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Abstract

Essays on Personalization and Market Design in Mobile Advertising

Omid Rafieiankoopaei

Chair of the Supervisory Committee:
Professor Hema Yoganarasimhan

Marketing and International Business

Personalization and market design are two pillars of mobile advertising that resulted in a

dramatic growth in this industry over the past few years. In this dissertation, I focus on these

two topics and study the new challenges and opportunities that arise in mobile advertising

industry. In particular, I study the consequences of improved user trackability and sequential

ad delivery in mobile in-app advertising. Chapter 2 focuses on the former and examine the

privacy implications of it in a competitive environment, whereas Chapter 3 studies the latter

and quantifies the effects of variety of previous ads on users’ engagement with the next ad. In

Chapters 4 and 5, I combine the findings from the first two chapters and develop an Adaptive

Ad Sequencing framework that determines how a publisher can personalize a sequence of ads

for a user to maximize engagement, as well as how it can monetize these sequences through

auctions to optimize revenues.
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Chapter 1

INTRODUCTION

The mobile advertising industry has seen an unprecedented growth over the past decade.

In 2018, mobile advertising became the dominant advertising channel in the U.S., surpassing

TV and desktop advertising in share of the total media ad spend [34]. The growth in mobile

advertising is particularly attributed to mobile in-app advertising, that is, ads shown inside

mobile apps [33]. As consumers, advertisers, and app developers engage more with mobile in-

app advertising, it is increasingly important to understand different elements of this market.

Like other digital advertising formats, two key factors contribute to the growth of the

mobile in-app advertising industry – personalization and market design. Personalization

in the advertising context is the delivery of the right ad to a user based on the user’s

characteristics and past history. As such, personalized delivery of ads can create value in

the market by enhancing user engagement with ads. While personalization only focuses

on users as the main player, market design brings advertisers to the equation to guarantee

certain outcomes in a multi-sided market. In particular, market design allows the advertising

industry to optimally monetize its service. Together, personalization and market design

facilitate value creation and extraction in the advertising market.

In this dissertation, I study personalization and market design in the mobile in-app ad-

vertising industry. Although these two elements are present in the digital environment, there

are features unique to in-app advertising that give rise to new challenges and opportunities

in the mobile advertising ecosystem. My goal in this dissertation is to explore some of these

new directions by combining theoretical and empirical frameworks to better understand the

mobile advertising domain.

The outcome has been four separate papers in this domain that I present in the following
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four chapters. I provide a brief overview of each chapter and how each chapter relates to

another below:

1. Chapter 2 – Personalization and Privacy. In this chapter, I focus on a unique fea-

ture of mobile in-app advertising – user trackability. While the user-tracking properties

of mobile in-app advertising facilitate behavioral targeting, they have raised concerns

among privacy advocates. This has resulted in an ongoing debate on the value of

different types of targeting information, the incentives of ad-networks to engage in be-

havioral targeting, and the role of regulation. To understand the gains from targeting,

I first build a machine learning targeting framework to personalize ad delivery in a

mobile in-app advertising platform and document the gains from doing so. I then take

this framework to a competitive auction environment and study the platform’s decision

to allow targeting through lenses of revenue-efficiency trade-off. I find that the plat-

forms may have economic incentives to limit extensive personalization and behavioral

targeting as it thins out the market and hurts their revenues. An implication of this

finding is that self-regulation can be achieved by design. This chapter is based on the

paper Targeting and Privacy in Mobile Advertising [107].

2. Chapter 3 – Dynamic Effects of Advertising. In this chapter, I focus on a unique

aspect of in-app advertising – sequential ad placement. In this form of advertising, users

are exposed to a sequence of potentially different ads within a session. This gives rise

to a series of questions related to the effects of ad sequences. In particular, I study

the effects of variety of previous ads on user’s clicking behavior on the next ad. I

empirically document that when exposed to a higher variety of previous ads, users are

more likely to click on the next ad. I then explore the sources for the effects of variety

and identify the sequential organization of exposures as a major source. This chapter

is based on the paper How Does Variety of Previous Ads Influence Consumer’s Ad

Response? [106].
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3. Chapter 4 – Adaptive Ad Sequencing: Value Creation. The findings of Chapter

3 highlights an inter-temporal trade-off in allocation of ads: while increasing variety can

help generate more clicks, it can come at the cost of showing more irrelevant ads. In this

chapter, I combine the insights from Chapter 2 and 3, and propose a framework called

“Adaptive Ad Sequencing” that determines how a publisher can personalize a sequence

of ads for a user to maximize engagement. I document the gains from adopting this

framework compared to a series of benchmarks that are often used in practice. This

finding suggests that the publisher can create value by adaptive sequencing of ads.

This chapter is based on the paper Optimizing User Engagement through Adaptive Ad

Sequencing [104].

4. Chapter 5 – Adaptive Ad Sequencing: Value Extraction: While Chapter 4

shows a path to create value in the market through Adaptive Ad Sequencing, it is not

clear whether the publisher can extract optimal revenue from this created value. In

this chapter, I address the problem of value extraction and propose a unified framework

with two components – (1) a theoretical framework to derive the revenue-optimal dy-

namic auction in a setting where the publisher uses a forward-looking allocation rule,

and (2) an empirical framework that involves the structural estimation of advertisers’

private valuations. I document significant revenue gains from using the revenue-optimal

dynamic auction compared to the revenue-optimal static auction. These gains stem

from the improvement in the match between users and ads in the dynamic auction.

The revenue-optimal dynamic auction also improves all key market outcomes, such as

the total surplus, average advertisers’ surplus, and market concentration. This chapter

is based on the paper Revenue-Optimal Dynamic Auctions for Adaptive Ad Sequencing

[105].

While all the chapters work with the same setting and data source, there are differences

in the samples I used given the purpose of each chapter. As such, I present the setting and

data in each chapter separately. Some information may be a bit redundant, but the aim
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is to keep the chapters fully contained. Further, the contributions and implications of each

chapter are discussed separately.



5

Chapter 2

PERSONALIZATION AND PRIVACY

2.1 Introduction

2.1.1 Mobile Advertising and Targeting

Mobile advertising now constitutes the largest share of total digital ad spend [35]. The

popularity of mobile advertising stems from an ad format unique to the mobile environment:

in-app ads or ads shown inside apps. These ads have excellent user-tracking properties,

and allow ad-networks to stitch together user data across sessions, apps, and advertisers.1

Thus one of the main attractions of in-app advertising is its ability to facilitate behavioral

targeting [31].

While the advertising industry has lauded the trackability of in-app ads, consumers and

privacy advocates have derided them, citing privacy concerns. Advertisers argue that track-

ing allows consumers to enjoy free apps and content, and see relevant ads, whereas users

demand higher privacy and limits on behavioral tracking and targeting [32]. Responding

to consumer concerns, regulatory bodies have started taking action. For example, the Eu-

ropean Union’s General Data Protection Regulation agreement requires users to opt into,

rather than opt out of, behavioral targeting [77].

Even as consumers, businesses, and regulators are trying to find the right balance be-

tween consumer protection and business interests, we do not have a good understanding

of the key issues at the core of targeting and privacy. For example, to what extent does

targeting improve the efficiency of the advertising ecosystem, what is the value of different

1Advertisers and ad-networks have access to a unique device ID associated with the mobile device referred
to as IDFA (ID For Advertisers) in iOS devices, and AAID (Android Advertiser ID) in Android devices.
This device ID is highly persistent and remains the same unless actively re-set by the user.
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types of targeting information, and what are the incentives of different players in the adver-

tising industry to engage in user-tracking and behavioral targeting? The lack of a cohesive

framework to analyze these issues hampers our ability to have an informed discussion and

to form policy on them.

2.1.2 Research Agenda and Challenges

In this chapter, we seek to address this gap by providing a unifying framework to answer the

following sets of questions related to targeting and privacy in the advertising ecosystem.

The first set of questions relates to targeting and efficiency. How can ad-networks use the

data available to them to develop targeting policies? How can we evaluate the performance

of these policies in both factual and counterfactual settings? In particular, what are the

gains in CTR from adopting an efficient (CTR-maximizing) targeting policy? The second

set of questions relates to the value of targeting information. We are particularly interested

in the relative value of contextual vs. behavioral information. The former captures the

context (when and where) of an impression, and the latter summarizes an individual user’s

past app usage, ad exposure, and ad response. Contextual information is privacy-preserving,

whereas behavioral information is based on user-tracking and therefore impinges on users’

privacy. Third, we are interested in quantifying the revenue-efficiency trade-off and ad-

network’s incentives to enable different forms of targeting. What is the empirical relationship

between efficiency and ad-network revenues? What is the optimal level of targeting from the

perspective of different players in the market? Finally, to what extent are the ad-network’s

and advertisers’ incentives aligned?

There are three main challenges that we need to overcome to satisfactorily answer these

questions. First, to develop efficient targeting policies, we need to obtain accurate estimates

of CTR for all ads that could have been shown in an impression (i.e., counterfactual ads),

and not just the ad that was actually shown in that impression. Thus, we need exogenous

variation in the ad allocation mechanism to evaluate counterfactual targeting policies. Sec-

ond, to quantify the value of different pieces of targeting information, we need a model that
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can accurately predict whether a targeted impression will lead to a click or not. Models with

poor predictive ability will lead to downward bias in the estimates of the value of information.

Third, we need an underlying model of strategic interactions that can quantify market out-

comes (e.g., ad-network and advertiser revenues) under different targeting regimes. Without

an economic model that puts some structure on the ad-network’s and advertisers’ utilities,

we cannot make any statements on their incentives to target and/or the extent to these

incentives are aligned.

2.1.3 Our Approach

We present a unified and scalable framework that coherently combines predictive machine

learning models with prescriptive economic models to overcome the challenges listed above.

Our framework consists of two main components. The first, a machine learning framework

for targeting, addresses the first two challenges of obtaining counterfactual CTR estimates

and achieving high predictive accuracy in this task. The second is an analytical model that

incorporates competition and characterizes the ad-network’s and advertisers’ profits under

different targeting regimes. This addresses the third challenge of linking targeting regimes

to ad-network and advertiser revenues.

The main goal of the first component is to estimate the match value between an im-

pression and an ad, where match value can be interpreted as the CTR of an impression-ad

combination. Once we have match values for all impression-ad combinations, we can use

them to define and evaluate any counterfactual targeting strategy. Match values are thus

the key primitives of interest here, and we infer them by combining ideas from causal infer-

ence with predictive machine learning models. Our approach consists of three parts – (a) a

filtering procedure, (b) a feature generation framework, and (c) a learning algorithm. The

goal of the filtering procedure is to identify the set of ads for which we can generate accurate

counterfactual estimates of CTR for each impression. If the platform uses a deterministic

ad allocation mechanism (as is the common practice in the industry), then this set is null,

by definition. However, in our setting, there is exogenous variation in the ad allocation pro-
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cess, which gives us a non-empty set of counterfactual ads for each impression. Our filtering

procedure determines this set by identifying the ads which have a non-zero propensity of

being shown in a given impression. Next, our feature generation framework relies on a set of

functions to generate a large number of features that capture the contextual and behavioral

information associated with an impression. Using these functions, we generate a total of

160 features that serve as input variables into a CTR prediction model. Finally, we use

XGBoost, proposed by [22], a fast and scalable version of boosted regression trees, as our

learning algorithm.

In the second component, we focus on the ad-network’s incentives to allow targeting. In

an influential paper, [82] conjecture that while high levels of targeting can increase efficiency

in the market, it can reduce the ad-network’s revenue by softening the competition between

advertisers. We propose a theoretical framework that allows us characterize this revenue-

efficiency trade-off under counterfactual targeting regimes. To take this framework to data,

we need an estimate of each advertisers’ valuation for a given impression. This valuation can

be decomposed into two sets of primitives: (a) match valuations or CTRs for all impression-

ad combinations, and (b) advertisers’ click valuations for each impression. While match

valuations are already available from the machine learning targeting framework, we need to

infer click valuations by inverting advertisers’ observed equilibrium bids [53]. The product

of these two entities gives us each advertiser’s value of a given impression, which allows us

to quantify the ad-network’s revenue, advertisers’ surplus, and total surplus under different

targeting regimes.

We apply our framework to one month of data from the leading mobile ad-network

from a large Asian country. The scale and scope of the data are large enough to provide

realistic substantive and counterfactual results. For our analysis, we sample over 27 million

impressions for training, validation, and testing, and use another 146 million impressions for

feature generation. A notable feature of our setting is the use of a quasi-proportional auction

allocates impressions to ads using a probabilistic rule: an advertiser’s probability of winning

an impression is proportional to her bid. This induces randomization or exogenous variation
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in ad allocation, which in turn, allows us to estimate match valuations for counterfactual ad-

impression combinations. At the same time, the auction mechanism preserves the strategic

linkage between bids and advertisers’ click valuations, which allows us to estimate click

valuations from the bid data. Our setting thus facilitates the separate identification of both

match and click valuations.

2.1.4 Findings and Contribution

We first discuss the results from the machine learning model for targeting. We present

both factual and counterfactual evaluations of our model. In the factual evaluation, we use

goodness-of-fit measures to evaluate how well our model can predict the observed outcome.

We find that our model predicts the outcome on a hold-out test set with substantial accuracy:

it achieves a Relative Information Gain (RIG) of 17.95% over a baseline model that simply

predicts the average CTR for all impressions. Next, we find that behavioral information

contributes more to the predictive accuracy of the model compared to contextual information.

In the second part of our evaluation, we consider the efficient targeting policy, wherein each

impression is allocated to the ad with the highest estimated CTR in that impression. We

show that this efficient targeting policy can increase the average CTR in the ad-network by

66.80% over the current system.

Next, we link advertisers’ targeting strategies to ad-network’s incentives and revenues.

First, we theoretically prove that in an efficient auction mechanism (e.g., second-price auc-

tion) – (a) the total surplus in the system monotonically increases as the extent of targeting

increases, but (b) the ad-network’s revenues are not monotonic; it may or may not increase

with more granular targeting. So we take our theoretical framework to data and perform

empirical counterfactuals to compare ad-network revenues under different targeting regimes.

In particular, we consider four targeting regimes that relate to our research agenda –

full (impression-level targeting), behavioral (user-level targeting), contextual (app-time-level

targeting), and no targeting. We find that the ad-network’s revenue is maximized when it

restricts targeting to the contextual level even though doing so lowers total surplus, i.e.,
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allowing behavioral targeting thins out the market, which in turn reduces ad-network rev-

enues. Therefore, the ad-network has economic incentives to adopt a privacy-preserving

targeting regime, especially if it cannot extract additional surplus from advertisers through

other mechanisms. On the advertisers’ side, we find that although a majority of them prefer

a regime where the ad-network allows behavioral targeting, not all do. An important impli-

cation of our findings is that it may not be necessary for an external entity such as EU/FCC

to impose privacy regulations, in light of ad-networks’ economic incentives.

This chapter makes several contributions to the literature. First, from a methodological

perspective, we propose a novel machine learning framework for targeting that is compatible

with counterfactual analysis in a competitive environment. A key contribution of our tar-

geting framework is in combining existing ideas from causal inference literature with recent

machine learning literature to generate counterfactual estimates of user behavior under alter-

native targeting regimes. Further, we present an efficient auction framework with targeting

that characterizes advertisers’ utility function under any targeting regime and provides a

direct link to the estimation of market outcome such as efficiency and revenue. Second, from

a substantive perspective, we provide a comprehensive comparison of contextual and behav-

ioral targeting, with and without the presence of competition. To our knowledge, this is the

first study to compare the role of behavioral and contextual targeting on market outcomes.

Third, from a managerial perspective, our results demonstrate a non-monotonic relationship

between targeting granularity and revenues. While our findings may depend on the context

of our study, our framework is generalizable and can be applied to most standard advertising

platforms that use deterministic auctions as long as the platform randomizes ad allocation

over a small portion of the traffic (which would satisfy the unconfoundedness assumption).

Finally, from a policy perspective, we identify the misalignment of the ad-network’s and

advertisers’ incentives regarding behavioral and contextual targeting and information dis-

closure. We expect our findings to be of relevance to policy-makers interested in regulating

user-tracking and behavioral targeting in the advertising space.

The rest of this chapter is organized as follows. In §2.2, we discuss the related litera-



11

ture. We introduce the setting and data in §2.3. In §2.4, we present our machine learning

framework for targeting, and in §3.6 we presents a series of results on efficiency gains from

targeting. Next, in §2.6, we develop a theoretical framework for analyzing the revenue-

efficiency trade-off and a corresponding empirical analysis of auctions with targeting. In

§2.7, we present the results on market outcomes under counterfactuals targeting regimes.

Finally, in §2.8, we conclude with a discussion on the generalizability of our framework and

our main contributions.

2.2 Related literature

First, this chapter relates to the computer science literature on CTR prediction [93, 61, 21].

These papers make prescriptive suggestions on feature generation, model selection, learning

rates, and scalability. Our work differs from these papers in two main ways. First, we develop

a filtering procedure that allows us to obtain accurate CTR estimates for both the ad shown

during an impression as well as counterfactual ads not shown in the impression. Thus, unlike

the previous papers, our framework can be used to develop and evaluate different targeting

policies. Second, we quantify the value of different types of information in the targeting of

mobile ads, whereas the previous papers were mainly concerned with click prediction.

This chapter also relates to the literature on ad-network’s incentives to allow targeting.

[82] were one of the first to conjecture the trade-off between value creation and market

thickness. They argue that too much targeting can thin out markets, which in turn can

soften competition and make the ad-network worse off. This is particularly the case when

there is significant heterogeneity in the distribution of advertisers’ valuation of impressions

[20]. Building on this insight, a growing stream of analytical papers show that there is

a non-monotonic pattern between the extent of targeting and ad-network revenues [13, 2,

65, 26, 121]. A key difference between these papers and ours is that we do not make any

distributional assumptions on the match values in our analytical model.

In spite of the increasing interest from the theoretical side, there has been limited em-

pirical work on this topic with mixed findings. In an early paper, [135] present a structural
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model to estimate advertisers’ valuations and show that targeting benefits both advertisers

and the ad-network. In a similar context, however, [7] present a case study of two keywords

and show that coarsening CTR predictions (worse targeting) can help a search advertising

ad-network generate more revenue. However, unlike this chapter, neither of these papers can

effectively design or evaluate counterfactual targeting regimes because their data come from

highly targeted eco-systems without any randomization in ad-allocation. More broadly, ours

is the first empirical paper to view revenue-efficiency trade-off through the lens of privacy

and quantify the ad-network’s incentives to preserve users’ privacy.

Next, our work relates to the literature on the interplay between privacy and targeting.

[49] use data from a series of regime changes in advertising regulations and show that re-

stricting targeting reduces response rates and thereby advertisers’ revenues. Similarly, [48]

and [129] highlight the perils of excessive targeting as users perceive increased targeting as

a threat to their privacy. Please see [47] for an excellent review of targeting in online adver-

tising and [1] for a detailed discussion of consumer privacy issues. This chapter contributes

to this literature by providing the first empirical evidence in support of the possibility of

self-regulation in this market.

Finally, this chapter adds to the growing literature on applications of machine learning

in marketing, which focus on prediction problems; see [128] and [29] for excellent summaries.

This chapter contributes to this stream by demonstrating how a combination of theory-driven

frameworks and machine-learning methods can be used to go beyond prediction and help

answer important substantive and prescriptive questions.

2.3 Setting and Data

2.3.1 Setting

Our data come from the leading mobile in-app advertising network of a large Asian country,

which had over 85% market-share in the category in 2015. The ad-network works with over

10,000 apps and 250 advertisers and it serves over 50 million ads per day (about 600 auctions
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per second). This ad-network specializes in the Android Operating System. At the time of

our study, smartphone penetration was reasonably high in the country with over 60% of the

population having access to smartphones. The share of Android OS was over 85% of the

market in this country in 2015, which is consistent with its share worldwide [115].

Players

There are four key players in this marketplace.

Users: Individuals who use apps. They see the ads shown within the apps that they use

and may choose to click on the ads.

Advertisers: Firms that show ads through the ad-network. They design banner ads and

specify their bid as the amount they are willing to pay per click, and can include a maximum

budget if they want to. Advertisers can target their ads based on the following variables: app

category, province, connectivity type, time of the day, mobile operators, and mobile brand of

the impression. The ad-network does not support more detailed targeting (e.g., behavioral

targeting) at this point in time.

Publishers: App developers who have joined the ad network. They accrue revenues based

on the clicks generated within their app. Publishers earn 70% of the cost of each click in

their app (paid by the advertiser), and the remaining 30% is the ad-network’s commission.

Ad-network or Platform: It functions as the matchmaker between users, advertisers, and

publishers. It runs a real-time auction for each impression generated by the participating

apps and shows the winning ad during the impression. The platform uses a CPC pricing

mechanism, and therefore generates revenues only when clicks occur. 2

2An impression lasts one minute. If a user continues using the app beyond one minute, it is treated as a
new impression and the platform runs a new auction to determine the next ad to show the user.
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Auction Mechanism

The platform uses a quasi-proportional auction mechanism [94]. Unlike other commonly-used

auctions (e.g., second price or Vickrey), this auction uses a probabilistic allocation rule:

πia =
baqa∑
j∈Ai bjqj

(2.1)

where πia is the probability that advertiser a with bid ba and quality score qa wins impression

i, and Ai denotes the set of advertisers participating in the auction for impression i. The

quality score is an aggregate measure that reflects the advertiser’s potential profitability for

the platform. Currently, the platform does not use impression-specific quality scores; rather

it uses an advertiser-specific quality score that remained constant during our observation

period.

Because of the probabilistic nature of the auction, the ad that generates the highest

expected revenue for the platform is not guaranteed to win. Rather, advertiser a’s probability

of winning is proportional to baqa.
3 Further, advertisers are only charged when a user clicks on

their ad. The cost-per-click for an impression is determined using a next-price mechanism

similar to that of Google’s sponsored search auctions. In this case, the amount that the

winning ad is charged per click is the minimum amount that guarantees its rank among the

set of bidders. For example, suppose that there are three advertisers with bids 1, 2, and

3, and quality scores 0.1, 0.2, and 0.3, bidding on an impression. Then, the product of bid

and quality score for the three advertisers are 0.1, 0.4, and 0.9, respectively. In this case, if

the second-ranked bidder wins the auction, he only needs to pay 1×0.1
0.2

= 0.5, since it is the

minimum bid amount that guarantees that he will be ranked higher than the third-ranked

bidder. Formally, we can write the cost-per-click for ad a in impression i as:

CPCia = inf

{
b′
∣∣ ∑
j∈Ai,j 6=a

1(b′qa ≤ bjqj) =
∑

j∈Ai,j 6=a

1(baqa ≤ bjqj)

}
, (2.2)

3From a practical perspective, probabilistic auctions ensure that individual users are not exposed to the
same ad repeatedly within the same app-session (which can be irritating). In contrast, in a deterministic
auction, the same advertiser would win all the impressions until his budget runs out.
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where
∑

j∈Ai,j 6=a 1(baqa ≤ bjqj) is essentially the number of ads whose product of bid and

quality score is lower than ad a, and the infimum over this set finds the minimum bid (b′)

that guarantees ad a’s rank. Finally, note that the platform uses a fixed reserve price, r0, for

all impressions. It is the minimum bid that is accepted by the platform. So, if an advertiser

is not willing to pay at least r0 per click, he is automatically out of competition.

2.3.2 Data

We have data on all the impressions and corresponding clicks (if any) in the platform for a

30-day period from 30 September, 2015, to 30 October, 2015. For each impression, we have

data on:

• Time and date: The time-stamp of the impression.

• AAID: Android Advertising ID is a user re-settable, unique, device ID that is provided by

the Android operating system. It is accessible to advertisers and ad networks for tracking

and targeting purposes. We use it as the user-identifier in our main analysis.

• App ID: A unique identifier for apps that advertise through the platform.

• Ad ID: Identifier for ads shown in the platform.

• Bid: The bid that the advertiser has submitted for her ad. Advertisers bids do not change

across impressions in our sample.

• Cost-per-Click (CPC): The price that the winning advertiser has to pay, if she wins the

impression and a click occurs. This is calculated by the ad-network based on Equation

(2.2).

• Location: This includes the province as well as the exact location of a user, based on

latitude and longitude.

• Connectivity type: It refers to the user’s type of connectivity (e.g., Wi-Fi or cellular

data).

• Smartphone brand: The brand of user’s smartphone (e.g., Samsung, Huawei, etc.).

• MSP: The user’s mobile-phone service provider.
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• ISP: The user’s Internet service provider.

• Click indicator: This variable indicates whether the user has clicked on the ad or not.

The total data we see in this one month interval is quite large. Overall, we observe a total of

1,594,831,699 impressions and 14,373,293 clicks in this time-frame, implying a 0.90% CTR.

2.3.3 Data Splits and Sampling

We use penultimate two days of our sample period (October 28 and 29) for training and

validation, and the last day for testing (October 30). We also use the preceding history from

September 30 to Oct 27 (referred to as global data) to generate the features associated with

these impressions. The splits of data are shown in Figure 2.1. Note that we do not fit our

model on the global data because we do not have sufficient history to generate features for

these impressions. Further, constraining all the three data-sets – training, validation, and

testing – to a three-day window has advantages because recent research has shown that data

freshness plays an important role in CTR prediction, i.e., using older history for prediction

can lead to poor predictive performance [61].

We draw a sample of 728,340 unique users (out of around 5 million) seen on October

28, 29, and 30 to form our training, validation, and test data-sets.4 In Appendix §A.5.4, we

show that this sample size is sufficient and that larger samples do not significantly improve

model performance.

Figure 2.1 presents a visual depiction of the sampling procedure. Rows represent users.

The impressions by users in our sample are shown using black points. There are 17,856,610

impressions in the training and validation data, and 9,625,835 impressions in the test data.

We have an additional 146,825,916 impressions by these users in the time preceding October

28, which form global data. These impressions will be solely used for feature generation

(and not for model fitting). Note that both our user-based sampling procedure and feature

4Another approach would be to randomly sample impressions in each split of the data. However, this
would not give us the complete user-history for each impression in the training, validation, and test data-
sets. This in turn would lead to significant loss of accuracy in user-level features, especially since user
history is sparse. In contrast, our user-based sampling approach gives us unbroken user-history.



17
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Figure 2.1: Schema for data generation.

generation approach (see Appendix §A.2) require us to be able to identify and track users.

For this purpose, we use the AAID variable as our user identifier.

2.3.4 Summary Statistics

We now present some summary statistics on our training, validation, and test data, which

constitutes a total of 27, 482, 444 impressions.

Table 2.1 shows the summary statistics of the categorical variables in the data. For

each variable, we present the number of unique values, the share of top three values that

the categorical variable can take, and the number of non-missing data. While we always

have information on the app, ad, and time-stamp of the impression, the other variables

are sometimes missing. The shares are shown after excluding the missing variables in the

respective category.

We observe a total of 263 unique ads and 9709 unique apps in the data. The top three

sub-categories in each have large shares and there is a long tail of smaller apps and ads.

Moreover, as shown in Figure 2.2, we find that the top 37 ads account for over 80% of the
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Variable
Number of Share of top categories Number of

categories 1st 2nd 3rd impressions

App 9709 37.12% 13.56% 3.05% 27,482,444

Ad 263 18.89% 6.71% 6.31% 27,482,444

Hour of the Day 24 7.39% 7.32% 6.90% 27,482,444

Province 31 25.25% 6.65% 6.51% 21,567,898

Smartphone Brand 8 46.94% 32.30% 9.53% 25,270,463

Connectivity Type 2 54.64% 45.36% 27,482,444

ISP 9 68.03% 14.02% 7.09% 10,701,303

MSP 3 48.57% 43.67% 7.76% 26,051,042

Table 2.1: Summary statistics for the categorical variables.

impressions, and similarly, the top 50 apps account for 80% of impressions.

Next, we present some descriptive analysis that examines the role of contextual and

behavioral information in predicting CTR. A context is characterized by the ‘when’ and

‘where’ of an impression. As such, we define a unique context as a combination of an

app and a specific hour of the day. Figure 2.3 shows the histogram of CTR for different

contexts. As we can see, there is a significant amount of variation in CTR across contexts,

which suggests that contextual information can be informative for predicting clicks. Next,

to understand the role of behavioral information, we focus on the length of history available

for a user. Figure 2.4 shows the CDF of the length of history for all the impressions and

clicks. It suggests that users with longer histories are less sensitive to ads. Most of the clicks

come from users with shorter histories, while most impressions come from users with longer

histories. Thus, user-history or behavioral information also seem helpful in explaining the

clicking behavior observed in data.
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Figure 2.2: Cumulative fraction of impressions associated with the top 100 ads and top 100

apps.

2.4 Machine Learning Framework for Targeting

In this module, our goal is to develop a framework that can accurately estimate the gains

in efficiency or the CTR for any targeting policy. To do that, we first need to specify and

train a machine learning model that accurately predict the match between an impression

and an ad, i.e., predict whether an impression will generate a click or not, for both factual

and counterfactual ads.

This section is organized as follows. We first define our problem in §2.4.1. Next, in §2.4.2,

we discuss our empirical strategy. Here, we explain the need for, and the extent of, random-

ization in our data generating process, and propose a filtering approach that establishes the

scope of our framework in estimating both factual and counterfactual targeting policies. In

§2.4.3, we present the details of our feature generation framework. Finally, in §2.4.4, we

discuss our estimation procedure which consists of the learning algorithm, the loss function,
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Figure 2.3: Histogram of click-through rates

(CTR) for different contexts. Context is defined

as a unique combination of an app and an hour of

the day (where and when of an impression)
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Figure 2.4: Empirical CDF of the length of user

history for impressions and clicks (truncated at

5000). History is defined as the number of previ-

ous impressions from September 30 till the current

impression.

and the validation method.

2.4.1 Problem Definition

Consider a setting with N impressions and A ads. We begin with a formal definition of a

targeting policy.

Definition 1 A targeting policy τ is defined as a mapping between impressions to ads such

that each impression is allocated one ad. For example, τ(i) = a means that targeting policy

τ selects ad a to be shown in impression i.

In order to evaluate the effectiveness of a targeting policy, we first need an accurate prediction

of CTR for each ad for a given impression in our data. That is, for each impression i and ad

a, we need to estimate Pr(yi,a = 1), where yi,a is the indicator that ad a receives a click when

it is shown in impression i. This brings us to the formal definition of match value matrix:
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Definition 2 Let mi,a = Pr(yi,a = 1). The N × A match value matrix M is defined as:

M =


m1,1 m1,2 . . . m1,A

m2,1 m2,2 . . . m2,A

...
...

. . .
...

mN,1 mN,2 . . . mN,A

 , (2.3)

where N denotes the total number of impressions in our data and A denotes the total number

of ads competing for these impressions. There is a corresponding N ×A matrix of outcomes

Y , which consists of elements yi,a. Note that we only observe the realized outcome for one

element in each row or impression i for Y , which corresponds to the ad a = ai which was

actually shown in that impression in our data. The rest of the elements are treated as

potential or unrealized outcomes.

In this section, our goal is to develop a machine learning framework to estimate this

match value matrix. We can use our estimated match value matrix, M̂ , to perform the

following analyses:

1. Evaluate model performance: We can evaluate the predictive performance of our

model using the observed outcome. Let τ0 denote the current targeting policy, such

that:

τ0(i) = ai, (2.4)

where ai is the ad that is actually shown in impression i. Since we observe the actual

outcomes for yi,ai , we can evaluate how well our m̂i,ai ’s estimate these outcomes.

2. Evaluate the gains from efficient targeting policy: Using the match value matrix,

we can evaluate the expected CTR of any counterfactual targeting policy τ as follows:

m̂τ =
1

N

N∑
i=1

m̂i,τ(i) (2.5)

In particular, we are interested in the efficient targeting policy, τ ∗, determined by

our model that allocates each impression to the ad with the highest CTR for that
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impression:

τ ∗(i) = argmax
a
m̂i,a (2.6)

In §2.5.2, we quantify the gains in average CTR from efficient targeting over the current

system.

2.4.2 Empirical Strategy

We now present our empirical strategy to estimate matrix M . At a high-level, our goal is

to build a model to predict whether an impression i showing ad a will receive a click or not,

based on the joint distribution of impressions and clicks in our data. That is, we seek to

estimate a function f(Xi,a) such that:

mi,a = Pr(yi,a = 1) = f(Xi,a), (2.7)

where Xi,a is a set of features that are informative of whether impression i showing ad a

will receive a click. Since this problem can be interpreted as function evaluation, we turn to

machine learning algorithms that can capture complex relationships between the covariates

and the outcome without imposing strong parametric restrictions on f(·).

While machine learning methods can flexibly learn the function f from the data, their

prediction power is bounded by the joint distribution of co-variates and outcome (click) in

the data. That is, these methods can accurately predict the outcome for an observation only

if that observation could have been observed in the data. This requirement gives rise to two

main challenges in evaluation of counterfactual targeting policies:

Challenge 1 Function f cannot learn mi,a from the data if ad a could have never been

shown in impression i, i.e., ad a has zero propensity of being shown in impression i.

The reason is simple: if ad a could have never been shown in impression i, then the set of

features Xi,a is not within the joint distribution of the observed data. For example, if the

ad for a fashion clothing brand was never shown in a sports app, then it is not possible to

recover the fashion ad’s click probability in the sports app.



23

It is worth noting that if the platform runs a deterministic auction (e.g., second price

auction), the set of ads that could have won the auction (and hence been shown during an

impression) is a singleton. Similarly, the set of ads that can be shown in an impression in

highly targeted environments would be very small. Therefore, data-sets generated without

any randomization in the ad allocation mechanism will not allow researchers to push the scope

of their analysis beyond the set of actual outcomes observed in the data. Randomization in

ad allocation is thus necessary if we want to use our framework to evaluate the effectiveness of

counterfactual targeting policies. This brings us to our first remark, that addresses Challenge

1.

Remark 1 Any ad participating in the auction for impression i (∀ a ∈ Ai) has a non-zero

propensity of being shown in impression i.

This is a direct result of the quasi-proportional auction run by the platform. As shown in

Equation (3.1), each ad that participates in an auction has a non-zero probability of winning.

This claim is the equivalent of the positivity or overlap assumption in the causal inference

literature [114].

While any kind of randomization can help overcome Challenge 1, we need to know the

distribution of randomization to be able to correctly infer the click probability of counter-

factual ads in any given impression i, i.e., infer mia for ads a 6= ai. If ads are randomized

according to an unobserved rule, we may run into selection issues and obtain biased estimates

of mia. We can characterize this challenge as follows.

Challenge 2 Function f cannot correctly infer match values (mias) for counterfactual ads, if

the allocation rule is a function of an unobserved variable that is correlated with the outcome.

The following example helps illustrate this challenge: suppose that ad aY is targeted

more towards younger users, whereas ad aO is targeted more towards older users. Now, if

younger users have a higher probability of click, failure to account for users’ age will lead

us to attribute the better performance of ad aY to the ad, rather than to users’ age. In the
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causal inference literature, this is usually known as endogeneity or selection on unobservables

[134].

In our setting, we can simulate the allocation rule using the observed covariates. This

gives us the unconfoundedness assumption, which we characterize in Remark 2.

Remark 2 For any impression i, ad allocation is independent of the set of the potential

outcomes for participating ads (a ∈ Ai), after controlling for the observed covariates:

{yi,a}a∈Ai ⊥⊥ ai | Xi,a (2.8)

Again, the allocation rule in Equation (3.1) directly satisfies the unconfoundedness assump-

tion because everything in the right-hand side of this equation is known. First, for each i, we

can infer the set of ads competing (Ai) from our data because we observe all the targeting

variables that can induce variation in Ai. Second, advertisers do not change their bids and

the platform does not customize the quality score for each impression. Hence, baqa remains

constant throughout our study and we can easily infer propensity scores πia from the data,

controlling for Ai.

Together, in light of Remarks 1 and 2, we can estimate the match values mi,a, not only

for the ad that is shown in impression i, but for any counterfactual ad that could have

been shown with non-zero propensity score. Naturally, estimates for small ads with a very

small probabilities of winning will be noisy. However, it is possible to overcome this issue

by focusing on the top 37 ads that constitute over 80% of our data. We first discuss our

procedure for identifying the set of all participating ads in each impression that have non-

zero propensity scores. Next, we discuss how we estimate these propensity scores and assess

covariate balance.

Filtering Procedure

As discussed earlier, if ad a could have never been shown in impressions i, we cannot accu-

rately estimate the match value for that impression-ad combination mi,a. As such, we need
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to identify the set of participating ads in each impression and filter those that have zero

propensity of being shown. In general, two factors influence whether an ad is available to

participate in an auction for an impression.

• Targeting: Targeting by advertisers is the main reason why some ads are unavailable to

compete for certain impressions, and therefore have zero probability of being shown in

them. For example, if an ad chooses to target only mornings, then it is not considered in

the auctions for impressions in evenings. In that case, we should filter out this ad for all

impressions in the evening. While limited, targeting is nevertheless present in our setting,

and mainly happens on province, time, and app categories. Hence, for each impression

i, we filter out all ads that were excluded from the auction for i because of targeting.

• Campaign availability: Second, some ads may be unavailable to compete for a given

impression because their ad campaigns may not be running in the system when the

impression happens. This could happen either because the advertiser’s budget has been

exhausted, or because the advertiser has exited the market. Therefore, for each impression

i, we filter out ads that were unavailable when it happens. Empirically, we find that

campaign availability is not a major factor that leads to ad-filtering since we focus on

top ads.5

We now construct a filtering matrix EN×A = [ei,a] that filters out ads for each impression

based on the factors discussed above, where each element ei,a takes value 1 if ad a has a non-

zero probability of winning impression i, and 0 otherwise. Each row in this matrix shows

which ads are competing for an impression.6 However, our filtering may not be accurate

for observations with missing targeting variables. Therefore, for all the analyses that use

filtering, we only focus on the Filtered Sample, which consists of the impressions in the test

data for which all targeting variables are non-missing. Figure 2.5 shows the empirical CDF

5Only six ads experience budget exhaustion (at least once) in the training data, four of which are com-
pletely out for auctions in the test data.

6Note that this information is not directly observed but inferred from advertisers’ targeting decisions and
campaign availability.
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Figure 2.5: Empirical CDF of the number of competitors (of the top 37 advertisers) per

impression for the Filtered Sample.

of the number of competing ads for each impression in the Filtered Sample data among top

37 ads per impression. Note that almost all impressions have at least 8 top ads competing

for it, and the median impression has 13 top ad competitors.

Propensity Score Estimation and Covariate Balance

As discussed earlier, the accuracy of our counterfactual match value estimates is predicated

on the independence of assignment to ads and potential outcomes, given the observed covari-

ates. While we know that this is theoretically true in our setting because of the allocation

rule (Remark 2), we nevertheless need to empirically demonstrate the validity of this remark

in our setting.

The standard practice in these cases is to assess and show covariate balance, since it

is a necessary condition for unconfoundedness assumption. In simple settings, where both

treatment and control are randomly assigned with a fixed probability to the entire population,

we can easily assess balance by comparing the pre-treatment variables across treatment and
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control groups. Our case is more complicated because of two reasons: (1) assignment to ads

is not fully random, but random given the propensity scores, and (2) since we focus on top

37 ads, we have more than two treatment arms. To assess covariate balance, we therefore

need to take the following steps:

1. Step 1 – Propensity Score Estimation: The first step is to estimate the propensity

score πia for all a and i. Since we have multiple treatments, the dependent variable is

a categorical variable with multiple classes. We use a multi-class XGBoost to estimate

propensity scores given the success of machine learning methods in propensity score

estimation [92]. Please see Appendix §A.1.1 for more details.

2. Step 2 – Assessing Covariate Balance: Once we have the estimates for propensity

scores, we can assess the balance for all pre-treatment covariates. In our case, these

covariates are the variables that advertisers can target on: province, app, time of the

day, smartphone brand, connectivity type, and MSP. To assess balance, we need to

show that the inverse propensity weighted distribution of each pre-treatment variable

is the same across all the ads. Following the norm in the literature, we use standardized

difference of the weighted mean of a covariate when assigned to ad a and the population

mean of covariate and rule for balance if this difference is below 0.2 [92]. Please see

Appendix §A.1.2 for details on our balance measures and results.

2.4.3 Feature Generation Framework

As discussed in §2.4.2, our goal is to build a model, mia = Pr(yia = 1) = f(Xia) to accurately

predict whether an impression i will receive a click or not. As such, we first need a vector of

features Xi,a that captures the factors that affect whether the user generating impression i

will click on ad a.

It is important to generate an exhaustive and informative set of features since the predic-

tive accuracy of our model will largely depend on the quality of features we use. Given our

research agenda, our features should also be able to capture the contextual and behavioral
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information associated with an impression over different lengths of history preceding the

impression (long-term, short-term, and session-level). To achieve these objectives, we adopt

the main ideas from the functional feature generation framework proposed by [137]. There

are three advantages of doing so. First, her function-based approach allows us to generate

a large and varied set of features using a parsimonious set of functions. Second, it allows

for a natural mapping between feature inputs and feature classification. Third, the general

class of features she suggests have been shown to have good predictive power in this class of

problems.

We now present a short overview of our feature functions and feature categorization

below, and refer interested readers to Appendix §A.2 for a more detailed description.

Inputs for Feature Functions

To generate a set of features for each impression, we use feature functions that take some

inputs at the impression level and output a corresponding feature for that impression. Our

feature functions typically need two types of inputs:

• Impression-specific information: Each impression in our data can be uniquely character-

ized by three types of information – (1) contextual information that captures the context

(where and when) of the impression, i.e., which app serves this impression and at what

time (hour of day) is the impression being shown, (2) behavioral information that denotes

the identity of the user generating this impression, and (3) ad-related information, that

denotes the identity of the ad which was shown during this impression.

• History: This input characterizes the history over which we aggregate to calculate the

output of our functions. We define three different levels that capture the long-term (ap-

proximately one month), short-term (3 days), and ongoing session-level history. Besides,

we characterize the history in such a way that we can update the features in real-time.

To reduce the dimensionality of our feature sets and boost the speed of our feature generation

framework, we group the smaller apps (below top 50) into one app-category and all the
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smaller ads (below top 37) into one ad-category. Thus, our features do not distinguish the

context of smaller apps (ads) as separate from each other, though they are able to distinguish

them from the top apps (ads). Please see Appendix §A.2.1 for a complete formal definition

of the inputs for feature functions.

Feature Functions

One challenge we face is that most of the information characterizing an impression-ad com-

bination is categorical in nature, e.g., the app showing the ad, the user seeing the ad. As

a result, approaches that include all these categorical raw inputs and their interactions as

covariates are prone to the curse of dimensionality. So we define functions that take these

raw inputs as well as their interactions and map them onto a parsimonious set of features

that reflect the outcome of interest – CTR.

We present an overview of our feature functions in Table 2.2 along with their functionality

(see Appendix §A.2.2 for a detailed description of the feature functions). These functions

take different inputs based on the focal impression and return outputs that are integers or

real numbers. These inputs are basically interactions of different raw inputs. The following

examples give a high-level overview of what these functions do. Let pi, ti, ui, and ai denote the

app, hour, user, and ad associated with impression i. If the function Impressions is given pi,

ui, and ai and long-term history as inputs, it simply returns the number of times user ui has

seen ad ai inside app pi from the start of the data till the time at which impression i occurred.

However, if it is only given ui and short-term history, it returns number of impressions user

ui has seen across all apps and ads over the last three days. Using this logic, we give different

sets of inputs to these functions and generate 98 features for each impression i. In addition,

we include a few standalone features such as dummies for each of the top ads, the user’s

mobile and Internet service providers, latitude, longitude, and connectivity type. Overall,

we have a total of 160 features for each impression-ad (ia) combination. Together, these

features capture the interactive effects of advertising that are documented in the literature

such as carryover effects [118], spillover effects [85], and effects of ad variety [106]. Please see
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Function Functionality

Impressions Number of impressions for a given set of inputs over a pre-specified history

Clicks Number of clicks for a given set of inputs over a pre-specified history

CTR Click-through rate for a given set of inputs over a pre-specified history

AdCount Number of distinct ads shown for a given set of inputs over a pre-specified history

Entropy Dispersion of ads shown for a given set of inputs over a pre-specified history

AppCount Number of distinct apps used by a given set of inputs over a pre-specified history

TimeVariability Variance in the user’s CTR at different hours of the day over a pre-specified history

AppVariability Variance in the user’s CTR across different apps over a pre-specified history

Table 2.2: Feature functions.

Appendix §A.2.3 for the full list of features.

Feature Categorization

All our features capture one or more type of information – contextual, behavioral, and

ad-specific. To aid our analysis, we therefore classify features based on the type of infor-

mation used to generate them and group them into the following (partially overlapping)

categories:

• Contextual features (FC): These are features that contain information on the context of

the impression – app and/or hour of the day.

• Behavioral features (FB): These are features that contain information on the behavior of

the user who generated the impression.

• Ad-specific features (FA): These are features that contain information on the ad shown

during the impression.

The three feature sets form our full set of features FF = FB ∪FC ∪FA. We now present a

few examples of features generated using the Clicks function to elucidate this classification.

The total clicks made by user ui across all apps, ads, and hours of the day in the past
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Figure 2.6: Venn diagram of the three feature sets, with the number of features in each

region.

month is a purely behavioral feature since it only contains information on the behavior of

the user who generated impression i. On the other hand, the total clicks made by user ui in

the app pi over the last month is both a behavioral and contextual feature since it contains

information on both the behavior of ui as well as the context (app pi) in which she made

these clicks. Finally, the total clicks received by ad ai over the last one month across all users,

apps, and times is a purely ad-specific feature since it only reveals information about the

ad’s propensity to receive clicks. Thus a feature can contain any combination of behavioral,

contextual, or ad-specific information depending on the inputs used to generate it. Please

see Table A.1 in the Appendix for a mapping between each feature and the categories that

it falls under and Figure 2.6 for a Venn diagram of our classification system.

2.4.4 Learning Algorithm: XGBoost

We now discuss the final step of our machine learning framework – the learning algorithm,

which helps us learn the function f(Xi,a). It provides a mapping between our feature set
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(Xi,a) and the match value or click probability, as: f(Xi,a) = mi,a = Pr(yi,a = 1). Given

that we want to maximize the predictive accuracy of the model, we do not want to impose

parametric assumptions f(·). The problem of function evaluation is fundamentally different

and harder than the standard approach used in the marketing literature, wherein we simply

evaluate parameters after assuming a functional form. In the latter, the researcher only needs

to search over the set of parameters given functional form, whereas in the former we have to

search over the space of functions. Therefore, we turn to machine learning algorithms that

are designed for this task.

Specifically, we employ the XGBoost algorithm proposed by [22]. XGBoost is a variant of

the standard boosted regression trees, and is one of the most successful prediction algorithms

developed in the last few years. It has been widely adopted in both academia and industry.7

At a high level, boosted regression trees can be thought of as performing gradient descent in

function space using shallow trees as the underlying weak learners [17, 41]. While boosted

trees have been around for over a decade, [22]’s implementation is superior to earlier imple-

mentations from both methodological and implementation standpoints.8 We refer interested

readers to Appendix §A.3 for a more detailed description of XGBoost and now focus on two

key components of our implementation: loss function and validation procedure.

To train any learning model, we need to specify how the model should penalize model fit,

i.e., the difference between the observed outcome yi,ai and model prediction m̂i,ai (where ai

refers to the ad shown in impression i). This is done using a loss function, which the machine

7Boosted trees in general, and XGBoost in particular, perform exceptionally well in tasks involving
prediction of human behavior. Examples include store sales prediction, customer behavior prediction,
product categorization, ad CTR prediction, course dropout rate prediction, etc. Indeed, almost all the
KDD cup winners have used XGBoost as their learning algorithm (either as a standalone model or in
ensembles) since 2015.

8First, from a methodological standpoint, XGBoost can be interpreted as performing Newton boosting in
the function space (as opposed to gradient descent), and thereby uses information from the Hessian as well.
Thus, both the quality of the leaf structure and the leaf weights learned are more accurate in each step.
Second, XGBoost uses a trick commonly used in Random Forests – column sub-sampling,which reduces
the correlation between subsequent trees. Third, XGBoost employs a sparsity-aware split finding, which
makes the algorithm run faster on sparse data. Finally, from an implementation perspective, XGBoost is
highly parallelized, which makes it fast and scalable.
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learning algorithm minimizes. Since our outcome variable is binary, we use logarithmic loss

(log-loss) as our loss function. It is the most commonly used loss function in the CTR

prediction literature [?] and has some attractive properties, e.g., a faster convergence rate

compared to other loss functions such as squared loss [113]. The log-loss for a model with

predictions M̂ when the prediction matrix is Y can be written as:

Llog loss(M̂, Y ) = − 1

N

N∑
i=1

(yi,ai log (m̂i,ai) + (1− yi,ai) log (1− m̂i,ai)) (2.9)

Note that while the log-loss function takes as inputs the two matrices M̂ and Y , the metric

is calculated only over those ad-impression combinations that are actually observed in the

data.

Validation is an important part of training any machine learning model. The boosting

algorithm is designed to continuously update the prediction rule (or current estimate of

f(·)) to capture more and more complex relationships between the features Xi,a, in order to

predict yi,a. Since we do not impose any assumptions on the parametric form of f(·), this

will likely lead to over-fitting, i.e., the model will evolve to fit too closely to the training

data and perform poorly out-of-sample. Validation helps us avoid this problem by using

parts of the data to validate the model. This ensures that the chosen model, f(·), will have

a good out-of-sample performance. Please see Appendix §A.3.2 for a full description of our

validation procedure.

2.5 Results from the Machine Learning Targeting Models

Recall that the goal of our machine learning framework is to estimate the matrix M defined

in Equation (2.3). As such, our M̂ contains CTR estimates for: (1) the ads shown in the

data, and (2) counterfactual situations, i.e., ads that could have been shown. In §2.5.1, we

focus on the actual data and present results on the predictive performance of our framework

on the observed sample. We also document the contribution of behavioral vs. contextual

information to our framework in this section. Next, in §2.5.2, we focus on the counterfactual
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estimates in M̂ and evaluate the gains in CTR from an efficiently targeting policy. Finally,

in §2.5.3 we discuss robustness and scalability.

2.5.1 Predictive Performance of the Machine Learning Model

Evaluation Metric

To evaluate whether a targeting model improves our ability to predict clicks, we first need to

define a measure of predictive accuracy or an evaluation metric. In line with our loss function,

we use “Relative Information Gain” or RIG, which is defined as the percentage improvement

in log-loss over the baseline that simply predicts average CTR for all impressions. Formally:

RIG(M̂, Y ) =

(
1− L

log loss(M̂, Y )

Llog loss(Ȳ, Y )

)
× 100, (2.10)

where Ȳ is a N ×A matrix, each of whose element is equal to 1
N

∑N
i=1 yi,ai , i.e., the average

observed outcome of the sample or the average CTR of the data. Average CTR is the simplest

aggregate metric available from any data, and using it as the baseline prediction tells us how

well we can do without any model. It is important to control for this baseline because if

the average CTR is very high (close to 1) or very low (close to zero, as in most e-commerce

settings, including ours), a naive prediction based on the average CTR leads to a pretty good

log-loss. Normalizing the log-loss with the average CTR reduces the sensitivity of the metric

to the data distribution [61]. Nevertheless, we need to be careful when interpreting RIGs

computed on different datasets because there is no obvious normalization in those cases [?].

In Appendix §A.5.1, we present four other commonly used evaluation metrics – (1) Mean

Squared Error, (2) AUC, (3) 0/1 Loss, and (4) Confusion Matrix. We discuss the pros/cons

of these metrics and demonstrate the performance of our model on them.

Predictive Accuracy of the Full Targeting Model

We now discuss our framework’s ability to predict the actual outcomes in the data. Table

2.3 shows the gains in prediction for: (1) training and validation data, and (2) test data.
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Evaluation Metric Training and Validation Test

LogLoss for Full Model 0.041927 0.044364

LogLoss for Baseline Model 0.051425 0.054070

RIG of Full Model 18.47% 17.95%

Table 2.3: LogLoss and RIG (in percentage) shown for training, validation, and test data.

The first row depicts the log-loss for the Full model (which uses the set of all features and

trains the XGBoost model). The second row depicts the log-loss for the baseline model,

which simply predicts the average CTR for the dataset for all impressions. The third row is

the RIG of the Full model compared to the baseline model.

The RIG of the Full model over the baseline is 17.95% on the test data, a substantial

improvement in CTR prediction problems. This suggests that the data collected by the ad-

network is quite valuable and that our machine learning framework has significant predictive

power on whether an impression-ad combination will receive a click.9

The RIG improvement for training and validation data is 18.47%, which is somewhat

higher than 17.95% for the test data. There are two potential reasons for this. First, all

statistical models estimated on finite data have higher in-sample fit than out-of-sample fit.

Indeed, this is the main reason we use the test data to evaluate model performance. Second,

the difference could simply reflect the differences in the underlying data distributions for the

two data-sets. As discussed in §2.5.1, we cannot compare RIG across data-sets because it is

co-determined by the model and data. Thus, the difference between the RIG values across

9One could argue that the significant predictive power of the Full model is due to the weak benchmark,
which simply predicts average CTR for all impressions. Therefore, we also evaluate the performance of
the Full model against two other baseline models: (1) Ad-specific CTR, and (2) Targeting-area-specific
CTR. The first model relates to ad-networks’ quality scoring practice; it predicts the average CTR for
each ad as the match-value for impressions showing that ad. The second model resembles the current
targeting practice in the platform and predicts the average CTR for each targeting area (defined as the
intersection of all targeting variables) as the match value for all impressions within that targeting area.
With these benchmark models as the denominator in Equation (2.10), we find that the Full model has a
RIG of 16.86% over the Ad-specific model and 10.06% over the Targeting-area-specific model.
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the data-sets is not necessarily informative.

Value of Information: Behavioral vs. Contextual Features

We now examine the impact of different types of features on the predictive accuracy of our

model. This is important for two reasons. First, data storage and processing costs vary

across feature types. For example, some user-specific behavioral features require real-time

updating, whereas pure-contextual features tend to be more stable, and can be updated less

frequently. In order to decide whether to store and update a feature or not, we need to know

its incremental value in improving targeting. Second, the privacy and policy implications

of targeting depend on the features used. For example, models that use behavioral features

are less privacy-preserving than those that use purely contextual features. Before adopting

models that are weaker on privacy, we need objective measures of whether such models

actually perform better.

Recall that our features can be categorized into three broad overlapping sets – 1) Behav-

ioral, denoted by FB, 2) Contextual, denoted by FC , and 3) Ad-specific, denoted by FA. We

now use this categorization to define two models:

• Behavioral model: This model is trained using behavioral and ad-specific features,

without including any contextual features. Formally, the feature set used is (FB∪FA)\FC .

• Contextual model: This model is trained using only contextual and ad-specific features,

without including any behavioral features. The feature set for this model is (FC∪FA)\FB.

Both models include ad-specific features that are neither behavioral nor contextual, e.g., the

total impressions received by the ad shown in the impression in the past month.10 They also

use the same loss function and training algorithm, and only differ on the set of features used.

Hence, it is possible for us to directly compare the RIG of one model over another within

10We can also specify Behavioral and Contextual models that ignore ad-specific information. The quali-
tative results on the relative value of behavioral and contextual information for that case are similar to
those presented here.



37

RIG over Baseline
Full Top Ads and Filtered

Sample Top Apps Sample

Behavioral Model 12.14% 14.82% 14.74%

Contextual Model 5.25% 5.98% 6.77%

Full Model 17.95% 22.85% 22.45%

No. of Impressions 9,625,835 6,108,511 4,454,634

% of Test Data 100% 63.5% 46.28%

Table 2.4: Comparison of Behavioral and Contextual models for different samples of test

data.

the same data.11

The results from these two models and their comparisons with the Baseline model are

presented in Table 2.4. First, consider the results for the full test data (presented in the

second column). The Behavioral model has a 12.27% RIG over the baseline, which is con-

siderably higher than 5.12%, the RIG of the Contextual model over the baseline. Together,

these findings suggest that, from a targeting efficiency perspective, behavioral information

is more effective compared to contextual information in mobile in-app advertising.

This difference in the effectiveness of the two models directly relates to the extent of

variation in the information used by the two models. The variation in behavioral features

is much higher than the variation in contextual features because behavioral features are

generated from unique behaviors of over 700,000 users, whereas the total number of unique

contexts is limited (to 1200). Hence, the level of granularity of contextual features is much

lower and the Contextual model can only learn from aggregate outcome estimates across

these limited contexts. Its ability to predict positive labels (i.e., clicks) is therefore much

weaker compared to that of the Behavioral model.

11As discussed in §2.5.1, RIGs are not directly comparable across different data-sets. Simply put, in Table
2.4, comparisons within a column are interpretable, but comparisons across a row are not.
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One possible critique of the above analysis is that it does not exploit the full capacity

of contextual information since we treat all the non-top ads as one advertiser category and

all the non-top apps as one app category during feature generation (see §2.4.3). To address

this issue, we consider a sub-sample of the test data which only consists of impressions that

were shown in a top app and showed a top ad and re-run all the above comparisons. This

accounts for 63.5% of our test data. The performance of our Full model on this subset of

the data is even better than that on the full sample because there is no information loss on

the ads or apps. The findings on the relative value of behavioral vs. contextual features are

even stronger in this data-set, which suggests that our results in the full sample were not

driven by the lack of good contextual information.

Finally, in the last column, we show the performance of our model on the Filtered Sample

(described in §2.4.2), which is the sample that we use for conducting our counterfactual

analysis. Our qualitative findings remain the same for this sample too.

2.5.2 Counterfactual Analysis: Efficiency Gains from CTR-maximizing Targeting Policy

We now focus on an important counterfactual question from the platform’s perspective – If

the platform employs an efficient targeting policy, such that each impression is allocated the

ad with the highest predicted CTR in that impression, to what extent can it improve the

CTR in the system?

Recall that τ0 and τ ∗ denote the current and efficient targeting policy, as defined in

Equations (2.4) and (2.6), respectively. We can then use the following equation to calculate

the gains in average CTR:

ρ(τ ∗, τ0;NF ) =
m̂τ∗

m̂τ0
=

1
NF

∑NF
i=1 m̂i,τ∗(i)

1
NF

∑NF
i=1 m̂i,τ0(i)

, (2.11)

where NF is the number of impressions in the Filtered sample. It is crucial to conduct this

couterfactual on the Filtered Sample (instead of the Full sample) for the reasons discussed

in §2.4.2.
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We find that an efficient targeting policy based on our machine learning model increases

average CTR by 66.80% over the current regime. This is a substantial improvement, and

suggests that targeting based on behavioral and contextual features can lead to significant

efficiency gains.

Next, we examine how efficiency-gain varies by impression. Specifically, for each impres-

sion we calculate the percentage improvement in CTR with efficient targeting as

(
m̂i,τ∗(i)

m̂i,τ0(i)

− 1

)
× 100,

and examine the distribution of this metric over impressions. In Figure 2.7, we show the

histogram of this percentage improvement in CTR for the impressions in the Filtered Sam-

ple. We document considerable heterogeneity in CTR improvements across impressions: the

median improvement in CTR is about 105.35%, implying that efficient targeting policy can

make over half the impressions twice as clickable as the current system. The peak at the

left side of the graph (at one) denotes cases where the τ0(i) = τ ∗(i), where the platform

happened to randomly selected the right ad that maximizes eCTR.

