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Abstract

Political scientists often cite the importance of mechanism specific causal knowledge, both for
its intrinsic scientific value and as a necessity for informed policy. However, outside the frame-
work of additive linear regression models with homogenous causal effects, mechanism specific
effects are, in general, not estimated explicitly. Counterfactual causal models allow the formal
definition of such concepts as direct, indirect, and mechanism specific effects, and the deriva-
tion of conditions for their identification (point or interval). In this paper, I demonstrate the
use of counterfactuals to decompose causal effects into mechanism specific effects, showing that
estimation and bounding can be accomplished with minor adjustments to standard techniques.
I illustrate this methodology with examples from American and Comparative Politics.
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1 Introduction

Political scientists often cite the importance of mechanism specific causal knowledge, both for

its intrinsic scientific value and as a necessity for informed policy. This explicit or implicit focus on

causal mechanisms pervades important topics across all empirical subfields of the discipline:

We wish to account for a single behavior at a fixed point in time. But it is behavior that stems
from a multitude of prior factors. We can visualize the chain of events with which we wish to
deal as contained in a funnel of causality. (Campbell et al., 1960, p. 24)

I do not model presidential election rules as having a direct impact on the legislative party system.
Instead, there is a two-step process: (1) Presidential election rules combine interactively with
social diversity to produce an effective number of presidential candidates; (2) the effective number
of presidential candidates affects the effective number of legislative competitors... (Cox, 1997, p.
204)

The political and military technology of insurgency will be favored, and thus civil war made more
likely, when potential rebels face or have available the following ... A state whose revenues derive
primarily from oil exports. Oil producers tend to have weaker state apparatuses than one would
expect given their level of income because the rulers have less need for a socially intrusive and
elaborate bureaucratic system... (Fearon and Laitin, 2003, p. 81)

I adopt two strategies for testing the persuasiveness of the causal logics that underpin democratic
peace theory. First, I take each logic at face value and ask whether the hypothesized causal
mechanisms operate as stipulated by the theory’s proponents... (Rosato, 2003, p. 585)

However, outside the framework of additive linear regression models with homogenous causal effects,

mechanism specific effects are, in general, not estimated explicitly. In fact, many authors have

noticed that currently utilized quantitative political methods cannot be used to investigate causal

mechanisms under traditional theoretical assumptions (Collier and Brady, 2004; Hall, 2003). The

following quote nicely summarizes the state of the discipline.

What causal mechanisms produce these outcomes? ... Case studies tend to provide a wealth of
data on causal links..., but are difficult to generalize. There are plausible theories behind each
of the patterns, though efforts to test them are still in their infancy. (Ross, 2004, p. 338)

In this manuscript, I address this methodological deficiency by adapting and expanding the work

of Robins and Greenland (1992); Pearl (2001); Robins (2003); Petersen et al. (2006) to show that

quantitative methods can be used to estimate (or at least bound) mechanism specific effects. Fur-

thermore, this can be accomplished outside of the additive linear model framework– allowing in-

teractions, non-linear models, and causal effect heterogeneity.
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This paper is organized as follows. In Section 2, I present a counterfactual definition of causal

mechanisms, define mechanism specific effects, and discuss learning about individual level mech-

anism specific effects from observational data. In Section 3, I present conditions for point and

interval identification of average mechanism specific effects, showing in particular that traditional

ignorability assumptions (and hence traditional experimental designs) are not sufficient for the point

identification of average mechanism specific effects. In Section 4, I present illustrative applications

of estimation and bounding for mechanism specific effects. Section 5 concludes.

2 A Counterfactual Definition of Mechanisms

Following Rubin (1974), Robins (1986), and Pearl (2000) I define a recursive counterfactual

causal model over a set of causally ordered (indexed by k) measured variables {V1i, V2i, . . . , Vki, . . . , VKi}

for units i = 1, ..., n. For this model, I assume that there is no interference between units and that

the following counterfactual variables are well defined:

Definition 1 (Potential Variables) Potential variable values are written as the following (many
of these variables will be counterfactual):

a) Vki(Vji = v) is the value of Vki that unit i would have had if Vji had been v. If j > k, then
this is equivalent to the observed Vki due to causal order.

b) Vki(Vji = vj , Vj+1i = vj+1, . . . , Vj+pi = vj+p) is the value of Vki that unit i would have had if
Vji had been vj, and Vj+1i had been vj+1, and . . . Vj+pi had been vj+p. Again, if j > k, then
this is equivalent to the observed Vki due to causal order.

It is often efficient to represent the causal order over these variables with a Directed Acyclic Graph

(DAG). In Figure 1, I present a DAG for a causal model with four measured variables. In this

case the variable U represents a vector of all the unobserved background factors that affect the

four measured variables, and the arrows (more properly missing arrows) in the graph represent the

causal order assumption.

Within this framework, we can loosely define the causal effect of Vj on Vk to be represented by all

directed sequences of arrows that lead from Vj to Vk, and we can further consider decomposing this

effect into mechanism specific effects represented by each specific sequence. For example, in Figure
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Figure 1: Directed Acyclic Graph (DAG) consistent with a recursive counterfactual causal model
with four measured variables.

1, we might think of the causal effect of V1 on V4 as being composed of the following mechanism

specific effects:

V1 → V2 → V3 → V4

V1 → V2 → V4

V1 → V3 → V4

V1 → V4.

For example, the first mechanism specified above might be interpreted as the effect of V1 on V4 that

“goes though” V2 and V3. However, there are subtleties in this definition and the identification

of mechanism specific effects that will not be readily apparent from the graph or the intuitive

interpretation. In the remainder of this paper, I focus solely on models with three measured

variables in order to explicate these subtleties.

2.1 Counterfactual Causal Mechanisms with Three Measured Variables

Consider an example with three measured variables {X, Z, Y } for individuals indexed by i =

1, ..., n, where Xi represents a pre-existing explanatory variable, Zi represents an explanatory vari-

4



able that may or may not be affected by the variable Xi (Zi is sometimes called a concomitant

variable), and Yi represents an outcome variable which may or may not be affected by Xi and Zi.

This model is represented by Figure 2.

●

X
●

Y

●

Z

●

U
●●

Figure 2: Directed Acyclic Graph (DAG) consistent with a recursive counterfactual causal model
with three measured variables.

With the causal order specified in Figure 2 we can define a number of potential variables for

each individual:

Definition 2 (Potential Variables in the Three Variable Model) The potential variables in
this model can be represented with the following notation:

a) Yi(Xi = x) is the potential outcome that individual i would have if they had the value x for
the variable Xi.

b) Yi(Zi = z) is the potential outcome that individual i would have if they had the value z for
the variable Zi.

c) Zi(Xi = x) is the potential concomitant value that individual i would have if they had the
value x for the variable Xi.

d) Yi(Xi = x,Zi = z) is the potential outcome that individual i would have if they had the value
the value x for the variable Xi and z for the variable Zi.

Depending on the observed values for X and Z, some of these potential variables will be ob-

served, while some will be counterfactual. As an example, we consider the case where all three

variables X, Y , and Z are binary. Table 1 presents the possible values for the potential variables in
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Table 1: Possible observed values for the potential variables in Definition 2 a), b), and c) when Xi,
Zi, and Yi are binary. For many of the potential variables, we only observe a set of possible values.

