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Recent criticism of epidemiologic methods has focused on the
limitations of ‘black box’ epidemiology, a pejorative label given to
the simple identification of exposure–disease relationships. The
assessment of mediation is an important tool for addressing this
criticism. By using mediation analysis to open the black box,
underlying mechanisms of the observed associations can be
described and causal inference improved. An explicit theoretical
motivation for such an analysis has been missing from the epide-
miological literature. To provide this motivation, we integrate
literature from epidemiology and other social sciences to describe
the reasons that an investigator might want to assess mediation.
We then describe the connections between these reasons and
specific measures of indirect and direct effects that have been
previously described.
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Introduction
Since the Second World War, epidemiologists have
largely focused on the identification of risk factors
for various diseases, using an approach that has
been pejoratively labelled as ‘black box’ epidemiology.
While many discoveries in epidemiology have been
made using this approach, it has limitations. Some
critics cite the many associations that have been
reported in one study, only to be refuted by another.1

Others have pointed out that the ‘black box’ approach
leads to the identification of a list of risk factors, but
not an explanatory theory for how disease arises.
In the absence of such theory, the ability to effectively
predict the effect of interventions is limited.2

Based on these critiques, some authors have argued
that we should discard the ‘black box’ approach
altogether, in favour of a systems-based strategy.3

However, methods in epidemiology are extremely
well developed for the identification of risk factors,
while methods for a systems-based approach are
still in their infancy. Thus other authors have sug-
gested something slightly less radical: that, instead of

discarding the black box, we use existing methods to
open it.4,5

We propose that the assessment of mediation is
one very practical way to open the black box, leading
to improved causal inference. Mediation is defined
as the totality of processes that explain an observed
relationship between exposure and disease.6 By test-
ing mediational hypotheses, investigators can, in a
sense, view the inner workings of this box. Of course,
a single mediator cannot fully explicate the observed
relationship between exposure and disease. However,
the assessment of mediation can be thought of as
a useful first step to addressing the limitations of risk
factor epidemiology.

Indeed, in other disciplines, mediation is regularly
assessed as a way to test the mechanisms by which
exposure, as measured, leads to the outcome. For
example, the assessment of mediation is a crucial
element of statistical analysis in psychology. The
seminal paper on the assessment of mediation in
psychology, written by Baron and Kenny in 1986,7 has
been referenced over 8500 times (Social Science
Citation Index). Mediation also plays a central role
in the classic validity scheme described by Shadish
et al.,8 in the context of ‘causal explanation’; that is,
explaining why and how an exposure has the effect
that it does. By probing the mechanisms that explain* Corresponding author. E-mail: sbs5@columbia.edu
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a relationship between exposure and disease, causal
hypotheses can be more rigorously tested and
etiologic relationships better understood.9–11 Such
knowledge is often a prerequisite for the successful
assessment of public health interventions, because
they help us to more effectively test the interventions
and better predict the circumstances under which
they will work.

The concept of causal explanation was discussed in
Susser’s 1973 textbook,12 but has largely been ignored
in the epidemiologic textbooks since that time (with
some recent exceptions13). In fact, the dominant
concept of mediation (or the separation of direct
and indirect effects) in epidemiologic literature is not
based on the exploration of mechanism, but rather
additional intervention (on the mediator). For exam-
ple, the blocked direct effect is defined as the effect of
exposure if the mediator were blocked for every
individual in the population.14 While this answers a
specific interventionist question (what would happen
if we could intervene on both the exposure and the
mediator?), it does not specifically assess the mecha-
nisms by which exposure is causing disease; that is, it
does not address the questions of causal explanation.

In this article, we integrate the concept of ‘causal
explanation’ from the psychology literature with the
extant epidemiology and statistics literature on
mediation. Through an incorporation of this literature,
we describe the reasons for conducting a mediation
analysis in epidemiology. We next give several opera-
tional definitions of indirect and direct effects, and
show how the correct definition depends on the
particular reason for mediation analysis. By providing
a conceptual foundation for the assessment of
mediation, we hope to illustrate why opening the
black box is important, and how mediation analysis
represents an important tool for opening this box.

