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Abstract

The exposome paradigm aims to characterise the totality of environmental exposures shaping health across the life course, integrat-
ing chemical, physical, behavioural, and social domains. While exposome studies have been highly successful in describing complex
exposure patterns and mixtures, they often rely on associative analytical frameworks, which can limit the interpretation of results in
terms of causal mechanisms and potential intervention targets. Causal mediation analysis offers a natural framework to address
these challenges by decomposing total exposure effects into pathway-specific components. However, the diversity of mediation esti-
mands, assumptions, and analytical strategies developed in the causal inference literature may have limited their use in exposome
research. This article provides a structured synthesis of modern causal mediation analysis approaches, with a focus on their concep-
tual foundations and relevance for exposome and life-course epidemiology. We review classical and contemporary mediation frame-
works, including controlled, natural, and interventional direct and indirect effects, and discuss their identification assumptions
under different causal structures. Particular attention is given to settings encountered in exposome research, such as time-varying
exposures, exposure-induced confounding, high-dimensional mediators, and survival outcomes. By clarifying the conceptual land-
scape of causal mediation analysis and its applicability to exposome research, this work aims to support more interpretable,
mechanism-oriented, and causally-informed investigations of how environmental exposures become biologically embodied across
the life course.
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effective for identifying exposure signatures, it can blur distinc-
tions between upstream and downstream determinants. In partic-

Introduction

Why mediation analysis?

The exposome concept was originally proposed to complement
the genomic paradigm by characterising the totality of environ-
mental exposures across the life course likely to influence gene
expression.” Since then, exposome research has developed into a
interdisciplinary field, bringing together environmental sciences,
epidemiology, toxicology, omics technologies and social scien-
ces.? A central ambition of this paradigm is to move beyond iso-
lated risk factors and to capture complex exposure profiles
spanning chemical, physical, behavioural, and psychosocial

ular, social conditions are often treated as covariates or contextual
modifiers, rather than as structuring forces that shape exposure
distributions and biological responses over time.>°

A related challenge is the predominance of associative analyt-
ical frameworks. Exposome studies excel at detecting correla-
tions, clustering exposures, and characterising mixtures, but
frequently stop short of articulating explicit causal questions.’
As a result, estimated associations may be difficult to interpret in
terms of mechanisms, intervention targets, or policy relevance.

domains, often using high-dimensional and data-driven analyti-
cal strategies.?

Alongside these methodological advances, exposome research
has also faced persistent conceptual and interpretative chal-
lenges. One key tension concerns the integration of heteroge-
neous exposures within a coherent causal framework. In many
exposome-wide association studies, psychosocial, behavioural,
physical, and chemical exposures are modelled simultaneously
as parallel predictors of health outcomes.* While this strategy is

This limitation is especially salient when the scientific aim is not
only to describe environmental complexity, but to understand
how external environments become biologically embodied and
translated into disease processes across the life course.®?

Causal inference frameworks offer a natural extension to address
these challenges. By making assumptions about temporal ordering,
confounding, and causal pathways explicit, causal models enable
researchers to distinguish between total effects, pathway-specific
effects, and effects operating through intermediate variables.’®!
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In the context of the exposome, such frameworks provide tools to
reintroduce causal structure into complex exposure systems, while
preserving the multidimensional perspective that motivated the
exposome paradigm.’

Within this perspective, mediation analysis occupies a central
position. Conceptually, mediation analysis aligns closely with the
core objectives of exposome research, as it seeks to elucidate
the processes through which external exposures influence
internal biological systems and, ultimately, health outcomes.'
Methodologically, mediation analysis allows the decomposition of
total effects into components operating through specified interme-
diate mechanisms, while accounting for confounding, effect modi-
fication, and temporal ordering.®>® Over the past two decades,
advances grounded in counterfactual reasoning and graphical
causal models have substantially expanded the scope of mediation
analysis beyond traditional regression-based approaches.'**®

These developments are particularly relevant for exposome
research, where mediators may be time-varying, socially pat-
terned, high-dimensional, and themselves affected by prior expo-
sures. Biological intermediates such as biomarkers, multi-system
scores, or omics-derived profiles are often influenced by complex
exposure histories and may simultaneously act as confounders
and mediators in longitudinal settings.” Under such conditions,
naive mediation approaches may yield biased or uninterpretable
estimates, underscoring the importance of carefully defined
causal estimands and identification assumptions. At the same
time, the diversity of available mediation estimands, modelling
strategies, and identification conditions can make their practical
implementation challenging. Differences between controlled,
natural, interventional, and stochastic effects, as well as the treat-
ment of exposure-induced confounding and time-varying media-
tors, are not always transparent to applied researchers. This
complexity may limit the uptake of causal mediation approaches
in exposome studies, despite their conceptual relevance.

The objective of this article is to provide a structured synthe-
sis of modern causal mediation analysis methods, with a focus
on their conceptual foundations, underlying assumptions, and
relevance for exposome research. Rather than proposing new
methodology, we aim to clarify the relationships between classi-
cal and contemporary mediation frameworks, to highlight the
causal questions they answer, and to discuss their applicability
in complex exposure systems typical of exposome and life-
course studies. By doing so, we seek to support the appropriate
and transparent use of mediation analyses in exposome
research and to contribute to more interpretable, mechanism-
oriented, and policy-relevant investigations of environmental health.

Notations and examples

By convention, A denotes the exposure of interest (also referred
to as “intervention” or “treatment”) and Y denotes the outcome.
The mediator of interest is represented by M. Temporal ordering
assumptions are essential in mediation analyses (and in causal
analyses in general), so we might use t to indicate the temporal
ordering of a variable V(t). As an illustrative example, we will use
a possible research question inspired by work from the Expanse
project on the urban exposome.'®® We might want to investi-
gate whether the early exposure to physico-chemical pollution A
(such as being exposed to high levels of PM,s) influences global
death later in life (Y), and if so, whether this effect is mediated by
an increase in the risk of type 2 diabetes (M) which would in turn
increase the risk of death (Y) (Figure 1). The set of baseline con-
founders will be denoted L(0). In the example, we could consider
other components of the early environment (built, social,

L(0): {Built, social, physical environment,. .. }

M: Type 2 diabetes

2N

A: High levels of PM3 5 ——— > Y: Death

Figure 1. Directed acyclic graph summarising our example.

physical environment, ...). As we will see later, it is also impor-
tant to take into account possible confounders of the mediator-
outcome relationship. In our example, we might think of
overweight, chronic stress, inflammatory response, lifestyle hab-
its, social position during adulthood, etc,

In order to answer the question, we want to decompose the to-
tal (causal) effect of being exposed to high levels of PMys on
death into the sum of an indirect effect through type 2 diabetes
(A—M—Y) and a direct effect (A — Y). The causal model
depicting the causal links between L(0), A, M, and Y can be sum-
marised in a directed acyclic graph (DAG, defined below) as illus-
trated in the model of Figure 1.

From Baron & Kenny to structural causal model

The founding methods of mediation analysis are the Baron and
Kenny and the path analysis approaches.

Baron and Kenny approach

The Baron and Kenny approach is based on the sequential and
step-wise estimation of linear regression models to explore sim-
ple causal structures.’®?! This approach relies on the follow-
ing steps:

1. Testing if A has an effect on Y. This total effect 64 of Aon'Y
can be tested wusing the following linear model:
E(Y|A,L(0)) =60 +64A+06.L(0). So, the effect 0, is the linear
regression coefficient of A(0).

2. Testing if A has a significant effect 8, on the intermediate
variable M, using the following linear regression:
E(M| A,L(0)) = o+ BaA +B,L(0)

3. Testing if the mediator M has a significant effect y,, on the
outcome Y, independently from A and L(0), using the linear
regression: E(Y | A,M,L(0)) = yo +YaA +YuM+7.L(0).

Based on those three models, M would be considered a media-
tor of the A —Y relationship if the coefficients g, and y,, are found
to be statistically significant. In the third equation, y, is con-
strued as the “direct effect” of A on Y, representing the effect that
does not pass through M. Intuitively, if the null hypothesis {H, :
ya =0} is rejected and y, <64, the effect of A on Y could be con-
sidered as partially mediated by M. If the null cannot be rejected,
the influence of A on Y is deemed to be entirely mediated by M.

Beyond null hypotheses testing, the “product method” or the
“difference method” have been used to explicitly quantify the di-
rect and indirect effects of A on Y.**?* From the models
described above, the total effect of A on Y is estimated by the re-
gression coefficient 64; the direct effect of A on Y is estimated by
the regression coefficient y,; and the indirect effect of A on Y (cor-
responding to the path A — M — Y) is estimated by either (i) the
“difference in coefficients” 64 —y, using the first and third mod-
els, or (ii) the “product of coefficients” g, Xy, using the second
and third models. If only linear least square regressions are
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involved with quantitatives M and Y variables, the two methods
give the same estimation of the indirect effect: 64—y, =
B x¥y.2?* In situations mixing categorical mediators M and
quantitative outcomes Y, the “product method” can not be ap-
plied if the coefficients are estimated on different scales, how-
ever it is still possible to use the “difference method.”

Because the indirect effect is derived from two different equa-
tions, there is no straightforward way to compute standard errors
or 95% confidence intervals. Among other solutions, bootstrap
approaches have shown good performance.?*%*

Path analysis and structural equation modelling
(SEM)

The development of path analysis started in the 1920s and has
been predominantly applied within the domains of econometrics,
social sciences, and psychology.>>?’ Path analysis is explicitly
based on the integration of a graphical representation of causal
structures, a set of linear models, and assumptions concerning
the covariance structures of random residuals and latent varia-
bles. Concerning the graphical representation, the rules are akin
to those used with Directed Acyclic Graphs (DAGs, see below);
however, path diagrams may also encompass loops and addi-
tional nodes that represent variable transformations, useful in
modelling non-linearity (eg, polynoms of L(0) or interaction
terms (A x M), alongside the original nodes L(0), A, and M).***

In our example, three endogenous variables, A, M and Y, are
identified and a set of structural equations are defined and mod-
elled using specific linear regressions setting their direct causes
as explanatory variables, and we assume that the random resid-
uals ea, ey and ey are independent from one another:

A= )\,0 +7LLL(O) +E€a
M =By +BaA+BL(O) +en
Y =7vo+YaA+7uM+y.L(O) +ey

The coefficients {Ar,B4,B..Ya,Ym: V1 } are called path coefficients
and measure the direct effect of a cause on its target covariate.
For example, the path coefficient y,, quantifies the direct effect of
M on the outcome Y. Coefficients can be standardised: Ty is the
standardised path coefficient (upper-case letter) of the unstan-
dardised coefficient (lower-case letter) yy;, defined by T =7y, 2
(where oy is the variance of V).