This overlap between our efficient targeting policy and actual data allows us to evaluate

the efficient targeting policy by inversely weighting the propensity scores for the actual

outcomes in the overlapping area. This is a model-free approach known as importance

sampling, which is commonly used in the policy evaluation literature [28]. We present the

details of this approach in Appendix §A.4 and show that it establishes 65.53% improvement

in average CTR which is similar to our findings based on Equation (2.11).

In sum, we find that an efficient targeting policy leads to significant gains in clicks for the

platform, using both model-based and model-free approaches. Nevertheless, a key question

that remains unanswered is whether an efficient targeting policy is also revenue maximizing

for the platform. Therefore, in §2.6, we incorporate competition and examine the relationship

between efficiency and revenues.
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Figure 2.7: Histogram of percentage improvement in CTR over the current system using the

efficient targeting policy.

2.5.3 Scalability and Robustness

We perform extensive checks on robustness of all aspects of our machine learning approach

and its scalability. We discuss these tests briefly here, and refer readers to Appendix §A.5

for details.

First, in Appendix §A.5.1, we show that our results are robust even if we use other

evaluation metrics (AUC, MSE, 0/1 Loss, and confusion matrix). Second, in Appendix

§A.5.2, we confirm that XGBoost is the best learning algorithm for our prediction task by

comparing its performance to five other commonly used algorithms (Least Squares, LASSO,

Logistic Regression, Classification And Regression Tree, and Random Forests). Third, in

Appendix §A.5.3, we run a few robustness checks on the feature generation framework by

considering alternative ways of aggregating over history as well as app-specific dummies.

Again, we find no improvement in the model’s predictive performance under these different
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specifications. Fourth, in Appendix §A.5.4, we present some checks to establish that our data

sample is sufficient and large enough to produce reliable results. Specifically, we find that the

RIG gains start stabilizing with the sample of 100,000 users, and that our sample of 728,340

users is more than sufficient for our purposes. Finally, in Appendix §A.5.5, we show that

our results are not sensitive to the validation procedure used to pick the tuning parameters

by comparing with other methods, e.g., hold-out validation and k-fold cross validation.

2.6 Analysis of Revenue-Efficiency Trade-off

In §3.6, we showed that the ad-network can substantially increase CTR with efficient target-

ing. However, that analysis was silent on the ad-network’s incentives to target and agnostic

to revenues. In this section, we seek to answer two sets of important questions by focusing

on competition and incentives. First, to what extent is the ad-network incentivized to allow

targeting and is there an optimal level of targeting from its perspective? Second, how does

the total surplus accrued by advertisers vary with targeting levels, and is there heterogeneity

in advertisers’ preferences on the optimal level of targeting?

Incentives are particularly important in this context because if the platform is incen-

tivized to not allow behaviorally targeted bids, then we may naturally converge to a regime

with higher consumer privacy protection. In contrast, if the platform is incentivized to allow

behavioral targeting, then an external agency (e.g., government) may have to impose pri-

vacy regulations that balance consumers’ need for privacy with the platform’s profitability

motives. Similarly, if a substantial portion of advertisers prefer a more restrictive targeting

regime, then the mobile ad-industry can self-regulate. So we seek to quantify the platform’s

and advertisers’ profits under different levels of targeting.

We now present an analytical framework to quantify the ad-network’s revenue-efficiency

trade-off. This section proceeds as follows. In §2.6.1, we present a simple example to fix

ideas and highlight the platform’s efficiency-revenue trade-off. In §2.6.2, we present a stylized

analytical model that characterizes the total surplus and platform revenues under different

targeting strategies. In §2.6.3, we take this analytical model to data and present an empirical
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Figure 2.8: Market outcomes under full vs. no targeting. The platform sells two impressions.

Ad 1 and Ad 2 have valuations 5 and 1 for impression 1, and valuation 1 and 3 for impression

2, respectively. When bundled together, advertisers cannot distinguish between ads, giving

an aggregate value of 3 and 2 to Ad 1 and 2, respectively. The entire shaded area in each

case shows the total surplus generated. The area on the top is the share of advertisers and

that in the bottom goes to the platform. See Appendix §A.6 for a detailed analyses of this

example.

analysis of auctions with targeting.

2.6.1 A Simple Example

In an important paper, [82] argue that micro-level targeting can thin auction markets, which

in turn can soften competition and make the platform worse off. In Figure 2.8, we present

a simple example to illustrate this idea. In this example, we consider a platform with

two impressions and two advertisers whose valuations for these impressions do not align:

advertiser 1 has much higher valuation for impression 1 compared to impression 2, whereas

the opposite is true for advertiser 2. Assume that the platform uses second price auctions

with Cost per Impression (CPI) pricing, where the highest bidder wins the impression and
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pays the bid of the second-highest bidder. We consider two regimes. In the Full Targeting

regime, the platform allows advertisers to submit targeted bids for each impression. In the

No Targeting case, advertisers cannot distinguish between the two impressions, and therefore

have to submit the same bid for both the impressions (i.e., no targeted bidding). As shown

in Figure 2.8, the platform cannot extract sufficient revenue if advertisers can distinguish

between impressions (full targeting). However, the platform is able to extract more revenue

by not revealing the identity of these impressions since advertisers are forced to rely on their

aggregate valuation for both impressions together in this case. This example thus illustrates

the platform’s trade-off between value creation and value appropriation, and highlights the

platform’s incentives to limit advertisers’ ability to target.

2.6.2 Analytical Model of Auction with Targeting

We now develop a simple analytical model that captures the trade-offs discussed above.

To reflect the idea of narrow targeting and thin markets as envisioned by [82], we make

two modeling choices. First, the idea of revenue loss in thin markets is due to the use

of efficient auctions that guarantee that the highest valuation bidder will win [79]. While

efficiency is satisfied in many auction mechanisms, we focus on second-price auctions since it

is the most commonly used auction in online advertising. Moreover, it has the truth-telling

property that makes our analysis more tractable. Second, the idea of narrow targeting

by advertisers requires the pricing mechanism to be per-impression. In a cost-per-click

mechanism, advertisers do not care about the match value of impressions since they are

charged per click. For these reasons, we consider a setting where the platform uses a second-

price auction mechanism with CPI pricing. Nevertheless, it is worth noting that neither of

these two assumptions are essential to our analysis. Later in this section, we discuss how our

results can be extended to other efficient auction mechanisms and/or cost-per-click pricing.

As before, we consider a platform that receives N impressions and serves A advertisers.
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Let via denote ad a’s private valuation from impression i, and let V denote the value matrix:

V =


v1,1 v1,2 . . . v1,A

v2,1 v2,2 . . . v2,A

...
...

. . .
...

vN,1 vN,2 . . . vN,A

 (2.12)

If an advertiser a can distinguish between all the impressions, s/he will submit targeted

bids for each impression i. In a second-price auction, that is equivalent to a’s valuation for

impression i, vi,a.

However, the extent to which advertisers can target depends on the level of targeting

allowed by the platform. If certain information is not disclosed, advertisers may not be able

to distinguish two impressions i and j. In such cases, a risk-neutral bidder’s valuation for

both impressions is the same and is equal to the expected value from the bundle of i and j

[121]. For example, if the platform does not allow targeting at the app level, then advertisers

cannot distinguish between impressions in two different apps, and their optimal strategy

would be to submit the same bids for the impressions in both apps. Formally:

Definition 3 Let Il denote the set of impressions in bundle l. A targeting regime I =

{I1, I2, . . . , IL} denotes the platform’s decision to bundle N impressions into L bundles such

that advertisers can only bid for bundles and not impressions within the bundle. As such,

impressions are only distinguishable across bundles, but not within a single bundle. That is,

for bundle Ij, the advertiser a has the valuation 1
|Ij |
∑

k∈Ij vka.

This definition characterizes all targeting regimes from impression-level targeting to no tar-

geting. Impression-level targeting occurs when each impression is a bundle (L = N), i.e., an

advertiser can distinguish between all impressions and place targeted bids for each impres-

sion. In contrast, no targeting denotes the case where the platform bundles all impressions

into one group (L = 1) implying that an advertiser can only have one valuation aggregated

over all impressions ( 1
N

∑N
i=1 via for any a). Any intermediate strategy where 1 < L < N can

be interpreted as partial targeting. An example of partial targeting is app-level targeting,
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where each bundle is an app and impressions are distinguishable across apps but not within

apps.

We can characterize the relative granularity of two targeting regimes as follows:

Definition 4 Let I(1) and I(2) denote two targeting regimes such that I(1) = {I(1)
1 , . . . , I

(1)
L1
}

and I(2) = {I(2)
1 , . . . , I

(2)
L2
}. Targeting regime I(1) is at least as granular as I(2) if for any

I
(1)
j ∈ I(1), there exists a I

(2)
k ∈ I(2) such that I

(1)
j ⊆ I

(2)
k . In words, if two impressions i and

j are distinguishable in I(2), then they will be distinguishable in I(1).

We can use this definition to compare the granularity of two targeting regimes. For example,

app-user level targeting is more granular than app level targeting. Now, the main question

that the platform faces is at what level of granularity they should disclose information and

allow targeting. Since we focus on the second-price auction, the highest-bidding ad in any

impression wins that impression, and pays second-highest bid. This auction also guarantees

truth-telling property, i.e., for each bundle, advertisers submit their aggregate valuation for

that bundle as derived in Definition 3. The following proposition determines the relationship

between the granularity level of targeting and market outcomes such as surplus and revenue:

Proposition 1 Consider two targeting regimes I(1) and I(2) such that I(1) is at least as

granular as I(2). Let S(j) and R(j) denote the total surplus and platform’s revenue under

targeting regime j ∈ {1, 2}. Then, for any distribution of valuations: S(1) ≥ S(2), but there

is no fixed relationship between R(1) and R(2).

Proof. See Appendix §A.7.1.

As the granularity of targeting increases, the total surplus generated increases, but the plat-

form’s revenue can go in either direction (unless we impose strong distributional assumptions

on match values). Thus, while the matches are more efficient with more granular targeting,

the platform may not be able to appropriate these efficiency gains. It is worth emphasizing

that our analysis of revenue and surplus holds for any efficient auction because of the Revenue

Equivalence Theorem [96, 111]. Further in Appendix §A.8, we show that the same qualita-
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tive findings hold for a cost-per-click pricing mechanism. Finally, note that this proposition

is not applicable to a quasi-proportional auction since this is not an efficient mechanism.

2.6.3 Empirical Analysis of Auctions with Targeting

We now take this analytical model to data and examine market outcomes under different

targeting regimes. Since the examination of revenue-efficiency trade-off requires an efficient

auction, our analytical model focuses on a second-price auction with a pay-per-impression

payment scheme. However, we must notice that the mechanism in our data is a quasi-

proportional auction with a pay-per-click payment scheme. Thus, our empirical analysis

involves counterfactual evaluation of settings different from the one in our data.

As illustrated in our analytical model, the primary estimand that we require for our

empirical analysis of auctions with different levels of targeting is matrix V defined in Equation

(2.12). We can characterize each element in matrix V as follows:

vi,a = v(c)
a mi,a, (2.13)

where v
(c)
a is the private valuation ad a gets from a click and mi,a is the match valuations or

expected CTR of ad a if shown in impression i.

Identification Strategy and Counterfactual Validity

To perform counterfactuals, we need to identify the elements of matrix V . While we cannot

directly identify vi,a from the data, we can separately identify both elements in the right-

hand side of Equation (2.13) – the click valuation of ad a (v
(c)
a ) and the match valuation of

ad a when shown in impression i (mi,a). To the extent that these two elements are policy

invariant primitives, our counterfactual analysis is valid. We now describe the basis on which

these two estimands are identified and the conditions under which these are policy invariant

primitives:

• Click valuations are identified given advertisers’ strategic bidding behavior in the current

auction environment. The main assumption required is that advertisers select the bid
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that maximizes their utility. We can then specify advertisers’ utility functions under

the current auction observed in the data and use a first-order-condition to invert their

observed bids to obtain consistent estimates of their click valuations. This is the standard

identification strategy employed in the auctions literature [53, 6]. It is worth noting that

click valuations are policy invariant, although advertisers’ bidding strategy can change

under different auction mechanisms.

• Match valuations are identified given the unconfoundedness assumption: controlling for

observed covariates, ad allocation is random. Please see §2.4.2 for a detailed discussion.

Intuitively, match value estimates are policy invariant as long as users’ underlying utility

model for clicking on ads does not change under a different policy or auction.12

In sum, the identification of both click and match valuations is possible in settings that

satisfy the unconfoundedness assumption while preserving the linkage between bids and click

valuations. Figure 2.9 presents a Venn diagram of settings where each component is iden-

tified. It also highlights how common settings such as a second-price auction or a fully

randomized ad allocation fail in this dual identification task. In standard auction mecha-

nisms (e.g., second-price auctions) the identification problem stems from the deterministic

allocation rule, which makes identification of match valuations impossible. In contrast, in a

fully randomized experiment, there is no relationship between an advertiser’s private click

valuation and her observed bid, which makes the identification of click valuations impossi-

ble. To our knowledge, our setting (i.e., a quasi-proportional auction) is the only one in the

literature that allows for the identification of both these components.

Estimation of Advertisers’ Click Valuations

We now discuss the estimation of advertisers’ click valuations, v
(c)
a s, based on the identifica-

tion strategy discussed in §2.6.3. The standard approach in the structural auctions literature

12While we learn users’ utility model flexibly using XGBoost without imposing restrictive functional form
on the utility function, we still require the underlying utility model to be policy invariant. This is equivalent
to treating potential outcomes as structural parameters in potential outcomes framework [66].
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Figure 2.9: Venn diagram depicting settings where click valuations and match valuations are

identified.

is to assume that agents (advertisers in this case) are utility-maximizing and derive the click

valuations by inverting the equilibrium bidding function [53, 6].

In our empirical setting, we observe that advertisers only submit one bid and do not

change it (across impressions). Thus, we model advertiser a’s bidding decision as a single-

shot optimization, where he selects a bid ba to maximize his own expected utility across

all the impressions that he bids on. Let Ga denote advertiser a’s beliefs about the joint

distribution of the click valuations and quality scores of other advertisers bidding on the

impressions that a is competing for.

Next, we define advertiser a’s cost function as the expected payment that he has to

make for each click that he receives, given bid ba, i.e., ca(ba) = EGa [CPCia]. Similarly,

let πa(ba) denote advertiser a’s expected probability of winning an impression given bid

ba, i.e., πa(ba) = EGa [πia]. Since the allocation function is proportional, we assume that

πa(ba) = baqa
baqa+Q−a

, where Q−a is a constant reflecting the competitors’ bids and quality

scores.13

13While there is no guarantee that πa(ba) has the quasi-proportional form, it is easy to show by simulated
experiments that it is a very accurate approximation. Further, advertisers know that the platform runs a
quasi-proportional auction, so it is reasonable to assume that they rely on this functional form.
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We can then characterize advertisers’ equilibrium bidding strategy in our platform by

taking the First Order Condition (FOC) of their expected utility. This FOC can then be

inverted to obtain the click valuations as shown in Proposition 2.

Proposition 2 Consider a platform which runs quasi-proportional auctions where the allo-

cation rule and cost-per-click are given in Equations (3.1) and (2.2) respectively. Suppose

that the cost function ca(ba) is twice differentiable, {b∗a}a∈A is the set of observed bids, and

b∗ac
′′
a(b∗a)

c′a(b∗a)
+ 2 ≥ 0 for all ads. Then, we can write the click valuation as:

v(c)
a = ca(b

∗
a) +

b∗ac
′
a(b
∗
a)

1− πa(b∗a)
. (2.14)

Proof. See Appendix §A.7.2.

We can obtain consistent estimates of click valuations from Equation (2.14) as long as we

can observe/infer costs and bids from our data. We make three simplifications that make

this task straightforward in our setting: (1) advertisers’ probability of winning is close zero,

i.e., πa ≈ 0, (2) advertisers’ cost-per-click is approximately their bid, i.e., ca(ba) ≈ ba, and (3)

the first-order condition in Equation (2.14) is satisfied for all advertisers, including reserve

price bidders.14 These three simplifications are reasonable in our empirical setting. First, as

shown in Figure A.1 in the Appendix, even top ads that won most impressions have a small

probability of winning, justifying the first simplification. Second, on average, we find that

an advertiser’s cost-per-click is over 92% of their bid, which provides support for the second

simplification, i.e., ca(ba) ≈ ba. Finally, the third simplification is also reasonable: only 11

out of 37 ads are reserve price bidders.

With the three simplifications outlined above, Equation (2.14) can be approximated as

v̂(c)
a ≈ 2b∗a. (2.15)

14The equality in Equation (2.14) may be invalid for reserve bidders because they may have submitted a
reserve price bid because the platform did not allow them to submit a lower bid. Thus, in the presence
of reserve price bidders, the distribution of bids that we see is truncated at the reserve price. In such a
situation, we can only infer the truncated distribution of valuations. In Appendix §A.9.1, we discuss how
we can address this issue.
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All the results presented in the main text are based on click valuations estimated based

on Equation (2.15). However, in Appendix §A.9.1, we present six alternative methods to

estimate click valuations that progressively relax the simplifications made to derive Equa-

tion (2.15). Table A.7 in Appendix §A.9.1 presents an overview of the simplifications re-

laxed in each of the alternative methods. In particular, the last alternative method employs

[105]’s recently proposed estimator for quasi-proportional auctions. His method is fully non-

parametric and does not make any of the simplifications listed earlier. We find that the main

results remain the same (qualitatively) even when we use these more complex estimators.

Therefore, we stick with the simpler estimator in the main text and refer interested readers

to the Appendix for these robustness checks.15

Recovering Match Values

We now discuss how we can use our estimate of matrix M from our targeting framework to

recover match values for any targeting regime. mi,a is ad a’s match value for any impression

i, if all impressions are distinguishable to her and she is competing for that impression. This

follows naturally from our arguments on the accuracy of match value estimates in §2.4.2.

However, if two impressions are not distinguishable, the advertiser needs to use the aggregate

estimate for that bundle. That is, for any targeting regime I = {I1, I2, . . . , IL}, we can write

the match value of advertiser a for impression i in bundle I, mIi,a, as follows:

m̂Ii,a =
L∑
j=1

1(i ∈ Ij)
∑

k∈Ij m̂k,aek,a∑
k∈Ij ek,a

∀ i ∈ I, (2.16)

where ek,a are elements of the filtering matrix that allows us to disregard inaccurate estimates

and take the average of the rest. Figure 2.10 illustrates how the bundling and aggregation

15The underlying theory behind our findings relates to match valuations, and not click valuations: with
more granular targeting, advertisers have more accurate match valuations, which in turn, softens the
competition and hurts platform’s revenues. As such, the heterogeneity induced by allowing more granular
targeting comes from the heterogeneity in match valuations, and click valuations are invariant to targeting
scenarios. Therefore, using an approximate method to quantify the distribution of click valuations is
sufficient for our purpose, and does not change the main findings.
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Figure 2.10: Construction of match value matrix under targeting in a simple example with

five impressions and three ads.

are performed on the match value matrix in a simple example with five impressions and three

ads.

Here, we assume that for any targeting regime I, advertisers can infer their private

match values for the bundles at that targeting regime m̂Ia . This is reasonable because if

the platform allows impression-level targeting, the platform would automatically share the

impression-level data of each advertiser a with that advertiser (but not other advertisers).

If a has sufficient data, then a can accurately estimate the match value vector mi,a for

impression i from their own data. Similarly, if the platform only allows targeting at level

I, then advertisers would automatically have information on which bundle an impression

belongs to as well as outcomes (whether impressions in a given bundle received clicks or

not), and can therefore accurately infer their match values at the granularity of the bundle.

While this assumption always holds from a theoretical standpoint, it may not hold in practice

because advertisers need sufficient data to obtain accurate estimates of their match values.

Thus, the match value estimates of smaller advertisers and/or new advertisers can be noisy

(though they will be consistent). Later, in Appendix §A.9.2, we show that our findings are

robust even in situations where advertisers’ match value estimates are noisy/imperfect.
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Figure 2.11: Step-by-step procedure to estimate revenue and surplus in a simple example.

Finally, the match value estimates derived from our quasi-proportional auction are as-

sumed to remain the same under a second-price auction. This is reasonable because the

match value simply indicates the click probability of a user in a given context for an ad.

There is no economic rationale for users’ click behavior to be a function of the auction, es-

pecially since users often do not know which auction is running at the back-end. Intuitively,

click valuations and match valuations are treated as structural parameters.

Estimation of Revenue and Surplus

Given our estimates for click and match valuations, we can obtain estimates of the elements

of the valuation matrix V as v̂i,a = v̂
(c)
a m̂i,a. Further, we can estimate advertisers’ expected

value of impression i under targeting regime I as v̂Ii,a = v̂
(c)
a m̂Ii,a. We now formally discuss

our procedure to estimate revenue and surplus for any targeting regime I.
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First, we determine the winners of each impression as follows:

â∗i (I) = argmax
a
v̂Ii,aei,a, (2.17)

where â∗i (I) is the winner for impression i under targeting regime I. Note that the multi-

plication by the element of the filtering matrix ei,a simply ensures that the ad is competing

in the auction for impression i and that the counterfactual match value estimates are valid,

as discussed in §2.4.2.

While the winner is determined using the advertisers’ expected value of impression i

under a specific targeting regime, surplus is calculated using the actual valuation matrix

because it denotes the expected value that would be realized in the system if advertiser

â∗i (I) is allocated impression i. So we can write the surplus under targeting granularity I

as:

ŜI =
NF∑
i=1

v̂i,â∗i (I) (2.18)

To estimate the platform revenues, however, we need to use advertisers’ expected values

under targeting regime I, as these values guide their bidding behavior. Further, we need to

incorporate the fact that the revenue generated from impression i is the second highest bid

(or valuation) for it. Thus, the revenue under I is:

R̂I =
NF∑
i=1

max
a\â∗i (I)

v̂Ii,aei,a (2.19)

Finally, we can estimate advertiser a’s surplus under targeting regime I as follows:

Ŵ I
a =

NF∑
i=1

(
v̂i,â∗i (I) − max

a\â∗i (I)
v̂Ii,aei,a

)
1
(
â∗i (I) = a

)
(2.20)

This estimation is carried out on the Filtered Sample to ensure that our match value estimates

are accurate, and hence the averaging in the above equations is done over NF . Figure 2.11

presents a step-by-step procedure to estimate revenue and surplus for the example case shown

in Figure 2.10.



54

2.7 Counterfactual Results and Privacy Implications

While we can analyze market outcomes for any targeting regime, we focus on the fol-

lowing four targeting regimes that have a one-to-one correspondence with our analysis in

§2.5.1:

• No targeting (I(N )) – The platform allows no targeting. As such, there is only one

bundle (which constitutes all impressions) and advertisers cannot distinguish between

any impressions.

• Contextual targeting (I(C)) – The platform only allows contextual targeting. Here, adver-

tisers can distinguish between impressions in different contexts (app and time). However,

impressions from different users in the same context is not distinguishable.

• Behavioral targeting (I(B)) – The platform allows behavioral targeting, thereby allowing

advertisers to distinguish between users but not contexts. Here, advertisers can submit

bids targeted at the user-level, but cannot distinguish two impressions by the same user

in different contexts.

• Full targeting (I(F)) – Platform allows impression-level targeting, i.e., each impression

is a bundle and therefore distinguishable. Advertisers can submit targeted bids for each

impression.

Using Proposition 1, we can show that S(F) ≥ S(N ), and that S(C) and S(B) lie in between

since both contextual and behavioral targeting can be interpreted as imperfect targeting.

However, we cannot theoretically pin down their relative magnitudes because these two

types of information are orthogonal (one cannot be interpreted as more granular than the

other). So we can only show that: S(F) ≥ S(C), S(B) ≥ S(N ). Further, we have no theoretical

guidance on which of these targeting regimes maximizes platform revenues. We therefore

use the empirical framework described in §2.6.3 to derive estimates of platform revenue,

advertisers’ surplus, and total surplus under the four targeting regimes, and answer the

question: “What is the optimal level of targeting that maximizes the platform’s revenue?”.

The results from this exercise are shown in Table 2.5.
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Targeting Total Surplus Platform Revenue Advertisers’ Surplus

Full 9.45 8.35 1.10

Behavioral 9.18 8.35 0.84

Contextual 8.99 8.44 0.55

No targeting 8.36 8.30 0.06

Table 2.5: Platform revenues, advertisers’ surplus, and total surplus for different levels of

targeting. The numbers are reported in terms of the average monetary unit per impression.

2.7.1 Platform’s Revenue

Consistent with our theory model, our empirical results suggest that more granular targeting

leads to higher efficiency in the market: the total surplus under full targeting is 13.02% higher

than the no targeting case. Further, in line with our findings in §2.5.1, we find that the total

surplus under behavioral targeting is 2.13% higher than the contextual targeting. However,

platform revenues exhibit more of an inverted U-shaped curve. They are maximized when

the platform restricts targeting to the contextual level. When the platform allows behavioral

targeting, advertisers achieve a greater ability to target. While this increases the total

surplus in the system, much of this surplus is appropriated by advertisers and the platform’s

revenue suffers.16 Thus, the platform’s incentives are not perfectly aligned with that of

advertisers. Indeed, the platform’s optimal targeting level is privacy preserving and aligned

with consumers’ preferences. We thus find support for the advertising industry’s claim that

the industry has natural economic incentives to limit user-tracking/targeting and that self-

regulation is feasible.

Our findings give rise to many interesting suggestions/ideas on optimal mechanism de-

sign and information revelation from the platform’s perspective. Limiting targeting to the

16Nevertheless, our findings are weaker than those predicted by theory models, i.e., while revenues reduce
with more granular targeting, the drop is not very large. This suggests that the strong distributional
assumptions on the match values in earlier theory papers (e.g., [65]) may not hold in real ad auctions.
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contextual-level is an obvious strategy. However, this approach also reduces the total surplus

and hence caps the platform’s revenues. Thus, the optimal path for the platform may not

be to restrict targeting, but instead to consider mechanisms that can do both – increase effi-

ciency and extract the revenue from winning advertisers by shrinking the informational rent.

For instance, the platform could allow behavioral targeting, and also adopt the standard the-

oretical solution proposed for revenue extraction – optimal reserve prices [96]. [100] validate

these theoretical findings using field experiments for search ads. However, they only consider

optimal reserve prices for broad sets of keywords and assume CTRs to be homogeneous across

advertisers. In contrast, we have a setting where each impression is a unique product and

advertisers’ match values for an impression are heterogeneous. So, in our case, the platform

has to develop a system that can set dynamic impression-specific optimal reserve prices.

2.7.2 Advertisers’ Surplus

We begin by comparing total advertiser surplus across the four targeting regimes. As shown

in Table 2.5, advertiser’s surplus is increasing with more granular targeting. This validates

our theoretical prediction that more granular targeting helps advertisers by allowing them

to generate more accurate estimates of their match values and place targeted bids. Under

full targeting, advertisers’ surplus is 11.69% of the total surplus whereas this share drops

to 0.69% when no targeting is allowed. Further, the share of advertisers’ surplus under

behavioral targeting is 8.99% which is considerably higher than 6.13%, their share under

contextual targeting. Together these findings emphasize the value of behavioral information

for advertisers.

Next, we explore whether all advertisers benefit when their ability to target is enhanced.

In a competitive environment, greater ability to target does not necessarily translate into

higher profits. Instead, it is the ability to target relative to competitors that matters. In

Table 2.6, we show how many advertisers benefit as we move from one targeting regime

(column) to another (row).

In general, more advertisers benefit when the platform allows more granular targeting,
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To \ From Full Behavioral Contextual Baseline

Full NA 23 33 35

Behavioral 14 NA 34 36

Contextual 4 3 NA 33

Baseline 2 1 4 NA

Table 2.6: Number of advertisers who benefit by moving from one targeting regime (column)

to another (row) (out of 37 top advertisers).

especially when it allows behavioral targeting. Moving from behavioral, contextual, and

no targeting to full targeting benefits 23, 33, and 35 advertisers respectively (first row of

Table 2.6). However, more granular targeting is not uniformly better for all advertisers. The

first column of Table 2.6 depicts situations where advertisers go from the most granular to

less granular targeting regimes. Interestingly, it is populated with positive numbers, which

suggests that some advertisers actually benefit from less granular targeting. For example,

there are 14 advertisers who prefer behavioral targeting to full targeting. Similarly, while

the majority of advertisers prefer behavioral targeting, there is a small portion of advertisers

(3) who prefer contextual targeting. We present a simple example to highlight the intuition

behind this – a nutrition supplement ad that advertises on a fitness app can get all the slots

in that app at a low cost because other advertisers would place low bids when only app-level

targeting is allowed. However, this ad would be worse off if only behavioral targeting is

allowed, because the competition for users in this app becomes more intense and this ad will

no longer be able to extract a large informational rent.

In sum, our findings offer some evidence that advertisers are likely to be differentially

affected by privacy regulation on user-tracking and behavioral targeting. Further research on

the sources of heterogeneity in advertisers’ incentives can help regulators craft the appropriate

privacy policies.
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2.7.3 Robustness Checks and Limitations

We run a series of robustness checks on the two main components of our estimation – click

valuations and match valuations. First, in Appendix §A.9.1, we consider alternative ap-

proaches to estimate click valuations from observed bids and show the robustness of our

results. Second, in Appendix §A.9.2, we show that our results are robust to the addition of

noise to all the match value estimates (to reflect the cases where advertisers realize a noisy

version of match value estimates from our ML framework).

Finally, while we have tried to make our analysis as exhaustive and complete as possible,

our results should nevertheless be interpreted as short-run counterfactuals with the necessary

caveats. First, we assume that advertisers’ enhanced ability to target is only reflected in their

targeted bidding. In reality however, there might be value creation through other decision

variables as well. Second, we assume that the set of ads competing for an impression will

not change under different targeting regimes. This implies that there is no entry of new

ads or exit of existing ads for an impression. While this assumption may not be realistic,

it is unlikely to change the qualitative findings of this chapter. Third, we consider the case

where the platform is a monopolist, which reflects our empirical setting. The question of how

upstream competition affects privacy-preserving equilibrium outcomes is an important one,

but outside the scope of our empirical setting. Finally, all our analysis is static. However,

ad-networks can adopt a forward-looking approach in allocate and sell ads. We refer readers

to the recent series of work on adaptive ad sequencing that provides frameworks to maximize

user engagement [104] and platform revenues [105].

2.8 Conclusions

Mobile in-app advertising is now a dominant ad-format in the digital advertising eco-system.

In-app ads have unique tracking properties: they allow advertisers and ad-networks to access

the device ID of users’ mobile devices, and thereby enable high quality behavioral target-

ing. While this has made them appealing to advertisers, consumers privacy advocates are
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concerned about their invasiveness. Therefore, marketers and policy-makers are interested

in understanding the relative effectiveness of behavioral targeting compared to contextual

targeting, the incentives of ad-networks to engage in behavioral targeting, and the role of

regulation in preserving privacy.

We propose a unified framework that consists of two components – a machine learning

framework for targeting and an analytical framework for targeting counterfactuals when

considering the competition in the market. We apply our framework to data from the

leading in-app ad-network of an Asian country. Our machine learning model achieves a RIG

of 17.95% over the baseline when we evaluate it on test data. This translates to a 66.80%

increase in the average CTR over the current system if we were to deploy an efficient targeting

policy based on our machine learning framework. These gains mainly stem from behavioral

information and the value of contextual information is relatively small. Next, we build an

analytical model of targeting and theoretically prove that although total surplus grows with

more granular targeting between the ad-network and advertisers, the ad-network’s revenues

are non-monotonic in the granularity of targeting. We then take our analytical model to

data and conduct a series of targeting counterfactuals and show that the platform prefers to

not allow behavioral targeting. There is also some heterogeneity among advertisers’ on their

preferred level of targeting. Our findings suggest ad-networks have economic incentives to

preserve users’ privacy in the mobile advertising domain.

This chapter makes several contributions to the literature. First, from a methodologi-

cal standpoint, we propose a unified framework for targeting that provides counterfactual

estimates of platform revenues and efficiency under various targeting regimes. Our frame-

work is generalizable and can be applied to a wide variety of advertising platforms as long

as we are able to recover both match valuations and click valuations. In our setting, this

is facilitated by the quasi-proportional auction which induces randomness in the allocation

of ads over impressions while preserving the linkage between observed bids and click val-

uations. However, other ad-networks that employ deterministic auctions can also use our



60

framework as long as they randomize ad allocation for a small portion of their traffic.17 In

such cases – (1) the data from the auctions can be used to recover click valuations, and (2)

the data from the randomized traffic would satisfy the unconfoundedness assumption be-

cause of the exogenous variation in the allocation of ads, and can be used to recover match

valuations using our machine learning framework that combines ideas from causal inference

and large-scale prediction tasks. Once these two primitives are available, our framework on

revenue-efficiency analysis is directly applicable to evaluate market outcomes under different

targeting scenarios.

Next, from a substantive perspective, this chapter provides new insights on contextual

and behavioral targeting. To our knowledge, this is the first work to study both revenue

and efficiency under these two types of targeting. Finally, from a policy point-of-view, we

examine the incentives to target for the two major parties in the advertising eco-system:

the platform and advertisers. We expect our model and findings to speak to the debate on

privacy regulations in the advertising industry.

17Indeed, this is standard practice in large ad-networks; e.g., Bing always randomizes ads for a small
portion of its traffic [88]. More broadly, all prominent ad-networks now run A/B tests on portions of their
data, and this portion of the traffic can be used to infer match valuations.
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Chapter 3

DYNAMIC EFFECTS OF ADVERTISING

3.1 Introduction

The smartphone industry has seen unprecedented growth over the past decade, with over

three billion users reported having a smartphone at the beginning of 2020 [38]. In 2019,

the average time spent on mobile by a US adult approached nearly four hours per day,

surpassing the time spent on TV for the first time [37]. The steady growth in smartphone

adoption and usage has made mobile an attractive medium for marketing interventions.

These interventions are often short-lived in nature, which provides marketers with numerous

opportunities to interact with users. As such, mobile users are exposed to a variety of

marketing interventions, even in a short period of time.

As mobile users interact with a variety of marketing interventions every day, it is im-

portant to understand the consequences of this increased variety in mobile ecosystem. So

far, the literature has viewed the increased variety of marketing interventions as a means to

explore and learn consumers’ tastes in a sequential setting [81]. However, it is not clear how

the increased variety itself would affect consumer behavior – would consumers react differ-

ently to an intervention when the variety of past interventions is high vs. low? Knowing the

answer to this question is of great value to marketers who want to target consumers, and

has important implications for the intermediary platforms who design markets for consumers

and marketers to interact.

In this chapter, we examine the effects of variety in the context of mobile in-app ad-

vertising. In-app advertising is the most popular type of marketing intervention on mobile,

generating over $100 billion in ad spend, which makes it the dominant advertising channel in

the US [39]. In-app advertising slots are refreshable: each ad exposure lasts a short amount
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of time (e.g., one minute), and the slot will then be refreshed with another ad. Hence, even

in a 10-minute session, a user can be exposed to a variety of different ads. This feature makes

in-app advertising particularly suitable for studying how the variety of the sequence of ads

seen earlier affects a user’s responsiveness to the current ad.

In the advertising context, the effects of variety on users can stem from potential differ-

ences in users’ information processing when being exposed to high vs. low variety of ads.

On the one hand, past behavioral research has shown that consumers’ categorization ability

increases when they are exposed to a higher variety of objects. This, in turn, can make

them attend more to the differentiating aspects of the objects [110]. As such, when exposed

to a higher variety of previous ads, users are more likely to actively engage with the next

ad, since they can differentiate it more easily. Further, prior studies on eye-tracking have

documented that ad repetition lowers consumers’ attention during advertisements. There-

fore, increasing variety can result in users paying more attention to the ad slot in general,

thereby engaging more with the next ad [103]. On the other hand, the literature on infor-

mation overload argues that excessive information supply makes users less receptive to new

information, which in turn depresses their engagement and decision making ability [67, 68].

Thus, we do not have a clear prediction on the direction and source of variety effects in the

context of advertising. In this chapter, we seek to address this gap by providing answers to

the following key questions:

1. How does variety of previous ads influence users’ response to the next ad?

2. Which aspects of variety do contribute more to the outcome? Is it solely the pure

diversity in the set of prior ads, or the sequential organization of the set also matters?

3. What is the extent of heterogeneity in the effect of variety across user-level attributes?

To empirically answer these questions, we use impression-level data from the leading mobile

advertising ad-network from a large Asian country. The ad-network uses a refreshable ad

format where each ad lasts one minute and is followed by another ad exposure. Like other
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ad-networks, this ad-network runs an auction to allocate ads across impressions. However,

the auction differs from the norm in this industry in that it uses a probabilistic allocation

rule. More specifically, while the industry norm is to run a first- or second-price auction

where the ad with the highest quality-adjusted bid always wins an impression, this ad-

network runs a quasi-proportional auction whereby each ad has a non-zero probability of

winning proportional to their quality-adjusted bid. Thus, this induces great variation in the

allocation of ads, which facilitates studying the effects of variety in our setting.

We face a series of challenges in answering our research questions. First, to quantify

the effects of variety on consumers’ ad response, we need to measure variety. In particular,

we need measures that capture different aspects of variety so we can identify which aspects

contribute more to the outcome. Second, given the observational nature of our data, we have

to control for the non-experimental variation in users’ assignment to variety. There are two

sources of this non-experimental variation – (1) cross-sectional selection, which is due to the

lack of full randomization in users’ assignment to different levels of variety, and (2) dynamic

selection, which stems from sequential nature of variety in our study and users’ compliance

– the observed data only include the cases where the users have complied to receive variety

treatment.

We propose a methodological framework that helps us overcome these challenges and

causally measure the effects of variety. Our framework has two key components corresponding

to the two challenges that we face. As such, the first component establishes our measures

of variety, and the second component presents the identification strategy to address the

selection issues. While we exploit the specifics of our setting in our identification strategy,

the intuition is fairly general and can be used in settings other than ours, as long as the ad

assignment is conditionally exogenous.

In the first component of our framework, we use three different measures of variety – (1)

breadth of variety that captures the number of distinct ads shown in a sequence, (2) total

number of consecutive changes, which reflects the sequential aspect of variety, and (3) Gini-

Simpson index of diversity, which calculates the probability that two random prior exposures
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are different. Our innovation is in exploring the relationship between these measures, which

allows us to decompose the effects of variety into different parts – the part that relates to

the pure diversity of the set, and the part that stems from the sequential organization of the

set. The ability to distinguish between these two sources is important in the mobile context,

where the interventions are sequential and adaptive.

The main goal of the second component of our framework is to address both cross-

sectional and dynamic selection problems. We focus on a key distinction between these two

selection problems: while cross-sectional selection is caused by the ad-network’s decision to

show an ad through a known auction, dynamic selection is caused by the users through

an unknown underlying mechanism. This implies that the observed variety in the data

may be confounded by some user unobservables. Instead of imposing assumptions on the

randomness of user compliance, we re-define our treatment variable as intended variety,

which is not necessarily received by the user. Therefore, intended variety is only a function

of the auction’s ad assignment, but not users’ compliance. In principle, this allows us to

obtain consistent Intent-to-Treat (ITT) estimates of the effects of variety. However, there

are still two challenges: (1) we need to control for the cross-sectional selection caused by the

auction, and (2) we need to impute the intended variety, since we do not observe it unless

users have actually received it.

Cross-sectional selection issue caused by the auction is similar to the main challenge in

most observational studies measuring the effects of advertising, i.e., targeting of ads. In our

setting, advertisers can target sessions based on their characteristics such as Province, Hour

of the Day, Smartphone Brand, Mobile Service Provider (MSP), and Connectivity Type. As a

result, sessions that differ in these characteristics may have different distribution to intended

variety. We control for this selection problem by stratifying the session space such that each

stratum has the same targeting characteristics. As a result, the ad assignment is identical

for all the sessions within the strata, thereby making the assignment to the intended variety

identical within the strata. Thus, we transform our problem into a stratified randomized

experiment where users’ assignment to the intended variety is fully random within the strata.
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We impute the intended variety for users who have left the session by imputing each

single ad assignment. Again, we use the logic behind our stratification: since ad assignment

distributions are identical within the same stratum, we can impute the next ads for users

who have left the session, using the actual ad assignment in other sessions of that stratum

in the full data. This gives us the sequence of ads the user would have been assigned to had

the user not left the session. Using the imputed sequence of intended ad assignments, we can

impute the intended variety for all the sessions and construct the intended sample needed

for obtaining ITT effects of variety.

We specify a regression model to estimate the ITT effects of variety of previous ads. We

find that holding all else equal, an increase in the variety of previous ads will lead to higher

probability of click on the next ad. The results are robust across different exposure numbers

and measures of variety. We also find that holding all else equal, repeated exposures of an

ad within the session increase the likelihood of clicking on that ad. We then only focus

on the observed sample to evaluate the extent of dynamic selection in our model. We find

some evidence for the existence of dynamic selection: users who are assigned to a lower

variety are more likely to leave the session. Thus, if we assume random compliance, we will

underestimate the ITT effects of variety. However, we find that the extent of bias due to

dynamic selection is minimal.

Next, we explore the source for the effects of variety to find which aspects of variety

contribute more to the main effect. In particular, we want to examine whether or not the

effects of variety solely stem from the pure diversity of ads shown earlier irrespective of how

they are sequentially ordered. If this statement is true, two prior sequences like 〈A,B,A〉

and 〈A,A,B〉 must generate the same impact on the user’s CTR on the next ad. We use

the first part of our framework to decompose our measures of variety into sequential and

non-sequential elements and compare the contribution of each to the main effect. Through

a series of comparisons, we find strong evidence that a larger fraction of the variety effects

is attributed to the sequential organization of the set. Thus, our findings suggest that the

sequential organization of exposures is a major contributing factor to the effects of variety.
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Finally, we document the heterogeneity in the effects of variety across user-level observ-

ables. We specifically focus on variables based on users’ past behavioral history. We first

find that the effects of variety is stronger when users are new to the platform. Similarly,

the effects of variety tend to be stronger on users who have seen the current ad more in

prior sessions. Finally, we show heterogeneity in the effects of variety based on how users

responded to prior ads: users who already expressed some interest in ads (by clicking at least

once before) are more likely to be responsive to variety-based manipulations. Interestingly,

for users who never clicked on an ad before, the effects of variety are sometimes negative.

In sum, this chapter contributes to the literature in several ways. Methodologically, we

propose a framework for studying the causal effects of variety in sequential settings. A

novel contribution of our framework is in recognizing two types of selection problems arising

in observational data and offering a unified identification strategy based on stratification

and imputation that only requires unconfoundedness assumption. Further, our framework

presents different ways to decompose the effects of variety in order to understand what frac-

tion of the main effects stems from the sequential organization of objects. Given the increase

prevalence of sequential marketing interventions on mobile, we believe this feature of our

framework is particularly interesting for practitioners. From a substantive perspective, we

establish the effects of variety in the advertising context. In particular, we find that assign-

ment to higher variety of ads in the past will increase users’ engagement with ads in the

future. To our knowledge, this is the first study on the effects of variety in the advertising

context. We further explore the sources for variety effects and identify the sequential organi-

zation of exposure within the session as a major source. Overall, we believe that this chapter

broadens our understanding of how variety shapes consumer behavior in the digital world.

3.2 Related Literature

This chapter relates and contributes to different streams of literature in marketing and

economics.

Broadly, this chapter relates to the literature on measuring the causal effects of adver-
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tising. Selection problems induced by the ad allocation mechanism make it hard to obtain

unbiased estimates for the effects of advertising [15, 52]. Besides, statistical power is usually

very low requiring a data-rich environment for identification of the effects [83, 70]. A series of

works have conducted large-scale randomized experiments to answer various research ques-

tions while mitigating the above challenges (see [83] for an excellent review of this stream

of research). To address these challenges in observational data, however, researchers have

employed novel identification strategies such as difference-in-difference strategy to examine

the effects of privacy regulations on advertising effectiveness [48], border strategy to quan-

tify the effects of TV advertising [125], regression discontinuity design (RDD) to determine

the position effects in sponsored search advertising [99], and within-advertiser exogenous

variation in positions due to randomization in Bing’s search auctions to study the interplay

between position and prominence [69]. This chapter contributes to this literature in two

ways. First, we propose an identification strategy for settings where ads are placed through

a probabilistic mechanism. Second, we bring behavioral literature on variety and establish

the causal link between variety of previous ads shown to the user and her propensity to click

on the next ad. To the best of our knowledge, this is the first work to study the effects of

ad variety on consumers’ ad response.

More specifically, this chapter relates to a somewhat narrower area of research on temporal

effects of advertising. This stream of research includes the works on spillover and carryover

effects in online advertising [117, 119, 70, ?] and attribution problem [85]. Our work closely

relates to [118], as both focus on temporal features of ad exposures, the general idea of

temporal sequencing of ads and its impacts on user’s information processing. This chapter

adds to this stream of literature in two ways. First, we focus on variety of ads as main

construct and offer it as an important aspect of ad sequencing. Second, we develop a new

approach for observational data to recover intent-to-treat estimates for temporal effects of

advertising when compliance is influenced by the intervention. Conceptually, our approach

is close to [71] whose predicted ghost ad approach is to transform the intended sample into

that of compliers to estimate average treatment effects on the treated. However, we do the
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opposite by constructing the intended sample in order to recover intent-to-treat estimates.

Finally, this chapter relates to the marketing literature on the concept of variety. We can

broadly categorize prior research on variety into two streams based on the role of variety in

the analysis. In the first stream of work, variety serves as the main outcome of interest and

consumers can actively choose different levels of variety. This includes studies on consumer’s

demand for variety [76, 25] and variety-seeking behavior [91, 109]. The second stream,

however, views variety as a factor influencing the outcome, such as the link between variety

of assortments and store choice [63], variety of episodes and consumer’s engagement [110],

and the dispersion of word-of-mouth and TV ratings [46]. Related to the second stream

of research, we bring the notion of variety to the advertising context and examine whether

variety of ads seen earlier affect user’s ad response. To our knowledge, the only study related

to variety in this context is [122] who show the variation of ad content over a repeated

advertising schedule will increase user’s responsiveness to that ad. While they only focus

on variation in the content for one ad in a lab setting, our work extends it to the variety of

potentially competing ads in a large-scale in-app advertising market. Further, this chapter

adds to the marketing literature on variety by providing a framework for decomposing the

effects of variety and developing a new measure of sequential variety that can be used for

cases where objects are presented in a sequence.

3.3 Setting and Data

We now describe our setting and data. In §5.4.1, we discuss the setting, in §4.3.2 and §3.3.3

we describe the data, sampling, and the data generating process in detail. Finally, in §3.3.4,

we present some summary statistics and descriptive analysis.

3.3.1 Setting

Our data come from the leading mobile in-app advertising network of a large Asian country,

which had over 85% marketshare during the time of this study. The ad-network functions as

a match-maker between advertisers and app developers and serves ads inside mobile apps.
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The scope and scale of the ad-network are quite large; it serves more than 10,000 unique

apps that generate a total of over 50 million ad impressions daily.

Main Players

We begin by describing the four main players in this marketplace:

• Users: Individuals who generate eyeballs or impressions by using their mobile apps. For

each ad impression shown to her, the user can decide whether to click on the ad or not.

• Publishers: App developers who have joined ad-network. Their revenue comes from the

clicks generated in the ads shown in their apps. This is the main monetization strategy

for most of the apps in our data.

• Advertisers: Firms that buy ad slots in the mobile apps served by the ad-network. Ad-

vertisers create banner ads (in either JPEG or GIF formats), submit a bid that indicates

their willingness to pay per click, and a maximum daily budget. Advertiser can also target

their ads based on the following variables associated with the impression: province, app

category, hour of the day, smartphone brand, mobile service provider, and connectivity

type. We discuss targeting in greater detail in §3.3.3.

• Ad-network: The platform that facilitates the matching between ads and impressions

generated by a user-app combination. The ad-network runs a real-time auction to select

the ad to show in each impression. Like publishers, the ad-network’s revenue comes from

clicks: for each click generated in the system, the ad-network retains 30% of the price

that the winning advertiser paid for it, and the gives the remaining 70% of the price to

the publisher of the app where the impression came from.

Ad Refresh

Mobile in-app ad slots are distinct from standard desktop display ads in one important

dimension – they are refreshable, i.e., the ad-network has the ability to refresh or change

the ad during a user’s app session. This is different from the standard display ads shown
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in websites, where the ad shown in an ad-slot is fixed for the duration of a user’s visit. So

the definition of an impression in mobile in-app advertising is different from that in desktop

display advertising. In the latter case, one impression refers to one unique website visit. In

the former, each impression refers to a fixed period of time during which the ad slot shows

the same ad.1

Our ad-network employs refreshable ad-slots, where each impression lasts one minute.

When a user starts using an app, the ad-network runs an auction to determine the winning

ad and serves this ad for one minute. If the user continues using the app beyond one minute,

the ad-network treats this as a new impression and runs another auction to determine the

next ad to show the user.

The use of refreshable ad slots in mobile apps (unlike fixed ad slots in desktop settings)

stems from a few contextual distinctions between mobile app usage and desktop-based brows-

ing. First, users tend to spend long periods of time on mobile apps, which makes it possible

to show them multiple ads within the same session. In contrast, users spend only a short

time on a website before scrolling/clicking, which makes it unnecessary to change the ad on

a given website during the browsing session. Second, mobile screens are generally small, and

users tend to be closer to the screen. As a result, ads are harder to ignore in mobile apps.

So it can be irritating for the user to see the same ad within the app that she is using for

minutes at a stretch. In contrast, the user only stays on the website for a short time and is

unlikely to be bothered by seeing the same ad for a short time on a large screen. Finally,

publishers and ad-networks view eye-balls as a valuable resource; so replacing/refreshing ads

within mobile app sessions allows them to monetize the app better.

Definition of a Session

We now define a session, which is the main unit of analysis in this chapter. A session is a

set of consecutive impressions generated by a user within an app, such that the gap between

1Recently, some ad-networks like Google Display have started allowing publishers to refresh ads on their
web page after a fixed period of time or after a specific action taken by the user [9].
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Figure 3.1: Definition of the Session

two consecutive impressions is less than 10 minutes. Figure 3.1 shows a two-hour snapshot

of a user’s exposure to ads to help illustrate the main idea behind the definition of sessions.

Impressions are visualized by their starting and ending points, depicted using red [ and ]

respectively. The grey areas show the time between the session, i.e., the length of each grey

area exceeds 10 minutes. Overall, we see that this user has initiated five separate sessions

of varying lengths. For example, the third session in this picture lasts for 20 minutes and

contains 10 impressions, whereas the fourth one lasts only for two minutes (and contains

two back-to-back impressions). Not all impressions within a session are back to back, i.e.,

there can be some gap in time (< 10 minutes) between consecutive impressions within a

session. For example, in the third session, there is a five minute gap between the fifth and

sixth impressions.

3.3.2 Data

We have data on all the impressions and corresponding clicks (if any) in the platform for all

the participating apps for a one month period from 30 September 2015 to 30 October 2015.

Raw Variables

For each impression in the data, we have access to the following information:
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• Time and date: The time-stamp of the impression.

• AAID: Android Advertising ID is a user re-settable, unique, device ID that is provided

by the Android operating system.2 It is accessible to advertisers and ad networks for

tracking and targeting purposes. We use it as the user-identifier in our main analysis.

• App ID: A unique identifier for apps that advertise through the platform.

• Ad ID: This is an identifier for ads that are shown to the users.

• Bid: The bid that the advertiser has submitted for her ad.

• Province: The province/state where the user is located when the impression occurs.

• Connectivity type: It refers to the user’s type of connectivity (e.g., WiFi or cellular data)

• Smartphone brand: The brand of the user’s smartphone (e.g., Samsung, Huawei, etc.)

• MSP: The user’s mobile-phone service provider.

• Click indicator: This variable indicates whether or not the user has clicked on the ad.

Notice that all the variables that the advertiser can target on (province, app category,

hour of the day, smartphone brand, MSP, and connectivity type) are also observable to us.

Thus, we are able to avoid many of the common problems related to endogeneity in the

measurement of ad effects due to targeting based on unobservables. We will discuss how we

incorporate role of targeting in our identification strategy in greater detail in §3.5.3.

Sampling Procedure

The total data available is too large to work with, and all the data are not amenable to our

analysis. So we draw a sample from our full data to conduct our study. We now discuss

our sampling procedure and explain the rationale for it. Recall that our goal is to study the

effects of the variety of ads shown earlier in the session on user’s response to the current

ad. So any sampling procedure we adopt should be at the session-level, i.e., include all the

impressions within a session. With this basic criterion in mind, we sample a set of sessions

2Apple’s app store is not available in the country where our data are sourced from. Hence, all smartphones
use the Android operating system.
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from our data as follows:

• Users: One of the goals of our analysis is to examine the heterogeneity in users’ response

(to the variety of previous ads) as a function of their observed behavioral history. To

do so, we need the full history of users. The challenge is that, for some users, the first

observed activity in our data goes back to 30 September 2015, which is the first day of our

observation period. For these users, activity logs are truncated, and we cannot generate

accurate measures of their past activity. To identify users with untruncated history, we

split the data into two parts and make two sets of users: (1) U1 that consists of users

generated at least one impression from 30 September 2015 to 21 October 2015, and (2)

U2 that consists of users who generated at least one impression from 22 October 2015 to

30 October 2015. We then sample all users who are available in the second set but not in

the first set, i.e., U2 \U1. The fact that the user was not available in the first set suggests

that we have the entire observed activity for that user.

• App: Within the set of users who satisfy the above condition, we then exclusively focus

on their impressions in the most popular app. This is a messaging app that is widely used

in the country, and generates over 30% of the total traffic observed in the ad-network.

Just focusing on the top app allows us to hold the context of the app constant and cleanly

derive the causal effect of the variety of previous ads.3

Overall, our working sample consists of 96,076 users who generate 1,291,477 sessions and

7,066,483 impressions in the messenger app. The average CTR in this data is 0.022. All

our summary statistics and analysis are shown for this sample. However, we utilize the data

from other users and apps to supplement our analysis. For the sample of users that we

focus on, even though we use only data from the top app for our analysis, we keep track of

the data generated by these users in other apps to segment them based on their behavioral

history and explore the heterogeneity in their responsiveness to ad variety. Please see §3.6.4

for a detailed discussion of measures of user-level heterogeneity. Further, we also use the

3In principle, we can include more apps in the analysis as long as we have a sufficient number of impressions
within each app so that we can stratify the data at the app level to avoid power issues [83].
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impressions from other users not in our sample in the top app for imputation purposes in

our estimation procedure. Please see §3.5.3 for details.

3.3.3 Data Generating Process

We now describe the data generating process in our setting. Let i denote a session and t

denote an exposure number within a session. Each exposure t in session i in our data comes

with three pieces of information: (1) impression-level characteristics (Xi,t), (2) ad shown in

the exposure (Ai,t), and (3) the user’s decision to click on the ad shown in the exposure (Yi,t).

We define our data as D = {(Xi,t, Ai,t, Yi,t)}i,t where each element is an exposure in a session

with the three sets of variables characterized above. We now describe the underlying data

generating process behind each of these three components:

• Impression-level characteristics (Xi,t): They capture all the observable attributes associ-

ated with the user and context of the impression, e.g., the smartphone brand or province

of the user, or the hour of the day when the impression occurs.

• Ad allocation (Ai,t): Whenever an impression is generated, a request is sent to the

ad-network’s server to fill that impression with an ad. The ad-network uses a quasi-

proportional auction mechanism to allocate ads to impressions [94]. The main distinction

between a quasi-proportional auction and other commonly used auction mechanisms (e.g.,

Second Price or Vickrey) is the use of a probabilistic winning rule, i.e., all ads partici-

pating in the auction for an impression have a probability of winning of the impression.

In our setting, the probability or propensity that ad a wins the tth impression in session

i is denoted by πi,t(a) and defined as:

πi,t(a) = 1(a ∈ Ci,t)
bi,ami,a∑
k∈Ci bi,kmi,k

, (3.1)

where Ci,t is the set of ads participating in the auction for the tth exposure in session i,

and bi,a and mi,a are advertiser a’s bid and quality score in session i respectively.4 Thus,

4The bid and quality score are fixed within a session, and hence are not indexed by t.
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the variation in πi,t(a) can stem from variation in Ci,t, bi,a, mi,a, or some combination of

these variables. The variation in Ci,t is mainly driven by advertisers’ targeting decisions.

For example, if ad a chose not to target the province where the user generating session

i is located, then ad a will not belong to Ci,t ⇒ πi,a = 0. The quality score mi,a is a

measure of profitability that the platform assigns to each ad a in session i. The extent

of customization in the quality scores is quite low: the ad-network simply assigns one

aggregate quality score to each ad and only updates it once in a day. So while mi,a can

vary across sessions, the extent of variation is quite low. Finally, bi,a is ad a’s bid for

session i. It is important to notice that each ad could submit only one bid at a given

time of the day.5 If the advertiser changed the bid at some point in time, it was updated

for all the sessions that started in the next hour of the day.

Together, these three components determine the distribution of propensity scores (πi,t(a)s)

for ads at the tth exposure in session i in our problem setting. As such, Ai,t is a draw

from this probability distribution.

• Click outcome (Yi,t): When an impression with Xi,t is served with ad Ai,t, the user

generating the impression may choose to click on the ad. We denote the click outcome

using Yi,t, which is a binary variable that takes value one when a click happens and zero

otherwise. Our goal is to learn how interventions in the prior variety of ad shift Yi,t.

A key advantage of our quasi-proportional auction mechanism is the use of a probabilistic

allocation rule, which is different from the common practice of using deterministic auctions

(e.g., second- or first-price auctions) in this industry. This gives us in considerable variation

in the ad assignment across and within sessions. More importantly, this variation is a function

of simply observables. Thus, in light of Equation (3.1), we can show the following proposition.

Proposition 3 The distribution of propensity scores for ads, πi,t(a)s, for any impression is

only a function of impression-specific observables, Xi,t, in the data.

5Advertisers could not customize bids by targeting variable. For example, they could not submit different
bids for two different provinces at the same time, even if their willingness to pay for the clicks in the two
provinces was different.
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Proof. See Appendix B.1.

This is a crucial result since it ensures that there are no user or impression-specific unob-

servables that affect ad assignment that are observable to advertisers (and the ad-network),

but not to the researcher. An immediate corollary of Proposition 3 is that we can fully

control for any non-random selection in the assignment of ads. Our setting is thus similar

to a randomized experiment where the treatments (or ads in this case) are assigned using

a known propensity score distribution. Later in §3.5.3, we use this result to transform our

problem into a stratified randomized experiment, where the probability of being allocated a

specific ad is fixed within a stratum and is only a function of observables.

3.3.4 Summary Statistics

We now describe present some summary statistics for the key variables of interest and some

simple descriptive analysis.