To date, most of the epidemiological literature on
mediation has focused on the problems that arise
when assessing direct and indirect effects from the
data.15–17 As with any epidemiologic analysis, care
must be taken when making causal inference based
on observational data. For example, when assessing
mediation, the possibility of confounding of the
mediator–disease relationship must be considered,
even in the context of a randomized trial.14,15,18 The
focus of this article is to establish a conceptual
foundation for the assessment of mediation, thus
making it worthwhile to solve the associated meth-
odological challenges.

Motivation for mediation analysis
Based on an integration of the relevant psychology
and epidemiology literature, we propose three reasons
why an epidemiologist might want to open the ‘black
box’ using mediation (summarized in the first column
of Table 1).

Strengthen evidence that the main effect
is causal
The identification of a hypothesized mediator can
provide evidence for a causal interpretation of the
observed relationship between exposure and disease.
First, the specified mediator demonstrates the path-
way by which exposure causes disease, and thus leads
to increased biological plausibility of the theory that is
being tested. For example, the Endogenous Hormones
Group19 found an association between BMI and
breast cancer that was fully mediated by free estradiol
levels. The latter finding increases the biological plau-
sibility of the theory that high BMI causes breast
cancer, because the theoretical pathway was success-
fully tested.

Second, the identification of a hypothesized medi-
ator decreases the likelihood that a given finding is
spurious or caused by confounding of the main
effect.13 For instance, Carney et al.20 found that the
observed relationship between depression and mor-
tality after myocardial infarction (MI) was partially
mediated by low heart rate variability, an indicator of
abnormal cardiac autonomic function. This finding
decreased the likelihood that the observed association
(at least the mediated portion) was spurious or due to
a common cause of depression and death from MI.
Specifically, a common cause of depression and MI
could explain the main effect. But to be a viable
explanation for the observed results, a confounder
would not only have to cause both depression and
mortality after MI, but also low heart rate variability.
Of course, there are always alternative explanations
for patterns of observations and we cannot rule out
these possibilities completely. However, by making
such alternative explanations less likely, this media-
tion analysis provides evidence that the main effect
is causal.

This logic can be viewed as a modification of Pearl’s
forward identification of causal effects, as noted by
Winship and Harding.21–23 Sometimes the main effect
is not identifiable by standard methods, because of an
unmeasured common cause of the exposure and
disease. In this case, we cannot interpret the observed
relationship between exposure and outcome as causal.
However, if a mediator has been measured, it is
possible that this effect could be identifiable by the
front-door criterion. That is, the quantity of interest
would simply be the indirect effect (through the
mediator of interest). To provide a valid quantification

Table 1 Why assess mediation: three reasons for assessing
mediation, and their corresponding effect measures

Reason
Effects of 18
interest

1) Strengthen main effect hypothesis TIE, PIE

2) Test pathway specific hypotheses TIE, PDE

3) Evaluate and improve intervention PIE
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of the exposure–disease relationship, the measured
mediator must intercept all directed pathways from
exposure to disease; that is, it must be a full mediator
of the exposure–disease relationship. But even if this
stringent requirement is not met, the demonstration
of a hypothesized indirect effect strengthens evidence
that the main effect is, at least partly, causal.

Test a pathway-specific hypothesis
Often the primary hypothesis of interest is not
whether there is an association between the exposure,
as measured, and the disease. Instead, investigators
want to know whether a specific mechanism of
exposure is associated with the outcome. There are
two ways that this question can be addressed.

First, many research hypotheses focus on explaining
an association that has been observed many times,
but is poorly understood. For example, it has been
repeatedly demonstrated that socioeconomic status
(SES) is a predictor of many health outcomes.
However, the debate in this field centres on the
mechanisms that explain this effect. Interesting
questions include the following: (i) Is the relationship
between SES and a given health outcome completely
explained by known risk factors, or is there a ‘direct’
effect of SES on this outcome?24,25 and (ii) is the
relationship between SES and a given health outcome
due to material factors or psychosocial and autonomic
factors (or both)?26–28 The main goal of these investi-
gators is not simply to document the SES-related
disparities in health outcomes, but rather to explain
how they arise; mediation analysis is a core tool for
answering such questions.