According to Sewall Wright, the correlation between two vari-
ables is explained by the set of all paths which link these varia-
bles, ie, all the direct effects, indirect effects, and “joint effects,”
where joint effects correspond to confounding effects.?®
Assuming the underlying parametric hypotheses are true (uncor-
relatedness of residuals, linearity and additivity), he proposed
some graphical rules to decompose the correlation between two
variables according to path coefficients and correlation between
residuals. Such an analysis is called a path analysis.

In our example, the Pearson correlation between A and Y can
be expressed as the sum of four paths connecting A and Y, each
path being quantified by the standardised paths coefficients (for
single arrows between A and Y) or by the product of standardised
paths coefficients (for paths composed of a sequence of arrows):

* Path A — Y: the “direct effect” of A on Y, quantified by T'n

* Path A — M — Y: the “indirect effect” of A on Y, quantified
by BaxTy

* PathA—L — M — Y, quantified by Ay X B, X'y

* Path A —L — Y, quantified by Ay xT}.

Path analysis approach in mediation analyses is therefore very
similar to the “product of coefficients” approach described above,
with the difference that unstandardised coefficients were used in
the “product of coefficients” approach, eg, B, X, The correla-
tion between A and Y, can be decomposed, as the sum of the first
two paths corresponding to the total effect of interest of A — Y
(the direct effect + the indirect effect) and the two other paths
correspond to confounding effects:

Total effect Confounding by L

~~ —~~
Ta+Bal'y + AtBil'v + ALl

Our structural assumptions and the principles of path analy-
sis imply correlations that can be articulated as a combination of
parameters to be estimated. These parameters are inferred by
aligning the implied correlations with the observed correlations.
In practice, maximum likelihood estimation and variants of gen-
eralised least squares are the predominant methods employed in
structural equation modeling software.?

These methodologies can be applied to causal structures
encompassing latent variables (ie, unobserved constructs), com-
monly referred to as Structural Equation Modelling (SEM). In this
framework, observed measures are associated with latent con-
structs as in factor analyses, delineating measurement models.
The integration of latent variables and measurement models
constitutes the principal strength of this approach.°

Classical methods can be extended to accommodate binary or
categorical mediator and/or outcome variables.?>*"*? In scenar-
ios involving interaction between the exposure A and the media-
tor M, specific procedures have been developed.**>° In cases of
intra-individual interaction between A and M influencing Y,
Kaufman and colleagues demonstrated that the classical
“product of coefficients” or “difference in coefficients” methods
may not be reliable to decompose the total effect into the sum of
a direct and indirect effect.*® More recently, those methods have
been adapted to account for such interactions.* -**

A fundamental limitation in the estimation of path coeffi-
cients within both path analysis and SEM arises when the model
is under-determined (or under-identified). A model is deemed
under-identified if at least one parameter cannot be discerned
from the observed correlations. Such under-identification may
occur due to an insufficient number of indicators for one or more
latent variables within the model, or to the presence of excessive
reciprocal paths, feedback loops, or correlated residuals.?®
Furthermore, the practice of comparing alternative structural
models using statistical tests or indicators is prevalent in SEM
methodology to derive more parsimonious models.?®?° However,
determining the presence or absence of direct effects between
two nodes based on statistical procedures may be inappropriate,
as the results are often contingent on sample size and statistical
power, while the absence of an arrow represents a strong as-
sumption. Bollen and colleagues assert that the re-specification
of an initial model is more aligned with an exploratory analysis
approach and recommend prioritising expert knowledge before
employing empirical statistical tests and fit measures.?
Moreover, the conventional estimation method for SEMs, which
involves estimating an extensive set of parameters through itera-
tive maximisation of a fitness measure, may not be optimal for
confirmatory analysis approaches.*

Certain authors argue that the primary utility of SEM or path
analysis lies in the exploration of novel research hypotheses.*!
For confirmatory purposes, alternative methodologies for
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mediation analysis have been developed. These alternative
approaches, grounded in the counterfactual framework and di-
rected acyclic graphs (DAGs), distinctly separate statistical
assumptions (that refer to the observed data distribution) and
causal assumptions (that refer to knowledge external to the ob-
served data, that might not be empirically testable), thereby fa-
cilitating the management of interactions, confounding, and
sensitivity analyses.'%*!

Non parametric structural causal models

Another limitation of mediation analyses employing either the
Baron and Kenny approach, path analysis or SEM, occurs with
more complex systems. For example, it is necessary to consider
confounders L(1) of the mediator-outcome relationship to avoid
biased estimations.***¢*? In longitudinal settings, it seems rea-
sonable to assume that these “intermediate confounders” can be
affected by the exposure A (as in Figure 2(b)). These variables are
sometimes referred to as “time-varying covariates” or “recanting
witness”*?) In such causal systems, the “difference in coefficients”
or “product of coefficients” approaches are inadequate, and the
multiplication of paths between the exposure A and the outcome
Y require a more precise formulation of the scientific question to
better define the direct and indirect effects. Advancements in
mediation analyses relied on concepts from the causal inference
literature to express causal objectives more accurately and to de-
velop estimation methods more focused on the targeted direct and
indirect effects.**

Causal inference framework

Pearl integrated three complementary components to describe a
structural causal model, combining “features of the SEM [...], the
potential outcome framework of Neyman and Rubin,** and the graphical
models developed for probabilistic reasoning and causal analysis”
(ie, non-parametric structural equation models associated
with DAGs).**

L(0) ——> L(1)
M

e

(a) DAG of model My

(b) DAG of model My

Figure 2. DAGs representing data-generating mechanisms for the
distribution of {L(0),A,L(1),M,Y}.

Pearl’s framework is based on counterfactual reasoning,®
which seeks to address the hypothetical scenario of “what would
have happened had the past been different.” For instance, “what
would the probability of death had been, had the whole popula-
tion been exposed to low levels of PM,s?”, or “what would the
probability of death had been in a population exposed early to
high levels of PM; 5, but where the individual status of type 2 dia-
betes was changed to the status expected under low levels of
PM,s?”. Using counterfactuals enables inferences about scenar-
ios not observed (or even unobservable) in the empirical world.

Donald Rubin and Judea Pearl proposed specific notations for
conducting interventional and counterfactual causation analy-
ses. Pearl employs a “do()” notation to signify hypothetical inter-
ventions: P(Y =y|do(A=0)) denotes the probability that the
outcome Y would attain the value y in a hypothetical scenario
where every participant is exposed to low levels of PM,s. Rubin’s
potential outcome notations correspond to random variables, de-
fined as events that did not occur but could have. The notation
Ya_q OF Y, represents the value the (potential) outcome Y would
take had the exposure A been at level a. For example, the proba-
bility of death had the whole population been exposed to low lev-
els of PMy 5 is P(Ya—o = 1). Conversely, the probability of death in
a population fully exposed to high levels of PM,s is denoted as
P(Ya—1 =1). For an individual i, the causal effect of a binary vari-
able A on Y can be expressed using the contrast between the two
potential outcomes, such as Ya_1(i)—Ya—o(i). The notation of po-
tential outcomes will be employed throughout the remainder of
this manuscript. For simplicity, we will denote Y, the counterfac-
tual variable Y under the hypothetical scenario setting A =a in
the whole population, and Y, under the scenario setting {A =
a,M =m} in the whole population.

Various types of counterfactual interventions or counterfac-
tual scenarios can be defined, where the imaginary interventions
can be static, dynamic or stochastic. Static interventions are
characterised by setting the exposure of the entire population to
a specific value. For example, P(Ya—q =Y) is the probability the
outcome Y would attain the value y, had the whole population
been exposed to the value A =a. Dynamic interventions is usu-
ally used to describe dynamic regimes in which the imaginary
intervention on A(t) depends on the values of previous (time-
varying) covariates {L(0),...,L(t—1)}. As an example in Figure 2
(b), it is possible to define a joint exposure on {A,M} setting the
values of A and M as a function of the previous time-varying
covariates d;(L(0),... ,L(l)). Different dynamic regimes can be
defined based on alternative rules, which can be useful to define
treatments according to monitoring variables, for example
“change insulin therapy if blood glucose exceeds a given thresh-
old.” This approach has been generalised with “modified treat-
ment policies” defined as hypothetical interventions where the
post-intervention value of treatment can depend on the actual
observed treatment level and the unit’s history.*® For Stochastic
interventions, the hypothetical intervention corresponds to a ran-
dom draw in a distribution specified by the analyst. For example,
we can set the value of A as a random draw from a Bernoulli dis-
tribution of parameter « (setting A ~ B(n)). In mediation analyses,
some direct and indirect effects are defined based on hypotheti-
cal random draws of the mediator distribution, for example M ~
Ty, | L(O) corresponds to a random draw of the mediator from its
distribution (within strata of L(0)) under the counterfactual inter-
vention setting A =a.



Exposome, 2026, Vol. 6,No.1 | 5

Directed acyclic graph

Causal relationships, which are directed from a cause to an
effect, can not be formulated with equations alone, which by na-
ture can only describe symmetrical relationships and not direc-
tional ones. Wright?® already suggested to combine graphs with
parametric equations. These graphs are the “path diagrams,” as-
sociated with the structural equations. Beyond the “path dia-
gram” framework, Directed Acyclic Graphs (DAGs) can be used to
represent nonparametric structural equations.’®*” By definition,
DAGs have the following principles:

¢ All the links are directed: every edge in a path is an arrow

that points from one variable to the other.

The graph is acyclic: a DAG does not contain loops.

* Every arrow V — W is interpreted as a “possible” effect of V
on W, the absence of an arrow from a variable V to another W
is a strong and explicit statement (based on prior knowledge)
that there is no direct effect of V.on W.

* Every common cause of two variables represented in a DAG

should also appear in the DAG, even if the common cause is

unmeasured in the observed data. In the literature, such

unmeasured common causes are usually represented with U

variables (for unknown), with dashed arrows or dashed double

arrows (assuming a common unknown cause is present be-
tween the double arrows).

Represented relationships should be stable over time and cir-

cumstances, like autonomous physical mechanisms. %%

This implies that changing one relationship without changing

the others is conceivable (a relationship is unaffected by pos-

sible changes in the form of other functions).

Kinship terminology is generally used to describe the relation-
ships between the variables in a DAG. For example in the DAG of
Figure 1, Yis a child of M and M is a parent of Y. A and M are ances-
tors of Y, and M and Y are descendents of A.

