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Figure 5.6
Causal tree

provides more honest assessments of the effect sizes than performing all tasks in the same
dataset, as it avoids the previously discussed issue of overfitting bias.
Figure 5.6 shows an example of a causal tree that displays effect heterogeneity across

customer segments, defined by characteristics where the intervention’s impact differs the
most. The top node of the tree represents the average treatment effect (ATE) of a marketing
intervention in the total sample, which amounts to an increase in daily sales per customer
of $7.8 on average. The information n= 1,000 indicates that the total sample consists of
1,000 customers. The effects of the intervention differ the most across customer segments
with at least 12 years of education versus fewer years of education, and for this reason, the
sample is split according to this value of education. Among the higher educated, the impact
of themarketing intervention is $5.5, while it amounts to $9.6 among the less educated. Both
customer segments are further divided into subsets based on age, which is another variable
where the impact differs significantly. The causal tree ultimately consists of 4 different leaves
or subsets of customers, across which the average impact ranges from $4.8 for the 207
customers with at least 12 years of education who are younger than 41 to $10 for the 385
customers with less than 12 years of education who are at least 36 years old.
Causal trees are not the only method for assessing effect heterogeneity—that is, how the

impact varies across groups. Another approach is the causal (random) forest suggested by
Wager and Athey (2018) and Athey et al. (2019), which averages over many causal trees
(applied tomany random subsamples of the data) to assess effect heterogeneity. Additionally,
other machine learning methods such as lasso regression can be adapted for causal analy-
sis such that they detect effect heterogeneity (see, for instance, Imai and Ratkovic, 2013).
All these methods allow for the measurement of so-called individualized causal effects,
which are the average effects among individuals who share the same values in observed
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