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1.
1.1

Introduction
Mediation analysis - Motivation

The main goal of epidemiological studies, and more broadly of public health and
clinical research, is to assess and explain the effect of one (or more) independent
covariates on a given health outcome.
X

Y

We know how to evaluate several types of outcome:
• Continuous (BMI, glucose level, sodium concentration . . . )
• Binary (preterm birth, . . . )
• Count (number of metastatic lymph nodes . . . )
• Survival (time to relapse, time to death . . . )
• Ordinal (mental health score . . . )
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And we also know how to accommodate several features that can characterize
the exposure of interest:
• Randomized treatments, lifestyle and behavioral factors, gene expressions . . .
• Exposure potentially changes over time (eg diet) vs exposure is non-modifiable
(eg race/ethnicity)
• Simultaneous exposure to several correlated factors
• Interactions
• . . . and many others

The concepts and methods for mediation that we are going to cover are not
limited to a specific setting, but can be applied to any type of exposure-outcome
association you have in mind.
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1.2

Concepts of mediation and interaction

Demonstrating a statistical association, or measuring a treatment effect, is only
the starting point of public health practice.
In order to translate research findings to effective public health intervention or
general recommendations, additional steps are required. In particular, we have
two important questions:
• How is the association generated?
• Does the association only exist for specific subgroups?
Formally, we are investigating the contribution of other covariates to the X-Y
association:
G

M

X

Y
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Interaction and mediation analysis are the main statistical tools to address these
questions:

• Mediation: how an effect occurs
• Interaction: for whom an effect occurs

2.
2.1

Basic concepts and motivating examples
Mediation analysis - formal definition

A mediator is a covariate that mediates the association between X and Y.
M
X

Y

Part of the effect of X on Y is due to the fact that X causes M, which in turn
causes Y
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We aim to disentangle the total effect of X on Y into a direct effect that goes
through all possible pathways but M . . .
M
X

Y

. . . and an indirect effect that goes through M
M
X

Y
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2.2
2.2.1

Examples
Psychiatry Epidemiology

• There is still debate on whether first and second generation antipsychotics
differ in efficacy and in effectiveness (Lieberman et al., 2005).
• One important outcome in schizophrenia patients is social functioning (SF).
New treatments have only been associated with moderate and non-significant
improvement in SF.
T RT

SF

• At the same time, several side effects such as excessive weight gain have been
demonstrated, potentially affecting the total effect of the treatment.
WG
T RT

SF
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2.2.2

HIV infection and puberty development

• HIV-infected children born to women living with HIV experience delays in
pubertal onset and sexual maturity, with higher risk subsequent risk of the
related social and medical outcomes (Williams et al., 2013).
• Differences in growth (i.e lower height and higher BMI) are reported among
children living with HIV (Arpadi et al., 2000).
• Growth is on of the main predictors of pubertal timing (Tanner, 1976).
• Is the delay in puberty observed among HIV+ children due to differences in
growth? To what extent?
• Interventions aimed at improving growth during childhood and adolescence
might prevent/reduce the disparity.
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2.2.3

Health disparities

• Health disparities are defined as differences in health status that systematically have an adverse effect on the health of less-advantaged populations.
• Social constructs defining the disadvantaged groups are generally un-modifiable
(eg race, age). Vulnerable populations can be identified, but interventions are
more challenging.
• To develop effective public health recommendations, as well as to implement
interventions, one possibility is to identify proximal risk factors that (partly)
explain why these groups show enhanced vulnerability to a specific set of
diseases.
• This is commonly evaluated with mediation analysis (see for example Naimi
AI, Kaufman JS. 2015)

3.
3.1

Regression approaches to mediation analysis
The traditional approach to mediation analysis

The traditional approach that has been used more frequently in epidemiological
studies is generally referred to as difference method.
This method consists of fitting two regression models. Let X be the exposure
of interest, Y a continuous outcome, M a potential mediators, and C a set of
confounders:
E[Y |x, c] = α0 + α1 · x + α2T · c
E[Y |x, m, c] = β0 + β1 · x + β2 · m + β3T · c
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• If the effect of the exposure is considerably reduced when adjusting for the
mediator, this is taken as an indicator of mediation.
• In this context, the effect of the exposure in the first model is interpreted as
the total effect of X on Y , while the effect of the exposure in the model that
also adjusts for the mediator is interpreted as the direct effect.
• Since the total effect is the sum of direct and indirect, the latter is therefore
derived by taking the difference of the two.

