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Abstract

Political scientists estimate average causal effects with regression or matching techniques,
but both techniques require the user to choose a set of matching or conditioning variables.
In this paper, we show that the standard advice from both frameworks on how to choose an
identifying set of variables is often insufficient and at times misleading. Furthermore, we argue
that structural causal models (SCMs) provide an attractive framework to reason about this
problem. SCMs provide simple rules for choosing an identifying set of variables given particular
causal assumptions. This framework is equivalent to the Neyman-Rubin framework and common
adjustment methods—such as those based on generalized linear models—can be analyzed within
the framework. Finally, we demonstrate that SCMs allow the specification of causal modeling
assumptions in a manner that is compatible with the mechanistic view of causation commonly
invoked by political scientists.
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1 Introduction

The choice of what variables to adjust for when attempting to make causal inferences from ob-
servational data is one of the most important decisions made by applied researchers. Unfortunately,
it has also received less scholarly attention than the question of how to perform an adjustment given
the appropriate set of covariates. Misunderstandings abound.

The classical econometric advice is that when a linear model is appropriate for causal inference
and one is unsure whether a measured pre-treatment! variable should be included or not it is best
to err on the side of including the potentially irrelevant covariate. Kmenta (1986) sums this up
nicely: 2

The conclusion, then, is that if the specification error consists of including some irrel-
evant explanatory variables in the regression equation, the least squares estimators of
the regression coefficients are unbiased but not efficient. The estimators of the vari-

ances are also unbiased, so that, in the absence of other complications, the usual tests
of significance and confidence intervals for the regression coefficients are valid. (p. 449)

This sort of argument leads many researchers to adjust for a very large number (often upwards
of 15-20) measured pre-treatment variables without thinking carefully about how these might or
might not be related to the outcome, treatment assignment, and each other causally.

Some researchers take a slightly different view. In assessing whether a particular set of pre-
treatment variables Z acts as a confounder (i.e., failing to adjust for Z would bias causal effect
estimates) they tend to focus on whether various associations in the observed pre-intervention
distribution are non-zero. More specifically, they judge the effect of X on Y to be confounded by

Z if
1. X is not statistically independent of Z; and

2. Y is not conditionally independent of Z given X

Less careful researchers will not make the restriction to pre-treatment variables even though this is known to be
problematic.

2For similar sentiments see also Fox (1997, p. 235 fn 50), Pindyck and Rubinfeld (1998, p. 187), and Greene
(2000, p. 338)



For examples see Schlesselman (1982); Rothman (1986); Rothman and Greenland (1998) along
with the discussion in Chapter 6 of Pearl (2000). Because the relevant associations are directly
observable from observational data such a criterion has great appeal. The criterion can easily
be checked, and if Z is judged to be a confounder, then it is adjusted for in some way, e.g., via
regression, stratification, matching, etc.

Much of the empirical work in leading political science journals tends to (at least implicitly)
take one of these two positions when defending the choice of adjustment variables.?> Unfortunately,
neither of these approaches is guaranteed to identify sets of adjustment variables that are sufficient
to control confounding— even when some subset of measured pre-treatment variables available to the
researcher is sufficient to control confounding. This is true regardless of the adjustment method.
The fundamental problem with both of these approaches is that they seek either implicitly or explic-
itly to use characteristics of the observed data distribution without additional causal assumptions
to determine the appropriate set of adjustment variables.

The Neyman-Rubin causal model (Neyman et al., 1935; Rubin, 1974, 1978) offers a major step
forward in that it focuses a researcher’s attention on whether conditional ignorability (a causal
assumption) holds for a given set of adjustment variables Z. The advantage here is that if condi-
tional ignorability does hold given Z then adjustment for Z is guaranteed to be sufficient to control
confounding. The major drawback is that, by itself, the Neyman-Rubin framework provides little
guidance as to what sets of background variables are likely to produce conditional ignorability.

The advice that is offered by proponents of the Neyman-Rubin model focuses on the model for
treatment assignment; i.e., the explanatory variable of interest (Rubin, 2004). This is in contrast

to the classic econometric treatment of regression analysis that focuses almost exclusively on the

3Clarke (2005, 2006) provide examples of political science articles that include a large number of adjustment
variables seemingly for fear of omitted variable bias. He then goes on to correctly note that, within the context of
generalized linear regressions, bias is not necessarily monotonically decreasing in the number of background variables
adjusted for. Much of the discussion in that article is focused on whether a covariate is “relevant” which we assume
means whether the covariate exerts a causal effect on the outcome variable. The results we describe in this paper are
more general in that they apply to all recursive causal models— not just causal generalized linear models. Further,
we will see that there are situations where adjusting for an “irrelevant” variable, i.e., a variable that exerts no causal
effect on either the outcome or treatment assignment, will bias estimates of causal effects.



model for the outcome variable. To quote two leading architects of the Neyman-Rubin perspective:

...we cannot be sure that treatment assignment is strongly ignorable given the observed
covariates because there may remain unmeasured covariates that affect both outcomes
and treatment assignment. (Rosenbaum and Rubin, 1984, p. 522)

However, as we demonstrate in this paper, advice of this type has lead to a number of widely held
beliefs that are not entirely accurate. For example, none of the following statements are strictly

true.

e Bias cannot increase as an additional pre-treatment variable is adjusted for.

e All pre-treatment variables that are associated with treatment assignment as well as with the
outcome given treatment assignment are confounders and need to be adjusted for.

e Balance on all measured pre-treatment variables is necessary for consistent estimation of
causal effects.

e Balance on all measured pre-treatment variables is sufficient for consistent estimation of causal
effects.

These inaccurate beliefs arise because the assumption typically used to identify average causal
effects—the so-called conditional ignorability of treatment assignment assumption—is an untestable*
global assumption that can, at times, be difficult to assess. The reliance on counterfactual quanti-
ties and the associated lack of testability is not specific to the Neyman-Rubin framework. However,
the reliance on a single global assumption is not a property of all causal models. By replacing
this single large assumption with a series of local assumptions the structural causal models (SCMs)
of Pearl (1995, 2000) offer researchers additional means of assessing the adequacy of various ad-
justment strategies, and clarify some aspects of procedures that have come out of the standard
Neyman-Rubin framework.

