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Abstract

Analyzing paid search campaigns using keyword-level data and Bayesian

statistics

by Tobias-Benedikt Blask

Online marketing, especially Paid Search Advertising, has become one of the most

important paid media channels for companies to sell their products and services

online. Despite being under intensive examination by a number of researchers for

several years, this topic still offers interesting opportunities to contribute to the com-

munity, particularly because of its large economic impact and practical relevance as

well as the detailed and widely unfiltered view of consumer behavior that such mar-

keting offers.

To provide answers to some of the important questions from advertisers in this con-

text, I present four papers in my thesis, in which I extend previous works on opti-

mization topics such as click and conversion prediction. I apply and extend meth-

ods from other fields of research to specific problems in Paid Search. After a short

introduction, I start with a paper in which we illustrate a new method that helps

advertisers to predict conversion probabilities in Paid Search using sparse keyword-

level data. We address one of the central problems in Paid search advertising, which

is optimizing own investments in this channel by placing bids in keyword auctions.

In many cases, evaluations and decisions are made with extremely sparse data, al-

though anecdotal evidence suggests that online marketing is a typical "Big Data"

topic. In the developed algorithm presented in this paper, we use information such

as the average time that users spend on the advertiser’s website and bounce rates

for every given keyword. This previously unused data set is shared between all

keywords and used as prior knowledge in our proposed model. A modified version

of this algorithm is now the core prediction engine in a productive Paid Search Bid

Optimization System that calculates and places millions of bids every day for some

of the most recognized retailers and service providers in the German market.



iv

Next, I illustrate the development of a non-reactive experimental method for A/B

testing of Paid Search Advertising activities. In that paper, we provide an answer to

the heavily discussed question of whether and under what circumstances it makes

economic sense for brand owners to pay for Paid Search ads for their own brand

keywords in Google AdWords auctions.

Finally, I present two consecutive papers with the same theoretical foundation in

which I apply Bayesian methods to evaluate the impact of specific text features in

Paid Search Advertisements. The first of the two papers covers a topic that is of in-

terest from two perspectives. On the one hand, I examine the impact of the content

of specific text features in paid search advertising. On the other hand, I also inves-

tigate a topic that has relevance to sustainability research as well. In practice, com-

panies take their responsibilities for a sustainable planet more and more seriously.

In the online-retail businesses, a significant share of all CO2 emissions is generated

by delivering goods to their clients. Now various companies are implementing a

greener logistic chain into their business processes. A central question for these per-

formance driven companies in this context is whether it pays to invest in additional

costs for carbon neutral delivery and if the customers appreciate these steps and pre-

fer retailers that behave in this manner. In the given paper, I apply a non reactive

A/B-test that enables me to evaluate the influence of sustainability information on

the customers decision to buy a product by clicking on an advertisement. In a fur-

ther developed version of the previous paper, I examine the influence of the content

of text ads in a multivariate setup for a major European car dealer and conclude by

finally showing that differences in the formulation of the textual content can have

influence on the click probability of Paid Search ads.

Overall, this theses provides contributions to a number of practically and scientifi-

cally relevant topics in the Paid Search research community.
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Chapter 1

Introduction

1.1 Introduction

Internet search engines like Google, Yandex, Baidu and Bing play an undisputed key

role in the modern information society. On the one hand, they serve the information

needs of their users, but on the other hand, they represent an important source of

customer acquisition for companies in a broad variety of industries and sizes (Jansen

et al., 2009; Jansen and Mullen, 2008). Following the "IAB Internet Advertising Rev-

enue Full Year 2016" (IAB, 2017) report, US Internet advertising spending summed

up to approximately $72.5 billion. In the United States alone, Paid Search accounted

for 48% of the 2016 advertisers’ online advertising budgets at around $35 billion,

growing about 19% from 2015 ($29.5 billion). Although the technology landscape in

the online advertising industry is constantly changing, one can be reasonably certain

that Paid Search will remain an important part of advertisers’ marketing mix for a

long period.

From a user’s perspective, search engines provide results whenever the user enters

search queries into their given Internet device web browser. These results are gen-

erated individually per query, depending, e.g., on the user’s location, prior search

behavior, and presumed specific intention of the specific query. The search engine

displays generic (also known as "organic") results as well as advertisements on the

results page (as can be seen in fig 1.4). The search engine marks these results as

advertisements and displays them above and alongside the generic results. Higher

positions are sold for higher prices by the search engine companies as they are more

likely to receive a click for a given advertisement than a lower position.

These ads provide the search engine companies with significant portions of their rev-

enues. While still growing rapidly, Paid Search Advertising already dominates the
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online media spending of companies that advertise on the Internet. In this form of

advertising, advertisers provide search engines with text advertisements and a list of

keywords, which can consist of one or more terms alongside which they would like

their ads to be displayed. The advertiser usually also provides a number of attributes

for each of these keywords, but at the minimum, advertisers define the amount of

money they are willing to pay for a click on an ad for this specific keyword (Jansen,

2011). Every time a user types in a query, the search engine generates individually

personalized result pages depending on the user’s location, search history and other

factors. If ads are available that would likely satisfy the need of the user, the search

engine displays these ads alongside the organic results. The amount of money that

advertisers are willing to pay for any given keyword strongly depends on the ex-

pected economic outcome when somebody has clicked on their advertisement. For

example, the keyword “Trading Platform” has an average cost-per-click of more than

25 EUR in Germany. Other keywords such as, for example, “Call Center Job” have

an average cost-per-click of less than 0.50 EUR. How is this possible? The easiest

way to understand this disparity might be to take these average prices per click as

an estimate of the advertisers’ consideration of the expected revenue that a given

user will generate when entering the website via one of those keywords. Assum-

ing that one out of ten users might convert into a customer for a specific provider

of trading platforms in Germany when entering the website via the given keyword,

if each of those conversions was worth 250 EUR, it would be rational to invest no

more than 25 EUR in the acquisition of a user. But how does the overall process and

especially pricing work in this environment?

Yao and Mela (2007) contributed a first comprehensive literature review of Paid

Search Advertising from the perspective of three stakeholders: (1) search engine

companies, (2) advertisers, and (3) users. In my thesis, I concentrate on the ad-

vertisers’ perspective. Nevertheless, it is important to understand the basics of the

market and the motivations of the central stakeholders, which I will illustrate in the

following chapter. Furthermore, there are a number of additional stakeholders in

this marketing channel, as can be seen in fig. 1.1. Some of those come with privacy

and policy concerns while measuring the success of the campaigns (Siebert, 2017),

and others have a broad variety of interests within this context.

Qin, Chen, and Liu (2015) present a comprehensive review of Paid Search research.

They categorize developments in this area into two basic streams. On the one side,

they identify papers in which we generally find assumptions such as fully rational
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FIGURE 1.1: Stakeholders in Paid Search Advertising from an adver-
tiser’s perspective

advertisers that have no constraints in terms of budget. All advertisements have

known and independent Click-Through Rates (CTRs), and search queries by users

always match the keywords of the advertisers perfectly. On the other side, they iden-

tify a large number of papers in which these constraints are relaxed, which makes

the research more applicable to practice but often seems to weaken their theoretical

foundation. In my contributions, I concentrate on research that is applicable in prac-

tice. First, fig. 1.2 illustrates the process and some basic market mechanisms in the

context of what it is like to place a keyword on a search engine results page as an ad-

vertiser. The figure consists of four parts. In the first part, I describe how the pricing

mechanism works. In the second part, I show what else influences the search en-

gine results page. In the third part, I illustrate some of the most significant elements

on the advertiser’s website itself, and I conclude with the economic evaluation of

placing advertisements for a specific keyword.