Targeting Variables

As discussed in §3.3.1, targeting variables are the dimensions that advertisers can target

their ads based upon. In our setting, these consist of: province, app category, hour of the

day, smartphone Brand, MSP, and connectivity type. All these variables are categorical

and advertisers can specify which sub-categories they want to show their ads in, e.g., an

advertiser can indicate she want her ads to be shown only from 6 pm to 9 pm every day on

Samsung phones in one specific province.

We first report the impression share of the top three sub-categories within each targeting

variable in Table 5.1. All these numbers are shown for the sample that we use for analysis.6

Next, we illustrate whether the impression share of a targeting subcategory (e.g., Samsung

in the category of Smartphone Brand) is correlated with the extent to which that subcategory

is targeted. We know that if a subcategory is excluded in an ad’s targeting, no impression

6Since our sample only consists of one app, we exclude it from Table 5.1.
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Variable
Number of Share of top categories Number of

categories 1st 2nd 3rd impressions

Province 31 24.55% 9.52% 7.42% 7,066,483

Hour of the day 24 8.47% 8.02% 7.26% 7,066,483

Smartphone brand 7 44.72% 38.12% 6.65% 6,416,152

Connectivity type 2 50.23% 49.47% 7,066,483

MSP 3 50.14% 44.04% 5.81% 6,890,873

Table 3.1: Summary statistics of the targeting variables. The number of non-missing obser-

vations for each variable are shown. While the information about province and hour of the

day is always available, other variables are missing for some impressions. The shares shown

are computed after excluding the missing observations for each variable.

of that ad will be shown in that subcategory. As such, for each targeting subcategory, we

calculate the number of distinct ads that show at least one impression in that subcategory.

For all the subcategories, we plot the number of distinct ads targeting that subcategory

against the impression share of that category in Figure 3.2. Subcategories within each

targeting category are shown as points with the same color and shape. The grey dashed line

in the top shows the total number of distinct ads in our study. As such, the points that are

very close to the dashed line are almost included in all ads’ targeting.

Three important patterns emerge from Figure 3.2. First, we find that some variables are

less used for targeting. In particular, all the subcategories within the Connectivity Type,

MSP, and Smartphone Brand are close to the dashed line, which means that advertisers

simply show their ads irrespective of these variables. While smartphone brands slightly

differ in the number of ads targeting them, the extent of targeting is limited. On the

other hand, Province and Hour of the Day are the main variables used for targeting: all

subcategories within these variables are considerably different in terms of the number of

distinct ads targeting them. The second important insight form Figure 3.2 relates to this
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Figure 3.2: Relationship between the number of distinct ads targeting a subcategory and the

impression share of that subcategory within the targeting variable. All subcategories within

each targeting variable are in the same color and shape. The dashed grey line on the top is

the total number of distinct ads available in our study.

difference: subcategories with greater impression shares seem to be more popular among

advertisers. For example, the blue circle in the middle of Figure 3.2 refers to the largest

province in the country that has the highest impression share among provinces as well as the

number of distinct ads. On the other hand, the red triangles in the bottom left of the figure

are midnight hours that have lower impression shares and fewer advertisers. However, it is

worth noting that even these unpopular hours attract a lot of ads. This bring us to the third

important insight from Figure 3.2 that shows there is no niche targeting in this market. This

feature results in great within-session variation in ads in almost all sessions, which allows us

to study the effects of variety of ads.
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Variation in Click-through Rate (CTR)

Click is the main outcome of interest in our study. Here we want to show how CTR varies

within and across sessions. We start with the most basic graph that shows within-session

variation in CTR. In Figure 3.3a, we show average CTR in each exposure number in a session.

It reveals a downward trend in CTRs over exposure number, suggesting that users who have

continued for long periods of time are less likely to click. Hence, it is essential to control

for the exposure number when studying the effects of within-session interventions such as

variety.

Next, we show how CTR varies across sessions. In Figure 3.3b, we show the plot of

average CTR in each targeting subcategory against the number of distinct ads targeting

that subcategory. First, by looking only at the y-axis, we find quite a bit of variation in

CTR across provinces and hours of the day. However, the variation in CTR is minimal in

subcategories of other targeting variables such as Smartphone Brand, MSP, and Connectivity

Type. In general, the variation in CTR shrinks as we move towards the right of Figure 3.3b,

where subcategories are targeted by default by all ads. This intuitively makes sense because

advertisers want to use variables for targeting that have considerable within-variation in

CTR. Finally, we observe a slightly positive correlation between the number of distinct ads

targeting a subcategory and its CTR, which suggests that subcategories with higher CTR

are more popular among advertisers. This can potentially create cross-sectional selection

problems in studying the effects of variety on users’ CTR. Later in §3.5, we discuss this

selection issue in greater detail and provide our solution to address it.

Session-level Metrics

Sessions are of great importance in our study since we want to measure the causal effects of

variety of ads shown within a session on users’ ad response. Here we show the distribution

of two key metrics across sessions: (1) session length, which is defined as the number of

impressions (or exposures) that were served during a session, and (2) number of distinct ads



80

●

●

●

●

●

● ●

● ●

● ●
●

●
● ● ●

● ●
●

● ● ● ●

●
●

●
●

● ●
● ●

● ●
● ● ● ●

● ● ●

0.00

0.01

0.02

0.03

0 10 20 30 40
Exposure Number

A
ve

ra
ge

 C
T

R

(a) Within-session variation in CTR: average click-through rate (CTR) across

different exposure numbers.
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(b) Across-session variation in CTR: relationship between the subcategory’s

CTR and the number of distinct ads targeting that subcategory.

Figure 3.3: Variation in CTR.

shown in a session. We show the empirical CDF of both in Figure 3.4. We see significant

variation in the length of the sessions in our data, as shown in Figure 3.4a. Nearly half of the
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sessions end after the first two impressions/exposures. Further, a vast majority of sessions

last for less than 10 impressions. However, we see some very long sessions during which the

user sees over 60 ad exposures. This implies that the distribution of session length has a

long tail.
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(a) Session length (truncated at 40).

0.00

0.25

0.50

0.75

1.00

0 10 20 30 40
Number of Distinct Ads Shown in a Session

F
ra

ct
io

n 
of

 S
es

si
on

s

(b) Number of distinct ads shown in a session.

Figure 3.4: Empirical CDF of two session metrics.

Next, we focus on Figure 3.4b that shows the empirical CDF of the number of distinct ads

shown within a session. This distribution also exhibits great variation, which highlights the

unique feature of the auction mechanism discussed in §3.3.3. This variation in the number

of distinct ads is necessary for our goal of estimating the effects of variety of ads.

Share of Ads

As mentioned earlier, the platform runs a probabilistic auction that determines the winner

for each impression using a probabilistic rule. As such, all ads participating in the auction

for an impression have a chance to win. However, the propensity to win the auction for

an impression varies significantly across ads due to three main factors – bid, budget, and

targeting. First, ads that have a higher bid have a higher probability of winning the auction
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as shown in Equation (3.1). However, if an ad has a high bid but a fixed budget, then it

would win impressions earlier in the day, but may run out of the budget soon as a result of

getting clicks. Thus, they will be out of competition for later impressions and may only get

a few impressions overall. In some cases, the ad may have a high bid and also set a high

budget, but target more narrowly. Then, in spite of the high bid and budget, it will still

get a smaller share of the impressions in the ad-network because it only competes for (or

targets) a small set of impressions. Thus, the bid, budget, and targeting decisions of the ad

together determine the share of total impressions awarded to it.

We see a total of 327 distinct ads in our data. We first calculate the shares of a given

ad as the fraction of impressions showing that specific ad in the total set of impressions in

our data. We then sort the ads by their share and present the CDF of the shares in Figure

3.5. Note that most ads only get a tiny fraction of impressions due to the reasons outlined

above. However, a few ads account for the vast majority of impressions. Specifically, the top

50 ads account for over 90% of the total impressions.
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Figure 3.5: Cumulative fraction of impressions associated with ads.
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3.4 Variety of Previous Ads

Our main goal is to examine how the variety of previous ads affects user’s clicking behavior

on the next ad. As such, variety of previous ads is the key independent variable of interest

in this study, and the focus of this section. We first discuss the conceptualization of variety

over a sequence of ads and introduce a few measures of variety in 3.4.1. Next, in §3.4.3, we

present some summary statistics on the different variety measures in our data. Finally, in

§3.4.4, we offer some model-free evidence from our data linking variety of previous ads to

user’s clicking behavior.

3.4.1 Measures of Variety

Quantifying variety is a challenging task because consumers’ perception of variety can vary

depending on the context and the information structure of the assortment [63]. Therefore,

we do not have a universal measure of variety that is applicable to all settings. Instead,

researchers have developed a number of metrics that capture different notions of variety such

as the breadth of variety, diversity, and concentration [56]. In our setting, variety is defined

over the prior sequence of ads shown in the session. Figure 3.6 presents a example of such a

sequence, where a user at the ninth exposure in the session, and has seen a sequence of eight

ads prior to the current exposure.

We now introduce some notation. Let i denote sessions and t denote the exposure number

within a session. We define the sequence of ads shown in session i as {Ai,t}Tit=1, where Ai,t is

the ad shown in tth exposure in session i, and Ti is the total number of exposures shown in

session i. We now present measures that capture the variety of a sequence of t− 1 ads.

• Breadth of variety : This metric counts the number of distinct or unique ads shown within

the session so far. As such, it captures the breadth of variety. For exposure number t in

session i, we define the breadth of variety as:

Breadthi,t = |{Ai,1, . . . , Ai,t−1}|, (3.2)
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A A B A C C B D E 

Previous Exposures Current Exposure 

1st 2nd 3rd 4th 5th 6th 7th 8th 9th 

Figure 3.6: An example of a session with where the user is at the ninth exposure. The

numbers represent exposure number t and each rectangle represents the ad shown in that

exposure. The letter coding refers to ad IDs, i.e., each letter represents one unique ad. For

instance, the user is shown the same ad (coded in letter A) during the first, second, and

fourth exposures.

where Ai,t denotes the ad shown in the tth of session i. For example, the user has seen four

distinct ads {A,B,C,D} prior to the current exposure in Figure 3.6; so Breadthi,9 = 4.

• Consecutive changes : Since ads are replaced sequentially in our setting, users never see

the full sequence at the same time. However, the sequential organization of exposures

may still influence users’ perception of variety. This is in line with prior research, which

shows that show the organization and structure of the assortment play an important role

in the user’s perceptions of variety [63, 72]. One measure of variety that captures the

sequential organization of the session is the total number of consecutive exposures that

show different ads. Formally, consecutive changes is defined as:

Changei,t =
t−1∑
j=2

1(Ai,j 6= Ai,j−1), (3.3)

In Figure 3.6, we see five consecutive changes (the identity of the ad shown changes at

each exposure, except the second and sixth exposures); so Changei,9 = 5.

• Gini–Simpson index : Next, to capture the diversity of the set of ads shown earlier, we use

the Gini-Simpson index, which simply calculates the probability that two random prior

exposures showed different ads. We use this measure because it has a nice mathematical
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interpretation. For exposure number t in session i, we can define the Gini-Simpson index

as follows:

GiniSimpsoni,t =

∑
s<s′<t 1(Ai,s′ 6= Ai,s)

(t−1)(t−2)
2

, (3.4)

where the numerator calculates all the pairs with two different ads, and the denominator

is the total number of pairs of prior exposures. As such, GiniSimpsoni,t measures the

probability that a random pair of prior exposures showed different ads. This measure

is closely linked to the Herfindahl-Hirschman Index (HHI), which is the most commonly

used concentration metric in marketing and economics literature.7 Moreover, the Gini-

Simpson index is only a function of the set of the ads; the actual sequence does not matter

(unlike Change).8

In Figure 3.6, GiniSimpsoni,9 = 0.82, and it denotes the probability that two random

exposures show different ads. Gini-Simpson is higher if the shares of ads are more evenly

distributed. For example, if we change the fourth exposure in Figure 3.6 from A to D, all

ads will have equal share (0.25) and Gini-Simpson index would increase to ≈ 0.86. If we

show a distinct ad in each exposure, the Gini-Simpson measure would take the highest

possible value of 1.

Together, these three measures capture the notions of ad uniqueness and the spatial spread

of ads over the sequence; both of which have been shown to have a significant effect of

consumers’ perception of variety [63]. Finally, note that our variety measures are based on

the identity of ads and not ad attributes. There are two reasons for this. First, we do not

have access to ad creatives. Second, unlike a standard super-market product setting, where

we can define similarity measures on standard product attributes (e.g., price, on sale or not,

flavor, local/national brand, product size), there are no standard features to compare banner

ads on. Moreover, the banner ads in our setting quite small with simple ad creatives (a short

7Gini-Simpson index is based on the original Simpson’s entropy measure that calculates the probability
of the complementary event, i.e., the probability that two random exposures show the same ad [?]. HHI
also calculates this probability when we have infinite samples.

8For instance, the Gini-Simpson index is the same even if we change the sequence shown in Figure 3.6 to
{A,A,A,B,B,C,C,D,D}. However, in this case Changei,9 = 3.
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text with some JPEG or GIF). Therefore, variety measures based on ad features are unlikely

to provide additional information over and beyond those based on ad identities. Nevertheless,

all our variety measures can be easily extended to ad features if the researcher/manager has

access to them.

3.4.2 Relationship Between Different Measures of Variety

Each one of the measures in §3.4.1 captures certain aspects of variety. For example, Breadth

focuses on the distinctiveness of the sequence of prior ads, whereas GiniSimpson also takes

into account how evenly distributed are these distinct ads. In order to understand how

different components of variety contributes to its overall impact, we need to explore the

relationship between these measures. Here we focus on our three measures of variety and

show how each is related to the other ones:

• Relationship between Breadth of Variety and Consecutive Changes: Breadth of variety

is the number of distinct ads shown in a sequence. Obviously, the first time we show

each one of these distinct ads, we make a consecutive change. Hence, the total number

of such consecutive changes equals the breadth of variety minus one, because we do

not count the first exposure number in the total number of changes. As such, we can

decompose the total number of consecutive changes into two parts – breadth-increasing

changes and breadth-constant changes. The former is the total number of consecutive

changes that increase the variety of the sequence (i.e., the second ad in the pair has

not been shown before within the sequence), whereas the latter is the total number of

consecutive changes that do not increase the variety (i.e., the second in the pair has been

shown before within the sequence). Let BICi,t and BCCi,t denote the total number of

breadth-increasing changes and breadth-constant changes respectively. We can write:

Changei,t = BICi,t + BCCi,t = (Breadthi,t − 1) + BCCi,t (3.5)

The relationship in Equation (3.5) allows us to disentangle the effects of consecutive

change from the breadth of variety.
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• Relationship between Consecutive Changes and Gini-Simpson Index: The Gini-Simpson

index measures the probability that two random exposures from a sequence show different

ads. As shown in Equation 4.12, it takes all the pairs of prior ads and calculates what

fraction of them that show different ads. We now decompose these pairs into consecutive

and non-consecutive pairs, and re-write the Gini-Simpson index as follows:

GiniSimpsoni,t =

∑
s+1=s′<t 1(Ai,s′ 6= Ai,s)

(t−1)(t−2)
2︸ ︷︷ ︸

consecutive diversity (CDi,t)

+

∑
s+1<s′<t 1(Ai,s′ 6= Ai,s)

(t−1)(t−2)
2︸ ︷︷ ︸

non-consecutive diversity (NCDi,t)

(3.6)

This decomposition allows us to understand which aspect of diversity is more important.

It further reveals the relationship between GiniSimpsoni,t and Changei,t, as the numerator

in consecutive diversity is Changei,t.

3.4.3 Variation in Variety

A necessary condition to identify the effects of variety is to have sufficient variation in the

variety measures. To visualize the extent of this variation, we first plot the empirical CDF

of Breadthi,t at different exposure numbers in Figure 3.7. Notice that there is substantial

variation in Breadthi,t at all exposure numbers.

This variation can stem from two possible sources. First, the proportional auction mech-

anism naturally induces variation in variety (if there are enough ads competing in a given

session) and this variation is random conditional on the set of competing ads and helps with

identification. Second, this variation could stem from variation in the set of ads competing

for any given session. That is, some sessions have more ads competing for them compared

to others, which naturally results in a higher variety of ads in those session. This type of

variation is non-random since the ads competing in a given session are self-selected. Thus,

we have to control for this selection in our modeling exercise. We discuss the latter issue in

greater detail §3.5.2.
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Exposure Number = 10

Figure 3.7: Empirical CDF of the breadth of variety for different exposure numbers. Note

that by definition Breadth is less than exposure number.

3.4.4 Model-free Evidence

We now examine whether our data show any patterns that indicate a link between variety

of previous ads and the click outcome on the current ad. For illustrative purposes, we focus

on impressions of the top two ads in our data and consider their average CTR when they

are shown at the eighth exposure. We plot each ad’s average CTR against the variety of

previous ads (as quantified by Breadthi,t) and present the results in Figure 3.8. The plots

suggests a positive relationship between the variety of previous ads and the average CTR of

the current ad.9

9For the model-free analysis to be interpretable, we need to ensure that the plot is not muddled by strong
ad fixed-effects or exposure number fixed effects. That is why show this analysis at the ad level and at a
specific exposure number.



89

●

●
●

●

●

●

●

●

● ● ●

●

●

●

0.000

0.025

0.050

0.075

2 4 6
Variety

A
ve

ra
ge

 C
T

R
Group ● ●Ad 1 Ad 2

Figure 3.8: Average CTR of top two ads at the eigth exposure number 8 when exposed to

different levels of variety

Nevertheless, we should be cautious in interpreting these patterns as causal. They can

stem from potential selection issues rather than the effect of variety. For example, users with

a higher propensity to click may be targeted by more advertisers, and therefore shown a

higher variety of ads. Further, users shown a low variety of ads may get annoyed and leave

the session before getting treated. In §3.5, we formalize these selection issues and outline

our identification strategy in greater detail.

3.5 Empirical Framework

In this section, present our empirical framework.
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3.5.1 Problem Definition

At each exposure t in session i, our main outcome of interest is the click indicator, Yi,t, which

is a binary variable that is equal to one if the user clicks on the ad shown during this exposure,

and zero otherwise. Let Vi,t be a variety measure that captures the variety of ads shown in

the last t − 1 exposures, with support distribution Vi,t that determines the assignment to

different levels of variety. Note that Vi,t can refer to any measure of variety (e.g., Breadthi,t,

Changei,t, or GiniSimpsoni,t) or indeed any temporal measure that reflects some information

on the prior sequence of ads ({Ai,1, . . . , Ai,t−1}). For simplicity we refer to Vi,t as variety of

previous ads. We can now characterize our observed data as D = {Xi,t, Ai,t, Vi,t, Yi,t}, where

Vi,t is our treatment variable and Yi,t is the outcome.

In this chapter, we want to measure the causal effect of the variety of previous ads (Vi,t)

on the user’s decision as to click (Yi,t) on the current ad (Ai,t). To further characterize the

problem, let Xi,t denote other covariates that we observe at the tth exposure in session i that

can affect the user’s click decision (e.g., smartphone brand). For any exposure t, we consider

a generic partially linear model to capture the relationship between Yi,t and Vi,t as follows:

Yi,t = βtVi,t + f(Xi,t, Ai,t) + εi,t, (3.7)

where βt captures the marginal effect of variety of previous ads on the user’s probability

of click on the ad shown in the tth exposure, and f(Xi,t, Ai,t) can be any non-parametric

function that separates out the effects of the current ad and other covariates on the outcome

from the effects of variety. Our main goal is to consistently estimate βt for each exposure

number t.

3.5.2 Selection Issues

In an ideal case where the distribution of variety is probabilistic and identical across sessions

(i.e., Vi,t = Vj,t for any two sessions i and j), we can consistently estimate βt in Equation

3.7 using conventional regression approaches. However, the distribution of variety is not
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(b) Small Province, Morning

Figure 3.9: Empirical CDF of the breadth of variety for two slices of the data at the fifth

exposure.

identical across sessions. We first empirically highlight this point from our data. We then

present two types of selection problems that might cause this discrepancy in the distribution.

To illustrate the discrepancy in the distribution of variety across sessions, we focus on

two slices of our data: (1) sessions in a large province in the evening, and (2) sessions in small

province in the morning of the same day. We focus on the fifth exposure in these sessions

and calculate the breadth of variety of the first four exposures in each session. Figure 3.9

plots the empirical CDF of the breadth of variety in these two slices of the data. As shown

in this figure, users in the larger province in the evening are more likely to be exposed to

a higher variety than users smaller province in the evening. A Kolmogorov-Smirnov test

rejects the null hypothesis of identical distributions, thereby providing empirical evidence

that the distribution of variety is not identical across all sessions, i.e., Vi,t 6= Vj,t for some i

and j.

The difference in the distribution of variety across sessions may originate from two po-

tential selection problems:
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1. Cross-sectional selection: As highlighted in §3.3.4, advertisers use some session-level

characteristics to target their ads. As such, the number of distinct ads available for

two different sessions can be different. For example, there are 73 distinct ads shown

in impressions shown in the first slice in Figure 3.9, whereas only 25 distinct ads are

shown in the second slice. This is because sessions in the first slice are more attractive

to advertisers because they come from users in a large affluent province at a time

of the day with enough leisure. With more ads competing for each exposure in the

session, sessions in more popular areas will naturally be assigned to higher variety

levels. Therefore, two sessions with different targeting variables can have different

distribution of variety, i.e., Vi,t 6= Vj,t for some i and j. We call this cross-sectional

selection.

In particular, cross-sectional selection creates estimation challenges when the popu-

larity of targeting characteristics is also associated with higher CTR. In Figure 3.3b,

we show a positive correlation between the number of distinct ads targeting each sub-

category and the average CTR of that category. Hence, failure to control for this

cross-sectional selection will result in selection bias in the estimates of the effects of

variety. This is similar in spirit to the endogenous targeting problem, documented

in the literature on measurement of ad-effectiveness – users who are more likely to

respond to an ad are also more likely to be targeted by that ad [?]. However, it is

worth emphasizing that in light of Proposition 3, this type of selection in assignment

to variety comes form an unconfounded ad assignment that can be fully learned from

the data. So we can technically view it as a known part of the distribution of variety.

2. Dynamic selection: A separate confounding factor that can lead to the discrepancy in

the distribution of variety is the lack of user-compliance. This issue is present even in

a fully randomized assignment: regardless of how we want to assign users to different

levels of variety, it is the user’s decision to comply with the assignment and stay in

the session. Figure 3.10 depicts this dynamic selection issue in our problem in a case
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where there are six sessions that are randomly assigned to two different treatment arms

– high (Breadthi,t = 4) vs. low variety (Breadthi,t = 1). In all these cases, the user is

supposed to see ad X in the fifth exposure. The dynamic selection in our case stems

from users’ compliance: as shown in Figure 3.10, only three out of six sessions fully

received the intended variety treatment in the fifth exposure. As such, we only observe

three sessions that actually received the treatment in our data: one in the high variety

condition and two in the low variety condition. Therefore, Vi,t 6= Vj,t for some i and j.

We refer to it as dynamic selection since this stems from the sequential nature of the

treatment assignment. In particular, this can interfere with inference if users’ decision

 

Treatment Arm 

Variety = 4 

Treatment Arm 

Variety = 1 

Treated 

  

Not  

Treated 

  

A B C D X 

A B C D X 

A B C D X 

A A A A X 

A A A A X 

A A A A X 

Figure 3.10: Compliance and non-compliance in receiving the treatment

to stay in the session is a function of their variety assignment. To see how it can result

in incorrect inference, suppose that only one impression in each treatment arm has

been clicked. As such, there is no difference in the CTR between the two treatment

arms as both have a CTR of 1
3
. However, if we solely rely on the observed data, we find
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a CTR of 1 for the high variety assignment compared to a CTR of 1
2

for the low variety

assignment. This results in an incorrect inference drawn from the observed data that

higher variety of previous ads results in a higher CTR, while this is only because higher

variety of previous ads resulted in fewer users who stayed in the session to fully receive

this variety treatment. Since we do not fully observe all user-level characteristics that

drive users’ compliance rate, this is an unknown part of the distribution of variety.

Together, both cross-sectional and dynamic selection problems make the main estimation

task more challenging. However, it is essential to distinguish between these two types of

selection problems: while cross-sectional selection is caused by the ad allocation mechanism,

dynamic selection is caused by the user. Later in §3.5.3, we explain how we use this distinction

to address each selection problem.

3.5.3 Identification Strategy and Solution to Selection Issues

In this section, we present our identification strategy to address both cross-sectional and

dynamic selection issues outlined in §3.5.2. We start by reformulating the problem in, which

allows us to define our main goal and establish the feasibility of our identification. Next,

we present our solution to the cross-sectional selection problem. Finally, we describe our

strategy to address the dynamic selection problem.

Reformulated Problem Definition

As discussed in §3.5.2, there are two types of selection in the distribution of variety – cross-

sectional selection and dynamic selection. Since cross-sectional selection originates only from

the ad assignment mechanism, we can use Proposition 3 and adjust for the non-random

discrepancies in the distribution of variety across the sessions. However, even if we can

fully address the cross-sectional selection problem, the unconfoundedness assumption is still

likely to fail for Vi,t because of dynamic selection: while we observe all the covariates that

determine ad assignment, it is quite possible that we miss variables that drive users’ decision
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to stay in a session. As such, unless we impose assumption on the unconfoundedness of users’

compliance, we cannot use the variation in Vi,t to identify β.10

Instead of imposing restrictive assumptions on users’ compliance, we take an alternative

approach based on the following logic: while the observed variety is endogenous due to

users’ compliance issue, the distribution of intended variety is only a function of the auction

mechanism and not users’ compliance. We formalize this intuition in Remark 3. However,

we first define some notation. Let A∗i,t is the intended ad assignment for exposure t in

session i; i.e., the ad that would have been shown had the user stayed in the session to

see exposure t. Of course, for observed exposures in the data, we have A∗i,t = Ai,t. Using

the intended assignment to ads, we can define the intended assignment to variety as V ∗i,t,

and its distribution as V∗i,t. For example, in Figure 3.10, the intended breadth of variety in

the fifth exposure is four for all the sessions in the left and one for all the sessions in the

right, irrespective of whether the user has stayed in the session. It is easy to show that the

distribution of the intended variety is fully determined by the distribution of ad assignments.

In light of this and Proposition 3, we can write the following remark:

Remark 3 Conditional on the set of observed covariates, the intended assignment to variety

is random.

Remark 3 essentially gives us unconfoundedness or conditional exogeneity in intended

variety. This allows us to re-formulate the problem from Equation 3.7 and focus on intended

variety as our main treatment variable. Let Y ∗i,t be the corresponding click outcome for the

intended exposure. It is is the observed outcome for exposures shown in the data (Y ∗i,t = Yi,t),

and zero for all the intended exposures not shown in the data, because the user does not

click on these unrealized exposures. Now we can re-write the model in Equation (3.7) as

follows:

Y ∗i,t = β∗t V
∗
i,t + f ∗(X∗i,t, A

∗
i,t) + ε∗i,t, (3.8)

10It is worth emphasizing that this dynamic selection issue is present even in the case of fully randomized
experiment where we users are randomly assigned to assign to different levels of variety. Indeed, it is
present in any experiment where the treatment assignment spread over multiple time periods.
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where β∗t is the main estimand of interest andX∗i,t is the set of covariates for both observed and

intended exposures. The β∗t is essentially equivalent to the Intent-To-Treat (ITT) estimate

since the treatment variable is the intended variety (V ∗i,t), and not the observed variety of

ads users received in the data (Vi,t).

The main benefit of the formulation in Equation (3.8) over that in Equation (3.7) is the

fact that assignment to the treatment variable is not confounded by unobserved covariates

that drive users’ compliance in Equation (3.8). In light of Remark 3, we can therefore

consistently estimate β∗t if: (1) we control for all the confounding factors in the intended

assignment to variety through f ∗(X∗i,t, A
∗
i,t) in Equation (3.8), and (2) we construct the

intended sample, i.e., {X∗i,t, A∗i,t, V ∗i,t, Y ∗i,t}, for any intended exposure t in session i. The former

addresses the cross-sectional selection problem, whereas the latter addresses the dynamic

selection by obtaining ITT estimates.

Solution to Cross-Sectional Selection: Stratification

In this section, we focus on the cross-sectional selection problem highlighted in §3.5.1. In

a fully randomized experiment, we would have V∗i,t = V∗j,t for all pairs of i and j by con-

struction, i.e., the distribution of intended assignment to variety would be identical across

sessions. In that case, we can consistently estimate β∗t in Equation (3.8) without controlling

for f ∗(X∗i,t, A
∗
i,t). However, as discussed earlier, in our setting there may be discrepancies

in the distributions of intended assignment to variety across sessions, i.e., there exist i and

j such that V∗i,t 6= V∗j,t. However, from Remark 3, we know that the intended assignment

to variety is exogenous conditional on observed covariates. This gives rise to the following

challenge:

Challenge 3 We need to specify f ∗(X∗i,t, A
∗
i,t) in Equation (3.8) such that it controls for all

the confoundedness in the intended assignment to variety, i.e., conditional on f ∗(X∗i,t, A
∗
i,t),

the intended assignment to variety is fully random.

To find the solution to this challenge, we start with a rather trivial remark as follows:
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Remark 4 If the ad allocation to each single exposure is identical across sessions i and j,

the intended assignment to variety is identical, i.e., V∗i,t = V∗j,t.

Now, our goal is to find a stratification of sessions where the sessions within the same stratum

have identical distribution of intended assignment to variety. To find such a stratification, we

turn to Remark 4 and explore under what conditions the allocation to each single exposure

is identical across two sessions. Using the definition of allocation function in Equation (3.1)

in §3.3.3, for two sessions i and j to have the same distribution of ad allocation, the following

condition must hold:

∀a ∈ C, 1(a ∈ Ci)
bi,ami,a∑
k∈Ci bi,kmi,k

= 1(a ∈ Cj)
bj,amj,a∑
k∈Cj bj,kmj,k

(3.9)

This condition guarantees that the allocation probability for each ad is the same in both

session i and j. Now, we can identify the potential sources that can violate the condition in

Equation (3.9):

• Difference in bids: If bi,a 6= bj,a for some a, then V∗i,t 6= V∗j,t. In our setting, ads are only

allowed to submit a single bid at any time. Therefore, bi,a 6= bj,a only happens if the ad

has changed his bid between these two sessions. If the ad decides to change his bid, it

will only be effective in the next hour. Thus, for sessions i and j around the same time

(e.g., within the same hour), we have bi,a = bj,a.

• Difference in quality scores: If bi,a 6= bj,a for some a, then V∗i,t 6= V∗j,t. A unique feature of

our setting is that unlike most platforms, this platform does not customize quality scores

and only uses an aggregate measure for every ad. Every once in a while (often daily), the

platform updates these quality scores. Thus, for sessions i and j around the same time,

we have qi,a = qj,a.

• Difference in the set of participants: If a /∈ Ci but a ∈ Cj (or vice versa) for some a, then

V∗i,t 6= V∗j,t. In words, if there exists an ad that participates in auction for session i but not

session j (or vice versa), the intended assignment to variety may differ across these two

sessions. There are two sources that can lead to the difference in the set of participants

in two sessions:
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Timeline of the study 

Available Before entry No budget After exit 

Entry  Exit 

Figure 3.11: Availability of an ad in the timeline of the study due to entry, exit, and budget

exhaustion

1. Difference in targeting: Advertisers can target their ads based on app category,

province, connectivity type, time of the day, MSP, ISP, and smartphone brand. As

such, each session has a set of targeting characteristics. Hence, we may have a /∈ Ci
and a ∈ Cj because ad a decided to target session i but not session j (or vice versa).

For example, if an advertiser selects Huawei and LG as the set of smartphone brand

categories he wants to target, his ad will not be shown to any Samsung users, as

Samsung is excluded from her targeting set. Now, if the smartphone brand is Huawei

in session i and Samsung in session j, this ad will be in Ci but not Cj. Thus, for

sessions i and j with the identical targeting characteristics, we have no difference in

targeting.

2. Difference in availability over time: Ads’ campaign availability over time may change

due to three reasons: entry, exit, and budget. Figure 3.11 illustrates this point by

showing an ad’s availability (vs. unavailability) during the time of study. As such, if

session i is in areas where ad a is unavailable (due to either entry, exit, and budget)

while session j is in areas where this ad is available, we have a /∈ Ci but a ∈ Cj (or

vice versa). Thus, for sessions i and j around the same time, there is no difference

in ads’ availability.

Together, for sessions i and j around the same time with the same targeting character-
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istics, we have Ci = Cj.

Now, we can show that the condition in Equation (3.9) holds if we have the following require-

ments for two sessions i and j: (1) bi,a = bj,a for all a, (2) qi,a = qj,a for all a, and (3) Ci = Cj.

We derived the sufficient condition for each of these requirements separately above. Now to

have a sufficient condition that satisfies all these requirements together is the intersection of

all separate sufficient conditions. This brings us to our main remark in this section:

Remark 5 For sessions i and j around the same time with the same targeting characteris-

tics, we have V∗i,t = V∗j,t.

In light of Remark 5, we define each stratum Gk ∈ G as a subset of sessions in our data

where all the targeting variables are the same. Since hour of the day is one of the targeting

variables, sessions i and j in stratum Gk are within the same hour by definition. Later, as a

robustness check, we show that the results will not change even for shorter time intervals.

In sum, our solution to address cross-sectional selection in our problem is to transform

the problem into a stratified randomized experiment. As such, within the stratum Gk ∈ G,

the intended assignment to variety is random. Thus, if f ∗(X∗i,t, A
∗
i,t) in captures all Gk ∈ G,

the intended assignment to variety will be conditionally exogenous in Equation (3.8).

Solution to Dynamic Selection: Imputation

In this section, we present our solution to address dynamic selection problem in great de-

tail. In our solution to cross-sectional selection, we stratify the covariate space such that

the intended assignment to variety is fully random within each stratum Gk. As such, we

can estimate the effects of the intended assignment to variety also known as intent-to-treat

estimates of the effects of variety. However, as shown in Equation (3.8), we need to have the

values of all variables for the intended exposures. For example, if session i ended in 5 expo-

sures, we do not directly observe what level of variety this session would have been assigned

in 8th exposure had it been continued to fully receive the intended variety treatment. This

brings us to our main empirical challenge in this section:
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Challenge 4 We need to construct the values of the main variables for all the intended

exposures. That is, for any session i that ended in Ti exposures, we need to impute the set

of {Y ∗i,t, A∗i,t, V ∗i,t} for all Ti < t ≤ T .

As discussed earlier, we impute the outcomes for missing exposures by zero: for any session

i and exposure t such that Ti < t ≤ T , we have Y ∗i,t = 0. The key challenge is to impute

intended ad assignments. For each session i, we observe the sequence {Ai,1, Ai,2, . . . , Ai,Ti}.

Our goal is to obtain the full set of all intended ad assignments after the session ended, i.e.,

{A∗i,Ti+1, . . . , A
∗
i,T}.

We first characterize the distribution each ad is drawn from. Let τ denote the exact

timestamp of an exposure in session i. We define Ai(τ) as the distribution of ad allocation

at timestamp τ in session i. The following remark about the distribution of ad allocation

helps characterize our imputation strategy:

Remark 6 For any two sessions i and j with the same targeting characteristics (i, j ∈ Gk),

the distribution of ad allocation is the same at any arbitrary timestamp, i.e., Ai(τ) = Aj(τ).

In light of Remark 6, we can use the actual ad assignment in other sessions to impute the

intended ad assignment for a specific session. For example, in order to impute A∗i,Ti+1, we

need to find the timestamp τ that indicates when this exposure would have happened had

the session not ended, as well as another session j with the same targeting characteristics

that served an ad at timestamp τ . We then impute A∗i,Ti+1 by the ad shown in session j

at timestamp τ , since the ad allocation mechanism is identical across session i and j. It is

worth noting that unlike most imputation approaches that use models to approximate the

original distribution and simulate missing data from this approximate distribution, our ap-

proach is model-free and guarantees that the imputed exposures are drawn from the original

distribution, e.g., A∗i,Ti+1 ∼ Ai(τ) in the example above.

We now present the step-by-step algorithm that allows us to impute all the sessions in

our data. We first set T = 10 because the vast majority of sessions ends in the first 10
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sessions.11 As such, for any session i, we want to obtain {A∗i,Ti+1, . . . , A
∗
i,10}. We do not use

sessions in our sample for imputation purpose. Rather, we use a complementary data set of

all the impressions that are not in our sample. We call this data set D̃ and it contains the

same characteristics as our original sample. Below we present the step-by-step imputation

algorithm that we use:

• Step 1: For any session i that ended in Ti exposures, we first impute the timestamps

for the intended exposures {A∗i,Ti+1, . . . , A
∗
i,10}. Each exposure lasts one minute, so we

just need to add one minute to the timestamp for the last exposure. We denote these

timestamps by {τ ∗i,Ti+1, . . . , τ
∗
i,10}.

• Step 2: For any s ≥ 1 that Ti+s ≤ 10, we take τ ∗i,Ti+s and session i, and find a session j in

the complementary data (j ∈ D̃) with the same targeting characteristics as i that served

ads at timestamp τ ∗i,Ti+s. Let Ãj(τ
∗
i,Ti+s

) denote the ad shown in session j at timestamp

τ ∗i,Ti+s.

• Step 3: We impute the intended exposure in session i at exposure Ti + s with the ad

found in the complementary data as it would have been the ad shown had the session

not ended. Hence, A∗i,Ti+s = Ãj(τ
∗
i,Ti+s

).

Once we imputed the ad assignment for all the intended exposures, we can impute the

intended assignment to variety for all these exposures since the variety definition is solely

based on the sequence of prior ads.

3.5.4 Model Specification

In this section, we present our model specification. This model is based on the generic form

presented in Equation (3.8). The only part from this equation that we need to specify is

f ∗(X∗i,t, A
∗
i,t). While we know that f ∗(X∗i,t, A

∗
i,t) must incorporate the stratification defined

in §3.5.3, we may need other controls depending on our experimental goal. In particular,

we need to specify how we want to control for the information in the current ad A∗i,t. This

11We do not go beyond exposure number 10 as the vast majority of sessions end in less than 10 exposures
(see Figure 3.4a).
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(a) Controlling for ad fixed effects
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(b) Controlling for previous exposures of the fo-

cal ad

Figure 3.12: Controls for ad-specific features and their experimental equivalents

specification also defines the causal interpretation that our main parameter of interest has.

Ideally, we want to compare cases where the only difference comes from the assignment

to variety. As such, failure to control for the differences in the effects of the current ad may

result in some confounding issues. In Figure 3.12, we visualize the experimental comparisons

that we wish to make in terms of the effects of variety. In Figure 3.12a, we want to compare

the first two cases where the current ad is the same and sessions are assigned to different levels

of variety. Comparison of the first and third case, however, is not of our interest because

not only is assignment to variety different between these two cases, but also the assignment

to the current ad is different. Hence, it is not clear if the difference in the outcome comes

from the assignment to variety or the current ad. To address this issue, we include ad fixed

effects allows us to control for the ad that is currently being shown.

While controlling for ad fixed effects helps compare the effects of variety within a specific

ad assignment, but there might still be more information about the current ad that is missing.

Figure 3.12b shows a case where the current ad is the same in all three sessions, but the

number of times this ad has been shown within the session is different: the first two sessions

have shown the current ad once before within the session, whereas the third session has not
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shown this ad at all. Since the first two sessions only differ in variety of previous ads, we

want to compare these two with each other, not with the third session. We control for this

factor by controlling for the number of times the current has been shown. We define this

variable as I∗i,t as follows:

I∗i,t =
t−1∑
j=1

1(A∗i,j = A∗i,t) (3.10)

Now, we can specify our regression model for each exposure number as follows:

Y ∗i,t = βITT
t V ∗i,t + γtI

∗
i,t + η∗a,t︸︷︷︸

ad fixed effects

+ ζ∗g,t︸︷︷︸
strata fixed effects

+εi,t, (3.11)

where βITT
t is the intent-to-treat (ITT) estimate of the effects of variety and the combination

of all controls forms our specification of f ∗(X∗i,t, A
∗
i,t) in Equation (3.8). For our treatment

variable V ∗i,t, we use the measures defined in §3.4.1. We present our estimates for each

exposure number in §3.6.

3.6 Results

In this section, we present our results. We first present the ITT estimates of the effects of

variety in §3.6.1. In §3.6.2, we establish the extent of dynamic selection bias if we mainly

rely on the observed sample and ignore imputation. Next, in §3.6.3, we show our findings

on the source for the effects of variety. Finally, in §3.6.4, we document the heterogeneity in

the effects of variety across user-level observables.

3.6.1 Intent-to-Treat (ITT) Estimates of the Effects of Variety

We start by estimating the parameters in Equation (3.11) using the intended sample. For

each exposure number t, we use each one of the variety measures in §3.4.1 to estimate the

model. Overall, we estimate 7 × 3 = 21 models and present all the results in Table 3.2.

With no exception, all estimates for the coefficient of variety indicate a positive association

between the variety of previous ads and clicking on the next ad. That is, when assigned to

a higher variety of previous ads in a sessions, users are more likely to click on the next ad.
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Dependent variable: Click (Yi,t)

(t = 4) (t = 5) (t = 6) (t = 7) (t = 8) (t = 9) (t = 10)

A. Breadth of Variety

Breadthi,t 0.00066∗∗∗ 0.00078∗∗∗ 0.00045∗∗∗ 0.00024∗∗ 0.00028∗∗∗ 0.00028∗∗∗ 0.00024∗∗∗

(3.67) (5.59) (4.28) (2.71) (3.74) (4.20) (4.21)

Previous 0.00042∗∗ 0.00073∗∗∗ 0.00038∗∗∗ 0.00032∗∗∗ 0.00015∗ 0.00021∗∗∗ 0.00021∗∗∗

Exposure (Ii,t) (2.74) (5.77) (3.93) (3.90) (2.23) (3.47) (4.00)

R2 0.099 0.088 0.087 0.077 0.071 0.063 0.061

Adjusted R2 0.028 0.024 0.029 0.024 0.022 0.017 0.019

B. Consecutive Changes

Changei,t 0.00056∗∗ 0.00079∗∗∗ 0.00043∗∗∗ 0.00027∗∗ 0.00032∗∗∗ 0.00037∗∗∗ 0.00024∗∗∗

(3.18) (5.83) (4.29) (3.19) (4.58) (5.94) (4.57)

Previous 0.00040∗∗ 0.00072∗∗∗ 0.00037∗∗∗ 0.00033∗∗∗ 0.00016∗ 0.00023∗∗∗ 0.00021∗∗∗

Exposure (Ii,t) (2.58) (5.69) (3.84) (3.96) (2.31) (3.80) (4.00)

R2 0.099 0.088 0.087 0.077 0.071 0.063 0.061

Adjusted R2 0.028 0.024 0.029 0.024 0.022 0.017 0.019

C. Gini-Simpson Index for Diversity

GiniSimpsoni,t 0.00133∗∗ 0.00261∗∗∗ 0.00245∗∗∗ 0.00125∗ 0.00226∗∗∗ 0.00285∗∗∗ 0.00283∗∗∗

(3.23) (5.09) (4.64) (2.18) (3.87) (4.66) (4.68)

Previous 0.00041∗∗ 0.00073∗∗∗ 0.00041∗∗∗ 0.00032∗∗∗ 0.00017∗ 0.00024∗∗∗ 0.00024∗∗∗

Exposure (Ii,t) (2.67) (5.74) (4.17) (3.81) (2.46) (3.83) (4.39)

R2 0.099 0.088 0.087 0.077 0.071 0.063 0.061

Adjusted R2 0.028 0.024 0.029 0.024 0.022 0.017 0.019

Ad FE X X X X X X X

Strata FE X X X X X X X

No. of Obs. 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table 3.2: Intent-to-Treat (ITT) estimates of the effects of variety previous ads and number

of prior ads shown on CTR
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Further, we find that the number of previous exposures of the current ad also leads to

higher likelihood of click. That is, the more an ad has been shown within the session, the

more likely the user is to click on that ad. It reinforces the prior findings of the literature

regarding the positive effects of repeated exposure [118]. It also gives rise to an inter-temporal

trade-off in ad placement. On the one hand, repeated exposures of the same ad increases the

user’s likelihood of clicking on it. On the other hand, showing the same ad repeatedly reduces

variety. Thus, it suggests that employing a mix of both would be optimal in placement of

ads.

3.6.2 Dynamic Selection Bias

Our results in Table 3.2 are ITT estimates of the effects of variety accounting for possible

dynamic selection in users’ assignment to variety. In this section, we quantify the extent

to which the main estimates would be biased if we only use the observed sample and do

not adjust for dynamic selection. In principle, if users’ decision to leave the session is fully

exogenous, we can easily link our estimates from the observed sample with those from the

intended sample. In this section, we first present a simple regression model to test how

exogenous user compliance is, and then quantify the extent of dynamic selection bias if we

only rely on the observed sample.

How Reasonable is the Assumption of Exogenous Compliance?

As discussed above, if users decide to leave a session irrespective of their variety assignment,

the observed sample reflects the effects of variety with no selection bias. On the other hand,

if users’ decision to leave is a function their variety assignment, we disproportionately observe

exposures of each variety treatment, which would bias our main estimates. In this section,

we test the assumption that compliance is not a function the variety assignment. To do

so, we define leave variable indicating whether the user has left after that exposure. Let

Li,t denote the user’s decision to leave after seeing exposure t in session i. We specify the
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following regression model:

Li,t = αVi,t + θtIi,t + η′a,t + ζ ′g,t + ε′i,t (3.12)

It is worth noting that the right-hand side of Equation (3.12) is the equivalent of that in

Equation (3.11) on the observed sample. If the assumption that users’ decision to leave is

independent of variety assignment is true, α in Equation (3.12) must be insignificant. We

present the estimates of this model in Table 3.3. Our results indicate that at some exposure

numbers, there is a statistically significant link between variety assignment and the user’s

decision to leave the session. This finding provides evidence for the existence of dynamic

selection in our problem. In particular, given the negative association between variety and

users’ decision to leave, users are more likely to leave the session when the assignment to

variety is low. As such, the number of observed cases in low variety assignment is lower.

Thus, we expect the dynamic selection to underestimate the positive effects of variety.

Magnitude of Dynamic Selection Bias

As shown in §3.6.2, user compliance is a function of the variety assignment. Hence, if we only

rely on the observed sample to estimate the effects of variety, our estimates will be biased.

In this section, we want to quantify the magnitude of this dynamic selection bias. To do so,

we need to first estimate the coefficient of variety using the observed sample. We use the

exact specification in Equation 3.11 and estimate the parameters on the observed sample.

The results are shown in Table 3.4. The estimates qualitatively reveal the same pattern as

our ITT estimates in Table 3.2: there is a positive association between CTR on the current

ad and both the variety of previous ads and the number of previous exposures of current

ad. Thus, the existence of dynamic selection bias does not directionally change our main

findings.

However, our goal is to quantitatively compare the variety estimates in Tables 3.2 and

3.4. Of course, a plain comparison between estimates is not correct, since the estimands are

fundamentally different: the estimand in Table 3.2 is ITT estimates obtained using the entire
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Dependent variable: Leave (Li,t)

(t = 4) (t = 5) (t = 6) (t = 7) (t = 8) (t = 9) (t = 10)

A. Breadth of Variety

Breadthi,t -0.00715∗∗∗ -0.00254∗ -0.00268∗ -0.00171 -0.00124 -0.00039 -0.00005

(-5.20) (-2.11) (-2.33) (-1.55) (-1.15) (-0.36) (-0.05)

Previous -0.00284∗ -0.00323∗∗ -0.00084 -0.00223∗ -0.00115 -0.00383∗∗∗ 0.00030

Exposure (Ii,t) (-2.39) (-2.96) (-0.79) (-2.21) (-1.17) (-3.98) (0.32)

R2 0.222 0.250 0.279 0.305 0.329 0.348 0.382

Adjusted R2 0.014 0.010 0.013 0.012 0.012 0.006 0.023

B. Consecutive Changes

Changei,t -0.00402∗∗ -0.00126 -0.00144 -0.00062 0.00136 0.00027 -0.00044

(-2.97) (-1.08) (-1.32) (-0.60) (1.36) (0.28) (-0.46)

Previous -0.00217 -0.00292∗∗ -0.00052 -0.00196 -0.00053 -0.00367∗∗∗ 0.00020

Exposure (Ii,t) (-1.83) (-2.69) (-0.50) (-1.95) (-0.54) (-3.84) (0.22)

R2 0.222 0.250 0.279 0.305 0.329 0.348 0.382

Adjusted R2 0.014 0.010 0.013 0.012 0.012 0.006 0.023

C. Gini-Simpson Index for Diversity

GiniSimpsoni,t -0.01529∗∗∗ -0.00809 -0.01489∗∗ -0.00457 0.00322 -0.01270 -0.01093

(-4.86) (-1.84) (-2.59) (-0.66) (0.39) (-1.34) (-1.03)

Previous -0.00283∗ -0.00322∗∗ -0.00102 -0.00203∗ -0.00071 -0.00418∗∗∗ -0.00003

Exposure (Ii,t) (-2.37) (-2.92) (-0.96) (-1.98) (-0.71) (-4.25) (-0.03)

R2 0.222 0.250 0.279 0.305 0.329 0.348 0.382

Adjusted R2 0.014 0.010 0.013 0.012 0.012 0.006 0.023

Ad FE X X X X X X X

Strata FE X X X X X X X

No. of Obs. 365,166 285,373 234,109 194,485 165,558 142,878 124,864

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table 3.3: OLS estimates of the effects of variety on users’ decision to leave a session using

the observed sample
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Dependent variable: Click (Yi,t)

(t = 4) (t = 5) (t = 6) (t = 7) (t = 8) (t = 9) (t = 10)

A. Breadth of Variety

Breadthi,t 0.00151∗∗ 0.00242∗∗∗ 0.00152∗∗∗ 0.00118∗ 0.00157∗∗∗ 0.00140∗∗ 0.00156∗∗∗

(2.99) (4.82) (3.34) (2.51) (3.43) (2.95) (3.34)

Previous 0.00138∗∗ 0.00264∗∗∗ 0.00154∗∗∗ 0.00158∗∗∗ 0.00095∗ 0.00128∗∗ 0.00150∗∗∗

Exposure (Ii,t) (3.17) (5.82) (3.68) (3.68) (2.28) (2.99) (3.61)

R2 0.229 0.258 0.296 0.316 0.337 0.354 0.375

Adjusted R2 0.023 0.020 0.035 0.027 0.024 0.015 0.013

B. Consecutive Changes

Changei,t 0.00133∗∗ 0.00239∗∗∗ 0.00163∗∗∗ 0.00150∗∗∗ 0.00170∗∗∗ 0.00209∗∗∗ 0.00166∗∗∗

(2.68) (4.93) (3.74) (3.41) (4.01) (4.82) (3.94)

Previous 0.00133∗∗ 0.00259∗∗∗ 0.00154∗∗∗ 0.00164∗∗∗ 0.00096∗ 0.00144∗∗∗ 0.00153∗∗∗

Exposure (Ii,t) (3.06) (5.74) (3.71) (3.85) (2.32) (3.39) (3.70)

R2 0.229 0.258 0.296 0.316 0.337 0.354 0.375

Adjusted R2 0.023 0.020 0.035 0.027 0.024 0.015 0.013

C. Gini-Simpson Index for Diversity

GiniSimpsoni,t 0.00302∗∗ 0.00794∗∗∗ 0.00874∗∗∗ 0.00645∗ 0.01158∗∗∗ 0.01421∗∗∗ 0.01724∗∗∗

(2.62) (4.34) (3.84) (2.18) (3.31) (3.37) (3.63)

Previous 0.00136∗∗ 0.00264∗∗∗ 0.00166∗∗∗ 0.00159∗∗∗ 0.00102∗ 0.00143∗∗ 0.00166∗∗∗

Exposure (Ii,t) (3.11) (5.78) (3.93) (3.65) (2.42) (3.27) (3.88)

R2 0.229 0.258 0.296 0.316 0.337 0.354 0.375

Adjusted R2 0.023 0.020 0.035 0.027 0.024 0.015 0.013

Ad FE X X X X X X X

Strata FE X X X X X X X

Avg. CTR 0.0234 0.0260 0.0227 0.0233 0.0215 0.0221 0.0203

No. of Obs. 365,166 285,373 234,109 194,485 165,558 142,878 124,864

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table 3.4: OLS estimates of the coefficient of variety of previous ads and number of previous

exposures of the current ad using the observed sample



109

sample, whereas the estimand in Table 3.4 only focuses on the observed sample of compliers.

To link these two estimands, we turn to a well-known decomposition of ITT estimates:

βITT
t = πco

t β
ITT,co
t + (1− πco

t )βITT,nc
t , (3.13)

where βITT,co
t and βITT,nc

t are ITT estimates on the sample of compliers vs. non-compliers

respectively, and πco
t denotes the share of compliers for exposure number t. Since the outcome

is zero for any non-treated user regardless of their intended treatment assignment, we have

βITT,nc
t = 0. If there is no dynamic selection, the estimates in Table 3.4 are equivalent to

βITT,co
t . Therefore, the ITT estimates we would get from our estimates in Table 3.4 under

no dynamic selection assumption is as follows:

β̃ITT
t =

Nt

N1

β̂observed
t , (3.14)

where Nt and N1 are the number of sessions available at exposure number t and 1 respectively

so the fraction is an empirical estimate of πco
t , and β̂observed

t is simply the estimates on the

observed sample presented in Table 3.4. As such, β̃ITT
t gives us the ITT estimates if there

is no dynamic selection, and the difference between β̃ITT
t and our original ITT estimates in

Table 3.2 quantifies the magnitude of dynamic selection bias. We plot both estimates for

the breadth of variety in Figure 3.13. As shown in this figure, the actual ITT estimates

are higher than those under the random compliance assumption. This is in line with the

results presented in Table 3.3 that show both variety and previous exposures of the focal

ad have negative effects on user’s decision to leave, at some exposure numbers. This lower

compliance rate for higher variety conditions explains why the ITT estimates under random

compliance is biased downward.

3.6.3 What is the Source for the Effects of Variety?

Our findings in §3.6.1 establish the main effects of variety of previous ads on the likelihood

of clicking on the next ad. We now want to explore the sources for the effects of variety. In

particular, we examine the role that the sequential organization of the previous ads play in
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Figure 3.13: Comparison of ITT estimates using the intended sample vs. ITT estimates

under random compliance assumption

driving the main effects of variety. As such, we mainly use the relationships between our

three measures of variety and decompose the main effects into sequential and non-sequential

elements, as presented in §3.4.2.

Breadth-Increasing vs. Breadth-Constant Changes

We start with the relationship between two of our variety measures – breadth of variety

(Breadthi,t) and consecutive changes (Changei,t). While the former views the sequence of

prior ads as a set and ignores the order in the sequence, the latter relates to the sequential

ordering of previous ads. Recall our decomposition of consecutive changes in Equation 3.5



111

in §3.4.2:

Changei,t = BICi,t + BCCi,t = (Breadthi,t − 1) + BCCi,t,

where we decompose the total number of consecutive changes into two parts – breadth-

increasing changes (BICi,t) and breadth-constant changes (BCCi,t). The former is the total

number of consecutive changes that increase the variety of the sequence (i.e., the second ad

in the pair has not been shown before within the sequence), whereas the latter is the total

number of consecutive changes that do not increase the variety (i.e., the second in the pair

has been shown before within the sequence). We can now include both BICi,t and BCCi,t in

Equation (3.11) as Vi,t to see which one contributes more to the outcome. We can re-write

our main model as follows:

Y ∗i,t = βBIC
t BIC∗i,t + βBCC

t BCC∗i,t + γtI
∗
i,t + η∗a,t + ζ∗g,t + εi,t, (3.15)

where βBIC
t and βBCC

t demonstrate the impact of breadth-increasing changes and breadth-

constant changes respectively. If βBIC
t = βBCC

t , we can then argue that the source is mainly

consecutive changing of ads. In general, the ration
βBCC
t

βBIC
t

shows what fraction in the effects of

breadth of variety stems from consecutive changing of ads. We present our results in Table

3.5. As shown in this table, we find support for both sources. The point estimates for breadth-

increasing changes are higher than those of breadth-constant changes, indicating that the

distinctiveness of previous ads is a source for the effects. However, the estimates of breadth-

constant changes are also significant for some exposure numbers, suggesting that a large

fraction of the effects of variety stems just from the consecutive changing of ads. Further,

the estimates of breadth-constant changes become significant from exposure number eight

onward. The fact that the gap between the estimates of breadth-increasing and breadth-

constant changes shrink in later exposure numbers might be due to diminishing returns to

breadth of variety. A potential explanation for the diminishing returns to breadth of variety

is that users may not have the full memory of the session. To summarize, while we find the

positive effects of breadth of variety in all exposures, a large fraction of the effects of variety

is attributed to consecutive changing of ads, especially in later exposures.
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Dependent variable: Click (Yi,t)

(t = 4) (t = 5) (t = 6) (t = 7) (t = 8) (t = 9) (t = 10)

Breadth-Increasing 0.00067∗∗∗ 0.00091∗∗∗ 0.00053∗∗∗ 0.00031∗∗ 0.00038∗∗∗ 0.00041∗∗∗ 0.00032∗∗∗

Changes (3.61) (6.12) (4.68) (3.23) (4.60) (5.61) (4.97)

Breadth-Constant 0.00009 0.00051∗ 0.00026 0.00021 0.00026∗∗ 0.00033∗∗∗ 0.00017∗∗

Changes (0.29) (2.54) (1.89) (1.92) (2.95) (4.33) (2.74)

Previous 0.00042∗∗ 0.00075∗∗∗ 0.00040∗∗∗ 0.00034∗∗∗ 0.00017∗ 0.00024∗∗∗ 0.00023∗∗∗

Exposure (Ii,t) (2.75) (5.89) (4.07) (4.05) (2.50) (3.92) (4.29)

Ad FE X X X X X X X

Strata FE X X X X X X X

No. of Obs. 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426

R2 0.099 0.088 0.087 0.077 0.071 0.063 0.061

Adjusted R2 0.028 0.024 0.029 0.024 0.022 0.017 0.019

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table 3.5: Intent-to-Treat (ITT) estimates of the effects of Breadth-Increasing Changes vs.