Xi Zi Yi Yi(Xi = 0) Yi(Xi = 1) Zi(Xi = 0) Zi(Xi = 1) Yi(Zi = 0) Yi(Zi = 1)
0 0 0 0 {0, 1} 0 {0, 1} 0 {0, 1}
0 0 1 1 {0, 1} 0 {0, 1} 1 {0, 1}
0 1 0 0 {0, 1} 1 {0, 1} {0, 1} 0
0 1 1 1 {0, 1} 1 {0, 1} {0, 1} 1
1 0 0 {0, 1} 0 {0, 1} 0 0 {0, 1}
1 0 1 {0, 1} 1 {0, 1} 0 1 {0, 1}
1 1 0 {0, 1} 0 {0, 1} 1 {0, 1} 0
1 1 1 {0, 1} 1 {0, 1} 1 {0, 1} 1

Table 2: Possible observed values for the potential variables in Definition 2 d) when Xi, Zi, and Yi

are binary. For many of the potential variables, we only observe a set of possible values.
Xi Zi Yi Yi(Xi = 0, Zi = 0) Yi(Xi = 1, Zi = 0) Yi(Xi = 0, Zi = 1) Yi(Xi = 1, Zi = 1)
0 0 0 0 {0, 1} {0, 1} {0, 1}
0 0 1 1 {0, 1} {0, 1} {0, 1}
0 1 0 {0, 1} {0, 1} 0 {0, 1}
0 1 1 {0, 1} {0, 1} 1 {0, 1}
1 0 0 {0, 1} 0 {0, 1} {0, 1}
1 0 1 {0, 1} 1 {0, 1} {0, 1}
1 1 0 {0, 1} {0, 1} {0, 1} 0
1 1 1 {0, 1} {0, 1} {0, 1} 1

Definition 2 a), b) and c) in this scenario. For some values of X, Y , and Z the potential variables

are observed while in other cases, we only observe a set of possible values. Table 2 presents the

possible values for the potential variables in Definition 2 d). Again, for some values of X, Y , and

Z these joint potential variables are observed while in other cases, we only observe a set of possible

values. However, note that in this example, we only observe one of the four joint potential values

for each individual.

Using the potential variables from Definition 2 a), b), and c), we can define a number of

individual causal effects as in Holland (1986).

Definition 3 (Individual Total Effects) The following contrasts are referred to as total effects,
because they represent the overall effect of changing a single causal variable.

a) Yi(Xi = x′) − Yi(Xi = x) is the difference in outcome that individual i would have shown
when comparing the outcome they would have had if Xi had been x to the outcome they would
have had if Xi had been x′.
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Table 3: Possible values for the individual total effects in Definition 3 when Xi, Zi, and Yi are
binary.

Xi Zi Yi Yi(Xi = 1)− Yi(Xi = 0) Yi(Zi = 1)− Yi(Zi = 0) Zi(Xi = 1)− Zi(Xi = 0)
0 0 0 {0, 1} {0, 1} {0, 1}
0 0 1 {−1, 0} {−1, 0} {0, 1}
0 1 0 {0, 1} {−1, 0} {−1, 0}
0 1 1 {−1, 0} {0, 1} {−1, 0}
1 0 0 {−1, 0} {0, 1} {−1, 0}
1 0 1 {0, 1} {−1, 0} {−1, 0}
1 1 0 {−1, 0} {−1, 0} {0, 1}
1 1 1 {0, 1} {0, 1} {0, 1}

b) Yi(Zi = z′)−Yi(Zi = z) is the difference in outcome that individual i would have shown when
comparing the outcome they would have had if Zi had been z to the outcome they would have
had if Zi had been z′.

c) Zi(Xi = x′) − Zi(Xi = x) is the difference in the concomitant that individual i would have
shown when comparing the concomitant they would have had if Xi had been x to the concomi-
tant they would have had if Xi had been x′.

Notice that while these individual total effects can never be observed (due to the fact that we can

observe at most one of the values within each effect), when we have bounds on the support of Z

and Y , we can learn something about these effects from observational data. In Table 3, I present

the possible values for the effects in Definition 3 when X, Y , and Z are binary. In this case, all

of these effects can only take on values in the set {-1,0,1}. However, we see in the table that for

each of these effects we observe at least one of the potential variable values, and therefore the set

of possibilities is reduced by one element.

In addition to the traditional causal effects in Definition 3, we can use the potential variables

from Definition 2 d), to define additional individual causal effects as in Pearl (2001).

Definition 4 (Individual Controlled Direct Effects) The following contrasts are referred to
as controlled direct effects, because they represent the effect of changing a single causal variable
while another causal variable is held at a constant value.

a) Yi(Xi = x′, Zi = z) − Yi(Xi = x,Zi = z) is the difference in outcome that individual i would
have shown when comparing the outcome they would have had if Xi had been x and Zi had
been z to the outcome they would have had if Xi had been x′ and Zi had been z.

b) Yi(Xi = x,Zi = z′) − Yi(Xi = x,Zi = z) is the difference in outcome that individual i would
have shown when comparing the outcome they would have had if Xi had been x and Zi had
been z to the outcome they would have had if Xi had been x and Zi had been z′.
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Table 4: Possible values for the individual controlled direct effects in Definition 4 when Xi, Zi, and
Yi are binary.

Xi Zi Yi Yi(Xi = 1, Zi = 0)− Yi(Xi = 0, Zi = 0) Yi(Xi = 1, Zi = 1)− Yi(Xi = 0, Zi = 1)
0 0 0 {0, 1} {−1, 0, 1}
0 0 1 {−1, 0} {−1, 0, 1}
0 1 0 {−1, 0, 1} {0, 1}
0 1 1 {−1, 0, 1} {−1, 0}
1 0 0 {−1, 0} {−1, 0, 1}
1 0 1 {0, 1} {−1, 0, 1}
1 1 0 {−1, 0, 1} {−1, 0}
1 1 1 {−1, 0, 1} {0, 1}
Xi Zi Yi Yi(Xi = 0, Zi = 1)− Yi(Xi = 0, Zi = 0) Yi(Xi = 1, Zi = 1)− Yi(Xi = 1, Zi = 0)
0 0 0 {0, 1} {−1, 0, 1}
0 0 1 {−1, 0} {−1, 0, 1}
0 1 0 {−1, 0} {−1, 0, 1}
0 1 1 {0, 1} {−1, 0, 1}
1 0 0 {−1, 0, 1} {0, 1}
1 0 1 {−1, 0, 1} {−1, 0}
1 1 0 {−1, 0, 1} {−1, 0}
1 1 1 {−1, 0, 1} {0, 1}

Again, these individual controlled direct effects cannot be observed (due to the fact that we can

observe at most one of the values within each effect), however, when we have bounds on the support

of Z and Y , we can again learn something about these effects from observational data. In Table

4, I present the possible values for the effects in Definition 4 when X, Y , and Z are binary. Again

these effects can only logically take on values in the set {-1,0,1}, however, we see in the table that

only for some combinations of the observed variables will the set of possibilities is reduced.

While individual total or controlled direct effects and/or sample or population summaries of

these effects may be of interest, in order to define indirect effects, or to decompose total effects into

mechanism specific effects, we must define more complex counterfactual quantities. To do this note

that we can write the potential outcome Yi(Xi = x) in a redundant manner as combinations of the

potential variables in Definition 2 c) and d):

Yi(Xi = x) = Yi(Xi = x,Zi = Zi(Xi = x)) (1)

where Yi(Xi = x,Zi = Zi(Xi = x)) indicates the outcome that individual i would have had if their
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Xi value had been x and if their Zi value had been what it would have been if their Xi value had

been x. This is clearly just a long winded way of saying Yi(Xi = x) indicates the outcome that

individual i would have had if their Xi value had been x, however, this type of expression can used

to define more complex counterfactuals that allow a formalization of causal mechanisms:

Definition 5 (Complex Counterfactual Variables) Complex counterfactual variables are coun-
terfactual variables that require the simultaneous consideration of different values for a single treat-
ment variable. For example, Yi(Xi = x, Zi = Zi(Xi = x′)) indicates the outcome that individual i
would have had if their Xi value had been x and if their Zi value had been what it would have been
if their Xi value had been x′. When Z is discrete, this quantity can be written as a combination of
potential variables as introduced in Definition 2:

Yi(Xi = x,Zi = Zi(Xi = x′)) =
∑

z

Yi(Xi = x,Zi = z)1{Zi(Xi=x′)=z}

where 1{·} is an indicator function.