Second, researchers are often not interested in
the total effect of the measured exposure on the
outcome, but rather the effect of a particular aspect
of exposure: the hypothesized ‘active ingredient’.
However, this ingredient might be difficult to mea-
sure, or not be available in a given dataset. In this
case, a mediation analysis can be used to statistically
determine the effect of interest, by adjusting for the
aspects of exposure not included in the theory.29 For
example, Salas-Salvado et al.30 tested the hypothesis
that certain nutrients in the Mediterranean diet
decrease markers of inflammation. While they mea-
sured the total association between Mediterranean
diet and inflammatory markers, the investigators were
not interested in certain mechanisms through which
this diet might influence these markers, such as
decreased BMI or reduced incidence of hypertension.
Thus the authors adjusted for these variables in
the analysis, leaving (hopefully) the ‘direct’ anti-
inflammatory effects.

Such motivations are often implicit. For example,
Salas-Salvado et al. did not state their reasons for
adjusting for these probable consequences of expo-
sure. While adjustment makes sense in some cases,
it should be carefully considered and justified. Just
as the validity of main effects depends on the

assumption of no unmeasured confounding between
the exposure and the disease, the validity of media-
tion analysis depends on the assumption of no
unmeasured confounding of the mediator–disease
relationship. Thus, when assessing direct effects, it
is necessary to measure and adjust for common
causes of the mediator and disease.14,15

Evaluate and improve an intervention
Mediation analysis can be used to evaluate whether an
intervention is working the way we expect it to; in
other words, we want to know whether the treatment
causes (or prevents) the outcome through the pro-
posed mediator(s). Assuming that the mediator is
perfectly measured, there are two possible reasons that
mediation would not be observed. First, it is possible
that the treatment changes the mediator, but that the
mediator has no effect on the outcome. In this case,
future interventions might focus less on components
that impact this mediator, because it is not an impor-
tant predictor of the outcome. Second, it is possible
that a mediator has an effect on the outcome status,
but that the treatment does not change the mediator.
In this case, we might want to focus efforts on
improving the component of the program that is
supposed to change this particular mediator.

For example, Bernat et al.31 found that the ‘Early
Risers’ program, a behavioural intervention for at-risk
grade school students, prevented oppositional defiant
disorder (ODD) symptoms. They hypothesized that
the effects of this program would be mediated by
three intermediate variables: increased social skills,
more effective discipline and academic achievement.
The authors found that the program’s effects were
mediated by the former two constructs, but not the
latter. Although the program led to changes in
academic achievement, academic achievement did
not decrease ODD symptoms. Based on this analysis,
future interventions might more efficiently impact the
outcome of interest (decreased ODD symptoms) by
focusing on the other two components.

We have presented three compelling and practical
reasons for the assessment of mediation. Underlying
all of these reasons for mediation analysis is the
benefit of testing a more complex and explanatory
theory, and thus gaining a deeper understanding of
the particular exposure–disease relationship.8,13,32

However, the differences among them are also impor-
tant since each corresponds to a particular definition
of the indirect (or direct) effect. Explicating the
reasons for mediation analysis therefore also illumi-
nates the conceptual differences among these
definitions

Mediational effect definitions
When assessing mediation, the investigator might
be interested in either the indirect or direct effect.
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The indirect effect is characterized by the pathway
that goes through the measured intermediate variable
(X!M!Y), while the direct effect does not go
through the intermediate variable (X!Y) (Figure 1).
In all cases, when we say ‘direct’ effect, we mean that
the effect is direct relative to measured variables;
typically, there are other (unmeasured) intermediate
variables that would mediate the direct effect.
Throughout this paper, we assume that exposure
(X), mediator (M) and outcome (Y) are dichotomous
variables.

Two classes of direct and indirect effects have been
described in the epidemiologic literature: ‘natural’ and
‘controlled’ effects. ‘Natural’ effects are descriptive.
They partition the total effect according to naturally
occurring values of the mediator, preserving the
observed relationship between exposure and media-
tor.33 In contrast, ‘controlled’ effects are prescriptive.
They are defined based on the effect of exposure
if the mediator were fixed at a particular value.
Controlled effects do not preserve the relationship
between exposure and mediator, but rather set the
value for the mediator according to a postulated
intervention.14,33,34

Controlled effects are of interest if the focus of
inquiry is to determine the effect of exposure on
disease, given an intervention that universally blocks
(or assigns) the mediator. In contrast, natural effects
are of interest if the investigator wants to explore the
role of individual pathways in an observed relation-
ship.14,35 The reasons for mediation analysis discussed
above, grounded in a theory of ‘causal explanation’,
correspond to the latter intention; thus we focus our
attention on natural effects.