In this paper we advocate a hybrid approach that is consistent with the Neyman-Rubin frame-
work but that specifies underlying mechanisms in a non-parametric fashion. More specifically, we

show how SCMs add enough structure to the Neyman-Rubin model so that sufficient condition-

ing sets can be choosen. Unlike traditional linear structural equations models that make strong

4Conditional ignorability of treatment assignment refers to the assumption that the counterfactual values of the
outcome variable under treatment and control are independent of the actual treatment assignment given some set of
adjustment variables. Note that tests for balance are not tests for ignorability of treatment assignment. Ignorability
is defined in terms of counterfactual quantities and hence cannot, by its very nature, be subjected to statistical tests.



functional form assumptions, SCMs only make assumptions about which variables determine the
potential outcomes of other variables. Furthermore, the inclusion of mechanisms helps applied
researchers think about the assumptions that are necessary to make causal inference. Nearly all
theoretically-informed work in political science has some discussion of the causal mechanisms hy-
pothesized to have generated the data available to researchers. Notable examples include, among
others, the “funnel of causality” of the Michigan model of voting (Campbell et al., 1960), Fearon’s
(1995) work on rationalist explanations of war, and Cox (1997) on the mechanisms that produce the
effective number of parties. Indeed, some have argued for an explicit focus on causal mechanisms
as opposed to universal laws and grand theories (Elster, 1989a,b, 1998; Collier and Brady, 2004).
This article proceeds as follows. In Section 2, we pose two stylized questions that are designed
to highlight the complexity of the covariate selection problem. In Section 3 we briefly review the key
components of the Neyman-Rubin causal model. In Section 4 we describe the SCM, paying special
attention to points of commonality and complementarity between the Neyman-Rubin model and
the Pearl model. In Section 5 we introduce directed acyclic graphs as a representation of structural
causal models, discuss their probabilistic implications, and present a simple graphical criterion for
choosing an identifying set of adjustment variabels. In Section 6 we revisit the covariate selection
problem the two examples from Section 2 and a more complicated parametric example. These
examples are designed to make clear some of the problems with standard approaches to choosing
adjustment variables and how graphical methods can provide additional leverage on this difficult

problem. The final section concludes.

2 Stylized Questions for Researchers

The following two subsections present stylized questions that are similar to those faced by
empirically oriented political scientists. Note that while these examples do not represent well-
designed studies, they are not so different than those that are routinely conducted within the social

sciences. In Section 6 we use the machinery developed in this paper to answer these questions,



and some readers may find it useful to skip to the solutions before reading the technical details in

Sections 3, 4, and 5.

2.1 The Effect of British Colonial History on Authoritarianism

Suppose researchers are interested in the average causal effect of British colonial history on
current authoritarianism as coded by Polity score. Furthermore, they are willing to assume that a
linear additive regression that includes a dummy variable for British colonial history (BCH) and a
recent ethnolinguistic fractionalization (ELF) index will be sufficient to approximately satisfy all
of the classical econometric linear model requirements (Wooldridge, 2000; Greene, 2000). They
consider fitting two regressions, one with both variables and one with only BCH, and are faced
with two questions:

1. Given the current set of assumptions, do they have enough information to state that one/both
of the least squares estimators is unbiased for the average causal effect of BCH on Polity score?

2. If not, do they have enough information to say which estimator will have less bias, or what
additional assumptions would be necessary to remove the bias for each of the estimators?

We provide answers to these questions in Section 6.1.

2.2 The Effect of an Intervention on Inter-Ethnic Cooperation

Suppose researchers are interested in determining the effect of a novel two-week within-school
program on inter-ethnic cooperative behavior. It is assumed that there are two mutually exclusive
and exhaustive ethnic groups. The researchers adopt the following research design. The population
of interest consists of all entering students in two large high schools. In what follows, the implicit
treatment variable X is the exposure to the novel program (measured as unexposed = 0, exposed
=1).

The program is implemented in only one of the two schools just prior to the beginning of
the school year to all first year entering students. The school that implements the program has
a longstanding reputation as the more ethnically inclusive of the two schools under study. The

schools are alike in all other relevant respects. At the beginning of the school year, each entering



student in both schools is taken to a mobile experimental laboratory where s/he is told that s/he
will play the role of the first-mover in a one-shot divide-the-dollar game. Via a computer terminal,
the student makes a single take-it-or-leave-it offer y € {$0.01,$10,$19.99} to the second (unseen)
player. Before playing the game, the first-mover is told that if the second player accepts the offer
the first-mover will receive $20 — y and if the second player rejects the offer the first-mover will
receive $0. Unknown to the first-mover, the second “player” is a computer program that randomly
chooses to either reject or accept the offer. Nonetheless, the first-mover is told that the second
player is a member of the ethnic group different from the first-mover’s group. The goal of the study
is to ascertain the effects of exposure to the novel program (X) on altruistic inter-ethnic behavior
(Y).

Because the program was implemented in the school known to be more ethnically inclusive,
there is concern among the researchers that the ethnocentrism of a student’s parents might exert
an effect on the school the child attends (and hence exposure to the program) as well as the
child’s ethnocentrism and ultimately the child’s behavior in the experimental game. However, the
researchers are willing to assume that the background factors that influence the outcome variable
(e.g. ability to recognize the strategic implications in a divide the dollar game) are independent of
school choice and student ethnocentrism (and their respective background factors).

In the hope of developing a proxy for the parents’ ethnocentrism, the researchers administer
a short survey to each student before they are exposed (or could have been exposed) to the new
program. Each student’s survey responses are used to construct a measure of his/her latent eth-
nocentrism. This variable is labeled Z (measured as low ethnocentrism = 0, high ethnocentrism =
1). After the study has been completed, the researchers find (as they had expected) that there is
a significant association between Z and X and a significant association between Z and Y within
levels of X. Table 1 represents the joint probability function of X,Y, and Z.

The researchers consider two matching estimators (one that matches on nothing, and one that

matches on the constructed measure of ethnocentrism) and are faced with two questions:



Z =0 (low ethnocentrism)
X =0 (not exposed) X =1 (exposed)

Y =$0.01 0.1728 0.2219
Y = $10.00 0.1224 0.1868
Y =$19.99 0.0144 0.0220
Z =1 (high ethnocentrism)
X =0 (not exposed) X =1 (exposed)
Y =$0.01 0.0772 0.0281
Y = $10.00 0.1012 0.0368
Y = $19.99 0.0120 0.0044

Table 1: Joint Probability Function For Variables in Ethnic Cooperation Exzample.

1. Given the current set of assumptions, do the researchers have enough information to state
that one/both of the matching estimators will identify the average causal effect of the program

on inter-ethnic cooperation?

2. If not, do they have enough information to say which estimator will have less bias, or what

additional assumptions would be necessary to remove the bias for each of the estimators?

We provide answers to these questions in Section 6.2.

3 The Neyman-Rubin Model

In the Neyman-Rubin model, causal effects are defined in terms of potential outcomes: Y (x,u)
(i.e. the potential outcome in unit w if X would have been set equal to x) (see Rubin (1978),
Rosenbaum and Rubin (1983), Holland (1986) ). Here u is thought of as a unit-specific index, and
therefore captures any individual-specific effects. It is tempting to think of units as individuals,
schools, etc., but in actuality it is more accurate to think of the units as individuals, schools, etc.
under a particular set of exogenous background conditions. Thus an an individual at 9:00AM and
the same individual at 10:00AM may very well be considered different units. If the value of X
received by one unit does not affect the outcomes for other units, then given x and u, Y (z,u)

is completely determined. This assumption of non-interference is sometimes called SUTVA (see



Angrist et al. (1996)), and we will utilize this assumption throughout this paper.

3.1 Unit-Specific Causal Effects

In the Neyman-Rubin model, the potential outcomes are used to define unit-specific causal
effects. For simplicity in presentation, we assume that X can only take on the values zero and
one.® Therefore, the unit-specific causal effect of X = 1 on Y relative to the effect of X = 0 in unit

u is calculated by comparing Y (1,u) to Y (0,u). A common means of comparison is the difference::
Y(1,u) — Y(0,u).