DAGs can be used as a convenient way to formulate and visu-
alise possible causal relationships and independence assump-
tions. For example in Figure 3, we can represent: a direct effect of
AonY (A — Y in Figure 3a and 3b); an indirect effect of Aon'Y
through M (M is a mediator of the effectof AonY,A — M — Yin
Figure 3a); a back-door path (ie, a confounding path) between A
and Y (A< L — Y in Figure 3b); and a collider C (ie, a common
child) on the path between A and B (Figure 3c).*

DAGs can also help to deduce graphically what are the
expected independences and conditional independences using
the d-separation criterion.***° For a DAG compatible with the data
set under study, two variables V and W are said to be d-separated
by a set of variables Z if all the paths between them are blocked
conditional on Z. Such d-separation by Z implies that V and W
are independent given Z. Graphically, a path connecting two vari-
ables V and W is “blocked” conditional on Z if: (1) there is a vari-
able on the path which belongs to Z and which is not a collider,
or (2) there is a collider on the path and the collider or any of its
descendent does not belong to Z.*°

M L A B
A—>Y A Y c
(a) (b) (c)

Figure 3. Direct effets, indirect effects, backdoor paths, and colliders.

It is possible to test the compatibility between a DAG and a
data-set using the d-separation criterion (several DAGs can usu-
ally be compatible with a single data-set in terms of indepen-
dence and conditional independence). For example, the R
package DAGItty can be used to evaluate the testable implica-
tions associated with a given DAG and assess if the DAG is consis-
tent with a data-set.”*

Graphs can help to evaluate if a causal effect of interest is
identifiable from observational data, under the assumptions
depicted in the DAG. For example, the backdoor criterion can be
used to select covariate adjustment sets required to identify
causal effects. This criterion is formulated as: “Z is a sufficient
adjustment set in order to test and estimate the effectof Aon'Y
if : (i) no variable in the set Z is a descendant of A and (ii) each
backdoor path between A and Y is blocked. A step-by-step
method has been described to apply this criterion.>?

Because DAGs are acyclic, dealing with bi-directional relation-
ships requires distinguishing between two situations:

* A simple relationship A <Y is usually interpreted as con-
founding (A <L —Y), assuming the presence of common
parents L between the two ends of the path.

* Or feedback loops, which should be disentangled and repre-
sented using temporal ordering notation A(1) — Y(1) —
A(2) - Y(2) — A(3)...

Non parametric structural equations—Markou
factorisation

The DAG presented in Figure 1 can be formulated using the fol-
lowing set of non parametric structural equations:

L(0) = fuo (UL<0>)
A = fa(L0), Un)
M = fyu (A, L(0), UM)
Y =fy (M,A,L(O), Uy)

Where all residual terms U are assumed to be independent
from each other. Note that these residuals can be considered as
unmeasured exogenous variables affecting each of the endoge-
nous variables. As we assumed their mutual independence here,
itis not necessary to represent them in the DAG. The main differ-
ence between the set of structural equation in path analysis or
SEMs and a set of non parametric structural equations is that
the latter ones make no assumptions about the functional form
of the equations.™ Each of the f function determines the value of
the output-variables from the value of the input-variables, and
these can take any form. The joint probability of variables repre-
sented as nodes in the DAG can be expressed as a product of
(conditional) probabilities:

P[I(0),a,m, y] = P[L(0)]

xPla |1(0)]
X P[m | 1(0),q]
X Ply | 1(0),a, m]

Identification assumptions

Under Identification assumptions, it is possible to express the
counterfactual (unobserved) causal quantities of interest as a pa-
rameter of the observed data. The following assumptions are
necessary:'°



6 | Exposome, 2026, Vol. 6, No. 1

Randomisation (or exchangeability) assumption

According to the DAGs in Figures 1 and 2, applying the backdoor
criterion shows that adjusting for all the baseline confounders
L(0) is sufficient to identify the causal “total” effect of A on Y. In
other words, conditional on L(0), there is no unmeasured con-
founding between A and Y (denoted Y, LA | L(0)).

Positivity assumption

Also named experimental treatment assignment, the positivity as-
sumption states that within each observed stratum of L(0), each
treatment level of interest A =1 and A = 0 occurs with some pos-
itive probability:

]P’(A =a|L(0) = 1(0)) >0 Vae{0,1} and ]P’(L(O) = 1(0)) #0.

We can differentiate between “theoretical” positivity viola-
tions and “practical” positivity violations. For instance, if a treat-
ment A =1 is contraindicated for individuals over the age of 60,
the probability of administering this treatment to an 80-year-old
subject is assumed to be zero P(A = 1|age = 80) = 0, which consti-
tutes a theoretical positivity violation. In such a scenario, a scien-
tific objective comparing treatments A=1 versus A=0 in
participants over 60years of age would be irrelevant. Conversely,
practical positivity violations may occur when participant pro-
files are characterised by a high-dimensional set of L(0) variables,
continuous L(0) or continuous exposure A, leading to the possi-
bility that some observed profiles are not exposed to one of the
treatment levels of interest A = a due to a limited sample size. In
case of positivity violation, the estimation of some causal quanti-
ties of interest would not be supported by the data in the
1(0) strata.

In practice, positivity can be assessed by describing the distri-
bution of the exposures A according to L(0) and the distribution
of M according to {L(0),A,L(1)};>® by describing the distribution
of propensity scores ga =P(A=1|L(0)) and gy =P(M =1|L(0),A,
L(1)); or by using some specific tools to diagnose positivity
violation.>*

Consistency assumption

This assumption states that “an individual’s potential outcome
under a hypothetical condition that happened to materialised is
precisely the outcome experienced by that individual.”*® Under
the consistency assumption, we can write: P[Y,=y|A=a,
L(0)=1(0)]=P[Y =y | A =a,L(0) =1(0)]. This statement is used to
express an unobserved counterfactual concept (with Y, on the
left hand side of the equation) with a parameter of the observed
data distribution (Y on the right hand side of the equation). It is
linked to Rubin’s “stable unit treatment value assumption” (ie, no
hidden version of the treatment: “no matter how individual i
received treatment A =a the potential outcome that would be
observed would be Ya_4(1)9).”*

Its definition and position have been debated in the litera-
ture,*®°%*® mainly around the notion of a “well defined inter-
vention,” which should be discussed transparently.

In our example, the consistency of the exposure to high or low
levels of PM,s and consistency of the type 2 diabetes status is
questionnable, as these variables are not directly actionable: it is
not possible to define unambiguous interventions that would
enable an investigator to set the exposure to PM, s or the type 2
diabetes status to a chosen value or a chosen distribution.
Studying the effect of being exposed to air pollution regulation
policies and lifestyle education interventions to prevent the

occurrence of type 2 diabetes could be considered more reason-
able regarding the consistency assumption (at the cost of chang-
ing the scientific question and provided the data are available).
More generally in the context of exposome research, exposures
are characterized by complex relationships between several com-
ponents. For example, PM2.5 varies in chemical composition in
time, by source and geography, and these compositional differen-
ces may lead to heterogeneous health effects.®® Another example
are environmental biomarkers which represent metabolic prod-
ucts of multiple parent compounds (for example phthalic acid
arising from multiple and/or combinations of phthalates). These
complex relationships could be represented on a DAG, but proc-
essing them would require their measurements to be available.
The dimensionality of the exposure would be greatly increased,
making statistical analyses more difficult to carry out.

Causal inference roadmap

Based on DAGs and new notations, the following steps have
been suggested as a causal road map to investigate a causal
question:*/-6:62

1. Define the causal question and causal estimand. The aim is here
to translate the scientific question into a causal quantity of
interest using counterfactual notations (a causal estimand).
Regarding mediation analysis, several quantities of interest
have been defined in this way and are detailed below.

2. Specify knowledge about the data generating system to be
studied using a causal model (using DAGs).

3. Specify the observed data and their link to the causal model. This
step might help to clarify if some variables are unmeasured
and how these missing variables might result in bias.

4. Assess identifiability and define a statistical estimand. Discuss
the assumptions that make possible to represent the causal
quantity of interest as a parameter of the observed data dis-
tribution (i.e. a statistical estimand). The assumptions in-
clude “no residual confounding assumptions,” consistency
and positivity assumptions. Software programs such as
DAGitty for R can help to assess the exchangeability
assumptions, as well as the compatibility between the data
and the causal model (considered at steps 2 and 3).>*

5. State the statistical estimation problem and estimate. From the
estimand and the assumed statistical model, choose an esti-
mator to approximate the causal quantity of interest.
Several estimators have been described in the litterature
and are detailed below.

6. Interpret the results. Results have to be interpreted by assess-
ing the discrepancy between the data available for our
analysis and the causal and statistical assumptions as well
as the methodology employed. Sensitivity analyses can help
discussing measurement error or “no residual confounding
assumptions.” This process enables the assessment of the
causal gap (“the difference between the true values of the
statistical and causal estimands”)."’

Causal quantities of interest in
mediation analysis

Based on the concepts developed in the causal inference litera-
ture, several causal quantities of interest have been defined
to explore the role of mediation variables. These quantities,
(not exhaustively) listed in Table 1, correspond to 2-way, 3-way,
or 4-way decompositions of a total effect of the exposure A on
the outcome Y. The 3-way and 4-way decompositions are mainly



Exposome, 2026, Vol. 6,No. 1 | 7

useful to separate the (A M) interaction effect from the direct
and indirect effects of A on Y. The causal quantities of interest
are expressed using potential outcome notations (corresponding
to causal estimands). In this paper, causal effects are presented as
contrasts on the additive scale, but they can also be defined on a
multiplicative scale using relative risks or odds ratios.

A first essential step is to consider if the exposure A affects in-
termediate confounders L(1) of the mediator-outcome relation-
ship: do we assume that the causal model corresponds to the
Figure 2(a) (model M,) or the Figure 2(b) (model M»)? In the latter
case, some causal quantities presented below will not be identifi-
able. In our example, we should discuss if the exposure to high
levels of PMy s (A) can affect potential confounders L(1) (such as
overweight, chronic stress, inflammatory response, lifestyle hab-
its, social position during adulthood, etc,) of the effect of type 2
diabetes (M) on death (Y).

Table 1. Synthesis of causal quantities of interest in
mediation analyses.