Total Effect (TE)= α1
Direct Effect (DE)= β1
Indirect Effect (IE)=TE - DE= α1 − β1
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Later in the workshop we will see what are the specific assumptions required for
these estimates to be valid,
We can already see why it is crucial to distinguish mediators and confounders.
Adjusting a model for a mediator gives an estimate of the direct effect rather
than the total effect !
Standard errors and confidence intervals for direct and indirect effects calculated
with the difference methods are straightforward.
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3.1.1

The product method

This is a slightly different method used very commonly in social sciences. It was
introduced in the early 80s and made popular by a paper from Baron and Kenny
in 1986.
As before, this method is based on fitting two regression models: one for the
effect of the exposure on the outcome while adjusting for the mediator, and one
for the effect of the exposure on the mediator.
E[Y |x, m, c] = β0 + β1 · x + β2 · m + β3T · c
E[M |x, c] = γ0 + γ1 · x + γ2T · c
With this method, the indirect effect is calculated by taking the product of the
effect of the exposure on the mediators time the effect of the mediator on the
outcome.
Direct Effect = β1
Indirect Effect = γ1 · β2
Total Effect = DE+IE
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When do the approaches compare
Baron and Kenny (1986) showed that the two approaches compare when linear
models are fitted (continuous outcome and mediator).
In all other situations the product method is generally the best choice.
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Traditional approach: summary
E[Y |x, c] = α0 + α1 · x + α2T · c
E[Y |x, m, c] = β0 + β1 · x + β2 · m + β3T · c
E[M |x, c] = γ0 + γ1 · x + γ2T · c
To what arrows do parameters correspond?
M

Indirect effect:
• Difference method: α1 − β1
• Product methods: γ1 · β2

X

Y

X

Y
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3.1.2

Proportion mediated

A common measure to summarize results from a mediation model is the proportion mediated

PM =

Indirect Effect
Total Effect

This measure is very intuitive as it is bounded between 0 and 1, presenting the
proportion of total effect that is explained by the mediator.
However, this measure only makes sense if effects are in the same direction. The
situation when the indirect effect has opposite sign as the direct effect, is referred
to as inconsistent mediation.
Standard errors for indirect effects are generally calculated using bootstrap .
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3.2

Binary outcomes

The easiest extension of the framework we have seen so far is to binary outcomes.
This was already discussed by Baron and Kenny, and is conducted by using the
classical logistic regression.
Specifically, with a binary outcome and a continuous mediator, we will fit the
following models:
logit[Y |x, m] = β0 + β1 · x + β2 · m
E[M |x] = γ0 + γ1 · x
And estimate direct and indirect effect in the odds ratio scale
Direct Effect = exp(β1)
Indirect Effect = exp(β2 · γ1)
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In this case the product method is alway preferred to the difference method. The
equivalence is not any longer mathematical and will only yield when the outcome
is rare (MacKinnon and Dwyer, 1993)
With binary outcomes, effects are defined on the odds ratio scale, and we have
that ORT E = ORDE · ORIE

Proportion mediated
Vanderweele and Vansteelandt (2010) showed that, with binary outcomes, the
proportion mediated can be calculated with the following formula:

P M = OR

DE

(ORIE − 1)
·
(ORDE · ORIE − 1)
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3.3
3.3.1

Limitations of the traditional approach
Mediator-outcome confounding

• If control is not made for the mediator-outcome confounders then results from
the traditional approach to mediation can be highly biased

M
X

C

Y

A famous example, worth reading, is the birth-weight paradox (Hernandez-Diaz
et al., 2006).
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Sequential Ignorability
An important caveat of this point is that randomized clinical trials are also
affected Baseline randomization does not protect against confounding of the
mediator-outcome relationships
M
T RT

C
Y

• In RCT, traditional methods for mediation analysis require the assumption
of sequential ignorability, that is, study participants are assumed to be randomized to their observed levels of baseline interventions as well as postrandomization covariates (Robins et al. 1999)
• The assumption of sequential ignorability is seldom met in practice. Mediators are very often post-randomization covariates that need to be temporally
assessed after the exposure.
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• Moreover, mediation analysis is generally regarded to as a secondary analysis
and is commonly planned after the trial is designed and approved.
• A well designed trial where several covariates have been measures might offer the possibility of adjusting for a good number of mediator-outcome confounders.
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3.3.2

Other important limitations

• Exposure-mediator interaction cannot be incorporated in the traditional
framework. On the other hand, if an interaction is really present and ignored,
direct and indirect effects will be biased.
• In addition, all continuous exposure and mediators are assumed to have a
linear effect. Incorporating non-linearities in the traditional approach is not
an option.
• All direct and indirect effects (despite their name), do not directly allow for
a causal interpretation, but must be interpreted as associations. As causality is one of the main goal of mediation analysis (remember that one of the
justifications was to understand mechanisms), this is a major limitation.
• All these three limitations can be (partially, at least) overcome by conducting
mediation analysis within a counterfactual approach.