The key idea is that if it were possible to observe Y (1,u) and Y (0,u) for the two levels of the
treatment variable (e.g. active treatment and control), then we could observe the unit specific
causal effect.

If we assume consistency (Robins, 1986) of the observed outcomes, then we may observe one of
these two outcomes for each individual. This assumption requires that the observed outcome for
each unit Y (u) matches the potential outcome for unit u for the observed value of X. Formally,

this can be written as the following:
Xu)=2z = Y(u) =Y(z,u).
and if this holds, then our binary treatment example, the observed Y can be written as the following:
YU (u) = X(u) - Y(1,u) + (1 — X(u)) - Y(0,u)
Unfortunately, consistency does not allow the unit-specific causal effect to be directly observed

since u only gets one of either X = 0 or X = 1 but never both. Holland (1986) calls this the

fundamental problem of causal inference.

3.2 Population Causal Effects

Given the impossibility of observing individual causal effects, inference is usually confined to

the characteristics of populations (sometimes the observed sample of individuals is taken as the

5The extension to polytomous or continuous treatment variables will not complicate the discussion of identification
in this paper, but will complicate the choice of adjustment strategy.



entire population). For simplicity, we assume throughout this paper that the parameter of interest

is the average causal effect from X = 0 to X = 1. This is defined as
ACFE =E[Y (1) = Y(0)],

where the expectation merely represents an average over the units (or the distribution of pertinent
background factors) in the population of interest. This parameter has a number of useful properties
including the usual decomposition of the expectation of sums which allows us to separately consider

the average potential outcomes under treatment and control.
ACE =E[Y(1)] — E[Y(0)]

Unfortunately, these averages are not observed in general. Instead we observe averages of potential
outcomes over the subpopulations that actually received treatment and control. Hence we can
identify the potentially similar parameter that Holland (1986) calls the prima facie average causal

effect (the second line is due to consistency):
ACEP! =E[Y(1)|X =1] —E[Y(0)|X = 0]
=E[Y|X =1] - E[Y|X =0]
3.3 Ignorability and the Identification of Population Causal Effects
The Neyman-Rubin model makes clear that the following will not hold in general,

E[Y(0)] = E[Y(0)X =0 (1

EY()] = E[}V1)[X =1], (2)
because averages over subpopulations need not match averages over the population. However, it

is sufficient to assume the equalities in (1) and (2) in order to identify the ACE. This assumption,

sometimes known as mean ignorability®, is usually hard to justify because the subpopulation that

5 Although we focus on identification in this paper, there are other inferential goals, and hence it is often necessary
to make stronger ignorability assumptions. Rosenbaum and Rubin (1983) describes sufficient ignorability assumptions
for a variety of inferential tasks.
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receives treatment is often quite different from the subpopulation that receives control. Random
treatment assignment for a large population is an example where the subpopulations will be similar.
It is often possible to “weaken” ignorability assumptions by conditioning on a set of background

variables which we will denote as Z. Hence, even if (1) and (2) do not hold, we may believe that,

E[Y(0)|Z] = E[Y(0)|X =0,Z] 3)

EY()Z] = EN¥(1)X =1,7], (4)

hold for some set (or sets) of Z. The equalities in (1) and (2) allow the identification of average
causal effects within the strata defined by Z, and these can then be combined through a weighted
average to identify the overall ACE. When Z lives in a high dimensional space, this averaging can
present considerable practical difficulty, so in order to confine the discussion to the issues considered
in this paper, we assume throughout that Z is discrete and has low dimension or that the joint

distribution of all variables has a simple parametric form.

4 The Structural Causal Model

The structural causal model (Pearl, 1995, 2000) and its close relatives (Spirtes et al., 1993;
Robins, 1986) provide additional structure to the Neyman-Rubin model. In what follows, we adapt
Pearl’s presentation to the case considered in this paper (a single intervention variable, a single

outcome variable, and no interference).

4.1 A Unit-Level Causal Model

Adapting the definition from Pearl (2000), we define a unit-specific causal model for a single
outcome and intervention variable to be the triple:
Definition 1 (Unit-Level Causal Model)
M =(U,V ={Y, X,Z},h)
where:

1. U is a set of exogenous background variables.

11



2. V={Y,X,Z} is a set of endogenous variables. Y is the outcome variable, X is the inter-
vention variable, and Z is a set of potential control variables (some possibly unobserved),

3. h is a set of functions that defines the endogenous variables (one for each endogenous vari-
able).

Furthermore, we will utilize the following conventions/assumptions/clarifications (some portions
of these statements are redundant, but we include them all in order to provide intuition):

1. The set of exogenous variables is rich enough to define a unit. Therefore, we can think of the
unit index u from Section 3 as a function of the realized vector of exogenous variables U = u.

2. We assume a causal order to all endogenous variables such that an endogenous variable may
not be an input to the functions of any of the endogenous inputs to its function. This type
of causal model is sometimes known as recursive.

3. We assume that given the values of the exogenous variables (U = u), the endogenous variables
are uniquely determined by the functions h.

Given the definition and assumptions, consider the following simple example:

7 hz(ul)
X — hx(z,u2)

Y — hy(x, z,us)

Z is a deterministic function of uq, X is deterministic function of z and us, and Y is a deterministic
function of x, z, and u3. The assignment notation (<) above is to make clear that the assignment
in these functions is asymmetric, and we label the entire model M.

The model M is non-parametric in that no assumptions are made about hz, hx, hy, Ui, Us and
Us. Given the causal order assumption, the endogenous variables can be written as a function of
the exogenous variables. For example, in our simple model, y can be written as a function of all

other variables and functions:

Y «— hy(hx(hz(ui),u2), hz(uy), us).

Therefore, Y (u) denotes the unique value of Y generated by model M given U = u, and is analogous

to Y (u) from the Neyman-Rubin model.

12



Now consider intervening in the system to set variable X equal to a particular value x without
directly disturbing any of the other variables in the system. This involves creating a submodel in
which the function for X is removed and X becomes an exogenous variable.

Definition 2 (Unit-Level Submodel) Let M be a unit-level causal model, X be the intervention

variable in the set of endogenous variables V and x be a particular realization of X. A unit-level
submodel M, of M 1is the unit-level causal model

MI - <U7V7h$>
where
h, =h/hx

For example, consider the simple example again with X set to zero.

7 — hz(ul)
X0

Y «— hy(0,z,us3)

We call this system of equations submodel M,.

Within a submodel, we can define potential outcomes that are analogous to the potential out-
comes from the Neyman-Rubin model by solving for the functional output of Y under the submodel.
Definition 3 (Potential Outcome) Let M denote a unit-level causal model, and set the inter-
vention variable X equal to value x, then the potential outcome Y (x,u) denotes the unique solution
for'Y as determined by x, the exogenous variables in the model and the functions h,.