The decomposition in Definition 5 is easier to contemplate when the variables X, Y , and Z are

binary. In this case,

Yi(Xi = 0, Zi = Zi(Xi = 1)) = Yi(Xi = 0, Zi = 0) · (1− Zi(Xi = 1))

+ Yi(Xi = 0, Zi = 1) · Zi(Xi = 1) (2)

Yi(Xi = 1, Zi = Zi(Xi = 0)) = Yi(Xi = 1, Zi = 0) · (1− Zi(Xi = 0))

+ Yi(Xi = 1, Zi = 1) · Zi(Xi = 0), (3)

where these quantities were all defined in Tables 1 and 2. Furthermore, using the redundant

potential outcomes notation in (1) and the complex counterfactuals in Definition 5, the traditional

individual total causal effects of Definition 3 can be decomposed into mechanism specific effects by

adding and subtracting complex counterfactuals:

Definition 6 (Individual Mechanism Specific Effects) The Individual Total Effect on Y of
changing X from x to x′ can be decomposed into mechanism specific effects in the following two
ways:

a)

Yi(Xi = x′)− Yi(Xi = x) = Yi(Xi = x′, Zi = Zi(Xi = x′))− Yi(Xi = x,Zi = Zi(Xi = x))

= Yi(Xi = x′, Zi = Zi(Xi = x′))− Yi(Xi = x,Zi = Zi(Xi = x′))

+ Yi(Xi = x,Zi = Zi(Xi = x′))− Yi(Xi = x,Zi = Zi(Xi = x))
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where the last line represents the portion of the total effect that goes indirectly through the
variable Z, the second to last line represents the portion of the total effect that goes directly
through all unspecified mechanisms.

b)

Yi(Xi = x′)− Yi(Xi = x) = Yi(Xi = x′, Zi = Zi(Xi = x′))− Yi(Xi = x,Zi = Zi(Xi = x))

= Yi(Xi = x′, Zi = Zi(Xi = x′))− Yi(Xi = x′, Zi = Zi(Xi = x))

+ Yi(Xi = x′, Zi = Zi(Xi = x))− Yi(Xi = x,Zi = Zi(Xi = x))

where the last line represents the portion of the total effect that goes directly through all
unspecified mechanisms, and the second to last line represents the portion of the total effect
that goes indirectly through the variable Z.

When X, Y , and Z are binary, the individual total effect Yi(Xi = 1)−Yi(Xi = 0) can be decomposed

in the following two ways:

Yi(Xi = 1)− Yi(Xi = 0) = Yi(Xi = 1, Zi(Xi = 1))− Yi(Xi = 1, Zi(Xi = 0)) (4)

+ {Yi(Xi = 1, Zi(Xi = 0))− Yi(Xi = 0, Zi(Xi = 0))} (5)

Yi(Xi = 1)− Yi(Xi = 0) = Yi(Xi = 1, Zi(Xi = 1))− Yi(Xi = 0, Zi(Xi = 1)) (6)

+ {Yi(Xi = 0, Zi(Xi = 1))− Yi(Xi = 0, Zi(Xi = 0))} . (7)

Here, (4) and (7)1 represent effects that are specific to the Z mechanism, while (5)2 and (6) represent

effects that are specific to the remaining mechanisms.

Again, these individual mechanism specific effects cannot be observed (due to the fact that we

can observe at most one of the values within each effect), however, when we have bounds on the

support of Z and Y , we may be able to learn something about these effects from observational

data. In Table 5, I present the possible values for the effects in Definition 6 when X, Y , and Z are

binary. Again these effects can only logically take on values in the set {-1,0,1}, however, we see in

the table that only for some combinations of the observed variables will the set of possibilities be

reduced. Furthermore, note that the observed value of Z is irrelevant for these sets. Therefore, by

itself, observing Z tell us nothing about the individual level mechanism specific effects.
1This is sometimes called a pure (Robins and Greenland, 1992) or natural (Pearl, 2001) indirect effect.
2This is sometimes called pure (Robins and Greenland, 1992) or natural (Pearl, 2001) direct effect and will be

equivalent to principal stratification direct effects (Frangakis and Rubin, 2002) when Zi(Xi = 1) = Zi(Xi = 0).
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Table 5: Possible values for the individual mechanism specific effects in Definition 5 when Xi, Zi,
and Yi are binary.

Xi Zi Yi Yi(Xi = 1, Zi(Xi = 1))− Yi(Xi = 1, Zi(Xi = 0)) Yi(Xi = 1, Zi(Xi = 0))− Yi(Xi = 0, Zi(Xi = 0))
0 0 0 {−1, 0, 1} {0, 1}
0 0 1 {−1, 0, 1} {−1, 0}
0 1 0 {−1, 0, 1} {0, 1}
0 1 1 {−1, 0, 1} {−1, 0}
1 0 0 {−1, 0} {−1, 0, 1}
1 0 1 {0, 1} {−1, 0, 1}
1 1 0 {−1, 0} {−1, 0, 1}
1 1 1 {0, 1} {−1, 0, 1}
Xi Zi Yi Yi(Xi = 1, Zi(Xi = 1))− Yi(Xi = 0, Zi(Xi = 1)) Yi(Xi = 0, Zi(Xi = 1))− Yi(Xi = 0, Zi(Xi = 0))
0 0 0 {−1, 0, 1} {0, 1}
0 0 1 {−1, 0, 1} {−1, 0}
0 1 0 {−1, 0, 1} {0, 1}
0 1 1 {−1, 0, 1} {−1, 0}
1 0 0 {−1, 0} {−1, 0, 1}
1 0 1 {0, 1} {−1, 0, 1}
1 1 0 {−1, 0} {−1, 0, 1}
1 1 1 {0, 1} {−1, 0, 1}

2.2 Learning About Individual Mechanism Specific Effects

As shown in Table 5, the observation of intermediate variables by itself, does not improve our

causal knowledge about individual level total or mechanism specific effects. However, this analysis

neglects the fact that intermediate variables can be chosen so as to justify monotonicity assumptions

and exclusion restrictions. In this section, I demonstrate the utility of such assumptions for learning

about mechanism specific effects. An analysis with binary X, Y , and Z will suffice to demonstrate

the most important points.

Suppose that Z is chosen so that the total effect of X on Z will never be negative:

Zi(Xi = 1)− Zi(Xi = 0) ≥ 0 for all i. (8)

If (8) holds, and we observe Xi = 1 and Zi = 0, then we know that Zi(Xi = 0) = Zi(Xi = 1) = 0.

If (8) holds, and we observe Xi = 0 and Zi = 1, then we know that Zi(Xi = 1) = Zi(Xi =

0) = 1. Furthermore, notice that due to these relationships and the decomposition of total effects

into mechanism specific effects, when the assumption (8) holds, the set of possible values for the
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Table 6: Possible values for the individual mechanism specific effects in Definition 6 when Xi, Zi,
and Yi are binary. Values in red are not possible when the monotonicity assumption in (8) holds.