The natural effects are further subdivided into ‘pure’
and ‘total’ effects, distinguished by the differential
inclusion of interaction between exposure and medi-
ator.14,18 In the presence of statistical interaction
between the exposure and mediator, the pure and
total indirect (or direct) effects differ. The choice of
which natural effect to use (pure or total) depends on
the reason for mediation analysis. To link the natural
effects to the reasons described, we introduce a
counterfactual framework to describe their causal
meaning.

Counterfactual framework for
mediation
Mediation can be described as a two-stage process:
(i) the M-stage includes processes that cause the

mediator and (ii) the Y-stage includes processes
that cause the disease.18 Two relevant potential out-
comes for the M-stage of mediation can be defined:
(i) mediator status if a given individual were exposed
(M1¼ 0 or M1¼ 1) and (ii) mediator status if a given
individual were unexposed (M0¼ 0 or M0¼ 1). The
notation Mx denotes mediator status for a particular
individual (M¼ 0 or M¼ 1) that would be observed
if exposure were assigned to be present (X¼ 1) or
absent (X¼ 0).

There are four relevant potential outcomes that can
be defined for the Y-stage, depending on the presence
of exposure (X¼ 1, X¼ 0) and the presence of the
mediator (M¼ 1, M¼ 0). The potential outcomes take
the general form Yxm, where Yxm is the potential
outcome that would be observed for a particular
individual under a defined exposure (X¼ x) and
mediator (M¼m) condition. For example, Y10 is the
disease status (Y10¼ 1 or Y10¼ 0) that would be
observed if an individual were assigned to be exposed
(X¼ 1) and mediator-negative (M¼ 0).

Finally, the M-stage and the Y-stage can be
combined to produce compound potential outcomes.
The compound potential outcomes, proposed by
Pearl33 (with notation from Petersen et al.35), repre-
sent an integration of the M-stage and the Y-stage.
There are four compound potential outcomes, defined
by (i) exposure status (X¼ 1, X¼ 0) and (ii) mediator
given a specified exposure status (M1, M0). For
example, Y0M0

is the disease status (present or
absent) that would be observed if an individual
were unexposed (X¼ 0) and had the mediator that
he or she would have if unexposed (M0¼ 0 or M0¼ 1);
this is equivalent to the outcome that would
be observed if this individual were unexposed
(Y0M0

¼ Y0). Y1M0
, on the other hand, is the disease

status (present or absent) that would be observed if
an individual were exposed (X¼ 1), but had the
mediator that he or she would have had if unexposed
(M0¼ 1 or M0¼ 0). While the latter potential outcome
is more difficult to estimate from observed data, it is
crucial for defining indirect and direct effects.

Using these potential outcomes, the causal meaning
of previously described mediational effects can be
described (summarized in Table 2). There are two
natural indirect effects, referred to as the pure indirect
effect (PIE) and total indirect effect (TIE). The pure
indirect effect (PIE) is the effect of exposure if its only

Table 2 Natural indirect and direct effects

Natural effect Potential outcomes

Pure direct effect (PDE) P(Y1M0
¼ 1)�P(Y0M0

¼ 1)

Pure indirect effect (PIE) P(Y0M1
¼ 1)�P(Y0M0

¼ 1)

Total direct effect (TDE) P(Y1M1
¼ 1)�P(Y0M1

¼ 1)

Total indirect effect (TIE) P(Y1M1
¼ 1)�P(Y1M0

¼ 1)

Mediational effects can be defined in terms of potential
outcomes.