If u were observed, the model M and submodel M, would define unit-specific causal effects
analogous to unit-specific causal effects in the Neyman-Rubin model. Consider the following simple
non-parametric example:

Suppose that a “get out the vote” (GOTV) study randomly assigns a small and geographically
separated group of registered voters” to either treatment (phone call) or control (no phone call),

and after the election voters are observed to have voted or not voted. Unbeknownst to the study

"The registered voters are selected for the study so that the assumption of no interference is plausible.
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designers, some of the registered voters will be so put off by a phone call that they will not vote
(even if they would have voted without the phone call). If we let X = {0 (no call),1 (call)} be
treatment assignment, ¥ = {0 (no vote), 1 (vote)} be voting status, U; be the exogenous treat-
ment randomization mechanism, and Us; be the exogenous variable that describes each registered
voter’s potential response to treatment, then this scenario can be conceptualized within the SCM

framework with the following set of functional assignments:

x — hx(uy)

Y — hy(:lj',’U,Q)

In the parlance of the Neyman-Rubin model, hx represents the treatment assignment mechanism.
Furthermore, with binary treatment and binary outcome, the domain of U, (and hence registered
voters) can be partitioned into four potential outcome equivalence classes: those who would vote
regardless of whether they received treatment or control (Always Vote: Y (0,u) = 1,Y(1,u) = 1),
those who would not vote regardless of whether they received treatment or control (Never Vote:
Y(0,u) =0,Y(1,u) = 0), those who are treatable and would vote with a phone call and would not
vote without (Encouraged by Call): Y (0,u) = 0,Y(1,u) = 1), and those with the potential to be
put off by the phone call so that they would not vote with the call, and would vote without the
call (Discouraged by Call): Y (0,u) = 1,Y(1,u) = 0). Therefore, given the values of the exogenous
variables, the observed variables and potential outcomes are determined. Furthermore, unit specific
causal effects are defined by the potential outcome equivalence classes. The unit-specific effect is
zero for the “Always Vote” and “Never Vote” units, one for the “Encouraged” units, and negative
one for the “Discouraged units”. This example demonstrates the fully nonparametric nature of the
model (no additivity, monotonicity, or functional form assumptions).

In this example as in most cases, u is not observed, and hence we do not observe the unit-
specific causal effects. The solution, as in the Neyman-Rubin framework, is to shift inferential

focus to population causal effects.
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4.2 A Population Causal Model

We can create a population causal model from the deterministic causal model of the previous

subsection by assuming a distribution over U.

Definition 4 (A Population Level Causal Model) A population-level model is a pair

(M, Fy(u))

where M is the unit-level causal model and Fy(u) is a cumulative distribution function defined over
the domain of U.

Again, we note the following conventions/assumptions/clarifications:

1. We configure the exogenous variables to be independent of each other, so the distribution
Fy(u) factors accordingly. This can be accomplished by combining dependent exogenous
variables into a single exogenous variable.

2. Some authors include as endogenous all variables that are inputs to more than one function
(i.e. common cause variables). We do not use this convention.

3. The distribution over the endogenous variables is uniquely determined by Fy(u) and h.

The model M along with an assumption as to the distribution of U generates the “pre-
intervention” distribution Fyy v (U, V), and given the assumption of a recursive causal model, this
joint distribution is uniquely defined. One can estimate the marginal distribution of the observed
variables in 'V directly from observational data without making untestable assumptions. For exam-
ple, the “pre-intervention” outcome distribution can be derived by integrating over Fy v (U, V)
and is written in the standard notation Fy (y).

Continuing the GOTV example from the previous section, the finite number of treatment as-
signments and potential outcome equivalence classes allows the interpretation of Fyy(u) in terms
of the population proportions of individuals. Hence, Fyy(u) describes the proportions of (Always
Vote, Never Vote, Encouraged by Call, Discouraged by Call) individuals in the population, and the

proportions of (Treatment, Control) individuals in the population. Furthermore, these distributions

15



in combination with the causal model define the proportions of (Vote, No Vote) individuals in the
population.®

Because Fy(u) remains unchanged for the submodel M, we can ask what the probability dis-
tribution of Y (x,u) is for a u randomly drawn from the population distribution of U. In other
words, what is the distribution of Y in the population after the intervention on X. This quantity
is denoted Fy(,)(y) and is called the post-intervention distribution of Y. Post-intervention distri-
butions are not directly estimable from observational data without untestable causal assumptions.

With probability distributions defined over post-intervention distributions, the expectations and

average causal effects are written as

E[Y (z)] = / ydFy .

and obviously

ACE = E[Y (1)] — E[Y(0)]

As in the Neyman-Rubin model, we would like to establish situations in which the observable
pre-intervention distribution identifies averages over the unobserved post-intervention distribution.

This task is simplified by representing SCMs as directed acyclic graphs.

5 A Graphical Criterion for Causal Identification

5.1 Directed Acycyclic Graphs (DAGs)

We begin with some basic terminology. A directed graph is defined as the following:

Definition 5 (Directed Graph) A directed graph G is a pair (V,E) where V is a finite set of
vertices (a.k.a. nodes) and & is the set of directed edges (a.k.a. directed arcs or directed links).

8Note that given our conventions, any dependencies between the exogenous u variables need to be modeled
explicitly through the redefinition of the U variables. In this example, if we didn’t have random treatment assignment,
then we might believe that experienced GOTV workers could target their efforts at those “Encouraged” registered
voters. Therefore, dependence between Uy and U could be accommodated by combining them into a single exogenous
variable:

U = {U1,U2}
x «— hx(u)

y — hy(z, ).
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FEach directed edge in £ is an ordered pair of distinct vertices from Vx V. A directed edge (V;,V;) € €
is also denoted V; — Vj.

In this paper, we think of each V' € V as being a (possibly non-scalar) random variable and each
directed edge (V;,V}) € £ as a causal relationship between V; and V; (to be made explicit later).

Within this framework, a number of additional definitions will be useful.

Definition 6 (Path) A path from V; to V; in a graph G = (V,E) is a sequence of distinct nodes
Vi=Xo,...,Xn =Vj such that (Xy_1,Xx) € € or (Xg, Xp—1) € € foreach k=1,...,n.

Note that a path cannot visit the same node twice, and the direction of the edges does not

matter. For instance, a path from Vj to V3 exists in each of the following four graphs.

Vi— Vo — Vs (5)
Vie Vo — V3 (6)
Vi— Vo V3 (7)
Vi Vo « V3 (8)

While all of these relationships represent paths from Vj to V3, it is useful to make some distinctions
between these types of paths and vertices.

Definition 7 (Directed Path) A directed path from V; to Vj in a graph G = (V,€) is a sequence
of distinct nodes V; = Xo,..., X,, = Vj such that (Xj_1,Xy) € € and (Xp—1,Xi) € € for each
kE=1,...,n. We write V; ~ V; to denote a directed path from V; to V;.