As an advertiser, you want to be present on the search engine results page whenever

somebody enters a query that could result in a conversion on your website. If more

than one advertiser is willing to pay for the display of an ad, the search engine

auctions the position of these ads among all interested advertisers. In each auction,

only the advertiser that is getting a click on an ad is charged by the search engine. As
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FIGURE 1.2: Simple model of a Sponsored Search process from the
the advertiser’s perspective

an advertiser, there are generally speaking two instruments to influence the position

that your advertisement receives on the search engine results page. The first is the

amount of money that you are willing to pay per click, from here on referred to as

the "bid"; the second is the optimization of the so-called quality score that the search

engines take into consideration in the auctions in order to maximize their profits by

rewarding keyword/ad combinations that have a high relevance to users.

The auction design is based on a Generalized Second-Price Auction (GSP). This is

the commonly used approach in practice. To provide a better understanding of the

underlying mechanism, I will briefly illustrate the basic concept behind GSP auction

as described by Qin, Chen, and Liu (2015).

GSP auctions are about pricing and ranking. This auction type usually contains a
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number of n bidders that want to be displayed in one of k available slots in the

auction. In most cases, there are more bidders than available slots (n >k). Every

bidder i in the auction has a maximum price he or she is willing to pay for a click on

the advertisement. This price is usually close to or exactly the expected value of the

click to the advertiser vi. The maximum price is then submitted by the bidder i to

the search engine as bid bi. Advertisers usually take part in more than one auction.

For this reason, they submit a multitude of bids to the search engine (bi1,bi2, . . . ,bin).

Per definition, no advertiser is charged more than bi in the auction.

Qin, Chen, and Liu (2015) illustrate that the CTR for a given ad is composed from a

position-discount term θ s and an advertiser-specific term qi that indicates the adver-

tiser’s specific probability of getting a click when the given ad has been recognized

by a user (CTRi,s = qiθs).

The calculation of prices usually happens in the same way: All bidders in the auc-

tion would have to pay the minimum price that they would have had to offer to

reach their specific position if their ad was clicked. Following the authors, there are

several ways to calculate the position outcome with the underlying position ranking

function y(qi,bi).

They show two simple but popular variants of this function as follows: y(qi,bi) = bi.

The advertiser with the bid i ≤ k wins position i and has to pay (bi+1). This variant is

called rank-by-bid GSP. The other variant that they describe is y(qi,bi) = qi bi. The ad

positions are ranked by multiplying the previously known or estimated advertiser-

specific CTRs and their respective bids. The positions are ordered descending by

qibi, and for each click they have to pay the price pi, which is calculated as follows:

pi =
qi+1bi+1

qi

In practice, the so-called ad rank that I refer to in fig. 1.2 consists largely of the

expected CTRi,s. There is a great deal of additional research on optimizations in the

auction model from a search engine’s perspective. However, from the advertiser’s

point of view, knowing how prices are set should be sufficient for the moment.

In published research, online marketing, and Sponsored Search especially, has be-

come an established topic with a variety of high quality publications in Computer

Science and Information Science as well as in the fields of Operations Research and

Marketing. Since 2004, Sponsored Search has continuously become a more impor-

tant topic in the Online Marketing research area.
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On the following pages, we will delve deeper into the interests and motivations of

these stakeholder groups and how they affect advertiser behavior.

1.2 The users

Users make the decisions that lead to the success of all the efforts that are taken by

search engines and advertisers—it is the users that generate the revenues by first

clicking on advertisements and then buying products or services. But what exactly

are the decisions that users make, and what impact do these choices have on adver-

tiser behavior? Basically, users are trying to obtain the best insights for their specific

concern with the least possible effort. Following Yao and Mela’s stakeholder model,

users have to make three kinds of decisions while crawling the web with search en-

gines: (1) Choosing the best engines and keywords, (2) choosing the specific links

on the results page and finally (3) deciding whether to make a purchase on the

website of a given advertiser.

The authors illustrate that the way users make decisions in search engines can be

observed in other contexts. Similar selection processes were described by Stigler in

the 1960s (Stigler, 1961; Stigler, 1962) and Weitzman in the late 1970s (Weitzman,

1979). They describe sequential and non-sequential types of searches. A sequential

search is a linear process in which the searcher considers one result after another un-

til he or she has found something that satisfies his or her needs. The non-sequential

search process, however, begins with choosing a number of results that will finally

be considered by the searcher. Afterwards, the searcher examines all these results

and selects the best option within this set. Yao and Mela compare the Internet search

process to a conventional shopping trip where users choose relevant stores and cate-

gories before deciding for a specific outlet at which to buy their product. They trans-

fer the described behavior to the Internet search engine with the same two types of

search patterns, but adopt these in a more concrete way for the Sponsored Search

process. In terms of the sequential pattern, they simply describe users that investi-

gate one search engine after another. The adoption of the non-sequential pattern is

characterized by users who choose a number of search engines at a time and evalu-

ate the results by opening a number of these websites at the same time, having all of

them in their current consideration set. In practice, we find a mix of these two pat-

terns. It is especially interesting to compare a user’s search behavior when it comes

to different product types and complexities. The authors describe that the perceived
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complexity of the topic of interest may have an impact on the way that search en-

gines are used, especially when it comes to the possible size of the consideration

set.

After finding the optimal search engines for their specific needs, users select the best

possible results on the search engine’s result pages. This specific user decision di-

rectly impacts the advertiser and search engine behavior. In practice, search engines

often provide users with guidance concerning the best suited link. They do this by

ordering the results in terms of a best possible guess on what might satisfy the needs

of this specific user in terms of individual demographics, geographic location, previ-

ous queries, etc. The advertising placements with the highest click probability on the

result pages are more valuable to the search engine and the advertiser than any oth-

ers. For the search engine, this is the placement that eventually produces the highest

revenue in a pay-per-click model. It could make sense to sell this placement to the

advertiser willing to pay the most for a click. To maximize their long term revenues,

the search engine has to provide users with the best possible results at every visit,

which may sometimes be in conflict with its own short term monetary interests.

1.3 The Internet search engines

Search engines have two goals they need to balance to reach their business goals.

First and foremost, they have to attract people to use the search engine for their

queries. In fact, they have a vital interest in having as many users as possible on

their websites as this is the only way for them to become relevant for advertisers

and their advertising budgets. Therefore, they need to provide the best possible ex-

perience for their users. Second, they have to be an attractive partner for advertisers

to ultimately maximize their revenues. This becomes especially interesting for them

as they usually offer their services completely free of charge to users. The search

engines have to generate revenues mainly from monetizing user queries. Search en-

gines went through interesting developments over the past 20 years to get to a point

where this business model became successful. This becomes evident when examin-

ing their result pages over time. The first figure shows a screenshot of the world’s

leading search engine, Google, as it looked in 1998 (fig. 1.3). We find only generic

results on the website and no obvious monetization model. Since overloaded web

directories were the industry standard at the time, search engines, especially Google,

had a very strong simplification approach, following the simple goal of providing

the best suitable result in the most comfortable way to the user.
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FIGURE 1.3: Screenshot of the appearance of Google’s search engine
in 1998
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FIGURE 1.4: Google Search Engine Results Page 2016

As stated, this service was provided free of charge for users and did not generate

substantial revenues to the search engine company. But that changed over time.

A recent screenshot of the same search engine illustrates how the business model

developed. In fig. 1.4, we find that the search engine mainly displays advertisements

to the user on the largest part of the visible area of the results page.