Disease (Y) Exposure (X)

Intermediate
Variable (M)

Figure 1 Simple diagram for mediation
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action were to cause the mediator. This would be a
comparison between (i) the risk of disease if everyone
were unexposed, but had the mediator they would
have had were they exposed [P(Y0M1

¼ 1)] and (ii) the
risk if everyone were unexposed [P(Y0M0

¼ 1)].
The total indirect effect (TIE) is the effect of exposure
due to the fact that it causes the mediator. This would
be the difference between (i) the risk if everyone were
exposed [P(Y1M1

¼ 1)] and (ii) the risk if everyone
were exposed, but had the mediator they would have
had were they unexposed [P(Y1M0

¼ 1)].
In parallel, there are two natural direct effects: the

pure direct effect (PDE) and total direct effect (TDE).
The pure direct effect (PDE) is the effect that the
exposure would have if exposure did not cause the
mediator. This would be operationalized as a compar-
ison between (i) the risk of disease if everyone were
exposed, but had the mediator they would have had
were they unexposed [P(Y1M0

¼ 1)] and (ii) the risk
of disease if everyone were unexposed [P(Y0M0

¼ 1)].
The total direct effect (TDE) is the effect that the
exposure would have if lack of exposure did not
prevent the mediator. The TDE would be the
difference between (i) the risk of disease if everyone
were exposed [P(Y1M1

¼ 1)] and (ii) the risk of disease
if everyone were unexposed, but had the mediator
they would have were they exposed [P(Y0M1

¼ 1)].
Under the condition of perfect additivity, the pure

and total indirect effects will be equal (PIE¼ TIE);
similarly, the pure and total direct effects will be
equal (PDE¼ TDE). This is because, given perfect
additivity, the effect through the mediator is the same
in the exposed [P(Y1M1

¼ 1)�P(Y1M0
¼ 1)] and the

unexposed [P(Y0M1
¼ 1)�P(Y0M0

¼ 1)]. Similarly, the
direct effect of exposure is the same regardless of
mediator status. However, in the absence of perfect
additivity, these equalities will not hold. When these
effects diverge (i.e. PDE 6¼ TDE, PIE 6¼ TIE), the inves-
tigator must decide which quantity to estimate. This
decision will depend, in part, on the reason for
conducting a given mediation analysis.

Assessment of mediational effects
Methods for estimating the pure and total effects
based on the observed data have been discussed
previously.18,33,35 Briefly, the pure and total effects
can be calculated by estimating the following quan-
tities: [P(Y0M0

¼ 1)], [P(Y1M1
¼ 1)], [P(Y0M1

¼ 1)]

and [P(Y1M0
¼ 1)]. The risk of disease if everyone

were unexposed and had the mediator they would
have if unexposed [P(Y0M0

¼ 1)] can be estimated by
the observed risk in the unexposed [P(Y¼ 1|X¼ 0)].
Similarly, the risk of the outcome if everyone were
exposed and had the mediator they would have if
exposed [P(Y1M1

¼ 1)] can be estimated by the
observed risk in the exposed [P(Y¼ 1|X¼ 1)].

The risk of disease if everyone were unexposed
but had the mediator that they would have had were
they exposed [P(Y0M1

¼ 1)] is estimated as a weighted
average of the observed risk in the unexposed,
mediator-positive [P(Y¼ 1|X¼ 0, M¼ 1)] and the risk
in the unexposed, mediator-negative [P(Y¼ 1|X¼ 0,
M¼ 0)]; the weights are based on the probability of
the mediator in the exposed P(M¼ 1|X¼ 1).33

PðY0M1
¼ 1Þ ¼ PðM ¼ 1jX ¼ 1Þ � PðY ¼ 1jX ¼ 0, M ¼ 1Þ

þ PðM ¼ 0jX ¼ 1Þ � PðY ¼ 1jX ¼ 0, M ¼ 0Þ

Analogously, the risk of disease if everyone were
exposed but had the mediator they would have had
were they unexposed [P(Y1M0

¼ 1)] is estimated as a
weighted average of the observed risk in the exposed,
mediator-positive [P(Y¼ 1|X¼ 1, M¼ 1)] and the risk
in the exposed, mediator-negative [P(Y¼ 1|X¼ 1,
M¼ 0)]; the weights are based on the probability of
the mediator in the unexposed P(M¼ 1|X¼ 0).33

PðY1M0
¼ 1Þ ¼ PðM ¼ 1jX ¼ 0Þ � PðY ¼ 1jX ¼ 1, M ¼ 1Þ

þ PðM ¼ 0jX ¼ 0Þ � PðY ¼ 1jX ¼ 1, M ¼ 0Þ

The estimates of the pure and direct effects, based
upon the above approximations, are given in Table 3.
Note that these estimates can be made conditional
on measured confounders of the exposure–disease
or mediator–disease relationship. To adjust for a
common cause of the mediator and disease that is
also a consequence of exposure, more sophisticated
methods are necessary.14,36–38 For unbiased estima-
tion of direct and indirect effects, we must assume
that there is no unmeasured confounding of the
mediator-disease relationship.14,15,18