Informally, a directed path from Vi to Vi requires that all edges point toward Vi along the
path. For instance, (5) depicts a directed path from V; to V3. We can distinguish further between
the two-edge paths depicted in (5),(6),(7), and (8). In particular, we will call (5) and (8) chain
structures, we will call (6) a fork structure, and we will call (7) a collider structure. Notice that this
terminology will extend to situations where these structures appear as subpaths in longer paths.
We will also find it useful to define some familial relations within directed graphs. The notions of

children, and descendents can be defined as the following:

Definition 8 (Children) In a directed graph G = (V,E) the set of children of a node V €V is
defined to be:

ch(V)=1{ZeV:(V,Z) €&
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Definition 9 (Descendents) In a directed graph G = (V,E) the set of descendents of a node
V €V is defined to be:

de(V)={Z€V:V ~ Z}

Put more informally, the children of V' are all nodes to which there is a directed edge from
V', and the set of descendents of V' consists of the vertices to which there exists a directed path
from V. Analogous definitions can be constructed for parents and ancestors. Using these familial
notions, we can now define the class of graphs that we will utilize throughout the rest of this paper.
A directed graph that does not have cycles (i.e., no vertex in the graph is a descendent of itself) is

said to be a directed acyclic graph (DAG).

5.2 Representing SCMs as Directed Acycylic Graphs (DAGs)

DAGs are useful in causal modeling, because they form a compact representation of the as-
sumptions implicit in recursive SCMs. Furthermore, a causal markov condition connects SCMs to
graphical rules for deriving conditional independence relations between the pre-intervention and
post-intervention random variables. Therefore, graphs provide a shorthand for deriving conditional
ignorability conditions.

We use the edges in a DAG to represent the inputs to the functions of a corresponding SCM.
The rules for forming a DAG Gjs from a SCM M are the following:

1. Represent each unobserved variable with an open vertex.

2. Represent each observed variable with a closed vertex.

3. For each assignment operation in M draw an edge from each variable on the right-hand-side
of the « operator to the variable on the left-hand-side using a solid line when both vertices
are observed and a dashed line when one vertex is unobserved.

In the interest of graphical simplicity, many authors will delete nodes and edges that do not

affect the results of graphical tests of interest. For example, exogenous variables that point into

a single endogenous variable can often be removed.” However, the removal of exogenous variables

9In some treatments of this material, exogenous variables always point into a single endogenous variable and
dependencies among the variables are represented by dashed arcs (Pearl, 2000, Ch. 3).
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(a) (b)

Figure 1: Graphical Model Consistent with Structural Equations 9 - 12. Panel (a) shows all ex-
ogenous variables and their associated edges. Panel (b) removes superfluous exogenous variables
and their edges. Note that observability is neither necessary nor sufficient for a variable to be
exogenous. Here Uy, ...,Us are the exogenous variables. Us is observed but the other U variables
are not. Further, one of the endogenous variables (Z3) is unobserved while the other endogenous
variables are observed.

from the graph may obscure the fact that the SCM defines individual causal effects. To avoid
such confusion, in our presentation all endogenous variables have at least one exogenous variable
pointing into them (with the exception of the illustrative example in Figure 1(b)).

A simple example will make this process more clear. Consider again the following structural

model M:
21« hz, (u1,u2) 9)
x — hx(z1,u3) (10)
29 = hz,(z,u1,uq) (11)
y — hy(z, 21, 22, us) (12)

In Figure 1 (a), Gy is constructed using rules 1-3. A pruned version of Gy is drawn in Figure 1
(b) in which vertices and edges that are unnecessary for identifying the effect of X on Y have been

dropped. The exact interpretation of the graphs in Figure 1 will wait until we discuss d-separation

19



in the next section.

5.3 d-Separation and Conditional Independence

Given an SCM model M and an associated causal DAG, we can read conditional independence

relations from such a model with the concept of d-separation (Geiger et al., 1990).

Definition 10 (d-Separation) Let G = (V,&) be a DAG and X,Y, and Z be disjoint subsets of
V. X is said to be d-separated from Y by Z in G if and only if Z blocks every path from a vertex
in X to a vertex inY.

A path p is said to be blocked by a set of vertices Z if and only if at least one of the following
conditions hold:

1. p contains a chain structure a — b — ¢ or a fork structure a <— b — ¢ where the node b is in
Z

2. p contains a collider structure a — b < ¢ where b is not in Z and no descendent of b is in Z

If X is not d-separated from Y by Z we say that X is d-connected to Y by Z.

The d-separation criterion is incredibly powerful in the SCM framework, because of the following

theorem (Geiger et al., 1990).

Theorem 1 (Probabilistic Implications of d-Separation) LetG = (V,&) be a DAG and XY,
and Z be disjoint subsets of V.

If Z d-separates X from 'Y in G, then X is conditionally independent of Y given Z in every
distribution compatible with G.

For an SCM M, the joint distribution of the exogenous and endogenous variables is compatible
with a graph Gjs that is drawn using the rules from the previous subsection. Therefore, we can
read conditional independence!® relations (and hence ignorability conditions) from the graph, and

these form the basis of the causal identification criterion of the next subsection.

5.4 The Back-Door Criterion for Adjustment Sets

As noted in the previous subsection, there is a simple graphical criterion (Pearl, 2000) that can
be checked to see if a given set Z is sufficient to control confounding bias. This criterion can be

stated as follows.

10Careful readers will note that the implication in Theorem 1 does not go both ways. In particular, there may be
conditional independence relations in a joint distribution that are not represented by d-separation in the associated
graph. However, these situations usually depend on the rare circumstances of zero effects, exact cancellation of effects,
or endogenous variables that are a deterministic function of only endogenous variables. Therefore, this important
caveat will not affect the results of this paper.
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Definition 11 (Back-Door Criterion) Given a causal model M and associated causal graph
G, A set of covariates Z satisfies the back-door criterion for a causal variable X and outcome Y

if:
1. Z does not block any directed paths from X to (or through)Y
2. Z blocks all paths from X to'Y that are not directed paths

where “blocking” is defined as in Definition 10 (d-Separation).

If Z satisfies the back-door criterion then an ignorability condition (Y (z)1.X|Z) holds (Pearl,
2000), and the potential outcome distribution can be calculated using the standard stratification

adjustment (Cochran, 1968; Rubin, 1977):

fy@(y) = /fYX,z(y’%Z)fz(Z)dZ

or
fY(a:)(y) = Z fY|X,z(y\9Ua z) fz(z)

depending on whether Z is continuous or discrete and where Z may be multivariate. Pearl refers

A1 Since if Z satisfies the back-door criterion the standard

to this as the back-door adjustment
stratification adjustment is appropriate, it follows that matching or stratifying on Pr(z|z) (the
propensity score given a realized value z of Z), along with related adjustments that make use of
conditional ignorability, will also be appropriate (Rosenbaum and Rubin, 1983, 1984). As we will
see below, this is true regardless of whether all (or even any) of the variables that affect treatment
assignment are in Z— all that is required is that conditional ignorability hold given Z.2

Again, the major advantage of this graphical approach to the identification of causal effects is

that it is framed in terms of a series of local assumptions about causal mechanisms. These local

assumptions are often easier to consider, debate, and possibly reject as unbelievable than the single

"Note that fy|x z(y|z,z) must exist—and thus fx z(z,z) must be non-zero for all z and z—in order for the
back-door adjustment to be valid. Put slightly differently, this method of adjustment requires the distributions of
the measured confounders to have the same support in the treated and control groups if an average causal effect is
to be estimated. This is something that is well understood by political scientists who employ matching estimators of
causal effects (Ho et al. (2007), see also King and Zeng (2006)).