Parameters Definition

Total effects
Average Total Effect (ATE) E(Y1)—-E(Yo)
E (Yl.cﬂ \L(O)) -E (YO,GO\L(O))

E(Y1m)—E(Yom)

Overall Effect (OE)

2-Way decomposition (1)

Controlled Direct Effect
(CDEx)

Eliminated Effect (EE.,) [E(Y1)—E(Yo)]
~ [E(Y1m) ~E(Yom)]

2-Way decomposition (2)

Pure Natural Direct Effect
(PNDE)

Total Natural Indirect Effect
(TNIE)

2-Way decomposition (3)

Total Natural Direct Effect
(TNDE)

Pure Natural Indirect Effect
(PNIE)

2-Way decomposition (4)T

Marginal Randomised Direct
Direct Effect (MRDE)

Marginal Randomised
Indirect Effect (MRIE)

2-Way decomposition (5)

Conditional Randomised

E(Y1,m,) —E(Yom,)

E(Yim,) —E(Y1,)

E(Yim,) —E(Yom,)

E(Youm, ) —E(Yom,)

E (YLGO\L(O)) -E (Yo,co\um)

E (Yl.c;1 \L(O)) -E (Yl,Go\L(O))

E(Yl.FO\L(O).L(l))
_E<YO,FO|L(O),L(1)>

E(YLmL(O).L(l))
—E<Y1,rQ|L(0),L<1)>

E(Y1,m,) —E(Youm,)

Direct Effect (CRDE)
Conditional Randomised

Indirect Effect (CRIE)
3-Way decomposition
Pure Natural Direct Effect

(PNDE)
Mediated Interactive Effect E[(Y11—Y10—Yo1+ Yop)
(MIE) X (M1 =Mo)]

Pure Natural Indirect Effect
(PNIE)

4-Way decomposition

Controlled Direct Effect

E(Yom,) —E(Yom,)

E(Y10) —E(Yo0,0)

(CDEy)

Mediated Interaction Effect E[(Y11—Y10—Yo1+ Yo0)
(MIE) X (M1 —Mo)]

Reference Interaction Effect E[(Y11—Y10— Y01+ Yo0)
(RIE) X Mo)]

Pure Natural Indirect Effect E(Youm, ) —E(Youm,)
(PNIE) =E[(Yo,1 = Yo,0) X (M1 —Mo)]

TThe sum is equal to the Overall Effect.
(Table adapted from Refs.>®%).

Average total effect

The aim of mediation analyses is to decompose a total effect, so
the first step is to define a total effect of interest. The most com-
mon total effect studied in causal analyses is the average total ef-
fect (ATE), defined as the difference between the average outcome in
the population had everyone been exposed to A=1 (high levels of
PM;s) and the average outcome had everyone been exposed to A =0
(low levels of PM;s). Using counterfactual notation, the ATE is de-
fined as ATE=E(Ya-1) —E(Ya—0) (see Table 1).

Under the identification assumption, the ATE can be
expressed as a statistical estimand by the following g-formula (cf,
Appendix 11in Supplementary material):

PATE = 57 [E(Y | A =1,1(0)) —E(Y | A = 0,1(0))]
x P(L(0) = 1(0))

Two-way decomposition of the total effect

Several approaches have been described in the literature to de-
compose a total effect into two components. Some of these quan-
tities (Controlled Direct Effects, Marginal or Conditional
Randomised Direct and Indirect effects) can be identified in both
causal structures shown in Figures 2(a) and 2(b), but other quan-
tities (Natural Direct and Indirect effects) can be identified only if
confounders L(1) of the M — Y relationship are not affected by
the exposure A (as in Figure 2(a)).

Controlled direct effect
The controlled direct effect is defined as the effect of a joint hypo-
thetical intervention that would change the exposure A from a
reference value A =0 to the value A = 1, while keeping the medi-
ator constant to a given value M =m.?>® Using counterfactual
notations, CDE,, =E(Y1m) —E(Yom).

Under the identification assumptions (consistency, positivity)
and the following sequential randomisation assumptions:

* (A1) No unmeasured confounding between A and Y,
given L(0),

* (A2) No unmeasured confounding between M and Y, given
L(0),L(1) and A

(cf, table S1 in the supplementary material), the CDE,, is identifi-
able and can be expressed by the g-formula indicated in table S2
(Supplementary material).

If the set of baseline and intermediate confounders L(0) and
L(1) is sufficient, controlled direct effects is identifiable under
both causal models represented in Figures 2(a) and (b).

In our example, we could consider estimating two CDEs: the
effect of early exposure to PM, 5 (contrasting A = lversus0) in a
population where (i) no one had type 2 diabetes (setting M = 0) or
(ii) where everyone had type 2 diabetes (setting M = 1) (note that
this latter causal effect might not be of clinical interest). If there
is an (AxM) interaction effect on Y, CDEy_o will be different
from CDEy—1.

A controlled direct effect corresponds to an effect of A on Y
that is not mediated by M. By analogy with path analyses, the
CDE corresponds to the direct path A — Y in Figure 2(a) and to
both paths A — Yand A — L(1) — Y in Figure 2(b).

CDEs can be particularly useful if we aim to assess how inter-
vening on the mediator can mitigate (or increase) a total effect.
VanderWeele suggested to use the “eliminated effect” (EE) to ex-
press the part of the effect eliminated by a hypothetical
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intervention setting M=m in the whole population:*® EE, =
ATE—CDE,, and the “proportion eliminated” as the proportion of
the average total effect eliminated by the hypothetical interven-
tion TE-CPEn However, the EE,, cannot be considered as a valid
mediated effect: if there is no effect of A on M, the EE,, can still
be non-null in the presence of an (A * M) interaction effect on Y.%°

Natural direct and indirect effect

Pure natural direct and total natural indirect effect

The pure natural direct effect (PNDE) was defined by Pearl®* as the
effect on Y that would be realised under the hypothetical inter-
vention of changing the value of A from 0 to 1 (contrasting a pop-
ulation exposed to high versus low levels of PM;s), while the
mediator was kept constant at the individual counterfactual val-
ues Ma—o that would be (naturally) observed under the hypotheti-
cal intervention setting A=0 (le, setting the type 2 diabetes
variable to the value expected (at the individual level) under ex-
posure to low levels of PMjys):

PNDE = E(Y1m,) —E(Youm,)

In our example, a Natural Direct Effect can be interpreted as
the effect of the exposure to high levels of PM, s on death (Y) that
is not mediated by the occurrence of type 2 diabetes (M).

Based on the following composition assumption: Y, = Yau, (i€,
the potential outcome Y expected under the hypothetical inter-
vention setting A =a is equal to the potential outcome expected
under the joint hypothetical intervention setting A =a and M to
the counterfactual value M, expected had the exposure been
A =a), it is possible to define the total natural indirect effect (TNIE)
as the difference between the average total effect (ATE) and the
pure natural direct effect :%*

TNIE = ATE — PNDE
= E1m) —E(You,)] — [E(Y1m,) —E(Youm,)]
TNIE =E(Y1u,) —E(Y1,)

The total natural indirect effect (TNIE) is interpreted as the ef-
fect on Y that would be realised under the hypothetical interven-
tion of changing the individual value of the mediator from the
counterfactual value M, (individual values of type 2 diabetes had
the population been exposed to low levels of PM,s) to the coun-
terfactual value M; (had the population been exposed to high lev-
els of PM,5), while the exposure to A was kept constant at A=1
(had the population been constantly exposed to high levels of
PM,s). These two definitions allow to decompose the ATE into
the sum of a direct and an indirect effect: ATE = PNDE + TNIE.

Total natural direct and pure natural indirect effect
Alternatively, it is possible to define a Total Natural Direct Effect
(TNDE) where the values of the mediator which are kept constant
are the counterfactual values M; had A been set to A =1 (instead
of A=0 as in the definition of PNDE described above):
TNDE =E(Y1,) —E(Youm, ). The Pure Natural Indirect effect (PNIE)
can then be defined as: PNIE = ATE—TNDE =E(Youm, ) —E(Youm,)-
The difference between TNDE/PNIE and PNDE/TNIE definitions
of direct and indirect effects is that in the presence of an (A x M)
interaction affecting Y, the mediated interactive effect (see defini-
tion in 3-way and 4-way decompositions) appears in the “total”
component of the direct or indirect effect.®” Note that if there is
no (A=M) interaction affecting Y, the CDE, the TNDE and the
PNDE will have the same value.

Under the identification assumptions (consistency, positivity),
the sequential randomisation assumptions (A1) and (A2) de-
scribed above, and the following Independence assumptions:

* (A3) No unmeasured confounding between A and M,
given L(0),

® (A4) A does not affect confounders L(1) of the mediator-
outcome relationship (corresponding to an Independence as-
sumption between the counterfactuals Y, m and M)

(cf, table S1 in the supplementary material), the Natural
Direct and Indirect Effects are identifiable and can be expressed
by g-formulas indicated in table S2 (Supplementary material).

This means that if the set of confounders L(0) and L(1) is suffi-
cient, Natural Direct and Indirect Effects are identifiable in
causal models corresponding to Figure 2(a), but are not identifi-
able in causal models such as represented in Figure 2(b).

Natural direct and indirect effects may provide valuable
insights into mediation mechanisms; however, they are defined
through unobservable cross-world counterfactuals, rendering
their intuitive interpretation challenging (Y4, refers to a hypo-
thetical world where individuals are exposed to high levels of
PM, s and at the same time, to the occurrence of type 2 diabetes
expected had they been exposed to low levels of PM,s, which
combination cannot be observed in reality). While the causal
quantity E(Y,, ) is identifiable under the identification assump-
tions in Figure 2(a), it is not falsifiable by experimentation.

