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In their thoughtful review on causal mediation methods, Pearce et al.! highlighted the challenges posed
by exposure-induced mediator—outcome confounders for identifying natural direct and indirect effects.?
Here, we briefly provide a broader perspective on this issue using causal directed acyclic graphs (DAGs).

We let A denote an exposure, Y an outcome, M a mediator, and L an exposure-induced
mediator—outcome confounder (Figure 1a). In the counterfactual framework, we let Y(a,m) denote
the potential outcomes of Y if, possibly contrary to fact, there had been interventions to set A to a and
to set M to m. Similarly, we let M(a) and L(a) denote the potential outcomes of M and L,
respectively, had A been set to a. We assume that positivity and consistency hold.

In nonparametric structural equation models with independent errors (NPSEM-IE), the natural
direct and indirect effects (ie., E[V(a,M(a))]-E[Y(a’,M(a))] and E[¥(a M(a))]-

E[Y(a, M(a’))], respectively) can be identified if the following four assumptions hold:3

Y(am) L AVam), (1)
Y(a,m) L M(a)|A =a (Va,m), (2)
M(a) L A (Va), (3)

Y(a,m) L M(a') (Va,a’,m). (4)

Unlike assumptions (1) to (3), assumption (4) is the so-called cross-world independence assumption

3
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because it involves counterfactuals referring to two different “worlds” or scenarios. In Figure 1a,

although assumptions (1) and (3) hold, assumptions (2) and (4) generally do not. This point can be

visually illustrated by incorporating the potential outcomes and the error terms ¢ in the causal DAG,

which is constructed under the NPSEM-IE (Figure 1b).* For example, assumption (1) holds because there

are no open paths between Y(a,m) and A. By contrast, assumption (2) does not generally hold

because, among those with A = a, there is an open path between Y(a,m) and M(a): Y(a,m) «

L(a) » M(a). This is based on the rule of weak faithfulness of causal DAGs, while assumption (2) never

holds under the assumption of faithfulness. Similarly, assumption (4) does not generally hold because

there is an open path between Y(a,m) and M(a'): Y(a,m) « L(a) « &, — L(a") - M(a"). Note

that the L-conditional cross-world independence assumption does not generally hold because,

conditional on L, there are two open paths between Y(a,m) and M(a'): Y(a,m) « L(a) « g, >

L(a") » M(a") and Y(a,m) « L(a) » L « L(a") » M(a').

In conclusion, to clarify the statement in their Table 1,% if there is an exposure-induced

mediator—outcome confounder L, the natural direct and indirect effects are not generally identified

irrespective of whether data are available on L, except under strong assumptions, such as no interaction

between the exposure and mediator at the individual level.> For further details, see Suzuki et al.*
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Figure legend

Fig. 1 (a) A causal directed acyclic graph (DAG) with exposure A, mediator M, and outcome Y when there

is an exposure-induced mediator—outcome confounder L. (b) A causal DAG incorporating the potential

outcomes as well as error terms. Note that an arrow exerts from each potential outcome to the

corresponding observed variable, such that each observed variable has its direct causal variable(s) and

the corresponding potential outcomes as parents. The observed variables and their potential outcomes

are endogenous variables, whereas the error terms are exogeneous variables in the system of structural

equations. For details, see Figure 3 and the related explanations in Suzuki et al.*