12WWe note in passing the obvious point that the results of Rosenbaum and Rubin (1983) show that if conditional
ignorability holds given Z then using Pr(z|z) or any other balancing score as an adjustment covariate is appropriate.
They do not show that subclassifying or matching on Pr(z|z) or any other balancing score for arbitrary Z produces
conditional ignorability of treatment assignment.
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global assumption of conditional ignorability. The following examples illustrate what can go wrong
when researchers use either the traditional approaches to select adjustment variables. In addition,
the examples show how the back-door criterion can be easily employed to determine an appropriate

adjustment strategy.

6 Examples

6.1 The Effect of British Colonial History on Authoritarianism

In our example on estimating the effects of British colonial history (BCH) on authoritarianism
as encoded by polity score (PS), the researchers were willing to assume that the causal assumptions
behind the linear additive model held approximately for a regression of current PS on BCH and
ethnic heterogeneity as encoded by a recent ethnolinguistic fractionalization index (ELF). Using
the classical econometric linear model requirements (Wooldridge, 2000; Greene, 2000) made by the
researchers and using time ordering to put a causal order to the variables we can draw the causal
DAG in Figure 2 (a) which is consistent with the current set of assumptions (where due to the
additional parametric assumptions employed by the researchers in this example, U; plays the role
of the classical regression error term, and the fact that the error term is exogenous can be seen
because BCH and ELF are d-separated from Uy).

Using the back-door criterion, we see that no conditioning set that utilizes only the observed
variables will allow us to identify the ACE of BCH on polity score if the world works in a way
consistent with the graph in Figure 2 (a). If we condition on ELF, then we block the directed path
from BCH to PS that goes through ELF. This is the familiar case of post-treatment bias (King,
1991). This case also demonstrates the inaccuracy of the usual bromide about including variables
in a regression when they affect the outcome and are correlated with the explanatory variable of
interest.'® If we instead condition on nothing (i.e. the empty set), then we leave open the back-

door path from BCH through the exogenous variable Us, through ELF, and into PS. Informally,

13With all of the assumptions in this example (linearity, additivity, exogeneity), the regression parameter for BCH
in the regression with ELF included will identify a partial ACE (which may or may not be of interest). However, this
distinction is rarely made explicit in the political science literature.
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(a) (b) (c)

Figure 2: Graphical Models Consistent with the Assumptions in the example on the British colonial
history/authoritarianism example. Panel (a) shows the least restrictive model (no identifying set).
Panel (b) adds the assumption of independence between the background factors for BCH and ELF
(the empty set is the identifying set). Panel (c) adds the assumption of no causal effect of BCH on
ELF (ELF is the identifying set).

background factors are affecting both ELF and BCH, therefore omitting ELF from the regression
is equivalent to standard omitted variable bias.

Given the prediciment of no identifying set, the researchers might ask what further assump-
tions would allow identification using one of the two regressions. Figures 2 (b) and (c) show two
possibilities. In Figure 2 (b), Us has been split into Uj (the background factors affecting BCH)
and U3 (the background factors affecting ELF). Implicit in this graph is the assumption U5 and U3
are independent. If the assumptions implicit in this graph hold, then Z = () satisfies the back-door
criterion and if the researchers’ parametric assumptions also hold, the regression of PS on BCH will
identify the ACE of BCH on PS. In Figure 2 (c), the edge from BCH to ELF has been removed,
implying that BCH is not an input to the function that defines ELF, and hence does not affect
ELF in the unit-specific effect sense. If the assumptions implicit in this graph hold, then Z = ELF
satisfies the back-door criterion and if the researchers’ parametric assumptions also hold, the re-

gression of PS on BCH and ELF will identify the ACE of BCH on PS. Of course, neither of the

additional assumptions in Figures 2 (b) and 2 (c) are likely to hold, and therefore the researchers
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may want to know which regression estimator will have less bias'*. Intuitively, this will depend on
whether the true model is closer to Figure 2 (b) or Figure 2 (c), and a sensitivity analysis will be

necessary in order to decide between the competing models.

6.2 The Effect of an Intervention on Inter-Ethnic Cooperation

Recall from our example on the effect of an intervention X on inter-ethnic cooperation as
measured by an offer Y in single shot divide the dollar game, that the researchers consider two
matching estimators for the ACE of X on Y, one that matches on nothing, and one that matches
on the constructed survey measure of student ethnocentrism Z. Since Table 1 implies that Z is
statistically dependent on X, Z conditionally dependent on Y given X, and Z is temporally prior
to X, the researchers would likely judge Z to be a confounder and decide to adjust for it using exact
matching or stratification (the method of adjustment is not important for this example). However,
recall that while there is concern among the researchers that the ethnocentrism of a student’s
parents might exert an effect on the school the child attends (and hence exposure to the program)
as well as the child’s ethnocentrism and ultimately the child’s behavior in the experimental game,
the researchers are also willing to assume that the background factors that influence the outcome
variable (e.g. ability to recognize the strategic implications in the divide the dollar game) are
independent of school choice and student ethnocentrism (and their respective background factors).

Using these assumptions and the time ordering of the variables, we can represent this model with
the causal DAG in Figure 3 (a) where Z* represents true student ethnocentrism and Z represents
the reported measure of ethnocentrism. Note that the assumed independence in the background
factors is represented by the separate exogenous variables (U; and Us), the absence of an arrow
from Z to X reflects the stated independence of Us and X, and the independence of Us and
student ethnocentrism (Z*) is maintained by the collider structure at Z. The inclusion of the

remaining arrows represents the lack of additional assumptions. It is apparent from this graph and

14YWe use bias as the criterion here because identification and unbiasedness are equivalent in the linear model.
However, for mean square error or other criteria, the necessary sensitivity analysis may be more complicated.
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the back-door criterion that no conditioning set that utilizes only the observed variables will allow
the researchers to identify the ACE of X on Y, because we do not observe Z*, and therefore, we

cannot block the back-door paths.

z RN z Lz

(a) (b) (c)
Figure 3: Causal Graphs Consistent with the True Data Generating Process Behind Ethnic Coop-

eration Ezample (Data in Table 1). U; includes the ethnocentrism of parents, Us includes student
1Q, Z* is true student ethnocentrism, Z is the survey measure of student ethnocentrism, X is ex-
posure to the program, and Y is the offer made in the experimental game. In Panel (a) there is no
identifying set. In Panel (b) the empty set is the only identifying set based on observed variables.
In Panel (c), {Z*} is the only identifying set based on observed variables.