Mediational effects of interest
We now describe the direct and/or indirect effect(s)
that most directly correspond to each of the reasons

Table 3 Effect estimates

Effect Estimated quantity

PDE P(M¼ 1|X¼ 0)�P(Y¼ 1|X¼ 1, M¼ 1)þ P(M¼ 0|X¼ 0)�P(Y¼ 1|X¼ 1, M¼ 0)�P(Y¼ 1|X¼ 0)

PIE P(M¼ 1|X¼ 1)�P(Y¼ 1|X¼ 0, M¼ 1)þ P(M¼ 0|X¼ 1)�P(Y¼ 1|X¼ 0, M¼ 0)�P(Y¼ 1|X¼ 0)

TDE P(Y¼ 1|X¼ 1)�[P(M¼ 1|X¼ 1)�P(Y¼ 1|X¼ 0, M¼ 1)þP(M¼ 0|X¼ 1)�P(Y¼ 1|X¼ 0, M¼ 0)]

TIE P(Y¼ 1|X¼ 1)�[P(M¼ 1|X¼ 0)�P(Y¼ 1|X¼ 1, M¼ 1)þP(M¼ 0|X¼ 0)�P(Y¼ 1|X¼ 1, M¼ 0)]

Natural effects can be estimated based on observable proportions, given the assumptions discussed in the text.
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for mediation analysis described above. Results are
summarized in Table 1.

Strengthen evidence that the
main effect is causal
The identification of a hypothesized mediator
decreases the likelihood that the association between
exposure and outcome is completely explained by
confounding. In this case, the crucial question is
whether such an indirect effect exists; the magnitude
of the indirect effect is much less important. Gener-
ally, the PIE and TIE will lead to the same qualitative
conclusions, regarding whether or not an indirect
effect exists.18 Thus the decision concerning which
particular indirect effect is of interest, PIE vs TIE,
becomes much less relevant.

That said, we still might consider which indirect
measure will best reflect the quantity of interest: the
effect of exposure that is due to the measured path-
way (and not due to a confounder of the exposure–
disease relationship). Both the TIE and PIE represent
this quantity of interest, under slightly different
circumstances. The PIE is the effect of exposure
explained through the mediator, if all variables
(including any confounder of the exposure–disease
relationship) were at their unexposed values. The TIE,
in contrast, is the effect of exposure explained
through the mediator, if all variables (including any
confounder of the exposure–disease relationship)
were at their exposed values. If we want to identify
the indirect effect of exposure in the exposed popu-
lation, the TIE is thus the effect of interest.

Test a pathway-specific hypothesis
Depending on whether the measured intermediate
variable is on the pathway of interest, a path-specific
hypothesis can be tested by either quantifying the
indirect or direct effect. When the indirect effect is of
interest, the investigator generally wants to quantify
the effect of exposure that is explained by the
pathway through the intermediate variable. This
quantity is equivalent to the effect of exposure that
would be prevented if the exposure did not cause
the mediator, which is the difference between the
total effect of exposure [P(Y1M1

¼ 1)�P(Y0M0
¼ 1)] and

the effect of exposure if it did not cause the mediator
[P(Y1M0

¼ 1)�P(Y0M0
¼ 1)]. This difference is equiva-

lent to the TIE [P(Y1M1
¼ 1)�P(Y1M0

¼ 1)]; thus the TIE
quantifies the desired effect.

When the direct effect is of interest, the investigator
generally wants to know the effect of exposure if the
exposure did not cause the mediator. This effect is
best quantified by the PDE, a comparison between
(i) the risk in the exposed, if they had the mediator
they would have had were they unexposed
[P(Y1M0

¼ 1)] and (ii) the unexposed [P(Y0M0
¼ 1)].