Breadth-Constant Changes

Consecutive vs. Non-Consecutive Diversity

We now turn to the second decomposition that we present in §3.4.2. Recall that the Gini-

Simpson index for diversity can be decomposed into consecutive vs. non-consecutive ele-

ments:

GiniSimpsoni,t =

∑
s+1=s′<t 1(Ai,s′ 6= Ai,s)

(t−1)(t−2)
2

+

∑
s+1<s′<t 1(Ai,s′ 6= Ai,s)

(t−1)(t−2)
2

= CDi,t + NCDi,t,

where the first element in the right-hand side only considers the consecutive pairs that show

different ads (CDi,t), and the second element takes the non-consecutive pairs of prior ads that
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show different ads (NCDi,t). As such, the former quantifies the contribution of consecutive

pairs to Gini-Simpson index for diversity, whereas the latter quantifies the contribution of

non-consecutive pairs. We include both consecutive and non-consecutive diversity in the

main specification and estimate the following model:

Y ∗i,t = βCD
t CD∗i,t + βNCD

t NCD∗i,t + γtI
∗
i,t + η∗a,t + ζ∗g,t + εi,t, (3.16)

where βCD
t and βNCD

t demonstrate the impact of breadth-increasing changes and breadth-

constant changes respectively. We present our estimates in Table 3.6. We find that consecu-

tive diversity plays a more important role in driving users’ clicks. Interestingly, for exposure

number 7 and 10, we find that the coefficients for non-consecutive diversity are also sig-

nificant. This finding provides more support for the hypothesis that users’ memory of the

session is limited. Overall, our results suggest that the sequential organization of exposures

is critical since there is a difference between consecutive and non-consecutive diversity. This

is similar to the findings of [63] and [72] who find that the organization and structure of the

assortment affect users’ perceptions of variety.

3.6.4 Heterogeneity Across User History

As mentioned in §3.3.2, we sample our users such that their activity logs are not truncated.

The fact that we observe the entire history for our sample allows us to distinguish between

sessions based on their user-level observables and examine the effects of variety conditional

on these observables. For instance, users with longer history may react differently to ma-

nipulation strategies compared to those who are new to the platform. This motivates us

to explore and document heterogeneity in the main effects across sessions with different

user-level observables.

We take a simple descriptive approach to show heterogeneity in the effects of variety.

This involves splitting our data into two parts based on users’ historical features (e.g., users’

past activity). We then obtain estimates for the breadth of variety (Vi,t) on both splits of

the data for all exposure numbers. Below we present three dimensions of users’ past history
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Dependent variable: Click (Yi,t)

(t = 4) (t = 5) (t = 6) (t = 7) (t = 8) (t = 9) (t = 10)

Consecutive 0.00160∗∗ 0.00459∗∗∗ 0.00354∗∗∗ 0.00422∗∗ 0.00621∗∗∗ 0.00984∗∗∗ 0.00662∗∗

Diversity (3.00) (5.43) (3.30) (3.04) (3.79) (4.99) (3.02)

Non-Consecutive 0.00079 0.00063 0.00173∗ -0.00023 0.00068 0.00054 0.00175∗

Diversity (1.00) (0.75) (2.12) (-0.27) (0.80) (0.62) (2.06)

Previous 0.00042∗∗ 0.00073∗∗∗ 0.00041∗∗∗ 0.00032∗∗∗ 0.00017∗ 0.00024∗∗∗ 0.00024∗∗∗

Exposure (Ii,t) (2.68) (5.74) (4.18) (3.82) (2.44) (3.84) (4.39)

Ad FE X X X X X X X

Strata FE X X X X X X X

No. of Obs. 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426

R2 0.099 0.088 0.087 0.077 0.071 0.063 0.061

Adjusted R2 0.028 0.024 0.029 0.024 0.022 0.017 0.019

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table 3.6: Intent-to-Treat (ITT) estimates of the effects of Consecutive Diversity vs. Non-

Consecutive Diversity

that we are interested in and determine the splits of the data accordingly:

• Length of history : Users in our sample vary by the number of impressions they have seen

in the past. In general, we expect this variable to be a major source of heterogeneity,

as it shapes user’s behavior towards ads. We call a user experienced if he/she has seen

over 50 impressions. We split the data into two parts each containing impressions shown

to experienced vs. inexperienced users. The effects on the sample of tenured and non-

tenured users are shown in Figure 3.14a and 3.14b respectively. While the effects are

significant both economically and statistically for inexperienced users, experienced users
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seem to be unaffected by variety interventions. This may be because experienced users

are less susceptible to session-level manipulations such as variety.

• Clicking history : Users’ clicking record is usually a good indicator of their interest in

ads. We call a user responsive if he/she has at least clicked on one ad in his/her record.

We estimate our model on the sample of responsive vs. non-responsive users and present

the results in Figure 3.14c and 3.14d respectively. The patterns reveal a stark contrast:

while variety of previous ads leads to a higher CTR on the sample of responsive users, the

effects flip on the non-responsive sample. This can stem from the fundamental difference

between these two groups: the responsive users are more interested in ads, thereby variety

increases their engagement with ads. However, non-responsive users who have not shown

any interest in ads seem not to enjoy higher variety of ads.

• Past interaction with the focal ad : Another historical feature of an impression that can

be an important source of heterogeneity is the number of previous exposures of the focal

ad that the user has seen prior to the session. Clearly, the number of previous exposures

of the current ad affects user’s information processing of the ad. Thus, the effects of

variety are likely heterogeneous conditional on the previous exposures of the current ad.

We split the data into two parts based on the previous exposures of the current ad. We

call the condition high repetition if the user has seen over 5 exposures prior to the session

and split the data based on this condition. As shown in Figure 3.14e and 3.14f, we find

that the effects of variety are stronger if the user has seen fewer exposures of the current

ad prior to the session. However, variety of prior ads is less effective if the current ad has

been shown over 5 times before.

3.6.5 Robustness Checks

In this section, we present some robustness check to examine whether our findings hold under

different specifications. We outline different checks below:

• Temporal Spacing: One confounding factor for temporal features can be temporal spacing.
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Figure 3.14: Heterogeneity in the effects of variety of previous ads
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[118] finds that temporal spacing between the current ad and the last time the ad was

shown has a positive effect on the clicking outcome. One would argue that omitting

this variable would result in biased estimates for variety, as higher spacing might be

correlated with higher variety. To control for this potential confounding factor, we create

the variable space i,t, which is the number of impressions the user has seen in session i,

since she last saw ad Ai,t. Obviously, space i,t is not defined if this is the first time showing

Ai,t within the session. We run two different models to address this issue. First, we add

the variable space i,t to the specification presented in Equation (3.11) and estimate the

model. However, this might reduce our power as we drop many data points. This brings

us to our second strategy where we define the dummy variable for first exposure of an

ad. The result of these models are presented in Table B.1 and B.2 in Appendix. By and

large, the coefficient for variety is positive and significant, implying positive effects of

variety on click. Further, we find positive effects for temporal spacing in most exposures,

which confirms the findings of [118].

• Other Measures of Variety: Besides measures that we used for variety, Shannon entropy

is another metric for dispersion and diversity which is widely used in information theory

literature [124].12 Below is a formal definition of this metric:

Shannoni,t = −
∑
a

pi,a,t log2 pi,a,t, (3.17)

where pi,a,t is the share of ad a in the session i prior to exposure number t, i.e., pi,a,t =
Ii,a,t
t−1

.

This measure captures the amount of information in the past sequence.13 We use this

measure of variety as Vi,t in (3.11) and estimate the model on the intended sample. As

presented in Table B.3, our estimates for the effects of variety are robust to Shannon

measure of variety.

• Different Stratification: In our main model, we used strata fixed effects to control for

cross-sectional selection. Each stratum is a combination of a targeting area g and hour h.

12For a marketing use and discussion of this metric, please see [46].

13More practically, it translates into number of bits required to store the sequence.
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Clearly, such strata can be very narrow containing only a few corresponding observations.

While it helps us avoid the cross-sectional selection bias, it may reduce our power of

identifying the effects. On the other hand, one would argue that the current stratification

may not fully eliminate the selection bias, as the time intervals can be wide and we

pool all the ads and control for ad effects separately. We conduct a series of different

specifications with more or fewer fixed effects. The results are shown in the appendix.

Table B.4, B.5, and B.6 present the estimates when using less fixed effects. By and large,

the substantive results remain the same, though the effects are underestimated compared

to the main results. Such discrepancy suggests that advertisers take into account the

interactions between targeting variables when targeting their ads, thereby inducing bias

in the models that do not capture such interactions.

Further, we estimate models with even narrower strata. As discussed in §3.5.3, to control

for time-dependent factors that change the auction, we used hourly intervals. Here we

use half-an-hour intervals to see whether the results are robust to tighter time intervals.

As shown in Table B.7, the results are almost the same as our main model. Finally, we

incorporate ad fixed effects in our stratification and estimate the model. That is, for any

auction-invariant stratum and ad, we define a separate group and control for such group

fixed effects. The results, as presented in Table B.8, show the same pattern as our main

model. However, for later exposures the coefficients lose significance which is likely due

to lack of power.

• Top Ad: In our main model, we pool all ads together and control for their fixed and

time-varying effects. An alternative approach is to run models for each ad separately to

show the effects on each individual ad and explore the heterogeneity in the effects across

ads. However, we do not have enough power for each ad to identify the effects. Here we

estimate the model on the top ad for which we have enough observations. As show in

Table B.9, we see the same pattern as our main model.

• Controlling for User’s Panel Length: In our main analysis, we take session as the unit of

analysis. However, we may observe multiple sessions for only one users. As a result, our



119

main results may be driven by some users for whom we see many sessions. Further, one

would argue that user’s behavior may evolve over time with respect to session-level tem-

poral features, which in turn, violates Stable Unit Treatment Value Assumption (SUTVA)

[24, 116]. To address this issue, we only focus on user’s first assignment to an experimen-

tal condition. That is, for any exposure number t, we focus on the first time users get

to see that specific exposure number and estimate our model. This changes our unit of

analysis from sessions to users. The only problem with that approach is the significant

loss in the power of our analysis, as we have to drop many sessions. We estimate our

model using this approach and present the results in Table B.10. The estimates of the

effects of variety show the same patterns as our main results.

3.7 Conclusion and Future Directions

Mobile in-app advertising is now a major source of revenue for many app developers. Given

some specific features of this medium of advertising, sequential ad placement is a common

practice among publishers who serve ads. That is, users are exposed to a sequence of po-

tentially different ads within a session. This motivates a series of questions related to the

sequencing of ads. We particularly focus on variety as an important feature of ad sequences

and study how variety of previous ads is linked to user’s clicking behavior on the next ad. To

answer this question, we use data from the leading in-app ad-network of an Asian country

to examine this question. A unique feature of our data is the use of probabilistic auction

for ad placement that creates a great degree of randomness in the sequence of ads users are

exposed to within the session. We develop an identification strategy that allows us to exploit

the exogenous variation in users’ assignment to variety and obtain intent-to-treat estimates.

We find that variety of previous ads leads to higher likelihood of click on the next ad. We

then examine the source for such effects using different measures of variety and identify se-

quential organization of exposures as a major source. Finally, we use a descriptive approach

to document heterogeneity in variety effects across user’s past history.

In sum, this chapter contributes to two broad streams of literature on advertising and
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variety. First, this chapter adds to the methodological literature on quantifying causal effects

of advertising. We propose an identification strategy that can be applied to cases where

ads are allocated through a probabilistic mechanism. Specifically, our approach is useful

for identification of temporal effects of advertising using observational data, where users

may drop out before fully assigned to the treatment. Second, this chapter adds to the

marketing literature on variety by establishing the role of variety in advertising context. Our

findings provide some managerial insights for both advertisers and publisher in mobile in-app

advertising industry. For advertisers, our findings would

Our findings have managerial implications for both advertisers and publishers. One im-

plication for advertisers is to participate in auctions with many competitors to be assigned to

higher variety conditions. Further, our results on heterogeneity in variety effects would guide

advertisers’ targeting decisions. For publishers, our results highlight the importance of ques-

tions related to mechanism design – whether they must use deterministic vs. probabilistic

auctions and how they should design the sequence of ads.

Nevertheless, there are certain aspects of the problem that this chapter overlooks but can

serve as avenues of future research. First, we only focus on click as the main outcome of

interest. However, click is not the ultimate outcome that advertisers care about. Examining

whether this increment in clicks will lead to higher conversion would be an interesting area

for future research. Second, while our results establish the causal effects of variety, it is

not clear what the optimal policy would be. Increasing variety may come with the cost of

showing irrelevant ads giving rise to an inter-temporal trade-off in sequencing of ads. Future

research can explore how the publisher can optimally design the sequence of ads. Third,

we show that assignment to variety affects user’s decision to stay in the app. Questions

related to the effects of advertising interventions on app usage are particularly important

yet understudied in the literature. Thus, such question can open fruitful avenues for future

research.



121

Chapter 4

ADAPTIVE AD SEQUENCING: VALUE CREATION

4.1 Introduction

4.1.1 Adaptive Interventions in Mobile Advertising

Consumers now spend a significant portion of their time on mobile devices. The average

time spent on mobile devices by US adults has grown steadily over the last few years [37].

This demand expansion, in turn, has amplified marketing activities towards mobile users. In

2018, mobile advertising generated over $71 billion in the US, accounting for roughly double

the share of its digital counterpart, desktop advertising [36]. Most of this growth in mobile

advertising is attributed to in-app ads, i.e., ads shown inside mobile apps. Indeed, in-app

advertising is now the dominant channel for mobile advertising, generating over 80% of ad

spend in the mobile advertising category [33].

Two key features of mobile in-app ads have contributed to their growth. First, the mobile

app ecosystem has excellent user tracking ability, thereby allowing “personalization” of ad

interventions, i.e., targeting of users based on their prior behavioral history [55]. Second,

in-app ads are usually short-lived and dynamic in nature: each ad intervention is shown for

a fixed amount of time (e.g., 30 seconds or one minute) inside the app, and is then followed

by another ad intervention. As such, a user can see multiple ad exposures within a session.1

This is in contrast with the common practice in desktop advertising, where ads remain fixed

throughout a session. Short-lived ads together with personalization potential make in-app

advertising amenable to “adaptive interventions”, i.e., targeting of ads based on time-varying

behavioral information about users to maximize user engagement.

1A session is an uninterrupted time that a user spends inside an app.
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Figure 4.1: A visual schema the publisher’s ad sequencing decision and different types of

information available.

We illustrate the general schema for a mobile publisher’s ad sequencing problem in Figure

4.1.2 In this problem, the publisher has to decide which ad to serve in each period that

the user stays in the app. We characterize three separate pieces of information that the

publisher can incorporate when deciding which ad to show in any impression: (1) the pre-

session information, which consists of user characteristics as well as the behavioral history of

the user up until the current session, (2) the session-level information, which is the sequence

of ads the user has seen so far within the session, as well as his response to each, and (3) the

future information, which captures the publisher’s expectations on how the sequence is likely

to evolve in the next periods. The current research and practice mostly focus on the first

two pieces and overlook the future information [86, 89, 107]. One reason is that capturing

future information often adds significantly to the complexity of the problem. In addition,

the returns from adopting a forward-looking model are not clear. Thus, the publisher’s

decision on whether to use a dynamic framework boils down to whether incorporating future

information helps her achieve a better outcome.

In principle, if there is no interaction between sequential ad interventions, incorporating

2In this chapter, we use the publisher, ad-network, and platform interchangeably, when we refer to the
agent who makes the ad placement decision.
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future information will not improve the ad sequencing policy. However, at the advertiser

level, the extant literature has documented various empirical effects that highlight such

inter-temporal trade-offs. Prior findings on spillover and carryover effects of advertising rule

out the independence of ads shown in a sequence [?, 118]. In particular, in the context

of mobile in-app advertising, [106] find that a higher variety of previous ads shown within

a sequence leads to a higher likelihood of click on the next ad. At the same time, they

show that an ad will have a higher chance of being clicked if it has been shown more within

the sequence of prior ads. These findings suggest a natural inter-temporal trade-off: higher

variety by definition implies fewer repeat exposures of each ad. While these effects are

well-established at the advertiser level, neither research nor practice has looked into how to

collectively incorporate these findings to dynamically sequence ads to optimize publishers’

outcomes. Thus, to the extent that these effects have significant impact on user’s engagement

with ads, it is important to develop a dynamic framework for ad sequencing and examine

the gains from adopting such a framework.

4.1.2 Research Agenda and Challenges

In this chapter, we propose a dynamic framework that incorporates the inter-temporal trade-

offs in ad sequencing and develops an optimal policy that optimizes user engagement with ads

in a session. User engagement with ads or the match between users and ads is particularly an

important outcome for publishers, as it is the main channel through which the publisher can

create value by ad sequencing. We can use different metrics to measure user engagement with

ads depending on the context of advertising. In the context of mobile in-app advertising, click

is a reasonably good metric for the user engagement with ads because of two reasons. First,

all ads are mobile apps whose objective is to get more clicks and installs (e.g., performance

ads). Second, clicks are directly linked to revenues as most in-app ad publishers employ

cost-per-click or cost-per-install as their monetization strategy.

Therefore, we use a click-maximizing objective and seek to answer the following three

questions in this chapter:
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1. How can we develop a dynamic theoretical framework that incorporates the inter-

temporal trade-offs in ad sequencing and designs a policy that maximizes the expected

number of clicks per session?

2. How can we empirically evaluate the performance of this dynamic ad sequencing policy

relative to other benchmark policies?

3. What are the gains from using a dynamic framework to allocate ads? What explains

the differences in outcomes and interventions under a fully dynamic sequencing policy

and other benchmark policies?

We need to overcome three major challenges to satisfactorily answer this set of ques-

tions. First, to capture the dynamics of this problem, we need a theoretical framework that

incorporates inter-temporal trade-offs in the publisher’s ad allocation decision. Second, to

develop a click-maximizing dynamic sequencing policy, we need to obtain accurate personal-

ized counterfactual estimates of user behavior that allows us to evaluate all feasible policies

(and not only those implemented in the data). As such, we need a setting with enough

randomization in the ad allocation process that enables us to exploit this randomization and

obtain accurate counterfactual estimates of user behavior. Finally, to measure the gains from

the dynamic framework and explore the differences in sequencing strategies across sessions,

we need to have a solution concept that determines the optimal dynamic policy and an eval-

uation approach that accurately estimates the outcomes under the new optimal policy for

each session.

4.1.3 Our Approach

In this chapter, we present a unified three-pronged framework that addresses these challenges

and develops a forward-looking adaptive sequencing policy to maximize user engagement

with ads. We present an overview of our approach in Figure 4.2. As shown in the top

row of this figure, we start with a theoretical framework that models the domain structure
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Figure 4.2: An overview of our approach. The top row presents our general framework and

the bottom row shows the specific approach we take in this chapter.

of our problem and allows us to identify key empirical tasks required for the policy design

and evaluation. The bottom row follows the same flow and illustrates the specifics of our

approach to the ad sequencing problem in mobile in-app advertising:

Theoretical Framework: We start with a Markov Decision Process (MDP henceforth)

that characterizes the structure of adaptive ad interventions. Starting from a theoretical

framework allows us to address all the challenges discussed above. First, to capture the

dynamics of the problem, we specify a domain-specific MDP with a rich set of state variables

that incorporates the inter-temporal trade-offs identified in the literature. Our MDP char-

acterizes the reward at any time period as well as how the state evolves in future periods,

given any action taken by the publisher. Since our goal is to optimize the number of clicks

per session, we define the reward as the expected probability of click on any ad selected.

This probability is also informative of the available history in the next period, and thereby

captures a probabilistic component of state transitions in our MDP. Another probabilistic

factor that affects the future state is the expected probability of the user leaving the session

after an intervention. It determines with what probability the user will be available to re-

ceive the next intervention. Together, these two probabilistic outcomes help us define the

empirical tasks required in our problem: personalized counterfactual estimation of click and
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leave outcomes.

Empirical Framework: To obtain accurate counterfactual estimates for the click and leave

outcomes, we use the filtering strategy proposed by [107] that filters out the ads that could

have never been shown in a session. This is because we cannot estimate the outcome reliably

for these ads as they are not within the joint distribution of the training set that is used for

model fitting. However, if an ad could have been shown within a session (i.e., has a non-zero

propensity score), our outcome estimates will be accurate for this ad in this session as long

as we control for all other covariates affecting the propensity of seeing this particular ad.

Further, to personalize these counterfactual estimates, we employ machine learning methods

that can capture more complex relationships between the covariates and the outcome. In

particular, we use the Extreme Gradient Boosting (XGBoost henceforth) method developed

by [22], which is a fast and scalable version of Boosted Regression Trees [41].

Policy Design and Evaluation: In order to develop the optimal dynamic policy, we can

use our counterfactual estimates for click and leave probabilities and numerically solve for

the value functions, given the state variables. In our case, we employ a non-stationary finite

horizon MDP and determine the optimal dynamic policy using backward induction. Finally,

we use a direct method evaluation method to evaluate the performance of any policy at the

session level. This method uses the outcome estimates for both click and leave to simulate

the stochasticity within the session and evaluate the outcome/outcomes of interest.

4.1.4 Findings and Contribution

We apply our framework on the data from a leading mobile in-app ad-network of a large

Asian country. Our setting has some notable features that make it amenable to our research

goals. First, the ad-network uses a short-lived ad format where ad interventions last for a

short period of time and change within the session. Second, the extent of randomization in ad

allocation is quite high because of two reasons: (1) the ad-network runs a quasi-proportional

auction that employs a probabilistic allocation rule, and (2) the ad-network only allows

limited targeting on broad categories. These two features help us estimate click and leave
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outcomes for a wide range of counterfactual ads. This task would not have been possible

if the ad-network had run a deterministic mechanism such as the second-price auction or

allowed micro-level targeting.

We first discuss the results from our first-stage machine learning models for both click

and leave outcomes. We evaluate these predictive models on a hold-out test set, using

various goodness-of-fit measures. We show that both the click and leave models achieve high

out-of-sample predictive accuracy. We then show that dropping variables that are defined

either at the ad- or session-level from the predictive model leads to a significant drop in

the performance of both click and leave models. These results provide preliminary evidence

for the gains from the dynamic framework since the publisher can actively influence these

variables by adopting an adaptive forward-looking policy.

Next, we focus on the main goal in this chapter – evaluating the gains from adaptive

forward-looking sequencing policy. This policy incorporates all three pieces of information in

Figure 4.1. To establish the performance of our adaptive forward-looking sequencing policy

and identify where these gains come from, we define a set of benchmark policies that use a

combination of different pieces of information:

• Random sequencing policy : This policy allocates exposures to ads randomly. It serves as

a baseline for capturing how well we can do without any model.

• Non-adaptive single-ad policy : This policy uses the pre-session information to allocate

ads within the session. Since this information does not change within the session, the

optimal allocation based on only this information is to select a single ad that maximizes

publisher’s rewards. As such, this policy simulates the case where the ad slot is fixed

throughout the session and helps us identify the opportunity costs of using a fixed ad

slot.

• Adaptive myopic sequencing policy : This policy uses both pre-session and session-level

information and allocates each impression to the ad with the highest probability of click

in that impression, regardless of how it affects the expected future rewards.
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We find that all model-based policies lead to substantial gains compared to the random

sequencing policy, in terms of the expected number of clicks per session. In particular,

the adaptive forward-looking sequencing policy increases the expected number of clicks by

80.36% relative to the random sequencing policy. We then show that the expected number

of clicks is 7.87% higher under the adaptive forward-looking sequencing policy as compared

to the non-adaptive single-ad policy. This finding demonstrates the opportunity cost of

using a fixed ad slot throughout the session, which supports the current industry trend of

using short-lived ad slots. Finally, we show that the adaptive forward-looking sequencing

policy results in 1.50% increase in the expected number of clicks per session, compared to

the adaptive myopic sequencing policy. This suggests that choosing the best match at any

point will not necessarily create the best match outcome at the end of the session. Rather,

the right action sometimes is to show the ad that is not necessarily the best match at the

moment but transitions the session to a better state in the future. Together, these findings

establish the benefits of adopting an adaptive and forward-looking approach to allocate ads.

This has important implications for publishers and ad-networks, especially since the current

practice in the industry overlooks the dynamics of ad sequencing.

Next, we explore the heterogeneity in the gains from the adaptive forward-looking se-

quencing policy compared to both non-adaptive single-ad and adaptive myopic sequencing

policies, across the sessions. We examine how the relative gains from the adaptive forward-

looking sequencing changes, as the number of prior sessions a user has participated in in-

creases. On the one hand, we expect more data on the user to benefit the adaptive forward-

looking sequencing policy more than other policies, as the publisher can take prior usage

patterns of the user into account to improve the adaptive forward-looking sequencing policy.

On the other hand, sequencing effects are shown to become smaller as the user becomes more

experienced [106]. We find evidence for the latter: the relative gains from adopting adaptive

forward-looking sequencing policy diminishes as the user participates in more sessions. We

further provide some descriptive evidence that the source for these diminishing returns seems

to be the number of distinct ads the user has seen: if a user has seen many distinct ads over
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time, it is harder to affect their decision through adaptive forward-looking sequencing of ads.

Finally, we present some descriptive analysis to better understand how and why the

adaptive forward-looking and adaptive myopic sequencing policies differ. We find that the

adaptive forward-looking sequencing policy tends to repeat the same ad in consecutive ex-

posures more than the adaptive myopic sequencing policy. This is likely because repeating

an ad consecutively is not the optimal decision if the publisher only takes the reward at that

moment into account. However, it is the right decision if the publisher is forward-looking,

as it increases the number of prior exposures for an ad and strengthens the session-level

carryover effects.

In sum, this chapter makes three contributions to the literature. First, from a method-

ological standpoint, we propose a unified dynamic framework that theoretically character-

izes the domain structure of the mobile in-app advertising environment, and an empirical

approach that allows us to break the problem into composite machine learning tasks. To our

knowledge, this is the first work to collectively incorporate temporal effects of advertising

documented in the literature at the advertiser level, and propose a dynamic framework for

the sequential allocation that characterizes optimal policy design for publishers. The gener-

ality of our framework makes it applicable to the contexts where advertisers have to make

dynamic decisions such as the attribution problem. Second, from a substantive point-of-view,

we establish the gains from an adaptive forward-looking sequencing policy as compared to

other benchmarks that are often used in research and practice. This finding is of importance,

as the current practice in this industry ignores the dynamics of ad allocation problem. Third,

from a managerial perspective, we quantify the opportunity costs of using fixed ad slots. Our

framework can help marketing practitioners and ad-networks to design the ad slot that is

optimal in their context.

4.2 Related Literature

This chapter relates and contributes to several streams of literature.

First, this chapter relates to the marketing literature on personalization and targeting



130

in digital platforms. Early papers in this stream build Bayesian frameworks that exploit

behavioral data and personalize marketing mix variables [?, ?, 4]. Other recent papers in this

area use a combination of feature generation and supervised machine learning frameworks to

provide more scalable solutions for personalization and targeting policies for large-scale data

[137, 107]. While all these papers focus on prescriptive or substantive frameworks to study

personalization, they all study this phenomenon from a static point-of-view. This chapter

extends this literature by offering a scalable and dynamic framework to develop personalized

targeting policies.

Second, this chapter relates to the literature on the temporal effects of advertising, such

as spillover effects in search advertising [?, 119], carryover effects in display advertising

[70], temporal interactions between multiple advertising channels [85], effects of temporal

spacing in search advertising [?], and the effects of variety of previous ads in mobile in-app

advertising context [106]. While these papers establish the presence of these temporal effects

from advertisers’ perspective, they do not address how a publisher can use this information

to optimally show ads in sequences. In this chapter, we view this problem from a publisher’s

perspective who wants to maximize users’ engagement with ads and develop a dynamic

framework that incorporates all possible temporal effects that have been documented in the

literature.

Third, this chapter relates to the literature on dynamic policy design in digital advertising.

Given the complexity of solving a dynamic policy, prior works often simplify the problem to

avoid the curse of dimensionality. [130] focus on 16 cognitive-style segments and combine

dynamic programming with a Bayesian framework to infer segment membership. In the

context of linear video ads, [74] incorporate ad-specific leave probability as the only source

of inter-temporal trade-off and use a cascade model to obtain a dynamic policy. Using

the context of mobile in-app advertising, [126] theoretically examine the problem of short-

lived ads in mobile in-app advertising and theoretically derive the dynamic policy by only

focusing on certain aspects of the dynamics in this problem. Closely related to our problem,

[127] present a framework to develop and evaluate dynamic policies and study the gains at
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the advertiser level. This work differs from these papers since we are the first to present

a dynamic framework that incorporates all established temporal effects of advertising and

examines the gains from adopting an adaptive forward-looking sequencing policy, from the

publisher’s perspective.

Finally, this chapter relates to the growing literature on machine learning applications

in marketing. The vast majority of papers in this stream focus on prediction tasks and

use various supervised or unsupervised learning algorithms to achieve a better predictive

accuracy [128, 59, 29]. A narrower body of works in this area brings machine learning

methods to policy design questions. Using a static approach, some recent papers develop

machine learning methods to design optimal policies in various contexts such as pricing [27],

ad placement [107], and CRM campaigns [62]. Incorporating the dynamics of exploration-

exploitation trade-off, [123] offer a multi-armed bandit approach in a display advertising

context. This chapter adds to this literature by fully incorporating the dynamics of the ad

sequencing problem through an MDP and linking it to smaller machine learning tasks.

4.3 Setting and Data

4.3.1 Setting

Our data come from a leading mobile in-app advertising network of a large Asian country

that had over 85% of the market share around the time of this study. Figure 4.3 summarizes

most key aspects of the setting. We number the arrows in Figure 4.3 and explain what each

step of the ad allocation process in details below:

1. The ad-network designs an auction to sell ad slots. In our setting, the ad-network

runs a quasi-proportional auction with a cost-per-click payment scheme. As such, for

a given ad slot and a set of participating ads A with a bidding profile (b1, b2, . . . , b|A|),

the ad slot is allocated to ad a with the following probability:

qpa(b; z) =
baza∑
j∈A bjzj

, (4.1)
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Figure 4.3: A visual schema of our setting

where za is ad a’s quality score, which is a measure reflecting the profitability of ad

a. The ad-network does not customize quality scores across auctions.3 The payment

scheme is cost-per-click and is similar to Google’s sponsored search auctions. That is,

ads are first ranked based on their product of bid and quality score, and the winning

ad pays the minimum amount that guarantees their rank if a click happens on their

ad.

2. Advertisers participating in the auction choose: (a) design their banner, (b) specify

the areas in which they want to show their ad, and (c) submit their bid. Figure 4.3

shows an example of auction with four different ads.

3In our data collection period, each ad just had one quality score.
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3. Whenever a user starts a new session in an app (in Figure 4.3, we use a messaging

app as an example), a new impression is being recognized, and a request is sent to the

publisher to run an auction.

4. The auction takes all the participating ads into account and selects the ad probabilis-

tically based on the weights shown in Equation (5.23). It is worth noting that all the

participating ads have the chance to win the ad slot. This is in contrast with more

widely used deterministic mechanisms like second-price auctions, where the ad with

the highest product of bid and quality score always wins the ad slot.

5. The selected ad is placed at the bottom of the app, as shown in Figure 4.3.

6. Each ad exposure lasts one minute. During this time, the user makes two key decisions:

(a) whether to click on the ad, and (b) whether to stay in the app or leave the app

and end the session. If the user clicks on the ad, the corresponding advertiser has to

pay the amount determined by auction. After one minute, if the user continues using

the app, the ad-network treats the continued exposure as a new impression and repeat

steps 3 to 6 are repeated until the user leaves the app. We assume that a user has left

the app when the time gap until the next exposure exceeds 5 minutes. Consistent with

this definition, we define a session as the time interval between the time a user comes

to an app and the time she leaves the app.4

4.3.2 Data

We have data on all impressions and clicks for the one month period from 30 September 2015,

to 30 October 2015. Overall, we observe 1,594,831,699 impressions along with 14,373,293

clicks in the data, implying a 0.90% CTR. We now describe our raw variables and sampling

procedure.

4There are obviously various ways to define a session based on the time gap between two consecutive
exposures. We show that our results are robust to different definitions.
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Raw Variables

Each impression contains the following raw information:

• Time and date: The exact time-stamp of the impression.

• App information: The identifier for a mobile app that shows ads through the ad-network.

• User information: An identifier that is unique to each mobile device and serves as our

user ID.

• GPS information: The exact latitude and longitude of the user at the time of the im-

pression.

• Targeting variables: The set of variables that advertisers can target on. There are five

main categories that advertisers can target: province, hour of the day, smartphone brand,

connectivity type, and Mobile Service Provider (MSP). If an advertiser decides to exclude

a certain sub-category within these variables (e.g., Samsung smartphones), his ad will

not be shown in impressions in that sub-category.

• Ad information: The set of variables related to the ad shown in the impression. It consists

of an ad identifier and the potential cost-per-click.56

• Click outcome: A binary variable indicating whether the user clicked on the ad. This

is our primary outcome of interest to measure the match between users and ads. While

click is generally an imperfect outcome for the effects of ads, it is reasonable to use it

as our primary outcome for two reasons. First, all ads are mobile apps whose objective

is to get more clicks or installs (e.g., performance ads). Second, the ad-network uses a

cost-per-click auction, which directly links the click outcome to the ad-network’s revenues.

5The potential cost-per-clik is the amount that the ad would have paid if the user had clicked on their
ad.

6We do not have the data on the banner creatives and its format, i.e., whether it is a jpeg file or an
animated gif.
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Figure 4.4: Schema for identification of new users.

Sampling Procedure

Our sampling procedure consists of two essential steps – (1) user sampling, and (2) app

sampling. We describe each step in greater details below:

• User sampling: Since we want to optimally sequence ads within the session, our optimal

intervention depends on users’ past history. As such, we only focus on users for whom

we can exploit their entire history. The challenge is that there is no variable in our data

identifying new users. As illustrated in Figure 4.4, our approach is to split our data into

two parts based on a date (October 22), and keep users who are active in the second

part of the data (October 22 to October 30), but not in the first part (September 30 to

October 22). This sampling scheme guarantees that the users who are identified as new

users have not had any activity in the platform at least for the last three weeks. We drop

all the other users from our data.

• App sampling: We only focus on the most popular mobile app in the platform, which is a

messaging app that has over 30% share of total impressions. As such, we drop new users

who do not use this app. There are a few reasons why we focus on this app. First, this

is the only app whose identity is known to us. Second, we expect the sequencing effects

to be context-dependent, and focusing on one app helps us perform a cleaner analysis.
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Finally, it takes users a relatively long time to learn how to use certain apps (e.g., games),

and learning effects can interact with sequencing effects. However, this messaging app is

widely popular in the country and easy to use, so we expect users to pay more attention

to ads from the beginning.

Overall, our sampling procedure gives us a total of 8,323,778 impressions shown to a set of

94,884 unique new users. Over 40% of these users use other apps in addition to the messaging

app. In our data, there are 6,955,995 impressions shown inside the focal messaging app that

corresponds to 1,271,068 unique sessions. For our analysis, we only focus on the impressions

shown in the messaging app. However, we use impressions shown in other apps for feature

generation.7

4.3.3 Summary Statistics

We now present some summary statistics on the data. As mentioned earlier, these statistics

correspond to the impressions shown in the messaging app.

Shares of Categorical Variables

Since most raw variables presented in §4.3.2 are categorical, we cannot show the mean and

standard deviation for them. Instead, we present the number of categories as well as the

shares of the top three sub-categories within each variable in Table 4.1.

As shown in Table 4.1, one province accounts for a quarter of all impressions. The

second row shows that there are certain hours of the day with more user activity. We find

that these hours are late at the night when users are not at work. Table 4.1 shows that two

major smartphone brands constitute over 80% of all impressions. Finally, we find that ads

have different shares: the top three ads account for roughly 35% of all impressions. On the

other hand, we observe that most ads have a very small share. This is mostly because these

7Our sampling procedure is almost identical to that of [106]. However, the number of impressions and
sessions is slightly different, because we need to drop users with missing information on the latitude and
longitude. [106] use those impressions because latitude and longitude do not play a role in their analysis.
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Variable
Number of Share of top categories

categories 1st 2nd 3rd

Province 31 24.58% 9.54% 7.50%

Hour of the Days 24 8.48% 8.03% 7.25%

Smartphone Brand 7 44.72% 38.07% 10.11%

Connectivity Type 2 50.54% 49.46%

MSP 3 50.15% 44.07% 5.77%

Ad 327 18.43% 8.03% 7.50%

Table 4.1: Summary statistics of the categorical variables. This includes the number of

categories and the percentage shares for the top sub-categories within each variable.

ads ran short campaigns. Later in §4.4.2, we show the full distribution of ad shares and

provide a more detailed discussion.

Distribution of Session-Level Outcomes

Our goal in this chapter is to examine how much we can improve session-level user engage-

ment with ads through optimal sequencing of ads. As such, the key outcomes are defined at

the session level. Figure 4.5 shows the empirical CDF of two main outcomes of interest in

this study – session length, and the total number of clicks made in a session, which is our

primary outcome of interest. We measure session length by the number of exposures shown

within any session. Figure 4.5a shows how this outcome varies across sessions. As shown

in this figure, around 50% of all sessions end in only two exposures. Further, the empirical

CDF in Figure 4.5a shows that the vast majority of sessions do not last for more than 10

exposures and only a small fraction of them last for 30 or more exposures.

In Figure 4.5b, we show the empirical CDF for our primary outcome of interest – the

total number of clicks per session. As expected, most sessions end with no clicks being

made on ads shown within the session, and the percentage of sessions with at least one click

amounts to 7.77%. This is a reasonably high percentage in this industry. Interestingly, there
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Figure 4.5: Empirical CDF of the session length and total number of clicks per session.

are sessions with more than one click. Further exploration suggests that these sessions are

typically much longer than other sessions, with an average length of over 15 exposures.

Distribution of Micro-Interventions

A central piece of our study is the sequence of ads shown within the session. These sequences

are determined by the publisher’s ad placement decision at a given exposure. As such, each

ad exposure can be treated as a micro-intervention that forms the whole sequence. We

focus on three binary micro-interventions at any time period given the history of prior ads

shown within the session – (1) repeat, (2) breadth-increasing change, and (3) breadth-constant

change. Figure 4.6 illustrates these micro-interventions. This figure presents a case where

the publisher wants to select the fourth ad. We define a micro-intervention as repeat if the

publisher selects the last ad shown within the session. On the other hand, if the publisher

shows any other ad, it is called a change, meaning that the current exposure shows a different

ad from the last ad. In line with [106], we then decompose change into two parts – (1)
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Figure 4.6: An example of three micro-interventions at exposure number 4

breadth-constant change, where the publisher changes the last ad but shows an ad that has

been shown before in the session, and (2) breadth-increasing change, where the publisher

changes the last ad and shows an ad that has not been shown before, thereby increasing the

breadth of variety in the session. These three micro-interventions are mutually exclusive,

i.e., only one of them takes the value one in any time period.

An important point to notice is that these binary micro-interventions together determine

many characteristics of a sequence. For example, if prior interventions in a sequence are

mostly breadth-increasing changes, we will have a high breadth of variety in that sequence.

We present the distribution of these micro-interventions in our data in Figure 4.7. Each line

in this figure represents the percentage of a specific micro-intervention at different points

within the session. A few patterns emerge from Figure 4.7. First, the lines for both change

and repeat are flat over time, illustrating the independence and stability of the auction

across different exposures. Further, repeat accounts for only 20% of micro-interventions,

which is mostly due to the probabilistic nature of the auction: each ad has a chance of being

shown proportional to the product of its bid and quality score. This creates a great degree

of randomization in the ad allocation process. Finally, we observe a decreasing pattern in
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Figure 4.7: Distribution of micro-interventions at different exposure numbers within the

session

breath-increasing changes. By definition: a random change is less likely to show a completely

new ad because we have a finite set of ads competing in a given auction. The fraction of

breadth-increasing changes is over 30% across all exposures, indicating the extent of variation

in ad allocation within the session.

4.4 Dynamic Framework for Sequencing of Ads

We now present our dynamic framework for sequencing of ads. This section proceeds as

follows. We start with the motivation for the use of a dynamic framework in our context in

§4.4.1. Next, in §4.4.2 we define the primitives of our framework and then specify an MDP

that incorporates publishers’ current and expected future rewards.
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4.4.1 Motivation

The micro-interventions presented in §4.3.3, by and large, depend on the history of the

sequence. Further, they determine how a sequence evolves, thereby shaping the history of the

sequence for future exposures. Thus, in principle, if the within-sequence history affects which

micro-intervention is most effective at any point, it is not clear whether that intervention is

the optimal action from a dynamic point-of-view. In fact, the optimal action will be the one

with the right balance between how effective it is now and where it transitions the entire

sequence. For example, suppose that the publisher wants to fill two impressions with two ads

A and B. Now, consider a case where ad A is generally a better ad, so the publisher’s optimal

decision in both impressions is to allocate them to ad A. However, showing ad A after ad

B generates the best overall outcome, as it differentiates ad A and generates a significantly

higher click probability. In that sense, the best possible myopic action at a point may not

be the optimal decision from a forward-looking perspective.

The main question is whether the within-sequence history affects the outcomes that the

publisher cares about. Prior literature has offered some evidence on such effects, including the

effects of multiple exposures and temporal spacing of ads [118]. In mobile in-app advertising

setting, [106] show that users’ clicking behavior on the next ad depends on the variety of the

prior sequence, as measure by the total number of changes and the breadth of variety (sum

of all breadth-increasing changes). While they document the positive effects of variety, they

also find that the number of prior exposures of an ad within the session positively affects

users’ clicking behavior. Given these two findings, it is not clear how the publisher should

manage these micro-interventions at any given point. On the one hand, more change creates

a higher variety in the sequence, thereby increasing the probability of click on the next ad.

On the other hand, repeating an ad will increase the number of prior exposures of that ad

which is shown to positively affect the probability of click. Thus, the publisher faces various

inter-temporal trade-offs when allocating ads within the session.

We address this challenge by developing a dynamic framework that: (1) captures the
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inter-temporal trade-offs in publishers’ ad placement decision in the session, and (2) uses

both pre-session and adaptive session-level information to personalize the sequence of ads

for the user in any given session. Our framework incorporates both how an action affects the

outcome in the current period, as well as the externalities that influence future exposures.

In the next sections, we present the details of our framework.

4.4.2 Model Setup

We specify an MDP that captures the inter-temporal trade-offs in publishers’ decision prob-

lem by taking into account both current and expected future rewards. An MDP is char-

acterized by a set of primitives that serve as inputs into the objective function that the

decision-maker seeks to maximize. We present a generic definition of these primitives below

and discuss the specifics of each in the next sections.

1. Time Period (t): The first component we need to specify is the time unit. Since

exposures are shown sequentially in our case, we treat each ad exposure as a time

period wherein the publisher needs to decide on her actions. t = 1 indicates the first

exposure in a session.

2. State Space (S): The state space consists of all the information the publisher has about

an exposure, which affects her decision-making process.

3. Action Space (A): The action space contains the set of actions the publisher can take.

In our case, this action is to show one ad from the ad inventory every time an impression

is recognized. As such, A is the full ad inventory in our problem.

4. Transition Function (P ): This function determines how the current state transitions

to the future state given the action made at that point. As such, we can define P :

S × A× S → [0, 1] as a stochastic function that calculates the probability P (s′ | s, a)

where s, s′ ∈ S and a ∈ A. Note that this is a crucial component of an MDP since
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publishers cannot control the dynamics of the problem if the next state is not affected

by the current decision.

5. Reward Function (R): This function determines the reward for any action a at any

state s. As such, we can define this function as R : S ×A → R. This function can take

different forms depending on the publisher’s objective. In our case, since the publisher

is interested in optimizing user engagement, she can use different metrics that reflect

user engagement such as the probability that the user clicks on the ad.

6. Discount Factor (β): The rate at which the publisher discounts the expected future

rewards. In other words, it is the weight that the publisher assigns to the future relative

to the current period.

With all these primitives defined, we can now write the publisher’s maximization problem

as follows:

argmax
a

[
R(s, a) + βEs′|s,aV (s′)

]
, (4.2)

where V (s′) is the value function incorporating expected future rewards at state s′ if the

publisher selects ads optimally. Following [12], we can write this value function for any state

s ∈ S as follows:

V (s) = max
a
R(s, a) + βEs′|s,aV (s′) (4.3)

As shown in Equation (4.2), the optimization problem consists of two key elements – the

current period reward and the expected future rewards. The publisher chooses the ad that

maximizes the sum of these two elements.

State Variables

The state variables contain all the information that the publisher can use for any given expo-

sure in a session. As discussed earlier, the publisher can take two pieces of information into

account: (1) pre-session information, and (2) session-level information. Pre-session informa-

tion contains any data on the user up until the current session, including his demographic
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variables and behavioral history. For any session i, we denote the pre-session state variables

by Xi. It is important to notice that the pre-session variables are not adaptive, i.e., it does

not change within the session and hence not have t subscript.

On the other hand, session-level variables are adaptive and change within the session.

At any given point in a session, this information captures the information about the prior

sequence of ads shown to the user as well as user’s actions after seeing each ad. Let Gi,t

denote the session-level state variables. We can write:

Gi,t = 〈Ai,1, Yi,1, Ai,2, Yi,2, . . . , Ai,t−1, Yi,t−1〉, (4.4)

where Ai,s denotes the ad shown in exposure number s and Yi,s denotes whether the user

clicked on this ad. As a result, Gi,t is the sequence of all ads and actions within the session

up to the current time period. Overall, we define the state variables as Si,t = 〈Xi, Gi,t〉, i.e.,

a combination of both pre-session and session-level variables.

Action Space: Ad Inventory

As mentioned in §4.4.2, the publisher’s action space in our case is the ad inventory. At each

point of time, the publisher chooses one ad from the inventory to show to the user. We only

focus on the top 15 ads in the ad inventory due to four key reasons. First, as shown in Figure

4.8, the top 15 ads generate over 70% of all impressions in the focal messenger app. So they

collectively account for a significant portion of our observed data. Second, these top ads

are more stable in terms of their budget. Since we want to run counterfactual policies, it is

important to make sure that advertisers’ budgets do not cause any problem for the reliability

of our results. Third, we have more data for these ads as these are shown in a wide variety

of state variables. This makes our estimates for their outcomes more accurate and less noisy.

Finally, limiting the action space makes the problem computationally more tractable when

we want to numerically solve for the optimal policy.
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(b) Top 50 Ads

Figure 4.8: Cumulative fraction of impressions associated with the top ads. The figure in

the left shows the distribution for all 327 ads. The figure in the right zooms in the top 50

ads.

Transition Function

We now characterize the law-of-motion, i.e., how state variables transition given the pub-

lisher’s action at any point. As mentioned earlier, we are interested in the probability of

the next state being s′, given that action a is taken in state s in the current period, i.e.,

P (s′ | a, s). Suppose that the user is in state Si,t = 〈Xi, Gi,t〉 at exposure t in session i.

The only time-varying factor in Si,t that can transition is Gi,t, which is the history of the

sequence. Given the definition of Gi,t in Equation (4.4), we can determine the next state if

we know user’s decision to click on the current ad and/or continue staying in the session.

There are three mutually exclusive possibilities for state transitions:

1. Click and stay: If the user clicks on ad Ai,t and stays in the session, we can define the
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Figure 4.9: An example illustrating the state transitions.

next state as follows:

Si,t+1 = 〈Xi, Gi,t, Ai,t, Yi,t = 1〉, (4.5)

where Yi,t = 1 indicates that the user has clicked on the ad shown in exposure number

t.

2. No click and stay: If the user does not click on ad Ai,t and stays in the session, we can

similarly define the next state as follows:

Si,t+1 = 〈Xi, Gi,t, Ai,t, Yi,t = 0〉, (4.6)

where Yi,t = 0 indicates that the user has not clicked on the ad shown in exposure

number t.

3. Leave: Regardless of user’s clicking outcome, if the user decides to leave, the entire

session is terminated and there is no more decision to be made. Thus, we can write:

Si,t+1 = ∅ (4.7)

Figure 4.9 visually presents the three possibilities presented above. This figure illustrates

an example where the publisher shows an ad in the fourth exposure in a session. It shows
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three possibilities and how each forms the next state. Based on this characterization, we can

now define the transition function for any pair of action and state as follows:

P (Si,t+1 | a, Si,t) =



(
1− P (Li,t | a, Si,t)

)
P (Yi,t | a, Si,t) Equation (4.5)(

1− P (Li,t | a, Si,t)
)(

1− P (Yi,t | a, Si,t)
)

Equation (4.6)

P (Li,t | a, Si,t) Equation (4.7)

0 otherwise

(4.8)

Equation (4.8) illustrates that the publisher needs to accurately estimate two user-level

outcomes given any ad shown – click and leave probabilities. In §4.5, we discuss our approach

to obtain these estimates.

Reward Function

Another piece of an MDP that needs to be defined is the reward function. The reward

function can take different forms that vary with the publisher’s objective and main outcome

of interest. We primarily focus on the number of clicks per session as our main objective. In

our case, clicks are particularly good measures of the user engagement with ads because of

two reasons. First, all ads in our study are mobile apps that want more clicks and installs.

In the literature, this type of ads is called performance ads and their match value is generally

assumed to be the probability of click [3]. Second, click is the main source of revenue for the

publisher, since the advertiser only pays when a click happens.

There are other advantages in using the click as the main outcome of interest. First, it is

a well-recorded outcome that is realized immediately in the data. Second, click is a function

of users’ behavior, whereas other outcomes usually involve other players such as advertisers

(e.g., publisher’s revenues). Thus, the publisher’s optimization problem only depends on

inferring users’ behavior, which is a feasible task in a data-rich environment.

Given that publishers want to maximize the number of clicks made per session, we can

define the reward function as the probability of click for a pair of state and action. For
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exposure number t in session i, we can write:

Rt(a;Si,t) = P (Yi,t | a, Si,t) (4.9)

This is the probability of click on ad a if shown in the current state.

Discount Factor

The discount factor in Equation (4.2) reflects the relative importance of the expected future

rewards compared to the current period reward from the publisher’s perspective. As such,

it generally takes a positive value close to one, if the publisher is forward-looking, i.e., they

incorporate the expected future rewards in their decision problem. If the discount factor is

zero, it means that the publisher is myopic and only cares about the reward in the current

period.

In our dynamic framework, the publisher’s decision is to select an ad for each impression

in a session. The entire session happens in just a few minutes, depending on the number

of exposures the user chooses to stay for. Given the short time horizon of the optimization

problem, a risk-neutral publisher must value the current and expected future rewards equally,

indicating that β is very close to 1.

Policy Definition

We characterize a dynamic policy as a mapping π : S×A → [0, 1], that assigns a probability

to any action a ∈ A taken in any given state s ∈ S. For a deterministic policy, π(a | s)

will take value one only for one ad for any given state. However, we define the policy as a

probability function to allow for non-deterministic policies as well.

In sum, the main goal of our framework is to develop a policy π∗ that maximizes the

expected reward given the initial set of state variables and the transition function. We later

discuss how we develop and evaluate this policy in §4.6.2 and §4.6.3, respectively.
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4.5 Empirical Strategy

In this section, we present our empirical strategy to estimate the primitives of the dynamic

framework defined in §4.4. This involves the estimation of probabilistic components of the

transition function as characterized in §4.4.2, as well as estimation of unknown components

in the reward function as presented in §4.4.2. Together, this gives us two estimands – (1)

leave outcome, and (2) click outcome. The task in both cases is to accurately predict the

outcome for a pair of state and action. However, given the broader task of taking the best

action at any state that we are interested in, we need to obtain these outcome estimates not

only for the ad that is shown in the data but also for the counterfactual ads that are not

shown in the data. Below is a formal definition of these two tasks:

Task 1: For any set of state variables observed in the data, we want to accurately estimate

the click probability for all ads if shown in that impression. That is:

ŷi,t(a;Si,t) = P (Yi,t | a, Si,t),∀a ∈ Ai (4.10)

Task 2: For any set of state variables observed in the data, we want to accurately estimate

the leave probability for all ads if shown in that impression. That is:

l̂i,t(a;Si,t) = P (Li,t | a, Si,t),∀a ∈ Ai (4.11)

We discuss our empirical strategy for Tasks 1 and 2 and helps us set the scope of our predictive

model in §4.5.1. We then describe the learning algorithm that we use and its advantages in

§4.5.3. Finally, in §4.5.4, we present the estimation results on our click and leave probability

model.

4.5.1 Filtering Strategy for Counterfactual Estimation

For the task of outcome prediction like ours, we can use machine learning methods that cap-

ture more complex relationships between the covariates and outcomes [95]. However, these

methods are only able to predict the outcome for observations within the joint distribution of
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the observed data. This implies that if an ad could have never been shown in an observation

in the actual data, our outcome estimate for that ad may not be reliable. Thus, if there is

no randomization in the ad allocation process, we cannot reliably estimate the outcome for

counterfactual ads.

This informs our empirical strategy for counterfactual estimation of click and leave out-

comes. While ads are selected through a deterministic allocation rule in most commonly

used auctions such as second-price, the quasi-proportional auction in our setting has the

advantage of using a probabilistic rule that induces randomization in the ad allocation pro-

cess. The key issue with a deterministic allocation rule is that the ad that is actually shown

in the data is the only ad that could have been shown, and other counterfactual ads could

have never been shown. We argue that if an ad could have been shown in a session (i.e.,

has non-zero propensity score), this observation could have been generated within the joint

distribution of the training data. Thus, we are able to accurately estimate the outcome for

these ads in both factual or counterfactual situations.

To reflect this idea, we employ a filtering strategy similar to that in [107]. Here, for each

session i, we identify the set of ads that could have been shown in that session and call it

Ai. We filter out the set of ads that are not in Ai. This step sets the scope of our ability

to generate counterfactual estimates. Figure 4.10 shows the empirical CDF of the number

of ads participating in the auction for a session. As shown in this figure, the number of ads

competing for each impression is quite variable across sessions.

Further, the extent of randomization in our problem allows us to make the unconfound-

edness assumption: for any exposure number t in session i, the set of potential outcomes for

all ads in Ai is independent of the actual ad that is shown in that exposure, conditional on

the state variables. We can write:

{Yi,t(a)}a∈Ai ⊥⊥ Ai,t | Si,t,

where Yi,t(a) is the potential outcome at the exposure t in session i when ad a is being shown.

We can even weaken this assumption as only conditioning on demographic variables Di yields
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Figure 4.10: Empirical CDF of the number of ads competing per session.

the conditional independence presented above. This is because the ad allocation is random,

controlling for the propensities determined by auction. Since only targeting variables can

affect propensities in an auction, we only need to control for them. Thus, if we properly

control for Di in our predictive model, our outcome estimates preserve consistent treatment

effects.

4.5.2 Feature Generation

As discussed earlier, our goal is to estimate click and leave outcomes for any combination of ad

and state variables, as shown in Equations (5.21) and (5.22). A major challenge in estimating

these equations is that the set of inputs is quite large, containing the entire sequence of prior

ads shown to the user. In this section, we present a feature generation framework that maps

a combination of state variables and ads (〈Si,t, a〉) to a set of meaningful features that we

can give as inputs to our learning algorithm. Ideally, we need our final set of features to fully

represent 〈Si,t, a〉 in a lower dimension without any information loss. Thus, we generate a

set of features that help us predict users’ clicking behavior and app usage based on the prior



152

User u 

A B A C D E A B A C E D F B 

Session 1 Session 2 Session 3 (Current) Session 4 

Demographic 

Variables  

Historical 

Variables  

Session-Level 

Variables  
 

 

Figure 4.11: A visual schema for our feature generation and categorization.

literature on advertising.

We categorize these features into three groups: (1) demographic features, (2) historical

features, and (3) session-level features. Demographic and historical features relate to the

pre-session state variables (Xi), whereas session-level features relate to the session-level vari-

ables (Gi,t). Figure 4.11 provides an overview of our feature generation and categorization.

In this example, the user is at her fourth exposure in her third session. The features for this

particular exposure include the observable demographic features, historical features gener-

ated from the prior sessions, and session-level features that are generated from the first three

exposures shown in the current session. Clearly, we do not use any information from the

future to generate a feature: at any point, we only use the prior history up to that point. In

the following sections, we describe all these features in detail.

Demographic Features

This includes the variables that we already observe in our data (see §4.3.2), such as the

province, latitude, longitude, smartphone brand, mobile service provider (MSP), and con-

nectivity type. For any session i, we use Di to denote the set of demographic features. These

features do not transition based on the ad that the publisher shows at any time period. As
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such, we do not use subscript t for them.8 We include these features because of two reasons.

First, these features help predict both users’ clicking behavior and app usage. Second, the

targeting variables are the main confounding source, and controlling them guarantees that

we control for propensity score of ads when estimating the outcomes.

Historical Features

Historical features reflect the user’s past activity prior to the current session. While de-

mographic features are available in the data, we need to generate historical features based

on the pre-session information. These features are not adaptive, i.e., they remain constant

within the session. We follow the approach in [107] to generate these features. We refer the

reader to that paper for details on why these features help predict user-level outcomes.

Let i, u, t, p, and a denote the session, user, exposure number, app, and ad respectively.

Since we only focus on the top app, using the subscript p indicates that we only use im-

pressions in that app to generate a feature. Otherwise, we calculate the feature using all

impression. Below, we present the detailed set of our historical features along with their

definition:

• Impi,u: The total number of impressions user u has seen prior to session i.

• Click i,u: The total number of clicks user u has made prior to session i.

• Impi,u,p: The total number of impressions user u has seen in the top app prior to session

i.

• Click i,u,p: The total number of clicks user u has made in the top app prior to session i.

• Impi,u,t: The total number of impressions user u has seen at exposure number t prior to

session i.

• Click i,u,t: The total number of clicks user u has made at exposure number t prior to

session i.

8One could argue that features such as latitude and longitude may change within the session. While this
is possible, it is unlikely to happen as a result of the publisher’s ad interventions. Further, the sessions
are usually short, and we rarely observe such a change in our data.
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• Impi,u,a: The total number of impressions of ad a that user u has seen prior to session i.

• Click i,u,a: The total number of click that user u has made on ad a prior to session i.

• Space i,u,a: The time space (in minutes) between session i and the last time ad a is shown

to user u prior to session i. It takes value zero if there was no prior exposure of ad a.

• LastSessionLength i,u: The length of last session (in number of exposures) that user u was

exposed to prior to session i.

• AvgSessionLength i,u: The average length of the sessions (in number of exposures) that

user u was exposed to prior to session i.

• LastFreeTime i,u: The free time (in minutes) user u has had between her last session and

session i.

• AvgFreeTime i,u: The average free time (in minutes) user u has had between her sessions

prior to session i.

• Breadth i,u: The total number of distinct ads that user u has seen prior to session i.

• GiniSimpson i,u: The Gini-Simpson index for ads that user u has seen prior to session i

[?]. This metric captures the diversity of prior ad exposures by calculating the probability

that two random exposures from the past were of different ads. A higher Gini-Simpson

index means that the user has seen a more diverse set of ads. We can write the Gini-

Simpson index as follows:

GiniSimpsoni,u = 1−
∑
a∈A

Impi,u,a(Impi,u,a − 1)

Impi,u(Impi,u − 1)
(4.12)

For a session i, we denote all these features as Hi. Like demographic features, publisher’s

actions will not change historical features within the session. However, for the next session

that the user participates in, the historical features are updated. Further, it is worth noting

that three historical features, Impi,u,a, Click i,u,a, and Space i,u,a, are ad-specific. It means

that these features will change when different ads are selected.
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Session-Level Features

The session-level features are key to our analysis as we are interested in optimal sequencing of

ads within the session. Further, we allow these features to change by the exposure number.

That is, depending on the prior exposures within the session, these features will evolve.

