P1 þ V; and

b2 � 0:5b3ð Þ2P2 þ V:

Then by the definition of Cohen’s d as the mean differ-
ence divided by the square root of the average variance,
and the fact that SRD = 2Φ(d/√2)� 1, the SRD comparing
the two treatments is given by:
If M and T were independent, then ΔM = 0, M* is the
common mean of M in the two treatment groups, and the
two variances of M are equal, i.e. P1 = P2 = 1. In this case,

Null SRD ¼ 2Φ
b1 þ b3M*ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

2 b22 þ 0:25b23
� �þ V
� �q

2
64

3
75� 1: (5)

The mediator effect size is the difference between these
two:

MedES ¼ 2Φ
b1 þ b2 ΔM þ b3 M*ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

b2 þ 0:5b3ð Þ2P1 þ V
� �þ b2 � 0:5b3ð Þ2P2 þ V

� �� �q

2
64

3
75

�2Φ
b1 þ b3M*ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

2 b22 þ 0:25b23
� �þ V
� �q

2
64

3
75:

Overall SRD is the combination of the direct and indi-
rect (via M) effect of T on O, Null SRD is the direct effect
and MedES is the indirect effect (via M) on O.

In this model, it should be noted that, whether or not
M is correlated with T, if b2 = b3 = 0, then both the Overall
SRD and the Null SRD would equal 2Φ[b1/√2V] � 1, and
the MedES = 0. Thus if either the Correlation criterion or
the Analytic criterion defining the mediator in the MA ap-
proach does not hold, the mediator effect size is zero, as
appropriate.

One of the contentious differences between approaches
to mediator analyses, when using the linear model, has
been whether, if the linear model holds, mediation can

(6)
hods Psychiatr. Res. 23(4): 401–410 (2014). DOI: 10.1002/mpr
Copyright © 2014 John Wiley & Sons, Ltd.
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exist if b2 = 0 when b3 ≠ 0. Some approaches avoid this
argument by assuming that b3 = 0. The MA approach
addresses it because, as can be seen in Equation 4, the
Overall effect size is influenced by non-zero b3 even when
b2 = 0. However, if b2 = 0, the MedES in a RCT is zero
even for b3 unequal to zero (Equation 6). Thus the MA ap-
proach is correct that b3 does play a role in determining
the effect size of treatment on O even when b2 = 0, but
when this happens, the mediator effect size is unlikely to
have clinical importance. However, b2 that appears in
Equations 6–8, is that when the interaction term is in-
cluded in model-fitting. If b3 is non-zero in the population
but omitted in model-fitting, the estimate of b2 will usually
be biased. How much this affects the mediator effect size
depends both on the size of the interaction effect in the
linear model and on the strength of the correlation be-
tween T and M. Thus this is not an argument for setting
b3 to zero in a linear model.

The estimation of the Mediator effect size so defined
would proceed as follows:

• Step 1: A RCT in which N1 patients are randomly
assigned to T1 and N2 patients to T2 is done, with M
and O measured for each subject, “blinded” to T and
to each other.

• Step 2: The overall effect size comparing T1 versus T2
is computed, ignoring M.

• Step 3: M is rescaled by dividing by the estimated σA,
where σA

2 = (σ1
2 + σ2

2)/2, the average of the estimated
variances of M in the two treatment groups. The dif-
ference in the means of rescaled M (ΔM), and their av-
erage (M*) is computed. A linear regression is
performed with O as the dependent variable and T
(coded +1/2 for T1 and �1/2 for T2), M (rescaled) and
the interaction T ×M as the independent variables to ob-
tain estimates of b1, b2, b3, and the residual variance V.

Then

Null SRD ¼ 2Φ
b1 þ b3M*ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

2 b22 þ 0:25b23
� �þ V
� �q

2
64

3
75� 1:

• Step 4: The mediator effect size, MedES is the differ-
ence between the Overall AUC computed in Step 2
and the Null AUC computed in Step 3.

• Step 5: Bootstrap methods (Efron and Tibshirani,
1995; Efron and Gong, 1983) can be used to obtain a
95% two-tailed confidence interval for the mediator
effect size. If the value zero is not inside that confidence
Int. J. Methods Psychiatr. Res. 23(4): 401–410 (2014). DOI: 10.100
Copyright © 2014 John Wiley & Sons, Ltd.
interval, the mediator sample size is statistically signifi-
cantly different from zero on a 5% two-tailed test.