Considering the central goal of being attractive for users and advertisers, research

on a search engine’s topics focuses on revenue maximization in the context of this

thesis.

Research on the basic design of Paid Search auctions is at the core of many pub-

lications. A number of theoretical contributions can be found that develop game-

theoretic approaches to equilibrium optimization in GSP auctions as illustrated by

various authors (Bu, Deng, and Qi, 2007; Edelman, Ostrovsky, and Schwarz, 2007;

Cigler, 2009). There are discussions about the introduction of minimum prices (Go-

nen and Vassilvitskii, 2008) or the possible benefits of hybrid auction types. In these
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auctions, the advertisers are given the choice of being charged on a CPC or Cost-

Per-Mille (CPM ) (Zhu and Wilbur, 2011) or Cost-per-Action (CPA) basis (Edelman

and Lee, 2008). None of the important players in the search engine market imple-

ment such a choice for advertisers, as they expect their revenues to decline. But

advertisers are given the option to set goals on a CPA level, for example, while still

being charged by CPC in the Google search engine. Amaldoss, Desai, and Shin

(2015) examine the impact on the search engine’s profits from the introduction of

first-page bid estimates instead of minimum prices for their GSP auctions.

One of the problems that search engines and advertisers share in practice concerns

the long-tail, which can be explained by the existence of a gap between the very

few popular keywords among advertisers (head keywords) and a large number of

keywords with only a low degree of competition between advertisers. Those key-

words are often not frequently demanded by users. Dasdan et al. (2009) investigate

the opportunities that could arise if search engines allowed their advertisers to spec-

ify factors other than a list of keywords (input bidding) that determine the delivery

of an advertisement (output bidding). This includes booking categories and target

groups, which would enable search engines to supply search engine Result Pages

(SERPs) with ads that have not been in great demand by advertisers. In practice,

this is basically implemented in the context of matchtypes (broad, modified broad,

phrase, exact and negative) and to an even greater extent with shopping feeds and

remarketing.

Various authors explore optimization problems with a focus on budget constraints

of the bidders in the auctions (Colini-Baldeschi et al., 2015; Borgs, Chayes, and Im-

morlica, 2005; Zhou, Chakrabarty, and Lukose, 2008; Abrams, Mendelevitch, and

Tomlin, 2007). In practice, search engines have to satisfy the user’s query by offer-

ing relevant results. Here, we find another example for the triage of interests as the

quality of the identification of a query intent is important for search engines first of

all, but it is also relevant to advertisers as they have to decide on keywords that have

a good chance of ultimately leading to a conversion. This indicates the relevance of

having algorithms that classify queries (Jansen, Booth, and Spink, 2008; Guo and

Agichtein, 2010; Ashkan A., 2009; Ashkan and Clarke, 2013; Attenberg et al., 2009;

Weber and Jaimes, 2011) along "navigational", "informational" and "commercial" di-

mensions as well as mixed forms of these. In fact, only a small fraction of all queries

have a direct commercial background, which makes it important for advertisers to

correctly identify these terms in order to avoid wasting expenditure on visitors who

have no intention of converting into customers. The better these intentions for each
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individual query session are understood by search engines, the higher the chance

that search engines can precisely match the needs of the current user and can dis-

play appropriate advertisements.

1.4 The advertisers

One central topic of interest for advertisers concerns the factors that influence whether

the exposure of an ad to a group of users leads to visits to the advertiser’s website.

What is even more interesting is whether these visits ultimately lead to conversions.

My contribution to these topics is presented in chapter 2, where my co-authors and

I present a new way to predict conversion probabilities based on user behavior, and

in chapter 3, in which we investigate the economic impact of paid search advertising

on brand terms. I also present two consecutive papers in which I investigate the in-

fluence of specific text features in Paid Search advertisements on click probabilities

in chapters 4 and 5.

1.4.1 Click-Through Rates on the Search Engine Results Page

In the second part of fig. 1.2, I illustrate some features that can impact the likelihood

that a user will click on an advertisement and be directed to the advertiser’s website.

This topic has been investigated intensely since the beginnings of the Sponsored

Search advertising format.

Four factors can be clearly identified to greatly influence the click probabilities for

any given ad/query combination. These are the position of the ad, the perceived

relevance of the presented ads, keyword types and the content of the ad.

Various authors find that the ad position within the Sponsored Search results has a

major influence on its CTR. A number of studies show a correlation between posi-

tion and CTR (e.g. Richardson, Dominowska, and Ragno, 2007; Agarwal, Hosana-

gar, and Smith, 2011). This effect is basically undisputed (Narayanan and Kalyanam,

2015) and has received intense research in the past. From an advertiser’s perspec-

tive, predicting future CTRs for their keyword combinations is of interest. Zhu et al.

(2010) even find a significant effect in terms of conversion probability for the top two

positions on SERPs.

Users have specific search and crawl patterns on SERPs. This knowledge can be used

to help predict click probabilities of results on these pages. Craswell et al. (2008)
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present several models for predicting the CTR: the baseline, mixture, examination,

and cascade models. The findings were based on organic search results but they

are applicable to sponsored search results, as well. The underlying assumption of

the baseline model is that a user screens every search result and decides afterwards

which one is most appropriate to the query. As a consequence, the click probabil-

ities for each individual search result are identical, independent of their position.

The mixture model extends the baseline model and divides user behavior into two

groups. One group behaves as described in the baseline model, while the other

group randomly clicks on one of the first search results. The examination model

refers to findings from eye-tracking studies that state that with declining position,

the probability of a click declines as well (Joachims et al., 2005; Joachims et al., 2007).

The cascade model is one of the most applied explanation approaches because of

its strong ability to explain click data. The basic assumption is that the user scans

each search result, from the top to the bottom, comparing the relevance of each ad

with the relevance of the previous ad. The user continuously scans the results un-

til the perceived ad relevance reaches a certain level, at which time the user clicks.

Jeziorski and Segal (2015) find in their study based on user-level data from Microsoft

Live that users tend to click ads in a nonsequential order and that the CTR depends

on the identity of the respective ads.

Following Ghose and Yang (2009), the keyword type also influences the CTR. Ac-

cording to the study, keywords with retailer-specific content lead to a significant

increase in CTR. One challenge is to predict the CTR of keywords or keyword

combinations for potential future Sponsored Search ads, much as it is for the search

engine companies to maximize their revenues in Paid Search auctions (Gatti et al.,

2015). One solution that has been proposed is aggregating historical data from simi-

lar keywords (Regelson and Fain, 2006). Here, the CTR is represented as a function

of the position. The same clustering approach can be applied in optimizing the

search engines’ profit (Dave and Varma, 2010). There are also models taking the

quality score into account (Ilya, 2010; Dembczynski, Kotlowski, and Weiss, 2008). A

model developed by Zhu et al. (2010) called the General Click Model focuses on the

CTR prediction of long-tail queries, based on a Bayesian network. Dealing with the

position bias mentioned before, Zhong et al. (2010) incorporate post-click user be-

havior data from the respective landing page of the clicked ad into the click model

to refine the estimation of the perceived user relevance after clicking on a specific ad.

A similar approach using Dynamic Bayesian networks can be found in Chapelle and

Zhang (2009). Several models based on historical click data suffer from limitations in

terms of failing to consider a possible user-learning effect. Taking Gauzente’s results
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as an example, it has been shown that past user satisfaction with Sponsored Search

results influences the current click behavior (Gauzente, 2009). Based on user-level

data,Zhang et al. (2014) are able to illustrate sequential click preferences using Re-

current Neural Networks. This level of data, however, is usually only available to

the search engine companies themselves and not to advertisers and is thereby not

the focus of my thesis.