Interventional (or randomised) natural direct and

indirect effect

Using the notion of stochastic counterfactual interventions, two
other types of natural direct and indirect effects have been de-
fined, identifiable despite the possible presence of intermediate
confounders affected by the exposure (as in Figure 2(b)) and not
requiring cross-world Independence assumptions (A4). These
effects are referred to as “interventional” (or “randomised”) direct
and indirect effects. They are defined under hypothetical inter-
ventions on the mediator implying a random draw in the coun-
terfactual distribution of the mediator M had the exposure been
set to a given level, instead of setting the value of M to the indi-
vidual potential values.®®®° Moreover, because they involve dis-
tributions rather than unknown individual values, they can be
considered more policy relevant.”®

Marginal interventional natural direct and indirect effects
VanderWeele defined the marginal randomised (or interven-
tional) natural effects.”*’® The marginal randomised natural direct
effect (MRDE) is the effect on Y that would be observed under the
hypothetical intervention of changing the value of A from 0 to 1
(ie, from low to high levels of PM, ), while the mediator is set to a
random draw for each subject from the (same) distribution of My
(the counterfactual distribution of type 2 diabetes had the expo-
sure been set to low levels of PM,5s), conditional on L(0). Such
counterfactual distribution of the mediator is denoted Gy | L(0):

MRDE = E(Y1,6,/1(0)) — E(Yo,6o1L0))

The marginal randomised natural indirect effect (MRIE) is the ef-
fect on Y that would be observed under the hypothetical inter-
vention of setting the value of the exposure to A =1 (high levels
of PM,s5), while shifting the values of M (type 2 diabetes) from a
random draw for each subject from the counterfactual distribu-
tion of the mediator (conditional on L(0)) had the exposure been
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set to A =0 (M~ Gop(), to a random draw from the counterfac-
tual distribution of the mediator had the exposure been set to
A=1 (M ~ Gl\L(O)):

MRIE = E(Y'l-,GuL(O)) - E(YLGO\L(O))'

In case of intermediate confounder L(1) of the M—Y relation-
ship affected by the exposure, as in Figure 2(b), the Marginal
Randomised Indirect Effect (MRIE) corresponds to all the directed
paths from A to Y going through the mediator M: A — M — Y and
A —L(1) = M — Y, and the Marginal Randomised Direct Effect
(MRDE) corresponds to all the directed paths from A to Y which do
not go through the mediator M: A — Yand A — L(1) — Y.

Under the identification assumptions (consistency, positivity
and the randomisation assumptions (A1), (A2) and (A3) described
above and in supplementary table S1), the MRDE and MRIE are
identified by g-formulas described in the supplementary table S3.

The sum of the MRDE and MRIE gives an Overall Effect:
OE =E(Yo,6,,) —~E(Yar Gyeppy)- The Overall Effect can be inter-
preted as a total effect, however because it is defined using ran-
dom draws from counterfactual distributions of the mediator
(conditional on L(0)) rather than individual counterfactual val-
ues, the Overall Effect may differ from the Average Total Effect,
especially in case of non-linear models and L(0) *L(1) interaction
effects affecting the mediator M.”°

Marginal Randomized Direct and Indirect Effects were initially
suggested as analogues of the PNDE and TNIE that could be used
when intermediate confouders L(1) are affected by the exposure
(Figure 2(b)).”' Indeed, if the causal model corresponds to
Figure 2(a), the identifying g-formulas of MRDE and MRIE reduce
to the g-formulas of the PNDE and TNIE (note that the definitions
of MRDE and MRIE can easily be adapted to get analogues of
TNDE and PNIE).°® However, it has been shown that like the EE,
the MRIE does not capture a true mediational effect: the MRIE
does not satisfy the “sharp mediational null criteria” (even if the
effect of A is not mechanistically mediated by M for each individ-
ual, the MRIE could still be non-null).°® This can be verified, for
example, in the presence of an (A xL(1)) interaction effect on M
and a (L(1) M) interaction effecton Y.

Although MRDE and MRIE cannot be interpreted as “true
mediational” direct and indirect effects, the can still be inter-
preted as contrasts between hypothetical scenarios implying
stochastic interventions (and not relying on cross-world assump-
tions).®® Another possible interpretation is that of natural direct
effects given by Petersen et al.”” as a weighted average of the
controlled direct effects. For the causal model of Figure 2(a):

PNDE = Ey 051y 3 [IEI (Yl,m\L(O),L(l)) —E(Yo_m|L(O)7 L(1))}

m

x P(MO = mlL(0), L(1))

Similarly for the causal model of figure 2(b), the MRDE can
be interpreted as an average of the CDE,, weighted by
P(Mo = m | L(0)).

Another limit described for MRDE and MRIE is that the coun-
terfactual variables Y, g (o) might not be well-defined in survival
settings where time-to-event outcomes can occur before the me-
diator: a participant still alive under A =a would be allowed to
draw the mediator value of a participant who has died un-
derA=a'"®

Conditional interventional (or randomised) natural direct
and indirect effects

Instead of hypothetical scenarios defined with random draws
from the distribution of My conditional on L(0), random draws
can be defined conditional on both L(0) and L(1),."®"#% The
conditional randomised natural direct effect (CRDE) is defined as:

CRDE = E(Y11,/1(0),1(1)) — E(Yo,ro/L(0),.L(1))

The CRIE corresponds the effect on Y that would be observed
under the hypothetical intervention of changing the value of A
from 0 to 1 (low to high levels of PM, ), while the mediator is set
to a random draw for each subject from the distribution Loy (0 1(1):
the distribution of My (the counterfactual distribution of type 2
diabetes had the population been exposed to low levels of PM, s),
fully conditional on the past (L(0) and L(1) ,_g)-

The conditional randomised natural indirect effect (CRIE) is de-
fined as:

CRIE = E(Y1r,10).L1) = E(Y1ro0)L1)

The CRIE is the effect on Y that would be observed under the
hypothetical intervention of setting the value of the exposure to
A =1 (high levels of PM; ), while shifting the values of M from a
random draw for each subject from M ~ Toj(0)1(1) t© M ~ T'yjp0).102):
from the counterfactual distribution of type 2 diabetes (M), condi-
tional on L(0) and L(1), had the population been exposed to low
levels of PM;5s, to its counterfactual distribution had the popula-
tion been exposed to high levels of PMys.

Under the consistency assumption, the positivity assumption
and the randomisation assumptions (A1), (A2), (A3) and (AS5)
described in supplementary table S1, where

* (A5) No unmeasured confounding between A and L(1),
given L(0),

The CRDE and CRIE are identified by g-formulas described in the
supplementary table S3.

Identifiability assumptions for Conditional randomised natu-
ral (in)direct effects are stronger than for Marginal randomised
natural (in)direct effects, but hold in both Figures 2(a) and 2(b).
Like MRDE and MRIE, in causal structures such as described in
Figure 2(a), the interpretation of CRDE and CRIE is analogous to
the interpretation of the Pure Natural Direct Effect (PNDE) and
the Total Natural Indirect Effect (TNIE), respectively (they are
identified by the same g-formulas and give the same values).
Note that the definitions of CRDE and CRIE can easily be adapted
to get analogues of TNDE and PNIE. In case of intermediate con-
founder affected by the exposure, as in Figure 2(b), the CRIE can
be interpreted as the path-specific effect of A to Y which goes
only through the mediator M: A — M — Y. The Conditional
Randomised Direct Effect (CRDE) corresponds to all the directed
paths from A to Y, except the path going only through M: A — Y,
A—L(1)—Y, and A—L(1l) > M—Y. Because the CRDE
includes one of the paths which goes through the mediator
(A — L(1) = M —Y), its interpretation might be less intuitive. In
our example, assuming the correct causal model is depicted by
Figure 2(b) and that the set L(1) contains only overweight, the
CRIE would be the effect of PM,s mediated by type 2 diabetes,
but excluding the mechanism of type 2 diabetes caused
by overweight.

Interestingly, unlike marginal randomised (in)direct effects,
the sum of the conditional randomised natural direct and
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indirect effects is equal to the usual Average Total Effect (ATE).
Moreover, the quantities are well-defined in survival settings.”®

Three-way and four-way decomposition

In the presence of an interaction A « M between the exposure and
the mediator affecting the outcome Y, the effect of changing the
exposure from A =0 to A =1 will depend on the value M =m of
the mediator. Consequently, the value of the CDE,, will depend
on the value fixed for the mediator M =m, and the PNDE/TNIE
will be different from the TNDE/PNIE. VanderWeele'*®! defined
several causal quantities to separate interaction effects from the
direct and indirect effects, applying a 3-way or a 4-way de-
composition.

Three-way decomposition
VanderWeele suggested a decomposition of the Average total ef-
fect into:®!

* A Pure Direct Effect, equivalent to the PNDE described
above. PNDE = ]E(Yl.Mg) — E(YO.MO)

* A Pure Indirect Effect, equivalent to the PNIE described
above. = ]E(YO,Ml) - ]E(YO)MO)

* And a Mediated Interactive Effect (MIE)

MIE = E[(Yi_’l _Yl,O - YQ_1 +YO,O) X (M1 —Mo)]4 The MIE is equal
to the difference between the TNDE and the PNDE, as well as
the difference between the TNIE and the PNIE. The MIE corre-
sponds to an additive interaction which operates only if the ex-
posure A has an effect on the mediator. The MIE is the average
of the product between:

* An additive interaction effect between the exposure A and
the mediator M on the outcome Y, corresponding to the
difference between the effect of a hypothetical joint modi-
fication of A and M from (A=0,M=0) to (A=1,M=1),
contrasted with the sum of two individual changes in
either A or M, while the other variable is set constant to
the reference level M=0o0r A =0:

[Y11—Yo0] = [(Y10—=Yo00)+ (Yo1—Yo0,0)]
= (Y11 —Y10—Yo1+Yop)

¢ And the effect of the exposure A on the mediator M (denot-
ing M, the counterfactual value of M had the exposure
been setto A =a): (M1—My)

This decomposition enables us to isolate a mediated interac-
tive effect (due to the (A M) interaction effect on Y) from the
direct and indirect effects.

Four-way decomposition
VanderWeele further developped a 4-way decomposition of the
Average total effect (ATE), into:*?

* A “Controlled Direct Effect” (CDEy) of A on Y, setting the level
of the mediator to the reference value M=0: CDEyj=
E(Y10)—E(Yo0). The CDE, corresponds to the standard CDE
with the value of M fixed to 0, i.e. the effect of the exposure in
the absence of the mediator (effect due neither to mediation
nor to (A = M) interaction);

* A “Reference Interaction Effect” (RIE) RIE=E[(Y11—Y10—
Y01+ Yo0)xMo]. The RIE corresponds to the (A M) additive
interaction effect on the outcome Y which operates only if
the counterfactual mediator is present had the subject

been unexposed to A (when My = 1). This effect is due to the
(A = M) interaction only.

* A “mediated interaction” (MIE), similar to the MIE of
the 3-way decomposition MIE=E[(Y11—Y10— Y01+ Yoo)X
(M1 —Mo)]. The MIE corresponds to the effect of A on Y due to
both the mediation through the mediator and the interaction
with the mediator.

* And a pure indirect effect equivalent to the PNIE previously
described. PNIE = E(Youm, ) —E(Youm,). The PNIE corresponds to
the effect of A on Y due to mediation only.

According to VanderWeele,™ at least one of these 4 compo-
nents must be non-null if the exposure A affects the outcome Y
at the individual level.