It is to be noted that only in Step 3 are the linearity
assumptions actually used, that is, they are used only in
determining what the effect size would have been had T
and M not been correlated.

Illustration: parametric model

Goldin et al. (2012) report a RCT showing that change in
positive self-views (M) mediate the effect of Cognitive-
Behavioral Therapy (CBT) as compared to a Waiting List
(WL) control for Social Anxiety Symptom Severity (O)
for patients with Social Anxiety Disorder. Full description
and data are there presented.

In that study, the 25th and 75th percentiles of M for the
CBT group were 9.5 and 25, and those for the WL group
were �2 and 9, clearly indicating the strong correlation
between T and M, since the M-values of the two groups
only overlap in the lower quartile of one and the upper
quartile of the other. The within-group variances of M
were not very different with P1 = 0.970 and P2 = 1.030.
Finally the within group slopes (O on rescaled M) were
only slightly and not statistically significantly different.

The mean O for CBT was 54.95, and for WL, 65.27.
Cohen’s d comparing the groups was 0.49, favoring CBT,
and theOverall SRD equal to 0.27. The sample Null SRD then
was found to be �0.06, and thus the sample MedES = 0.33.

A graphic display of the results appears in Figure 1.
There it can be seen that the overall SRD strongly favors
CBT over WL, indicated by the difference in length of
the two vertical lines at M1 and M2. However, the Null
SRD, indicated by the separation between the regression
lines at M*, the effect size that would pertain if the corre-
lation between T and M were broken, slightly favors WL
over CBT. Thus here the mediator effect size is larger than
the overall effect size, suggesting total mediation.

The non-parametric model: categorical M, any O

There are many situations when the linear model assump-
tions will not hold. Suppose instead that M, an event or
change occurring after onset of T and before O is deter-
mined, has C categories, coded i = 1, 2, …, C. M may be
binary (e.g. whether or not the patient fully complied with
the treatment assigned), unordered categories (e.g. three
types of quality of patient–doctor interaction during
treatment), or ordered categories (e.g. a 3, 4, 5, … point
ordinal scale, or a grouping of a continuous M into C or-
dered categories). Suppose that in T1 the probability that
M = i is Qi + δi, and in T2 is Qi � δi, for i = 1, 2, …, C.
2/mpr
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Figure 1. Graphical display of results in the Goldin et al.
(2012) study. The regression lines extend through the
25th, 50th, 75th percentiles of M in each group (CBT, heavy
line; WL, light line), and through M*. The Overall SRD is in-
dicated by the difference in the lengths of the two vertical
lines (at M1 and M2), and the Null SRD by the distance be-
tween the two regression lines at M*. The MedES is the dif-
ference between these two.

Table 1. Binary M, Binary O. The probabilities of success
(O) are Pi,j and the probability that M = i in T1 and T2 are
shown in parentheses in each cell

T1 T2

M = 1
P1,1 P1,2 SRD(1,1) =

P1,1 � P1,2(Q + δ) (Q � δ)

M = 2
P2,1 P2,2 SRD(2,2) =

P2,1 � P2,2(Q′ � δ) (Q′ + δ)
SRD(1,2) =
P1,1 � P2,2

SRD(2,1) =
P2,1 � P1,2

Note:mediator effect size (MedES) = δ[P1,1�P2,1 +P1,2�P2,2].

Mediator Effect Size in RCTs Kraemer
All Qi and δi are between zero and one, ∑Qi = 1, ∑δi = 0.
Thus T and M are independent if and only if δi = 0 for all i.

Then the overall effect size comparing responses in T1
versus T2 would be (Kraemer, 2008):

Overall SRD ¼ ∑
i;j

Qi þ δið Þ Qj � δj
� �

SRD i; jð Þ; (7)

where SRD(i,j) is the effect size comparing O between pa-
tients with T1 in the subgroup with M = i and those with
T2 in the subgroup with M = j. Simplifying and separating
terms that do not involve δi values from those that do:

Overall SRD ¼ ∑
i;j
QiQjSRD i; jð Þ þ∑

i;j
δiQj � δjQi � δiδj
� �

� SRD i; jð Þ: (8)

Thus the mediator effect size is:

MedES ¼ ∑
i;j

δiQj � δjQi � δiδj
� �

SRD i; jð Þ: (9)

MedES is invariant over any monotonic transformation
of O and any permutation of the C categories of M, or any
relabeling of those categories. SRD can be computed
whether O is binary, categorical, dimensional, even
Int. J. Met
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multivariate, provided only that one can compare pairs
of patients and decide which, if either, has a clinically
preferable response. There are no assumptions about the
distribution of M or O, and no assumptions that the asso-
ciation between M and O is monotonic, much less linear.