Besides the incorporation of position data and the perceived relevance of presented

ads, the CTR of an ad is also affected by the relationship between Organic and Spon-

sored Search results. Listing the results of one company at the same time in Spon-

sored and Organic Search results seems to lead to a higher CTR (Yang and Ghose,

2010) for the paid results. In two papers of this thesis, I empirically investigate the

importance of ad content. Wang et al. (2013) find that the existence of specific text

patterns in text advertisements in Paid Search advertising influences the likelihood

that a given user will click on the ad. In chapter 4, we develop and perform a non-

reactive A/B-test that enables us to evaluate the influence of sustainability informa-

tion on the customer’s decision to buy a product by clicking on an ad on a SERP.

I analyze campaign performance data generated from a European e-commerce re-

tailer and apply a Bayesian parameter estimation to compare the two groups. This

study shows that this type of content has an impact on user decisions to click ad

buys. More concretely, the findings in chapter 4 show that the content of an ad has

a large impact if it is relevant to the user. Paid Search Advertisers have very few op-

tions to influence the user’s decision to click on one of their ads. The textual content

of the creatives seems to be one important influencing factor, beneath its position on

the SERP and the perceived relevance of the given ad to the present search query. In

the study in chapter 5, we perform a non-reactive multivariate test that enables us

to evaluate the influence of specific textual signals in Paid Search creatives. In this

case, however, we do not use sustainability information but rather concrete prices

as a variant. A Bayesian analysis of variance (BANOVA) is applied to evaluate the

influence of various text features on click probabilities. In this case, we conclude by

finally showing that differences in the formulation of the textual content can have a

substantial influence on the click probability of Paid Search ads.

1.4.2 Conversion Rates at the advertiser’s own domain

In most cases, an advertiser wants to generate revenue by selling products or ser-

vices through Sponsored Search. So, the prediction of a user’s likelihood to convert
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is a major issue in the field of e-commerce. The detailed definition of a conver-

sion depends on the specific website intention but is mostly some type of purchase

or membership. Following the results of several studies, the five factors below are

among the most important in influencing the conversion rate, CV R. These factors

are keyword characteristics, ad position, user intention, quality and content of the

landing page and product type.

Obviously, not all the listed factors are directly linked to Sponsored Search. Nonethe-

less, they have an influence on the conversion rate as will be argued later in this

section. It is necessary to keep in mind that the keyword type and ad position influ-

encing factors as well as the quality of the landing page and the included product

group are all interconnected. Acknowledging this fact, several studies analyze a

combination of these factors. With regard to keyword characteristics, the presence

of brand information in the keyword decreases the conversion rate; a study of user

data from US-online retailers by Ghose and Yang (2009) reveals a rate decrease in the

analyzed dataset of more than 40%. Conversely, a retailer-specific keyword leads to

an increase. Rutz, Bucklin, and Sonnier (2012) show that the conversion rate is likely

to be higher for branded than for generic keywords.

Some authors find that the ad position has an influence on conversion probabilities.

Agarwal, Hosanagar, and Smith (2011) state that for longer keywords, the conver-

sion rate initially increases but then decreases with the ad position. This effect does

not occur, however, with shorter keyword phrases (head), which show continuously

decreasing CV R with decreasing position.

Ghose and Yang (2010) find that the CV R is also influenced by a combination of

position and product type. Based on a dataset of US retailers, it has been found

that several product categories show higher position sensitivity with regard to the

conversion rate than others. Similarly to keyword characteristics and ad position,

the third factor, user intention has a major influence on the conversion rate, as has

already been mentioned in the section on market mechanisms. Montgomery et al.

(2004) develop a model to predict conversions depending on path data distinguish-

ing between two types of user intention, browse (no real purchase intention) and

deliberate (focused purchase intention).

The influence of the landing page quality on the conversion probability seems to

depend on the product type. For example, Huang, Lurie, and Mitra (2009) distin-

guish goods into experience and search goods. Based on a dataset of more than

50,000 households, they found that providing users with feedback from other users
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who have already purchased the respective product leads to an increased likelihood

of the product being purchased. Furthermore, the analysis of the dataset revealed

different degrees of depth and breadth of the search, depending on the intended

product type. A limited number of different page visits (breadth) but longer time

frames for each visit (depth) are characteristic of the search behavior of customers

looking for experience goods. These findings emphasize the relevance of the product

type as well as the design and usability of the online shop as an influencing factor on

conversion probability. Ye, Aydin, and Hu (2014) even find evidence that increasing

and decreasing prices on the landing pages relative to the customers demand in paid

search makes sense for advertisers when optimizing their own earnings.

In practice, the search engine advertising accounts of big spenders often consist of

hundreds of thousands of keywords that are organized into a large number of ad

groups and campaigns. A large proportion of the available media budget is allocated

to only the very small fraction of keywords that are responsible for the largest part

of the revenue of the advertiser. The advertiser has only very few observations in

terms of conversions, clicks or even impressions for most keywords in his account.

In the paper in chapter 2 of this thesis, we investigate the prediction of conversion

probabilities based on what has been called "landing page quality" by other authors.

This helps to, first, solve the problem of keyword selection for advertisers (fig. 1.2)

and might also support them finding the optimal bid for these keywords in the auc-

tion. As mentioned above, choosing the right keywords has an outsize influence on

the success of campaigns in Paid Search Advertising. To do so, we estimate click and

conversion probabilities for each keyword. In practice, this is easy for frequently

demanded keywords but a major challenge in the long-tail, where only relatively

few observations per element can be made within a given period. We address this

widespread data sparseness problem in chapter 2. We use information concerning

the average time users spend on the advertiser’s website and bounce rates for every

given keyword. This previously unused data is shared between all keywords and

used as prior knowledge in our proposed CV R prediction model. The developed

model enables advertisers to predict individual keyword conversion probabilities in

practice significantly better than with commonly used keyword quality assessment

approaches and develops a new approach that is used in the core of a PPC Bid Man-

agement Software that optimizes millions of keywords for several advertisers from

various industries.
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1.4.3 How can advertisers maximize their revenues?

One major challenge is to identify the incremental contribution of Sponsored Search

ads to conversions in the context of multi-touchpoint advertising user journeys in

combination with other formats such as display advertising. Often, the users also

receive various additional advertising formats such as banner advertising. There is

a strong indication that their sole impression might influence the users decisions as

well. Recent studies have shown that banner ads that have been displayed but not

clicked can influence future user behavior (Chatterjee, 2008). Adapting this result

to the models presented in my thesis, the return of a conversion can be seen as a

relative value whose actual amount depends on the degree of influence that various

touchpoints have on the conversion. Although user journey cross channel effects

are outside the scope of this thesis, it is important to keep them in mind for future

research on the profitability of Sponsored Search (Dinner, Van Heerde, and Neslin,

2014; Joo, Wilbur, and Zhu, 2016; Yang et al., 2016). In many cases, the questions are

still directly related to optimizing the marketing channel Sponsored Search. Gain-

ing and maximizing revenues is the central interest of advertisers in this context.

The return of a conversion, which depends on the product price and the acquisition

costs of the conversion, is a major factor for future investments in certain advertis-

ing formats (Szymanski and Lee, 2006). Only few authors concentrate on this topic.