Regarding the relationships between the 2-way, the 3-way and
the 4-way decomposition, we have:*®

ATE = TNDE + PNIE

where TNDE = PNDE + MIE
ATE = [PNDE + MIE] + PNIE

and PNDE = CDE, + RIE
ATE = [(CDE, + RIE) + MIE] + PNIE

In the original articles describing the 3-way and the 4-way
decompositions, the identification assumptions are the same as
for the natural Direct and Indirect Effects (Supplementary table
S1), so that the 3-way and 4-way decompositions were not identi-
fiable with causal structure such as Figure 2(b).*>5?

However, in causal structures such as Figure 2(b), analogues
of 3-way and 4-way decompositions can be obtained (as in the
CMAverse R package)® from the MRIE, the “Pure” Marginal
Randomised Indirect Effect (PMRIE), the MRDE and the CDEy:

MIE = MRIE — PMRIE
where PMRIE = E(YO’Q \L(O)) — E(YO,GO\L(O))
RIE = MRDE - CDE,

Note that if there is no (A « M) interaction effect on Y (a strong
parametric assumption), then the MIE and RIE are null and
CDE,, = PNDE = TNDE and EE,, = TNIE = PNIE for causal models
corresponding to Figure 2(a). Similarly for causal models corre-
sponding to Figure 2(b), CDE,, = MRDE and EE,, = MRIE.

How to choose the relevant causal estimands?

Choosing among all the possible estimands can be guided by the
scientific question and the identifiability assumptions:

1. The scientific question:

If the aim is to study the potential benefit of intervening on
the mediator to mitigate the total effect, the controlled direct
effect (CDE,;) and the eliminated effect (EE,,) are the most rele-
vant estimands.

If the objective is to understand the mechanisms explaining
the total effect, it is better to focus on natural direct and
indirect effects (for example PNDE and TNIE) or their
“interventional” analogues (MRDE and MRIE). The 3-way or
4-way decomposition also makes it possible to distinguish the
effects of mediation from the effects of interaction between ex-
posure and mediators if interaction issues are part of the scien-
tific inquiry.

2. The identifiability assumptions:

The randomization assumptions are easier to hold for con-

trolled direct effects than for natural direct/indirect effect and
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their interventional analogues. In case of intermediate con-
founder L(1) affected by the exposure, natural direct and indirect
effects (PNDE and TNIE) are no longer identifiable, which require
a shift toward their interventional analogues (MRDE and MRIE).

Estimators

Several estimators of the causal quantities of interest have been
developed. In this section, we present a summary of these
estimators.

Traditional regression models

Using traditional regression models have been described for two-
way decomposition (CDE and natural effects),?®*%"#? three-way
decomposition®' and four-way decomposition.*® The approach is
similar to the “product method” or the “difference method” previ-
ously described. When using traditional regression models, we
have to assume that the models are correctly specified. If neces-
sary, these models can accommodate (A x M) interactions affect-
ing the outcome Y.

These approaches can be applied in the absence of intermedi-
ate confounders affected by the exposure A (as in Figure 2(a)).
With causal models corresponding to the Figure 2(b), Natural
Effects are not identifiable and the use of traditional regression
models adjusted for the mediator results in biased estimations of
direct or indirect effects due to a collider stratification bias.'**?
This bias can be large in case of strong effects of A(0) on M com-
bined to strong effects of L(1) on M.* If intermediate confounders
L(1) are affected by the exposure A (as the DAG in Figure 2(b)),
other estimators are required: G-computation, IPTW or TMLE, de-
scribed below.

G-computation

A simple example of estimation by g-computation is given below
for the estimation of the Average Total Effect (ATE). G-computa-
tion can be described as a “simple substitution estimator,” based
on the g-formula defining ¥A™¢ (Supplementary table 52):.548°

1. Firstly, fit a regression of Y on the exposure A and baseline
confounders L(0) (using a logistic regression for binary out-
comes for example): Q(A,L(0)) =P(Y = 1| A,L(0)).

2. Secondly, for each individual, predict the expected values of
E(Ya | L(0)) using this model, had the whole population been
exposed to A =1 (denoted Q (A = 1,1(0)), and had the whole
population been exposed to A = 0 (Q (A = 0,L(0)).

3. The predicted values are then plugged in the g-formula (for

a sample of size n).

P gcompATE = %i [5(A = 1,1(0))-Q(A =0, L(O))}

i1
4. Confidence intervals can be obtained using bootstrapping.

Parametric G-computation

G-formula estimands can be obtained using Monte Carlo simula-
tions of the L(1)y, M, Yam, Yam,, Yac, o OF YaTuuou variables
under the counterfactual scenarios considered to define the
causal quantities of interest.®#”

Estimations using parametric g-computation have been de-
scribed to estimate Controlled Direct Effects;®® Natural Direct
and Indirect Effects,®® where an additional step to estimate the
density function of the mediator is necessary, in order to simu-
late individual values of the mediator My under the

counterfactual scenario setting A = a’; and Marginal Randomised
Direct and Indirect Effects,® where an additional step to estimate
the density function of the mediator is also necessary, in order to
simulate and randomly permute individual values of the media-
tor My under the counterfactual scenario setting A =a’. The ap-
proach described for MRDE and MRIE can be adapted to estimate
Conditional Randomised Direct and Indirect Effects.

G-computation by iterative conditional expectation

A limit of parametric G-computation is the difficulty to estimate
density functions of L(1) variables. Moreover, it is necessary to fit
a model for each variable in the set L(1). An alternative approach
is g-computation by iterative conditional expectation (ICE), which
have been described to analyse counterfactual scenarios relevant
for Controlled direct effects, Marginal or Randomised natural
direct and indirect effects.”®?%°? This approach relies on a
smaller number of models to fit (especially if several variables
are included in the set L(1)). As an example for Controlled direct
effects, the estimand can be reformulated by iterative condi-
tional expectation :**

WCPE — B(Eyq)[Ey(Y | L(1),1(0), A,M = m) | L(0), A = 1])
—E(Ey) [Ev(Y | L(1),L(0),A,M = m) | L(0), A = 0])

Statistical properties of g-computation estimators
Estimations of direct and indirect effects by g-computation are
expected to be unbiased if the models fitted during the proce-
dures (Q regressions) are correctly specified #*# Estimates are
unaffected by deviation from the positivity assumption, so that
the procedure is able to extrapolate beyond the observed data.
Considering the positivity assumption is all the more important
to avoid conclusions that are only weakly supported by the avail-
able data.®* Moreover, G-computation is not an asymptotically
linear estimator, so that its efficiency properties are not
optimal

Marginal structural models (MSM)

Marginal structural models are models of the expected value of a
counterfactual outcome under study. They are used to summa-
rise the causal relationship between the expectation of the coun-
terfactual outcome and the exposures of interest.’>%* In the
context of mediation analyses, exposures of interest are the ini-
tial exposure A and the mediator M.

MSM for controlled direct effects

The following MSM can be considered to estimate Controlled
direct effects:** E(Yym) = ao +aaa+aym. If we suspect the pres-
ence of A xM interaction affecting the outcome, it is possible to
add an interaction term:

E(Yom) =ao+aad+aym+aam(axm). The controlled direct
effects CDE,, can then be expressed using the coefficients of
the MSM:

WEPE — B(Yom) —E(Yarm)
WEDE — (0tg + ap @ + oy + ctans(@ X M))

— (a0 +aad* +anm +aan(a xm))
@CDEy

v = aa(@—a*) +Faam(a—a*)xm

MSM for natural direct and indirect effects

For Pure Natural Direct Effects and Total Natural Indirect Effects,
VanderWeele suggested using two MSMs:** a model of Y, and a
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model of M,, conditional on the baseline confounders L(0), where
h and k are the link functions chosen by the analyst.

E(Yam |10
10

) =h~*(a,m,1(0))
E(Ma | ) =

)
) =k~!(a,1(0)).

If h=1 is linear in m (meaning that interactions between M and
other variables are possible, but not polynomial functions of M or
other transformations of M such as log(M), VM, etc,), and if A
does not affect confounders L(1) of the M — Y relationship,
then E(Yau,. |1(0)) =h~t[a,k=1[a*,1(0)],1(0)].

Then the PNDE and TNIE can be reformulated using the MSM
functions:

Wit = E(Yan,.) —E(Yaiu,.)
= Sioh~* (a k", 1(0)],10))
—h*1<a*7k*1[a*,1(0)], 1(0))} XIP(L(O) = 1(0))
Wh%ﬁ = E(Ya.Ma) - ]E(Ya.Ma,)
= Tigh (2. k2[4, 10)),10)
—h—l(a,k—l[a*,l(O)m(O))] xIP’(L(O) - 1(0))

Alternatively, Lange et al.”® introduced another MSM enabling
a “unified” approach for estimating natural direct and indi-
rect effects.

MSM for marginal randomised natural direct and
indirect effects
As for Natural direct and indirect effects, VanderWeele suggested
to use two marginal structural models:”?

E(Yam)=h"Ya,m) and P(M, =m)=%k~*(a). Those two MSMs
can then be combined in order to define the causal quantities
necessary for Marginal Randomised direct and indirect effects:

E(Ya o) = O E(Yam) X P(Mg = m).

Estimation of the MSM parameters

Because MSM are models of unobserved counterfactual varia-
bles, estimators of the MSM parameters are necessary. Several
methods have been described to estimate MSM parameters,
based on g-computation, Inverse Probability of Treatment
Weighting or double robust methods.”?8%929497 Most often, MSM
parameters are estimated using Probability of
Treatment Weighting.

Inverse

Inverse probability of treatment weighting (IPTW)
Intuitively, estimators based on Inverse probability of treatment
weighting (IPTW) operates by assigning a weight to each individ-
ual so that baseline and intermediate confounders are balanced
relative to the exposure A and the mediator M in the new
pseudo-population, so that there is no confounding between A
(or M) and Yy .8

Estimating ATE and CDE by IPTW

For the Average Total Effect, it is possible to estimate E(Yy) apply-
ing the following weight to the outcome of each individual (where
g(A; | L(0);) is the probability of receiving his observed exposure
A, given L(0);): wate :M—:a,) so that the ATE can be estimated

L(0))
by the following Horvitz and Thompson estimator:**%?

G ATE =12": I(Aj=a) v,
W e g(A=a L))

S S L Y
n&g(Ai=ar [L(0);) !