Below is a list of session-level temporal features:

• Impi,t: The total number of impressions the user has seen in session i prior to exposure

number t. For any exposure number t, this feature is t− 1.

• Click i,t: The total number of clicks the user has made in session i prior to exposure

number t.

• Impi,a,t: The total number of impressions of ad a that user has seen in session i prior to

exposure number t.

• Click i,a,t: The total number of clicks that the user has made on ad a in session i prior to

exposure number t.

• Space i,a,t: The number of exposures between exposure number t and the last time ad a

was shown in session i. It takes value 0 when there is no prior exposure of ad a in the

session.

• Breadth i,t: The total number of distinct ads that the user has seen within session i prior

to exposure number t. We can define this feature as follows:

Breadthi,t =
∑
a∈A

1(Impi,a,t > 0) (4.13)

• Changes it: The total number of consecutive changes of ads prior to the exposure number

t within the session i. We can write:

Changei,t =
t−1∑
j=2

1(Ai,j 6= Ai,j−1), (4.14)

where Ai,j is the ad shown at exposure number j in session i.

• GiniSimpson i,t: The Gini-Simpson index for the ads shown within session i prior to
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exposure number t. Following the same logic in Equation (4.12), we can write:

GiniSimpsoni,t = 1−
∑
a

Impi,a,t(Impi,a,t − 1)

(t− 1)(t− 2)
(4.15)

For any session i and exposure number t, we denote all session-level features by Oi,t. As

such, this is the only set of features that has subscript t, indicating that it changes within

the session. Therefore, the publisher’s actions affect the transition of these features in the

session. One could argue that historical features also change within the session as user’s

history accumulates after each exposure. It is worth noting that we do not update the

history within the session because session-level temporal features capture that information.

As a result, not updating historical features will not result in any information loss.

4.5.3 Learning Algorithm

Here we describe the learning algorithm that we use to estimate the click and leave models.

Since our goal is to estimate these outcomes as accurately as possible, we need to build a

model that is able to capture complex relationships between covariates and outcomes. For

both outcomes, we use Extreme Gradient Boosting (XGBoost henceforth) method developed

by [22], which is a fast and scalable version of Boosted Regression Trees [41]. There are some

key reasons why we use XGBoost as our main optimization method. First, it has been shown

to outperform most existing methods in most prediction contests, especially those related to

human decision-making like ours [22]. Second, [107] show that in the same context, XGBoost

achieves the highest predictive accuracy compared to other methods.

There are important implementation details in making an XGBoost model that we sum-

marize as follows. First, following the arguments in [107], we use logarithmic loss as our

loss function. Second, we split our data into two parts – training and test sets. To tune

parameters of XGBoost, we split the training set into two parts and use one as a hold-out

validation set to prevent the model from over-fitting. Finally, to select the hyper-parameters

accurately, we conduct a grid search over a large set of hyper-parameters and select those

that give us the best performance on a hold-out validation set. Finally, we evaluate the
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performance of our model on both training and test set. Note that the test set is not used

at any stage to select the model. Thus, the evaluation on the test set demonstrates an

out-of-sample predictive accuracy.

4.5.4 Results

Results from the Click Estimation Model

We use three different evaluation metrics to evaluate the predictive performance of our

model:

• Relative Information Gain (RIG): This is defined based on the log loss, which is our

loss function in the XGBoost model. This metric reflects the percentage improvement

in log loss compared to a baseline model that simply predicts the average CTR for all

impressions.

• R-Squared (R2): This is the most commonly used metric in marketing and economics,

and intuitively calculates the percentage of variance in the outcome that our model can

explain.

• Area Under the Curve (AUC): It determines how well we can identify true positives

without identifying false positives. This score ranges from 0 to 1 and a higher score

indicating better performance.

The results of these three metrics are shown in Table 4.2. We find that our model achieves

over 28.47% and 27.68% RIG on training and test sets, respectively. This predictive accuracy

is quite substantial compared to the literature [?, 107]. Further, the results on R2 also indicate

that our model reaches an excellent predictive performance. Given the inherent noise and

variability in clicks, explaining over 18% of the variance in this outcome requires a very

powerful model. Finally, the results on the last metric document a very good classification

power.
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Evaluation Metric Training Test

RIG 0.2847 0.2768

R2 0.1899 0.1872

AUC 0.8560 0.8531

Table 4.2: Performance of the click estimation model on training and test sets

Evaluation Metric Training Test

RIG 0.0975 0.0949

R2 0.0942 0.0918

AUC 0.7164 0.7135

Table 4.3: Performance of the leave estimation model on training and test sets

Results from the Leave Estimation Model

We now discuss the results from the leave model. The leave outcome is an important piece

of the transition function, since the leave outcome by the user terminates the entire session.

We use the same evaluation metrics to evaluate the predictive performance of our leave

estimation model. Table 4.3 summarizes the results in terms of these metrics on both the

training and test sets. We find that our leave estimation model explains over 9% of the

variance in the leave outcome on both training and test sets.

Overall, it is worth noting that we should not expect the leave model to to have high

predictive ability for a variety of reasons. First, clicking decision is mainly related to the ad

shown, whereas leave decision is somewhat independent of ad exposures, especially in the

messenger app where people’s usage stems from users’ messaging behavior that is unobserved

to the researcher. Second, we focus on new users for whom we do not have a long panel.

Hence, our features reflecting their past usage may not be very informative.
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Click Model Leave Model

Model RIG R2 AUC RIG R2 AUC

Full model 0.2768 0.1872 0.8531 0.0949 0.0918 0.7135

Without session-level 0.2245 0.1280 0.8334 0.0881 0.0889 0.7055

Table 4.4: Performance of models with/without session-level features

Preliminary Evidence on the Gains from the Adaptive Framework

An adaptive framework allows the publisher to use real-time session-level information to make

decisions. Intuitively, the publisher can benefit from an adaptive framework for decision-

making if session-level features play an important role in driving the main outcome of interest.

In other words, if the user’s decision to click on ads is only a function of his demographic

or historical features and does not change based on session-level features, using an adaptive

framework becomes ineffective. Thus, an intuitive test that can provide some preliminary

evidence on the effectiveness of an adaptive framework is to drop session-level features from

the main click and leave models and see whether it results in a drop in the predictive

performance of these models.

The model without session-level features exclude the following features: Impi,t, Click i,t,

Breadth i,t, Changes i,t, GiniSimpson i,t, Impi,a,t, Click i,a,t, Space i,a,t. We compare the perfor-

mance of this model with the full model for both click and leave estimation models. The

results on the performance of these models on the same test set are presented in Table 4.4.

As shown in this table, the performance of the model drops when we exclude session-level

features. This finding suggests and publishers can benefit from using adaptive frameworks

for ad sequencing.

4.6 Ad Sequencing Policies

As discussed earlier, our main goal is to use our dynamic framework and develop a sequencing

policy that maximizes user engagement in the session. We primarily measure user engage-
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ment by the number of clicks per session. To develop sequencing policies, we can use our

estimates for the transition and reward functions to solve for the optimal policy in the MDP

specified in §4.4.

In this section, we first present a series of other baseline policies that are commonly

used in practice in §4.6.1. It allows us to compare the performance of the adaptive forward-

looking policy developed by our framework with other benchmarks and establish the gains

from adopting a dynamic framework. We then discuss the empirical evaluation of all these

policies in §4.6.2. Finally, in §4.6.4, we present our results on different sequencing policies,

explore heterogeneity in gains from the dynamic sequencing policy across sessions, and offer

some explanation for the performance of different methods.

4.6.1 Definition of Sequencing Policies

We present a series of benchmark policies to examine the publisher’s gains from adopting

a dynamic framework for ad sequencing. We consider benchmark policies that drop mod-

eling components in our dynamic framework and/or reflect the current norm in research

and practice. As such, our comparison allows us to pin down how valuable each modeling

component is and how much we can improve over the current practice. Starting with the

adaptive forward-looking policy, which is based on our dynamic framework, we present the

list of policies that we consider as follows:

• Adaptive forward-looking sequencing policy: This sequencing policy uses the dy-

namic framework in §4.4 with the expected probability of click being the reward function.

Using our generic formulation of an MDP in Equation (4.2), we can write the publisher’s

optimization problem specific for a click-maximizing objective as follows:

argmax
a∈Ai

[
Rt(a;Si,t) + βESi,t+1|Si,t,aVt+1(Si,t+1)

]
, (4.16)

where the value function for any state variable at exposure number t can be written as

follows:

Vt(Si,t) = max
a∈Ai

[
Rt(a;Si,t) + βESi,t+1|Si,t,aVt+1(Si,t+1)

]
(4.17)
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This policy is both adaptive and forward-looking, i.e., it takes the session-level informa-

tion (adaptive) and future information (forward-looking) into account. We also call this

policy fully dynamic sequencing policy.

• Adaptive myopic sequencing policy: This sequencing policy does not take into ac-

count the expected future rewards when making the decision at any point. This is equiv-

alent to the adaptive forward-looking sequencing with β = 0 that turns off the weight

on the future rewards. Thus, we can write the objective function for adaptive myopic

sequencing as follows:

argmax
a∈Ai

Rt(a;Si,t) (4.18)

In this policy, the publisher selects the ad that maximizes CTR in the current period. It

is worth noting that this policy is adaptive, as it uses the session-level information that is

time-varying. However, it is myopic in the sense that it ignores future information. This

case reflects the common practice of using contextual bandits in the industry.

• Non-adaptive single-ad policy: This policy only uses the pre-session information.

Since it does not use adaptive information, this policy allocates all the impressions to

a single ad that has the highest average CTR. This is similar to the practice of using a

fixed ad slot where the whole session is allocated to one ad. The objective in this case is

the same as Equation (4.18) only for t = 1.9

This policy provides some insight into the ad sequencing problem because it has two

distinct features. First, it captures the potential gains from using a short-lived ad slot as

compared to the fixed ad slot. Second, it demonstrates the value of adaptive session-level

information.

• Random sequencing policy: In this sequencing policy, the publisher randomly selects

ads from the ad inventory. While this is a naive policy, it can serve as a benchmark

9One could argue that the optimal single-ad that is selected for the entire session may be different from
the optimal ad for the first exposure. We acknowledge this issue and check the robustness of our results by
using a dynamic optimization constrained by a single ad to be shown for the entire session. In the main
text, however, we use the more straightforward approach of allocating the entire session to the ad with
the highest CTR in the first exposure.
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showing how well we can do without any model.

4.6.2 Empirical Evaluation

We now explain how we use our empirical estimates for both click and leave outcomes to

develop and evaluate all the policies presented in §4.6.1. We start with the solution concept

for the baseline policies in §4.6.2. These policies are more straightforward and easier to

derive. We then present the solution concept for the adaptive forward-looking sequencing

policy in §4.6.2. We finally discuss how we can evaluate the performance of these policies.

Solution Concept for Baseline Policies

We now describe how we obtain the baseline policies described in §4.6.1: (1) adaptive myopic

sequencing policy, (2) non-adaptive single-ad policy, and (3) random sequencing policy. Since

none of these policies incorporate expected future rewards, we need to mainly rely on our

estimates for the reward function with the click-maximizing objective, i.e., ŷi,t(a;Si,t). We

present our empirical approach to solve for these policies below:

• Adaptive myopic sequencing policy: As presented in Equation (4.18), this policy

selects the ad with the highest CTR at any point. Therefore, we can write amt (Si,t) =

argmaxa∈Ai ŷi,t(a;Si,t), where amt (Si,t) indicates the ad to be shown under adaptive myopic

sequencing in state Si,t. We can characterize the best policy under adaptive myopic

sequencing as follows:

π̂m(a | Si,t) =

1 a = amt (Si,t)

0 a 6= amt (Si,t)

(4.19)

• Non-adaptive single-ad policy: This case is the solution for the adaptive myopic

sequencing policy at t = 1. As such, we have ast(Si,t) = amt (Si,1) for any t in session i.

Thus, the non-adaptive single-ad policy for each session i can be characterized as follows:

π̂s(a | Si,t) =

1 a = ast(Si,t)

0 a 6= ast(Si,t)

(4.20)
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• Random sequencing policy: This policy basically gives the same chance to all the ads

in the inventory. Thus, we can write the random sequencing policy as follows:

π̂r(a | Si,t) =


1
|Ai| a ∈ Ai

0 a 6∈ Ai
, (4.21)

where Ai is the set of ads competing in session i.

Solution Concept for the Adaptive Forward-looking Sequencing Policy

Solving for the best policy in an MDP can become a daunting task when the state space

is high dimensional. Given the set of features we use for our estimation tasks, we need to

store the full history within the session. For example, to update session-level features such as

Click i,a,t or Breadth i,t, we need to know the entire sequence of actions and outcomes within

the session up until exposure number t, which can be computationally burdensome for large

t.

The session-level history that we need to store for the transition function contains the

sequence of all ads and the click outcomes. That is, for exposure number t in session i, this

history is defined as Gi,t = 〈Ai,1, Yi,1, ..., Ai,t−1, Yi,t−1〉. This set can take (2|A|)t−1 unique

values for each t, indicating that it grows exponentially in t. Thus, one way to resolve this

problem is to consider a finite horizon case with a reasonable T that is sufficiently large to

let us exploit the dynamic framework, while reasonably small to help us avoid computational

issues. We argue that that T = 6 satisfies both these conditions since the user is quite likely

not to get to the seventh exposure at all given the results we show in Figure 4.5a: around

75% of the sessions have shown at most six exposures. Thus, optimizing the exposure after

that point has only a marginal effect on the performance of the click-maximizing policy.

To empirically derive the adaptive forward-looking sequencing policy, we need two key

estimands – ŷi,t(a;Si,t) and l̂i,t(a;Si,t). The former affects both the reward function and state

transitions, whereas the latter only affects the state transitions. For notational convenience

and brevity, let Ṽt(a, Si,t) denote our estimate for the sum of both current period reward
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and expected future rewards given action a being taken in state Si,t. Namely, it is the

estimated objective in Equation (4.16). Using our empirical estimates of expected click and

leave probability, we can write Ṽt(a, Si,t) as follows:

Ṽt(a, Si,t) =ŷi,t(a;Si,t) +
(

1− l̂i,t(a;Si,t)
)
ŷi,t(a;Si,t)Vt+1 (〈Si,t, a, Yi,t = 1〉)

+
(

1− l̂i,t(a;Si,t)
)

(1− ŷi,t(a;Si,t))Vt+1 (〈Si,t, a, Yi,t = 0〉) ,
(4.22)

where 〈Si,t, a, Yi,t = 1〉 and 〈Si,t, a, Yi,t = 0〉 denote the state variables in the next period.

The equation above shows that we can easily break the expected future rewards into two

deterministic pieces. We now propose a backward induction solution concept for this case as

described below:

1. We start from the last period, T . We assume that this is the last exposure number

within the session. Hence, the problem is static in that period. We can write:

V̂T (Si,T ) = max
a∈Ai

ŷi,T (a;Si,T ) (4.23)

âdT (Si,T ) = argmax
a∈Ai

ŷi,T (a;Si,T ) (4.24)

That is the maximum value the publisher can extract from this particular state variable

in the last time period.

2. For any t < T , we can write:

V̂t(Si,t) = max
a∈Ai

Ṽi,t(a, Si,T ) (4.25)

âdt (Si,t) = argmax
a∈Ai

Ṽi,t(a, Si,T ) (4.26)

Now, if we go backward and solve for the value functions, everything on the right-hand

side of Equation (4.25) is known because we have already solved for the value functions

in the next period. Therefore, we can find the value function for all the states in time

period and continue this process until exposure number 1.
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Once we have estimated the value function and best ad for all the states, we can simply

characterize the adaptive forward-looking sequencing policy as follows:

πd(a | Si,t) =

1 a = adt (Si,t)

0 a 6= adt (Si,t)

(4.27)

We use backward induction as our main approach to determine the adaptive forward-looking

sequencing policy. The only limitation of this approach is that we have to set an endpoint for

the session, which does not allow us to fully exploit exposures with t > T . As a robustness

check, we also use an infinite horizon with more memory efficient state variables, where only

we consider state variables that do not require storing the entire session-level history.

4.6.3 Evaluation

One of our main goals in this chapter is to examine to what extent the dynamic framework

helps publishers achieve better user engagement with ads. As such, we need to use an

evaluation metric that allows us to evaluate and compare different policies. For any exposure

t, we denote a t-step trajectory by gt and define it as the sequence of states, actions, and

rewards in all the steps as follows:

gt = 〈s1, a1, r
c
1, . . . , st−1, at−1, r

c
t−1, st〉,

where any sk is determined by the sequence prior to that exposure k and the distribution

of transitions, ak is determined given the policy, and rck is the reward for the pair of sk and

ak with the click-maximizing objective. Let τ denote the distribution of transitions and π

denote any given policy. The joint distribution (τ, π) then determines the probability of each

sequence gt. Let ρT (π;Si,1) denote the expected number of clicks generated in session i for

the horizon length T , when using policy π. We can write:

ρT (π;Si,1) = Egt∼(τ,π)

[
T∑
t=1

βt−1rct

]
(4.28)
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Now, we can use our estimates for the distribution of transitions τ and estimate ρT (π;Si,1)

for any policy π as follows:

ρ̂T (π;Si,1) =
T∑
t=1

∑
gt∈GT

∑
a∈Ai

π(a | Si,t)R̂c
t(a;Si,t)P (gt | τ, π), (4.29)

where GT is the set of all possible trajectories and gt denotes the trajectory in the first t

periods. The last component in Equation (4.29) is the probability that a specific trajectory

happens given the policy and distribution of transitions.

The main reason why we employ on this approach for evaluation is that it gives us

session-level performance metrics on each policy. However, for robustness, we employ other

approaches such as importance sampling and doubly robust method.

4.6.4 Results from the Click-Maximizing Policy

We now present the results on the performance of different sequencing policies when the

main objective is to maximize the expected number of clicks per session. We first illustrate

session-level outcomes for different sequencing policies and examine the gains from adopting

an adaptive forward-looking policy. Next, we explore the heterogeneity in the gains from

adopting an adaptive forward-looking sequencing policy across sessions. Finally, we use the

distribution of counterfactual sequencing policies to explain the differences in them.

Gains from the Adaptive Forward-looking Sequencing Policy

We start by demonstrating the gains from the adaptive forward-looking sequencing policy

compared to other policies described in §4.6.1. We use the direct method presented in §4.6.3

to evaluate the performance of these sequencing policies. As such, we only focus on the first

six exposures and do not evaluate sessions after the sixth exposure. We draw a random

sample of 1000 users from our test data that gives us 12,136 unique sessions. We estimate

the optimal policy under all the sequencing policies defined above and present the results in

Table 4.5.
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As expected, all model-based sequencing policies lead to major improvements in the

expected number of clicks per session over random allocation of ads. Adopting an adaptive

forward-looking sequencing policy results in 0.1772 clicks per session which translates to an

80.36% improvement over the random sequencing, 7.87% over the non-adaptive single-ad

sequencing, and 1.50% over the adaptive myopic sequencing. These gains demonstrate the

value of each piece of information and modeling paradigm. Our results indicate that both

session-level and future information play an important role in ad allocation problem.

Sequencing Policies

Fully Dynamic Adaptive Myopic Single-Ad Random

Expected No. of Clicks 2150.60 2118.81 1993.75 1192.40

Expected No. of Clicks Per Session 0.1772 0.1745 0.1642 0.0983

Expected No. of Impressions 39365.30 39460.26.37 38925.97 38859.06

Expected Session Length 3.24 3.25 3.21 3.20

Expected CTR 5.46% 5.37% 5.12% 3.07%

% Click Increase over Random 80.36% 77.69% 67.21% 0.00%

No. of Users 1000 1000 1000 1000

No. of Sessions 12,136 12,136 12,136 12,136

Table 4.5: Performance of different sequencing policies for a sequence size of 6 with a click-

maximizing objective

Next, we focus on the gap between the adaptive forward-looking and non-adaptive single-

ad policy. This comparison relates to a broader question on whether the publisher should use

a short-lived ad slot. Our results suggest that the use of dynamic ad slot leads to considerable

gains and value creation compared to the fixed ad slot, justifying the current trend of using
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short-lived ad slots in the industry.10

We then examine the performance of adaptive forward-looking sequencing compared to

that of adaptive myopic sequencing policy. Our results suggest that there are gains from

adopting a forward-looking objective in adaptive ad sequencing. It also provides evidence re-

garding the interdependence of ads shown within the sequence. It is worth noting that 1.50%

improvement is a lower bound for what the publisher can achieve by adopting a forward-

looking objective. This is because we only focus on the first six exposures for computational

reasons. The sequencing effects likely grow in later exposures. Further, we only focus on a

limited ad inventory, with 15 ads. We expect the gains from the adaptive forward-looking

ad sequencing to improve as a result of expanding ad inventory.

One likely explanation for the gains from an adaptive forward-looking sequencing policy

is that it is the only model that takes users’ leave decision into account. As such, one

channel through which this policy might improve the outcome is to increase the session

length, thereby enhancing the total number of clicks. To see whether this is the channel,

we estimate the expected session length for all the policies. We find no significant difference

between our policies in terms of the session length. Rather, the adaptive forward-looking

sequencing policy generates a higher CTR, which suggests that users are more engaged with

ads as a result of adaptive forward-looking ad sequencing.

Heterogeneity in Gains from the Dynamic Framework

While the results in Table 4.5 establish the average gains in clicks from adopting the adap-

tive forward-looking sequencing policy, they do not explain how these gains vary across

sessions. In this section, we are interested in identifying the sessions for which the adaptive

forward-looking sequencing is most helpful. As such, we focus on the session-level gains from

the adaptive forward-looking compared to the adaptive myopic and non-adaptive single-

10However, the caveat here is that our approach in single-ad policy is not the equivalent of the fixed ad
slot, as there are very short interruptions in every one minute this ad is being shown, whereas the fixed
ad slot keeps the ad immobile throughout the session.
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Figure 4.12: Distribution of session-level gains from the adaptive forward-looking over both

adaptive myopic and single-ad sequencing policies

ad policies and explore the heterogeneity across sessions. Let Gainfm and Gainfs denote

the percentage gains from the adaptive forward-looking over adaptive myopic and single-ad

sequencing respectively. In Figure 4.12, we show the distribution of these two session-level

gains. Both figures show significant heterogeneity in the session-level gains from the adaptive

forward-looking sequencing policy over adaptive myopic and single-ad policies.

To further explore this heterogeneity across user history, we regress both Gainfm and

Gainfs on a set of historical variables, controlling for user fixed effects. We also control for the

number of ads competing in a session as it is an important factor determining the gains from

different sequencing policies. The results are presented in Table 4.6. The first two columns

show the results using the gains from the adaptive forward-looking over the adaptive myopic

sequencing policy as the dependent variable. In column 1, we examine how the relative

gains from the adaptive forward-looking over adaptive myopic sequencing changes as a user

participates in more sessions. On the one hand, as the user participates in more sessions, the

publisher has more history and data on him, and it may improve the gains from adopting

a forward-looking objective. On the other hand, as the user becomes more experienced in
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the platform, the relative effectiveness of sequencing and temporal interventions may shrink

[106]. As shown in column 1, we find some evidence for the latter: the relative gains from

the adaptive forward-looking over adaptive myopic sequencing reduces as the user becomes

more experienced.

Dependent variable

Gaindm Gaindm Gainds Gainds

Session Number i,u -0.000032∗∗∗ 0.000028∗∗ -0.000447∗∗∗ -0.000276∗∗∗

(-4.51) (-1.95) (-17.29) (-5.41)

No. of Competitorsi 0.000032 -0.000253∗∗∗ 0.004188∗∗∗ 0.003070∗∗∗

(0.27) (-2.17) (9.90) (7.31)

Impi,u 0.000019∗∗∗ 0.000056∗∗∗

(11.79) (9.66)

Breadthi,u -0.000401∗∗∗ -0.001681∗∗∗

(-15.61) (-18.13)

User FE X X X X

No. of Obs. 12,136 12,136 12,136 12,136

R2 0.3021 0.3223 0.2864 0.3097

Adjusted R2 0.2469 0.2686 0.2300 0.2550

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table 4.6: OLS estimates of session-level gains from the adaptive forward-looking sequencing

policy across user history

In column 2, we include two historical variables to further explore which parts of user’s

prior experience are accountable for the findings in column 1 – total number of impressions

(Impi,u), and the total number of distinct ads (Breadth i,u) the user has seen prior to the
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session. With these controls, we find that the number of prior impressions has a positive

correlation with the outcome, implying that having more data on a user benefits the adaptive

forward-looking sequencing more than the myopic one. However, note that the number of

distinct ads the user has seen that makes adaptive forward-looking sequencing less effective.

This is probably because the sequencing effects mostly come from users’ information pro-

cessing and differentiation of ads in a sequence. Once the user has processed many different

ads in prior sessions, it is less likely that the optimal sequencing of them largely affects her

decision.

In columns 3 and 4, we show the results with another dependent variable – gains from the

adaptive forward-looking over non-adaptive single-ad sequencing. Again, we find that users’

tenure in the platform makes adaptive forward-looking sequencing less effective, and this is

because users with more experience have seen more diverse ads, and it is harder to influence

their decision by dynamic sequencing of ads. It is worth noting that the results in all columns

must be interpreted in the relative terms. That is, a negative coefficient does not mean that

adaptive myopic or non-adaptive single-ad policies perform better than the adaptive forward-

looking sequencing policy. Rather, it identifies where adaptive forward-looking sequencing

performs relatively worse.

Distribution of Micro-Interventions

In the previous sections, we established the gains from the adaptive forward-looking sequenc-

ing policy over other sequencing policies and showed how these gains vary across different

sessions based on user-level history. These gains mainly come from the active selection of

session-level features through the selection of ads in the adaptive forward-looking sequenc-

ing policy. In this section, we first illustrate how these sequencing policies are different in

micro-interventions at any point and how that results in different session-level features. We

then aim to uncover the reasons behind such differences, given the goal of each sequencing

policy.

To make sense of how sequences evolve under each policy, we focus on binary micro-
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interventions as defined in §4.3.3. There are two key points about these micro-interventions.

First, these binary micro-interventions together constitute our session-level features. For

example, breadth-increasing change at any point results in a higher breadth of variety in a

session, whereas repeat increases the number of prior exposures of an ad. Second, as shown in

the prior research, all these three micro-interventions can be effective policies from a broader

perspective. Recent experimental papers document the positive effects of multiple exposures

on sales of an ad [118]. While confirming the positive effects of multiple exposures of an ad

within a session, [106] show that both breadth-constant and breadth-increasing changes will

increase the likelihood of clicking on the next ad. The fact that these micro-interventions

are mutually exclusive makes the decision very challenging from a dynamic point-of-view, as

using each comes with trade-offs. Thus, comparing distributions of these micro-interventions

under different sequencing policies can help in understanding the decision-making process

for each policy.

We present the average values for these micro-interventions at different time periods

under each sequencing policy in Figure 4.13. Since these are binary variables, the y-axis

reports the percentage of making any micro-intervention. As shown in these figures, both

dynamic and adaptive myopic sequencing policies employ a mix of these micro-interventions.

As such, the lines for them lie somewhere between the non-adaptive single-ad and random

sequencing policies.

We further explore the difference between the adaptive forward-looking and adaptive

myopic sequencing to reflect how these micro-interventions change if the publisher takes

expected future rewards into account as in the adaptive forward-looking sequencing. We

find that the adaptive forward-looking sequencing policy tends to repeat ads in the earlier

time periods, whereas change is a more popular decision in the adaptive myopic sequencing

across all time periods. This is likely because repeating the same ad is a sub-optimal decision

at the moment, but will help transition to a state where we can reinforce an ad with prior

exposures. This is why the adaptive forward-looking sequencing policy takes advantage of

repeating in the beginning, while in the last period, it tends to act similarly to the adaptive
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myopic sequencing.

Next, we look into the difference in the distribution of breadth-increasing and breadth-

constant changes at different time periods. Since more prior exposures and changing the last

ad helps at the moment, the adaptive myopic sequencing policy employs breadth-constant

changes even more than the random sequencing. The adaptive forward-looking sequencing

policy, however, seems to have a mix of both micro-interventions.

Overall, Figure 4.13 illustrates the differences in sequencing policies at a micro level. Our

findings demonstrate the trade-offs between these micro-interventions by comparing different

sequencing policies. It is generally hard to offer a unifying explanation for the optimal policy

in a Markov Decision Process, as it uses an elaborate objective function. Thus, it is important

to notice that these findings are descriptive and must be interpreted cautiously.

4.7 Implications

Our findings in this chapter have several implications for marketing practitioners and policy

makers. The most direct set of implications is for publishers and ad-networks. We examine

the opportunity cost of using a fixed ad slot, which is the current practice in many digital

ad platforms. We document considerable loss as a result of running a fixed ad slot, in terms

of the value created by making a better match between ads and users. This finding has

implications for publishers and ad-networks that want to design their ad format. However,

these results must be interpreted with caution.

More importantly, we establish the gains from the adaptive forward-looking sequencing

of ads compared to adaptive myopic sequencing. While it significantly adds to the computa-

tional complexity of the problem, our findings indicate that inter-temporal trade-offs in ad

allocation problem play an important role in optimal policy design. As such, publishers can

create value by dynamically sequencing ads.

While advertisers are not the main target of the implications in this chapter, our findings

offer them some new insights. Given the gains from the adaptive forward-looking sequencing

of ads, it can be beneficial for advertisers to incorporate session-level information while
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targeting their ads. Further, this chapter adds to the understanding of short-lived ad formats,

which, in turn, can provide some insights for advertisers with regards to their banner design.

More broadly, our general framework can be extended to any context with adaptive in-

terventions. For example, in the context of mobile health, a growing body of work focuses

Just-In-Time Adaptive Interventions (JITAI) in mobile apps and studies the impact of them

in shaping consumers’ health behavior including physical fitness and activity, smoking, al-

cohol use, and mental illness [98]. Similarly, in any context that adaptive interventions can

be used to educate people, we can specify a dynamic framework that helps us achieve bet-

ter outcomes [90]. These showcases can serve as motivation for the public sector to use

these tools in cases where collective action is required, such as environmental protection and

political participation.

4.8 Conclusion

Mobile in-app advertising has grown exponentially over the last years. The ability to exploit

the time-varying information about a user to personalize ad interventions over time is a key

factor in the growth of in-app advertising. Despite the dynamic nature of the information,

publishers often use myopic decision-making frameworks to select ads. In this chapter, we

examine whether a dynamic decision-making framework benefits the publisher in terms of the

user engagement with ads, as measured by the number of clicks generated per session. Our

dynamic framework has two main components: (1) a theoretical framework that specifies the

domain structure such that it captures inter-temporal trade-offs in the decision to show what

ad at any time period and (2) an empirical framework that breaks the policy design problem

into a combination of machine learning tasks. We apply our framework to large-scale data

from the leading in-app ad-network of an Asian country. Our results indicate that the adap-

tive forward-looking sequencing of ads results in significant gains in the expected number

of clicks per session, compared to a set of benchmark policies. Next, we document hetero-

geneity in gains across sessions and show that adopting an adaptive forward-looking policy

is most effective when users are new to the platform. Finally, we illustrate the differences in
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sequencing policies using a descriptive approach.

This chapter makes three contributions to the literature. First, from a methodological

point-of-view, we develop a unified dynamic framework that starts with a theoretical frame-

work that specifies the domain structure in mobile in-app advertising, and an empirical

framework that breaks the problem into tasks that can be solved using a combination of ma-

chine learning methods and causal inference tools. Second, from a substantive standpoint,

we are the first to document the gains from adopting an adaptive forward-looking sequencing

policy as compared to the adaptive myopic sequencing policy. This comparison is of partic-

ular importance as the adaptive sequencing is the current approach in the industry. Third,

we establish the gains from using a short-lived ad slot as compared to a fixed ad slot. The

answer to this question informs the publisher’s decision to use which type of ad slot.

Nevertheless, there are some limitations in our study that serve as excellent avenues for

future research. First, our counterfactual policy evaluation is predicated on the assumption

that users do not change their behavior in response to sequencing policies. While we exploit

randomization to obtain our counterfactual estimate, it would be important to validate these

findings in a field experiment. Further, we use the training data offline to learn counterfactual

estimates for click and leave outcomes. Extension of our framework to an online setting that

captures exploration/exploitation trade-off is important as offline evaluation may be costly.

Finally, we use the entire within-session history to update state variables. Future research

can look into more parsimonious frameworks that can be scalable to longer time horizons.
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Figure 4.13: Distribution of micro-interventions at different time periods under different

sequencing policies
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Chapter 5

ADAPTIVE AD SEQUENCING: VALUE EXTRACTION

5.1 Introduction

Mobile in-app advertising is now a significant source of revenue for publishers and ad net-

works. In 2018, over 56% of the total digital ad spend came from in-app advertising [33].

Like other digital advertising environments, mobile publishers use an auction to determine

which ad to show inside an app. An auction is a set of rules that characterizes how to allo-

cate each advertising space and how much each advertiser has to pay, given advertisers’ bids.

Market outcomes under each auction format can accordingly be different since advertisers

can strategically vary their bidding behavior. Thus, auction design plays a central role in

the success of the digital advertising ecosystem.

Publishers and ad-networks often use auctions that maximize their revenues.1 The com-

mon practice in this industry is to use a first- or second-price auction with an optimally set

reserve price. This is in light of the findings from the seminal paper by [96] that has shown

these auctions are revenue-optimal for a single item, under the regularity assumption. In an

advertising environment, these auctions are revenue-optimal if the publisher can treat each

advertising space as a single item: i.e., if advertising spaces are independent, and the auction

outcome for one advertising space does not create externalities affecting other advertising

spaces.

In the context of mobile in-app advertising, [104] provides empirical evidence on the

interdependence of exposures within a session where a user is exposed to multiple short-lived

ads. He shows that each ad exposure creates externalities that affect future exposures and

1In this chapter, we use the publisher, ad-network, and platform interchangeably, when we refer to the
agent who designs the auction and makes the ad allocation decision.
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documents the publisher’s gain from dynamic sequencing of ads, i.e., the policy that captures

both the immediate and future outcomes in a session and selects the ad that maximizes the

expected number of clicks from that point onward. These findings rule out the independence

of advertising spaces within a session, which in turn, imply that first- or second-price auction

with an optimally set reserve price is not revenue-optimal in the context of mobile in-app

advertising.

While the results in [104] elucidate an opportunity to create value in this market by dy-

namic sequencing of ads by enhancing consumer engagement and match values, the extent

to which the publisher can extract this value as revenue is not clear. Notice that advertisers

are strategic agents who can change their bids in response to any change in the allocation

mechanism, and thereby appropriate most of this created value. The prior empirical litera-

ture on advertising auctions has highlighted cases where publishers cannot necessarily link

the improvement in the match to higher revenues in a competitive environment [7, 107].

Thus, when the revenue is the primary outcome of interest, it is crucial for the publisher to

incorporate advertisers’ bidding behavior as well as users’ ad response when designing the

ad sequencing policy.

This brings us to the question of optimal auction design, wherein the publisher designs an

auction that maximizes her revenues. Our main goal is to theoretically develop the revenue-

optimal dynamic auction and compare its outcomes with the revenue-optimal static auction

(second-price auction with optimal reserve price). Overall, we aim to answer the following

three research questions in this chapter:

1. How can we design a revenue-optimal dynamic auction that captures both inter-

temporal trade-offs in ad sequencing and advertisers’ strategic bidding behavior?

2. How can we build an empirical framework to evaluate the market outcomes such as

publisher’s revenues and advertisers’ surplus under any auction mechanism?

3. What are the gains from using a revenue-optimal dynamic auction as compared to the
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static one in mobile in-app advertising? How is the advertisers’ surplus distributed

across advertisers? Do all advertisers benefit when the publisher uses a dynamic auc-

tion?

We need to overcome three major challenges to answer these questions. First, to design

a revenue-optimal dynamic auction, we need to specify an allocation rule that incorporates

inter-temporal trade-offs in ad interventions and a payment rule that governs advertisers’

strategic bidding behavior. Second, to empirically evaluate market outcomes (e.g., pub-

lisher’s revenues) under counterfactual auctions, we need to obtain accurate estimates of

both advertisers’ and users’ behavior that are valid any counterfactual auction. For the

former, we need to estimate the distribution of advertisers’ click valuations as it is the main

structural parameter that governs their bidding behavior in any auction. For the latter,

we need to estimate users’ behavior: their likelihood of clicking on an ad and leaving the

session after seeing an ad under any counterfactual allocation policy. Finally, to measure the

gains from both dynamic and static revenue-optimal auctions, we need to first solve for the

equilibrium outcome under these counterfactual auctions and then use an evaluation method

that estimates the corresponding outcomes for each session.

We present an overview of our approach in Figure 5.1. This figure illustrates the general

framework in the top row and the details specific to our problem in the bottom row. In

the general framework, we begin with a theoretical framework that informs our empirical

approach regarding how to develop and evaluate optimal auctions. More specifically, we

start with designing a revenue-optimal dynamic auction that gives us a combination of

allocation and payment rules. This combination captures both the inter-temporal trade-offs

and advertisers’ bidding strategies. Since our theoretical framework involves both advertisers’

and users’ behavior, our empirical framework requires an estimation procedure that cover

both these components. We accordingly break our empirical framework into two separate

tasks: (1) estimation of the distribution of advertisers’ click valuations since click valuation

is the key structural parameter governing advertisers’ bidding behavior in any auction, and
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Figure 5.1: An overview of our approach. The top row presents our general framework and

the bottom row shows the specific approach we take in this chapter.

(2) personalized counterfactual estimation of click and leave outcomes, which are the two

user-dependent outcomes that affect the expected revenue per session. The second task

is the same as the empirical task in [104]. We use the same approach in this chapter to

estimate users’ behavior under counterfactual auctions. Finally, we use all our estimates

and numerically derive the optimal policy using backward induction and evaluate this policy

using the direct method.

Our theoretical framework directly addresses the first challenge and paves the way to

address other challenges. We build our theoretical model on the recent literature on dynamic

mechanism design that extends the approach in [96] to a dynamic setting. The intuitive idea

in this literature is to use the Revelation Principle [96] and exclusively focus on the case where

all bidders report their type truthfully [73, 102]. We use the modeling framework in [73] as

their separability assumption is particularly suitable in our context: the value an advertiser

extracts from an impression is the product of his private click valuation and the expected

probability of click on his ad. It allows us to write down the reward function in the Markov
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Decision Process (MDP henceforth) in terms of virtual valuations and click probabilities

(match valuations), thereby deriving the optimal allocation. Using this allocation function,

we can then set the payments such that advertisers will participate in the auction and have

no incentive to deviate from truthful reporting (IR and IC constraints). We then show that

the auction with these allocation and payment rules is revenue-optimal.

To address our second challenge, we propose a structural framework to estimate the

distribution of advertisers’ click valuation from their observed bids in the data. The key

challenge is that the auction format in the data is a quasi-proportional auction, where truthful

bidding is not the equilibrium strategy for advertisers. We first characterize the advertisers’

utility function in this setting and then derive the equilibrium properties of this auction.

Using the first-order condition, we then write the advertisers’ click valuation in terms of

their cost and the allocation function used by the ad-network. Since both cost and allocation

functions can be estimated from the distribution of observed bids and auction configurations,

click valuations are identified under the assumption that advertisers are utility-maximizing.

This allows us to estimate the distribution of advertisers’ click valuations as well as each

advertiser’s click valuation.

Next, to develop the ad sequencing policy in the revenue-optimal dynamic auction, we

need to solve the MDP for the allocation function. While the transition function is the same

as the one in [104], the rewards have an additional multiplicative factor – each advertiser’s

virtual valuation. We can estimate it using the estimated click valuation for each ad as well

as the distribution of click valuations. We plug these estimates into the reward function and

solve the dynamic allocation policy using a backward induction solution concept. Finally,

like [104], we use a direct method approach for evaluation that directly uses our estimates

to simulate a session, equilibrium outcomes, and how it evolves. This method allows us to

evaluate the revenue outcome for each session.

We first present the results from our auction estimation framework. We theoretically

show that advertisers bid roughly half of their click valuations in the quasi-proportional

auction. As such, the distribution of bids alone can approximate the distribution of click
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valuations. Further, it suggests that the current mechanism (quasi-proportional auction)

leads to a substantial loss for the platform in terms of both revenue and efficiency. We

then focus on the estimated distribution of click valuations from our structural framework,

and empirically show that the regularity assumption is satisfied in our context: the virtual

valuations are strictly increasing in click valuations. This is an important requirement for

our counterfactual analysis, as the solution to the optimal auction is tractable given this

assumption.

Next, we conduct our counterfactual analysis to examine the gains from the revenue-

optimal dynamic auction. We set the benchmark as the second-price auction with an optimal

reserve price, as it is the revenue-optimal static auction. Our results indicate that the

expected revenue per session is 1.60% higher under the revenue-optimal dynamic auction

compared to that in the revenue-optimal static auction. This is particularly important

because most platforms currently use a version of the static revenue-optimal auction. Thus,

our results suggest that publishers and ad-networks can significantly benefit from adopting

an optimal dynamic auction. Further, we find that the expected number of clicks per session

also improve by 1.80% under the dynamic case, suggesting that the gains in revenues can

mostly be attributed to the improved match between users and ads as a result of dynamic

sequencing, and not to the greater ability of the publisher to extract rent from advertisers.

We then focus on other market outcomes and show that the optimal dynamic auction

achieves better outcomes than the optimal static auction in terms of both total surplus and

average advertisers’ surplus: the total surplus (efficiency) and the average advertisers’ surplus

increases by 1.77% and 3.00% under the optimal dynamic auction respectively. Hence, we

show that the optimal dynamic auction does not achieve revenue optimality at the expense

of efficiency. We then explore the surplus gains across advertisers to see whether the market

will become more concentrated as a result of using the revenue-optimal dynamic auction.

Using a Herfindahl-Hirschman Index (HHI), we find that the optimal dynamic auction has a

lower concentration index than the optimal static auction. This suggests that the reason is

that the optimal dynamic auction allocates more to the ad with the second largest surplus,
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thereby closing the gap between the top two advertisers in an auction.

In sum, this chapter makes three key contributions to the literature. First, from a method-

ological point-of-view, we propose a unified dynamic framework that captures both advertis-

ers’ and users’ behavior to optimize publisher’s revenue. A key contribution of our framework

is in illustrating how we can use a theoretical framework to break a complex applied problem

into a composite of structural estimation and machine learning tasks. To our knowledge, this

is the first work to empirically examine the revenue gains from dynamic sequencing of ads

using an optimal dynamic auction. Second, we present a structural estimation framework to

recover the distribution of bidders’ private valuations from their observed bidding behavior

in a quasi-proportional auction. This is the first work to propose an estimation procedure

for quasi-proportional auctions. Our framework can easily be extended to auctions with

non-deterministic allocation rules. Third, from a substantive viewpoint, we establish the

revenue gains from adopting a dynamic objective in allocating ads, as opposed to a static

objective. This is of particular importance, as the current practice in the industry is to use

a static objective. We expect our findings to be of relevance to publishers and ad-networks.

5.2 Related Literature

First, this chapter relates to the growing literature on dynamic mechanism design. While

early papers in this literature start in 1980s [11, 97, 112], most of the major developments

in this literature appear more recently, with generic characterizations of both efficient mech-

anisms [14, 8] and revenue-maximizing (optimal) mechanisms [73, 102]. The majority of

applied papers on dynamic mechanism design focus on cases where the inter-temporal trade-

offs arise through the dynamics of arrival, departure, or population [133, 101, 43, 120]. This

chapter adds to this literature by empirically evaluating dynamic mechanisms in a digital ad-

vertising context. To our knowledge, this is the first work to provide an empirical framework

to examine the performance of dynamic mechanisms.

Second, this chapter relates to the literature on the intersection of mechanism design and

online advertising. Early papers in this area examines the theoretical properties of different
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auctions in sponsored search context [30, 131, 80]. More specific to our context, a series

of work takes externalities in search advertising into account and revisits the question of

mechanism design in a context where the higher position of an ad may affect the user’s

decision to even see lower ranked ads [44, 75, 45]. In the context of video ads, [74] adopt a

cascade model similar to [75], and provide a mechanism for selection and ordering of video

ads. While this stream of work proposes simple mechanisms for allocation, they are only

applicable to very basic and unrealistic case where the externality is only imposed through

the user’s leaving decision. We extend this literature by offering a dynamic framework that

captures more complex externalities, under a plausible separability assumption.

Lastly, this chapter relates to economics and marketing literature on the estimation of

auctions. A significant breakthrough in this literature comes from [53] who base their identifi-

cation strategy on the fact that the equilibrium outcome is achieved when all agents maximize

their profits given the distribution of others’ behavior. While they study the first-price auc-

tion with symmetric independent private valuations and without unobserved heterogeneity,

other papers in this literature build on this work and extend it to the cases with affiliated

private valuations [87], asymmetric private valuations [19], unobserved heterogeneity [54, 78],

and also different auctions such as scoring auctions [10] and beauty contest auctions [136].

Related to our setting, a few papers study online advertising auctions and propose different

empirical approaches for the estimation fi advertising auctions [7, 135, 23]. This chapter

adds to this literature by proposing an estimation approach for quasi-proportional auctions

that can easily be extended to any randomization-based auction. Further, our counterfactual

analysis is the first to consider a dynamic mechanism design in an online advertising context.

5.3 Optimal Auctions

The main results in [104] establish the gains from the dynamic sequencing of ads in terms of

the expected number of clicks generated per session. Intuitively, we expect the increase in

the number of clicks to be linked to higher publisher revenues, as clicks are the key revenue-

generating source for publishers. However, the fact that advertisers can respond to the
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change in the allocation by changing their bids in an auction environment makes it unclear

how the publisher can extract more revenues from dynamic sequencing of ads. For example,

if advertisers decrease their bid as a response to better allocation by dynamic sequencing in

the equilibrium, the publisher may end up selling more clicks at a lower price. Thus, it is

crucial to take advertisers’ bidding behavior into account if the publisher wants to maximize

her revenues through adaptive ad sequencing.

To examine revenue gains from adopting a dynamic framework, we incorporate advertis-

ers’ utility model into our framework and design revenue-optimal auctions with both dynamic

and static objectives. Our framework, in turn, captures both users’ behavior and advertis-

ers’ strategic bidding. The publisher’s problem is then to design an auction with certain

allocation and payment rules that maximizes her revenues, i.e., the total payments made by

advertisers. To find the revenue-optimal auctions under each objective, we build on the sem-

inal paper by [96] and design the allocation and payment rules in the auction to maximize

publisher revenues.

This section proceeds as follows: We first define our model environment and assumptions

in §5.3.1. We then introduce the case where the publisher’s objective is static and discuss

the optimal auction in this case in §5.3.2. In §5.3.3, we focus on the optimal auction with a

dynamic objective and present the allocation and payments rules in this case.

5.3.1 Auction Environment and Assumptions

We now describe the auction environment in this problem. For each session i, there are

Ai risk-neutral bidders competing for impressions in this session. Each advertiser a has a

private click valuation xa which is drawn from the distribution Fa with support [
¯
xa, x̄a]. This

parameter is a private signal that reflects how much the advertiser values a click. We assume

that each ad’s private valuation is independent of other ads’ private valuation and does not

vary across impressions.2 The total value generated from showing ad a at exposure t of

2We can extend our theoretical analysis to the cases where click valuations vary across sessions and
exposures. However, in our empirical analysis, we can only identify one value for each ad. This is why we
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session i will then be the product of that ad’s click valuation and the probability of click on

that ad, which can be written as follows:

wi,a,t(xa;Si,t) = xaP (Yi,t | a, Si,t), (5.1)

where wi,a,t(xa;Si,t) is the total value ad a receives from being shown at exposure t of session

i, and Si,t is the state variable at that point which captures the prior history of actions and

outcomes within the session, as well as the pre-session information (Please see §4.2.1 in [104]

for more details on state variables).

The publisher’s problem is to design a mechanism/auction that maximizes her revenues.

Each mechanism is characterized by two components – (1) allocation rule, and (2) payment

rule. We can define any mechanism as follows:

Definition 5 A mechanism M(q, e) is defined as a combination of an allocation rule q(·)

and a payment rule e(·). Given a profile of reported bids b = (b1, b2, . . . , bA), we can charac-

terize the allocation and payment rules for each ad in the exposure number t in session i as

follows:

• The allocation rule qMi,a,t(b;Si,t) determines the probability that the item is allocated to a.

• The payment rule eMi,a,t(b;Si,t) determines what ad a pays in expectation.

We assume that the publisher has full commitment power, i.e., the players believe that

the publisher follows the rules. Now, under any mechanism M(q, e), we can characterize

advertiser’s utility function. The only decision variable for any advertiser is to submit a bid

that reflects their willingness to pay for a click on their ad. Given advertiser a’s bid, we can

characterize their utility in exposure t of session i as follows:

uMi,a,t(ba;xa, Si,t) = Eb−a

[
wi,a,t(xa;Si,t)q

M
i,a,t(b;Si,t)− eMi,a,t(b;Si,t)

]
, (5.2)

where b−a is a bid profile of all ads except a, and b is the profile of all bids. We assume that

advertisers maximize their utility.

restrict our attention to this case.
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5.3.2 Warm-Up Case: Optimal Static Auction

We begin by describing the case where the publisher’s objective is static. In this case, the

publisher only considers the current period rewards. As such, at any point, the goal is to

sell the slot to the ad that maximizes the publisher’s revenues. The analysis of this case

is almost identical to that of the seminal paper by [96] on optimal auctions. However, we

present this case as a warm-up example for our main goal – deriving the optimal dynamic

auction.

In general, the choice of the optimal auction may seem impossible as there is no bound on

the set of feasible auctions. However, in light of the Revelation Principle and without loss of

generality, we can only focus on direct-revelation mechanisms wherein advertisers truthfully

bid their click valuations [96]. A direct revelation mechanism is feasible if it satisfies:

1. Plausibility: For any profile of reported click valuations x, we have
∑

a∈Ai qi,a,t(x;Si,t) ≤

1 and qi,a,t(x;Si,t) ≥ 1 for all a ∈ Ai. This condition guarantees that each impression

is allocated to at most one ad.

2. Individual Rationality (IR): Given reported click valuations, all advertisers receive non-

negative utility, i.e., uMi,a,t(xa;xa, Si,t) ≥ 0 for all a ∈ Ai. This condition guarantees that

all competing ads for a session will participate in the auction.

3. Incentive Compatibility (IC): No advertiser has incentive to deviate from bidding truth-

fully, given that everyone else bids truthfully. Therefore, we have:

uMi,a,t(xa;xa, Si,t) ≥ uMi,a,t(ba;xa, Si,t) (5.3)

for any ba ∈ [
¯
xa, x̄a]. This condition guarantees that reporting truthfully is a Bayesian

Nash Equilibrium for all advertisers.

The Revelation Principle helps us reduce the set of all auction to the set of feasible direct

revelation mechanism denoted by Mdirect. As such, our search is over a more structured set
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with clear constraints. We can write the publisher’s optimization problem as follows:

max
M∈Mdirect

Ex

[∑
a∈Ai

eMi,a,t(x;Si,t)

]
(5.4)

In this optimization, M ∈ Mdirect implies that the mechanism must satisfy all three con-

straints presented above. While focusing only on feasible direct revelation mechanisms helps

constrain the problem, we still need further transformations to find the optimal solution. One

key transformation is to use envelope condition instead of the IC constraint. The following

lemma shows the link between these two:

Lemma 1 If the mechanism M(q, e) is IC, we have:

uMi,a,t(xa;xa, Si,t) = uMi,a,t(x
′
a;x
′
a, Si,t)

+ P (Yi,t | a, Si,t)
∫ xa

x′a

Ex−a
[
qMi,a,t(ba, x−a;Si,t)

]
dba

(5.5)

Now, we can use this lemma to derive the publisher’s expected revenue under any IC mech-

anism as follows:

Lemma 2 If the mechanism M(q, e) is IC, the publisher’s expected revenue can be written

as follows:

Ex

[∑
a∈Ai

(
xa −

1− Fa(xa)
fa(xa)

)
P (Yi,t | a, Si,t)qMi,a,t(x;Si,t)

]
−
∑
a∈Ai

uMi,a,t(¯
xa;

¯
xa, Si,t) (5.6)

The result of Lemma 2 is transformative in finding the optimal auction, as for any given

environment, the expected revenue of an auction only depends on the allocation at the

equilibrium and advertisers’ expected utility of their lowest click valuation. We can now

use Equation (5.6) as the objective function and maximize it subject to the Plausibility and

Individual Rationality (IR) constraints and obtain the optimal auction.

Another important feature of writing the objective function in Equation (5.6) is that it

additively separates allocation and payment functions: the first component is independent of

the payment function. Thus, one candidate for the optimal auction is to find a plausible allo-

cation function that maximizes the first component and a payment function that minimizes

the second component. This brings us to the following proposition:
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Proposition 4 The mechanism M(q, e) is optimal if q maximizes

Ex

[∑
a∈Ai

(
xa −

1− Fa(xa)
fa(xa)

)
P (Yi,t | a, Si,t)qMi,a,t(x;Si,t)

]
(5.7)

subject to q being plausible and Ex−a
[
qMi,a,t(xa, x−a;Si,t)

]
increasing in xa, and the payment

function e is

eMi,a,t(x;Si,t) = wi,a,t(xa;Si,t)q
M
i,a,t(x;Si,t)− P (Yi,t | a, Si,t)

∫ xa

¯
xa

qMi,a,t(ba, x−a;Si,t)dba (5.8)

As shown in Proposition 4, we can solve for the optimal allocation and payment functions.

In next sections, we discuss the details of each component.

Allocation Rule

Proposition 4 offers a constrained optimization to find the allocation function under the

static case. Without the constraint on Ex−a
[
qMi,a,t(xa, x−a;Si,t)

]
being increasing in xa,

we can simply maximize the objective function by allocating to the ad with the highest(
xa − 1−Fa(xa)

fa(xa)

)
P (Yi,t | a, Si,t). However, there is no guarantee whether the constraint is

satisfied unless we impose the following assumption on the distribution Fa for all ads:

Assumption 1 Distribution Fa is regular, i.e., the function ca(xa) = xa− 1−Fa(xa)
fa(xa)

is strictly

increasing in xa.

It is worth noting that this is not an unrealistic assumption, since most familiar distributions

satisfy this condition. Under this assumption, the resulting allocation rule will allocate the

item to ad with the highest non-negative ca(xa)P (Yi,t | a, Si,t) for any exposure t in session i.

If all values are negative, the publisher does not sell the item. It is easy to show that under

this allocation, the constraint on Ex−a
[
qMi,a,t(xa, x−a;Si,t)

]
being increasing in xa is satisfied:

an increase in xa will increase the expected probability of winning the item for ad a, since

ca(xa) is increasing in xa.
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Payments

Following Equation (5.8) in the second part of Proposition 4, we can now determine the

optimal payment functions, consistent with the allocation function presented in §5.3.2. We

can show that in this case, losing ads will not pay anything: the first component in Equation

(5.8) is zero, and it is easy to show that the integral is also zero. The payment for the

winning ad, however, can be calculated as follows:

eMi,a,t(x;Si,t) = wi,a,t(xa;Si,t)q
M
i,a,t(x;Si,t)− P (Yi,t | a, Si,t)

∫ xa

¯
xa

qMi,a,t(ba, x−a;Si,t)dba

= wi,a,t(xa;Si,t)− P (Yi,t | a, Si,t)
∫ xa

x∗a

dba

= x∗aP (Yi,t | a, Si,t),

(5.9)

where x∗a is the minimum bid that still wins the impression for the winning ad. The simple

allocation rule in the static case helps us find the analytical solution to the integral in

Equation (5.8). With this payment rule, it is easy to check the incentive compatibility of

the proposed optimal mechanism.

Finally, if we consider the case of symmetric click valuations, we can simplify the optimal

auction to a greater extent. In this case, instead of having ad-specific distributions Fa for

each ad, we have one distribution F from which all click valuations are drawn independently.

We can show the following corollary for this specific case:

Corollary 1 With symmetric independent click valuations, the optimal auction is a second-

price auction with a reserve price of c−1(0). The auction allocates the item to the ad with

the highest wi,a,t(xa;Si,t) and that ad pays the second-highest wi,a,t(xa;Si,t) in expectation.

Thus, the optimal auction either allocates the impression to the highest valuation advertiser

or does not allocate it at all, meaning that it never allocates an impression to an advertiser

who does not have the highest valuation for that impression.
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5.3.3 Optimal Dynamic Auction

We now focus on the optimal auction with the dynamic objective. In this case, the publisher

wants to incorporate the expected future revenues as well as expected revenues from the

current period. This is in contrast with optimal static auction where the publisher only

cares about her expected revenues in the current period. The publisher’s goal in this dynamic

environment is to design a mechanism M(q, e) that maximizes her expected revenues from

the session, i.e., E
[∑∞

t=1 β
t−1
(∑

a∈Ai e
M
i,a,t(b;Si,t)

)]
.

This change in the publisher’s objective clearly changes critical aspects of our environ-

ment. The most important change is that the publisher no more sells each exposure t in

session i, but rather auctions off the entire session i. As such, the optimal auction in the

static case is no more optimal under the current objective. An important factor that helps us

simplify the dynamic problem is that only one piece is private to each advertiser in the entire

session: their click valuation xa. That is, advertisers’ click valuation will not change within

the session, and anything that changes their overall valuation of each impression (e.g., the

probability of click in different states) is common knowledge. Thus, we can treat this prob-

lem as a case of static auction where advertisers just submit only one bid and the publisher

decides how to allocate the exposures within the session, using a dynamic objective.

In line with the change in the publisher’s objective, we must re-define advertisers’ utility

function for the session as follows:

UM
i,a(ba;xa, Si) = E

[
∞∑
t=1

βt−1
(
wi,a,t(xa;Si,t)q

M
i,a,t(b;Si,t)− eMi,a,t(b;Si,t)

)]
, (5.10)

where the expectation is taken over bidding strategies and the mechanism, and Si denotes

the pre-session information.

Similar to the static case, without loss of generality, we only focus on dynamic direct

revelation mechanisms to find the optimal auction [97]. As such, for the dynamic case, we

re-write the requirements for a feasible direct revelation mechanism as follows:

1. Plausibility: This condition states that at each time period, the exposure is allocated
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to at most one ad, given that advertisers report their click valuations truthfully. That

is, we have
∑

a∈A qi,a,t(x;Si,t) ≤ 1 and qi,a,t(x;Si,t) ≥ 1 for all a ∈ A and for any t in

session i.

2. Individual Rationality (IR): Given truthful reporting of click valuations, the adver-

tiser’s expected utility over the session is non-negative, i.e., UM
i,a(xa;xa, Si) ≥ 0 for all

a ∈ Ai.

3. Incentive Compatibility (IC): No advertiser has incentive to deviate from bidding truth-

fully, given that everyone else reports their bid truthfully. Hence, we can write:

UM
i,a(xa;xa, Si) ≥ UM

i,a(x′a;xa, Si) (5.11)

where the expectation is taken over other advertisers’ click valuations and the mecha-

nism. This constraint guarantees that truth-telling is a Bayesian Nash Equilibrium for

all advertisers.