In fact, only a few publications have studied revenue maximization from an adver-

tiser’s perspective (Auerbach, Galenson, and Sundararajan, 2008). In some cases,

Paid Search might not work at all. Schlangenotto and Kundisch (2017) find evidence

that there is no measurable effect when it comes to the effectiveness of Paid Search

Advertising for brick-and-mortar businesses.

Revenue maximization is often the objective when it comes to keyword bidding

strategies. Some early work has been done by Kitts and Leblanc (2004), who at-

tempt to maximize profits given a budget constraint. Applying their model to real

world keyword auctions, they were able to increase clicks by a factor of four, given

a specific budget.

The best-response bidding strategy by Cary et al. (2007), for example, illustrates that

the best path for any given bidder in the next round of a repeated auction is to place

bids that will probably maximize their utility, simply assuming that the bids of the

the competitive bidders remain the same in the next round of the auction. The au-

thors also present a so called balanced bidding strategy in their paper. The interest-

ing feature of this strategy is that it takes multiple possible goals of the advertisers
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into account. Referring to the balanced bidding strategy, the advertisers want to

maximize their own utility while also causing maximal harm to their competitors

in the auction. Given the GSP principle in the Paid Search auctions, it could be ap-

plied by placing bids that are high enough to make the competitor ranked directly

above the advertiser pay as much as possible for a click on their ad while simulta-

neously preventing a change in positions, as this would lead to the opposite out-

come. Kominers (2009) find a generalization for the balanced bidding strategy in

the context of user search behavior and a dynamic position auction. Vorobeychik

and Reeves (2008) evaluate various strategies like the balanced bidding strategy, a

cooperative strategy and a collusion strategy. They demonstrate that the balanced

bidding strategy is highly stable to deviations in both the advertiser’s and the com-

petitor’s behavior. In practice, we learned that bidding at scale usually works best

when placing bids selfishly while ignoring the competitor’s behavior completely.

Using additional information for the bidding process is suggested by Wang, Li, and

Kaafar (2016), who propose using social media trends to optimize Paid Search bid-

ding portfolios. This idea is also applied in our research in chapter 2, although we

use other data from the advertiser’s campaigns and the user’s on-site behavior in-

stead of information from social media and trends.

Borgs et al. (2007) present a bidding algorithm that optimizes the utility for bidders

by equalizing the return-on-investment for each advertiser across all keywords and

compares approaches in first- and second-price auctions.

Another research stream focuses on the outcome comparison of Sponsored and Or-

ganic Search results as presented in the section about CTR with respect to the key-

word type, e.g., branded or generic (Ghose and Yang, 2008). Based on a compre-

hensive dataset of US-retail chain advertising on Google, similar to the findings on

the influence of the keyword type on CV R, queries with retailer-specific keywords

also lead to an increase in order value and revenue. Following the influence of the

keyword on the revenue, Rusmevichientong and Williamson (2006) develop an al-

gorithm to select the profit-optimizing keyword-set under budget constraints. How-

ever, profit in this case is based only on expected CTRs, with no further attention

paid to CV Rs.

Besides demonstrating the influence of the keyword type on revenue, research on

the relation between ad position and profit reveals equally interesting findings. For

longer keywords, in contrast to the CTR, profit first increases and then decreases

with ad position. These results are in contrast to the widespread assumption that
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a higher position has a higher value for the advertiser (Agarwal, Hosanagar, and

Smith, 2011).

The interplay between organic and paid results on SERPs is of high interest for a

number of researchers (Jerath, Ma, and Park, 2014). Agarwal, Hosanagar, and Smith

(2015), for example, find that an increase in organic competition on SERPs leads to a

decrease in the performance of Paid Search ads of an advertiser. The objective of the

paper in chapter 3 is to determine whether and under what circumstances it makes

sense, in economic terms, for brand owners to pay for sponsored search ads for their

brand keywords. This issue is the subject of a heated debate in business practice,

especially when the company is already placed prominently in the organic search

results. In this paper we describe and apply a non-reactive method that is based on

an A/B-test. It was employed in a case study of a European Internet pharmacy. The

results of this study indicate that the use of sponsored search advertising for their

own brand name enables advertisers to generate more visitors (>10%), resulting in

higher sales volumes at relatively low advertising costs even when the company is

already listed in first position in the organic part of the respective SERP. Interestingly,

another experimental study by Blake, Nosko, and Tadelis (2015) has completely op-

posite results. Experimental results at eBay illustrate that in this case, almost all

brand-term Paid Search conversions are substituted by organic traffic leading to al-

most the same amount of conversions. In fact, they find that for eBay, Paid Search

has almost no significant effect on the number of conversions they generate over

all. This paper is also interesting due to the current trend in Marketing research to

apply large scale experimental research setups. Gordon et al. (2016) also compare

the results from randomized controlled trial experimental research with other com-

monly used techniques to measure the effect of advertising in their research based

on massive data from Facebook ad campaigns.

1.5 Data sets in Paid Search

All papers in my thesis are based on real advertising campaign data. But which data

are available to researchers and practitioners in this area? In the following, I will

give a brief overview of the available data sources. This data may be produced by

the advertisers or the search engines themselves. Generally, quantitative research is

conducted with three types of datasets: (1) Search engine query data, (2) aggregated

media and e-commerce statistics and (3) individual user journey data.
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Search engine query datasets are the rarest form of available data for researchers

who are not directly affiliated with the search engines, as this type of data can only

be collected by the search engine companies themselves. Although every search

engine company generates masses of this type of data, few datasets are available

for academic use. One of those is the well-known AOL dataset. It consists of ap-

proximately 20 million completely non-censored web queries collected from about

650,000 users over a three month period, arranged by anonymous individual IDs.

This dataset has been extensively examined since 2006 (e.g., by Pass, Chowdhury,

and Torgeson, 2006; Adar, 2007; Strohmaier, Prettenhofer, and Kröll, 2008; Brenes,

Gayo-Avello, and Pérez-González, 2009).

Aggregated media and e-commerce statistics are generated by the advertisers them-

selves during their ad campaigns. One way this kind of data is produced is by the

campaigning tool itself (e.g., Google AdWords) or the advertiser’s respective soft-

ware solution. The data are usually aggregated on the campaign, ad group and

keyword levels and contain variables like the total number of clicks, impressions,

CTR, CPC, and CV R. This is the type of data I used for my research in this thesis.

The third sort of available data enables researchers to understand individual user

behavior. Individual user journey datasets include information about all measured

touch-points that an specific user has with an advertiser. These datasets make the

development of attribution-models possible where every conversion success can be

allocated to the ad contacts a user had (Kireyev, Pauwels, and Gupta, 2016). Like

the other types of data, user journey data are always subject to several types of bias,

such as bias caused by media discontinuities.

1.6 Summary

In my thesis, I contribute to selected scientifically and practically important prob-

lems that advertisers face when they have to make decisions in one of their most im-

portant marketing channels: Paid Search. I use aggregated e-commerce media data

and primarily Bayesian Statistics to develop a model that helps advertisers predict

click probabilities in chapter 2. Then, I contribute to the area of revenue optimiza-

tion in chapter 3 by developing an alternative approach to A/B testing the success

of marketing activities. Finally, I shed light on aspects of the influence of textual

contents on click probabilities in chapters 4 and 5.
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Chapter 2

Predicting conversion rates in paid

search using sparse keyword-level

data

Tobias Blask, Martin Stange, Christian Borck, Burkhardt Funk

Abstract

Background: Placing optimal bids in paid search auctions has a huge influence on

the success of search advertising campaigns. Optimal bidding behavior requires ad-

vertisers to accurately estimate conversion probabilities for every keyword in their

search campaign. In practice, this is easy for frequently searched keywords but a

challenge in the long-tail where searches per keyword are sparse.