In case of positivity violation (if g(A; | L(0);) = 0 in some strata
L(0)), weights cannot be computed. Near positivity violation (if
g(A; | L(0);) = 0 in some strata L(0)) will result in extreme weights,
increasing the variance of the IPTW estimator. In order to reduce
variability resulting from near positivity violation, common
approaches are: to truncate the weights (for example at the 1st
and 99th percentiles, or applying a data-adaptive selection of the
truncation level); or to trim the weights (drop units with propen-
sity scores outside a given interval), but this will also result in a
biased IPTW estimator.®* %1% Alternatively, a “stabilised” IPTW
estimator can be applied using a modified Horvitz-Thomson
estimator:*®

}Z“ I(Ai = a")g" (A =a7)

né—i=1  g(A;=a*|L(0)) '

N }Z" I(A; = a")g* (A = a")
n i=1 g

g(Ai =a* [L(0);)
where g*(Aj=a) is a non-null function of A (for example,
g*(A =a)=P(A =a)). Using stabilised [PTW estimator enables to
get a bounded estimator and a weaker positivity assumption (the
denominator can be zero if the numerator is zero).*®

Similarly, an Horvitz-Thomson IPTW estimator and a
“stabilised” IPTW estimator can be used to estimate Controlled di-
rect effects. They will depend on propensity scores (treatment
mechanisms) for the exposure A and for the mediator M, condi-
tional on the past: §(A; = a | L(0);) and §(M; = m | L(1);,A;,L(0);)

For conditional randomised direct and indirect effects,
Zheng’® described the following IPTW estimator:
~ 1 [(Ai=a)XY;
E (Yar, o)Lm) = ﬁ;m

gM; =my | a’,L(1);,L(0);)
g(M; = m; [ a,L(1);,L(0);)

Estimation of MSM parameters

In order to estimate the parameters of the various Marginal
Structural Models described previously, IPTW methods are fre-
quently applied. The general approach is to fit weighted general-
ised linear models corresponding to the MSM models, where the
weights are defined using the propensity scores of the exposure
A and the mediator M (G(A;=a|L(0);) and g(M;=m|L(1);
A;,L(0);)). A recommended approach is to use “stabilised” weights
for weaker positivity assumptions. This approach has been de-
scribed to estimate the parameters of the MSMs for controlled di-
rect effects,®® for natural direct and indirect effects,® for
marginal randomised direct and indirect effects,”*°” and for the
unified MSMs of Lange et al.”®
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Statistical properties of IPTW estimators

IPTW estimators are expected to be unbiased if the models fitted
to construct the weights (g(A|L(0)) and g(M|L(0),A,L(1)) are
consistent.®*8> As indicated earlier, IPTW estimators can be
strongly affected by positivity violation, which is expected with
data sparsity (with large sets of L(0) and L(1) confounders includ-
ing continuous variables, or if the exposures A and M are high-
dimensional variables). Positivity violation will result in IPTW
estimators with increased variance. Using stabilised weights can
partially mitigate this variability.®*#>°21% Other approaches to
reduce variability of IPTW estimators are to truncate the weights
or to trim the weights. However, weight truncation will also re-
sult in increased bias (estimators of g(A|L(0)) and g(M|
L(0),A,L(1)) are no longer consistent after weight trunca-
tion).5#1%° Several authors suggested improved procedures to
choose the truncation levels, using data-adaptive selection of op-
timal truncation levels.'9%*%*1% Regarding weights trimming
(dropping units with propensity scores outside a given interval),
several estimators have been suggested to optimise the strategy
and the standard error of the estimations. 0196107

Doubly robust efficient methods

Double robust methods can be used to mitigate the influence of
misspecification of models applied in g-computation or IPTW
estimators. For example, Targeted Maximum Likelihood
Estimation (TMLE) or Augmented Inverse Probability of
Treatment Weighted (A-IPTW) have been described as doubly-
robust estimators. They rely on both models of the outcomes (Q
used in iterative g-computation) and propensity score models (g
used in IPTW). If either Q or g models are consistently estimated,
double robust methods will be consistent. Moreover, they are ef-
ficient if both Q and g models are consistently estimated: they
can achieve the Cramer-Rao lower bound for the variance of un-
biased estimators (the smallest asymptotic variance).®198:109
Both approach rely on the estimation of the efficient influence
curve. Compared to TMLE, A-IPTW is described as less robust to
positivity violation, and it might produce estimates outside of the
statistical model space.®® Data-adaptive (machine learning) algo-
rithm can be applied in order to obtain consistent estimates of Q
and g functions and optimise the statistical properties of the esti-
mators. TMLE and A-IPTW procedures have been described, with
statistical packages, for the estimation of Average treatment
effects (ATE).8>110112 A TMLE procedure for repeated exposures
has been developed and can be applied to estimate controlled di-
rect effects (CDE).°>'***** TMLE and an alternative double robust
“one-step” estimator have been described for marginal rando-
mised direct and indirect effects,.”>’%1>11¢ a5 well as for condi-
tional randomised direct and indirect effects.”®5

More general longitudinal structures and
time-to-event outcomes

In survival contexts and causal models without mediator-
outcome confounders affected by the exposure, Lange and
Hansen suggested using the Aalen additive hazard model to esti-
mate Natural direct and indirect effects, under the usual “no
unmeasured confounding” assumptions (A1), (A2),(A3) and (A4).""

In the same context, VanderWeele described alternative
approaches using accelerated failure time models and propor-
tional hazard models, which can be applied to estimate PNDE
and TNIE on the mean survival time scale, and proportional haz-
ard models, which can be applied to estimate natural direct and
indirect effects on the log hazard ratio difference scale, provided

the outcome is rare. In case of death-truncation of the mediator,
Tai et al. redefined Natural direct and indirect effects.’'®
Their proposal is akin to the conditional randomised effects
(CRDE and CRIE) described earlier, focusing on the path-specific
effect going only through the mediator M for the indi-
rect effect.”®7?

More general longitudinal structures implying repeated expo-
sures A(t) and mediators M(t), with time-varying covariates L(t)
and R(t) have been described (Figure S2 in supplementary docu-
ment). In those complex causal models, it is possible to estimate:

¢ Controlled direct effects, which can be considered as effects
of repeated exposures with time-varying covariates;
Marginal randomised direct and indirect effects./t’#8 116
However, as indicated earlier, MRDE and MRIE are not well
defined in survival settings if participants can die before me-
diator occurrences;’®

Conditional randomised direct and indirect effects.
Considering that Y(t) is a time dependant outcome included
in the L(t) set, CRDE and CRIE are well defined when condition-
ing on the participant’s time-varying history. It's also possible
to model informative censoring mechanisms, considering an
indicator of remaining uncensored at time t in the A(t) set of
exposure variables. An indicator of being monitored at time t
can also be added in the A(t) set, in order to take into account
missing values at time t for participants who missed a visit at
time t but who are still alive and uncensored.

78,80

Dealing with high dimensionality

Implementing causal mediation analyses involves formulating a
scientific question focusing on decomposing the effect of an ex-
posure of interest on a outcome, through one or more mediators
of interest. As described previously, the exposure and the media-
tors may be repeated over time, and it will be necessary to iden-
tify the baseline and intermediate confounders to be considered
for the analysis. When analysing the human exposome, difficul-
ties linked to the high dimensionality of the data can quickly
arise, for a number of reasons: specification of the causal model,
dealing with multiple mediators and dealing with high-
dimensional variables.

The first difficulty is to specify a hypothesised causal model in
which the variables can be unambiguously divided among the
relevant sets of variables according to their causal sequence
(baseline confounders, exposure(s) of interest, intermediate con-
founders, mediator(s) of interest and outcome).'”"'* A purely ag-
nostic mediation analysis is not possible: using DAGitty, we can
show that a dataset compatible with the causal model repre-
sented in Figure 2(b) would also be compatible with the same
causal model where the L(1) and M variables are switched, result-
ing in different direct and indirect effects.®® This difficulty is in-
herent to causal analyses, which are positioned in a confirmatory
rather than exploratory framework.

Multiple mediators

The number of ways of decomposing a total effect into a sum of
direct and indirect effects increases exponentially with the num-
ber of mediators.’®® In causal structures without mediator-
outcome confounders affected by the exposure (as in Figure 2(a)),
VanderWeele et al.”” described a situation with multiple media-
tors where M= (MM M® ..., M®) is a vector including all the
mediators of interest. In this context, they suggested using tradi-
tional regression approaches in order to estimate Natural direct
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and indirect effects or controlled direct effets: (i) Assess all the
mediators of interest as a single mediator M, defined as the entire
vector of mediators. (ii) or assess mediators sequentially: first
M®, then (MM, M®@) jointly, then (MM M@ M®) jointly, etc,
The first approach does not require knowing the ordering of the
mediators. If ordering of the mediator is known, the second ap-
proach can correctly give more details on the portion of the total
effect mediated through M, the portion of the total effect medi-
ated through both (M™,M®)) and deduce the additional contribu-
tion of M® beyond M(®. This additional contribution would
correspond to the additional effect mediated only through M®?),
which is added to the possible paths going through both M® and
M@ (if MM affects M(@). The sequential analysis can then be con-
tinued to assess the effect mediated through (MM, M@ M®), etc,

Steen et al.'?! extended this sequential method in a similar
context (no mediator-outcome confounder affected by the expo-
sure) and gave an example implying 2 mediators. They applied
the “unified” MSM approach in order to obtain a 3-way decompo-
sition with:*® a Natural direct effect (not mediated by M), nor
M®@), corresponding to the path A — Y; a Natural indirect effect
with respect to MY, implying two paths: A — MM — Y and
A — MDY - M® - Y; a partial indirect effect with respect to
M@, implying the remaining path A — M® — Y. They described
6 possible decompositions, according to the way interaction
terms are considered in definitions of direct and indi-
rect effects.’?!

More generally, Marginal and Conditional Randomised Direct
and Indirect effects can be applied when dealing with a set of in-
termediate variables (with known ordering) in which some are
considered as mediators of interest and the others as time-
varying confounders.”"’#”% Tai and Lin developed a general ap-
proach for a number of ordered mediator and intermediate con-
founders, enabling to estimate “interventional path specific
effects” through the mediators of interest.'*? In a causal struc-
ture implying 2 mediators M and M®, Vansteelandt and
Daniel’® applied the principles of interventional effects (drawing
mediators in counterfactual distributions under A=a or A =a*)
to decompose a total effect into: a direct effect of A — Y; an indi-
rect effect via the first mediator; an indirect effect via the second
mediator, including the path via the first and second mediator if
the first mediator affects the second; and an indirect effects cor-
responding to the effect of dependence between mediators on
the outcome. Interestingly, this approach can be applied if the
structural dependence between the mediators is unknown (re-
garding the direction of the causal effects from one mediator to
the other, or the presence of an unmeasured common cause).”
With numerous mediators of interest, Loh et al. defined slightly
different Interventional Direct and Indirect effects (where media-
tors are separately set to random draws from their counterfac-
tual distributions) enabling to estimate indirect effects for each
mediator, without having to make assumptions about the causal
sequence between mediators.**?