Xi Zi Yi Yi(Xi = 1, Zi(Xi = 1))− Yi(Xi = 1, Zi(Xi = 0)) Yi(Xi = 1, Zi(Xi = 0))− Yi(Xi = 0, Zi(Xi = 0))
0 0 0 {−1, 0, 1} {0, 1}
0 0 1 {−1, 0, 1} {−1, 0}
0 1 0 {−1, 0, 1} {0, 1}
0 1 1 {−1, 0, 1} {−1, 0}
1 0 0 {−1, 0} {−1, 0, 1}
1 0 1 {0, 1} {−1, 0, 1}
1 1 0 {−1, 0} {−1, 0, 1}
1 1 1 {0, 1} {−1, 0, 1}
Xi Zi Yi Yi(Xi = 1, Zi(Xi = 1))− Yi(Xi = 0, Zi(Xi = 1)) Yi(Xi = 0, Zi(Xi = 1))− Yi(Xi = 0, Zi(Xi = 0))
0 0 0 {−1, 0, 1} {0, 1}
0 0 1 {−1, 0, 1} {−1, 0}
0 1 0 {−1, 0, 1} {0, 1}
0 1 1 {−1, 0, 1} {−1, 0}
1 0 0 {−1, 0} {−1, 0, 1}
1 0 1 {0, 1} {−1, 0, 1}
1 1 0 {−1, 0} {−1, 0, 1}
1 1 1 {0, 1} {−1, 0, 1}

mechanism specific effects will be reduced for some combinations of observed X, Y , and Z. In

Table 6, I have re-printed Table 5 with the values that are impossible under assumption (8) printed

in red.

Alternatively, suppose that Z is chosen so that the controlled direct effect of Z on Y is never

negative:

Yi(Xi = 0, Zi = 1)− Yi(Xi = 0, Zi = 0) ≥ 0 for all i. (9)

Yi(Xi = 1, Zi = 1)− Yi(Xi = 1, Zi = 0) ≥ 0 for all i (10)

When (9) holds, then due to the decomposition in (2), we know that Yi(Xi = 0, Zi = Zi(Xi = 1)) =

1 when we observe Xi = 0, Zi = 0, and Yi = 1, and we know that Yi(Xi = 0, Zi = Zi(Xi = 1)) = 0

when we observe Xi = 0, Zi = 1, and Yi = 0. Similarly, when (10) holds, then due to the

decomposition in (3), we know that Yi(Xi = 1, Zi = Zi(Xi = 0)) = 1 when we observe Xi = 1,

Zi = 0, and Yi = 1, and we know that Yi(Xi = 1, Zi = Zi(Xi = 0)) = 0 when we observe Xi = 1,

Zi = 1, and Yi = 0. Furthermore, notice that due to these relationships and the decomposition

of total effects into mechanism specific effects, when the assumptions (9) and (10) hold, the set of
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Table 7: Possible values for the individual mechanism specific effects in Definition 6 when Xi, Zi,
and Yi are binary. Values in red are not possible when the monotonicity assumptions in (9) and
(10) hold.

Xi Zi Yi Yi(Xi = 1, Zi(Xi = 1))− Yi(Xi = 1, Zi(Xi = 0)) Yi(Xi = 1, Zi(Xi = 0))− Yi(Xi = 0, Zi(Xi = 0))
0 0 0 {−1, 0, 1} {0, 1}
0 0 1 {−1, 0, 1} {−1, 0}
0 1 0 {−1, 0, 1} {0, 1}
0 1 1 {−1, 0, 1} {−1, 0}
1 0 0 {−1, 0} {−1, 0, 1}
1 0 1 {0, 1} {−1, 0, 1}
1 1 0 {−1, 0} {−1, 0, 1}
1 1 1 {0, 1} {−1, 0, 1}
Xi Zi Yi Yi(Xi = 1, Zi(Xi = 1))− Yi(Xi = 0, Zi(Xi = 1)) Yi(Xi = 0, Zi(Xi = 1))− Yi(Xi = 0, Zi(Xi = 0))
0 0 0 {−1, 0, 1} {0, 1}
0 0 1 {−1, 0, 1} {−1, 0}
0 1 0 {−1, 0, 1} {0, 1}
0 1 1 {−1, 0, 1} {−1, 0}
1 0 0 {−1, 0} {−1, 0, 1}
1 0 1 {0, 1} {−1, 0, 1}
1 1 0 {−1, 0} {−1, 0, 1}
1 1 1 {0, 1} {−1, 0, 1}

possible values for the mechanism specific effects will be reduced for some combinations of observed

X, Y , and Z. In Table 7, I have re-printed Table 5 with the values that are impossible under

assumptions (9) and (10) printed in red.

Finally, suppose that Z is chosen so that the effect of X on Y goes entirely through Z:

Yi(Xi = 0, Zi = 0) = Yi(Xi = 1, Zi = 0) for all i. (11)

Yi(Xi = 0, Zi = 1) = Yi(Xi = 1, Zi = 1) for all i (12)

when the assumptions (11) and (12) hold, the set of possible values for the mechanism specific effects

will be reduced because the “direct effects” will all be zero. Notice as well that when monotonicity

assumptions and exclusion restrictions are combined, individual level total effects will be identified

for some individuals.

Even with monotonicity assumptions and exclusion restrictions, the individual level mechanism

specific effects are only identified for some individuals, and only in the case when this effect is zero.

This difficulty is not special to the case of mechanism specific effects (for individual total effects
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Holland (1986) calls this the fundamental problem of causal inference). Due to this fundamental lack

of information, researchers often resign themselves to estimating summaries over these individual

effects. Typically, sample average effects or population average effects are chosen as the target of

inference, and ignorability assumptions are used to justify the point identification of these effects.

However, the assumptions required for the point identification of mechanism specific effects are

typically stronger than those that are needed for the point identification of average total effects. In

the next section I discuss the identification (point or interval) of average mechanism specific effects,

showing that ignorability assumptions are not sufficient for the point identification of these effects

and presenting a variety of assumptions that can be used to provide interval or point identification.

3 The Identification (Point or Interval) of Average Mechanism
Specific Effects

3.1 The Insufficiency of Ignorability for Point Identification of Average Mech-
anism Specific Effects

A number of authors have shown that the averages of individual total effects E[Y (X = x′) −

Y (X = x)] can be point identified by regression, matching, or weighting techniques when treatment

assignment is weakly mean “ignorable”:

E[Y (X = x)|W] = E[Y |X = x,W] for all x (13)

(all conditional expectations in this paper are assumed to be well defined). This assumption will

hold when X is “as if randomly assigned” within the strata defined by W. It seems natural to

assume that averages over individual mechanism specific effects might be point identified with

similar ignorability assumptions, but this is not the case.

Average mechanism specific effects can be defined as averages over a sample or population of

the individual mechanism specific effects of Definition 6:

Definition 7 (Average Mechanism Specific Effects) The average total effects on Y of chang-
ing X from x to x′ can be decomposed into average mechanism specific effects in the following two
ways (I use the expectation operator (E[·]) to simultaneously represent sample or population aver-
ages):
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a)

E[Y (X = x′)− Y (X = x)] = E[Y (X = x′, Z = Z(X = x′))− Y (X = x,Z = Z(X = x))]

= E[Y (X = x′, Z = Z(X = x′))− Y (X = x,Z = Z(X = x′))]

+ E[Y (X = x,Z = Z(X = x′))− Y (X = x,Z = Z(X = x))]

b)

E[Y (X = x′)− Y (X = x)] = E[Y (X = x′, Z = Z(X = x′))− Y (X = x,Z = Z(X = x))]

= E[Y (X = x′, Z = Z(X = x′))− Y (X = x′, Z = Z(X = x))]

+ E[Y (X = x′, Z = Z(X = x))− Y (X = x,Z = Z(X = x))]

In order to determine the conditions for identification, it will be helpful to re-write these effects in

terms of the decomposition in Definition 5 (See Appendix A for details).3

E[Y (X = x,Z = Z(X = x′))− Y (X = x, Z = Z(X = x))]

= E[E[Y (X = x,Z = Z(X = x′))− Y (X = x,Z = Z(X = x))|W]]

= E

[∑
z

{
E[Y (X = x,Z = z)|W]E[1{Z(X=x′)=z} − 1{Z(X=x)=z}|W]

+ Cov[Y (X = x,Z = z), 1{Z(X=x′)=z} − 1{Z(X=x)=z}|W]
}]

(14)

Therefore, in order to identify the effect in (14), we need the following to hold for all z, and W:

E[Y (X = x,Z = z)|W] = E[Y |X = x,Z = z,W] (15)

E[1{Z(X=x)=z}|W] = E[1{Z=z}|X = x,W] (16)

and we need the following to hold for all W:

∑
z

Cov[Y (X = x,Z = z), 1{Z(X=x′)=z} − 1{Z(X=x)=z}|W] = 0 (17)

The assumptions in (15) and (16) can be justified with traditional ignorability assumptions, and

hence (15) will hold if X and Z are “as if jointly randomly assigned” within W, and (16) will hold if

X is “as if randomly assigned” within W. Unfortunately, (17) depends on the covariance between
3I focus here on the identification criteria for E[Y (X = x, Z = Z(X = x′)) − Y (X = x, Z = Z(X = x))]. The

other mechanism specific effects can be treated analogously.
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two counterfactual quantities, and therefore, it cannot be identified by ignorability assumptions or

even traditional randomized designs over the variables X, Z, and Y .

