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Appendix A Proof that Equation 6 is an unbiased estimator of Equation 5

We present here a simplified proof that Equation 6 is an unbiased estimator of Equation 5 (see Li et al.

(2010) for a detailed proof):
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Appendix B Proof that minimizing weighted misclassification rate (Equation 13) is
equivalent to minimizing expected regret (Equation 4)

We present here a simplified proof that minimizing Equation 13 is equivalent to minimizing Equation 4

(see Beygelzimer and Langford (2009) for more details):
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and from the proof in Appendix A, it follows that:
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Appendix C Data generating process of the simulated example in Section 4.3
Below are the formulations for all variables in the data generation process, including the potential outcome
when treated, Y (1); the potential outcome when untreated, Y (0); and the feature used to make intervention

decisions, X. The potential outcomes are normally distributed and the feature is uniformly distributed:

X~ U,y (1)
V(1) ~ N(pa(X),0.2) (2)
Y(0) ~ N(p0(X),0.2) (3)
w1 () :lﬂ%&” +0.5 (4)

0.1 ,
po(x) =704 +0.52°+0.5 (5)

The data we generated consists of 50 treated observations and 50 untreated observations.

Appendix D Comparison to conventional treatment assignment problems

There are a few ways in which the deployment of content selection systems as treatments is different from
conventional treatment assignment problems. First, one system can be a better (or worse) treatment than

another system only to the extent that it generates different content (i.e., playlists that have different songs



or rank songs differently). If the content produced for a given user does not vary across systems, then all
systems are essentially the same treatment for that user, and the user’s engagement cannot be improved by
deploying a different variant than the system currently in production.

Therefore, helpful features for treatment assignment are not only the ones that describe user behavior—as
in conventional treatment assignment problems—but also the ones that describe how the system’s content
could be affected (relative to other systems). Going back to our example with new and experienced users, if
System B relies on a more complex machine learning system than System A, then we may expect System
B to be more susceptible to cold start problems, and as a result user tenure could be a good candidate
feature to decide whether to assign one system or the other. Additionally, user behavior could also play a
role when deciding what system to assign. For example, if System B generally produces more niche playlists
than System A (e.g., the former considers songs in languages other than English whereas the latter does
not), we may also want to consider features that describe users that may appreciate such playlists (e.g., the
country where users live).

Second, when deploying systems as treatments, features may need to be selected based on the feasibility of
actually using them to make system assignments. More specifically, implementation challenges may prevent
us from using features that are helpful to determine whether one system is better than another in a particular
context. For instance, even though “time active in session” may be a useful feature to decide whether to
assign a system that produces playlists based on the last songs the user has played, using this feature
effectively would require the ability to make system assignments throughout the user session, which may
be a non-trivial technical capability. On the other hand, features that change less frequently (e.g., type of
subscription, country of residence) would allow making system assignments even before users log in.

Finally, treatment assignment policies in our setting are meant to be used to make large-scale decisions
automatically; millions of playlists are generated by Spotify every day, each in a fraction of a second. This
presents a salient contrast to other settings where treatment assignment policies are intended to support
and improve human decision-making, such as in medical prescriptions and public policy. In such settings,
transparency is critical and the rationale behind each decision must be clearly understood.

Understanding the rationale behind treatment assignments can also be important in our context. For
example, deeper understanding of the most important factors for system assignment may help to inform the

development of new playlist generation systems (i.e., new ‘treatments’) that may further improve engagement.



However, our study focuses on how to learn a policy to identify the system that leads to the highest expected
number of song streams for each user, not on understanding what are the factors that result in one system
being better than another.

Appendix E Extended analysis

In this extended empirical analysis, we consider how (1) the available features and (2) the machine learning

procedure can influence the preference of one metalearner over the others.

E.1. The importance of the available features

The usefulness of estimating treatment assignment policies with machine learning depends to a large extent
on the features that are available to classify individuals into different treatments. If the features are not
informative of preferred treatments, then there is no advantage over using a standard A/B test to determine
(and assign) the alternative that works best on average. However, with more features, it also becomes harder
to estimate optimal treatment assignments (from a regret minimization perspective) because the optimal
policy also becomes more complex. Thus, typically, the more features there are, the more training data it
takes for the metalearners to converge to the optimal treatment assignment policy.