High-dimensional variables

Even if the positivity assumption holds theoretically, some causal
quantities can quickly have no support in a finite sample, includ-
ing when the number of subjects is far greater than the number
of variables.’’ Deviation from the positivity assumption will in-
crease (i) with the dimensionality of the exposure or the media-
tors (causal models involving repeated exposures and mediators,
and whenever they are multicategorical, continuous or a mixture
of several exposures) and (ii) with the dimensionalilty of the

baseline and intermediate confounders (especially if they are nu-
merous, multicategorical or continuous).

When the exposure and the mediator are binary or categorical
with few levels, classical dimension reduction methods can be
applied to functions conditional on high-dimensional baseline or
intermediate confounders (variable selection, regularisation,
pruning, etc,). For example, TMLE estimators are usually coupled
with data-adaptive algorithms that include various dimension re-
duction techniques.'?*

When the exposure or the mediator are continuous variables
(because they are measured on a concentration scale, or after be-
ing defined as an exposure mixture by weighted quantile sum re-
gression,’®® etc,), it can be judicious to use the concept of
stochastic counterfactual interventions to define causal quanti-
ties of interest. As a general advice, Nguyen et al. recommend a
flexible approach to define the relevant causal estimands for our
mediation analyses, beyond the list of effects described
in Table 1.1

Using of stochastic interventions allows us to simulate more
realistic interventions and to weaken the positivity assumption.
For example, Diaz and van der Laan described how to assess the
potential effect of policies enforcing pollution levels below a cer-
tain cutoff point, by contrasting stochastic counterfactual distri-
butions of a continuous exposure.'”® Kennedy proposed using
“incremental propensity score intervention,” a stochastic dy-
namic intervention which replaces the observational exposure
process with a shifted version. This approach enables identifica-
tion and estimation of causal effects without any positivity or
parametric assumptions.’?” Within the framework of mediation
analyses, Hejazi et al. showed how interventional direct and indi-
rect effect can be defined using stochastic interventions applied
to both the exposure and mediators, whether they are categorical
or continuous.'?®

Methods which have been developed to deal with continuous
exposures or continuous mediators can probably be generalized
in order to deal with mixtures or multiple exposures, which are
typical of exposome research.

Discussion
In summary

Due to the complex and multidimensional data that character-
izes exposome research, the ability to interpret the results of
complex statistical analyses in a causal manner is a key issue,
particularly if we want to be able to identify levers for action and
make public health recommendations.**

For the last twenty years, classical methods in mediation
analyses (difference in coefficients, product of coefficients, path
analyses and structural equation modelling) have been supple-
mented by concepts and methods from the causal inference liter-
ature: Non parametric causal models and graphical approaches
(DAGs), to describe hypotheses on the causal structure of the
data generating system; Counterfactual expressions and nota-
tions of causal quantities of interest, allowing more precise defi-
nitions of direct and indirect effects dealing with interactions
and intermediate confounding affected by the initial exposure;
Specification of assumptions needed to identify and estimate the
causal quantities of interest (consistency, sequential randomisa-
tion assumption, positivity); And several estimators (g-computa-
tion, IPTW, double robust estimators) which can be
implemented, with statistical properties varying from one family
of estimators to another. Integrating these approaches may help
exposome research move from the description of complex
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exposure patterns toward a more explicit understanding of the
mechanisms linking environmental conditions to health across
the life course.

Addressing potential biases: measurement
errors, unmeasured confounding, selection bias

Measurement errors and misclassification regarding the expo-
sure, mediator, outcome or confounders can lead to bias in the
estimation of the causal quantities of interest.

In mediation analyses, various methods have been described
to take into account measurement errors on binary or continu-
ous mediators,”°** on binary exposures,’**'*® or on the out-
come.” Most of those methods and results were discussed in
the causal framework of Figure 2(a) without mediator-outcome
confounding affected by the exposure. Methods to correct bias or
apply sensitivity analyses included regression calibration, EM
algorithms, SIMEX, and method of moments.*?3"1%#

Estimation of causal quantities of interest in mediation analy-
ses rely strongly on the sequential randomisation assumptions
or other forms of “no unmeasured confounding.” We can con-
sider that Controlled Direct Effects are easier to identify (relying
on 2 randomisation assumptions) than Natural Direct and
Indirect Effects (relying on 4 randomisation assumptions), while
Randomised Natural Direct and Indirect effects are between both
(3 randomisation assumptions). These assumptions can be
assessed by sensitivity analysis (or bias analysis). Sensitivity
analyses aim to assess “the combination of bias parameters that
could wholly explain the observed association if no effect truly
existed.”’*%° In mediation analyses, several sensitivity analysis
approaches have been developed, mostly to assess unmeasured
confounding between the mediator and the outcome, for the esti-
mation of CDE,**! and Natural (in)direct effects.****” Sensitivity
analyses have been less developed in the context of multiple and
time-varying mediators,**120:148

In the case of several intermediate variables (mediators and
intermediate confounders) between the exposure A and the out-
come Y, specifying incorrectly the order of the variables might re-
sult in some bias: mis-specifying a parent L(1) of the mediator as
a child of the mediator would result in some residual confound-
ing. However, within a set of intermediate confounders L(t) or
within a set of mediators of interest M(t) considered at the same
time tin the analysis, temporal ordering can be chosen arbitrarily
without causing bias. Sensitivity analyses could help to check the
consequences of including or not a variable in the set of interme-
diate confounders L(1) between the mediator of interest and the
outcome. As mentioned earlier, some methods have also been
developed to deal with unknown sequence of mediators in order
to estimate an indirect effect for each mediator, at the cost of a
slightly different definition of the direct and indirect effects.?®

It is also possible to define more general approaches to sensi-
tivity analyses. For example, Rijnhart et al. described how to ap-
ply a “multiverse” analysis, where the robustness of the results
are assessed regarding the arbitrary analytical decisions that are
made in mediation analyses.'*® Applying another approach, Diaz
and van der Laan suggested to integrate sensitivity parameters
directly into the target quantities in order to assess violation of
randomisation assumptions or bias due to measurement
errors.”® Their approach does not rely on additional models and
can be implemented with asymptotically linear estimators such
as TMLE.

Valeri and Coull discussed selection bias arising from missing
data and its consequences on the estimation of direct and indi-
rect effects. They suggest using nonparametric sensitivity

analyses.'®! More generally, the usual approaches described for
dealing with missing data can be applied for mediation
analysis.'*?

Current and future prospects

The causal inference approaches are framed in confirmatory
analyses where the structural hypotheses are assumed to be cor-
rect for the causal model. To our knowledge, we lack some tools
and guidelines to conduct mediation analyses with more explor-
atory objectives. For example, beginning with a general scientific
objective of exploring the intermediate mechanisms between an
initial exposure and the outcome, using a large set of variables:

* How can we state relevant structural causal models (DAGS)
combining theoretical knowledge and observed data? The re-
cent development of causal discovery methods could enable
us to make further progress in this area.*>***’

Dealing with a large set of intermediate variables, methods
aiming at estimating indirect effects with arbitrary ordered
mediators could help to explore and to identify the larger or
most interesting indirect effects, to understand mechanisms
or suggest possible interventions,?%1°8

Recently Correia et al. introduced a flexible workflow in the
context of ecological research, moving toward an exploratory
causal discovery approach or toward a more confirmatory
causal inference approach, depending on the extent of pre-
existing knowledge. The authors point out that both
approaches rely on untestable assumptions of causal suffi-
ciency (no unmeasured confounding), causal Markov condi-
tion and faithfulness (required to infer the absence of
causation from independence).**

Among the limitations of the mediation analysis methods pre-
sented in this review, we can mention in particular:

¢ Marginal Randomised Indirect Effects (MRIE) cannot be stricly
interpreted as a “true mediational” indirect effects, as it does
not satisfy the “sharp null criteria.” Moreover, it is not well
defined in survival settings where the mediator can be trun-
cated by death.

Conditional Randomised Indirect Effects (CRIE) can be de-
fined in survival settings where the mediator can be trun-
cated by death, however it does not capture a “full” indirect
effect through the mediator of interest, as the path A —
L(1) - M — Y is part of the direct rather than the indi-
rect effect.

Two recent developments offer promising solutions to these
difficulties:

Robins and Richardson described an ‘“interventionist” ap-
proach to mediation analyses, that can be applied in survival set-
tings, in which hypothetical scenarios are defined on a
conceptual decomposition of the exposure A into two separable
components: an Ay component with a direct effect on the out-
come Y(t) and an Ay component with an indirect effect on the
outcome through the mediator M(t) (cf, Figure S3 in supplemen-
tary material).*®**®? In this decomposition, the counterfactual in-
tervention applies only to the exposure A and no longer to the
mediator. This conceptual decomposition allows us to obtain me-
diated effects that are well defined for survival analyses, the sum
of the direct and indirect effects is equal to the average total ef-
fect (ATE), and the sharp null criteria is respected. Importantly,
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their identification will rely on additional assumptions, such as
isolation conditions and dismissible component conditions.*®?
Until now, this concept has been used mainly to clarify media-
tion analyses in survival settings and to take into account the oc-
currence of competing or truncation events,**?°

Diaz proposed an intervention which alters the information
propagated through the edges of the graph rather the usual
counterfactual interventions used to define (in)direct effects in
causal analysis. This approach allowed to define path-specific
decompositions of the total effect, which are identified with in-
termediate confounding affected by the exposure and satisfies
the “sharp null criteria.”’*® Vo et al. recently combined this ap-
proach with the separable effects concepts developed by Robins
and Richardson.®’

Conclusion

Causal methods are relevant approaches for addressing some of
the challenges in exposome research, particularly those related
to the interpretability of observed associations and the consider-
ation of causal structures within the data. As such, these meth-
ods could contribute to more interpretable, mechanism-driven
research that is more relevant to help developing environmental
health interventions and public policies. Recent perspectives and
developments in causal methods should help researchers to con-
duct mediation analyses in more complex contexts typically en-
countered in the field of exposomics, thereby enabling a better
understanding of the actual mechanisms at work.
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