Since mechanism specific effects cannot be identified with ignorability assumptions over these

variables, the analyst should consider the following two questions. First, is it necessary to point

identify the mechanism specific effects in order to answer the substantive question of interest.

Second, are there (non-ignorability) assumptions that can be utilized to achieve the required level

of identification. In the next two sections, I address these questions.

3.2 Interval Identification (Bounding) of Average Mechanism Specific Effects

Given the difficulties of point identifying mechanism specific effects, the analyst may consider

the alternative of interval identification. This approach has produced a number of interesting

results in the study of average treatment effects (Manski, 1990; Balke and Pearl, 1997; Chickering

and Pearl, 1997; Manski, 2003; Quinn, 2008). In this section, I investigate the use of this approach

for the interval identification of mechanism specific effects when X, Y , and Z are binary. (I also

suppress the conditioning set W in order to simplify notation.)

Using the tables in Sections 2.1 and 2.2, it is straightforward to bound average mechanism

specific effects. If a Sample Average Mechanism Specific Effect (SAMSE) is required, we need

only utilize the observed crosstabulation of X, Y and Z, averaging over the minimum values in

the sets for the lower bounds and over the maximum values in the sets for the upper bounds.4

Table 8 shows an example of this for the effect in (4). Note that it is easy to generate bounds

for subsamples as well, and in this table, bounds have been generated for those observations with

X = 1. I refer to this effect as the Sample Average Mechanism Specific Effect on the Treated

(SAMST). Monotonicity assumptions can be included by using Tables 6, 7 (or similar tables for

other assumptions).

We may also be able to reduce these bounds by implementing ignorability assumptions. With
4If a population average mechanism specific effect is required (and we assume that the sample was independently

and identically drawn), we need only take these same bounds, and then account for the sampling variability in the
observed crosstabulations.
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Table 8: Bounds for the Sample Average Mechanism Specific Effect (SAMSE) and Sample Average
Mechanism Specific Effect on the Treated (SAMST) associated with the individual mechanism
specific effect in (4) when X, Z, and Y are binary. The notation nxzy refers to the number of
observations that take on the specified values of the observed variables.

X Z Y Y (X = 1, Z(X = 1))− Y (X = 1, Z(X = 0)) Min Max
0 0 0 {−1, 0, 1} n000 · −1 n000 · 1
0 0 1 {−1, 0, 1} n001 · −1 n001 · 1
0 1 0 {−1, 0, 1} n010 · −1 n010 · 1
0 1 1 {−1, 0, 1} n011 · −1 n011 · 1
1 0 0 {−1, 0} n100 · −1 n100 · 0
1 0 1 {0, 1} n101 · 0 n101 · 1
1 1 0 {−1, 0} n110 · −1 n110 · 0
1 1 1 {0, 1} n111 · 0 n111 · 1

SAMSE −1 · n−n101−n111
n 1 · n−n100−n110

n
SAMST −1 · n100+n110

n100+n101+n110+n111
1 · n101+n111

n100+n101+n110+n111

binary X, Y , and Z, and within strata defined by W, the population version of the effect in Table

8 can be written as the following (see Appendix B for details):

E[Y (X = 1, Z(X = 1))− Y (X = 1, Z(X = 0))|W] =

E[Y (X = 1, Z = 1)|W] {E[Z(X = 1)|W]− E[Z(X = 0)|W]}

+ E[Y (X = 1, Z = 0)|W] {E[Z(X = 0)|W]− E[Z(X = 1)|W]}

+ Cov[Y (X = 1, Z = 1)− Y (X = 1, Z = 0), Z(X = 1)− Z(X = 0)|W].

If ignorability of type (15) holds, then E[Y (X = x,Z = z)|W] = E[Y |X = x,Z = z,W] and

we can estimate E[Y |X = 1, Z = 1,W] and E[Y |X = 1, Z = 0,W] with regression (possibly

nonparametric). If ignorability of type (16) holds, then E[Z(X = x)|W] = E[Z|X = x,W] and

we can again estimate E[Z|X = 0,W] and E[Z|X = 1,W] with regression. However, the quantity

Cov[Y (X = 1, Z = 1) − Y (X = 1, Z = 0), Z(X = 1) − Z(X = 0)] cannot be estimated, and must

be bounded or assumed to be negligible.

With binary X, Y , and Z, bounding of the covariance can be accomplished by noting that

the expected values of Y (X = 1, Z = 1) − Y (X = 1, Z = 0) and Z(X = 1) − Z(X = 0) may be

estimated due to the ignorability assumptions of (15) and (16), and the variances of both quantities

can be bounded because they only take the values −1, 0, and 1. Therefore Cov[Y (X = 1, Z =
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1)− Y (X = 1, Z = 0), Z(X = 1)− Z(X = 0)] can be bounded by the following:

LB = −1 ·max{
√

V [Y (X = 1, Z = 1)− Y (X = 1, Z = 0)]} ·max{
√

V [Z(X = 1)− Z(X = 0)]}

UB = 1 ·max{
√

V [Y (X = 1, Z = 1)− Y (X = 1, Z = 0)]} ·max{
√

V [Z(X = 1)− Z(X = 0)]}

In many applications, monotonicity or ignorability assumptions by themselves will not provide

bounds that are sufficiently informative, and the analyst may choose to utilize additional assump-

tions. In the next section, I discuss assumptions that will provide point identification of mechanism

specific effects.

3.3 Point Identifying Mechanism Specific Effects

Equation (14) implies that the mechanism specific effects may be identified if the ignorability

conditions (15) and (16) hold, and if the non-ignorability condition (17) holds. However, given

the lack of experimental justification for (17) and the associated lack of intuition, the analyst may

prefer alternative point identification criteria.

3.3.1 The Special Case of Linear Structural Equation Models

In Linear Structural Equation Models (SEMs), the definition and identification of mechanism

specific effects is straightforward. For example, with a binary treatment variable X, a continu-

ous intermediate variable Z, and a continuous outcome variables Y , we might use the following

structural equation model:

Z = γ0 + γ1X + UZ

Y = β0 + β1X + β2Z + UY
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where the errors {UZ , UY } are assumed to be random noise. In this model,

E[Z|X] = γ0 + γ1X

E[Y |X] = β0 + β1X + β2E[Z|X]

= β0 + β1X + β2(γ0 + γ1X)

= (β0 + β2γ0) + (β1 + β2γ1)X,

where γ1 is often interpreted as the effect of X on Z, β2 as the effect of Z on Y and β1 is often

interpreted as the direct effect of X on Y . For this model, the total effect of X on Y can be

reconstructed from these effects as β1 + β2γ1, where β2γ1 is often interpreted as an indirect (or

path specific) effect (Haavelmo, 1943; Simon, 1953; Goldberger, 1972; Duncan, 1985). Notice that

with the constant causal effects implicit in this model, we can write the total individual causal

effects in terms of potential variables as the following:

Yi(Xi = 1)− Yi(Xi = 0) = (β0 + β1 · 1 + β2Zi(Xi = 1) + UZi)− (β0 + β1 · 0 + β2Zi(Xi = 0) + UZi)

= β1 + β2(Zi(Xi = 1)− Zi(Xi = 0))

= β1 + β2 {γ0 + γ1 · 1 + UZi − (γ0 + γ1 · 0 + UZi)}

= β1 + β2 · γ1

and therefore, the classical notion of the total effect in the linear SEM corresponds to the coun-

terfactual definition from Section 2.1. Furthermore, we can decompose this effect into mechanism

specific effects as in Definition 6.

