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Figure 5.7
Policy tree for a marketing intervention

related to, but different from, the previously mentioned causal tree. The policy tree uses a
statistic that is related to the individualized effect (i) to optimally split the data (i.e., group
subjects in the data) into segments according to observed characteristics that affect the indi-
vidualized effects and (ii) to assign (possibly distinct) interventions to the various subgroups
in a way that maximizes the overall effect. Therefore, the policy tree yields optimal inter-
vention rules for the various subgroups that can be intuitively described by the tree structure
of how the data are split.
Figure 5.7 illustrates a policy tree example where a marketing intervention is optimally

allocated across four customer segments based on observed customer characteristics. The
marketing intervention is denoted by the values 0 (no intervention), 1 (small discount),
and 2 (large discount) and should maximize the net benefits per customer (accounting for
the granted discount within overall spending). The segmentation into these four groups is
initially unknown but is optimally determined through data-driven analysis. The algorithm
generates customer segments based on the characteristics “annual income” and “region,”
identified as the most suitable criteria for optimally targeting customers. According to the
algorithm, customers with an income below $18,875.10 should receive a small discount (1),
while those earning between $18,875.10 and $50,632.74 should obtain a larger discount
(2) to maximize net benefits. For individuals earning $50,632.75 dollars or more, those
in region 1 should not receive any discount (0), as discounts do not seem to increase net
benefits in this specific region. However, in other regions, such higher-income customers
should receive a larger discount (2) to optimize net benefits.

5.5 Use Cases in R

Let’s consider an application of double machine learning (DML), as discussed in section 5.2
using the statistical software R. To do this, we first load the previously considered causal-
weight package using the library command and then use the coupon dataset, which contains
information on the receipt of coupons and customer spending. We define the outcome
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