Evaluate and improve an intervention
An intervention often consists of many components,
each of which impact different intermediate variables.
Given an observed treatment effect, the investigator
might want to know which components of the inter-
vention are ‘active ingredients’; that is, which compo-
nents explain the observed relationship between
treatment and outcome. The purpose of a mediation
analysis is to assess the impact of each putative
‘active ingredient’, given in isolation. In other words,
we attempt to determine the effect that the interven-
tion would have had if its only action were to impact
a particular mediator. This effect is quantified by
the PIE: a comparison between (i) the risk in the
unexposed, if they had the mediator they would have
had were they exposed [P(Y0M1

¼ 1)] and (ii) the
unexposed [P(Y0M0

¼ 1)].
Mediation analysis can also be used to evaluate the

reasons why a tested intervention did not produce a
hypothesized outcome. First, a treatment might fail to
impact a hypothesized mediator, reflecting the fact
that the relevant component has not been effectively
implemented. In response, attempts might be made
to improve this component. Second, a hypothesized
mediator might fail to impact the desired outcome; to
make the intervention more efficient, the relevant
component might be eliminated. To evaluate and
improve a treatment, it is thus crucial to quantify not
only the PIE, but also its parts: (i) the effect of
treatment on the mediator and (ii) the effect of the
mediator on the outcome.

Conclusions
The assessment of mediation represents an important
way to address the critiques of ‘black box’ epidemiol-
ogy by moving beyond the identification of simple
exposure–disease relationships. The concept of ‘causal
explanation’, well developed in psychology, strength-
ens the theoretical basis for mediation analysis in
epidemiology. In addition, delineating the questions
that mediation analysis can address illuminates the
conceptual meaning of different definitions of direct
and indirect effects.

The differences between the ‘pure’ and ‘total’ effects
are due to the differential inclusion of statistical
interaction (synergy and parallelism).14,18 For some
purposes, the inclusion of synergy is part of what
we mean by mediation; in others, the inclusion
of parallelism is appropriate. Thus, in contrast to
previous work,16 we find that the assessment of
mediation is conceptually meaningful in the presence
of interaction between exposure and mediator. Inter-
action between exposure and mediator is not a source
of bias, but rather an additional complexity that can
yield rich information. However, the investigator must
determine the correct natural effect based, in part, on
the reason for analysis.
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Previous papers have addressed the issue of bias
in mediation analysis.6,14,15 In fact, the focus of the
methodological literature on mediation in epidemiol-
ogy has been to highlight the potential biases of
the analysis. These biases are indeed challenging
and warrant serious consideration. Nonetheless, the
assessment of mediation allows us to move beyond
the simple identification of exposure–disease associa-
tions, toward an explanation of these relationships.
The reasons for assessing mediation in epidemiology
are compelling, and can be directly linked to extant
mediational effects. Mediation analysis is very useful

for opening the ‘black box’ between exposure and
disease in epidemiologic studies.
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Most epidemiology textbooks have the obligatory
passage on ‘what is a cause?’ These discussions
often start with Hume, pass reverently through
Bradford-Hill and (if the book is of relatively recent
vintage) end with Pearl. But as Hafeman and
Schwartz1 point out in their essay, few texts in our
field go on to the question that really motivates these
authors, which is ‘what is a causal structure?’ The
closest thing I can find on my own bookcase might be
Mervyn Susser’s2 ‘Causal Thinking in the Health
Sciences’, now more than 35 years old and long out
of print.

Despite the generally simplistic approach taken by
our textbooks, the big breakthrough stories in
biomedical research often sound like a sportscaster
narrating the progress of a pinball machine game:

‘First the ball hits a lever, than bounces into a hole,
where it triggers a sensor that opens a chute, and the
ball slides down to the flipper . . .’. The answer to a
causal question such as ‘how did I just lose that ball
down the side chute?’ can only be answered by
referring to (i) multiple events that happened in
sequence, (ii) the imagining of alternate ways that
the sequence could have occurred instead and (iii) by
having the whole process situated in a context with
regular and comprehensible laws (such as the
physical layout of the pinball machine, or the
physiology and environment of a living organism).
We naturally tend to conceive of ‘explanations’ as
Rube Goldberg devices, where some exposure leads to
a predictable cascade of events, and finally to the
‘outcome’—a cancer, or a death, or whatever. And we
can easily imagine holding some intermediate gear
still, which interrupts the natural flow of this device,
and in this way we find that the outcome depended
on that step. This is an analysis of mediation.
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