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Figure 4.1
Comparing apples with apples

comparing the outcomes of treatment and control groups with the same or at least very
similar covariates, we aim at comparing apples with apples, as required for a proper impact
evaluation. This concept is illustrated in figure 4.1, where figures of the same color represent
subjects with comparable covariates, while figures of different colors represent subjects with
differing covariates. As the treatment group comprises three black figures and one white
figure, and the control group (D= 0) consists of one black and three white figures, it is
evident that the two groups are not directly comparable. However, by selectively comparing
subsets of figures across the treatment and control groups that share the same color, we
aim to evaluate the intervention’s impact within subsets that are comparable in terms of
covariates.
Indeed, we hope (rather than know) that making treatment and control groups comparable

with respect to covariates is sufficient, but we can never be certain that the two groups do
not also differ in other outcome-relevant characteristics that we cannot observe. For exam-
ple, imagine we want to evaluate the impact of a loyalty card on purchases and compare
customer groups holding and not holding a card that are comparable in covariates like edu-
cation, gender, and age. However, we cannot be certain that these covariates account for all
differences in buying intent between the two groups. If this is not the case, then the two
groups differ not just in terms of covariates but also in unobserved characteristics, like cer-
tain personality traits, that affect the outcome (purchases). In such a scenario, our aim of
comparing apples with apples did not (fully) succeed. We ended up comparing apples with
oranges due differences in unobserved characteristics that entail differences in the outcome
that cannot be attributed to the intervention. Therefore, exploiting covariates for impact
evaluation relies on the behavioral assumption that the information in these covariates is
rich enough to generate treatment and control groups that are comparable just like in an
experiment, which is known as the “selection-on-observables” assumption. Put differently,
the assumption implies that the intervention is as good as being randomly assigned among
subjects that are comparable in terms of their covariates.
Let’s for instance consider the impact of a discount on customers’ buying decisions in an

online marketplace. The selection-on-observables assumption implies that when only con-
sidering customers who are comparable in covariates like past buying behavior, which may
affect both current purchases and the likelihood of being offered a discount, receiving a dis-
count or not is as good as random. This assumption may be plausible if the characteristics
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