Special Case 1: Binary M, Binary O

If the outcome itself is binary (success/failure), and M is
also binary (C = 2), the situation is described in Table 1.
Because O is binary, normality assumptions cannot hold.
Now Q1 = Q, Q2 = Q′ = 1 � Q, δ1 = δ, δ2 = �δ. The com-
putations of the SRD(i,j) are indicated in Table 1.

In this case, the Overall SRD is the difference in the
success rates in the T1 andT2 groups, i.e.

Overall SRD ¼ Qþ δð ÞP1;1 þ Q’� δð ÞP2;1 � Q� δð ÞP1;2
� Q’þ δð ÞP2;2 ¼ ½QP1;1 þ Q’P2;1 � QP1;2
–Q’P2;2�þδ½P1;1 � P2;1 þ P1;2 � P2;2�;

(10)

Thus the mediator effect size is:

MedES ¼ δ P1;1 � P2;1 þ P1;2 � P2;2
� �

: (11)

Steps 1, 2, 4, and 5 described earlier for the linear
model remain the same. To replace Step 3, Q is the esti-
mated by the average of the T1 and T2 proportions with
M = 1, and Pi,j can be estimated by the proportions of suc-
cess in each of the four cells to estimate the Null SRD, the
first term in Equation 10. What is computed in Step 4 is
Equation 11.

It is of interest to note that, if Equation 2 defining the lin-
ear model were here applied to the binary M and the Pi,j, δ
hods Psychiatr. Res. 23(4): 401–410 (2014). DOI: 10.1002/mpr
Copyright © 2014 John Wiley & Sons, Ltd.
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would correspond to a1 and [P1,1 � P2,1 + P1,2 � P2,2] to b2
in the linear model and MedES = a1b2, even though crucial
assumptions of the linear model (normal distributions,
equal variances) do not hold. Testing whether a1b2 = 0 is
frequently the basis of testing for mediation in the MA
approach (MacKinnon, 2008; MacKinnon et al., 2002).
However, this is a situation when users often switch to a
Logistic Regression model rather than applying the Linear
Regressionmodel to the Pi,j, in which caseMedES (Equation
11) will no longer correspond to a1b2 resulting from fitting
that model.

Special Case 2: Binary M, O satisfying the
assumptions of the linear model

Suppose that the only deviation from linear assumptions is
that M is binary (here coded 1/0 for M = 1 and M = 2).
The probabilities that M = 1, 2 and the cell means in
Table 2. The variance in each cell is V. Once again, Steps
1, 2, 4, and 5 remain the same. It is only Step 3 that differs.

Here, since the four cell means are described in terms
of four parameters, the parameters can be directly
estimated from the observed means, as shown in Table 2.
V is estimated by the pooled within cell variance. The
Null SRD is now (where computations of SRDs are shown
in Table 2):

Q2SRD 1; 1ð Þ þQQ’SRD 1; 2ð Þ þ QQ’SRD 2; 1ð Þ
þQ’2SRD 2; 2ð Þ;

to be used in Step 4 to estimate the mediator effect size.
Step 5 remains the same. Now, even when a linear model
holds, the MedES is not simply a function of a1b2.

(12)
Table 2. Binary M. Observations within each cell are normally d
a linear model, common within cell variance equal to V. The pro
parentheses

T1

M = 1
Μ1,1 = b0 + 0.5b1 + b2 + 0.5b3 Μ1,2 = b0 � 0
(Q + δ) (Q � δ)

M = 2
Μ2,1 = b0 + 0.5b1 Μ2,2 = b0 � 0
(Q′ � δ) (Q′ + δ)
SRD(1,2) =
2Φ((b1 + b2 + 0.5b3)/√2V) � 1

SRD(2,1) =
2Φ((b1 � b2

Estimation of parameters:
b1 = M2,1 – M2,2

b2 = (M1,1 � M2,1 + M1,2 � M2,2)/2
b3 = (M1,1 � M2,1 � M1,2 + M2,2)

Int. J. Methods Psychiatr. Res. 23(4): 401–410 (2014). DOI: 10.100
Copyright © 2014 John Wiley & Sons, Ltd.
It is also to be noted that Equation 12 is not the same as
Equation 8, even though here both are based on a linear
model. The difference lies in the normality assumptions
for M. Under the assumptions underlying Equation 8,
because M has a normal distribution in both groups, O
too has a normal distribution within both T1 and T2.
Depending on the distribution of M, however, the
distribution of O in each group is a mixture of normal
distributions, which affects the mediator effect size. In
considering mediation, the distribution of M is as crucial
as is that of O.