If we make the additional assumptions implicit in Figure 3 (b), then the empty set is sufficient
to block all back door paths, and conditioning on Z would lead to bias. Therefore, conditioning on
an irrelevant pre-treatment variable induces bias where there was none before. Hence, this example
directly contradicts the received wisdom from the classical econometrics literature. To see the
intuition behind this, suppose that ethnicity has no effect on the offers in the game (even through
the intervention at the inclusive school). In this case we could further remove the arrow from X to
Y, and the unit-specific effect of X on Y is zero for all students. As the researchers expect, parental
ethnocentrism (U;) does affect the survey measure of student ethnocentrism (Z) and exposure to the

program (X). What the researchers failed to recognize is that the survey measure of ethnocentrism

is also affected by a second latent variable— “student 1Q” (Us)—and this latent variable also has
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an effect on the outcome variable (Y'). The mechanisms here are the following. Students with
higher 1Qs are better able to grasp what the survey instruments are probing. If students realize
that the instrument is attempting to measure a socially undesirable trait and they possess that
trait they will misreport their true beliefs on the survey. Further, students with higher 1Qs are
more likely to realize the monetary incentives embedded in the experimental game and offer $0.01.
Importantly, the missing edges from Z to X and from Z to Y imply the lack of the corresponding
direct effects. In this scenario, knowing that a student goes to the ethnocentric school tell us that
they are more likely to have ethnocentric parents, and are themselves more likely to be ethnocentric,
but it tells us nothing about their “student IQ” (Usz). Therefore, ignorability holds because the
potential outcomes are determined by Us in this simplified model, and treatment assignment tell
us nothing about the potential outcomes. However, if we know that a student at the ethnocentric
school reported low ethnocentricity (Z = 0), then we know that the low reported ethnocentricity
is more likely to be a result of high “student IQ” (Uz). Therefore, knowing treatment assignment
gives us information about the potential outcomes, and ignorability is violated.

Table 2 presents two estimated potential outcome distributions that are derived from the distri-
bution in Table 1 which is consistent with the causal DAG in Figure 3 (b). The putative estimates
are based on adjusting for Z. This yields the potential outcome distributions in the two leftmost
columns of Table 2. From this table it appears that the program exerts a modest, positive effect on
cooperative behavior. The counterfactual probability of the most selfish offer (Y = $0.01) decreases
by 3 percentage points under treatment while the counterfactual probability of the most equitable
offer (Y = $10.00) increases by the same amount. The true potential outcome distributions are
shown in the two rightmost columns of Table 2. Here we see that there is no causal effect of the
program on outcomes.

It is important to note that the consistency of Pr(y|z) for Pr(Y (z) = y) and the inconsistency!®

Inconsistency statements of this type require the additional assumption of the faithfulness (Spirtes et al., 1993)
of the graph (i.e. the graph encodes all conditional independence relations in the population distribution). But in
this context, such an assumption is actually conservative and will hold for all but the most contrived distributions.
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Putative Putative True True
Pr(Y(0)=y) Pr(Y(1)=y) | Pr(Y(0)=y) Pr(¥Y(1)=y)

y = $0.01 0.52 0.49 0.50 0.50
y = $10.00 0.43 0.46 0.45 0.45
y = $19.99 0.05 0.05 0.05 0.05

Table 2: Putative Potential Outcome Distribution Based on Data in Table 1 After Adjusting for Z
along with the True Potential Outcome Distribution.

of estimators that adjust for Z does not depend on the type of adjustment method, particular
parametric assumptions, or unlikely cancellations of effects. It is a general result for all causal
models that are compatible with the DAG in Figure 3 (b); or even more generally for all causal
models in which the back-door criterion holds for () but not for Z.

If instead of the assumptions implicit in Figure 3 (b) we make the assumptions implicit in
Figure 3 (c), then Z is a perfect copy of Z* (i.e. students report their true ethnocentrism), and we
can block all back door paths by conditioning on Z. However, because the assumptions implicit
in Figures 3 (b) and Figure 3 (c) are not likely to hold exactly, the researchers may want to know
which regression estimator will be more accurate. Intuitively, this will depend on whether the true
model is closer to 2 (b) or 2 (c), and a sensitivity analysis will be necessary in order to decide

between the competing models.

6.3 A More Complicated Parametric Example

As noted above, the back-door criterion is relevant for a wide range of commonly-used adjust-
ment methods within a wide range of observational and / or experimental studies. This is true even
when the underlying causal relationships are much more complicated than the stylized example in
the previous subsection. In this subsection, we demonstrate these points by using the back-door cri-
terion to identify sets of covariates sufficient to control confounding in a more complicated example.
We then show how two widely used methods of adjustment—Ilinear regression and subclassification
on the estimated propensity score—can be used to estimate average causal effects as well as how

these methods fall prey to the same problems discussed in the previous subsection.
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Consider the graphical causal model in Figure 4. Here we see four measured background vari-
ables (Z1, Za2, Z3, and Z4), a single treatment variable (X), an intermediate outcome variable (Z5),
and a final outcome variable (Y'). In addition, there are numerous unmeasured exogenous variables

(Uy,Ugy ..., Ur1).

(a) (b)

Figure 4: Causal Graphs Consistent with Linear Structural Equations in Figure 5. Panel (a)
contains all exogenous variables while panel (b) excludes nodes and edges that are unnecessary for
determining if and how the causal effect of X on Y is identified.

The research question of interest is to determine the average causal effect of X on Y. To identify
the sets of observed covariates that are sufficient for the control of confounding we check the back-
door criterion for all subsets of the measured covariates. Here we see that {Z1, Z>},{Z2, Z3}, and
{Z1,Zy, Z3} are the sets that satisfy the back-door criterion. Thus adjusting for {Z1, Z>},{Z2, Z3},
or {Z1,Z,,Z3} will provide a consistent estimate of the causal effect of X on Y.16 Note two
interesting things about this example. First, the sufficient sets need not be nested. Second, Zy is
not a member of any of the sets of adjustment variables above. Thus it should never be conditioned
on— even though it is associated with both X andY given X and could be a pre-treatment variable.

To make this discussion more concrete, we assume particular linear forms for the structural

16The structure of the causal graph in Figure 4 also suggests a fourth way to identify the causal effect of X on Y
by using the intermediate outcome Zs. This is the so-called front-door adjustment, which is outside the scope of this

paper.
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equations that are consistent with the causal graph in Figure 4. These linear structural equations
are presented in Figure 5. In what follows, we generate 1,000,000 independent replicates from
this system of equations and then use linear regression and subclassification on the estimated
propensity score to estimate the causal effect of X on Y. More specifically, we show how in each
case adjustment for {Z1, Zao},{Z2, Zs}, or {Z1,Z2, Z3} provides an accurate estimate of the causal
effect of X on Y, and how in each case conditioning on an incorrect set of adjustment variables
produces a very inaccurate estimate of the effect of interest. Before proceeding, we note that
the linearity of the equations in Figure 5 allows us to easily derive the true average causal effect
EY(X =1)] — E[Y(X = 0)] from the parameter values in these equations. Here we see that the

true average causal effect is 0.5.

L 2 A(0,0.752) ur " N(0.6,12)
s ’L‘Jd N(0,3%) us " N (1,12)
us " N (5,0.42) ug "™ N (0, 52)
ug " N(0,12) uo "™ N(0,0.052)
us " N(1,0.82) w1 "™ Binom(4, 0.55)
ug ™ N(0,5%)
21— up + ug Z3 <= U3 + us
z9 < 0.5uq + us + us 24 — —0.2ug + w19 — 0.25u11

1 if 21 +2.529 + ug — ug > 12.5
€T <—
0 otherwise

25 < T + uy

y «— 0.5z5 + 20 — 1.523 + ug — 2uq;

Figure 5: Specific Linear Structural Equations Consistent with Figure 4. The results discussed in
this section are based on 1,000,000 observations generated from this model.