Yi(Xi = 1, Zi(Xi = 0))− Yi(Xi = 0, Zi(Xi = 0)) = (β0 + β1 · 1 + β2Zi(Xi = 0) + UZi)

− (β0 + β1 · 0 + β2Zi(Xi = 0) + UZi)

= β1

= Yi(Xi = 1, Zi(Xi = 1))− Yi(Xi = 0, Zi(Xi = 1))

= Yi(Xi = 1, z)− Yi(Xi = 0, z)
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Therefore, for this model, the “direct effect” β1 is equivalent to the “all other mechanisms” specific

effect for both Zi(Xi = 0) and Zi(Xi = 1), and is equivalent to the controlled direct effect for any

realized value of Zi = z. This explains why mechanism specific effects can be easily derived in the

linear SEM, and it also demonstrates that the homogenous causal effects assumption trivializes the

identification condition in (17). The “indirect effect” in this model can be similarly derived:

Yi(Xi = 1, Zi(Xi = 1))− Yi(Xi = 1, Zi(Xi = 0)) = (β0 + β1 · 1 + β2Zi(Xi = 1) + UZi)

− (β0 + β1 · 1 + β2Zi(Xi = 0) + UZi)

= β2(Zi(Xi = 1)− Zi(Xi = 0))

= β2(γ0 + γ1 · 1 + UZi)− β2(γ0 + γ1 · 0 + UZi)

= β2 · γ1

= Yi(Xi = 0, Zi(Xi = 1))− Yi(Xi = 0, Zi(Xi = 0)).

3.3.2 Combining Ignorability with the Assumption of no Interaction

While the assumptions of the linear SEM will often seem implausible, there is a weaker as-

sumption that in combination with the ignorability assumptions (13) and (15), will provide point

identification for mechanism specific effects (Robins, 2003). When it is plausible to assume no

interactive effect between X and Z on Y , then as with linear SEMs the processes of defining and

identifying mechanism specific effects becomes greatly simplified. Specifically, we assume that the

average controlled direct effect of X on Y does not depend on the controlling value of Z.

E[Y (X = x′, Z = z)− Y (X = x,Z = z)] = E[Y (X = x′, Z = z′)− Y (X = x,Z = z′)] (18)

We should notice two things about this assumption. First, under (18) the equivalence of the average

controlled direct effects implies that all average “all other mechanisms” direct effects will also be

equivalent to all controlled direct effects,

E[Y (X = x′, Z = z)− Y (X = x,Z = z)] = E[Y (X = x′, Z = Z(X = x))− Y (X = x,Z = Z(X = x))],
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and that the indirect effects can be calculated by taking the difference between the total effects

and the controlled direct effect for any value of z.

E[Y (X = x′)− Y (X = x)] = E[Y (X = x′, Z = z)− Y (X = x,Z = z)]

+ E[Y (X = x, Z = Z(X = x′))− Y (X = x,Z = Z(X = x))]

= E[Y (X = x′, Z = z)− Y (X = x,Z = z)]

+ E[Y (X = x′, Z = Z(X = x′))− Y (X = x′, Z = Z(X = x))]

Second, both the total effect E[Y (X = x′)− Y (X = x)] and the controlled direct effect E[Y (X =

x′, Z = z) − Y (X = x, Z = z)] can be identified with traditional ignorability assumptions. There-

fore, if (13) and (15) hold, then we can identify total effects, controlled direct effects, and mechanism

specific effects, we can estimate these effects non-parametrically, and we can potentially diagnose

violations of the “no interaction” assumption (18).

In the next section, I present a number of illustrative applications in order to motivate the

use of mechanism specific effects. Using examples from American and Comparative politics, I

demonstrate nonparametric and semiparametric estimation as well as bounding approaches for

mechanism specific effects.

4 Illustrative Applications

4.1 Sex Bias in Graduate Admissions at UC Berkeley

In a classic case of Simpson’s Paradox, admissions data from University of California at Berkeley

in 1973 showed clear prima facie evidence of sex bias in graduate admissions. For the six largest

majors,5 female applicants were accepted at a 14% lower rate than male applicants. However,

Bickel et al. (1975) showed that when this analysis was stratified at the department level and

pooled correctly, the advantage was reversed. If we are interested in the effects of gender (instead

of the effects of perceived gender), how can one interpret these results causally when the conditioning

variable (department of application) is potentially affected by the primary treatment variable (sex)?
5For this illustrative example, the data were taken from Freedman et al. (1991)
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The definitions and methods from this paper provide an approach to interpretation. If we treat

Sex as the primary treatment variable (X), department of application as the concomitant variable

Z (where for simplicity in presentation I have coded departments into hard (1) and easy (0)), and

admission as the outcome variable (Y ). Then we can calculate prima facie6 mechanism specific

estimates for the gender effect on admission that goes though department choice, and the gender

effect on admission that does not go though department choice (see Appendix C for details).

Figure 3 shows these average results (with 95% confidence intervals generated by 1000 bootstrap

replications). Notice that while the prima facie average total female effect on admission is negative,

the portion of this effect that goes through department choice is highly negative regardless of

whether gender is held as female or male. Therefore, because mechanism specific effects must add

up to the total effect, the average “direct” effect of being female has a positive effect on admission

chances regardless of whether department choice is held at “chosen as if male” or “chosen as if

female” (note however that the “direct” female effect when department choice is held at “chosen

as if female” cannot be distinguished from zero at the 95% confidence level).

4.2 The Effect of Ethnic Heterogeneity on the Probability of Civil War Onset

In an influential paper on the determinants of the onset of civil war, Fearon and Laitin (2003)

presents evidence that ethnic heterogeneity may not have the explanatory role that is typically

assumed by the academic, policy and media communities.

... after controlling for per capita income, more ethnically or religiously diverse countries have
been no more likely to experience significant civil violence in this period...The factors that explain
which countries have been at risk for civil war are not their ethnic or religious characteristics
but rather the conditions that favor insurgency. (Fearon and Laitin, 2003, p.75)

However, the causal interpretation of these results hinges critically on how we interpret “after

controlling for per capita income.” In typical usage, we control for a variable in order to remove

a spurious cause, but in this case, country level ethnic heterogeneity is measured prior to the first

measurement of per capita income for each country, and ethnic heterogeneity is constant for each
6I did not condition on any variables for this analysis and all estimates should be considered only prima facie

evidence.
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Figure 3: Prima facie estimates of population average mechanism specific effects of Sex on the
probability of Admission with 95% confidence intervals (1000 bootstrap replications). The effect
“ ‘Female through Department’ Effect with Sex held Female” is short for “the effect of changing
the department choice from as if male to as if female while holding sex as female”. The effect
“Female Effect with ‘Department held Male’ ” is short for “the effect of changing from male to
female with the department choice held as if male”. The other mechanism specific effects can be
stated analogously.
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country throughout the data set. Therefore, it seems more proper to think of per capita income as

“post treatment” to ethnic heterogeneity in the sense of King (1991). The methods introduced in

this paper allow the inclusion of “post treatment” variables in the model and provide an interpre-

tation in terms of mechanism specific effects. For this analysis, I treat ethnic fractionalization as

the primary treatment variable (X), I treat GDP per capita as the concomitant variable (Z), and

I treat civil war onset as the outcome variable (Y ).