4.

Counterfactual approach to mediation analysis

The counterfactual is a basic idea in the field of causal inference. It is based
on the hypothetical question: “what would have happened if, contrary to the
fact, we had done something else?” For example, what would have happened to
patient i if he had been given treatment B rather than treatment A?

Here we are not covering the ideas of counterfactual, but only briefly present the
results this approach provides to mediation analysis. Vanderweele (2015) summarized all these results in a comprehensive book on causal mediation analysis.
This approach defines direct and indirect effects in terms of the counterfactual
intervention [i.e. fixing exposure and mediator to a predefined value (controlled),
or fixing the exposure to a predefined value and the mediator to the value that
naturally follows (natural)].
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• The total effect decomposes into the sum of natural direct and indirect effect
• The CDE has a critical interpretation in terms of intervention: it can be
interpreted as How much of the effect would remain if we were to intervene
on the mediator by fixing it to 0 (or a predefined value if continuous).
• Interpretation with continuous exposure and mediators are straightforward
extensions in which we are just comparing to a referent value (denoted as x∗
and m∗) and not to 0.
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4.1

Identification

As we already mentioned, counterfactual objects can not be identified at the
individual level (they would require observing an individual in both the real and
counterfactual world).
However, we are able to estimate such effects at the population levels and by
making a set of assumptions.
1. No unmeasured exposure-outcome confounding given C
2. No unmeasured mediator-outcome confounding given C
3. No unmeasured exposure-mediator confounding given C
4. No effect of exposure that confounds the mediator-outcome relationship
Note that assumptions (1) and (3) are satisfied automatically if the exposure is
randomized, but not (2) and (4).
Estimating the CDE only requires assumptions (1) and (2) to be satisfied.

5.
5.1

Including exposure-mediator interaction
Introduction to interaction analysis

• The effect of a given exposure on the outcome of interest may depend on the
presence or absence of another exposure
• Interaction and effect modification (EM) are often used interchangeably. There
is no agreement on their use and definition ->this often creates confusion
• Vanderweele 2009: On the distinction between Int. and EM.
• Interaction can be defined on the additive or multiplicative scale
• Suppose we have a dichotomous outcome Y and two dichotomous exposures
G and E
• We are interested in P (Y = 1|G = g, E = e), the probability of Y given the two
exposures
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Additive Interaction

p11 = p10 + p01 − p00

0.35 + 0.30 − 0.20 = 0.45
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Multiplicative Interaction

p11 = (p10 × p01)/p00
(0.35 × 0.30)/0.20 = 0.525
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Additive vs Multiplicative Interaction
• The sign of the interaction depends on the chosen scale. A common situation is to have negative interaction on the multiplicative scale, but positive
interaction on the additive scale.
• In general, if both exposures have an effect on the outcome there should be
an interaction on some scale.
• Additive interaction is the more relevant public health measure.
used to identify a particular subgroup that should be treated.

It can be

• For example, presence of additive interaction in the previous situation implies
that the public health consequence of an intervention on E would be larger in
the G = 1 group
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Statistical interaction
• Statistical interaction is commonly assessed by including a product term in
the regression model
• When dealing with dichotomous exposures, this method yields the same results of a simple stratification
• Whether additive or multiplicative interaction is evaluated depends on the
chosen statistical model
• A statistical model on the linear scale can be used to evaluate statistical
interaction on the additive scale
P (Y = 1|G = g, E = e) = α0 + α1g + α2e + α3ge
• A statistical model on the log-linear scale can be used to evaluate statistical
interaction on the multiplicative scale
log[P (Y = 1|G = g, E = e)] = β0 + β1g + β2e + β3ge
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Interaction: Extensions and limitations
• To derive additive interaction when the statistical model is log -linear, measures such as the RERI can be used (Li & Chambless, 2007).
• In survival analysis, additive models can also be used (Rod et al., 2012;
Bellavia et al., 2016)
• Interpreting a measure of interaction is simple and intuitive when dealing with
dichotomous exposures, complicated with categorical, and extremely challenging with continuous
• Another useful distinction to make is between interaction and sinergy (2
factors enhance or reduce the effect vs 2 facors are required to generate the
effect), and interaction effect (the additional effect when both exposure are
present) and combined/joint effect
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5.2

