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Extended abstracts of dissertation research
Essay 1: Adaptive Marketing Experiments and the Attribute-based Multi-Armed Bandit
Changes in the interactive marketing environment have increasingly led firms to turn to business
experiments such as A/B/C or multivariate tests. Many marketing activities – sending emails, serving
online advertising, designing websites, recommending products – can be framed as adaptive experiments
to continuously “test and learn.” Such contexts make up a rich class of direct/interactive marketing
problems structured around the question: which targeted marketing action should we take, when, with
which customers, and in which contexts? But as this practice becomes part of regular business operations,
such continuous testing should be done profitably. The purpose of this research is to illustrate how to
manage business experiments to simultaneously “earn and learn.” Profitable experimentation illustrates
the dilemma of exploration versus exploitation, where a manager chooses between an action that is
thought to be performing well currently (exploit) and an uncertain action with the hope of benefiting from
that learning in the future (explore). This tension is at the heart of the classic sequential decision-making
problem, known as the multi-armed bandit, which comprises the core theoretical thread of this research.
To resolve this tension, this paper makes two contributions to practice and theory. First, we
greatly broaden the types of such problems marketers can address with the multi-armed bandit
framework. More specifically, we introduce two key features that make the bandit problem much more
applicable to marketing decisions: (a) we bring in an attribute structure, which allows for shared learning
and greater efficiency across a wide array of tactics at the manager’s disposal (as in any attribute-based or
regression-based modeling approach like conjoint analysis); and (b) we allow for a heterogeneous
response model within the bandit framework. Second, not only do we quantify the overall improvements
in algorithm performance, but we also qualify it by investigating a range of moderating factors related to
the practical implementation of various test-and-learn algorithms. We develop a comprehensive
taxonomy that shows how various aspects of the managerial problem (e.g., decision context, data
sparseness) can affect the relative performance of different multi-armed bandit methods. For instance,
three of these issues are: (a) How rare is the event of interest (e.g., clicks, transactions)? (b) How small
are the effect sizes differentiating the actions? and (c) How big is the batch of simultaneous allocations
that are made for each decision period (e.g., ad impressions, customers)?
While existing methods in the literature typically include numerical experiments, they tend
to focus on illustrating the theoretical results (e.g., asymptotic properties) using “toy problems” with a
limited range of alternative actions and limited contextual factors. These analyses usually lack the
breadth and richness of a real-world setting. By contrast, our numerical experiments are intended to be
highly realistic, reflecting challenging conditions, such as many actions, extremely rare events of interest,
and large batches of simultaneous decisions. Plus, we manipulate a range of conditions in order to learn
about their impact on test-and-learn method performance. As a result of this research, we
provide evidence of when each method is likely to perform well and a recommendation of when to use
which method. By drawing upon bandit methods across operations research (dynamic programming),
statistics (index strategies, randomized probability matching from clinical trials), and computer science
(upper confidence bound policies from reinforcement learning), and systematically manipulating a variety
of aspects of the problem in numerical experiments, we complete the first such empirical
investigation. We have already performed extensive simulations along these various dimensions of the
problem including a wide array of algorithms (old and new) to manage the bandit problems.

Eric M. Schwartz (page 6 of 8)