Figure 4 presents the two estimated decompositions of the average total ethnic heterogeneity

effect into income mechanism specific effects and “remaining mechanisms” specific effects (the

minimum value of ethnic fractionalization was used as the baseline treatment value). In both

plots, the top of the curve represents the total average effect of changing ethnic heterogeneity

from its minimum value to the value on the x-axis. In Figure 4 (a), the red vertical distance

represents the income mechanism specific effect, where ethnicity is held at the value on the x-axis

(E[Y (X = x,Z(X = x)) − Y (X = x,Z(X = xmin))]). The blue vertical distance represents the

‘remaining mechanisms’ specific effect, where income is held at level predicted by minimum ethnic

heterogeneity for each observation (E[Y (X = x,Z(X = xmin)) − Y (X = xmin, Z(X = xmin))]).

In Figure 4 (b), the red vertical distance represents the income mechanism specific effect, where

ethnicity is held at the minimum value (E[Y (X = xmin, Z(X = x))−Y (X = xmin, Z(X = xmin))]).

The blue vertical distance represents the ‘remaining mechanisms’ specific effect, where income is

held at level predicted by the x-axis value of ethnic heterogeneity for each observation (E[Y (X =

x,Z(X = x)) − Y (X = xmin, Z(X = x))]). See appendix D for details. Note that for both plots,

the control variables from Fearon and Laitin (2003) Table 1 column 1 are used. However, because

there is no clear causal order over many of these variables, the “total” effects and the decomposition

in this plot are more properly interpreted as averages over controlled direct effects. Note as well

that this analysis utilizes a great deal of extrapolation (see King and Zeng (2006) for a discussion

on the dangers of extrapolation).
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Figure 4 shows that if ethnic heterogeneity is causally prior to GDP (and all the other assump-

tions specified in Section 3 hold), then we can interpret the results from the model in Fearon and

Laitin (2003) in terms of mechanism specific effects. To be precise, ethnic heterogeneity appears

to have an effect on the probability of civil war onset, but the majority of this effect goes through

the income mechanism.

4.3 The Effect of Oil on the Probability of Civil War Onset Due to the Weak-
ening of State Capacity

A number of recent influential papers have noted the connection between natural resources and

civil war. Fearon and Laitin (2003) and Collier and Hoeffler (2004) are two prominent examples,

and Ross (2004) provides a comprehensive summary of work in this area, concluding the following:

... a close look at both the quantitative and qualitative studies suggests four regularities... The
first pattern is that oil exports are linked to the onset of conflict... What causal mechanisms
produce these outcomes? Several studies have emphasized that we still know little about the
processes that tie natural resources to conflict. (Ross, 2004, p. 338)

In this illustrative application, I investigate the so-called weak states mechanism as outlined in

the quote from Fearon and Laitin (2003) on the first page of this manuscript. Using their data on

each country’s first year, I treat their binary measure of oil production as the primary treatment

variable (X), I utilize a binary measure of state weakness as the concomitant variable (Z), and their

indicator of civil war onset is used as the outcome variable (Y ). In this illustrative application,

I have employed a binary measure of state weakness utilized in the Humphreys (2005) analysis

of the weak states mechanism: whether a country was either unstable or “anocratic” as coded in

Fearon and Laitin (2003). Figure 5 shows the results from a bounding analysis on the Sample

Average Mechanism Specific Effects on the Treated (SAMST). For this sample, I have reported the

logical bounds on the average mechanism specific effects for the oil producing countries because

this corresponds closely to a policy question of interest: “What would have happened to the oil

producing countries if oil production had been conducted in such a way so as not to affect state

apparatuses?” Notice that the mechanism specific effect of oil production on the probability of civil
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Figure 4: The two estimated decompositions of the “average total ethnic heterogeneity effect on
the probability of civil war onset” into the income mechanism specific effects and the “remaining
mechanisms” specific effects, with the minimum value of ethnic fractionalization used as the baseline
treatment value. (a) The income mechanism specific effect is E[Y (X = x, Z(X = x)) − Y (X =
x,Z(X = xmin))]. The ‘remaining mechanisms’ specific effect is E[Y (X = x,Z(X = xmin)) −
Y (X = xmin, Z(X = xmin))]. (b) The income mechanism specific effect is E[Y (X = xmin, Z(X =
x)) − Y (X = xmin, Z(X = xmin))]. The ‘remaining mechanisms’ specific effect is E[Y (X =
x,Z(X = x)) − Y (X = xmin, Z(X = x))]. For both plots, the control variables from Fearon and
Laitin (2003) Table 1 column 1 are used. Also note that because there is no clear causal order over
many of these control variables, so the “total” effects and the decomposition in this plot are more
properly interpreted as averages over controlled direct effects.
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war that is due to state weakness addresses this issue (see SAMST in Table 8 for a description of

the bounds for this effect).

The top line in Figure 5 (a) shows the the logical bounds for this effect and we see that this

mechanism specific effect can be at most slightly positive. However, if we include the seemingly

reasonable monotonicity assumption that state weakness has a non-negative effect on the probability

of civil war onset when oil production status is held constant (Figure 5 (b)), then the bounds show the

mechanism specific effect to be non-positive. This result seems to run counter to the standard logic

that significant oil production tends to weaken state apparatuses, and that weak state apparatuses

increase the chances of civil war onset. However, of the 18 countries that were designated as

oil producers for their first year in the study,7 only two experienced civil wars, and these were

not designated as weak states under the discussed measure. Furthermore, we might expect the

indirect effect of oil through state capacity to be delayed. Figure 6, shows that we cannot rule out

this scenario because the bounds on the indirect effect include positive values once we change the

dependent variable to indicate whether a civil war happened in the first year or the second year.

This plot further shows the changes in the bounds as we change the dependent variable to indicate

whether a civil war happened in the first 2 - 15 years.

5 Conclusion

In this paper, I have shown that the use of counterfactuals in the formal definition of causal

mechanism specific effects provides a number of benefits. First, counterfactuals clarify the definition

of causal mechanisms and illuminate the policy implications of mechanism specific effects. Second,

counterfactuals facilitate the statement of conditions for point or interval identification of average

mechanism specific effects– even when causal effect heterogeneity is allowed. Third, the decompo-

sition of total effects into mechanism specific effects at the individual level allows us to specify and

answer questions that may not have been apparent to us without this technology. Finally, this paper
7All these countries were stable as oil producers in that they were designated as oil producers throughout at least

their first decade in the data set.
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Figure 5: Logical bounds for the sample average mechanism specific effects of oil production on the
probability of civil war onset for oil producing nations in the first year for each country in the data
set (see SAMST in Table 8 for details on panel (a)). (a) No auxiliary assumptions made (b) State
weakness is assumed to have a non-negative effect on the probability of civil war onset when oil
production status is held constant.
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Figure 6: Among first year oil producing nations, logical bounds for the sample average ‘weak states’
mechanism specific effect on the probability of civil war onset within up to the first fifteen years of
state inclusion in the data set. State weakness is assumed to have a non-negative effect on the
probability of civil war onset when oil production status is held constant.
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has shown that learning about causal mechanisms is more difficult than is typically understood.

Therefore, political scientists should perhaps re-evaluate their objectives when making inference

about causal mechanisms (i.e. is point identification plausible or even necessary). Furthermore,

in order to make reasonable inference about causal mechanisms, we may need to borrow strength

from a number of different types of causal assumptions (ignorability will often be insufficient). In

future work, I will utilize a Bayesian approach to combine different types of causal assumptions

and to weaken the assumptions made in this paper.