Aim: We propose a method that supports advertisers to estimate conversion prob-

abilities per keyword early on, even in case there have been only a few searches so

far.

Method: First, we use lasso regression to select relevant features. Second, we cluster

keywords based on these features. Third, we estimate conversion rates for each

keyword using a hierarchical Bayesian model based on these clusters.

Results: Applying the method, we demonstrate that conversion rates of long-tail

keywords can be estimated with higher precision than it is possible by only consid-

ering clicks and conversions per keyword. We implement our method at a major

European advertiser and show that the overall number of conversions increased sig-

nificantly by placing bids in accordance to the predicted conversion rates.
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2.1 Introduction

Paid Search has become one of the most important sources for the generation of

leads and conversions in many industries (Yang, Lu, and Lu, 2014; Qin, Chen, and

Liu, 2015).

One of the major challenges for advertisers in paid search advertising is determining

the maximum price they are willing to pay for clicks on their keyword-specific ads.

This maximum cost per click CPCmax depends on many different factors. A very

important factor is the (predicted) performance of a keyword-specific ad in terms of

conversion rates (CVRs) or return on investment. Search campaigns typically con-

sist of only a few keywords that account for the majority of impressions, clicks and

conversions. These keywords are referred to as "head" keywords. Using the data

produced by these keywords to predict their performance in terms of CVRs, for in-

stance, is rather simple. On the contrary, the majority of keywords belongs to the

so-called long-tail. These keywords are more specific in their meaning than head

keywords (e.g. "nike air max size 6" vs. "shoes"). For these keywords even predict-

ing click-through rates (CTRs) is already a challenge (Regelson and Fain, 2006). Since

conversions usually occur much less frequent than clicks, predicting their CVRs is

even more challenging (Rutz, Bucklin, and Sonnier, 2012; Rutz and Bucklin, 2007).

In this context, many approaches have been proposed to optimize the choice of key-

words and to optimize maximum costs per clicks, i.e., to determine optimal bid sizes

(Broder et al., 2011; Skiera and Nabout, 2013; Kitts and Leblanc, 2004).

Since estimating individual CVRs is central to judge long term profitability of key-

words, advertisers often use rule based heuristics. An often used heuristics in prac-

tice works as follows: A keyword is bid for as long as the average cost per order

(CPO) is below a certain threshold, say twice the average target CPO of a campaign.

If no conversions are observed, the CPO can obviously not be calculated. In this case,

the keyword is bid for until the money spent on this keyword is twice the target CPO.

Having in mind that some advertisers have more than 1 million keywords in their

search campaigns, employing this heuristic to long-tail keywords needs time and

significant budgets. Figure 2.1 exemplifies how the uncertainty of CVR estimates

decrease as the number of clicks increases.

In this paper, we take a different approach to predict CVRs for keywords in the long-

tail that is based on the similarity of different keywords. In the literature different

approaches for this kind of keyword clustering have been proposed, for example

semantic clustering or hierarchical clustering (Rutz, Bucklin, and Sonnier, 2012). In
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FIGURE 2.1: Conversion-rate for an individual keyword after a given
number of accumulated clicks plotted with +/- 1 standard deviation

(using binomial errors)

our work, we use the information on keyword level that is available to advertisers,

for instance, the percentage of new visits of the advertiser’s website or bounce rates.

Here, bounce rates represent the ratio of users immediately leaving the advertiser’s

website after visiting the landing page. An advantage of this type of information

is that it is often tracked in practice and that it can be determined accurately with

only a few clicks for a given keyword. As our main contribution, we propose and

evaluate an approach to predict keyword specific CVRs when only little information

is available. As demonstrated in a case study these prediction can be used to support

bid management in paid search.

In our approach, we first apply a lasso regression to determine relevant features for

predicting CVRs. Second, we create a decision tree for clustering keywords based

on the selected features. Third, we estimate CVRs by conducting a Bayesian analysis

for each cluster. We update CVR estimates as new data about keywords is collected,

by including the observed CVR as likelihood in the Bayesian model.

The remainder of this paper is structured as follows: First, we review recent litera-

ture dealing with predicting CTRs and CVRs when only little data is available. Sec-

ond, we describe our modeling approach in detail an present results of each step of

the analysis. Third, we apply the approach to a case study and show that it increases

CVR prediction quality significantly and outperforms other methods and heuristics.

Finally, we conclude our work and outline its implications.
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2.2 Related Work

Recent work about search engine advertising often points out the importance of

historical CTRs to allow for accurate predictions of future CTRs (Cetin et al., 2011;

Hillard et al., 2011; Regelson and Fain, 2006). However, for many (particularly long-

tail) keywords not sufficient historical information, and, naturally, for new keywords

no information is available at all. Regelson and Fain (2006) propose to create clusters

of similar keywords to overcome the problem of missing data. They argue that the

more closly related two keywords are the more likely it is that their CTRs are similar.

They conclude that building hierarchical clusters of keywords improves predictive

accuracy in terms of CTRs, when only little historical data about some of the key-

words is available. Xiong et al. (2012) use logging data provided by a commercial

search engine to predict CTRs for certain search engine ads. In contrast to other

studies, they use surrounding ads as independent variables and show that these sig-

nificantly influence the CTRs of the ads. However, this information is not available

for advertisers in general.

The aforementioned studies often focus on predicting the keywords’ CTRs. Thereby,

however, they ignore the fact that different keywords might also imply different

CVRs (Rutz, Bucklin, and Sonnier, 2012). Rutz and Bucklin (2007) compare dif-

ferent models to predict conversion rates when only little information about indi-

vidual keywords is available. They show that a model that considers heteroge-

neous CVRs across keywords outperforms models that assume a fixed CVR over

all keywords in terms of predictive accuracy. Using the same data set, Rutz, Bucklin,

and Sonnier (2012) develop a model to measure keyword performance that allows

for keyword-specific correlations between CTRs, keyword semantics, keyword po-

sitions and CVRs. They find that higher positions typically lead to higher CVRs

and that generic keywords typically have lower CVRs than more specific keywords.

Ghose and Yang (2009) develop a model that involves keyword-level data such as

CTR, CVR, and position as well as landing-page specific information. They find that

the quality of a landing page may boost CTR and CVR. However, they admit that

landing page quality is usually determined by proprietary algorithms employed by

search engines, which might change over time. Factors that account for landing

page quality involve the adherence to source code standards, average time on site or

bounce rates. These measures are more transparent than a quality factor and, there-

fore, more suitable in a scientific context. They can be tracked using tools such as

Google Analytics (Hu et al., 2009). In our approach, we include measures related to

landing page quality such as average time on site, bounce rates, and the percentage
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of new visits to predict CVRs in search engine advertising campaigns. In contrast

to the hierarchical models proposed in the literature (Rutz and Bucklin, 2007; Ghose

and Yang, 2009), we use a pragmatic 3-step learning approach to predict CVRs.

The knowledge of a keyword’s CVR can be used to calculate appropriate bids (Broder

et al., 2011; Skiera, Gerstmeier, and Stepanchuk, 2008; Kitts and Leblanc, 2004) and to

optimize the distribution of budget over time (Zhang et al., 2014). Proposed meth-

ods often focus on maximizing profits. For our case study, however, we follow a

simple method to estimate the size of a bid which works as follows: Given an adver-

tiser who defines maximum costs per acquisition of 50 EUR, and a CVR of 1%, the

advertiser would be willing to pay 0.50 EUR for each click, which limits the size of a

bid in a second price auction to 0.51 EUR.

