S3: Breakdown of total treatment effect

Using counterfactual definitions, and with a binary treatment, a total treatment effect can be
broken down into a direct and indirect effect as follows:

TTE; = Y;(1) — Y;(0)
=Y;(1,M;(1)) — Y;(0, M;(0)) [consistency assumption]
=Y,(1, M;(1)) - v;(1, M;(0)) + Y;(1, M;(0)) — Y;(0, M;(0)) [add and subtract the Y;(1, M;(0))term]
[¥: (1, M;(1)) = Y;(1, M;(0))] + [¥;(1, M;(0)) — Y;(0, M;(0))]
IE;(1) + DE;(0)
= natural indirect effect + natural direct effect

These effects are defined in terms of counterfactuals, so neither the definition nor the breakdown of
the total treatment effect in natural direct and indirect effects presume any specific model or
function form, or assumption about interaction.

Note that the term natural indirect effect called by Pearl [28] is termed total indirect effect by
Robins [47].

An alternative break down can be obtained by adding and subtracting the term Yl-(O, Ml-(l))
TTE; = Y;(1) - ¥;(0)
=Y;(1,M;(1)) — Y;(0, M;(0)) [consistency assumption]
=Y(1,M;(1)) - v;(0,M;(1)) + ¥;(0,M;(1)) — Y;(0, M;(0)) [add and subtract the Y;(0, M;(1))term]
= [v(1, M;(1) = Y;(0, M;(1))] + [Y; (0, M; (1)) — Y;(0, M;(0))]
= DE;(1) + IE;(0)
=natural direct effect + natural indirect effect

Note that the term natural indirect effect and natural direct effect called by Pearl [46] is termed
pure indirect effect and pure/total direct effect by Robins [29].

Focusing on population averages, the average total effect of treatment 7 can be broken donw into
an average indirect effect (AIE) and an average direct effect (ADE) in the following matter [13].

T = E(Yi (1, Mi(1)) - E(Yi (0, Mi(0)))
= E(Yi (1, M{1)) - E[Y: (1, Mi(0))) + E (Vi (1, Mi(0)) - E [Yi (O, M{0)))

= AIE(1) + ADE (0)

N
1

= E (i (1, Mi(1))) — E(Y; (0, Mi(0)))
= E(Yi (1, Mi(1)) - E(Y; (0, Mi(1))) + E (Vi (0, M{1)) - E[Y; (O, M{0)))

= ADE(1) + AIE(0)

If we make the no-interaction assumption that ADE and AIE do not vary as functions of treatment
status, meaning AIE = AIE(1) = AIE(0) and ADE = ADE(1) = ADE(0), then the ADE and AIE sum to the
average total causal effect T = AIE + ADE.

Figure A visually presents the causal effect estimates for the outcome VF-I



Figure S3: Estimated causal quantities: average total treatment, indirect and direct effects for outcome VF-I
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Average indirect effect (t=1) = E(Y; (1, M{1))) - E(Y; (1, M{0)))
=49.12% - 43.91%
AIE(1) =5.22%
Average direct effect (t=0) =E(Y; (1, M{0))) - E (Vi (0, M,(0)))
=43.91% - 19.83%
=24.08%
Average indirect effect (t=0) = E (Y; (0, M{1))) - E(Y; (0, M{0)))
=24.14% - 19.83%
AIE(0) =4.32%
Average direct effect (t=1) = E(Y; (1, Mi(1))) - E (Yi (0, M{1)))
=49.12% - 24.14%
=24.98%
Average total treatment effect =29.30%
AIE(1) + =5.22% + 24.08%
AIE(O) + =4.32% + 24.98%
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