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insert — p. 90:

in graphical terms or plain causal language. The mediation problem of Sec-
tion 6 illustrates how such symbiosis clarifies the definition and identification
of direct and indirect effects, a task deemed insurmountable, “deceptive” and
“ill-defined” by advocates of the structureless potential-outcome approach
(Rubin, 2004, 2005).

remove paragraph — pp. 90-91 starting:
“In contrast, when the mediation problem is approached...’
footnote 29.
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including printed

new footnote — p. 99:

The need to control for mediator-outcome confounders (e.g., W5 in Figure
6(b)) was evidently overlooked in the classical paper of Baron and Kenny
(1986), and has subsequently been ignored by most social science researchers.

revised paragraph — p. 100:

Graphical identification conditions for multi-action expressions of the type
E(Y|do(x), do(z1), do(z2),...,do(z)) in the presence of unmeasured con-
founders were derived by Pearl and Robins (1995) (see Pearl, 2000, ch. 4)
using sequential application of the back-door conditions discussed in Section
3.2.

new footnote — p. 101

Pearl (2001) used the acronym NDE to denote the natural direct effect. We
will delete the letter “N” from the acronyms of both the direct and indirect
effect, and use DE and I E, respectively.

best break for equation 48 — p. 104:

DE,»(Y)=) Y P)E(Y|a, z,w)) = E(Y|z, z,w))]

z  wi

> " P(z|z, wa) P(wy). (48)
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revised — pp. 110-11
linear version of Figure 6(a) (equation 45), which reads

r =Ux
z2="by+byx+uy (54)

Y = Co+ Ca® + C2 + Uy

with ux,uy, and uy uncorrelated, zero-mean error terms. Computing the
conditional expectation in (53) gives

E(Yl|z,z) = E(co + ¢ + C.2 + uy) = ¢o + CoT + .2

and yields

IE, .(Y) = Z(cmz + ¢,2)[P(z]2') — P(z]x)].

z

=c,|E(Z]x") — E(Z]|x)) (55)
= (2' — 2)(c.by) (56)
= (2’ —2)(b— ) (57)

where b is the total effect coefficient,
b=(EY|x)—EY|x)) /(2 —x) = cy + c.b,.

We thus obtained the standard expressions for indirect effects in linear
systems, which can be estimated either as a difference in two regression
coefficients (equation 57) or a product of two regression coefficients (equation
56), with Y regressed on both X and Z. (see MacKinnon, Lockwood, et al.,
2007). These two strategies do not generalize to nonlinear systems as shown
in Pearl (2010a); direct application of (53) is necessary.

To understand the difficulty, consider adding an interaction term c,,xz
to the model in equation (54), yielding

Y = Cp + Cok + Coz + CprxZ + Uy

Now assume that, through elaborate regression analysis, we obtain accurate
estimates of all parameters in the model. It is still not clear what combina-
tions of parameters measure the direct and indirect effects of X on Y, or,
more specifically, how to assess the fraction of the total effect that is ez-
plained by mediation and the fraction that is owed to mediation. In linear



analysis, the former fraction is captured by the product ¢,b, /b (equation 56),
the latter by the difference (b — ¢,)/b (equation 57) and the two quantities
coincide. In the presence of interaction, however, each fraction demands a
separate analysis, as dictated by the Mediation Formula.

To witness, substituting the nonlinear equation in (49), (52) and (53) and
assuming x = 0 and 2/ = 1, yields the following decomposition:

DE = ¢, + bocy.

IE =b,c,

TE = c; + bocez + bu(cz + Czz)
=DFE +1FE + b,c,.

We therefore conclude that the fraction of output change for which mediation
would be sufficient is

IE/TE = byc./(ce + boCor + ba(cy + ¢22))
while the fraction for which mediation would be necessary is
1= DE/TE = b,(c, + ¢z2)/(cx + boCaz + bi(cy + Cz2))

We note that, due to interaction, a direct effect can be sustained even
when the parameter ¢, vanishes and, moreover, a total effect can be sustained
even when both the direct and indirect effects vanish. This illustrates that
estimating parameters in isolation tells us little about the effect of mediation
and, more generally, mediation and moderation are intertwined and cannot
be assessed separately.

If the policy evaluated aims to prevent the outcome Y by ways of weak-
ening the mediating pathways, the target of analysis should be the difference
TFE — DE, which measures the highest prevention effect of any such policy.
If, on the other hand, the policy aims to prevent the outcome by weakening
the direct pathway, the target of analysis should shift to IE, for TE — IE
measures the highest preventive impact of this type of policies.

The main power of the Mediation Formula shines in studies involving
categorical variables, especially when we have no parametric model of the
data generating process. To illustrate, consider the case where [...continue]



new footnote — p. 105:

Some authors (e.g., VanderWeele 2009), define the natural indirect effect
as the difference T'E' — DFE. This renders the additive formula a tautology
of definition, rather then a theorem, conditioned upon the anti-symmetry
IE, #(Y)=—I1E,.(Y). Violation of (52) will be demonstrated in the next
section.

corrected Figure 7 — p. 112 (number of samples — Number of
Samples)
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Figure 7: Computing the Mediation Formula for the model in Figure 6(a),
with X, Y, Z binary.
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