Mediation formula with exposure-mediator interactions

When exposure-mediator interaction is present one of the three needed model
must be modified as follows:
E[Y |x] = α0 + α1 · x
E[Y |x, m] = β0 + β1 · x + β2 · m + β3 · x · m
E[M |x] = γ0 + γ1 · x
In this situation the formulas for direct and indirect effects previously presented
do not yield valid estimates.
By using the counterfactual definition of direct and indirect effects, interactions
can instead be taken into account, and formulas to estimate effects are available.
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This implies that the traditional approach (Baron and Kenny) will yield valid
causal estimates if:
• There is no interaction between the exposure and the mediator
• The model is correctly specified (eg all linear associations for continuous covariates)
• All assumptions about confounding are satisfied
Proportion mediated:
Given that TE=NIE+NDE, PM is now calculated by taking

PM =

N IE
N DE + N IE

Standard errors for CDE, NIE, and NDE, are calculated by using the delta
method. These are then used to calculated confidence intervals.
All of this can be extended to binary outcomes (not covered today).
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5.3

Decomposition into interaction and mediation effects

• Vanderweele (2014) showed that, by using the counterfactual approach, the
total effect can be decomposed into four different components:
– a direct effect (controlled)
– a proportion due to mediation alone (natural indirect effect)
– a proportion due to interaction alone (reference interaction)
– a proportion due to both mediation and interaction (mediated interaction).

• This 4-way decomposition provides the maximum insight on clarifying the
contribution of interactive and mediating mechanisms to a given observed
total effect
Component
Interpretation
CDE
Treatment effect neither due to mediation nor interaction
INTref
Treatment effect only due to interaction
INTmed
Treatment effect due to both mediation and interaction
NIE
Treatment effect only due to mediation
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Identification of the 4 components require the same assumptions previously presented (always with the exception of CDE that only required (1) and (2))
If these assumptions are satisfied, components can be calculated by fitting the
two usual regression models
E[Y |x, m] = β0 + β1 · x + β2 · m + β3 · x · m
E[M |x] = γ0 + γ1 · x
and by calculating
E[CDE] = β1(x − x∗)
E[N IE] = β2γ1(x − x∗)
E[IN T ref ] = β3γ1(x − x∗)(x − x∗)
E[IN T med] = β3(γ0 + γ1x∗)(x − x∗)

6.

Multiple-mediators

• In several situations, the ”real-world” scenario is that more than one mediator
is involved in a given X − Y association.
• Specifically, we often find one of the following situations to potentially describe
our mechanisms of actions:
1. Two (or more - we will use two mediators but everything can be extend to
n) mediators M1 and M2 independently mediate the X − Y association
2. Two mediators M1 and M2 independently mediate the X − Y association,
and interact in predicting the outcome
3. Two mediators M1 and M2 sequentially mediate the X − Y association
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6.1

Non-sequential mediators

Suppose we want to investigate the mechanisms that can explain an observed
association between income and diabetes.
• One hypothesis is that people with lower income live in a worse home environment, with higher exposure to dust and chemicals that are known risk
factors of diabetes. In this case, home-environment may be hypothesized to
be a potential mediator of the association.
• At the same time, lower income may be associated to malnutrition, another
established risk factor of type-2 diabetes. We therefore have a second potential
pathway for the X − Y association.
• In this situation it could be reasonable to additionally assume that homeenvironment and malnutrition are independent pathway (ie, not causally
related).
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We can depict this situation with the following DAG:
M1
X

Y
M2

We have three potential pathways for through which X causes Y :
• A direct effect (nor through M1 nor M2)
• An indirect effect through M1
• An indirect effect through M2
Remember that the direct effect is incorporating all pathways that do not go
through M1 or M2 - that is - we do not need to specify all potential pathways!
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6.1.1

Estimation

Vanderweele and Vansteelandt (2013) discussed the use of regression-based approaches for the estimation of direct and indirect effects in the presence of
multiple independent mediators.
Specifically they showed that one should fit the following regression models (with
continuous mediators and outcomes),
E[Y |x] = α0 + α1 · x
E[Y |x, m1, m2] = β0 + β1 · x + β2 · m1 + β3 · m2
E[M1|x] = γ0 + γ1 · x
E[M2|x] = δ0 + δ1 · x
and estimate effects by using extensions of the counterfactual formulas previously
presented:
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6.2

Integrating exposure-mediators and mediator-mediator interactions

Adding more than one mediator increases the number of interactions that should
be evaluated.