Appendix A: Derivation of the Identification Formula for Mecha-
nism Specific Effects

E[Y (X = x,Z = Z(X = x′))− Y (X = x,Z = Z(X = x))]

= E[E[Y (X = x,Z = Z(X = x′))− Y (X = x,Z = Z(X = x))|W]]

E[Y (X = x,Z = Z(X = x′))− Y (X = x,Z = Z(X = x))|W] =

= E[
∑

z

{
Y (X = x,Z = z)1{Z(X=x′)=z} − Y (X = x,Z = z)1{Z(X=x)=z}

}
|W]

=
∑

z

E[Y (X = x,Z = z)1{Z(X=x′)=z} − Y (X = x,Z = z)1{Z(X=x)=z}|W]

=
∑

z

{
E[Y (X = x,Z = z)1{Z(X=x′)=z}|W]− E[Y (X = x,Z = z)1{Z(X=x)=z}|W]

}
=

∑
z

{
E[Y (X = x,Z = z)|W]E[1{Z(X=x′)=z}|W] + Cov[Y (X = x,Z = z), 1{Z(X=x′)=z}|W]

− E[Y (X = x,Z = z)|W]E[1{Z(X=x)=z}|W]− Cov[Y (X = x,Z = z), 1{Z(X=x)=z}|W]
}

=
∑

z

{
E[Y (X = x,Z = z)|W]E[1{Z(X=x′)=z}|W]

− E[Y (X = x,Z = z)|W]E[1{Z(X=x)=z}|W]

+ Cov[Y (X = x,Z = z), 1{Z(X=x′)=z} − 1{Z(X=x)=z}|W]
}
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Appendix B: Derivation of the Identification Formula for Mecha-
nism Specific Effects

E[Y (1, Z(X = 1))− Y (1, Z(X = 0))|W] =

E[Y (X = 1, Z = 1)Z(X = 1) + Y (X = 1, Z = 0) · (1− Z(X = 1))|W]

− E[Y (X = 1, Z = 1)Z(X = 0) + Y (X = 1, Z = 0) · (1− Z(X = 0))|W]

= E[Y (X = 1, Z = 1)|W]E[Z(X = 1)|W] + Cov[Y (X = 1, Z = 1), Z(X = 1)|W]

+ E[Y (X = 1, Z = 0)|W]E[(1− Z(X = 1))|W] + Cov[Y (X = 1, Z = 0), 1− Z(X = 1)|W]

− E[Y (X = 1, Z = 1)|W]E[Z(X = 0)|W]− Cov[Y (X = 1, Z = 1), Z(X = 0)|W]

− E[Y (X = 1, Z = 0)|W]E[(1− Z(X = 0))|W]− Cov[Y (X = 1, Z = 0), (1− Z(X = 0))|W]

= E[Y (X = 1, Z = 1)|W] {E[Z(X = 1)|W]− E[Z(X = 0)|W]}

+ E[Y (X = 1, Z = 0)|W] {E[1− Z(X = 1)|W]− E[1− Z(X = 0)|W]}

+ Cov[Y (X = 1, Z = 1), Z(X = 1)|W]− Cov[Y (X = 1, Z = 0), Z(X = 1)|W]

− Cov[Y (X = 1, Z = 1), Z(X = 0)|W] + Cov[Y (X = 1, Z = 0), (Z(X = 0))|W]

= E[Y (X = 1, Z = 1)|W] {E[Z(X = 1)|W]− E[Z(X = 0)|W]}

+ E[Y (X = 1, Z = 0)|W] {E[Z(X = 0)|W]− E[Z(X = 1)|W]}

+ Cov[Y (X = 1, Z = 1)− Y (X = 1, Z = 0), Z(X = 1)− Z(X = 0)|W]

Appendix C: Formulas for the Prima Facie Estimates in Section 4.1

As shown in Definition 7, there are two ways to decompose the total effect, and given that X,

Y , and Z are all binary for this example, we can estimate the total effect and the decomposition in

mechanism specific effects with the following formulas. The notation pxzy refers to the fraction of

observations that take on the specified values of the observed variables, and the subscripts in this
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notation can be replaced by + signs to indicate sums over proportions (e.g. p1+1 = p101 + p111).

Ê[Y (X = 1)− Y (X = 0)]pf =
p1+1

p1++
− p0+1

p0++

Ê[Y (X = 1, Z(X = 1))− Y (X = 1, Z(X = 0))]pf =
p111

p11+
· ( p11+

p1++
− p01+

p0++
)

+
p101

p10+
· ( p01+

p0++
− p11+

p1++
)

Ê[Y (X = 0, Z(X = 1))− Y (X = 0, Z(X = 0))]pf =
p011

p01+
· ( p11+

p1++
− p01+

p0++
)

+
p001

p00+
· ( p01+

p0++
− p11+

p1++
)

Appendix D: Estimation Process for Section 4.2

The following process was used to generate the size of the total and mechanism specific effects

for each value x of ethnic heterogeneity in Figure 4. Note that while logistic regression was used

in this case, nonparametric regression could potentially be substituted.

Process to calculate the “total” ethnic heterogeneity effect:

1. Fit the logistic regression in Fearon and Laitin (2003) Table 1 column 1 but with income
(GDP per capita) removed from the model.

2. Using the results from the regression with income removed, predict the probability of civil
war onset for every observation in the data set with ethnic heterogeneity set at xmin (keep
the other control variables at their realized values for each observation).

3. Repeat the process in Step 2 with ethnic heterogeneity set to x and take the difference in
these predicted probabilities for each observation of moving from xmin to x.

4. Average over these observation specific differences to get the total ethnicity effect of moving
from xmin to x.

Process to calculate the “remaining mechanisms” ethnic heterogeneity effect in Figure 4 (a):

1. Fit the logistic regression in Fearon and Laitin (2003) Table 1 column 1.

2. Create a discrete version of GDP. (For this plot GDP was cut into ten bins based on its
deciles.)

3. Run a multinomial regression of discrete GDP on the remaining variables.

4. Using the results from the logistic regression, with ethnic heterogeneity set at xmin and GDP
set at the midpoint of the first discrete bin, calculate the predicted probability of onset for
each observation in the data set (keep the other control variables at their realized values for
each observation).
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5. Repeat Step 4 with ethnic heterogeneity set at x, and take the difference in predicted proba-
bilities for each observation.

6. Using the results from the multinomial regression, with ethnic heterogeneity set at xmin, cal-
culate the predicted probability of GDP falling in the first bin for each observation in the data
set (keep the other control variables at their realized values for each observation). For each
observation, multiply this predicted probability by the difference in predicted probabilities
from Step 5.

7. Repeat Steps 4, 5 and 6 for each discrete value of GDP. For each observation in the data set,
sum the results from Step 6 over the discrete values of GDP.

8. Average over the observation specific quantities in Step 7 to get the average “remaining
mechanisms” ethnicity effect of moving from xmin to x in Figure 4 (a).

Process to calculate the “remaining mechanisms” ethnic heterogeneity effect in Figure 4 (b):

1. Fit the logistic regression in Fearon and Laitin (2003) Table 1 column 1.

2. Create a discrete version of GDP. (For this plot GDP was cut into ten bins based on its
deciles.)

3. Run a multinomial regression of discrete GDP on the remaining variables.

4. Using the results from the logistic regression, with ethnic heterogeneity set at xmin and GDP
set at the midpoint of the first discrete bin, calculate the predicted probability of onset for
each observation in the data set (keep the other control variables at their realized values for
each observation).

5. Repeat Step 4 with ethnic heterogeneity set at x, and take the difference in predicted proba-
bilities for each observation.

6. Using the results from the multinomial regression, with ethnic heterogeneity set at x, calculate
the predicted probability of GDP falling in the first bin for each observation in the data set
(keep the other control variables at their realized values for each observation). For each
observation, multiply this predicted probability by the difference in predicted probabilities
from Step 5.

7. Repeat Steps 4, 5 and 6 for each discrete value of GDP. For each observation in the data set,
sum the results from Step 6 over the discrete values of GDP.

8. Average over the observation specific quantities in Step 7 to get the average “remaining
mechanisms” ethnicity effect of moving from xmin to x in Figure 4 (b).
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