2.3 Estimation of Conversion Rates

The goal of the analysis conducted here is to estimate conversion probabilities for

individual keywords. Our modeling approach consists of three sequential steps:

First, we apply a lasso regression to determine relevant keyword characteristics with

respect to CVR. Second, we cluster all keywords using a decision tree that is based

on selected features from the first step. This step requires a limited set of variables

to result in meaningful clusters, which is why the feature selection performed in the

first step of the analysis is important. Third, we estimate CVRs for each cluster from

the second step using a hierarchical Bayesian model. A Bayesian approach is feasible

because the model includes multiple variables that are non-normally distributed.

The hierarchical structure of the model allows a given cluster of keywords to learn

from other clusters.

2.3.1 Feature Selection

To determine which of the available information is relevant for predicting conver-

sion probabilities, we conduct a lasso regression (Tibshirani, 1996) with cross valida-

tion using the R package glmnet (Friedman, Hastie, and Tibshirani, 2010).

This method works as follows. For each value of the regularization term λ, a ten fold

cross validation is conducted and the mean squared error is recorded. The smaller

the regularization term, the more variables are selected by the algorithm. Figure 2.2

shows the mean square error depending on the size of the regularization term λ, or
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FIGURE 2.2: Feature selection based on cross validation with glmnet.
The MSE decreases with the number of selected features.

in other words, the number of selected variables. For the next step of the analysis,

we selected the four most relevant features that are determined by the regularization

term resulting in a mean square error that is located within one standard deviation

(right dashed in Figure 2.2) of the best fit , containing all but one available variables

(left dashed in Figure 2.2).

Table 2.1 shows the results of the lasso regression. For our further analysis, we use

the percentage of new visits, bounce rate, average position of the ad, and CTR.

2.3.2 Clustering of Keywords

Next, we use a decision tree to find clusters of similar keywords. We use the vari-

ables identified as relevant in the previous step.

The keywords are sorted into clusters using a decision tree algorithm that employs a

recursive partitioning algorithm (Therneau, Atkinson, and Ripley, 2015). This step is

conducted to build clusters of keywords. This effort is made to take the similarity of

keywords into account when predicting conversion probabilities for every keyword.

Using the four selected features, the decision tree analysis results in five keyword

clusters (Figure 2.3), for which we estimate the conversion rates in the next step
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λ 0.55 0.37 0.25 0.11 0.07 0.06 0.04 0.02 0.02 0.01 0

MSE 1.06 0.89 0.8 0.71 0.69 0.69 0.68 0.68 0.68 0.68 0.67

Number of Impressions X X X X X

Average Time on Site X X X X X X X

Bounce Rate X X X X X X X X X X

Percentage of New Visits X X X X X X X X X X X

Average Position X X X X X X X X X

Total Costs X X X X X X

Pages per Session X X X

Average CPM X X X X

First Page CPC X

Top of Page CPC X X X

External Quality Score X X X X X X

Click Through Rate X X X X X X X X

Average CPC X X

TABLE 2.1: Values of λ, related selected features and resulting MSE.
For our analysis we use λ = 0.11 which results in only four features
and in an MSE that is located in the confidence interval of the lowest

MSE

percentNewVists >= 0.062

avgPosition >= 1.3

bounceRate >= 0.12

ctr >= 0.19

 < 0.062

 < 1.3
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FIGURE 2.3: Clustering of keywords with more than one conversion
in the whole observation period using recursive partitioning and the
given model. The graph shows the cluster number, the mean CVR

and the number of keywords per cluster

using a Bayesian model. We set a lower limit on the number of instances in each leaf
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and used a cutoff value of 0.005.

The tree already produces estimates of CVR’s and one could stop here now. We de-

cided to continue with adding additional methods here. That makes the predictions

significantly better as can be seen in table 2.2.

2.3.3 Estimation of Conversion Rates

We estimate conversion rates of each keyword i in cluster c using the hierarchical

Bayesian model presented in Figure 2.4 and Equation 2.1. We model the num-

ber of conversions of a keyword CONV c
i to be binomially distributed according to

Binomial(CV Rc
i , CLc

i ), with CLc
i representing the number of clicks of keyword i of

cluster c. Since the true CVR of a keyword is unknown, we assume that the CV Rc
i

from a cluster a distributed according to a Beta-distribution. The prior parameters

of this Beta distribution (ac and bc) are sampled from Γ distributions that are param-

eterized by the hyperpriors α1,2 = 0.01 and β1,2 = 0.001. We chose smaller values

for β1,2 because ac ≤ bc, i.e. clicks occur more frequent than conversions. We are

interested in the parameters ac and bc because they can later be used for predicting

keyword-specific conversion rates.

CV Ra

bβ1, β2

α1, α2

CL CONV

i

c

FIGURE 2.4: Graphical representation of the hierarchical model ap-
plied here.
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We estimate the parameters ac and bc using the software package JAGS (Plummer,

2003) in accordance with Equation 2.1.

CONV c
i ∼ Binomial(CV Rc

i , CLc
i )

CV Rc
i ∼ Beta(ac, bc)

ac ∼ Γ(α1, α2)

bc ∼ Γ(β1, β2)

α1, α2 ∼ Γ(.01, .01)

β1, β2 ∼ Γ(.001, .001) (2.1)

We run 5000 burn-in steps and 5000 sampling steps. Figure 2.5 shows the correlation

between ac and bc for each cluster. The higher the values of ac and bc, the greater is

the influence of the prior in the calculation of the posterior value for CV R.
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FIGURE 2.5: Contour plot of the correlation between ac and bc. The
expected conversion rates (ac/(ac + bc)) correspond to the clusters in
Figure 2.3. Since ac is smaller than bc by at least one order of mag-
nitude, the slopes of the functions bc = f(ac) presented here can be

interpreted as the expected conversion rates.
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The posterior distribution of ac and bc can be used to calculate the CVR for each

keyword i of each cluster c by evaluating the expected value E in accordance with

Equation 2.2.

E(CV Rc
i ) =

CONV c
i + ac

CONV c
i + ac + CLc

i + bc
(2.2)

The expected value of CV Rc
i is based on prior knowledge of the cluster c and directly

observed data (CLc
i and CONV c

i ). In this approach, prior knowledge as well as

likelihoods are updated when new observations (keyword-related or cluster-related)

are made.

2.4 Model evaluation

To evaluate our approach, we use keyword-level data from an advertiser in the Eu-

ropean market. The dataset has been collected using "Google Adwords" and "Google

Analytics".

It covers one year of observations of search engine advertising campaigns with sev-

eral thousand keywords and budgets in the millions resulting in tens of thousands

of conversions. In addition, it contains on-page information. All data is available

on a daily keyword level and on an aggregated level that meet the specific require-

ments of the different steps of the analysis. As reported by Abhishek, Hosanagar,

and Fader (2011), analyses based on keyword level on a daily basis can be charac-

terized by an aggregation bias because of systematic differences in click-through or

conversion rates over the course of a day. However, if we would control for hourly

variations, our data would become even more sparse.

We first compare the predictive performance of our model to other commonly used

methods using the validation set. Next, we illustrate the practical implications and

performance of the given approach in a case study in which we place bids for key-

words in accordance with the predictions of our model. Thereby, we evaluate whether

an increase of the advertiser’s conversions can be observed that can be attributed to

implementing the bidding agent.

For both purposes we use the same data set from a major European advertiser that

has been collected during regular search engine advertising campaigns. The details
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of this advertiser cannot be revealed due to a non disclosure agreement. To fulfill

the company’s requirements, data is sanitized in this paper.

