
chapter 15518

DAGs and graphical models can help in identifying which variables to condi-

tion on to estimate causal effects, or at least which variables to condition on to

reduce bias. To identify the causal effect of A on Y is to close all non-causal paths

between A and Y, without closing any causal paths between A and Y. A causal path

is a path where all arrows point in the same direction ( ); otherwise the path

is non-causal.

Non-causal open paths may introduce bias. Hence our goal is to condition on

variables that close all non-causal paths, without closing causal paths of interest. If

a path is closed in at least one point, then the path is considered closed. Four dif-

ferent examples on how to analyze DAGs for the identification of causal effects fol-

low. In the first example we analyze a DAG with confounding between exposure

and outcome.

Example 15.5
Let us consider the effect of smoking A on coronary heart disease Y. Age L1

and sex L2 in this simplified example are assumed to be the only confound-

ers, as illustrated in Figure 15.14.

Figure 15.14 A causal DAG for smoking A and coronary heart disease Y, with age
L1 and sex L2.

We can analyze the DAG in Figure 15.14 by trying to close all non-causal

paths between A and Y using the d-separation rules, without closing any

causal paths between A and Y.

There are three paths from smoking to coronary heart disease, listed in

Table 15.2.
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