With 2 mediators, we could have:
• 2 exposure-mediator interactions (X · M1 and X · M2)
• 1 mediator-mediator interaction (M1 · M2)
• 1 3-way interaction (X · M1 · M2)
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Exposure-mediator interactions
These are incorporated as in the case of a single mediator. Suppose we want to
include an interaction between X and M1. We will fit the following models:
E[Y |x] = α0 + α1 · x
E[Y |x, m1, m2] = β0 + β1 · x + β2 · m1 + β3 · m2+β4 · x · m1
E[M1|x] = γ0 + γ1 · x
E[M2|x] = δ0 + δ1 · x
and calculate:
CDE(m) = (β1 + β4m)(x − x∗)
N IEM1 = (β2 · γ1+β4 · γ1)(x − x∗)
N IEM2 = β3 · δ1(x − x∗)
N IE = N IEM1 + N IEM2
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• Formulas for binary/continuous mediators and outcomes have been presented
• The three-way interaction between exposure-exposure-mediator can also be
integrated. High dimension interactions are defined in Bellavia and Valeri
(2017)
• This paper also discusses how to decompose the total effect into interaction
and mediation mechanisms when multiple mediators are present
• A major limitations of this framework for multiple mediators is that, as the
number of mediators and interactions increases, the regression-based approach
may become unstable.
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6.3

Example

• Bellavia et. al 2017
• Study population : 2539 children born to HIV-infected mothers.
• Exposure : HIV status. 453 perinatally HIV-exposed uninfected children
(PHEU); 2086 perinatally HIV-infected children (PHIV)
• Mediators : age- and sex-adjusted Z-scores for height and BMI, collected at
multiple visits
• Outcome : Pubertal staging assessed by visual inspection of 1) breast development; 2) pubic hair ; (girls) 3) genitalia 4) pubic hair (boys).
• Various confounders were also included
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Height/BMI

HIV infection

Age at sexual maturity

• Accelerated Failure Time (AFT) models with normal distribution for intervalcensored outcomes (R package survreg )

T = β0 + β1HIV + β2T C + 

47

• Linear regression models for height and BMI Z-scores, at different time points
(16 statistical models)

E[Height] = α0 + α1HIV + α2T C
E[BM I] = θ0 + θ1HIV + θ2T C
E[T ] = β0 + β1HIV + β2T C
E[T ] = γ0 + γ1HIV + γ2Height + γ3BM I + γ4Height ∗ BM I + γ5T C
E[Height] = α0 + α1HIV + α2T C
E[BM I] = θ0 + θ1HIV + θ2T C
E[Height ∗ BM I] = φ0 + φ1HIV + φT2 C

Total effect = β1
Direct effect = γ1
Indirect effect = γ2 · α1 + γ3 · θ1 + γ4 · φ1
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Results - Total effects
Girls
Breast
Pubic Hair
PHEU 14.9 (14.4-15.4)
15.0 (14.5-15.6)
PHIV 15.5 (14.5-16.5)** 15.5 (14.4-16.6)*
Boys
Genitalia
Pubic Hair
PHEU 15.3 (14.7-15.9) 15.3 (14.7-15.9)
PHIV 15.9 (14.8-17.1)* 15.8 (14.7-16.9)*
*p-value<0.1; **p-value<0.05
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Results - Mediation analysis

7.

Additional topics

• When mediators are sequential (ie causally related), one of the required
assumptions is violated, and extensions of the counterfactual approaches are
required.
• Time-varying exposures and mediators
requires non-straightforward extensions

can be incorporated, but this also

• Given that most of the presented topics rely on identifiability assumptions,
techniques for sensitivity analysis have been developed and are recommended
in regular practice
• A very important topic in mediation analysis is the application of these techniques in the context of health disparities. Here, mediation is used to identify
proximal risk factors that (partly) explain why disadvantaged groups show
enhanced vulnerability to a specific set of diseases, thus providing potential
interventions to reduce disparities among non-modifiable groups.
• We haven’t covered mediation analysis for survival outcomes. Nevertheless,
most of the content we have covered is also available for that setting.
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This workshop is a condensed version of a 1-week course I teach at the
Summer School on Modern Methods in Biostatistics and Epidemiology
(Castelbrando, Italy, 2020 May 31st - June 14th )
To learn more visit www.biostatepi.org
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