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Research absiracts

“Blind Targeting: Personalization under Third-Party Privacy Constraints” Anya Shchetkina (Job
market paper).

Major advertising platforms recently increased privacy protections by limiting advertisers’
access to individual-level data. Instead of providing access to granular raw data, the
platforms only allow a limited number of aggregate queries to a dataset, which is further
protected by adding differentially private noise. This paper studies whether and how
advertisers can design effective targeting policies within these restrictive privacy preserving
data environments. To achieve this, | develop a probabilistic machine learning method
based on Bayesian optimization, which facilitates dynamic data exploration. Since Bayesian
optimization was designed to sample points from a function to find its maximum, it is not
applicable to aggregate queries and to targeting. Therefore, | infroduce two innovations: (i)
infegral updating of posteriors which allows to select the best regions of the data to query
rather than individual points and (ii) a targeting-aware acquisition function that dynamically
selects the most informative regions for the targeting task. | identify the conditions of the
dataset and privacy environment that necessitate the use of such a “smart” querying
strategy. | apply the strategic querying method to the Criteo Al Labs dataset for uplift
modeling (Diemert et al., 2018) that contains visit and conversion data from 14M users. | show
that an intuitive benchmark strategy only achieves 33% of the non-privacy-preserving
targeting potential in some cases, while my strategic querying method achieves 97-101% of
that potential, and is statistically indistinguishable from Causal Forest (Athey et al., 2019): a
state-of-the-art non-privacy-preserving machine learning targeting method.

“When Is Heterogeneity Actionable for Personalization?” Anya Shchetkina and Ron Berman.

Targeting and personalization policies can be used fo improve outcomes beyond the uniform
policy that assigns the best performing tfreatment in an A/B test to everyone. Personalization
relies on the presence of heterogeneity of tfreatment effects, yet, as we show in this paper,
heterogeneity alone is not sufficient for personalization to be successful. We develop a
statistical model to quantify ““actionable heterogeneity," or the conditions when
personalization is likely to outperform the best uniform policy. We show that actionable
heterogeneity can be visualized as crossover interactions in outcomes across treatments and
depends on three population-level parameters: within-freatment heterogeneity, cross-
freatment correlation, and the variation in average responses. Our model can be used o
predict the expected gain from personalization prior to running an experiment and also
allows for sensitivity analysis, providing guidance on how changing treatments can affect the
personalization gain. To validate our model, we apply five common personalization
approaches to two large-scale field experiments with many interventions that encouraged flu
vaccination. We find an 18% gain from personalization in one and a more modest 4% gain in
the other, which is consistent with our model. Counterfactual analysis shows that this
difference in the gains from personalization is driven by a drastic difference in within-
freatment heterogeneity. However, reducing cross-treatment correlation holds a larger
potential to further increase personalization gains. Our findings provide a framework for
assessing the potential from personalization and offer practical recommendations for
improving gains from targeting in multi-intervention settings.



“Your MMM is Broken: Identification of Nonlinear and Time-Varying Effects in Marketing Mix
Models” Ryan Dew, Nicolas Padilla, and Anya Shchetkina. Authors confributed equally.

Recent years have seen aresurgence in interest in marketing mix models (MMMs), which are
aggregate-level models of marketing effectiveness. Often these models incorporate
nonlinear effects, and either implicitly or explicitly assume that marketing effectiveness varies
over time. In this paper, we show that nonlinear and time-varying effects are often not
separately identifiable: while certain data patterns may be suggestive of nonlinear effects,
such patterns may also emerge under simpler models with time-varying effects. Moreover,
problematically, these two types of effects may suggest fundamentally different optimal
marketing allocations. We examine this identification issue through theory and simulations,
describing the conditions under which conflation between the two types of models is likely to
occur. We show that conflating the two types of effects is especially likely in the presence of
autocorrelated marketing variables, which are common in practice, especially given the
widespread use of stock variables to capture long-run effects of advertising. We illustrate
these ideas through numerous empirical applications to real-world marketing mix data,
showing the prevalence of the conflation issue in practice. Finally, we show how marketers
can avoid this conflation, by designing experiments that strategically manipulate spending in
ways that pin down model form.