Consider the estimation of E[Y (X = 1)] — E[Y(X = 0)] using linear regression. While linear

regression will typically not produce a consistent estimate of the potential outcome distribution,
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it will produce a consistent estimate of the average causal effect if the system is linear and the
back-door criterion is satisfied for some subset of measured covariates (Pearl, 2000, Chapter 5).

Thus we would expect that the estimates of 81 in the following regression equations

y = Bo+ Bix + Paz1 + P32z + €
y = Po + B1x + Bozo + P32z + €

y = Bo + b1z + Paz1 + Baza + Bazs + €

would all be close to the true value of 0.5. Looking at Table 3 we see that this is in fact the case.
We also see that, as we would expect, omitting Zs from {Z;, Z5, Z3} and only conditioning on Z;
and Z3 results in an estimated causal effect that is far from the truth.

Finally, note that when all of the observed covariates are included as right-hand-side variables
in a regression model that the sign of the estimated causal effect is the opposite of that of the truth.
While the sign and magnitude of this bias depend on the specific forms of the structural equations
in Figure 5, the fact that conditioning on all the observed covariates ({Z1, Za, Z3, Z4}) results in
an inconsistent estimate of the average causal effect only depends on the general relationships
embodied in the graphical structure in Figure 4.

Some intuition about what is happening in this linear example is the following. First note that
the disturbance in the equation for Y always includes U;;. Marginally, X and Uy; are independent.
However, given Z4, X and Uj; are generically dependent. More specifically, given the equations
for X and Z4 in Figure 5 we see that Z4 will likely take a relatively large positive value when
either Uy, Uy, or both take a large negative value. Further, the probability of X = 1 is decreasing
in realized values of Ug. Thus, conditioning on a large positive value of Z4 and observing that
X = 0 provides evidence that U;; has taken a large negative value. Thus, when Z, is included as
a right-hand-side variable in a regression model of Y on X the disturbance term (which is always
defined conditionally on all covariates in the model) is no longer independent of X. As a result,

the OLS estimator of the coefficient on X is no longer consistent for the total causal effect.
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Adjustment Model E[Y|do(X =1)] — E[Y|do(X = 0)]
y = Po+ bz + Pez1 + P3z2 te€ 0.504
y = Po+ iz + Paza + Paz3 + € 0.505
y = B0+ (1 + Poz1 + B3zo + Bazz + € 0.505
y = Bo+ Brx + Paz1 + B3z3 + € 4.063
y = Po + 17 + Paz1 + B322 + Paz3 + Ps24 + € -0.179
Pr(X =1lz) = ®(ap + o121 + a222) 0.521
PI‘(X = 1’2) = (I)(Cm + a1z9 + 0422’3) 0.531
Pr(X =1|z) = ®(ap + o121 + agza + agzs) 0.522
PF(X = 1|z) = <I>(040 + o121 + 0422’3) 4.063
Pr(X =1|z) = ®(ap + 121 + a9z + agzs + ayzy) -0.218
Truth 0.500

Table 3: Adjustment Methods and Associated Estimated Average Causal Effects for Example Con-
sistent with Figures 5 and 4. The first five rows correspond to various regression adjustments. The
second five rows correspond to various probit regressions for the estimated propensity scores. In
these rows, the estimated causal effect is calculated by subclassifying on the estimated propensity
score. The true average causal effect is in the last row.

The same general patterns of bias emerge when one estimates the average causal effect of X
on Y by subclassifying on the estimated propensity score. Since the entire system of equations
is linear (and the true data generating process for X is consistent with a probit model), we use
generic probit regression with main effects for the conditioning variables to estimate the propensity
score. The various specifications for the propensity score model are given in the second five rows of
Table 3. In general, the patterns of bias are identical to those seen in the equivalent linear model
adjustments.'” This should be of no surprise, since when the data are generated according to a
linear model both methods are doing very similar things. Nevertheless, there are some interesting
points to note here. First, as most researchers realize (and is made clear in the seminal work of
Rosenbaum and Rubin (1983)) the propensity score model need not be consistent with the true data
generating process for the treatment variable or even include that true data generating process as a
special case of the estimated propensity score model. It is easy to prove that all that is required is
that conditional ignorability holds given z and that the statistical model used to estimate Pr(x|z)

is sufficiently flexible to accurately estimate this distribution. The fact that subclassifying on the

17The slight upward bias of most of the propensity score estimates is likely do to the fact that these estimates were
based on a less than optimal subclassification plan.
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estimated propensity scores from the propensity score model:

Pr(X =1|z) = ®(ap + 122 + a223)

provide essentially the same estimate as subclassifying on the propensity scores from the probit
model that is consistent with the data generating process confirms this point.
What will be more surprising to many readers is the fact that subclassifying on the propensity

scores from the model:

Pr(X = 1’2) = ®(ap + a121 + @220 + @323 + qz4)

produces a badly biased estimate with the wrong sign. This propensity score model includes the
true data generating model for X as a special case (with ag and ay both equal to 0) as well as all the
other propensity score models that would allow one to construct consistent estimates of the causal
effect of interest. Further, all of the covariates can be thought of as pre-treatment variables with
no loss of generality. Thus many researchers might conclude there is no real harm to conditioning
on all the observed covariates. This is not correct. Conditioning on all the observed covariates

produces a misleadingly biased estimate of the causal effect in this example.

7 Conclusion

In this paper we have attempted to make the case that the SCMs of Pearl (a) are consistent
with how many empirical political scientists think about causality within their subject-matter area,
(b) are equivalent to the powerful and well-respected Neyman-Rubin Causal Model, and (c) offer
the potential to improve the practice of causal inference in political science. Political scientists tend
to think in terms of causal mechanisms and the SCM deals explicitly in mechanisms. The SCM is
a model of deterministic potential outcomes and the key ideas and results from the Neyman-Rubin
model have direct analogies in this framework. The SCM offers several advantages to applied

researchers. We discuss each of these below.

32



The SCM provides explicit rules for covariate selection based on the causal graph. Given
a graph (or a set of plausible graphs), the back-door criterion supplies a collection of sufficient
conditioning sets to identify the ACE, thus eliminating (and explaining) the inaccuracies in the
traditional regression criteria. Furthermore, the transparent local assumptions about mechanisms
in this model are easier to consider, debate, and potentially reject than a global assumption of
conditional ignorability. Causal inference by its very nature relies on untestable causal assumptions.
As such it is imperative that any method for causal inference allow researchers to state these causal
assumptions as plainly and comprehensibly as possible so that subject-matter experts can easily
weigh in on the plausibility of these assumptions. Finally, SCMs provide structure that can inform
the design of future studies and sensitivity analyses when no identifying adjustment set can be
found. We will address these issues in future work.

While the SCM provides the advantages described above, we emphasize that it is consistent with
and can be used in conjunction with the the Neyman-Rubin framework that has been so useful to
political scientists. Furthermore, while the assumptions sufficient for the identification of ACEs are
easier to assess with causal DAGs, the assumptions sufficient for the identification of other causal
effects may be easier to assess with the pure Neyman-Rubin framework (see the discussion of Pearl
(1995)). In many situations a hybrid approach that utilizes the strengths of both models seems

appropriate.
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