Figure 1 shows the results of deploying treatment assignment policies that were estimated with an increas-
ing number of features. Features are ordered from the one with the most categorical values to the one with the
least categorical values. As before, the lines correspond to each of the three metalearners—O-learner (blue),
E-learner (orange) and A-learner (green)—and the areas around the lines represent 95% confidence intervals.
As expected, all metalearners perform better with more features because they have more information about
the individual to make assignments. Furthermore, the metalearners have a similar performance when there
are few features because there is enough training data for them to converge to the same policy. For example,
the A-learner performs the same as the O-learner when there are 3 features and the same as the E-learner
when there are one or two features. As mentioned, this is expected because machine learning algorithms
converge faster to best-in-class models when there are fewer features. Trees are universal approximators, so
they lead to the same (optimal) treatment assignment policy given enough training data.

On the other hand, as the number of features increases, the A-learner becomes better than the other met-
alearners. As discussed in Section 4.4, the A-learner focuses on minimizing prediction errors that negatively

affect decision making and ignores all other types of errors. As a result, it does a better job at exploring
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Figure 1 Treatment assignment performance by number of features. All treatment assignment metalearners
improve substantially with more features. The A-learner is more likely to outperform the other met-

alearners when the number of features is larger.

the feature space and discriminating individuals based on their preferred treatment assignment (rather than

based on causal effects or outcomes).

E.2. The importance of the machine learning algorithm.

In this extended analysis, we show how the choice of the base learner may also affect the comparison of the
metalearners. We consider multiple base learners here: the tree-induction algorithms discussed in Section
5.3, random forest, and generalized linear regression. Random forest was implemented using ensembles of
the tree-based methods described in Section 5.3. In the case of the generalized linear regression models, for
the O-learner, we used a linear regression for each treatment condition. For the E-learner, we used a linear
regression on the transformed variable proposed by Athey and Imbens (2016) for each of the 3 non-control
systems. Finally, for the A-learner, we used a weighted logistic regression.

Figure 2 shows the performance of the methods we considered. The black lines represent 95% confidence

intervals. These confidence intervals describe deviations in the individual performance of each method, but
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Figure 2 Treatment assignment performance by type of metalearner and base learner. The A-learner with the

tree base learner works best.

they are not appropriate to compare the metalearners because they do not account for the correlation in
the deviations (e.g., when one method works particularly well in a fold, the other methods will also tend to
work particularly well). Importantly, this figure shows that the best performing method corresponds to the
A-learner in our main analysis (i.e., the one that uses tree induction as a base learner).

Figure 3 appropriately shows the difference in performance between metalearners. For example, “from
O-learner to A-learner” corresponds to the the difference in performance between the A-learner and the
O-learner (i.e., the difference between green bars and blue bars in Figure 2). The black lines represent 95%
confidence intervals. The A-learner is the best performing metalearner in all cases, but the improvement is
not as large when random forests and linear models are used. Thus, as discussed in Section 6.3, results can
be affected by the base learner.

There are multiple points worth discussing here. First, how the base learner affects the comparison of
the metalearners can vary from one data set to another. For example, Olaya et al. (2020) compare various
instances of the E-learner and the O-learner across multiple data sets using random forest and logistic
regression as base learners. They find that none of the evaluated techniques consistently outperforms the
other techniques, which implies that choosing among metalearners (and base learners) should be an empirical

undertaking. The results we present here just show that the choice of the base learner can affect how the
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Figure 3 Increase in streams when the A-learner is used instead of the other meta-learners. The A-learner

generally works better, but the improvement is moderated by the base learner.

metalearners compare to each other; they do not imply that, in general, the difference between metalearners
should be smaller or larger for any of the base learners under consideration.

Second, recall that, when the base learner is a consistent estimator, all metalearners estimate the same
(optimal) treatment assignment policy with large enough data. This implies that, in general, differences in
the estimated policies will be larger with smaller data. Therefore, given that most firms cannot conduct
A/B tests as large as the one in this study (770 million observations), we should expect to observe larger
differences in performance between metalearners in other practical settings.

Third, one possible explanation for the results in Figure 3 is that tree models suffer from higher variance
than random forests and linear models, and as a result, differences between the metalearners will tend to
be larger when trees are used as base learners. Nevertheless, the distinction between metalearners can also
be important when low-variance models are used (e.g., linear models) because bias also plays an important
role in the learning procedure. As discussed in Section 4.4, the A-learner focuses on minimizing bias that
negatively affects decision making, whereas the O-learner and the E-learner focus on minimizing bias that
negatively affects outcome and causal effect predictions. Therefore, in general, the A-learner will converge
to better policies than the other metalearners when biased base learners are used. Elmachtoub and Grigas

(2021) provide evidence of this for non-causal decision making.
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