Multiple treatments, multiple outcomes, multiple
mediators

Multiple treatments

The discussion thus far has focused on a RCT comparing
two treatments, T1 versus T2. Many RCTs include more
than two treatments, T1, T2, T3, …, and a reasonable
question is how mediator analysis would be done under
these circumstances.

What mediates the effect of treatment comparing T1
and T2 may be very different from what mediates the ef-
fect of treatment comparing T1 and T3. It may be that
T1 and T2 have differential effects on M, while T1 and
T3 do not, or that the direction or size of the mediation
effect differs. Finally, the purpose of discovering strong
mediators of treatment in a RCT is to provide insight as
to how the protocol for the preferred treatment might be
improved to achieve greater advantage of the preferred
over the non-preferred treatment. The tactics available
for consideration to improve the protocol for T1, T2, or
T3 may differ even if the same mediator is identified for
all pairwise comparisons.
istributed with the means indicated in each cell, according to
bability distribution of M in T1 and T2 are indicated in

T2

.5b1 + b2 � 0.5b3
SRD(1,1) = 2Φ((b1 + b3)/√2V) � 1

.5b1
SRD(2,2) = 2Φ((b1)/√2V) � 1

+ 0.5b3)/√2V) � 1
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In short, mediation should be considered separately for
each pair of treatments, even when there are more than
two treatments in a single RCT.

Multiple outcomes

A major problem in RCTs in general is that of multiple out-
comes. To protect against proliferation of false positives,
some adjustment of p-values is usually recommended. How-
ever such adjustment is made, it costs power, necessitating
larger sample size, thus usually increased cost and time. Even
then, conflicting conclusions may result. It may be that T1>
T2 for some outcomes and T1 < T2 for others, confusing
clinical decision-making.

Similarly, what mediates the effect of T1 versus T2 for
one outcome (e.g. reduction of symptoms) may be
completely different from what mediates the effect of T1
versus T2 for another (e.g. avoidance of serious side ef-
fects). A tactic that may improve the outcome for T1 over
T2 for one outcome may actually deteriorate the outcome
for T1 over T2 for another. The clinical impact of finding
mediators of treatment in RCTs, consequently, will be di-
luted with multiple outcomes. Mediator analysis in RCTs
is best done with a single outcome sensitive to clinically
important differences among patient responses (Kraemer
et al., 2011; Kraemer and Frank, 2010) in order to result
in clear guidance to clinicians and patients.

Multiple mediators

For an ‘a priori’ hypothesized single mediator of T on O,
the process of estimating the mediator effect size is
described earlier. In exploring for potential mediators
after a RCT, a major advantage to the MK approach
(MacKinnon, 2008), using Structural Equation Models,
has always been the possibility of including multiple possi-
ble mediators for evaluation simultaneously. However, ev-
ery element in a Structural Equation Model embodies
assumptions that may or may not be true, in most cases,
linearity, absence of interactions, and independence of
mediators and often, absence of moderators. If the as-
sumptions all hold, clearly the Structural Equation Model
approach will yield richer information. If any one of these
assumptions does not hold, the conclusions may not hold
at all. Moreover, goodness-of-fit tests can result in rejec-
tion of the model, but not rejecting the model is different
from demonstrating that the model is a correct representa-
tion of the system.

The MA exploratory approach is different. First, all pos-
sible mediators are ordered in time during the intervention.
Those possible mediators that are coincident (e.g. change
during the first two weeks of treatment), are evaluated to
Int. J. Met
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see if any are proxy to others, or overlapping with others
(for definitions and criteria, see Kraemer et al., 2008).
Those that are proxy are removed from consideration. Re-
dundant predictors are removed, perhaps by combining
them to obtain a more reliable measure of their common
construct. Thus the remaining mediators at each time
point are relatively independent of each other, each
representing a different path to the outcome. Then the
remaining possible mediators at different times are
checked to ascertain whether some are proxy to each other,
and again, if such are found, these are removed.