While this restriction to the direct revelation mechanisms reduces the set of auctions the

publisher considers, we still need some transformations in these constraints to be able to solve

for the optimal mechanism. Like the static case, we show the resulting envelope condition

from the IC constraint in the dynamic case as follows:

Lemma 3 If the mechanism M(q, e) is IC, we have:

UM
i,a(xa;xa, Si) = UM

i,a(x′a;x
′
a, Si)

+

∫ xa

x′a

Ex−a

[
∞∑
t=1

βt−1P (Yi,t | a, Si,t)qMi,a,t(ba, x−a;Si,t)

]
dba

(5.12)

Now, with the dynamic version of the envelope condition, we can show that the publisher’s

expected revenues under any IC mechanism can be written as follows:
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Lemma 4 If the mechanism M(q, e) is IC, the publisher’s expected revenue can be written

as follows:

Ex

[
∞∑
t=1

βt−1

(∑
a∈Ai

(
xa −

1− Fa(xa)
fa(xa)

)
P (Yi,t | a, Si,t)qMi,a,t(xa;Si,t)

)

−
∑
a∈Ai

UM
i,a(

¯
xa;

¯
xa, Si)

] (5.13)

Lemma 4 is the equivalent of Lemma 2 for the dynamic case. Now, if we optimize this new

objective subject to both Plausibility and Individual Rationality, we can find the optimal

auction. Further, an important finding of this lemma is that the publisher’s revenues cannot

exceed the first component in Equation (5.13). Thus, roughly speaking, if we find a dynamic

allocation policy that maximizes the first component and payments are such that the second

component is zero, the corresponding mechanism is optimal. More precisely, we can write

the following proposition on the optimal auction with dynamic objective as follows:

Proposition 5 The mechanism M(q, e) is optimal if q maximizes

Ex

[
∞∑
t=1

βt−1

(∑
a∈Ai

(
xa −

1− Fa(xa)
fa(xa)

)
P (Yi,t | a, Si,t)qMi,a,t(xa;Si,t)

)]
(5.14)

subject to q being plausible and Ex−a
[∑∞

t=1 β
t−1P (Yi,t | a, Si,t)qMi,a,t(xa, x−a;Si,t)

]
increasing

in xa, and the payment function e is

eMi,a(x;Si) =E

[
∞∑
t=1

βt−1
(
wi,a,t(xa;Si,t)q

M
i,a,t(x;Si,t)

)]

−
∫ xa

¯
xa

E

[
∞∑
t=1

βt−1P (Yi,t | a, Si,t)qMi,a,t(ba, x−a;Si,t)

]
dba,

(5.15)

where the expectation is taken over the stochasticity induced by the dynamic process and state

transitions, and not over other advertisers’ click valuations.

This proposition states that if an allocation mechanism that maximizes the first part of

Equation (5.13) and sets the payment to make the second part zero, this mechanism is

optimal if the allocation mechanism satisfies both plausibility and monotonicity conditions.

We explain the details of both allocation and payment components in next sections.
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Allocation Rule

We start by finding the optimal allocation rule. Again, we impose the assumption that the

distribution Fa is regular for each ad a, i.e., ca(xa) = xa − 1−Fa(xa)
fa(xa)

is increasing in xa. In

the static case, we show that under this assumption, the optimal ad at any time period is

simply the one that maximizes ca(xa)P (Yi,t | a, Si,t). In the dynamic case, however, we want

to design a dynamic allocation policy that maximizes the expected revenues for the entire

session.

An important result of Lemma 4 is that we can re-write the reward function that is

independent of payments. We present a generic definition of reward function with revenue-

maximizing objective as follows:

Rr
t (a;Si,t) =

(
xa −

1− Fa(xa)
fa(xa)

)
P (Yi,t | a, Si,t) (5.16)

Now, we can use the reward function in Equation (5.16) to write down the publisher’s

optimization problem and find the optimal allocation. The following lemma characterizes

the optimal allocation function:

Lemma 5 If the distribution Fa is regular for each ad a (i.e., ca(xa) = xa − 1−Fa(xa)
fa(xa)

is

increasing in xa), then the optimal allocation is the solution to the following Markov Decision

Process:

argmax
a
Rr
t (a;Si,t) + βEGi,t+1|Si,t,a

[
V r
t+1(Gi,t+1)

]
, (5.17)

where the value function is defined for each exposure number as follows:

V r
t+1(Si,t) = max

a
Rr
t (a;Si,t) + βEGi,t+1|Si,t,a

[
V r
t+1(Gi,t+1)

]
(5.18)

Depending on the context of our problem, we can use various approaches to design the

optimal dynamic allocation policy. Based on this dynamic policy, we can then easily define

the allocation function qi,a,t(x, Si,t). This lemma guarantees that under the assumption that

click valuations come from a regular distribution, the chosen q based on Equation (5.17) and

Equation (5.18) satisfies both plausibility and monotonicity constraints.
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Payments

The intuition behind the payment function in the dynamic case is the same as that in the

static case. Each advertiser pays the expected valuation they received from the session,

minus an informational rent which is determined by integration of their allocation over the

set of lower possible values. This payment function guarantees that the IR constraint is

satisfied and the second component in Equation (5.13) will be zero.

While the informational rent has an analytical solution in the static case as shown in

Equation (5.9), it is harder to derive it analytically in the dynamic case, since the alloca-

tion function contains more elaborate rules. The first component in Equation (5.15) is the

expected valuation advertiser a receives from the session, and the second component is the

informational rent. To calculate the amount of this rent, we basically need to move down

from the true click valuation and see how the number of impressions allocated to advertiser a

shrinks. Integrating over this function over the possible values will then give us the amount

of rent advertiser a is able to extract. Intuitively, it is the total leeway advertiser a has in

this optimal auction.

5.4 Empirical Strategy

In light of the theoretical results in Proposition 4 and 5, we can characterize the reward

function at any point for both static and dynamic cases as follows:

Rr
t (a;Si,t) =

(
xa −

1− Fa(xa)
fa(xa)

)
P (Yi,t | a, Si,t), (5.19)

where Si,t is the set of state variables in session i at exposure t. Since the reward specifi-

cation is the same at any point, we can present a unifying specification of the publisher’s

optimization in both static and dynamic cases as follows:

argmax
a
Rr
t (a;Si,t) + βESi,t+1|Si,t,a

[
V r
t+1(Si,t+1)

]
, (5.20)

where β = 0 when the objective is static and the value function is defined as the maximum

future rewards at a given state.
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Given the unified optimization problem in Equation (5.20), we need to know three key

elements to determine the outcomes: (1) distribution of click valuations, (2) match values or

click probabilities, and (3) distribution of transitions. The first two elements are required for

both static and dynamic objectives, whereas the distribution of transitions is only required

for the dynamic case. To conduct an empirical analysis of both static and dynamic optimal

auctions presented in §5.3, we need to obtain estimates for all three unknown elements in

Equation (5.20). Thus, we can identify three empirical tasks as follows:

Task 1: For any ad a in the data, we want to estimate the click valuations xa based on their

observed bidding behavior in the data, under the quasi-proportional auction.

Task 2: For any set of state variables observed in the data, we want to accurately estimate

the click probability for all ads if shown in that impression. That is:

ŷi,t(a;Si,t) = P (Yi,t | a, Si,t),∀a (5.21)

Task 3: For any set of state variables observed in the data, we want to accurately estimate

the leave probability for all ads if shown in that impression. That is:

l̂i,t(a;Si,t) = P (Li,t | a, Si,t), ∀a (5.22)

The empirical strategy for Tasks 2 and 3 is presented in [104] in great details. We use

the same approach for these tasks. We present our empirical strategy to estimate the click

valuations in this section.

5.4.1 Setting

The setting of this problem is the same as that of [104]. However, since we are interested

in estimation of click valuations, we present more details on the auction environment and

advertisers’ decisions in this section.

Auction Mechanism

For any exposure that is recognized, the ad-network runs an auction to serve an ad. Unlike the

common practice in this industry, the ad-network runs a quasi-proportional auction to select



197

the ad for each exposure. The most notable feature of this auction is in the probabilistic

allocation rule that is in contrast with the commonly used mechanisms such as first- or

second-price auctions.

1. Reserve Price: There is a reserve price b0 that advertisers’ bid must exceed to par-

ticipate in the auction.

2. Allocation Function: For any exposure i and any set of participating ads Ai with

bidding profile (b1, b2, . . . , b|Ai|), ad a has the following probability to win each exposure

t within session i:

qpi,a,t(b; z) =
baza∑
j∈Ai bjzj

, (5.23)

where za is ad a’s quality score which is a measure reflecting the profitability of ad a.

The rationale behind using such quality score adjustments is to run the auction based

on the expected revenue the ad-network can extract from the ad, rather than their

willingness to pay per click. For example, there may be an ad with a very high bid

but no chance of getting a click. So despite its high willingness to pay per click, the

ad-network cannot actually extract much from it as it will not get many clicks.

While quality scores can technically vary across auctions, the ad-network does not

update them regularly. They only take value zero when the ad is not available for the

auction due to budget exhaustion or targeting decisions. Likewise, bids do not change

across t, since advertisers cannot choose their bids per auction3. Further, changing

bids is unlikely as bids reflect advertisers’ structural parameters that are stable across

auctions.

3. Payment Scheme: The ad-network employs a cost-per-click (CPC henceforth) pay-

ment scheme wherein advertisers are only when charged when a user clicks on their

ad. The amount an ad is charged per click is determined by a next-price rule similar

3There are over 500 auctions run in a second and the information shared with advertisers is minimal
about them, disabling them from distinguishing auctions.



198

to that of Google’s sponsored search auctions. That is, ads are first ranked based on

their product of bid and quality score, and each ad pays the minimum amount that

guarantees their rank, if a click happens on their ad:

epi,a,t(b; z) = inf

{
b′ |

∑
j∈Ai,j 6=a

1(b′za ≤ bjzj) =
∑

j∈Ai,j 6=a

1(baza ≤ bjzj)

}
, (5.24)

where
∑

j∈Ai,j 6=a 1(baqa ≤ bjqj) indicates the rank of advertiser a, and the payment b′

is the minimum amount of bid that guarantees the same rank for ad a. For example,

if there are three bidders with bids 1, 2, and 3, and quality scores 0.1, 0.2, and 0.3, the

scores will be 0.1, 0.4, and 0.9. Now, if the second-ranked bidder gets a click, she will

pay the price that would have guaranteed her second rank. That is, she only needs to

pay 1×0.1
0.2

= 0.5, as it guarantees her score to be higher than the third-ranked bidder.

Since the item being sold is a click, advertisers’ bids reflect their willingness to pay per

click. Our goal is to use advertisers’ observed bid to estimate their click valuations.

Advertisers’ Decisions

Advertisers can make the following decisions:

• Bid: Advertisers can set their bid indicating how much they are willing to pay per click.

• Targeting: Advertisers can specify their targeting decisions on the following variables:

(1) app category, (2) province, (3) hour of the day, (4) smartphone brand, (5) connectivity

type, and (6) mobile service provider (MSP). As such, they can exclude some categories

from the variables listed above. It will guarantee that their ad will not be shown in the

excluded categories.

• Budget: Advertisers become unavailable if they do not have enough budget in their

account. They can refill their budget and make their campaigns available again.

• Design of the Banner: They can design a small banner for their ad.

While we mainly focus on their bidding behavior, it is important to take into account what

other decisions they can make. Further, it is important to notice what information they
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receive from the auction. Each advertiser has a profile in which she can track some key

performance metrics on an hourly basis such as the number of impressions, number of clicks,

and the total cost of clicks. As such, they do not have granular access to exposure-level

information and can only incorporate this information at an aggregate level.

5.4.2 Data

We use data from a leading in-app ad-network in a large Asian country for over a one week

time period from October 22 to 30 in 2015. The analysis sample is the same as the one in

[104]. However, for estimation of auction, we use all the impressions as it adds to the precision

of our estimates. The original data are at the impression-level, indicating the characteristics

of each impression, the ad shown, and the final clicking decision by the user. Please see §

3.2.1 in [104] for the description of impression-level data.

The data required for the estimation of auction are not readily available, but we can

construct that from the impression-level data. Auction information in the impression-level

data is limited to the winning ad and the potential CPC for that particular ad. However, for

estimation of auction, we need more information on each auction (impression) regarding the

losing ads as well their bids. We recover these two pieces of information using the following

approach:

• Set of Competing Ads: This task is equivalent to the task of identifying ads that could

have been shown in a session. Thus, we use the filtering strategy presented in §5.1.1 in

[104].

• Inferring Bid Amounts: Actual bids are not directly observed from the original data.

The amount reported in the data is the one presented in Equation (5.24). Since the CPC

is always lower than or equal to the actual bid, the maximum observed CPC can be the

best approximation for the actual bid. We can write:

ba ≈ sup
i

inf

{
b′ |

∑
j∈Ai,j 6=a

1(b′za ≤ baza) =
∑

j∈Ai,j 6=a

1(baza ≤ baza)

}
(5.25)
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Again, being in a data-rich environment with extensive variation in the next-price enor-

mously helps. One intuitive validation for this method would be the ending digits of

approximated bids as bidders are more likely to round up their bids. We find that this is

the case for most approximated bids.

Overall, it provides us with 547,626,756 impressions and 398 distinct ads competing to win

the impressions.

Summary Statistics

Here we present some summary statistics of the data. Overall, there are 398 ads participating

in the timeline of the study. Table 5.1 shows mean, standard deviation, minimum and

maximum of key ad-level variables. All these variables are defined by ads and reflect an

important aspect of advertiser’s decision, including bidding, targeting, and budget.

Variable Mean Std. Dev Min Max

Bid 411.13 208.25 300.00 2976.00

Avg. CPC 363.30 103.98 300.00 1375.84

Total Hours of Availability 48 70 1 217

No. of Impressions 1,379,411 5,402,346 7 66,228,977

No. of Clicks 12,619 55,208 0 656,680

Click-Through Rate 0.0109 0.0112 0.0000 0.1429

Total Expenditure 4,880,013 21,032,815 0 216,434,237

Table 5.1: Summary statistics of key ad-level variables

As shown in this table, there is substantial variation in ads participating in this auc-

tion, ranging from smaller ads with a very short lifetime and few clicks, to larger ads with

permanent availability and significant expenditure. Further, Table 5.1 presents number of

categories targeted out of all 86 targeting categories, indicating that most ads are not tar-

geting at all.
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Figure 5.2 shows the the empirical CDF of ads’ bids and their average CPC. The figure

on the left (Figure 5.2b) shows the distribution for all values of bids. As shown in this figure,

there is a reserve price 300 that censors the left side of the graph. With no reserve price,

there could have been bids lower than 300. This raises an important identification challenge

that we address in the estimation approach, especially because a substantial portion of ads

are reserve bidders.
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Figure 5.2: Empirical CDF of ads’ bids and average CPCs.

Figure 5.2b zooms into the bids for a shorter interval of amounts that capture over 90%

of all ads. While there are discontinuities in bids especially at round numbers, average CPCs

show a smoother pattern. Overall, both figures demonstrate a first-order stochastic domi-

nance relationship between the empirical CDF of average CPC and bids which emphasizes

the fact an ad’s CPC cannot exceed her bid.
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5.4.3 Estimation of Auction

We now present our approach to estimate the distribution of click valuations from the ob-

served auction data. We first develop advertisers’ utility model and provide and equilibrium

analysis. We then state the set of assumptions required for the identification of the distri-

bution of click valuations. Finally, we propose our estimation approach.

Advertisers’ Model

We begin by characterizing advertisers’ utility model in the context of our data. Given the

allocation and payment functions defined in §5.4.1, we know that advertiser a receives the

following utility from exposure t in session i:

1(Ai,t = a, Yi,t = 1)
(
xa − epi,a,t(b)

)
,

where the indicator function takes value one if ad a is selected through the allocation mech-

anism and got clicked in that impression. Here we explicitly assume that advertisers only

receive utility from clicks and there is no utility from an impression alone.4

[94] study this auction with the case of identity cost function, i.e., epi,a,t(b) = ba. They show

that advertisers’ optimal bidding strategy depends on their expected probability of winning.

While this expected probability varies across auctions in our case, we do not observe bid-

changing behavior. This is possibly because the effect of the expected probability of winning

on their bid is very small in a competitive market and it does not exceed the bid-changing

cost.5

The observation that advertisers do not change their bids informs us in modeling ad-

vertisers’ utility function. We can characterize the expected utility of advertiser a from

4We believe this assumption is valid in our context, because almost all ads are mobile apps whose objective
is more app installs. This assumption may be violated in the presence of brand ads whose objective is
more reach.

5Please notice that this is just a behavioral cost and the platform does not charge them for bid-changing.
As shown in [107], the marginal effect of the expected winning probability α is 1

1−α . Hence, in a market
with many homogeneous competitors, α has a very small effect on advertisers’ equilibrium bidding strategy.
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quasi-proportional auction p as follows:

upa(ba;xa) = ma (xaq̃
p
a(ba)− ẽpa(ba)) , (5.26)

where ma is the expected probability of click on ad a conditional on winning. Since we treat

this probability as independent to other parts of the expected utility, we separate that in

the specification. Further, functions q̃pa and ẽpa are advertiser a’s expected allocation and

payment functions. Before defining these two functions, we define an important distribution

that we use in our estimation. Let Ca denote the joint distribution of auctions that advertiser

a participates in. Each draw Ca from this distribution contains the information about the

distribution of bids and quality scores, the impression characteristics (session i and exposure

t), and the number of ads competing in that auction. Using this distribution, we can now

characterize the allocation function as follows:

q̃pa(ba) = ECa
[
qpi,a,t(ba, b

Ca
−a)
]
, (5.27)

where the expectation is taken over all the configurations Ca. This function essentially

returns the expected probability of winning by advertiser a in a random impression. Similarly,

we can define the payment function as follows:

ẽpa(ba) = ECa
[
1 (Ai,t = a;Ca) e

p
i,a,t

(
ba, b

Ca
−a; za, z

Ca
−a
)]

(5.28)

The term 1 (Ai,t = a;Ca) in Equation (5.28) shows whether ad a wins the impressions and

the second term basically computes the cost-per-click using Equation (5.24). Now, using the

utility specification in Equation (5.26), we can write the first-order condition as follows:

xa =
∂ẽpa(ba)

∂ba

(
∂q̃pa(ba)

∂ba

)−1

(5.29)

This equation lays out our estimation approach, as we need to empirically estimate both q̃

and ẽ using the data at hand. In the next section, we discuss the assumptions required for

identification and overall identification strategy.
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Assumptions and Identification

We make a series of assumptions required for our estimation task. Some of these are com-

monly used in the context of auction estimation, whereas some other assumptions are more

specific to the context of quasi-proportional auction in our data. While the former is neces-

sary for identification, we impose the latter mostly for the ease of estimation. For robustness

check, we relax those specific assumptions and show the results will not change.

Our first assumption characterizes how advertisers make decisions regarding their own

bidding strategy:

Assumption 2 [Profit-Maximizing Advertisers] Advertisers are profit-maximizing, that

is, they choose the bid that maximizes their profit.

In light of Assumption 2, we can treat observed bids in the data as equilibrium bids

and use Lemma 6 to estimate click valuations. As shown in Equation (5.26), advertisers

choose their optimal bids given their own private click valuations and their belief about

other advertisers. The following assumption characterizes other advertisers’ private click

valuations:

Assumption 3 [Independent Private Values (IPV)] Advertisers’ private click valua-

tions are drawn independently from a distribution F (·) with a continuous density.

The assumption of Independent Private Values (IPV) is an assumption used in most

auction settings [53, 6]. This assumption hints a straightforward approach to estimate both

q̃ and ẽ in Equation (5.26), by simulating the distribution of Ca for each ad.

Now, we make assumptions more specific to the case of quasi-proportional auctions. Some

of these assumptions are necessary to use the first-order condition in Lemma 6. However,

we impose some of these assumptions to provide an analytically simpler solution. We start

with the following assumption:

Assumption 4 [Zero Impression Value] Advertisers’ valuation from an unclicked im-

pression is zero.
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This assumption is widely used in both theoretical and empirical literature on cost-per-

click auctions [30, 131, 7]. In our case, we believe the value from impressions is negligible as

most ads are mobile apps whose objective is to get more app installs and can be considered as

performance ads. In the next assumption, we make an assumption about the role of budget

in advertisers bidding behavior:

Assumption 5 [Budget Independent Bidding] Advertisers’ bidding behavior is inde-

pendent of their budget.

In principle the equilibrium bidding behavior may change for budget-constrained adver-

tisers [16, 5]. We make this assumption in our case for two reasons. First, we observe quite a

few advertisers who have run out of budget during our study and refilled it later. However,

there is no difference in their bidding behavior. The second reason is more empirical, as we

do not observe the exact budget in our data. As such, we need to approximate this budget

which can be quite noisy.

The assumptions so far are enough to establish the identification of the distribution of

click valuations for bidders who bid above the reserve price. However, we make two additional

assumption that helps us derive a simpler analytical solution for this auction.

Assumption 6 [Separability of Allocation] We can separate the allocation function

from the payment function as follows:

ẽpa(ba) = q̃pa(ba)ECa
[
epi,a,t

(
ba, b

Ca
−a; za, z

Ca
−a
)]

Assumption 7 [Proportional Functional Form of Allocation] We can write the func-

tional form for the function q̃ as follows:

q̃pa(ba) =
baza

baza + ζa
, (5.30)

where ζa captures the overall competition ad a faces.6

6It is worth mentioning that the functional form of the expected probability of winning is not necessarily
quasi-proportional, but it is well-approximated by a quasi-proportional functional form.
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These assumptions allow us to simplify the first-order condition presented in Equation (5.29).

However, it is worth noting that we can actually relax both assumptions and neither of them

is crucial for identification.

For brevity, let εpa(ba) = ECa
[
epi,a,t

(
ba, b

Ca
−a; za, z

Ca
−a
)]

. It is easy to show that the function

εpa is monotonic for each advertiser a. However, we need to make the following assumption

about this function:

Assumption 8 [Twice Differentiability of Payment] The expenditure function εpa is

twice differentiable in ba.

Now, we can use all these assumptions and show the following lemma which is the key idea

behind our identification:

Lemma 6 If advertiser a’s equilibrium bid is greater than the reserve price (ba > b0) and

the function b2 ∂ε
p
a(b)
∂b

is increasing in the local neighbourhood around ba, her click valuation

xa can be written in terms of equilibrium bids as follows:

xa = εpa(ba) +
ba

∂εpa(b)
∂b
|b=ba

1− q̃a(ba)
(5.31)

Lemma 6 shows the first-order condition for the case where the advertiser’s equilibrium bid

is greater than the reserve price. We need b2 ∂ε
p
a(b)
∂b

to be increasing at ba to satisfy the second-

order condition. Intuitively, if the function e is too concave, this assumption may not hold.

However, it is a testable assumption as we can empirically test it for all the bidders.

Now, we focus on the advertisers whose bid is equal to the reserve price. For these

advertisers, we cannot use the inverse bidding equation in Equation (5.31), as their optimal

bid could have been lower than the reserve price, if they had been allowed to bid lower.

Instead of the first-order condition, we have other conditions for reserve price bidders. First,

we know that their participation constraint is satisfied, i.e., xa ≥ b0. Second, we know that

their first-derivative at b0 is lower than or equal to zero, as the utility must be decreasing at

the truncation point. Together, we can write the following lemma to characterize the link

between the click valuation and reserve bidding behavior:
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Lemma 7 If advertiser a’s equilibrium bid is equal the reserve price (ba = b0), we can obtain

lower and upper bounds for her click valuation xa as follows:

b0 ≤ xa ≤ εpa(b0) +
b0
∂εpa(b)
∂b
|b=b0

1− q̃a(b0)
(5.32)

In light of Lemma 5.32, we cannot point-identify click valuations for the reserve bidders.

However, we can use lower and upper bounds in Equation (5.32). To complete our identifi-

cation for the distribution of valuations for all participating advertisers, we need one more

assumption on the click valuations of the reserve bidders:

Assumption 9 [Uniformity of Reserve Bidders’ Valuations] The click valuation xa

for any reserve price bidder is drawn from a uniform distribution with the following bounds:

xa ∼ U

(
b0, ε

p
a(b0) +

b0
∂εpa(b)
∂b
|b=b0

1− q̃a(b0)

)
(5.33)

With this assumption, we can now state our identification proposition:

Proposition 6 If all Assumptions 2 to 9 hold, then the distribution of advertisers’ private

click valuations are non-parametrically identified.

The proof for this part is similar to the identification proof for most auction models with

independent private values [53, 6]. We can directly observe all the elements in Lemma 6 and

7. Thus, we can estimate advertisers’ click valuations and form the distribution F .

Estimation Method

Our estimation approach relies on the findings in §5.4.3. We first estimate the joint dis-

tribution of configurations Ca for all ads. This involves the estimation of quality scores,

distribution of observed bids, and observed impressions. We then use this distribution to

form both allocation and payment functions, which in turn, allows us to estimate the distri-

bution of click valuations.
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Before describing the estimation procedure, we need to define a time period η at which

advertisers update their bids. While advertisers do not change their bid in our data, we set

this time period for two main reasons. First, advertisers can technically change their bids if

they want. Therefore, it is more reasonable to assume that they revise their decision every

once in a while. Second, from an empirical point-of-view, it allows us to capture the variance

in the set of advertisers competing. Thus, following the arguments in [106], we set an hourly

time period such that each η distinguish a different hour-day combination. The denote the

last time period by L.

We provide a step-by-step procedure for our estimation as follows:

• Step 1: We estimate all the quality scores za,η for all ads and time periods. We use

the proportional nature of the allocation to identify quality scores. If ads a and a′ both

participate in the auction for exposure t in session i, the denominator of their winning

probability is the same. Thus, the odds ratio of these two ads can be written as follows:

Pr(Ai,t = a)

Pr(Ai,t = a′)
=

baza
ba′za′

Since we observe their bids, we can easily estimate the ratio za
za′

by calculating the number

of impressions awarded to each ad over the set of auctions where they both have partic-

ipated. Let Iηa,a′ denote the set of impressions wherein both ads a and a′ participate in

time period η. We can write:

ẑa,η
ẑa′,η

=
ba′
∑

(i,t)∈Iη
a,a′
1(Ai,t = a)

ba
∑

(i,t)∈Iη
a,a′
1(Ai,t = a′)

(5.34)

As such, we can estimate all the ratios. For ad a∗ that has participated in all the

impressions, we set ẑa∗,η = 1 for all time periods. This allows us to estimate all quality

scores ẑa,η.

• Step 2: We empirically estimate the joint distribution Ca,η for all ads in all time periods.

This distribution contains the information about all the impressions that ad a has par-

ticipated in, number of bidders in corresponding impressions, and the joint distribution

of bids and quality scores. We call the estimated distribution Ĉa,η.



209

• Step 3: Given all estimated configurations Ĉa,η, we can estimate the allocation proba-

bility for all ads over all time periods as follows:

q̂a,η(ba) =
1

Na

Na∑
(i,t)∼Ĉa,η

1(Ai,t = a), (5.35)

where Na is the number of draws we get from the distribution Ĉa,η. It is worth noting that

we do not need to fully estimate the allocation function as the relationship in Equation

(5.29) only depends on the final allocation probability given the observed bid.

• Step 4: Again, we use the distribution estimate configurations Ĉa,η to estimate our cost-

per-click function ε̂a,η(b). For any value b, we can estimate the cost-per-click function as

follows:

ε̂a,η(b) =
1

Na

Na∑
(i,t)∼Ĉa,η

inf

{
b′ |

∑
j∈Ai,j 6=a

1(b′za ≤ bjzj)− 1(bza ≤ bjzj) = 0

}
(5.36)

This gives us the estimate for the cost-per-click function. We can then take the numerical

derivatives of ε̂a,η(b) and estimate ε̂′a,η(b) for all values of b.

• Step 5: Using the estimates for the allocation and cost-per-click functions, we can now

identify click valuations xa,η for any combination of a and η as follows:

x̂a,η =

ε̂a,η(ba) + baε̂′a,η(ba)

1−q̂a,η(ba)
ba > b0

x0 ∼ U
(
b0, ε̂a,η(ba) + baε̂′a,η(ba)

1−q̂a,η(ba)

)
ba = b0

(5.37)

We also obtain single estimates for each xa without using the time periods. The procedure

is the same as what described above. We only need to use Ĉa instead of this distribution

for all time periods. We then use these estimates throughout for click valuations in our

analysis.

• Step 6: Finally, we use the estimates in Equation (5.37) to form the distribution of click
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valuations. We can write:

F̂ (x) =
1

L

L∑
η=1

1

|Aη|
∑
a∈Aη

1(xa,η ≤ x) (5.38)

f̂(x) =
1

L

L∑
η=1

1

|Aη|
∑
a∈Aη

1

h
K
(
x− x̂a,η

h

)
, (5.39)

where K is the kernel function. In this case, we use Epanechnikov kernel, i.e., K(u) =

3
4
(1− u2)1(|u| ≤ 1).

5.4.4 Results

We now present our results on the estimation of click valuations. We first show the main find-

ings on the distribution of click valuations. Next, we discuss the validity of our assumption

that the distribution of click valuations is regular.

Estimated Distribution of Click Valuations

We first show the estimated distribution of click valuations for top ads. We only focus on the

top ads, as it is the set of ads that we use for the counterfactual evaluation of the optimal

auctions. However, we can technically recover the distribution for any set of ads. Figure 5.3

show the empirical CDF and estimated density of the distribution. As shown in Figure 5.3a,

the range between 700 to 1000 constitutes the vast majority of click valuations. Over 80%

of click valuations lie in this range.

Figure 5.3b shows the estimated density for the distribution of click valuations. We use

Epanechnikov kernel with bandwidth size of 75. The shape of density is similar to a bell

curve with a low variance. The mean and standard deviation for this distribution are 854.91

and 164.73 respectively.

On the Regularity of the Distribution of Click Valuations

Now, we use the results shown in Figure 5.3 and check whether the estimated distribution is

regular. As described in Assumption 1, the estimated distribution F̂ is regular if x− 1−F̂ (x)

f̂(x)
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Figure 5.3: Estimated distribution of click valuations for top 15 ads.

is strictly increasing in x. Using our estimates for F̂ and f̂ , we plot the virtual valuations in

Figure 5.4. As demonstrated in this figure, virtual values are monotonic in click valuations.

5.5 Counterfactual Evaluation of Optimal Auctions

In this section, we take our theoretical models in §5.3.2 and §5.3.3 to the data and present

our approach to evaluate the counterfactual outcomes under optimal auctions. In both cases,

we need to use the reward function that is presented Equation (5.16) in a generic way. More

specific to our context, we can write it as follows:

Rr
t (a;Si,t) =

(
xa −

1− Fa(xa)
fa(xa)

)
P (Yi,t | a, Si,t), (5.40)

Now, we want to estimate the reward function in this case, given our data. We use estimates

for both click probability at any state (i.e., P (Yi,t | a, Si,t)) as well as click valuations xa for all

ads from [104]. We also impose symmetry assumption on the distribution of click valuations

and estimate F̂ and f̂ , based on the estimated click valuations. Given these estimates, we
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can now estimate the reward function in Equation (5.41) and re-write it as follows:

R̂r
t (a;Si,t) =

(
x̂a −

1− F̂ (x̂a)

f̂(x̂a)

)
ŷi,t(a;Si,t) (5.41)

We use our estimates for the reward function in this case to obtain optimal auctions in both

static and dynamic cases and then present our how we evaluate the resulting auctions.

5.5.1 Solution Concept for the Optimal Static Auction

We start with the simpler case where the publisher’s objective is static. In §5.3.2, we show

how we can derive the optimal mechanism Mm(qm, em). More specifically, we show that

when F̂ is symmetric, the optimal auction will be a second-price auction with an optimal

reserve price. We can estimate the reserve price ê0 as follows:

ê0 = ĉ−1(0),
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where ĉ(x) = 1−F̂ (x)

f̂(x)
and we can find ê0 by solving for ê0 = 1−F̂ (ê0)

f̂(ê0)
. Using this reserve price,

we can then derive the optimal allocation qm as follows:

qmi,a,t(x̂;Si,t) =

1 R̂r
t (a;Si,t) > maxa′∈Ai\a

(
R̂r
t (a
′;Si,t), ê0

)
0 otherwise

(5.42)

This allocation rule indicates that the highest reward ad (which is the ad with the high-

est expected valuation) will win the impression.7 As specified in §5.3.2, the payments are

determined as follows:

emi,a,t(x̂;Si,t) =

maxa′∈Ai\a

(
R̂r
t (a
′;Si,t), ê0

)
qmi,a,t(x | Si,t) = 1

0 otherwise

(5.43)

We can now use both Equation (5.42) and Equation (5.43) to find the optimal mechanism

and apply it to each session.8

5.5.2 Solution Concept for the Optimal Dynamic Auction

Now, we focus on the optimal auction with dynamic objective and show how we can use

our estimates and determine the optimal mechanism Md(qd, ed). As shown in §5.3.3, we can

find the optimal allocation by solving a Markov Decision Process that incorporates expected

future rewards as well as the current period reward. Like [104], we consider a finite case with

and solve for the optimal allocation using backward induction. For notational convenience,

7It is worth noting that in a case where there are multiple highest reward ads, we randomly allocate the
item to one of the highest reward ads. However, since this a very rare event in an empirical setting, for
brevity, we exclude that from Equation (5.42).

8It is important to notice that we can recover the distribution of click valuations specific to each session.
For simplicity, we focus on the case one global distribution for all sessions. As a robustness check, we also
consider the case where distributions are session-specific.
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we first define the function Ṽ r
t (a, Si,t) for a pair of action and state as follows:

Ṽ r
t (a, Si,t) =

(
x̂a −

1− F̂ (x̂a)

f̂(x̂a)

)
ŷi,t(a;Si,t)

+
(

1− l̂i,t(a;Si,t)
)
ŷi,t(a;Si,t)V

r
t+1 (〈Si,t, a, Yi,t = 1〉)

+
(

1− l̂i,t(a;Si,t)
)

(1− ŷi,t(a;Si,t))V
r
t+1 (〈Si,t, a, Yi,t = 0〉) ,

(5.44)

where ŷi,t(a;Si,t) and l̂i,t(a;Si,t) are estimated leave and click probabilities respectively. We

can use Equation (5.44) and describe our backward induction solution concept as follows:

1. We begin from the last period T . Since there is no expected future at that point, the

value function can be estimated as follows:

V̂ c
T (Si,T ) = max

a∈Ai
R̂r
t (a, Si,t) (5.45)

2. For any t < T , we can determine the value function as follows:

V̂ c
t (Si,t) = max

a∈Ai
Ṽ r
t (a, Si,T ) (5.46)

We can easily estimate the value function for any t < T if we have all the value

functions for the next periods. We can satisfy that by going backward and find the

value function for all states at any t and continue this process until exposure number

1.

Once we have identified the value function for all the states, we can find the optimal allocation

with dynamic objective as follows:

qdi,a,t(x̂;Si,t) =


1 a = argmaxa∈Ai Ṽ

r
t (a, Si,t), t < T

1 a = argmaxa∈Ai R̂
r
t (a, Si,t), t = T

0 otherwise

(5.47)

Now, given the allocation, we can determine the payments using Equation (5.15). It is

important to notice that the payment is determined in expectation over the entire session
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for each ad. For any ad a, the first component in Equation (5.15) is the average value ad

a would get given the allocation, and the second component is the integral of the expected

value ad a would get if she reduces her bid, taken over all possible bids that she could submit.

The first component is easier to calculate as it is an expected sum of the total value each ad

receives given each sequence. The second part, however, is more computationally intensive as

it involves a numerical integration. To do that, we first need to estimate the function inside

the integral. Let Q̂i,a(ba;Si,1) denote the expectation inside the integral in Equation (5.15).

This will be the expected number of clicks ad a would get for any bid, given other players

report their click valuations. We interpolate this function by finding its values for a set of

points on the interval [
¯
xa, xa]. Since the maximum number of expected number of clicks an

ad could get is 6 when T = 6, we split this interval into 6 equally length intervals and find the

function values for the points splitting the interval. We operationalize that with ha =
x̂a−ˆ

¯
xa

T
,

that indicates the length of each interval for ad a. As such, if ba ∈ (ˆ
¯
xa + (i− 1)ha, ˆ

¯
xa + iha],

we can estimate this function as follows:

Q̂i,a(ba, x̂−a;Si,1) =
T∑
t=1

∑
gt∈GT

qdi,a,t(x̂a + iha, x̂−a;Si,t)P (gt | τ, π), (5.48)

where gt contains the states and ads prior to period t. In Equation (5.48), we approximate the

function E
[∑∞

t=1 β
t−1P (Yi,t | a, Si,t)qMi,a,t(ba, x−a;Si,t)

]
with a step function, which makes the

integral computation significantly easier. Now, we can determine the payments as follows:

edi,a(x;Si,1) =
T∑
t=1

∑
gt∈GT

x̂aŷi,t(a;Si,t)q
d
i,a,t(x;Si,t)P (gt | τ, π)

− ha
T∑
t=1

Q̂i,a(x̂a + tha, x̂−a;Si,1),

(5.49)

where the first component is the total value ad a receives from the session given the allocation,

and the second component is the estimate of advertiser’s surplus.
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5.5.3 Evaluation

To evaluate the performance of each auction, we implement the direct method with the

reward function with the revenue-maximizing objective. As such, we can define the expected

revenue from session i with the horizon length T as ρrT (M ;Si,1) for any mechanism M as

follows:

ρT (M ;Si,1) = Egt∼(τ,M)

[
T∑
t=1

βt−1rrt

]
, (5.50)

where the sequence gt is determined by the joint distribution of transitions τ , and the al-

location rule in mechanism M . Further, rrt denotes the reward function with the revenue-

maximizing objective for the pair of state and action shown in the corresponding gt. We

can use our estimates for the distribution of transitions and evaluate ρT (M ;Si,1) for any

mechanism M as follows:

ρ̂T (M ;Si,1) =
T∑
t=1

∑
gt∈GT

∑
a∈Ai

qMi,a,t(x̂;Si,t)R̂
r
t (a;Si,t)P (gt | τ,M) (5.51)

This gives us the expected revenue that the publisher can extract from session i in the first

T periods, when using the mechanism M .

5.6 Results

5.6.1 Gains from the Optimal Dynamic Auction

We start by presenting different session-level outcomes under both dynamic and static opti-

mal auctions as well as the actual outcomes under the current auction – quasi-proportional

auction. We evaluate the counterfactual outcomes under optimal auctions using our ap-

proach in §5.5. The sample of sessions that we use is the same as the one in [104]. In our

evaluation, we only focus on the first six exposures in any session, as we set T = 6 as the

length of the horizon. We present our results in Table 5.2.

As expected, both optimal auctions generate substantial gains over the current auction

in terms of all session-level outcomes, except the expected advertisers’ surplus. Three key

components of the current auction explain its performance relative to the optimal auctions.
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First, as discussed before, advertisers bid roughly half of their click valuation in this auc-

tion, lowering the revenues the publisher is able to extract. This, in turn, explains higher

advertisers’ surplus in the current auction as advertisers can extract huge informational rent

by bidding half of their valuations. Second, the allocation mechanism is probabilistic in

the current auction, which enables advertisers with low valuations to win impressions and

clicks. This significantly reduces the efficiency or total surplus generated in the current auc-

tion compared to optimal auctions. Finally, as mentioned before, the ad-network does not

incorporate sophisticated customization tools to show more relevant ads to users. This also

greatly contributes to the gap between the current auction and other optimal auctions.

Auctions

Dynamic Static Current

Expected Publisher’s Revenue Per Session 126.49 124.49 31.63

Expected Total Surplus Per Session 143.45 140.96 66.60

Expected Advertisers’ Surplus Per Session 16.96 16.47 34.97

Expected No. of Clicks Per Session 0.1577 0.1549 0.0823

Expected Session Length 3.24 3.25 3.12

Expected CTR 4.86% 4.76% 2.64%

No. of Users 1000 1000 1000

No. of Sessions 12,136 12,136 12,136

Table 5.2: Market outcomes under different auctions for a sequence size of 6

Next, we focus on our main goal in this chapter, and compare the session-level outcomes

under dynamic and static optimal auctions. We find that using an optimal dynamic auction

leads to 1.60% increase in the expected revenue per session, compared to the optimal static

auction. This is of particular importance to the publishers and ad-networks as they usually
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use optimal static auctions (e.g., second-price auction).

While revenue is the main outcome most publishers and ad-networks care about, they

do not usually want to achieve better revenue outcomes at the expense of efficiency and

advertisers’ surplus. Our results show that the optimal dynamic auction yields higher total

and advertisers’ surplus than the optimal static auction: the expected total surplus and ad-

vertisers’ surplus grow by 1.77% and 3.00% respectively. Thus, advertisers also benefit from

the revenue-optimal dynamic auction, as compared to the revenue-optimal static auction.

Finally, we focus on the user-level outcomes – expected number of clicks per session and

the session length. While the difference in the session length is very small, we find 1.83%

increase in the expected number of clicks. This finding is in line with the findings in [104].

More importantly, it suggest that the revenue gains from the optimal dynamic auction likely

come from the improvement in the match between ads and users, and not from the greater

ability to extract informational rent from advertisers.

5.6.2 Distribution of Advertisers’ Surplus

Our results in Table 5.2 indicate that the average advertisers’ surplus increases by 3.00% in

the optimal dynamic auction, as compared to the optimal static auction. We now explore how

this surplus is distributed across advertisers. We use two main approaches to examine the

distribution of advertisers’ surplus: (1) number of advertisers who benefit from the optimal

dynamic auction compared to the optimal static auction, and (2) the Herfindahl-Hirschman

Index (HHI) which is a well-known measure to study market concentration.

We first focus on the distribution of advertisers’ surplus under both auctions. We com-

pute the log of each advertiser’s surplus over all 12,136 sessions and present it in Figure 5.5.

Interestingly, we find that only 3 out of 15 advertisers benefit from the optimal dynamic

auction compared to the one with the optimal static auction. In contrast, 9 out of 15 adver-

tisers prefer the optimal static auction. However, it is worth noting that these advertisers

have a very small surplus in both cases and their gains are small in magnitude. Therefore,

the average advertisers’ surplus is higher under the optimal dynamic auction.
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Figure 5.5: Log advertiser surplus under auctions with both dynamic and static objectives.

The values are computed over all 12,136 session.

Next, we focus on the concentration of advertiser surplus in the market and calculate

the Herfindahl-Hirschman Index (HHI) under both auctions. While more advertisers prefer

the optimal static auction, the concentration in the optimal dynamic auction is lower: the

Herfindahl-Hirschman Index (HHI) for the optimal dynamic auction is 0.5285, whereas it is

0.5398 for the optimal static auction. Although both auctions seem quite concentrated as

they both allocate most impressions to one ad, optimal dynamic auction achieves a lower

concentration by allocating more to the second-largest ad, thereby closing the gap between

the two largest advertisers.
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5.7 Conclusion

Mobile in-app advertising has grown exponentially over the last years. One important rea-

son contributing to this growth is the publishers’ ability to make adaptive interventions –

using the time-varying information about the users within the session to personalize ad in-

terventions for these users. [104] focuses on the match between ads and users as the main

outcome of interest and shows that dynamic sequencing of ads improves the match outcome

per session, compared static sequencing of ads. While dynamic sequencing of ads leads to im-

provements in the match outcome, it is not clear whether it can be linked to higher revenues,

as advertisers can change their bids in response to the change in the allocation. In this chap-

ter, we investigate the revenue gains from adopting a dynamic sequencing framework in a

competitive environment, as opposed to a static sequencing framework. We propose a unified

framework that contains two key components: (1) a theoretical framework that solves for the

revenue-optimal auction with the dynamic objective, and (2) an empirical framework that

estimates the counterfactual market outcomes under this auction. Our empirical framework

comprises of structural estimation of advertisers’ private valuations as well as personalized

estimation of the click outcome given any pair of user-ad using machine learning methods.

We apply our framework to large-scale data from the leading in-app ad-network of an Asian

country. We demonstrate that adopting a dynamic sequencing framework increases the ex-

pected revenue by 1.60% compared to the static sequencing framework. We then show that

the improved match outcome is the key factor in achieving these gains. Further, we explore

other outcomes such as the total surplus (efficiency) and advertisers’ surplus and document

gains from the dynamic framework over the static framework. Thus, our optimal dynamic

auction leads to improvement in all primary market outcomes.

This chapter makes three key contributions to the literature. First, from a methodological

standpoint, we present a unified dynamic framework that incorporates both advertisers’ and

users’ behavior and examines the market outcomes under the optimal dynamic auction. To

our knowledge, this is the first work to empirically study the revenue gains from adopting
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an optimal dynamic auction. Second, we propose a methodological framework for structural

estimation of quasi-proportional auction. Our framework adds to the literature on the non-

parametric estimation of auctions and can easily be extended to any auction that employs

a randomized allocation rule. Finally, from a substantive viewpoint, we show that dynamic

sequencing of ads can lead to considerable gains in the publisher’s revenue, over the existing

auctions. This is particularly important, because the current practice in marketing ignores

the gains from using a dynamic framework.

Our findings in this chapter have several implications for marketing practitioners. First,

we propose a framework that helps publishers evaluate market outcomes under counterfactual

auctions. Second, our substantive finding shows that adopting an optimal dynamic auction

results in considerable gains in terms of three key market outcomes – revenue, total surplus,

and advertisers’ surplus. Thus, we expect this finding to inform the publishers’ decision as to

whether use an optimal dynamic auction. Further, we highlight that adaptive interventions

require more careful consideration of players’ incentives, when there are strategic players

whose actions can affect market outcomes. Thus, our framework has implications for the

practitioners and policy makers that increasingly use adaptive interventions in the presence

of strategic players.

Nevertheless, there remains some limitations in our study that serve as excellent avenues

for future research. First, our optimal dynamic auction involves a bit complex allocation

and payment rules. As a result, it may be possible that advertisers will not behave in

the expected way. Finding auctions with easier rules that achieve approximately the same

outcomes would be an interesting avenue for future study. Second, our structural estimation

framework assumes that advertisers are risk-neutral and aware of how their bid affects their

probability of winning. However, advertisers’ behavior would be different if they are risk-

averse. Future research can study risk aversion in probabilistic auctions and empirically

identify the risk elements in advertisers’ utility function. Finally, while this chapter provides

counterfactual estimates optimal auctions, we do not run these auctions in the field. An

interesting future research is to test these auction in a field setting and examine market
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outcomes.
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Appendix A

APPENDIX FOR CHAPTER 2

A.1 Propensity Scores and Unconfoundedness Assumption

Our empirical strategy relies on randomization in the allocation of ads, which gives us the

unconfoundedness assumption and allows us to perform targeting counterfactuals. As out-

lined in Chapter 2, one diagnostic test for unconfoundedness assumption is to assess covariate

balance. For this, we first need to estimate propensity scores, and then examine whether

adjusting for these propensity scores achieves covariate balance. We do the former in §A.1.1

and the latter in §A.1.2.

A.1.1 Estimation of Propensity Scores

We now propose our approach to estimate propensity scores. First, recall the allocation rule

presented in Equation (3.1):

πia =
baqa∑
j∈Ai bjqj

Our goal is to estimate πia for all top 37 ads in each impression i. In our filtering procedure,

we identify ads with zero propensity of being shown and filter them out of the competition.

However, our filtering procedure does not estimate the magnitude of the propensity score

for ads with non-zero propensity scores. We therefore discuss our procedure to estimate

propensity scores below.

The outcome and covariates for our propensity score model are listed below:

1. Outcome: The main outcome of interest is the ad shown. This is a categorical variable

that has 38 classes, i.e., ai ∈ A = {a(1), a(2), . . . , a(37), a(s)}, where a(1), a(2), . . . , a(37)

refer to the identities of the top 37 ads, and all the smaller ads are grouped into one
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category denoted by a(s).

2. Covariates : The set of covariates that we control for are:

• Filtering indicators for each ad ei,a. This controls for whether the ad a is in Ai.

• All the targeting variables, including province, app category, hour of the day, smart-

phone brand, connectivity type, and MSP.

• Exact location (latitude and longitude), to control for any geographical targeting

beyond province-level targeting.

• Minute-level time of the day, to control for any shocks or changes in the quality

scores and bids in the system. Note that we do not expect bids or quality scores

to change within the observation window. Nevertheless, this control simply ensures

that there are no biases even if they did due to system bugs etc.

We use a multi-class XGBoost model to regress our outcome of interest on the set of co-

variates. We use multi-class logarithmic loss as the evaluation metric, which is defined as

follows:

Lmlog loss(π̂, a) = − 1

N

N∑
i=1

∑
j∈A

1(ai = a(j)) log(π̂i,j), (A.1)

where the summation over j refers to all the outcome classes that we have. Using a softmax

objective, we can then estimate the propensity scores. Figure A.1 shows the distribution of

propensity scores for top eight ads, using box plots. As shown in this figure, the average

propensity of winning for each ad is below 0.25. Further, there is no disproportionately high

propensity of winning: the highest is slightly above 0.50. We also notice that Ad 5 has higher

median propensity score than Ad 2, even though the total number of impressions is higher

for Ad 2. This is because Ad 5 is targeting more narrowly, and is not available for all the

impressions.
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Figure A.1: Distribution of propensity scores for top 8 ads

A.1.2 Assessing Covariate Balance Using Inverse Probability Weighting

Now, we use our estimated propensity scores to assess covariate balance across different ads.

We begin by describing the balance for a simple case in which we have a fully randomized

experiment with one treatment and one control group. We then extend the same notion to

the case where we want to assess balance using propensity scores across multiple treatment

arms.

Covariate Balance in a Fully Randomized Experiment with a Binary Treatment

To assess the covariate balance in a fully randomized experiment with two treatment arms,

we simply need to show that the distribution of covariate Z is the same across treated and
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control samples. As such, we rely on standardized bias, which is the absolute mean difference

in covariate Z across the treatment and control groups, divided by the standard deviation

of the Z in the pooled sample:

SB(Z) =
|Z̄treated − Z̄control|

σZ
, (A.2)

where Z̄treated and Z̄control are the mean value of covariate Z for the treated and control

groups, and σZ is the standard deviation of Z for the pooled sample.

Clearly, the lower the standardized bias is, we have greater balance in covariate Z across

treatment and control groups. In practice, different cutoffs are considered acceptable by the

researchers. A common cutoff is 0.20 – that is, a standardized bias greater than 0.20 is taken

as evidence for imbalance [92]. In this work, we follow this norm and set our cutoff to be

0.20.

Covariate Balance Using Inverse Propensity Weights for Multiple Treatments

Our empirical setting is more complicated than a fully randomized experiment with a binary

treatment because of two reasons: (1) ad assignment is not fully exogenous, but a function of

observed covariates, so covariate balance may not be satisfied for the unweighted distribution

of covariates, and (2) unlike a binary treatment, we have multiple treatment arms (ads), so

the balance is not simply the difference between two groups. To address the first issue,

we need to use our estimated propensity scores to weight our original sample such that an

observation with a lower propensity score gets a larger weight to represent what the sample

would have been if the platform had run a fully randomized experiment. For the second

issue, we follow the approach in [92] and compare the weighted mean of covariate Z when

assigned to ad with the population mean of that covariate and check for the balance by

measuring the standardized bias. In principle, if weights are accurate, the weighted mean

of covariate Z when assigned to ad a must be the same as the population mean. As such,

we define the weight-adjusted standardized bias for covariate Z when assigned to ad a as
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follows:

SBπ̂
a(Z) =

|Z̄ π̂
a − Z̄|
σZ

, (A.3)

where superscript π̂ indicates the propensity score estimates used to weight the samples, and

Z̄ π̂
a is defined as follows:

Z̄ π̂
a =

∑N
i=1

1(ai=a)
π̂ia

Zi∑N
i=1

1(ai=a)
π̂ia

, (A.4)

where Zi is the value of covariate Z in impression i, the term 1(ai = a) indicates whether

ad a is actually shown in that impression, and the weights are simply the inverse propensity

scores.

We can then calculate the weight-adjusted standardized bias measure for each ad a and

define the standardized bias for variable Z as follows:

SBπ̂(Z) = max
a

SBπ̂
a(Z), (A.5)

where by construction, if SBπ̂(Z) satisfies the balance criteria, it means that each SBπ̂
a(Z)

satisfies this criteria. To have a baseline of how imbalanced covariates were before adjusting

for inverse propensity weights, we define the unweighted measure of standardized bias for

covariate Z when assigned to ad a as follows:

SB(Z) = max
a

SBa(Z) = max
a

|Z̄a − Z̄|
σZ

, (A.6)

Comparing SB(Z) (unweighted standardized bias) and SBπ̂(Z) (weight-adjusted standard-

ized bias) allows us to see how adjusting for inverse propensity scores helped balance covari-

ates.

Now, we focus on all the targeting variables in our sample and calculate both unweighted

and weight-adjusted measures of standardized bias. Targeting variables are the main candi-

dates that could potentially fail the balance test because advertisers can target these vari-

ables. Since all these variables are categorical, for each targeting variable (Z), we need

to assess balance for the dummy variable for each separate category within that targeting

variable.
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For a given targeting variable (e.g., province), let Z denote the set of dummy variables

corresponding to each sub-category within that targeting variable. We define the standard-

ized bias as the maximum standardized bias across all its sub-categories. As such, for both

unweighted and weight-adjusted methods, we have:

SBπ̂(Z) = max
Z∈Z

SBπ̂(Z) = max
Z∈Z

max
a

SBπ̂
a(Z)

SB(Z) = max
Z∈Z

SB(Z) = max
Z∈Z

max
a

SBa(Z)

Figure A.2 shows both unweighted and weight-adjusted measures of standardized bias for all

of our targeting variables (on the filtered test data sample, which is used for the counterfac-

tual analysis). Notice that all six targeting variables are initially imbalanced in the actual

data. In particular, province, hour of the day, and MSP are the variables with the largest

magnitude of imbalance. However, after adjusting for inverse propensity scores, we find that

all measures of standardized bias are below the 0.2 cutoff. Thus, we have covariate balance.

What is striking about Figure A.2 is the very large measures of unweighted standardized

bias for some targeting variables. This is due to the presence of some ads with very low

propensity scores and sparse categories within certain targeting variables. For example, there

are some provinces in our data that constitute less than 1% of our observations. Likewise,

there are some ads with less than 1% share of observations. As a result, there are very few

observations where these ads are shown in these provinces. This may result in substantial

imbalance in the original data.

Next, we focus only on ads that are shown at least in 1% of our sample and make the same

balance plot in Figure A.3. In this case, the measures of standardized bias are significantly

lower compared to Figure A.2, especially the unweighted measures. Interestingly, we find that

four out of six covariates are balanced in the unweighted sample: app category, connectivity

type, MSP, and smartphone brand. This is because these variables are not widely used for

targeting and their sub-categories have a sufficiently large number of observations. The only

two variables that are imbalanced in the original sample are state and hour of the day, most

likely because these are the variables are most used for targeting among advertisers. We also
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Figure A.2: Weight-adjusted and unweighted measures of standardized bias for all targeting

variables (balance plot). The dotted red line shows the 0.2 cut-off.

find that in both cases, hour of the day has the highest standardized bias (even though we

achieve balance at the 0.2 cutoff in both cases). This may also be due to the unavailability

of some ads because of reasons other than targeting such as budget exhaustion.

In sum, the above analysis presents strong empirical evidence for covariate balance in our

data after adjusting for propensity scores. This suggests the unconfoundedness assumption

is valid in our setting.
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Figure A.3: Weight-adjusted and unweighted measures of standardized bias for all targeting

variables, when we only consider ads with over 1% share of total number of observations in

the filtered sample in test data (balance plot). The dotted red line shows the 0.2 cut-off.

A.2 Feature Generation Framework

We need a set of informative features that can help accurately predict the probability of click

for a given impression. Given our research agenda, our features should be able to capture the

contextual and behavioral information associated with an impression over different lengths

of history preceding the impression (long-term, short-term, and session-level). Therefore, we

adopt the main ideas from the functional feature generation framework proposed by [137]. In

§A.2.1, we describe the inputs to the feature functions, in §A.2.2, we describe the functions,
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and finally in §A.2.3, we present the full table of features and their classification.

A.2.1 Inputs for Feature Functions

Each impression i in our training, validation, and test data can be uniquely characterized by

the following four variables:

• the ad ai which was shown in the impression, where ai ∈ A = {a(1), a(2), . . . , a(37), a(s)}.

The elements a(1), a(2), . . . , a(37) refer to the identities of the top 37 ads, whereas all the

smaller ads are grouped into one category, which is denoted by as a(s). A denotes the set

of all ads.

• the app pi within which it occurred, where pi ∈ P = {p(1), p(2), . . . , p(50), p(s)}. p(1)

through p(50) refer to the top 50 apps, and p(s) refers to the category of all smaller apps

(which we do not track individually).

• the hour of the day during which the impression occurred (denoted by ti). ti can take 24

possible values ranging from 1 through 24 and the set of these values is: T = {1, 2, . . . , 24}.

• the user ui who generated the impression, where ui ∈ U = {u(1), . . . , u(728,340)}. U is thus

the full sample of users in the training, validation, and test data.

We also have an indicator for whether the impression was clicked or not (denoted by yi). In

addition, we have a history of impressions and clicks observed in the system prior to this

impression.

To generate a set of features for a given impression i, we use feature functions that take

some inputs at the impression level and output a corresponding feature for that impres-

sion. Our feature functions are typically of the form F (θia, θip, θit, θiu; ηib, ηie) (though some

functions may have fewer inputs). We now define each of these inputs:

1. Ad related information: The first input θia captures the ad related information for

impression i. It can take two possible values: θia ∈ Θia = {{ai}, A}. If θia = {ai}, then

the feature is specific to the ad shown in the impression. Instead, if θia = A, then it

means that the feature is not ad-specific and is aggregated over all possible ads.
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2. Contextual information: The second and third inputs θip and θit capture the context

(where and when) for impression i.

(a) θip ∈ Θip = {{pi}, P} can take two possible values. If θip = {pi}, then the feature

is specific to the app where the impression was shown. Instead, if θip = P , the

feature is aggregated over all apps.

(b) θit ∈ Θit = {{ti}, T} characterizes the time-related information for impression i.

If θit = {ti}, then the feature is specific to the hour during which the impression

occurred. Instead, if θit = T , the feature is aggregated over all hours of the day.

3. Behavioral information: The fourth input, θiu ∈ Θiu = {{ui}, U}, captures the behav-

ioral information for impression i. If θiu = {ui}, the feature is specific to user ui who

generated the impression. Instead, if θiu = U , the feature is aggregated over all users.

4. History : The last two inputs, ηib and ηie, capture the history over which the function is

aggregated. ηib denotes the beginning or starting point of the history and ηie denotes

the end-point of the history.

(a) ηib ∈ Hib = {l, s, oi} can take three possible values which we discuss below:

• ηib = l denotes long-term history, i.e., the starting point of the history is

September 30, 2015, the date from which data are available.

• ηib = s denotes short-term history, i.e., only data on or after October 25, 2015,

are considered.