Essay 2: Bandit’s Paradise: Customer Acquisition through Online Display Advertising
(Job Market Paper)
Despite the common concerns about the (presumed) ineffectiveness of display ads,
advertisers still use them extensively for the purpose of acquiring new customers. As advertisers try to
maximize their return on investment in purchasing online media, their challenge is to determine which ads
to serve and on which websites (i.e., contextual advertising) to deliver them. But how should firms
allocate their ad impressions so that they can simultaneously learn how to grow profits in the future and
improve profits while learning? The setting of online display advertising presents five interesting
challenges, and no existing method addresses all of them. (1) Advertisers often try dozens of different
ads. (2) The various ads are interrelated, since they can be described by attributes such as creative
design, message and size/format. Thus, observing one ad’s performance can suggest how similar ads will
perform. (3) The way those attributes affect the ad’s performance depends on the context, such as the
website on which it appears. (4) While much previous work has focused on click-through rates as the
outcome measure of interest, the bottom-line return on investment is not necessarily linked to
clicks, but rather to conversions (i.e., new customers actually acquired). But that is quite a rare event,
since 100,000 ad impressions may lead to only one new customer. (5) Finally, as is common in media
buying, the advertiser’s key decision is what percentage of the next batch of already purchased
impressions should be allocated to each ad (i.e., the weights that the publisher uses to rotate the ads).
To overcome all of these challenges, we apply a Bayesian approach to manage the attributebased multi-armed bandit, accounting for unobserved heterogeneity and batched decision making. This
approach is based on a principle called randomized probability matching. We demonstrate the business
value of running the adaptive near-optimal experiment through live implementation in a controlled field
experiment with a large international retail bank that focuses on direct marketing. In addition, we can
perform counterfactual policy simulation, since we have generated random variation in advertising. We
find that this approach outperforms benchmark methods from the literature and heuristic stopping rules
for experiments used in practice. Finally, we quantify the expected loss – new customers not acquired –
that advertisers experience by optimizing click-through instead of conversions directly.
We have already performed two field experiments focused on acquiring customers for a single
financial product using ads covering nearly 100 creative-by-size combinations and more than 200 million
ad impressions delivered across a mixture of 15 websites and ad networks. We tested our algorithm with a
live experiment in collaboration with the advertising bank by setting the weights with which the ad
delivery system randomly rotated each ad for each media placement. The setting of these rotation weights
is exactly what advertisers can commonly control, and our algorithms adjust these weights (away from
uniform weights) in a fully data-driven model-based manner. As a result, we present the largest scale live
field experiment of these test-and-learn methods to date (in the online display ad context and in others).
Results suggest that there are substantial gains in not only considering are different creative attributes
explain ad performance (attributed-based approach), but also that the importance of those creative
attributes differs by the type of website where the ad appears (unobserved heterogeneity). We also offer
insight into how using past performance to categorize media (e.g., websites, placements, and publishers),
instead of using approximations based on the demographics of the sites’ visitors, can lead to more
informed ad allocations and future media buying.
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Essay 3: Reducing Rapid Churn: How Does Treatment of New Customers Affect CLV?
An increasing number of business models rest on converting a high volume of trials, traffic, or
installations into repeat and paying customers, while recognizing that a vast majority of them will never
make another transaction, visit, or play again. Within this setting, the firm’s key to monetizing its
user/customer base (e.g., preventing churn and extracting value) hinges on what the firm does at the
moment its customers are acquired. Despite much work aiming to optimize customer relationship
management (CRM) actions to maximize expected customer lifetime value (CLV), surprisingly little
attention is paid to such rapid churn environments and even less is paid to what to do about it. However,
given the decreasing costs of testing different CRM tactics, the rapid churn environment is a natural
setting to continuously test-and-learn which methods of treating new customers turn out to generate more
profitable and longer lasting customers. In this research, we do so using a multi-armed bandit approach to
CRM that maximizes long-run customer value. While models of repeat purchasing can provide
expectations of what customers will do in a future period, those same models do not immediately tell the
marketer what to do. Facing such predictions of customer behavior, managers ask, “Should we target our
customers expected to be most valuable or the ones that seem less valuable?” Managers may instead
prefer a third choice: to target the customers for whom those actions will have the greatest return on
investment. To answer this question, firms could run experiments using different marketing activities
such as A/B or multivariate tests (with stratified randomized ensuring balance within each level of
expected customer value). But business settings with rapid customer churn do not give firms the luxury of
learning how effective its targeted marketing activities will be by interacting repeatedly with the same
customer (since that customer is likely gone soon after the first contact). However, there is a plus side to
this problem: the short life-span of customers shrinks the time-lag between action and learning. That is,
after a brief period of time, we can begin to evaluate the potential success of the intervention.
The purpose of this work is to address this key managerial question: how should marketers
profitably learn about how to manage their customer relationships and learn about their impact on future
customer value? From a substantive perspective, we contribute to the literature on bandit problems by
introducing the realistic business consideration of the future value of actions (in terms of customer value),
beyond the value of learning about those actions’ effectiveness. Various challenges arise when using
future customer value as a payoff function, so we make methodological contributions, as well. Since
future value is not immediately observed, there is still a lag between taking the action and fully learning
its effect on the customer’s future value. Hence, there are two ways to learn about a marketing action’s
effect on a customer’s expected future value: directly and indirectly. That is, to learn about the action’s
impact over the next six-months, you can randomly assign customers to the action then wait six months
for the realized value (directly), or you can see the intermediate transaction patterns and update
expectations at each step along the way (indirectly, model-based). While the difference between direct
and indirect learning is intuitive, we formalize it using reinforcement learning, and quantify the benefits
from adopting this framework to solve this marketing problem.

Eric M. Schwartz (page 8 of 8)