The next question is whether some later M’s mediate
the effect of some earlier M’s on outcome. This may iden-
tify a chain of mediators, where M1 mediates the effect of
T on M2, M3 mediates the effect of M2 on M4, etc., even-
tually linking with O. Such a chain of mediators can be
very important, in that they signal time points when inter-
ventions can be modified to strengthen the chain leading
to improved outcome. There may be multiple separate
chains of mediators. If moderators of T on O were identi-
fied, there may be separate subpopulations, in which the
chains of mediators are different. This approach is far
more cumbersome than proposing a Structural Equation
Model, but is less dependent on assumptions made, and
more likely to reveal true complexity (for an example of
this approach in an observational study, see Essex et al.,
2006).

The Structural Equation Model approach can be lik-
ened to proposing a completed picture and then asking
whether that picture as a whole is consistent with the data
or not. In contrast, the MA approach is like creating a jig-
saw puzzle picture by examining data, making sure that all
the pieces belong to one picture (absence of moderators)
and separating them if they do not, discarding irrelevant
or redundant pieces (overlapping or proxy variables),
and then fitting the remaining pieces together to form
one or more pictures. Since both approaches are hypothe-
sis-generating (exploratory) rather than hypothesis-
testing, in either case, any hypotheses so developed would
have to be validated by formal hypothesis testing in an
independent study designed specifically for that purpose.
Discussion

The objective here was to develop a mediator effect size in
RCTs minimally restricted by any linear model assump-
tions, not to reject those assumptions but to allow devel-
opment of methods to address these issues whether or
not those assumptions are met.

One goal is to separate the direct and indirect effects of
T on O. The results of dissecting the Overall SRD into one
hods Psychiatr. Res. 23(4): 401–410 (2014). DOI: 10.1002/mpr
Copyright © 2014 John Wiley & Sons, Ltd.
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component that applies whenMandT are not correlated (Null
SRD) and another then applies when they are correlated
(Overall SRD � Null SRD) accomplishes this purpose.

In medical research, to unequivocally show that M is a
causal mediator of T on O using RCT methodology, one
would have to structure a new treatment that incorporates
all that T1 offers (T1 here is the overall preferred
treatment), and add a component that would increase
the beneficial effect of the mediator M on O, either by
changing the correlation of T andM, or by changing the im-
pact of M on O, a new treatment say T1+. Then a RCT com-
paring T1+ with T1 results in a SRD comparing the two
would indicate a causal role of M in affecting O. If the SRD
comparing T1+ with T1 is zero, then M has no causal effect,
whatever the value ofMedES relatingM, T (T1 versus T2), O.
When the linear model criteria hold, conclusions based on
both approaches will be concordant. However, as noted by
Judd et al. (2001, page 133) concerning the linear model
approach: “… these analyses make sense only if the many
assumptions that underlie them can realistically be made.”
In contrast, the MA approach is more rigid in the criteria it
imposes, but allows flexibility in how to demonstrate that
the criteria defining moderators and mediators apply, which
then allows researchers to use the linear model where it is
appropriate and to develop other models where it is not.
Int. J. Methods Psychiatr. Res. 23(4): 401–410 (2014). DOI: 10.100
Copyright © 2014 John Wiley & Sons, Ltd.
Finally, an unanswered question, and perhaps an unan-
swerable one, is: How big a MedES in a RCT is big enough
for clinical significance? The answer depends strongly on
the context, the vulnerability of the population, the costs
and risks of T1 and T2, and the impact on patients of in-
adequate treatment. A relatively small MedES might be
more important if the treatment were for cancer and the
outcome early death, than if the treatment were for the
common cold and the outcome shorter duration of cold
symptoms. Moreover, two mediators of the same T on
the same O in the same population having the same
MedES might have different clinical significance if one
could be easily manipulated and were causal, and the other
were not.

The driving force in the search for moderators/media-
tors in clinical research is the belief that recognizing mod-
erator/mediators can help make the most informed
clinical and public health decisions given limited re-
sources. Understanding which factors or combination of
factors identify those most likely to benefit from T1 rather
than T2 (moderators) is essential for treatment matching.
Understanding what may be the mechanisms (mediators)
by which a given treatment has an impact on outcome is
fundamental to refining and optimizing treatments. Inter-
pretable effect sizes are vital to this process.
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