• ηib = oi denotes ongoing session-level history, i.e., the history starts from the

beginning of the session within which the impression occurs.1 This history is

the most accessible in the user’s short-term memory. Note that by definition,

ηib = oi implies that the function is calculated at the user level.

1A session ends when there is a five-minute interruption in a user’s exposure to the ads. So if the time
difference between two consecutive impressions shown to a user-app combination is more than five minutes,
we assume that the two impressions belong to different sessions.
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(b) ηie ∈ Hie = {g, ri} can take two possible values which we define them as fol-

lows:

• ηie = g implies that the feature is calculated over the global data, i.e., data

after October 27, 2015, are not considered. These features are calculated

without using any impression from the training, validation and test data-sets.

• ηie = ri refers to real-time aggregation, i.e., the feature is calculated over all

the information up till the focal impression i.

In Figure A.4, we present a picture with five example users to illustrate different types

of history.

A.2.2 Feature Functions

We now use the nomenclature described above to define the following functions.

1. Impressions(θia, θip, θit, θiu; ηib, ηie): This function counts the number of impressions

with the characteristics given as inputs over the specified history.

Impressions(θia, θip, θit, θiu; ηib, ηie) =
∑

j∈[ηib,ηie]

1(aj ∈ θia)1(pj ∈ θip)1(tj ∈ θit)1(uj ∈ θiu),

(A.7)

where j denotes an impression whose time-stamp lies between the starting point of the

history ηib and end point of the history ηie.

For example, Impressions({ai}, {pi}, {ti}, {ui}; l, ri) returns the number of times ad ai

is shown to user ui while using app ai at the hour of day ti in the time period starting

September 30, 2015, and ending with the last impression before i. Instead, if we are

interested in the number of times that user ui has seen ad ai over all apps and all hours

of the days from October 25, 2015, (ηib = s) till the end of the global data (ηie = g),
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Figure A.4: Depiction of history for five example users.The red N refers to the focal impres-

sion i for which the features are being generated. + denotes the last impression just before

the focal impression, and × refers to the first impression in the session in which the focal

impression occurs.

then we would have:

Impressions({ai}, P, T, {ui}; s, g) =
∑
j∈[s,g]

1(aj ∈ {ai})1(pj ∈ P )1(tj ∈ T )1(uj ∈ {ui})

=
∑
j∈[s,g]

1(aj ∈ {ai})1(uj ∈ {ui})

Intuitively, the Impressions function captures the effects of repeated ad exposure on

user behavior, and ad exposure has been shown to yield higher ad effectiveness in the

recent literature [118, 70]. In some cases, it may also capture some unobserved ad-

specific effects, e.g., an advertiser may not have enough impressions simply because he

does not have a large budget.
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2. Clicks(θia, θip, θit, θiu; ηib, ηie): This function counts the number of clicks with the char-

acteristics given as inputs over the history specified. It is similar to the Impressions

function, but the difference is that Clicks only counts the impressions that led to a

click.

Clicks(θia, θip, θit, θiu; ηib, ηie) =
∑

j∈[ηib,ηie]

1(aj ∈ θia)1(pj ∈ θip)1(tj ∈ θit)1(uj ∈ θiu)1(yj = 1)

(A.8)

Clicks is a good indicator of both ad and app performance. Moreover, at the user-level,

the number of clicks captures an individual user’s propensity to click, as well as her

propensity to click within a specific ad and/or app. Thus, this is a very informative

metric.

3. CTR(θia, θip, θit, θiu; ηib, ηie): This function calculates the click-through rate (CTR) for

a given set of inputs and history, i.e., the ratio of clicks to impressions. If

Impressions(θia, θip, θit, θiu; ηib, ηie) > 0, then:

CTR(θia, θip, θit, θiu; ηib, ηie) =
Clicks(θia, θip, θit, θiu; ηib, ηie)

Impressions(θia, θip, θit, θiu; ηib, ηie)
, (A.9)

else if Impressions(θia, θip, θit, θiu; ηib, ηie) = 0, CTR(θia, θip, θit, θiu; ηib, ηie) = 0. The

CTR function is a combination of Impressions and Clicks. It captures the click-

propensity at the user, ad, app, and time-levels as well their interactions.2

4. AdCount(θip, θiu; ηib, ηie): This function returns the number of distinct ads shown for

a given set of inputs.

AdCount(θip, θiu; ηib, ηie) =
∑
a∈AF

1(Impressions({a}, θip, T, θiu; ηib, ηie) > 0), (A.10)

2In principle, we do not need to CTR over and above Clicks and Impressions if our learning model
can automatically generate new features based on non-linear combinations of basic features. Machine
learning models like Boosted Trees do this naturally and it is one of their big advantages. However, other
methods like OLS and Logistic regressions cannot do automatic feature combination and selection. So we
include this feature to help improve the performance of these simpler models. This ensures that we are
not handicapping them too much in our model comparisons.
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We use the full set of ads seen in our data (denoted by AF ) and not just the top 37

ads in this function.3 This ensures that we are capturing the full extent of variety in

ads seen by users. Features derived using this function capture the variety in ads for

a given set of inputs. In a recent paper, [106] show that higher variety of previous ads

increases the CTR on the next ad.

An example of a feature based on this function is AdCount({pi}, U ; l, ri), which counts

the number of unique ads that were shown in app pi across all users in the time period

starting September 30 2015 and ending with the last impression before i.

5. Entropy(θip, θiu; ηib, ηie): This function captures the entropy or dispersion in the ads

seen by a user. We use [?]’s measure of diversity as our entropy metric.

Entropy(θip, θiu; ηib, ηie) =
1∑

a∈AF Impressions({a}, θip, T, θiu; ηib, ηie)2
(A.11)

Entropy contains information over and above just the count of the number of unique

ads seen in the past since it captures the extent to which ads were dispersed across

impressions. Consider two users who have both seen five impressions in the past, but

with the following difference – (a) the first user has seen five distinct ads, or (b) the

second has seen same ad five times. Naturally, the dispersion of ads is higher in case

(a) than in case (b). The Entropy function reflects this dispersion – in case (a) the

entropy is 1
12+12+12+12+12

= 0.2, whereas in case (b) it is 1
52

= 0.04. Thus, entropy is

higher when ads are more dispersed.

The literature on eye-tracking has shown that individuals’ attention during advertise-

ments reduces as ad-repetition increases [103]. We therefore expect the dispersion of

previous ads to influence a user’s attention span in our setting. Since attention is a

prerequisite to clicking, we expect entropy-based measures to have explanatory power

in our click prediction model.

3We observe 263 unique ads in our data. Thus, the range of AdCount in our data goes from 0 to 263.
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6. AppCount(θia, θiu; ηib, ηie): This function calculates the number of distinct apps in

which a given ad is shown to a specific user. Similar to AdCount, it can be defined as

follows:

AppCount(θia, θiu; ηib, ηie) =
∑
p∈P

1(Impressions(θia, {p}, T, θiu; ηib, ηie) > 0), (A.12)

where P is the set of apps, as defined in §A.2.1.4 Previous studies have documented

the spillover effects in multichannel online advertising [85]. We therefore expect click

probabilities to vary if a user saw an ad in just one app vs. saw it in many apps. We

also expect the click behavior of users to vary based on the number of apps they use.

AppCount-based features help us capture these differences.

7. TimeVariability(θiu; ηib, ηie): This function measures the variance in a user’s CTR over

different hours of the day. We can define this function as follows:

TimeVariability(θiu; ηib, ηie) = Vart[CTR(A,P, {t}, θiu; ηib, ηie)] (A.13)

Features based on this function capture variations in the temporal patterns in a user’s

clicking behavior, and we expect this information to help predict clicks.

8. AppVariability(θiu; ηib, ηie): This function measures the variance in a user’s CTR across

different apps and is analogous to TimeVariability. This function is defined as follows:

AppVariability(θiu; ηib, ηie) = Varp[CTR(A, {p}, T, θiu; ηib, ηie)] (A.14)

Note that both TimeVariability and AppVariability are defined at the user level.

We use the functions defined above to generate 98 features for each impression. In addition,

we include a few standalone features such as a dummy for each of the top ads, the mobile

and Internet service providers, latitude, longitude, and connectivity type as described below:

4P has 51 elements, the top 1–50 apps and the 51st element being the group of all smaller apps. In
principle, we could use all the apps observed in the data and not just the Top 50 apps (like we did in the
case of AdCount). However, we found that doing so does not really improve model performance. So we
stick with this simpler definition.
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9. Bid(ai): The bid submitted for ad ai shown in impression i.

10. Latitude(ui): The latitude of user ui when impression i occurs.

11. Longitude(ui): The longitude of user ui when impression i occurs.

12. WiFi(ui): Denotes whether the user is connected via Wi-Fi or mobile data plan during

impression i. It can take two possible values, {0, 1}.

13. Brand(ui): Denotes the brand of the smartphone that user ui is using. We observe

eight smartphone brands in our data and therefore capture each brand using a dummy

variable. So the range for this function is {0, 1}8.

14. MSP (ui): Denotes the Mobile Service Provider used by user ui during impression i.

We observe four MSPs in our data. So the range for this function is {0, 1}4.

15. ISP (ui): Denotes the Internet service providers (ISP) of user ui. We observe nine

unique ISPs in our data. So the range of this function is {0, 1}9.

16. AdDummy(ai): Generates dummy variables for each of the top ads in the data. Al-

though we expect our main features to capture many of the ad-fixed effects, we include

ad dummies to capture any residual ad-fixed effects, e.g., banner design. The range of

this function is {0, 1}38, since there are 37 top ads and a 38th category comprising all

the smaller ads.

A.2.3 Table of Features

In Table A.1, we now present our full list of 160 features derived from the feature-functions

described above as well as their classification as behavioral, contextual, and/or ad-specific

based on the categorization scheme described in Chapter 2.



250

Table A.1: List of Features for impression i.

No. Feature Name
Feature Classification Contextual Features

Behavioral Contextual Ad-specific App-specific Time-specific

1 Impressions (A,P, T, ui; l, ri) X

2 Impressions (ai, P, T, U ; l, g) X

3 Impressions (A, pi, T, U ; l, g) X X

4 Impressions (A,P, ti, U ; l, g) X X

5 Impressions (ai, P, T, ui; l, ri) X X

6 Impressions (A, pi, T, ui; l, ri) X X X

7 Impressions (A,P, ti, ui; l, ri) X X X

8 Impressions (ai, pi, T, U ; l, g) X X X

9 Impressions (ai, P, ti, U ; l, g) X X X

10 Impressions (A, pi, ti, U ; l, g) X X X

11 Impressions (ai, pi, T, ui; l, ri) X X X X

12 Impressions (ai, pi, ti, U ; l, g) X X X X

13 Impressions (A,P, T, ui; s, ri) X

14 Impressions (ai, P, T, U ; s, g) X

15 Impressions (A, pi, T, U ; s, g) X X

16 Impressions (A,P, ti, U ; s, g) X X

17 Impressions (ai, P, T, ui; s, ri) X X

18 Impressions (A, pi, T, ui; s, ri) X X X

19 Impressions (A,P, ti, ui; s, ri) X X X

20 Impressions (ai, pi, T, U ; s, g) X X X

21 Impressions (ai, P, ti, U ; s, g) X X X

22 Impressions (A, pi, ti, U ; s, g) X X X

23 Impressions (ai, pi, T, ui; s, ri) X X X X

24 Impressions (ai, pi, ti, U ; s, g) X X X X

25 Impressions (A,P, T, ui; oi, ri) X

26 Impressions (ai, P, T, ui; oi, ri) X X

27 Clicks (A,P, T, ui; l, ri) X

Continued on next page
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Table A.1 – continued from previous page

No. Feature Name
Feature Classification Contextual Features

Behavioral Contextual Ad-specific App-specific Time-specific

28 Clicks (ai, P, T, U ; l, g) X

29 Clicks (A, pi, T, U ; l, g) X X

30 Clicks (A,P, ti, U ; l, g) X X

31 Clicks (ai, P, T, ui; l, ri) X X

32 Clicks (A, pi, T, ui; l, ri) X X X

33 Clicks (A,P, ti, ui; l, ri) X X X

34 Clicks (ai, pi, T, U ; l, g) X X X

35 Clicks (ai, P, ti, U ; l, g) X X X

36 Clicks (A, pi, ti, U ; l, g) X X X

37 Clicks (ai, pi, T, ui; l, ri) X X X X

38 Clicks (ai, pi, ti, U ; l, g) X X X X

39 Clicks (A,P, T, ui; s, ri) X

40 Clicks (ai, P, T, U ; s, g) X

41 Clicks (A, pi, T, U ; s, g) X X

42 Clicks (A,P, ti, U ; s, g) X X

43 Clicks (ai, P, T, ui; s, ri) X X

44 Clicks (A, pi, T, ui; s, ri) X X X

45 Clicks (A,P, ti, ui; s, ri) X X X

46 Clicks (ai, pi, T, U ; s, g) X X X

47 Clicks (ai, P, ti, U ; s, g) X X X

48 Clicks (A, pi, ti, U ; s, g) X X X

49 Clicks (ai, pi, T, ui; s, ri) X X X X

50 Clicks (ai, pi, ti, U ; s, g) X X X X

51 CTR (A,P, T, ui; l, ri) X

52 CTR (ai, P, T, U ; l, g) X

53 CTR (A, pi, T, U ; l, g) X X

54 CTR (A,P, ti, U ; l, g) X X

55 CTR (ai, P, T, ui; l, ri) X X

56 CTR (A, pi, T, ui; l, ri) X X X

Continued on next page
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Table A.1 – continued from previous page

No. Feature Name
Feature Classification Contextual Features

Behavioral Contextual Ad-specific App-specific Time-specific

57 CTR (A,P, ti, ui; l, ri) X X X

58 CTR (ai, pi, T, U ; l, g) X X X

59 CTR (ai, P, ti, U ; l, g) X X X

60 CTR (A, pi, ti, U ; l, g) X X X

61 CTR (ai, pi, T, ui; l, ri) X X X X

62 CTR (ai, pi, ti, U ; l, g) X X X X

63 CTR (A,P, T, ui; s, ri) X

64 CTR (ai, P, T, U ; s, g) X

65 CTR (A, pi, T, U ; s, g) X X

66 CTR (A,P, ti, U ; s, g) X X

67 CTR (ai, P, T, ui; s, ri) X X

68 CTR (A, pi, T, ui; s, ri) X X X

69 CTR (A,P, ti, ui; s, ri) X X X

70 CTR (ai, pi, T, U ; s, g) X X X

71 CTR (ai, P, ti, U ; s, g) X X X

72 CTR (A, pi, ti, U ; s, g) X X X

73 CTR (ai, pi, T, ui; s, ri) X X X X

74 CTR (ai, pi, ti, U ; s, g) X X X X

75 AdCount (A, ui; l, g) X X

76 AdCount (pi, U ; l, g) X X X

77 AdCount (pi, ui; l, g) X X X X

78 AdCount (A, ui; s, g) X X

79 AdCount (pi, U ; s, g) X X X

80 AdCount (pi, ui; s, g) X X X X

81 AdCount (A, ui; oi, ri) X X

82 AppCount (A, ui; l, g) X X X

83 AppCount (ai, U ; l, g) X X X

84 AppCount (ai, ui; l, g) X X X X

85 AppCount (A, ui; s, g) X X X

Continued on next page
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Table A.1 – continued from previous page

No. Feature Name
Feature Classification Contextual Features

Behavioral Contextual Ad-specific App-specific Time-specific

86 AppCount (ai, U ; s, g) X X X

87 AppCount (ai, ui; s, g) X X X X

88 Entropy (A, ui; l, g) X X

89 Entropy (pi, U ; l, g) X X X

90 Entropy (pi, ui; l, g) X X X X

91 Entropy (A, ui; s, g) X X

92 Entropy (pi, U ; s, g) X X X

93 Entropy (pi, ui; s, g) X X X X

94 Entropy (A, ui; oi, ri) X X

95 TimeVariability (ui; l, g) X X X

96 TimeVariability (ui; s, g) X X X

97 AppVariability (ui; l, g) X X X

98 AppVariability (ui; s, g) X X X

99 Latitude (ui) X

100 Longitude (ui) X

101 WiFi (ui) X

102-109 Brand (ui) X

110-113 Operator (ui) X

114-122 ISP (ui) X

123-160 AdDummy (ai) X

A.3 XGBoost: Overview and Implementation

A.3.1 Overview of XGBoost

We start by considering a generic tree ensemble method as follows: let yi and xi denote the

click indicator and the vector of features for impression i such that yi ∈ {0, 1} and xi ∈ Rk,
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where k is the number of features. Then, a tree ensemble method is defined as follows:

ŷi = φ(xi) =
J∑
j=1

τj(xi) =
J∑
j=1

w
(j)
qj(xi)

, (A.15)

where qj : Rk → {1, 2, . . . , Lj} and w(j) ∈ RLj constitute the jth regression tree τj with Lj

leaves. Here qj maps an impression to the leaf index and w(j) represents the weight on leaves.

Hence, w
(j)
qj(xi)

indicates the weight on the leaf that xi belongs to. The tree ensemble method

uses J additive functions to predict the output. In order to estimate the set of functions,

[22] minimize the following regularized objective:

L(φ) =
∑
i

l(ŷi, yi) + γ
∑
j

Lj +
1

2
λ
∑
j

∥∥w(j)
∥∥2
, (A.16)

where γ and λ are the regularization parameters to penalize the model complexity, and l is a

differentiable convex loss function. Here, in contrast to MART, XGBoost penalizes not just

tree depth but leaf weights as well.

Since the regularized objective in Equation (A.16) cannot be minimized using traditional

optimization methods in Euclidean space, we employ Newton boosting in function space to

train the model in an additive manner. Formally, if we define ŷ
(j)
i as the prediction of the

ith impression at the jth iteration, we will add τj to minimize the following objective:

L(φ) =
∑
i

l
(
ŷ

(j−1)
i + τj(xi), yi

)
+ γLj +

1

2
λ
∥∥w(j)

∥∥2
(A.17)

In each iteration, we greedily add the tree that most improves our model according to the

objective function in Equation (A.16). Since the model uses a greedy algorithm to find

the best split at each iteration, it is impossible to search over all tree structures. Thus,

we restrict the set of trees by specifying the maximum depth of a tree. To optimize this

objective function, [40] propose a second-order approximation:

L(φ) '
∑
i

[
l(ŷ

(j−1)
i , yi) + Giτj(xi) +

1

2
Hiτ

2
j (xi)

]
+ γLj +

1

2
λ
∥∥w(j)

∥∥2
, (A.18)

where Gi = ∂
ŷ
(j−1)
i

l(ŷ
(j−1)
i , yi) and Hi = ∂2

ŷ
(j−1)
i

l(ŷ
(j−1)
i , yi) are first and second order gradient

statistics on the loss function. This approximation is used to derive the optimal tree at the

step.
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To implement this optimization routine, the researcher needs to provide a set of hyper-

parameters. These include the regularization parameters γ and λ defined in Equation (A.16).

Further, XGBoost uses two additional parameters to prevent over-fitting. The first is called

shrinkage parameter (ν) introduced by [42], which functions like learning rate in stochastic

optimization. The second is the column sub-sampling parameter (χs), which is used to pick

the fraction of features supplied to a tree and ranges from 0 to 1. In addition, we also need to

specify parameters that structure the optimization problem and control the exit conditions

for the algorithm. The first is dmax, the maximum depth of trees. As mentioned earlier,

this ensures that the model searches over a finite set of trees. Second, we set the number of

maximum number of iterations. Finally, the last parameter defines the early stopping rule,

κ ∈ Z+, which stops the algorithm if the loss does not change in κ consecutive iterations.

This parameter also helps prevent over-fitting.

Note all that these parameters cannot be inferred from the training data alone and should

be set based on a scientific validation procedure. In the next section of the Appendix, §A.3.2,

we provide a step by step explanation and the final values used for these hyper-parameters

in our analysis.

A.3.2 Validation

The goal of validation is to pick the optimal tuning parameters. They cannot be inferred from

the training data alone because they are hyper-parameters. The validation procedure uses

two separate data-sets – training and validation data (from October 28 and 29, as shown in

Figure 2.1) to pin down the hyper-parameters. It is worth noting that at this stage, the test

data is kept separate and is brought out only at the end after the model has been finalized

to evaluate the final model performance.

As discussed earlier in §A.3.1, XGBoost uses five hyper-parameters that need tuning.

Let W = {γ, λ, ν, dmax, χs} denote the set of hyper-parameters, where γ and λ are the

regularization parameters, ν is the shrinkage parameter or learning rate, dmax is maximum

depth of trees, and χs is the column sub-sampling parameter, which refers to the percentage
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of features randomly selected in each round. For each of these parameters, we consider the

following sets of values:

• γ ∈ {7, 9, 11}

• λ ∈ {0, 1, 2}

• ν ∈ {0.05, 0.1, 0.5, 1}

• dmax ∈ {5, 6, 7}

• χs ∈ {0.5, 0.75}

Overall, W contains 216 elements. We now describe the validation and testing procedure in

detail.

• Step 1: For each element of W , train the model on the first two-thirds of the training

and validation data and evaluate the model’s performance on the remaining one-third.

This is the typical hold-out procedure [57]. Boosted trees typically over-fit when they

are stopped at some point. So when training the model, we use the early stopping rule

to avoid this problem [138].

• Step 2: Choose the set of hyper-parameters that gives the best model performance on

the validation set (as measured by RIG in our case). Denote this as W∗.

• Step 3: UsingW∗, train the final model on the full training and validation data, and here

too we use the early stopping rule.

• Step 4: Evaluate the final model’s performance on the test data.

Based on the above procedure, we derive the set of optimal hyper-parameters for our empir-

ical setting as W∗ = {γ = 9, λ = 1, ν = 0.1, dmax = 6, χs = 0.5}. Further, when training on

the full training and validation data (Step 3), we do not see any improvement in model fit

after 276 steps, so at this iteration number (following the early stopping rule).

Note that our validation procedure addresses two potential complications with our data

and problem setting. First, our data and features have a time component. Thus, if we are

not careful in how we split the validation and training data-sets, we can end up in situations

where we use the future to predict the past (e.g., train on data from period t and validate
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on data from t − 1). To avoid this problem, the splits should be chosen based on time.

Our validation procedure does this by using the first two-thirds of the validation+training

data for training and the latter one-third for validation. However, doing so gives rise to a

second problem – by choosing the most recent data for validation (instead of training), we

forgo the information in the most recent impressions. In CTR prediction, it is important not

to waste the most recent impressions while fitting the model because these impressions are

more likely to be predictive of the future [93]. To address this, in Step 3, after choosing the

optimal hyper-parameters, we train a final model on the full training and validation data.

This model is then used as the final model for results and counterfactuals.

A.4 Evaluating Efficient Targeting Policy Using Importance Sampling

As discussed in §2.5.2, the overlap between our data and the efficient targeting policy provides

a unique opportunity to use model-free approaches to evaluate the efficient targeting policy.

Intuitively, if we weight the overlapping sample such that it represents the full sample, we

can estimate the outcome of interest under the efficient targeting policy. In particular, we

use importance sampling whereby we weight the impressions in the overlapping area by the

inverse propensity score of those impressions. We can now define the average match value

under the efficient targeting as follows:

m̂τ∗

IS =
1

NF

NF∑
i=1

∑
a∈Ai

1(ai = a)1(τ ∗(i) = a)

π̂ia
yi,a, (A.19)

where yi,a is the click outcome for ad a in impression i, and the indicator functions both take

value one only if the efficient targeting policy coincides the actual data. As such, for non-

zero elements in the summation above, we actually observe the actual outcome of interest

yi,a. Now, we can even show that under unconfoundedness assumption, m̂τ∗
IS is a consistent

estimator for the match value under the efficient targeting policy, conditional on observed

covariates. We can write:
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E
[
m̂τ∗

IS | X
]

= E

[
1

NF

NF∑
i=1

∑
a∈Ai

1(ai = a)1(τ ∗(i) = a)

π̂ia
yi,a | X

]

=
1

NF

NF∑
i=1

∑
a∈Ai

E

[
1(ai = a)1(τ ∗(i) = a)

π̂ia
yi,a | X

]

=
1

NF

NF∑
i=1

∑
a∈Ai

π̂ia1(τ ∗(i) = a)

π̂ia
E [yi,a | X]

=
1

NF

NF∑
i=1

∑
a∈Ai

1(τ ∗(i) = a)E [yi,a | X]

= E

[
1

NF

NF∑
i=1

∑
a∈Ai

1(τ ∗(i) = a)yi,a | X

]
,

(A.20)

where the last term is the true match value under the efficient targeting policy. In the first

two lines in Equation (A.20), we just use the linearity of the expectation function. In the

third line, we use the unconfoundedness assumption. In the last two lines, we again use the

linearity of the expectation function.

Now, we use the specification in Equation (A.20) to estimate the match value under the

efficient targeting policy. We find that the efficient targeting policy coincides with the ads

shown in the Filtered Sample in 67,152 impressions. We use inverse propensity weights to

adjust for this fraction of the sample and find that the efficient targeting policy improves the

average CTR in the current regime by 65.53%. This is very similar to our original finding

using a direct method based on our match value estimates.

A.5 Appendix for Robustness Checks

A.5.1 Other Evaluation Metrics

We consider three alternative evaluation metrics.

• Area Under the Curve (AUC): It calculates the area under the ROC curve, which is a

graphical depiction of true positive rate (TPR) as a function of false positive rate (FPR).

This metric is often used in classification problems, but is less appropriate for prediction
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tasks such as ours because of two reasons. First, it is insensitive to the transformation of

the predicted probabilities that preserve their rank. Thus, a poorly fitted model might

have higher AUC than a well-fitted model [64]. Second, it puts the same weight on false

positive rate (FPR) and false negative rate (FNR). However, in CTR prediction, the

penalty of FNR is usually higher than FPR [?].

• 0/1 Loss: This is a simple metric used to evaluate correctness in classification tasks. It

is simply the percentage of incorrectly classified impressions. As with AUC, it is not

very useful when accuracy of the prediction matters since it is not good at evaluating the

predictive accuracy of rare events (e.g., clicks). For example, in our case, the loss is lower

than 1% loss even if we blindly predict that none of the impressions will lead to click.

• Mean Squared Error (MSE): This is one of the most widely used metrics for measuring

the goodness of fit. It is similar to LogLoss, which we use to calculate RIG. Both LogLoss

and SquareLoss are often used for probability estimation and boosting in the machine

learning literature. Let di be the Euclidean distance between the predicted value and

actual outcome for impression i. This can be interpreted as the misprediction for the

corresponding impression. SquareLoss and LogLoss for this impression will then be d2
i

and − log (1− di) respectively. Since both functions are convex with respect to di, they

penalize larger mispredictions more than smaller ones. However, a big difference is that

SquareLoss is finite, whereas LogLoss is not. In fact, LogLoss evaluates di = 1 as infinitely

bad. In our problem, this translates to either predicting 1 for non-clicks or predicting 0

for clicks. Therefore, the model optimized by LogLoss will not predict 0 or 1. Given that

we do not know how users interact with the app at the moment, it is quite unrealistic to

predict 1 for an impression, especially because each impression only lasts a short time.

Thus, we choose LogLoss as our main metric, which is also the most common choice in

the literature on CTR prediction [?].

• Confusion Matrix: We also present the Confusion Matrix for our main models. Like AUC

and 0/1 Loss, Confusion Matrix is mostly used in classification problems. However, this

gives us an intuitive metric to evaluate the performance of our model.
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We now take the optimized models presented in §3.6 and evaluate their performance on these

alternative metrics. The results from this exercise are presented in Table A.2. Overall, all

our substantive results remain the same when we use alternative evaluation metrics.

A.5.2 Other Learning Methods

We now compare the performance of XGBoost with other five other learning algorithms and

present the results in Table A.3. Note that XGBoost outperforms all of them.

For each learning model, we describe the hyper-parameters associated with it and our

approach to optimizing these hyper-parameters. Note that in all the cases, we use the same

high-level validation procedure described in §A.3.2.

• Least squares does not use any hyper-parameters and hence does not require validation.

In this case, we simply train the model on the full training and validation data to infer

the model parameters, and report the model’s performance on the test data.

• For LASSO, the validation procedure is straightforward. The only hyper-parameter to

set is the L1 regularization parameter, λ. We search over 100 values of λ and pick the

one which gives us the best performance on the validation set (λ = 6.3× 10−4). We then

use this parameter and train the model on the entire training and validation set and test

the performance on the test set.

• For CART, we use the package rpart in R, which implements a single tree proposed by

[18]. We use recursive partitioning algorithm with a complexity parameter (ctree) as the

only hyper-parameter that we need to select through validation. The main role of this

parameter is to avoid over-fitting and save computing time by pruning splits that are not

worthwhile. As such, any split that does not improve the fit by a factor of complexity

parameter is not attempted. We search for the optimal complexity parameter over the

grid ctree ∈ {0.1, 0.05, 0.01, 0.005, 0.001, 0.0005, 0.0001, 0.00005, 0.00001}, and based on

the validation procedure, we derive the optimal complexity parameter as 5−5. That is,

the model adds another additional split only when the R-squared increments by at least
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Data Evaluation Metric Behavioral Contextual Full

Full Sample AUC 0.7910 0.7014 0.8230

Top Ads/Apps AUC 0.8082 0.7192 0.8410

Filtered Sample AUC 0.8073 0.7410 0.8410

Full Sample 0/1 Improvement (%) 0.63% 0.00% 4.74%

Top Ads/Apps 0/1 Improvement (%) 1.07% 0.00% 8.23%

Filtered Sample 0/1 Improvement (%) 1.34% 0.00% 8.47%

Full Sample MSE Improvement (%) 3.41% 0.55% 8.59%

Top Ads/Apps MSE Improvement (%) 4.86% 0.67% 13.33%

Filtered Sample MSE Improvement (%) 4.89% 0.67% 12.93%

Full Sample True Positives (#) 905 0 5934

Full Sample True Negatives (#) 9533282 9533605 9531972

Full Sample False Positives (#) 323 0 1633

Full Sample False Negatives (#) 91325 92230 86296

Top Ads/Apps True Positives (#) 757 0 5621

Top Ads/Apps True Negatives (#) 6057514 6057744 6056235

Top Ads/Apps False Positives (#) 230 0 1509

Top Ads/Apps False Negatives (#) 50010 50767 45146

Filtered Sample True Positives (#) 517 0 2928

Filtered Sample True Negatives (#) 4424624 4424738 4424343

Filtered Sample False Positives (#) 114 0 395

Filtered Sample False Negatives (#) 29379 29896 26968

Full Sample RIG 12.14% 5.25% 17.95%

Top Ads/Apps RIG 14.82% 5.98% 22.85%

Filtered Sample RIG 14.74% 6.77% 22.45%

Table A.2: Model performance for the two samples (full and top ads/apps) when evaluated

on the alternative metrics.
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Method RIG over Baseline

Least Squares 7.72%

LASSO 7.92%

Logistic Regression 11.17%

Regression Tree 15.03%

Random Forest 15.75%

XGBoost 17.95%

Table A.3: RIG of different learning methods for the test data.

5−5.

• For Random Forest, we use the package sklearn in Python. There are three hyper-

parameters in this case – (1) ntree, the number of trees over which we build our ensemble

forest, (2) χs, the column sub-sampling parameter, which indicates the percentage of

features that should be randomly considered in each round when looking for the best

split, and (3) nmin, the minimum number of samples required to split an internal node.

We search for the optimal set of hyper-parameters over the following grid:

• ntree ∈ {100, 500, 1000}

• χs ∈ {0.33, 0.5, 0.75}

• nmin ∈ {100, 500, 1000}

Based on our validation procedure, we find the optimal set of hyper-parameters to be:

{ntree = 1000, χs = 0.33, nmin = 500}.

A.5.3 Robustness Checks on Feature Generation

We also ran the following robustness checks on the feature generation framework.

• We start by considering different ways of aggregating over the history. One possibility

is to use ηie = ri for all the features, i.e., update all the features in real-time. We find

no difference in terms of the prediction accuracy when we adopt this approach, though
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it increases the computational costs significantly. Therefore, we stick to our current

approach where we use a combination of global and real-time features.

• Next, we examine the model’s performance under an alternative definition of long- and

short-term history for features that are updated in real-time. The idea is to fix the length

of history, instead of fixing ηib for each impression. In other words, instead of aggregating

over [l, ri] and [s, ri] where l and s are fixed, we aggregate over [li, ri] and [si, ri] where li

and si are no more fixed, but the length of [li, ri] and [si, ri] are fixed. For example, li for

impression i on October 28 is the same time on September 30, while li for impression i

on October 30 is the same time on October 2. Under this new approach, we find a slight

decrease in the performance: the RIG drops to 17.69% improvement over the baseline.

• We also consider a model with dummy variables for the top apps in our feature set (similar

to what we now do for top ads). Again, we find no discernible differences in the results

without app dummies: the RIG is 17.97% over the baseline. This may be due to the fact

that our feature generation framework captures the fixed effects of apps well.

Overall, we find that our feature set works well and any additional features or more complex

feature generation mechanisms do not provide any significant benefits in RIG.

A.5.4 Sampling and Data Adequacy

We conduct our analyses using a relatively large sample consisting of 727,354 users in the

train, validation, and test data-sets. This corresponds to 17,856,610 impressions in the

training and validation data, and 9,625,835 impressions in the test data. We now examine

the adequacy the rate the adequacy of our sample by calculating the RIG for different (lower)

sample sizes. That is, we quantify how much our model gains by using more data, and at

what point the marginal value of additional data is minimal.

To calculate the RIG for a given sample size of Nu, we do the following: 1) We take

ten random samples of Nu users, and generate two data sets – the training data and the

test data. 2) For each sample, we train the model using the training data and then test
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the model’s performance on the test data.5 3) We then calculate the mean and standard

deviation of the RIG for each sample. We perform this exercise for nine sample sizes starting

with Nu = 1000 and going up till Nu = 600, 000. The results from this exercise are shown

in Table A.4. We also report the average sample size of train and test data respectively as

N train and N test.

In principle, we can perform the above exercise for each sample size with only one sample

instead of ten. However, such an approach is likely to be error-prone, especially at smaller

sample sizes, since there is heterogeneity among users and each sample is random. So we

may randomly find a smaller sample to have a higher RIG than a larger sample in one

particular instance. To avoid making incorrect inferences due to the particularities of one

specific sample and to minimize the noise in our results, we employ the bootstrap procedure

described above.

Table A.4 suggests that after about 100,000 users, increasing the sample size improves

the prediction only slightly. However, increasing sample sizes also increase the training time

and computational costs. Given the cost-benefit trade-off, our sample of 727,354 users is

more than sufficient for our purposes.

A.5.5 Other Validation Techniques

The validation procedure outlined in Appendix §A.3.2 is the first-best validation procedure

in data-rich situations such as ours. Nevertheless, we examine two other commonly used

techniques:

• Hold-out validation – very similar to our current approach, except that at Step 3, instead

of training the final model on the combination of training and validation data, we simply

use the best model (using the optimalW∗) trained based on the training data (from Step

5We use the hyper-parameters obtained from the validation exercise that we performed in the main model
for training. This is likely to help the performance of the models trained on smaller samples because if we
were to tune the model using smaller data, the estimated hyper-parameters are likely to be worse. Thus,
the gains reported here more favorable than what we would obtain if we also validated/tuned the model
using the smaller data samples.
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User Sample Size (Nu) N train N test

RIG over Baseline CTR

Coefficient Std. error

1,000 24,500 13,274 13.76% 3.17%

5,000 124,521 66,820 14.25% 1.76%

10,000 249,749 139,123 15.26% 1.48%

20,000 486,007 266,497 16.14% 0.40%

50,000 1,220,394 663,569 16.84% 0.28%

100,000 2,436,037 1,332,894 17.27% 0.23%

200,000 4,875,586 2,654,110 17.58% 0.20%

400,000 9,749,402 5,327,471 17.84% 0.18%

600,000 14,699,589 7,928,275 17.91% 0.15%

Table A.4: RIG for different sample sizes. N train and N test are respectively the average size

of train and test data after sampling users.

2) as the final model. Thus, we do not use the validation data to train the final model.

This can lead to some information loss (especially from the recent impressions). We find

that the model performance on the test set drops when we use hold-out validation: our

RIG is 17.21% which is lower than that of our validation procedure.

• k-fold cross-validation – we find no improvement in the performance of the model selected

by 5-fold cross-validation (RIG is 17.33%). Please see Footnote 7 in [137] and [57] for a

detailed discussion on the pros and cons of k-fold cross validation.

A.6 Detailed Analysis of the Example Presented in Figure 2.8

In an important paper, [82] argue that sharing too much targeting information with advertis-

ers can thin auction markets which in turn would soften competition and make the platform

worse. We now present a simple example to highlight this idea. Consider a platform with

two advertisers (a(1) and a(2)) competing for the impressions of two users (u(1) and u(2)). As-

sume that the platform uses second price auctions with Cost per Impression (CPI) pricing,
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where the highest bidder wins the impression and pays the bid of the second-highest bidder.

These auctions have the useful property of truthful bidding [132]. Let the advertisers be

symmetric in their valuation of a click (normalized to 1 hereafter). Further, let the match

values between advertisers and users be as shown in Equation (A.21). Match values can be

interpreted as the eCTR of an impression for the advertiser-user pair. Notice that advertiser

a(1) has a better match with user u(1) and advertiser a(2) with user u(2).

u(1) u(2) ū





a(1) 0.5 0.1 0.3

eCTR = −→

a(2) 0.1 0.3 0.2

(A.21)

We can formally show that, for a given targeting strategy, both CPI and Cost per Click

(CPC mechanisms generate the same revenues for the platform and advertisers. So we focus

on the CPI case throughout the text and refer readers to Appendix A.8 for the CPC example

and analysis.

Consider the advertiser’s bidding strategy and outcomes under two regimes – 1) No data

disclosure by the platform, and 2) Full disclosure of match values by the platform. The

results from these two regimes are laid out in Table A.5 and discussed below:

• No data disclosure – Here advertisers only know their aggregate match value for both

users. So a(1) and a(2)’s expected match values for the two users are 0.3 and 0.2. In a

second price auction, advertisers bid their expected valuations. So a(1) wins both impres-

sions and pays the next highest bid, b
(2)
1 = b

(2)
2 = 0.2, for each impression. Therefore,

platform’s revenue is R = 0.4, advertisers’ surplus is W (1) = 0.2 and W (2) = 0, and the

total surplus is S = 0.6.

• Full data disclosure – Since advertisers now have information on their match for each

impression, they submit targeted bids that reflect their valuations as shown in Table

A.5. Therefore, the advertiser who values the impression more wins it. However, because

of the asymmetry in advertisers’ valuation over impressions, the competition over each
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No Data Disclosure Full Data Disclosure

(or No Targeting) (or Perfect Targeting)

For both impressions:

Bids:

Advertiser a(1): b
(1)
1 = b

(1)
2 = 0.3

Advertiser a(2): b
(2)
1 = b

(2)
2 = 0.2

Outcome:

Advertiser a(1) wins both impressions and pays 0.2

per impression

Platform’s expected revenue:

R = 2× 0.2 = 0.4

Advertiser’s expected surplus:

W (1) = 2× (0.3− 0.2) = 0.2

W (2) = 0

Total expected surplus:

S = 0.6

For User u(1)’s impression:

Bids:

Advertiser a(1): b
(1)
1 = 0.5; and a(2): b

(2)
1 = 0.1

Outcome:

Advertiser a(1) wins u(1)’s impression and pays 0.1

For User u(2)’s impression:

Bids:

Advertiser a(1): b
(1)
2 = 0.1; and a(2): b

(2)
2 = 0.3

Outcome:

Advertiser a(2) wins u(2)’s impression and pays 0.1

Platform’s expected revenue:

R = 0.1 + 0.1 = 0.2

Advertiser’s expected surplus:

W (1) = 0.5− 0.1 = 0.4

W (2) = 0.3− 0.1 = 0.2

Total expected surplus:

S = 0.8

Table A.5: Example depicting two regimes: 1) No data disclosure and 2) Full disclosure.
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impression is softer. This ensures higher advertiser revenues, with W (1) = 0.4 and W (2) =

0.2. However, the platform’s revenue is now lower, at R = 0.2. Thus, even though ads are

matched more efficiently and the total surplus generated is higher, the platform extracts

less revenue.

This example illustrates the platform’s trade-off between value creation and value appro-

priation, and highlights the platform’s incentives to withhold targeting information from

advertisers.

A.7 Proofs

A.7.1 Proof of Proposition 1

We first prove the proposition for the general case of two sets of bundles I(1) and I(2), where

I(1) is at least as granular as I(2). Under a given targeting regime, risk-neutral advertisers’

valuation for an impression in a bundle is their aggregate valuation for that bundle, as they

cannot distinguish between different impressions within a bundle. Thus, all impressions

within a bundle have the same expected valuation for an advertiser. As such, for any i ∈ Ij,

incentive compatibility constraint in the second-price auction induce advertiser a to places

the bid bia = 1
|Ij |
∑

k∈Ij vka.

According to Definition 4, for any I
(2)
k ∈ I(2), there exist I

(1)
j1
, . . . , I

(1)
jl

such that⋃l
s=1 I

(1)
js

= I
(2)
k . We can write:

max
a

∑
i∈I(2)k

via ≤
l∑

s=1

max
a

∑
i∈I(1)js

via (A.22)

where the LHS is the surplus generated from the impressions in bundle I
(2)
k for targeting

regime I(2), and RHS is the surplus generated from the same impressions for targeting

regime I(1). Since inequality (A.22) holds for any I
(2)
k ∈ I(2), we can show that S(1) ≥ S(2),

i.e., the surplus is increasing with more granular targeting.

However, platform revenues can go either way. If the second-highest valuation is exactly

the same as the highest valuation for all impressions, the revenue and surplus are identical,
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i.e., R(1) ≥ R(2). On the other hand, consider a case where, for any given impression, one

advertiser has a high valuation and the rest of advertisers have the same (lower) valuation. In

this case, the second-highest valuation is the minimum valuation for each impression. Thus,

we can write (A.22) with min function instead of max and change the sign of inequality.

This gives us R(1) ≤ R(2). Therefore, the platform revenues can be non-monotonic with

more granular targeting.

Finally, it is worth noting that this result can be applied to any efficient auction in light

of revenue-equivalence theorem.

A.7.2 Proof of Proposition 2

To write the FOC, we first need to specify advertisers’ expected utility function. If ad a gets

a click in impression i, the utility he extracts from this impression is v
(c)
a −CPCia. As such,

ad a’s utility from impression i is

(
v(c)
a − CPCia

)
1(ai = a)1(yi,a = 1),

where 1(ai = a) indicates whether ad a is shown in impression i and 1(yi,a = 1) is an

indicator for whether this impression is clicked. Clearly, ad a only extracts utility when

his ad is being shown and clicked in an impression. We further assume that 1(ai = a) is

independent of CPCia with respect Ga. Now, we define the expected utility function EUa as

the expectation over impressions as follows:

EUa(ba;Ga) = EGa
[(
v(c)
a − CPCia

)
1(ai = a)1(yi = 1)

]
=
(
v(c)
a − ca(ba)

)
πa(ba)µa

=
(
v(c)
a − ca(ba)

) baqa
baqa +Q−a

µa

(A.23)

where µa = EGa [1(yi = 1)] is the average probability of click that ad a expects to receive.

The second line of Equation (A.23) is resulted because of the independence of 1(ai = a) and

CPCia with respect Ga.
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Now, to write the FOC, we need to take the first derivative of the expected utility function

for ad a. We can write:

∂EUa(ba;Ga)
∂ba

=
(
v(c)
a π′a(ba)− ca(ba)π′a(ba)− c′a(ba)πa(ba)

)
µa (A.24)

Now, to satisfy the FOC, we need to have ∂EUa(b∗a;Ga)
∂b∗a

= 0, where b∗a is the equilibrium bid.

Using Equation (A.24), we can write the FOC as follows:

v(c)
a = ca(b

∗
a) +

c′a(b
∗
a)πa(b

∗
a)

π′a(b
∗
a)

= ca(b
∗
a) +

c′a(b
∗
a)b
∗
a

1− πa(b∗a)
,

(A.25)

where the second line is because we have πa(ba)
π′a(ba)

= ba
1−πa(ba)

which is easy to show:

πa(ba)

π′a(ba)
=

baqa
baqa+Q−a
qaQ−a

(baqa+Q−a)2

=
ba(baqa +Q−a)

Q−a
=

ba
1− πa(ba)

(A.26)

Now, to complete the proof, we need to show that the second-order condition (SOC) is also

satisfied. We start by writing a useful property in the relationship between the first and

second derivative of the allocation function:

π′a(ba)

π′′a(ba)
=

qaQ−a
(baqa+Q−a)2

−2q2aQ−a
(baqa+Q−a)3

=
(baqa +Q−a)

2qa
= − ba

2πa(ba)
(A.27)

We can now write the second derivative of the expected utility function as follows:

∂2EUa(b
∗
a;Ga)

∂b∗a
2

= µa
((
v(c)
a − ca(b∗a)

)
π′′a(b∗a)− c′a(b∗a)π′a(b∗a)− c′a(b∗a)π′a(b∗a)− c′′a(b∗a)πa(b∗a)

)
= µa

(
c′a(b

∗
a)πa(b

∗
a)

π′a(b
∗
a)

π′′a(b∗a)− 2c′a(b
∗
a)π
′
a(b
∗
a)− c′′a(b∗a)πa(b∗a)

)
= µa

(
c′a(b

∗
a)πa(b

∗
a)

(
π′′a(b∗a)

π′a(b
∗
a)
− 2

π′a(b
∗
a)

πa(b∗a)

)
− c′′a(b∗a)πa(b∗a)

)
= µa

(
c′a(b

∗
a)πa(b

∗
a)

(
2πa(b

∗
a)

b∗a
− 2

1− πa(b∗a)
b∗a

)
− c′′a(b∗a)πa(b∗a)

)
= µa

(
− 2

b∗a
c′a(b

∗
a)πa(b

∗
a)− c′′a(b∗a)πa(b∗a)

)
= µaπa(b

∗
a)

(
− 2

b∗a
c′a(b

∗
a)− c′′a(b∗a)

)
(A.28)
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In the equation above, we know that both µa and πa(b
∗
a) are positive, so it is sufficient to

show that − 2
b∗a
c′a(b

∗
a) − c′′a(b∗a) ≤ 0, which is resulted from the assumption in Proposition 2.

Thus, the SOC is satisfied and this completes the proof.

A.8 Analysis of Cost-per-Click Payment Mechanism

We now present an analysis of targeting under the Cost-per-Click (CPC) mechanism, where

an advertiser’s bid indicates the maximum price he is willing to pay per click. In this

case, having a more accurate estimation of match values for impressions does not change

advertisers’ bidding behavior because they do not pay per impression. Theoretically, if

advertisers have infinite budget, they should bid their valuation for click, even if they know

they have higher CTR for some impressions.

However, the ad-network has an incentive to make more efficient matches in order to

generate more clicks since clicks are their main source of revenue. For example, if there is an

advertiser with a very high bid but very low CTR, the ad-network cannot make money by

selling the slot to this advertisers. Let via and mia respectively denote the valuation for click

and the match value for advertiser a for impression i. The maximum revenue that platform

could get is then maxa viamia. Thus, defining bia as advertiser a’s bid on impression i, the

platform should sell the ad slot to argmaxa biamia and charge her the minimum bid with

which she still wins. It generates the expected revenue of the second-highest biamia. (In fact,

this is how Google’s sponsored search auctions work.)

Table A.6 shows how the example in §2.6.1 generalizes to the CPC case. Although

CPC and CPI have different properties, we can easily prove that their revenue is the same

under different levels of targeting. This stems from the fact that under second-price auction,

bidders bid their valuation. Thus, the platform’s expected revenue from impression i under

both mechanisms is the second highest viamia, as long as the match-values (or targeting

strategies) are the same under both mechanisms. Conceptually, there exists a one-to-one

mapping between CPC and CPI mechanisms if and only if there is a one-to-one mapping

between the targeting regime and resulting match-value matrix. In the CPI mechanism, mia



272

No Targeting Perfect Targeting

For both impressions:

Bids:

Advertiser 1: b11 = b21 = 1

Advertiser 2: b12 = b22 = 1

Match values:

Advertiser 1: m11 = m21 = 0.3

Advertiser 2: m12 = m22 = 0.2

Outcomes:

Advertiser 1 wins both impressions and pays

0.2×1
0.3 = 0.66 per click

Platform’s expected revenue:

R = 0.66× (0.5 + 0.1) = 0.4

Advertiser’s expected surplus:

W1 = (1− 0.66)× (0.5 + 0.1) = 0.2

W2 = 0

Total expected surplus:

S = 0.6

For User 1’s impression:

Bids:

Advertiser 1: b11 = 1, Advertiser 2: b12 = 1

Match values:

Advertiser 1: m11 = 0.5, Advertiser 2: m12 = 0.1

Outcome:

Advertiser 1 wins User 1’s impression and pays

1×0.1
0.5 = 0.2 per click

For User 2’s impression:

Bids:

Advertiser 1: b11 = 1, Advertiser 2: b12 = 1

Match values:

Advertiser 1: m11 = 0.1, Advertiser 2: m12 = 0.3

Outcome:

Advertiser 2 wins User 2’s impression and pays

1×0.1
0.3 = 0.33 per click

Platform’s expected revenue:

R = 0.2× 0.5 + 0.33× 0.3 = 0.2

Advertiser’s expected surplus:

W1 = (1− 0.2)× 0.5 = 0.4

W2 = (1− 0.33)× 0.3 = 0.2

Total expected surplus:

S = 0.8

Table A.6: Example depicting no targeting and perfect targeting under CPC pricing mech-

anism.
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enters the advertisers’ bidding strategy, i.e., the targeting decision is made by the advertisers.

The ad-network’s decision consists of whether to share targeting information with advertisers

or not. In contrast, under the CPC mechanism, the ad-network directly decides the extent

of targeting to engage in and the advertisers always bid their valuation.

Our empirical results suggest that under the CPI mechanism, ad-networks may have

incentive to limit behavioral targeting. In the CPC context, this translates to the following

result: the ad-network has an incentive to not use behavioral information for targeting,

as compared to contextual information. In both cases, the platform has an incentive to

protect users’ privacy by ensuring that behavioral information is not used for targeting

purposes. In sum, the empirical estimates of platform’s revenue, advertisers’ revenues, and

the implications for user-privacy are similar in both settings.

A.9 Robustness Checks for Analysis of Revenue-Efficiency Trade-off

A.9.1 Alternative Methods for Estimation of Click Valuations

As discussed in §2.6.3, we make three simplifications to derive Equation (2.15).

1. Simplification 1: Advertisers’ probability of winning an impression is approximately

zero, i.e., πa(ba) ≈ 0, for all a.

2. Simplification 2: Advertisers’ cost-per-click is approximately their bid, i.e., ca(ba) ≈

ba, for all a.

3. Simplification 3: The first-order condition shown in Equation (2.14) is satisfied for

all advertisers, including reserve price bidders.

If one or more of these simplifications fail in our data, our estimates of click valuations

may be biased. This, in turn, can affect our main qualitative findings. Therefore, we now

present six alternative methods to estimate click valuations that progressively relax these

simplifications and show that our main findings are robust to these simplifications.
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Simplification Main AM1 AM2 AM3 AM4 AM5 AM6

Zero winning probability (πa ≈ 0) X × × × × × ×

Pay-your-bid cost function (ca(ba) ≈ ba) X X × × × × ×

FOC satisfied for reserve price bidders X X X X × × ×

Parametric cost function X X X X X X ×

Table A.7: Table of simplifications imposed by each estimation method

Table A.7 gives an overview of the set of simplifications that each alternative method

relaxes. We now describe each of these methods in detail.

1. Alternative Method 1 (AM1): In this method, we relax Simplification 1, but retain

Simplifications 2 and 3.

Specifically, instead of assuming that πa(ba) ≈ 0, we estimate the advertiser’s expected

probability of ad allocation directly from the data as:

π̂a(b
∗
a) =

∑NF
i=1 1(ai = a)∑NF

i=1 ei,a
. (A.29)

This is the total number of impressions showing ad a divided by the total number of

impressions ad a bid on (i.e., participated in the auction for). This is a consistent

estimator of the proportion of impressions that ad a will win in the platform.

Since we still assume that advertisers pay their own bid per click (Simplification 2), we

have ca(ba) = ba. This gives us the click value estimates as:

v̂(AM1)
a = b∗a +

b∗a
1− π̂a(b∗a)

, (A.30)

2. Alternative Method 2 (AM2): In this method, we relax both Simplifications 1

and 2. Like AM1, here also we estimate the probability of winning (proportion of

impressions allocated) from the data using Equation (A.29). In addition, we no longer
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assume that advertisers pay their bid. Instead, we model their payment upon winning

as a linear function of their bid such that ca(ba) = γaba. Then, using Equation (2.14),

we can write:

v̂(AM2)
a = ĉa(b

∗
a) +

ĉa(b
∗
a)

1− π̂a(b∗a)
(A.31)

This is because if ca(ba) is linear, we have ca(ba) = c′a(ba)ba. Hence, we only need to

estimate ĉa(b
∗
a), which is the average cost-per-click for ad a.

3. Alternative Method 3 (AM3): This method is similar to AM2. The main difference

is that, here we model the cost function more flexibly by allowing it to be a quadratic

function of bids. We can characterize our cost function as ca(ba) = γaba + γb2
a. Note

that the coefficient for ba is ad specific, but the one for b2
a is the same for all ads. The is

because we cannot identify advertiser-specific curvature since advertisers do not change

their bids.

We can estimate this quadratic cost function from the data using the following regres-

sion model:

CPCi = γaba + γb2
a + εi, (A.32)

where CPCi is the actual cost-per-click for impression i.

Once we have the estimates, γ̂a and γ̂, we can estimate click valuations using Equation

(2.14) as follows:

v̂(AM3)
a = ĉa(b

∗
a) +

b∗a(γ̂a + 2γ̂b∗a)

1− π̂a(b∗a)
= ĉa(b

∗
a) +

ĉa(b
∗
a)

1− π̂a(b∗a)
+

γ̂b∗a
1− π̂a(b∗a)

(A.33)

Equation (A.33) is very similar to Equation (A.31), except for the last term γ̂b∗a
1−π̂a(b∗a)

,

which is added to incorporate the curvature in the relationship between bid and cost-

per-click. Of course, if the relationship is linear, (A.33) will be identical Equation

(A.31).

While both AM2 and AM3 allow the cost-per-click to differ from the actual bid, they

formulate an advertiser’s cost-per-click only as a function of their own bids, and not
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that of its competitors. Given Proposition 2, our click valuation estimates are valid

to the extent that our parametric cost functions estimate c′a(b
∗
a) well. Nevertheless, in

AM6, we estimate the advertisers’ cost function without imposing any functional form

assumptions, and allow it to depend on other advertisers’ bids as inputs.

4. Alternative Method 4 (AM4): In this method, we relax all three simplifications.

We build on AM3 and incorporate the fact that there is a reserve price r0 for all

impressions (i.e., advertisers need to bid higher than or equal to this amount).

In the presence of a reserve price, equilibrium bids may not satisfy the first-order condi-

tion since they may be right-censored. That is, there could have been bids lower than r0

without the reserve price. For reserve-price bidders, we know that the participation con-

straint v
(c)
a ≥ r0 is satisfied. On the other hand, we know that b∗a ≤ r0 which implies that

v
(c)
a ≤ r0

(
1 + 1

1−πa(ba)

)
. Thus, for reserve bidders, we have vca ∈ [r0, r0(1+ 1

1−πa(ba)
)]. As

such, if such valuations come from a uniform distribution in this range, our estimates

will be:

v̂(AM4)
a =

r0

(
1 + 1

2(1−π̂a(b∗a)

)
if a is a reserve bidder

v̂
(AM3)
a otherwise

, (A.34)

where the estimated click valuations for a reserve bidder a is the mean of uniform

distribution U
(
r0, r0

(
1 + 1

1−π̂a(b∗a)

))
.

5. Alternative Method 5 (AM5): In this method, we follow all the steps in AM4, but

draw a value from distribution U(r0, r0(1 + 1
1−π̂a(b∗a)

)) for any ad a who bids the reserve

price. As such, our estimates will be:

v̂(AM5)
a =

x ∼ U(r0, r0(1 + 1
1−π̂a(b∗a)

)) if a is a reserve bidder

v̂
(AM3)
a otherwise

(A.35)

6. Alternative Method 6 (AM6): Here, we implement the the non-parametric esti-

mator proposed by [105] for quasi-proportional auctions. This is a structural approach
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to estimate click valuations that relaxes all the simplifications made earlier and incor-

porates the full structure of the setting. The main difference between his approach

and the alternative methods AM1–AM5 is in the operationalization of the cost func-

tion. Unlike the earlier methods, which parameterized the cost function, he employs a

fully non-parametric method for modeling the cost distribution. As such, advertisers’

expected cost function is obtained by taking the expectation over the distribution of

auctions they participate in. We refer readers to [105] for more details.

Results from Alternative Methods for Click Value Estimation

We first illustrate the empirical CDFs of all these alternative methods as well as the main

method used in Chapter 2. As we can see from Figure A.5, the estimated value distributions

are not very different. This is mostly due to the fact that Simplification 1 is mostly valid

(i.e., there are many bidders and no one has disproportionately high chance of winning),

which in turn, makes the approximation method used in (2.15) quite reasonable.

Next, we use the click value estimates from each of these alternative methods to estimate

the market outcomes – total surplus, platform revenues, and advertisers’ surplus. The re-

sults are shown in Table A.8. While these estimates are quantitatively different from those

presented in Table 2.5, notice that our main qualitative results remain the same: we find a

monotonic relationship between total surplus and the granularity of targeting, but platform

revenues are maximized when the platform limits the targeting level to the contextual tar-

geting. In particular, we expect that results from AM6 to be the most accurate since it is

the most assumption-free method, and even here the main qualitative finding holds.

Further, we find that the results from AM1 are the closest to the results in the main

text (Table 2.5). This is because AM1 still uses the approximation that CPCa ≈ ba. On

the other hand, the results from AM2 to AM6 are very close quantitatively. This is because

they all relax Simplification 2 and estimate the cost function from the data. As a result, the

magnitude of total surplus and platform revenues is smaller (because advertisers in a quasi-

proportional auction submit higher bids when they know they are not exactly charged their
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Targeting Total Surplus Platform Revenue Advertisers’ Surplus

A. Alternative Method 1 (AM1)

No Targeting 8.54 8.36 0.18

Contextual Targeting 9.09 8.49 0.60

Behavioral Targeting 9.32 8.47 0.85

Full Targeting 9.60 8.48 1.12

B. Alternative Method 2 (AM2)

No Targeting 7.96 7.93 0.03

Contextual Targeting 8.62 8.09 0.53

Behavioral Targeting 8.83 8.05 0.78

Full Targeting 9.09 8.05 1.04

C. Alternative Method 3 (AM3)

No Targeting 7.91 7.89 0.02

Contextual Targeting 8.61 8.07 0.53

Behavioral Targeting 8.81 8.04 0.77

Full Targeting 9.08 8.04 1.04

E. Alternative Method 4 (AM4)

No Targeting 8.02 7.91 0.11

Contextual Targeting 8.61 8.08 0.53

Behavioral Targeting 8.82 8.03 0.79

Full Targeting 9.08 8.04 1.04

D. Alternative Method 5 (AM5)

No Targeting 8.02 7.91 0.11

Contextual Targeting 8.61 8.08 0.53

Behavioral Targeting 8.82 8.03 0.79

Full Targeting 9.08 8.03 1.05

F. Alternative Method 6 (AM6)

No Targeting 8.03 7.91 0.12

Contextual Targeting 8.61 8.08 0.53

Behavioral Targeting 8.82 8.03 0.78

Full Targeting 9.08 8.04 1.04

Table A.8: Platform revenues, advertisers’ surplus, and total surplus for different levels of

targeting using different methods to estimate click valuations. The numbers are reported in

terms of the average monetary unit per impression.
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Figure A.5: Empirical CDF of estimated value distributions using alternative methods

submitted bids). However, the main qualitative findings remains the same under all these

methods, since the main source for these findings is the heterogeneity in match valuations

induced by more granular targeting.

A.9.2 Adding Noise to Match Valuations

As discussed in §2.6.3, our assumption that advertisers can obtain match values estimated in

our machine learning framework may not be realistic. As such, we consider various scenarios

here to reflect cases in which advertisers can only obtain a noisy version of our estimates.
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Identically Distributed Noise Across Ads

First, we consider the case that an identically distributed noise is added to any element in

the match value matrix. We operationalize this noise as follows:

m̂
(ν)
i,a = m̂i,aεi,a, (A.36)

where εi,a ∼ U(1− ν, 1 + ν). As such, advertisers obtain estimates ν × 100 percent lower or

higher than the estimate from our ML framework. For any noise distribution, we make the

entire matrix and follow the procedure presented in §2.6.3 to estimate the average surplus,

revenue, and advertisers’ surplus. The results are shown in Table A.9. We find that noise-

adding can increase the revenue under full targeting by distorting efficiency. This is in line

with [7] who find that the platform’s optimal decision is to use imperfect CTR estimates in

a cost-per-click setting. Interestingly, we find that full and contextual targeting yield almost

the same results when ν = 0.3. Thus, we can interpret contextual targeting as a noise-adding

strategy.

Differentially Distributed Noise Across Ads

Here we consider a more realistic case wherein ads with more impressions (more data) have

better estimates (less noisy). Similar to the case with identical noise, we we operationalize

the differential noise as follows for any ad a:

m̂
(νa)
i,a = m̂i,aεi,a, (A.37)

where εi,a ∼ U(1− νa, 1 + νa). As such, the noise is different for each ad. Since the error rate

is proportional to the square root of number of observations, we write:

νa =
ν√
Na

,

where Na is the number of impressions ad a has in our Filtered sample. Now, for any ν,

we can make the entire match value matrix and estimate the market outcomes. The results
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Targeting Noise (ν) Total Surplus Platform Revenue Advertisers’ Surplus

No Targeting 0.05 8.36 8.30 0.06

Contextual Targeting 0.05 8.99 8.44 0.55

Behavioral Targeting 0.05 9.18 8.35 0.82

Full Targeting 0.05 9.43 8.35 1.08

No Targeting 0.1 8.36 8.30 0.06

Contextual Targeting 0.1 8.99 8.44 0.55

Behavioral Targeting 0.1 9.17 8.36 0.82

Full Targeting 0.1 9.37 8.35 1.02

No Targeting 0.15 8.36 8.30 0.06

Contextual Targeting 0.15 8.99 8.44 0.55

Behavioral Targeting 0.15 9.16 8.36 0.80

Full Targeting 0.15 9.29 8.35 0.93

No Targeting 0.2 8.36 8.30 0.06

Contextual Targeting 0.2 8.99 8.44 0.55

Behavioral Targeting 0.2 9.14 8.36 0.78

Full Targeting 0.2 9.20 8.37 0.82

No Targeting 0.25 8.36 8.30 0.06

Contextual Targeting 0.25 8.99 8.44 0.55

Behavioral Targeting 0.25 9.13 8.37 0.76

Full Targeting 0.25 9.10 8.41 0.70

No Targeting 0.3 8.36 8.30 0.06

Contextual Targeting 0.3 8.99 8.44 0.54

Behavioral Targeting 0.3 9.12 8.38 0.74

Full Targeting 0.3 9.01 8.47 0.54

Table A.9: Platform revenues, advertisers’ surplus, and total surplus for different levels of

targeting when adding an identically distributed noise to match values. The numbers are

reported in terms of the average monetary unit per impression.
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are shown in Table A.10. Again, we find that the platform benefits when advertisers have

imperfect estimates of their match valuations. Comparing the results in Table A.9 and A.10,

we find that the total surplus declines faster with a differentially distributed noise: when the

platform’s revenue is the same under full and contextual targeting, the total surplus is higher

under contextual targeting. Given the absence of privacy costs under contextual targeting,

our results in both tables indicate that platforms benefit most when allowing only contextual

targeting.
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Targeting Noise (ν) Total Surplus Platform Revenue Advertisers’ Surplus

No Targeting 10 8.36 8.30 0.06

Contextual Targeting 10 8.99 8.44 0.55

Behavioral Targeting 10 9.18 8.35 0.82

Full Targeting 10 9.42 8.34 1.08

No Targeting 20 8.36 8.30 0.06

Contextual Targeting 20 8.99 8.44 0.55

Behavioral Targeting 20 9.17 8.35 0.82

Full Targeting 20 9.35 8.32 1.03

No Targeting 30 8.36 8.30 0.06

Contextual Targeting 30 8.99 8.44 0.55

Behavioral Targeting 30 9.16 8.35 0.80

Full Targeting 30 9.24 8.31 0.93

No Targeting 40 8.36 8.30 0.06

Contextual Targeting 40 8.99 8.44 0.55

Behavioral Targeting 40 9.14 8.35 0.79

Full Targeting 40 9.12 8.32 0.80

No Targeting 50 8.36 8.30 0.06

Contextual Targeting 50 8.99 8.44 0.55

Behavioral Targeting 50 9.12 8.35 0.77

Full Targeting 50 8.99 8.35 0.65

No Targeting 60 8.36 8.30 0.06

Contextual Targeting 60 8.99 8.44 0.55

Behavioral Targeting 60 9.10 8.35 0.75

Full Targeting 60 8.93 8.36 0.57

No Targeting 70 8.36 8.30 0.06

Contextual Targeting 70 8.99 8.43 0.56

Behavioral Targeting 70 9.09 8.34 0.75

Full Targeting 70 8.86 8.39 0.47

No Targeting 80 8.36 8.30 0.06

Contextual Targeting 80 8.99 8.43 0.55

Behavioral Targeting 80 9.07 8.34 0.73

Full Targeting 80 8.80 8.44 0.36

Table A.10: Platform revenues, advertisers’ surplus, and total surplus for different levels of

targeting when adding an differentially distributed noise to match values. The numbers are

reported in terms of the average monetary unit per impression.
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Appendix B

APPENDIX FOR CHAPTER 3

B.1 Proof of Proposition 3

The distribution of propensity scores for ads is fully determined by the allocation rule in a

quasi-proportional auction. That is, for any ad a in session i, the probability that this ad

wins an impression is denoted by πi,a, characterized as follows:

πi,a = 1(a ∈ Ci)
bi,ami,a∑
k∈Ci bi,kmi,k

, (B.1)

where Ci is the set of ads competing in the auction for session i, and bi,ami,a is ad a’s quality-

adjusted bid which is the product of the ad’s bid (bi,a) and quality score (mi,a). If we observe

all the components of this equation, the distribution of propensity scores for ads is a function

of observed variables by default. However, we do not observe the quality scores in our data.

So we need to show that the distribution of propensity scores is still fully identified even

without having the quality scores. We first use the following lemma that helps us establish

the identifiability of the distribution of propensity scores in a specific sub-sample of our

sessions:

Lemma 8 Let G denote a set of sessions where the auction is identical for any two sessions

i and j that i, j ∈ G. The distribution of propensity scores for ads is identified if we observe

the actual ad assignment in our data.

Proof. If we know the actual ad assignments for impressions in G, the proportion of im-

pressions in G that show a in is an accurate estimate of the propensity score for that ad

because the distribution of ad assignment is identical across impressions in G.

In light of this lemma, if we know the actual ad assignments in the data, we do not need to

observe bids or quality scores to identify the distribution of propensity scores in any group G
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where the auction is identical across impressions within that group. Now, if we show that such

partitioning or stratification of our sessions is feasible, our proof is complete. We use the fact

that the ad-network does not update quality scores throughout the day. Hence, to make sure

that the quality scores remain constant in all the impressions within a partition, it is sufficient

to partition our sessions such that sessions in different days are not in the same partition.

Finally, since we directly observe bids, we only need to show that we can identify Ci. This set

can only vary if sessions are different in two dimensions: (1) targeting characteristics, because

some ads may decide to exclude some sessions based on their targeting characteristics, and/or

(2) time because some ad campaigns may be unavailable at some points in time. Since we

observe all the targeting characteristics as well as the exact timestamp of each impression,

we can identify the groups where all the sessions have the same Ci, and this completes our

proof.
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B.2 Results for Robustness Checks

Dependent variable: Click (Yi,t)

(t = 4) (t = 5) (t = 6) (t = 7) (t = 8) (t = 9) (t = 10)

Breadthi,t 0.00062 0.00168∗∗∗ 0.00085∗∗∗ 0.00046∗∗ 0.00066∗∗∗ 0.00052∗∗∗ 0.00047∗∗∗

(1.23) (5.53) (4.24) (2.96) (5.38) (4.88) (5.28)

Previous 0.00056 0.00170∗∗∗ 0.00040∗ 0.00045∗∗ 0.00043∗∗∗ 0.00023∗ 0.00025∗∗

Exposure (Ii,t) (1.06) (5.39) (1.98) (2.95) (3.65) (2.28) (3.13)

Spacei,t 0.00115∗∗∗ 0.00080∗∗∗ 0.00004 0.00020∗ 0.00030∗∗∗ 0.00006 -0.00006

(4.79) (4.98) (0.42) (2.54) (4.80) (1.14) (-1.55)

Ad FE X X X X X X X

Strata FE X X X X X X X

No. of Obs. 449,667 519,690 573,096 616,887 652,311 681,160 711,391

R2 0.157 0.129 0.120 0.104 0.093 0.076 0.075

Adjusted R2 0.039 0.033 0.037 0.032 0.028 0.017 0.022

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table B.1: OLS estimates of the effects of variety after controlling for temporal spacing using

the intended sample with at least one prior exposure of the focal ad
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Dependent variable: Click (Yi,t)

(t = 4) (t = 5) (t = 6) (t = 7) (t = 8) (t = 9) (t = 10)

Breadthi,t 0.00062∗∗ 0.00070∗∗∗ 0.00037∗∗ 0.00018 0.00024∗∗ 0.00023∗∗ 0.00022∗∗∗

(3.01) (4.45) (3.26) (1.90) (2.98) (3.21) (3.70)

Previous 0.00090∗∗ 0.00098∗∗∗ 0.00028 0.00031∗ 0.00028∗∗ 0.00014 0.00013

Exposure (Ii,t) (2.69) (4.25) (1.80) (2.49) (2.86) (1.61) (1.92)

Spacei,t 0.00101∗∗∗ 0.00080∗∗∗ 0.00014 0.00021∗∗ 0.00035∗∗∗ 0.00008 -0.00004

(4.59) (5.44) (1.44) (2.77) (6.05) (1.72) (-1.11)

First Exposure 0.00240∗∗ 0.00191∗∗ -0.00002 0.00033 0.00111∗∗ -0.00022 -0.00049

Dummy (3.27) (3.24) (-0.05) (0.83) (3.27) (-0.69) (-1.76)

Ad FE X X X X X X X

Strata FE X X X X X X X

No. of Obs. 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426

R2 0.099 0.088 0.087 0.077 0.071 0.063 0.061

Adjusted R2 0.028 0.024 0.029 0.024 0.022 0.017 0.019

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table B.2: OLS estimates of the effects of variety after controlling for temporal spacing using

the intended sample
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Dependent variable: Click (Yi,t)

(t = 4) (t = 5) (t = 6) (t = 7) (t = 8) (t = 9) (t = 10)

Shannoni,t 0.00123∗∗∗ 0.00184∗∗∗ 0.00135∗∗∗ 0.00073∗ 0.00108∗∗∗ 0.00123∗∗∗ 0.00116∗∗∗

(3.51) (5.47) (4.59) (2.56) (4.08) (4.72) (4.73)

Previous 0.00042∗∗ 0.00074∗∗∗ 0.00040∗∗∗ 0.00033∗∗∗ 0.00017∗ 0.00024∗∗∗ 0.00023∗∗∗

Exposure (Ii,t) (2.72) (5.80) (4.11) (3.91) (2.47) (3.79) (4.35)

Ad FE X X X X X X X

Strata FE X X X X X X X

No. of Obs. 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426

R2 0.099 0.088 0.087 0.077 0.071 0.063 0.061

Adjusted R2 0.028 0.024 0.029 0.024 0.022 0.017 0.019

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table B.3: OLS estimates of the effects of variety as measure by Shannon entropy using the

intended sample
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Dependent variable: Click (Yi,t)

(t = 4) (t = 5) (t = 6) (t = 7) (t = 8) (t = 9) (t = 10)

A. Breadth of Variety

Breadthi,t 0.00051∗∗ 0.00069∗∗∗ 0.00039∗∗∗ 0.00023∗∗ 0.00023∗∗∗ 0.00024∗∗∗ 0.00025∗∗∗

(3.29) (5.83) (4.56) (3.19) (3.91) (4.72) (5.71)

Previous 0.00014 0.00045∗∗∗ 0.00010 0.00010 0.00006 0.00010∗ 0.00009∗

Exposure (Ii,t) (1.05) (4.28) (1.33) (1.51) (1.12) (2.23) (2.51)

R2 0.005 0.006 0.004 0.004 0.003 0.003 0.003

Adjusted R2 0.005 0.006 0.004 0.004 0.003 0.003 0.002

B. Consecutive Changes

Changei,t 0.00042∗∗ 0.00071∗∗∗ 0.00037∗∗∗ 0.00028∗∗∗ 0.00019∗∗∗ 0.00025∗∗∗ 0.00021∗∗∗

(2.78) (6.30) (4.54) (4.16) (3.53) (5.37) (5.57)

Previous 0.00012 0.00044∗∗∗ 0.00009 0.00011 0.00005 0.00010∗ 0.00009∗

Exposure (Ii,t) (0.87) (4.23) (1.19) (1.67) (0.87) (2.26) (2.30)

R2 0.005 0.006 0.004 0.004 0.003 0.003 0.003

Adjusted R2 0.005 0.006 0.004 0.004 0.003 0.003 0.002

C. Gini-Simpson Index for Diversity

GiniSimpsoni,t 0.00098∗∗ 0.00222∗∗∗ 0.00178∗∗∗ 0.00112∗ 0.00135∗∗ 0.00215∗∗∗ 0.00201∗∗∗

(2.80) (5.26) (4.20) (2.53) (3.11) (4.93) (4.79)

Previous 0.00013 0.00045∗∗∗ 0.00011 0.00009 0.00006 0.00012∗ 0.00010∗

Exposure (Ii,t) (0.96) (4.23) (1.38) (1.43) (1.04) (2.54) (2.53)

R2 0.005 0.006 0.004 0.004 0.003 0.003 0.003

Adjusted R2 0.005 0.006 0.004 0.004 0.003 0.003 0.002

Ad FE X X X X X X X

Province FE X X X X X X X

Connectivity Type FE X X X X X X X

MSP FE X X X X X X X

Smartphone Brand FE X X X X X X X

Hour FE X X X X X X X

No. of Obs. 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table B.4: OLS estimates of the effects of variety on clicks with separate targeting variable

fixed effects using the intended sample
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Dependent variable: Click (Yi,t)

(t = 4) (t = 5) (t = 6) (t = 7) (t = 8) (t = 9) (t = 10)

A. Breadth of Variety

Breadthi,t 0.00054∗∗∗ 0.00072∗∗∗ 0.00041∗∗∗ 0.00028∗∗∗ 0.00024∗∗∗ 0.00028∗∗∗ 0.00026∗∗∗

(3.41) (5.99) (4.61) (3.75) (3.85) (5.15) (5.59)

Previous 0.00025 0.00057∗∗∗ 0.00023∗∗ 0.00021∗∗ 0.00011∗ 0.00017∗∗∗ 0.00015∗∗∗

Exposure (Ii,t) (1.85) (5.25) (2.83) (3.05) (1.97) (3.49) (3.65)

R2 0.012 0.013 0.011 0.010 0.010 0.009 0.009

Adjusted R2 0.005 0.006 0.004 0.004 0.003 0.003 0.003

B. Consecutive Changes

Changei,t 0.00046∗∗ 0.00077∗∗∗ 0.00039∗∗∗ 0.00031∗∗∗ 0.00022∗∗∗ 0.00030∗∗∗ 0.00023∗∗∗

(2.99) (6.65) (4.67) (4.55) (3.99) (6.27) (5.70)

Previous 0.00023 0.00056∗∗∗ 0.00022∗∗ 0.00021∗∗ 0.00010 0.00017∗∗∗ 0.00014∗∗∗

Exposure (Ii,t) (1.70) (5.25) (2.73) (3.15) (1.88) (3.63) (3.53)

R2 0.012 0.013 0.011 0.010 0.010 0.009 0.009

Adjusted R2 0.005 0.006 0.004 0.004 0.003 0.003 0.003

C. Gini-Simpson Index for Diversity

GiniSimpsoni,t 0.00107∗∗ 0.00245∗∗∗ 0.00199∗∗∗ 0.00154∗∗∗ 0.00153∗∗∗ 0.00276∗∗∗ 0.00213∗∗∗

(2.98) (5.65) (4.54) (3.33) (3.35) (5.95) (4.73)

Previous 0.00024 0.00057∗∗∗ 0.00024∗∗ 0.00021∗∗ 0.00011∗ 0.00019∗∗∗ 0.00015∗∗∗

Exposure (Ii,t) (1.78) (5.27) (2.96) (3.05) (1.99) (4.00) (3.67)

R2 0.012 0.013 0.011 0.010 0.010 0.009 0.009

Adjusted R2 0.005 0.006 0.004 0.004 0.003 0.003 0.003

Ad FE X X X X X X X

Province-Hour FE X X X X X X X

No. of Obs. 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table B.5: OLS estimates of the effects of variety on clicks with province-hour fixed effects

using the intended sample
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Dependent variable: Click (Yi,t)

(t = 4) (t = 5) (t = 6) (t = 7) (t = 8) (t = 9) (t = 10)

A. Breadth of Variety

Breadthi,t 0.00052∗∗∗ 0.00070∗∗∗ 0.00039∗∗∗ 0.00024∗∗ 0.00024∗∗∗ 0.00025∗∗∗ 0.00025∗∗∗

(3.33) (5.91) (4.46) (3.27) (3.97) (4.82) (5.75)

Previous 0.00015 0.00046∗∗∗ 0.00012 0.00012 0.00007 0.00011∗ 0.00009∗

Exposure (Ii,t) (1.13) (4.35) (1.47) (1.85) (1.27) (2.36) (2.41)

R2 0.007 0.008 0.006 0.006 0.004 0.004 0.004

Adjusted R2 0.005 0.006 0.004 0.004 0.003 0.003 0.003

B. Consecutive Changes

Changei,t 0.00041∗∗ 0.00072∗∗∗ 0.00037∗∗∗ 0.00028∗∗∗ 0.00019∗∗∗ 0.00025∗∗∗ 0.00022∗∗∗

(2.71) (6.36) (4.53) (4.16) (3.45) (5.46) (5.76)

Previous 0.00012 0.00045∗∗∗ 0.00011 0.00013∗ 0.00005 0.00011∗ 0.00008∗

Exposure (Ii,t) (0.93) (4.30) (1.35) (1.98) (1.00) (2.38) (2.25)

R2 0.007 0.008 0.006 0.006 0.004 0.004 0.004

Adjusted R2 0.005 0.006 0.004 0.004 0.003 0.003 0.003

C. Gini-Simpson Index for Diversity

GiniSimpsoni,t 0.00099∗∗ 0.00225∗∗∗ 0.00173∗∗∗ 0.00117∗∗ 0.00134∗∗ 0.00218∗∗∗ 0.00211∗∗∗

(2.81) (5.31) (4.08) (2.64) (3.06) (4.96) (4.97)

Previous 0.00014 0.00046∗∗∗ 0.00012 0.00012 0.00006 0.00012∗∗ 0.00010∗

Exposure (Ii,t) (1.04) (4.30) (1.51) (1.77) (1.16) (2.65) (2.49)

R2 0.007 0.008 0.006 0.006 0.004 0.004 0.004

Adjusted R2 0.005 0.006 0.004 0.004 0.003 0.003 0.002

Ad FE X X X X X X X

Targeting Area FE X X X X X X X

Hour FE X X X X X X X

No. of Obs. 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table B.6: OLS estimates of the effects of variety on clicks with targeting area and hour

fixed effects using the intended sample
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Dependent variable: Click (Yi,t)

(t = 4) (t = 5) (t = 6) (t = 7) (t = 8) (t = 9) (t = 10)

A. Breadth of Variety

Breadthi,t 0.00083∗∗∗ 0.00080∗∗∗ 0.00042∗∗∗ 0.00029∗∗ 0.00032∗∗∗ 0.00029∗∗∗ 0.00021∗∗

(4.24) (5.18) (3.64) (2.89) (3.82) (3.88) (3.21)

Previous 0.00054∗∗ 0.00078∗∗∗ 0.00047∗∗∗ 0.00034∗∗∗ 0.00016∗ 0.00024∗∗∗ 0.00018∗∗

Exposure (Ii,t) (3.22) (5.57) (4.36) (3.66) (2.00) (3.41) (2.98)

R2 0.147 0.130 0.124 0.109 0.101 0.090 0.085

Adjusted R2 0.042 0.037 0.041 0.035 0.033 0.028 0.028

B. Consecutive Changes

Changei,t 0.00074∗∗∗ 0.00079∗∗∗ 0.00043∗∗∗ 0.00034∗∗∗ 0.00031∗∗∗ 0.00039∗∗∗ 0.00023∗∗∗

(3.86) (5.22) (3.79) (3.58) (3.82) (5.50) (3.74)

Previous 0.00052∗∗ 0.00076∗∗∗ 0.00047∗∗∗ 0.00035∗∗∗ 0.00015 0.00026∗∗∗ 0.00018∗∗

Exposure (Ii,t) (3.08) (5.46) (4.33) (3.77) (1.88) (3.73) (3.05)

R2 0.147 0.130 0.124 0.109 0.101 0.090 0.085

Adjusted R2 0.042 0.037 0.041 0.035 0.033 0.028 0.028

C. Gini-Simpson Index for Diversity

GiniSimpsoni,t 0.00176∗∗∗ 0.00272∗∗∗ 0.00248∗∗∗ 0.00164∗ 0.00255∗∗∗ 0.00281∗∗∗ 0.00218∗∗

(3.93) (4.78) (4.18) (2.53) (3.82) (4.00) (3.11)

Previous 0.00054∗∗ 0.00078∗∗∗ 0.00051∗∗∗ 0.00034∗∗∗ 0.00018∗ 0.00026∗∗∗ 0.00019∗∗

Exposure (Ii,t) (3.19) (5.56) (4.63) (3.64) (2.21) (3.64) (3.13)

R2 0.147 0.130 0.124 0.109 0.101 0.090 0.085

Adjusted R2 0.042 0.037 0.041 0.035 0.033 0.028 0.028

Ad FE X X X X X X X

Strata ( 1
2 hour) FE X X X X X X X

No. of Obs. 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table B.7: OLS estimates of the effects of variety on clicks with strata constructed by half

an hour time intervals using the intended sample
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Dependent variable: Click (Yi,t)

(t = 4) (t = 5) (t = 6) (t = 7) (t = 8) (t = 9) (t = 10)

A. Breadth of Variety

Breadthi,t 0.00088∗∗∗ 0.00117∗∗∗ 0.00034∗ 0.00028∗ 0.00047∗∗∗ 0.00021 0.00005

(3.61) (5.81) (2.17) (2.01) (3.81) (1.83) (0.47)

Previous 0.00053∗∗ 0.00063∗∗∗ 0.00010 0.00028∗ 0.00016 0.00010 0.00028∗∗

Exposure (Ii,t) (2.65) (3.60) (0.70) (2.27) (1.56) (1.05) (3.28)

R2 0.285 0.248 0.221 0.193 0.174 0.150 0.138

Adjusted R2 0.109 0.098 0.090 0.078 0.072 0.058 0.055

B. Consecutive Changes

Changei,t 0.00077∗∗ 0.00100∗∗∗ 0.00039∗∗ 0.00030∗ 0.00030∗∗ 0.00036∗∗∗ 0.00007

(3.27) (5.28) (2.68) (2.35) (2.77) (3.69) (0.86)

Previous 0.00049∗ 0.00056∗∗ 0.00011 0.00029∗ 0.00011 0.00017 0.00029∗∗∗

Exposure (Ii,t) (2.47) (3.25) (0.82) (2.35) (1.09) (1.76) (3.44)

R2 0.285 0.248 0.221 0.193 0.174 0.150 0.138

Adjusted R2 0.109 0.098 0.090 0.078 0.072 0.058 0.055

C. Gini-Simpson Index for Diversity

GiniSimpsoni,t 0.00182∗∗∗ 0.00339∗∗∗ 0.00184∗ 0.00095 0.00254∗∗ 0.00094 0.00162

(3.31) (4.70) (2.37) (1.09) (2.76) (0.95) (1.62)

Previous 0.00053∗∗ 0.00060∗∗∗ 0.00013 0.00025 0.00016 0.00008 0.00034∗∗∗

Exposure (Ii,t) (2.60) (3.38) (0.93) (1.93) (1.44) (0.79) (3.72)

R2 0.285 0.248 0.221 0.193 0.174 0.150 0.138

Adjusted R2 0.109 0.098 0.090 0.078 0.072 0.058 0.055

Ad-Strata FE X X X X X X X

No. of Obs. 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426 1,054,426

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table B.8: OLS estimates of the effects of variety on clicks with ad-strata fixed effects using

the intended sample
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Dependent variable: Click (Yi,t)

(t = 4) (t = 5) (t = 6) (t = 7) (t = 8) (t = 9) (t = 10)

A. Breadth of Variety

Breadthi,t 0.00188∗∗ 0.00235∗∗∗ 0.00189∗∗∗ 0.00068 0.00135∗∗∗ 0.00067∗ 0.00069∗

(3.04) (4.33) (4.35) (1.73) (3.98) (2.07) (2.42)

Previous 0.00118∗ 0.00193∗∗∗ 0.00098∗∗ 0.00108∗∗∗ 0.00091∗∗∗ 0.00031 0.00079∗∗∗

Exposure (Ii,t) (2.56) (4.63) (2.97) (3.73) (3.70) (1.36) (4.01)

R2 0.212 0.186 0.178 0.147 0.143 0.118 0.113

Adjusted R2 0.075 0.067 0.074 0.053 0.058 0.040 0.041

B. Consecutive Changes

Changei,t 0.00131∗ 0.00158∗∗∗ 0.00156∗∗∗ 0.00059 0.00060∗ 0.00076∗∗ 0.00052∗

(2.32) (3.40) (4.39) (1.89) (2.28) (3.11) (2.46)

Previous 0.00093∗ 0.00158∗∗∗ 0.00086∗∗ 0.00107∗∗∗ 0.00064∗∗ 0.00043 0.00079∗∗∗

Exposure (Ii,t) (2.09) (3.98) (2.74) (3.84) (2.68) (1.89) (4.03)

R2 0.212 0.186 0.178 0.147 0.143 0.118 0.113

Adjusted R2 0.075 0.067 0.074 0.053 0.058 0.040 0.041

C. Gini-Simpson Index for Diversity

GiniSimpsoni,t 0.00409∗∗ 0.00564∗∗ 0.00912∗∗∗ 0.00409 0.00858∗∗∗ 0.00537 0.01056∗∗∗

(3.00) (3.01) (4.47) (1.76) (3.50) (1.96) (3.83)

Previous 0.00120∗∗ 0.00170∗∗∗ 0.00118∗∗∗ 0.00118∗∗∗ 0.00105∗∗∗ 0.00043 0.00120∗∗∗

Exposure (Ii,t) (2.58) (3.94) (3.33) (3.66) (3.70) (1.56) (4.99)

R2 0.212 0.186 0.178 0.147 0.143 0.118 0.113

Adjusted R2 0.075 0.067 0.074 0.053 0.058 0.040 0.042

Strata FE X X X X X X X

No. of Obs. 188,892 189,232 187,562 188,462 187,077 187,895 187,188

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table B.9: OLS estimates of the effects of variety on clicks for the top ad using the intended

sample
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Dependent variable: Click (Yi,t)

(t = 4) (t = 5) (t = 6) (t = 7) (t = 8) (t = 9) (t = 10)

A. Breadth of Variety

Breadthi,t 0.01371∗∗∗ 0.01700∗∗∗ 0.00846∗∗∗ 0.00888∗∗∗ 0.00890∗∗∗ 0.00807∗∗∗ 0.00699∗∗∗

(4.40) (5.95) (3.56) (3.85) (4.24) (3.96) (3.63)

Previous 0.00471 0.00411 0.00030 -0.00144 -0.00019 0.00303 0.00262

Exposure (Ii,t) (1.68) (1.54) (0.13) (-0.65) (-0.09) (1.53) (1.41)

R2 0.565 0.596 0.599 0.614 0.633 0.644 0.644

Adjusted R2 0.035 0.059 0.031 0.028 0.036 0.026 -0.007

B. Consecutive Changes

Changei,t 0.00843∗∗ 0.01242∗∗∗ 0.00308 0.00631∗∗ 0.00917∗∗∗ 0.00914∗∗∗ 0.00765∗∗∗

(2.67) (4.34) (1.31) (2.80) (4.47) (4.61) (4.08)

Previous 0.00343 0.00281 -0.00113 -0.00222 -0.00045 0.00306 0.00268

Exposure (Ii,t) (1.23) (1.05) (-0.50) (-1.01) (-0.23) (1.56) (1.45)

R2 0.564 0.596 0.599 0.614 0.633 0.644 0.644

Adjusted R2 0.034 0.059 0.030 0.027 0.036 0.027 -0.007

C. Gini-Simpson Index for Diversity

GiniSimpsoni,t 0.02760∗∗∗ 0.05400∗∗∗ 0.04075∗∗∗ 0.04251∗∗ 0.05747∗∗∗ 0.05679∗∗ 0.06266∗∗

(3.82) (5.07) (3.34) (2.83) (3.49) (2.99) (3.06)

Previous 0.00447 0.00396 0.00054 -0.00168 -0.00027 0.00282 0.00270

Exposure (Ii,t) (1.59) (1.47) (0.23) (-0.75) (-0.13) (1.39) (1.42)

R2 0.565 0.596 0.599 0.614 0.633 0.643 0.644

Adjusted R2 0.035 0.059 0.031 0.027 0.036 0.026 -0.008

Ad FE X X X X X X X

Strata FE X X X X X X X

No. of Obs. 57,363 50,684 45,882 41,332 37,773 34,717 32,241

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table B.10: OLS estimates of the effects of variety on clicks for the first time users are

exposed to the experimental condition using the survived sample
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Dependent variable: Click (Yi,t)

(t = 4) (t = 5) (t = 6) (t = 7) (t = 8) (t = 9) (t = 10)

Variety (Vi,t) 0.0062∗∗ 0.0116∗∗∗ 0.0070∗∗∗ 0.0061∗∗∗ 0.0057∗∗∗ 0.0070∗∗∗ 0.0059∗∗∗

(2.73) (5.86) (4.25) (3.92) (3.91) (5.10) (4.65)

breadth-constant (Qi,t) -0.0002 0.0042 -0.0004 0.0031 -0.0000 0.0040∗∗ 0.0040∗∗

Changes (-0.07) (1.55) (-0.20) (1.78) (-0.02) (2.95) (3.24)

Previous Exposure (Ii,t) 0.0001 0.0033 -0.0003 0.0004 0.0006 0.0024∗ 0.0020

(0.05) (1.91) (-0.22) (0.26) (0.48) (2.16) (1.87)

Ad FE X X X X X X X

Province-Hour-Day FE X X X X X X X

N 58981 54271 50844 47273 44060 41077 38528

R2 0.156 0.183 0.172 0.177 0.183 0.191 0.184

Adjusted R2 0.057 0.080 0.060 0.059 0.058 0.059 0.042

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table B.11: Linear regressions estimates of click model with for the first time users are

exposed to the experimental condition controlling for province-hour-day fixed effects
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Dependent variable: Click (Yi,t)

(t = 4) (t = 5) (t = 6) (t = 7) (t = 8) (t = 9) (t = 10)

Variety (Vi,t) 0.0105∗∗ 0.0149∗∗∗ 0.0083∗∗ 0.0072∗ 0.0070∗ 0.0085∗∗ 0.0060∗

(2.58) (4.13) (2.69) (2.49) (2.49) (3.23) (2.39)

Breadth-Constant (Qi,t) -0.0013 -0.0007 -0.0047 0.0008 0.0025 0.0051 0.0037

Changes (-0.20) (-0.14) (-1.23) (0.23) (0.81) (1.85) (1.46)

Previous Exposure (Ii,t) 0.0017 0.0017 0.0006 -0.0008 -0.0019 0.0025 0.0023

(0.49) (0.53) (0.20) (-0.31) (-0.79) (1.11) (1.06)

Ad FE X X X X X X X

Strata FE X X X X X X X

N 58981 54271 50844 47273 44060 41077 38528

R2 0.573 0.596 0.599 0.612 0.629 0.641 0.635

Adjusted R2 0.070 0.092 0.078 0.083 0.092 0.096 0.055

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table B.12: Linear regressions estimates of click model with for the first time users are

exposed to the experimental condition controlling for auction-invariant strata fixed effects
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Appendix C

APPENDIX FOR CHAPTER 5

C.1 Proofs

Proof of Lemma 1. In a mechanism M , we can write the maximum utility advertiser a

can receive as follows:

max
ba

uMi,a,t(ba;xa, Si,t) = max
ba

Ex−a

[
wi,a,t(xa;Si,t)q

M
i,a,t(ba, x−a;Si,t)− eMi,a,t(ba, x−a;Si,t)

]
,

(C.1)

where the expectation is over other advertisers’ click valuations, as we have IC. The first

derivative of advertiser a with respect to her click valuation xa as follows:

∂uMi,a,t(ba;xa, Si,t)

∂xa
= Ex−a

[
P (Yi,a | a, Si,t)qMi,a,t(ba, x−a;Si,t)

]
(C.2)

Given IC constraint, we know that uMi,a,t(xa;xa, Si,t) = maxba u
M
i,a,t(ba;xa, Si,t). Therefore,

based on envelope theorem, we have:

∂uMi,a,t(ba;xa, Si,t)

∂xa
|ba=xa= Ex−a

[
P (Yi,a | a, Si,t)qMi,a,t(x;Si,t)

]
(C.3)

Now, since u is differentiable, we can write:

uMi,a,t(xa;xa, Si,t)− uMi,a,t(x′a;x′a, Si,t) =

∫ xa

x′a

∂uMi,a,t(ba;xa, Si,t)

∂xa
dba

= P (Yi,a | a, Si,t)
∫ xa

x′a

Ex−a
[
qMi,a,t(ba, x−a;Si,t)

]
dba

(C.4)

This directly implies Equation (5.5) and completes the proof for Lemma 1.

Proof of Lemma 2. We can write the publisher’s revenues as follows:

Ex

[∑
a∈Ai

eMi,a,t(x;Si,t)

]
=
∑
a∈Ai

Ex

[
wi,a,t(xa;Si,t)q

M
i,a,t(x;Si,t)

]
−
∑
a∈Ai

Ex

[
wi,a,t(xa;Si,t)q

M
i,a,t(x;Si,t)− eMi,a,t(x;Si,t)

]
,

(C.5)
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where each component of the second term is advertiser a’s surplus and allows us to write it

as follows:

Ex

[∑
a∈Ai

eMi,a,t(x;Si,t)

]
=
∑
a∈Ai

Ex

[
wi,a,t(xa;Si,t)q

M
i,a,t(x;Si,t)

]
−
∑
a∈Ai

Exa

[
uMi,a,t(xa;xa, Si,t)

]
(C.6)

Using calculus theorems and Lemma 1, we can transform each element of the second term.

For brevity and with slight abuse of notation, we drop Si,t from the function specification,

and define pi,a = P (Yi,a | a, Si,t). We can write:

Exa

[
uMi,a,t(xa;xa)

]
=

∫ x̄a

¯
xa

uMi,a,t(xa)fa(xa)dxa

=

∫ x̄a

¯
xa

(
uMi,a,t(¯

xa;
¯
xa) + pi,a

∫ xa

¯
xa

Ex−a
[
qMi,a,t(ba, x−a)

]
dba

)
fa(xa)dxa

= uMi,a,t(¯
xa;

¯
xa) + pi,a

∫ x̄a

¯
xa

∫ xa

¯
xa

Ex−a
[
qMi,a,t(ba, x−a)

]
fa(xa)dbadxa

= uMi,a,t(¯
xa;

¯
xa) + pi,a

∫ x̄a

¯
xa

∫ x̄a

ba

fa(xa)Ex−a
[
qMi,a,t(ba, x−a)

]
dxadba

= uMi,a,t(¯
xa;

¯
xa) + pi,a

∫ x̄a

¯
xa

(1− Fa(ba))Ex−a
[
qMi,a,t(ba, x−a)

]
dba

= uMi,a,t(¯
xa;

¯
xa) + pi,a

∫ x̄a

¯
xa

(1− Fa(ba))
∫
x−a

qMi,a,t(ba, x−a)f−a(x−a)dx−adba

= uMi,a,t(¯
xa;

¯
xa) + pi,a

∫ x̄a

¯
xa

1− Fa(ba)
fa(ba)

∫
x−a

qMi,a,t(ba, x−a)f−a(x−a)dx−afa(ba)dba

= uMi,a,t(¯
xa;

¯
xa) + pi,a

∫
x

1− Fa(ba)
fa(ba)

qMi,a,t(ba, x−a)f(ba, x−a)dx−adba

= uMi,a,t(¯
xa;

¯
xa) + pi,a

∫
x

1− Fa(xa)
fa(xa)

qMi,a,t(x)f(x)dx

= uMi,a,t(¯
xa;

¯
xa) + pi,aEx

[
1− Fa(xa)
fa(xa)

qMi,a,t(x)

]
(C.7)

Now we can transform the publisher’s revenues in Equation (C.6) using Equation (C.7) to



300

complete the proof:

Ex

[∑
a∈Ai

eMi,a,t(x;Si,t)

]
=
∑
a∈Ai

Ex

[
wi,a,t(xa;Si,t)q

M
i,a,t(x;Si,t)

]
−
∑
a∈Ai

uMi,a,t(¯
xa;

¯
xa)−

∑
a∈Ai

pi,aEx

[
1− Fa(xa)
fa(xa)

qMi,a,t(x)

]

= Ex

[∑
a∈Ai

(
xa −

1− Fa(xa)
fa(xa)

)
pi,aq

M
i,a,t(x;Si,t)

]
−
∑
a∈Ai

uMi,a,t(¯
xa;

¯
xa, Si,t)

Proof of Proposition 4. Given the payments in Equation (5.8), it is easy to check that

uMi,a,t(¯
xa;

¯
xa, Si,t) = 0. We can write:

uMi,a,t(¯
xa;

¯
xa, Si,t) = Ex−a

[
wi,a,t(

¯
xa;Si,t)q

M
i,a,t(¯

xa, x−a;Si,t)− eMi,a,t(¯xa, x−a;Si,t)
]

= Ex−a

[
P (Yi,t | a, Si,t)

∫
¯
xa

¯
xa

qMi,a,t(ba, x−a;Si,t)dba

]
= 0

(C.8)

This implies that the second part of the publisher’s revenues in Equation (5.6) is zero,

i.e.,
∑

a∈Ai u
M
i,a,t(¯

xa;
¯
xa, Si,t) = 0. Thus, since the q is chosen to maximize the first part of

Equation (5.6) given some constraints, we know that mechanism M is optimal given those

constraint. It is now sufficient to show the following two statements: 1) mechanism M is

a direct revelation mechanism, and 2) any direct mechanism satisfies the constraints: q is

plausible and Ex−a
[
qMi,a,t(xa, x−a;Si,t)

]
is increasing in xa.

We start by showing that M is a direct revelation mechanism. The plausibility is satisfied

by definition. We only need to show both IR and IC. Given the payment function, we can

write the utility function for advertiser a as follows:

uMi,a,t(xa;xa, Si,t) = Ex−a

[
wi,a,t(xa;Si,t)q

M
i,a,t(x;Si,t)− eMi,a,t(x;Si,t)

]
= Ex−a

[
P (Yi,t | a, Si,t)

∫ xa

¯
xa

qMi,a,t(ba, x−a;Si,t)dba

]

= P (Yi,t | a, Si,t)
∫ xa

¯
xa

Ex−a

[
qMi,a,t(ba, x−a;Si,t)

]
dba

(C.9)
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Given uMi,a,t(¯
xa;

¯
xa, Si,t) = 0, this is equivalent to the envelope condition. Since the integral on

the RHS is always non-negative, ui,a,t is increasing, which combined with uMi,a,t(¯
xa;

¯
xa, Si,t) = 0

imply IR constraint. We now need to show IC constraint is also satisfied. We prove that by

contradiction. Suppose that there is an x′a that gives a higher utility to advertiser a than

truthful reporting, given everyone else bidding their true click valuations. Let γ denote the

gains advertiser a receives by reporting x′a instead of xa. We can write:

γ = uMi,a,t(x
′
a;xa, Si,t)− uMi,a,t(xa;xa, Si,t)

= uMi,a,t(x
′
a;x
′
a, Si,t)−

(
uMi,a,t(x

′
a;x
′
a, Si,t)− uMi,a,t(x′a;xa, Si,t)

)
− uMi,a,t(xa;xa, Si,t)

= uMi,a,t(x
′
a;x
′
a, Si,t)− uMi,a,t(xa;xa, Si,t)− (x′a − xa)P (Yi,t | a, Si,t)Ex−a

[
qMi,a,t(x

′
a, x−a;Si,t)

]
= P (Yi,t | a, Si,t)

(∫ x′a

xa

Ex−a

[
qMi,a,t(ba, x−a;Si,t)

]
dba − (x′a − xa)Ex−a

[
qMi,a,t(x

′
a, x−a;Si,t)

])

= P (Yi,t | a, Si,t)
∫ x′a

xa

Ex−a

[
qMi,a,t(ba, x−a;Si,t)− qMi,a,t(x′a, x−a;Si,t)

]
dba

(C.10)

Now, given that Ex−a
[
qMi,a,t(xa, x−a;Si,t)

]
is increasing in xa, it is easy to check γ ≤ 0 regard-

less of whether x′a > xa or not. This completes the proof of part 1: mechanism M is a direct

revelation mechanism.

Now, we show the second part: any direct revelation mechanism satisfies the constraints:

q is plausible and Ex−a
[
qMi,a,t(xa, x−a;Si,t)

]
is increasing in xa. A direct revelation mechanism

M satisfies IC constraints. Hence, for x′a > xa we can write:

uMi,a,t(xa;xa, Si,t) ≥ uMi,a,t(x
′
a;xa, Si,t) (C.11)

uMi,a,t(x
′
a;x
′
a, Si,t) ≥ uMi,a,t(xa;x

′
a, Si,t) (C.12)

Subtracting these two equations, we have:

uMi,a,t(xa;xa, Si,t)− uMi,a,t(xa;x′a, Si,t) ≥ uMi,a,t(x
′
a;xa, Si,t)− uMi,a,t(x′a;x′a, Si,t) (C.13)

Simplifying Equation (C.23) gives us:

(x′a − xa)
(
Ex−a

[
qMi,a,t(x

′
a, x−a;Si,t)

]
− Ex−a

[
qMi,a,t(xa, x−a;Si,t)

])
≥ 0 (C.14)
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Since x′a > xa, we can show that Ex−a
[
qMi,a,t(xa, x−a;Si,t)

]
is increasing in xa. This completes

the proof for the second part.

Proof of Lemma 3. The proof for this lemma is almost identical to the proof for Lemma

1. We start by writing down the maximization problem advertiser a faces in mechanism M :

max
ba

UM
i,a(ba;xa, Si) = max

ba
E

[
∞∑
t=1

βt−1
(
wi,a,t(xa;Si,t)q

M
i,a,t(ba, x−a;Si,t)− eMi,a,t(ba, x−a;Si,t)

)]
,

(C.15)

where the expectation is over other advertisers’ click valuations as well as the stochasticity

induce by the dynamic process. The reason we take the expectation over other advertisers’

click valuation is the main condition in the lemma: IC constraint. We can write the first

derivative of advertiser a with respect to her click valuation xa as follows:

∂UM
i,a(ba;xa, Si)

∂xa
= E

[
∞∑
t=1

βt−1P (Yi,t | a, Si,t)qMi,a,t(ba, x−a;Si,t)

]
, (C.16)

where, again, the expectation is over other advertisers’ click valuations as well as the

stochasticity induce by the dynamic process. IC constraint implies that UM
i,a(xa;xa, Si) =

maxba U
M
i,a(ba;xa, Si). We can now apply the envelope theorem as follows:

∂uMi,a,t(ba;xa, Si,t)

∂xa
|ba=xa= E

[
∞∑
t=1

βt−1P (Yi,t | a, Si,t)qMi,a,t(ba, x−a;Si,t)

]
(C.17)

Now, due to the first-differentiability of U , we have:

UM
i,a(xa;xa, Si)− UM

i,a(x′a;x
′
a, Si,t) =

∫ xa

x′a

∂UM
i,a(ba;xa, Si)

∂xa
dba

=

∫ xa

x′a

E

[
∞∑
t=1

βt−1P (Yi,t | a, Si,t)qMi,a,t(ba, x−a;Si,t)

]
dba,

(C.18)

which is equivalent to Equation (5.12) and completes the proof for Lemma 3.

Proof of Lemma 4. The steps for this proof is almost identical to the proof for Lemma
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2. We start by writing the publisher’s objective function:

E

[∑
a∈Ai

eMi,a(x;Si)

]
=
∑
a∈Ai

Ex

[
∞∑
t=1

βt−1wi,a,t(xa;Si,t)q
M
i,a,t(x;Si,t)

]
∑
a∈Ai

Ex

[
∞∑
t=1

βt−1wi,a,t(xa;Si,t)q
M
i,a,t(x;Si,t)− eMi,a(x;Si)

]

=
∑
a∈Ai

Ex

[
∞∑
t=1

βt−1wi,a,t(xa;Si,t)q
M
i,a,t(x;Si,t)

]
−
∑
a∈Ai

Exa

[
UM
i,a(xa;xa, Si)

]
,

(C.19)

where all the expectations are over the specified click valuations and the stochasticity induced

by the dynamic process. Now, we can transform each element of the second term. For brevity

and with slight abuse of notation, we drop Si and Si,t from the function specification, and
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define pi,a,t = P (Yi,a | a, Si,t). We can write:

Exa

[
UM
i,a(xa;xa)

]
=

∫ x̄a

¯
xa

UM
i,a(xa)fa(xa)dxa

=

∫ x̄a

¯
xa

(
UM
i,a(

¯
xa;

¯
xa) +

∫ xa

¯
xa

Ex−a

[
∞∑
t=1

βt−1pi,a,tq
M
i,a,t(ba, x−a)

]
dba

)
fa(xa)dxa

= UM
i,a(

¯
xa;

¯
xa) +

∫ x̄a

¯
xa

∫ xa

¯
xa

Ex−a

[
∞∑
t=1

βt−1pi,a,tq
M
i,a,t(ba, x−a)

]
fa(xa)dbadxa

= UM
i,a(

¯
xa;

¯
xa) +

∫ x̄a

¯
xa

∫ x̄a

ba

fa(xa)Ex−a

[
∞∑
t=1

βt−1pi,a,tq
M
i,a,t(ba, x−a)

]
dxadba

= UM
i,a(

¯
xa;

¯
xa) +

∫ x̄a

¯
xa

(1− Fa(ba))Ex−a

[
∞∑
t=1

βt−1pi,a,tq
M
i,a,t(ba, x−a)

]
dba

= UM
i,a(

¯
xa;

¯
xa) + pi,a

∫ x̄a

¯
xa

(1− Fa(ba))
∫
x−a

∞∑
t=1

βt−1pi,a,tq
M
i,a,t(ba, x−a)f−a(x−a)dx−adba

= UM
i,a(

¯
xa;

¯
xa) +

∫ x̄a

¯
xa

1− Fa(ba)
fa(ba)

∫
x−a

∞∑
t=1

βt−1pi,a,tq
M
i,a,t(ba, x−a)f−a(x−a)dx−afa(ba)dba

= UM
i,a(

¯
xa;

¯
xa) +

∫
x

1− Fa(ba)
fa(ba)

∞∑
t=1

βt−1pi,a,tq
M
i,a,t(ba, x−a)f(ba, x−a)dx−adba

= UM
i,a(

¯
xa;

¯
xa) +

∫
x

1− Fa(xa)
fa(xa)

∞∑
t=1

βt−1pi,a,tq
M
i,a,t(x)f(x)dx

= UM
i,a(

¯
xa;

¯
xa) + pi,aEx

[
1− Fa(xa)
fa(xa)

∞∑
t=1

βt−1pi,a,tq
M
i,a,t(x)

]
(C.20)
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Now we can re-write Equation (C.19) using Equation (C.20) to complete the proof:

Ex

[∑
a∈Ai

eMi,a(x;Si)

]
=
∑
a∈Ai

Ex

[
∞∑
t=1

βt−1wi,a,t(xa;Si,t)q
M
i,a,t(x;Si,t)

]

−
∑
a∈Ai

UM
i,a(

¯
xa;

¯
xa)−

∑
a∈Ai

Ex

[
1− Fa(xa)
fa(xa)

∞∑
t=1

βt−1pi,a,tq
M
i,a,t(x)

]

= Ex

[∑
a∈Ai

∞∑
t=1

βt−1

(
xa −

1− Fa(xa)
fa(xa)

)
pi,a,tq

M
i,a,t(x;Si,t)

]

−
∑
a∈Ai

UM
i,a(

¯
xa;

¯
xa, Si)

=
∑
a∈Ai

Ex

[
∞∑
t=1

βt−1

(
xa −

1− Fa(xa)
fa(xa)

)
pi,a,tq

M
i,a,t(x;Si,t)

]

−
∑
a∈Ai

UM
i,a(

¯
xa;

¯
xa, Si)

Proof of Proposition 5. The proof for this proposition is very similar to the

one for Proposition 4. We begin by providing the necessary and sufficient condi-

tions for the IC constraint. We first show that a mechanism M is IC if and only if

Ex−a
[∑∞

t=1 β
t−1P (Yi,t | a, Si,t)qMi,a,t(xa, x−a;Si,t)

]
is increasing in xa and we have the enve-

lope condition as presented in Equation (5.12).

We start our proof by the only if part. We want to show that if the mechanism M is

IC, then Ex−a
[∑∞

t=1 β
t−1P (Yi,t | a, Si,t)qMi,a,t(xa, x−a;Si,t)

]
is increasing in xa and we have the

envelope condition as presented in Equation (5.12). The latter is the result of Lemma 3. So

we only need to show the that IC implies monotonicity. Given the IC, for any x′a > xa we

can write:

UM
i,a(xa;xa, Si) ≥ UM

i,a(x′a;xa, Si) (C.21)

UM
i,a(x′a;x

′
a, Si) ≥ UM

i,a(xa;x
′
a, Si) (C.22)

Subtracting these two equations, we have:

UM
i,a(xa;xa, Si)− UM

i,a(xa;x
′
a, Si) ≥ UM

i,a(x′a;xa, Si)− UM
i,a(x′a;x

′
a, Si) (C.23)
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Simplifying Equation (C.23) gives us:

(x′a − xa)

(
Ex−a

[
∞∑
t=1

βt−1P (Yi,t | a, Si,t)qMi,a,t(xa, x−a;Si,t)

])
≥ 0 (C.24)

Since x′a > xa, we can show that Ex−a
[∑∞

t=1 β
t−1P (Yi,t | a, Si,t)qMi,a,t(xa, x−a;Si,t)

]
is increas-

ing in xa. This completes the only if part of the statement.

Now, we show the if part of the statement. If we have plausibility and monotonicity

conditions as above, then we IC constraint is satisfied. We assume that the IC is not satisfied

and then show contradiction. If IC is not satisfied, there exists an x′a that gives a higher

utility to advertiser a than truthful reporting, given IC for other advertisers. We denote the

gains from deviating by γ. We can write:

γ = UM
i,a(x′a;xa, Si)− UM

i,a(xa;xa, Si)

= UM
i,a(x′a;x

′
a, Si)−

(
UM
i,a(x′a;x

′
a, Si)− UM

i,a(x′a;xa, Si)
)
− UM

i,a(xa;xa, Si)

= UM
i,a(x′a;x

′
a, Si)− UM

i,a(xa;xa, Si)

− (x′a − xa)Ex−a

[
∞∑
t=1

βt−1P (Yi,t | a, Si,t)qMi,a,t(x′a, x−a;Si,t)

]

=

∫ x′a

xa

E

[
∞∑
t=1

βt−1P (Yi,t | a, Si,t)qMi,a,t(ba, x−a;Si,t)

]
dba

− (x′a − xa)Ex−a

[
∞∑
t=1

βt−1P (Yi,t | a, Si,t)qMi,a,t(x′a, x−a;Si,t)

]

=

∫ x′a

xa

Ex−a

[
∞∑
t=1

βt−1P (Yi,t | a, Si,t)qMi,a,t(ba, x−a;Si,t)

−
∞∑
t=1

βt−1P (Yi,t | a, Si,t)qMi,a,t(x′a, x−a;Si,t)

]
dba

(C.25)

Now, given that Ex−a
[∑∞

t=1 β
t−1P (Yi,t | a, Si,t)qMi,a,t(xa, x−a;Si,t)

]
is increasing in xa, it is

easy to check γ ≤ 0 independent of the relationship between x′a and xa. This contradicts the

assumption that γ > 0 and shows that mechanism M is IC.

Now we show that the proposed mechanism is optimal. This mechanism maximizes the

first component in Equation (5.13) subject to the plausibility and monotonicity conditions,
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while setting the payment such that the second component is zero. Given the payments, we

can write:

UM
i,a(xa;xa, Si) = E

[
∞∑
t=1

βt−1
(
wi,a,t(xa;Si,t)q

M
i,a,t(xa, x−a;Si,t)− eMi,a,t(xa, x−a;Si,t)

)]

=

∫ xa

¯
xa

Ex−a

[
∞∑
t=1

βt−1P (Yi,t | a, Si,t)qMi,a,t(ba, x−a;Si,t)

]
dba

(C.26)

Equation Equation (C.26) shows that UM
i,a(

¯
xa;

¯
xa, Si) = 0 for all a, which implies that we have

the envelope condition as in Equation (5.12). Together, these imply IR constraint. Further,

the envelope condition and the monotonicity constraint are equivalent to the IC constraint.

Therefore, IC is also satisfied in our case.

Now we only need to show the optimality of the mechanism M . Since∑
a∈Ai U

M
i,a(

¯
xa;

¯
xa, Si) = 0, the choice of q maximizes the publisher’s objective given the

plausibility and monotonicity constraint. Since these two constraints are necessary for any

direct revelation mechanism, the mechanism M is optimal.

This equivalence proves two statements: 1) IC is satisfied, and 2) any direct revelation

mechanism must satisfy monotonicity and plausibility.

Proof of Lemma 5. We only need to show that

Ex−a

[
∞∑
t=1

βt−1P (Yi,t | a, Si,t)qMi,a,t(xa, x−a;Si,t)

]

is increasing in xa. Let qM and qM
′
denote the optimal allocation functions derived by Equa-

tion (5.17) and Equation (5.18) for click valuation profiles x and x′ respectively. Since these

mechanisms are optimal for corresponding cases, we can write the following two inequalities:

E

[
∞∑
t=1

βt−1

(∑
a∈Ai

(
xa −

1− Fa(xa)
fa(xa)

)
P (Yi,t | a, Si,t)qMi,a,t(xa;Si,t)

)]

≥ E

[
∞∑
t=1

βt−1

(∑
a∈Ai

(
xa −

1− Fa(xa)
fa(xa)

)
P (Yi,t | a, Si,t)qM

′

i,a,t(x
′
a;Si,t)

)]
,

(C.27)
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and

E

[
∞∑
t=1

βt−1

(∑
a∈Ai

(
x′a −

1− Fa(x′a)
fa(x′a)

)
P (Yi,t | a, Si,t)qM

′

i,a,t(x
′
a;Si,t)

)]

≥ E

[
∞∑
t=1

βt−1

(∑
a∈Ai

(
x′a −

1− Fa(x′a)
fa(x′a)

)
P (Yi,t | a, Si,t)qMi,a,t(xa;Si,t)

)] (C.28)

Subtracting these two inequalities will give us the following inequality:

E

[
∞∑
t=1

βt−1

(∑
a∈Ai

(
xa −

1− Fa(xa)
fa(xa)

− x′a +
1− Fa(x′a)
fa(x′a)

)
P (Yi,t | a, Si,t)qMi,a,t(xa;Si,t)

)]

≥ E

[
∞∑
t=1

βt−1

(∑
a∈Ai

(
xa −

1− Fa(xa)
fa(xa)

− x′a +
1− Fa(x′a)
fa(x′a)

)
P (Yi,t | a, Si,t)qM

′

i,a,t(x
′
a;Si,t)

)]
(C.29)

Now, suppose that x and x′ are the same at each element except the a-th element, i.e.,

xa 6= x′a and xj = x′j for all j 6= a. Further, suppose that xa > x′a. We can then write:

E

[
∞∑
t=1

βt−1

(
xa −

1− Fa(xa)
fa(xa)

− x′a +
1− Fa(x′a)
fa(x′a)

)
P (Yi,t | a, Si,t)qMi,a,t(xa;Si,t)

]

≥ E

[
∞∑
t=1

βt−1

(
xa −

1− Fa(xa)
fa(xa)

− x′a +
1− Fa(x′a)
fa(x′a)

)
P (Yi,t | a, Si,t)qM

′

i,a,t(x
′
a;Si,t)

]
(C.30)

Now, since the distribution Fa is regular, we have:

E

[
∞∑
t=1

βt−1P (Yi,t | a, Si,t)qMi,a,t(xa;Si,t)

]
≥ E

[
∞∑
t=1

βt−1P (Yi,t | a, Si,t)qM
′

i,a,t(x
′
a;Si,t)

]
(C.31)

The last inequality directly implies Ex−a
[∑∞

t=1 β
t−1P (Yi,t | a, Si,t)qMi,a,t(xa, x−a;Si,t)

]
increas-

ing in xa and completes the proof.