2.4.1 Model Benchmark

First, we use the observed conversion rates for each keyword in the training set as

predictions for each keyword in the holdout set, and, thus do not make use of any

statistical model. After that, we apply several conventional statistical methods to

predict conversion rates in the holdout set: linear regression, recursive partitioning,

support vector machine regression and random forest regression. We always use

the identical variables (Percent New Visits, Click Through Rate, Average Position

and Bounce Rate) in the model to predict CVRs with every method. To perform

the test, we split the data into a training set and a holdout set. The training data

consists of the first two months (61 days) while the validation data contains the rest

of the dataset. We use the 245 keywords with at least one conversion (430,353 clicks

resulting in 8,733 conversions in total) in the training period and predict the CVR

of the 642 keywords (1,796,416 clicks resulting in 32,741 conversions in total) in the

holdout set that meet the same restriction.

Finally, we calculate the root mean square errors of the respective predictions in the

holdout set. The results can be found in table 2.2. In Figure 2.6 we illustrate how

the different approaches under- and overestimate the true CVR in the holdout test

to illustrate the accuracy of the predictions with our approach.

Prediction HR LR RP SVM RF OA
90% lower HDI -0.033 -0.049 -0.064 -0.028 -0.041 -0.023
90% upper HDI 0.013 0.030 0.036 0.022 0.014 0.021
Root Mean Square Error 0.042 0.038 0.033 0.027 0.027 0.020

TABLE 2.2: Root mean square errors and 90% highest density inter-
vals (HDI) of the distribution of the predictions on the holdout set
based on different methods (HR = Heuristic, LR = Linear regression,
PR = Recursive partitioning, SVM = Support vector machine regres-

sion, RF = Random forest regression, OA = Our approach))
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FIGURE 2.6: Density of deviations from the final conversion rate
(CVR(holdout set) - CVR(predicted)) for the tested methods

2.4.2 Applying the Approach to a Case Study

We then apply our approach in practice by implementing it into a real world "Paid

Search bidding agent". One additional step required to use the predictions in prac-

tice, is to calculate the bids for the keyword auctions. To test our approach, we cal-

culate the actual price that we are willing to pay for a click on a given keyword by

multiplying the predicted CVR with the desired maximum cost per acquisition. The

bids for every keyword are then submitted to Google AdWords on a daily basis. The

results illustrated from here on are based on the advertiser’s Paid Search account

that has already been described above. Figure 2.7 illustrates the 30-days periods be-

fore and after the bidding based on the predictions of our model was introduced to

the advertiser’s paid search account (bid management period). No other substantial

changes were made to the campaigns during that time.

To measure the impact of the implementation of the described approach into the ad-

vertiser’s bidding agent, which we will refer to as "intervention" from here on, we

use the Bayesian structural time-series model proposed by Brodersen et al. (2015).

This model infers the impact of an intervention by predicting the market response

if this intervention would not have taken place. The causal impact of our interven-

tion is defined as the difference between observed conversions and the number of
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conversions that would have been expected without intervention.

FIGURE 2.7: Development of conversions the advertiser’s account be-
fore and after the tool was applied. The dashed vertical line repre-

sents the start of the intervention.

During the bid management period, we observe a total number of about 4.300 con-

versions. By contrast, if the implementation had not taken place, we would have

expected a sum of 3.810 conversions. The 90% interval of this prediction is [3.560,

4.060]. So, the number of conversions showed an increase of +14%. The 90% interval

of this percentage is [+7%, +21%].

These findings suggest that the positive effect observed during the bid management

period is statistically significant and unlikely to be due to random fluctuations. As

illustrated in Figure 2.8, the probability of obtaining this effect by chance is very

small (tail-area probability p = 0.001). This indicates that the implementation of the

algorithm into the company’s bidding decisions has a significantly positive influence

on their campaign performance.
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FIGURE 2.8: Posterior distribution of estimated number of conver-
sions after intervention.

2.5 Conclusion

2.5.1 Contributions and Limitations

We contribute to research and practice in Paid Search by developing and evaluating

a sequential modeling approach using feature selection, clustering and a hierarchical

Bayesian model. By including information on keyword auctions and on aggregated

user behavior, we develop a hierarchical Bayesian model that uses cluster-level data

as follows: If only little specific information on keyword level is available, the model

uses knowledge from the respective cluster to predict its conversion probability; as

more and more data on keyword level is available, the prediction of its conversion

rate is increasingly based on this specific data. In practice, the approach described

here can be used to predict conversion probabilities for individual keywords, even

if only sparse data is available. This is particularly important for the calculation of

bids in Paid Search auctions.

Our research has primarily two limitations: First, the available conversion data was
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generated by the "Google AdWords conversion tracking". In the observed time pe-

riod, conversions have been attributed by using a "last click" attribution model in

which 100% of each conversion are attributed to the last Paid Search keyword clicked

by a user. On the contrary, conversions of users who type-in the company’s URL in

the browser directly after having clicked on a Paid Search ad initially (Rutz, Trusov,

and Bucklin, 2011) are not considered in our model. One important trend in mar-

keting is related to using statistical models for the attribution of conversion success.

Taking more realistic conversion data into account could improve results for adver-

tisers when using the predictions of our approach for calculating their bids in Paid

Search auctions. Furthermore, although the the decision tree analysis conducted

here results in more than one hierarchical levels, we only use one hierarchical level

in our Bayesian model. The extension of our model to allow for Bayesian belief

propagation across hierarchical clusters as done by (Regelson and Fain, 2006) could

possibly further improve predictive performance of our approach.

2.5.2 Outlook

Further extensions to improve the prediction quality of the given method could be

the estimation of conversion probabilities when no conversion or even click data is

available. This could, for example, be addressed by taking the properties of the ad

copy into account. Kang et al. (2011) refer to these features as "language attractive-

ness, URL attractiveness, and query-snippet matching attractiveness". One could

also use the knowledge concerning the influence of general, industry or advertiser

specific features to predict and optimize their advertisements conversion probabili-

ties. In addition, the hierarchical structure of our Bayesian model could be extended

by considering keyword semantics. This might further improve the predictive per-

formance of our model because of the spillover effect from more generic to specific

keywords (Rutz and Bucklin, 2011).

Contributing to the presented topic has major implications for the success of adver-

tisers’ campaigns. With our case study, we show that the developed model is able

to significantly increase conversion rates in real-life search engine advertising cam-

paigns.

In summary, our approach shows how to come closer to accurate predictions in Paid

Search advertising when only little information is available.
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Chapter 3

To Bid or Not To Bid? Investigating

Retail-Brand Keyword

Performance in Sponsored Search

Advertising.

Tobias Blask, Burkhardt Funk, Reinhard Schulte

Abstract

In Sponsored Search Advertising companies pay Search Engines for displaying their

text advertisements in the context of selected queries on their Search Engine Results

Pages (SERPs). The position of the ads is auctioned among all interested advertisers

every time a query is executed by a user. The results are displayed separately from

the organic results. Whether it is profitable for advertisers to pay for advertisements

in the context of directly retail-brand related queries is a heated debate in practice

between media agencies and budget responsible managers in companies. Anecdotal

evidence implies that users who are searching for a specific retail-brand are conduct-

ing navigational searches and would end up on the brand owners website anyway,

especially when the company is already placed prominently in the organic search

results. The objective of the present research is to determine whether and under

what circumstances it makes sense, in economic terms, for brand owners to pay for

sponsored search ads for their own brand keywords. Using an exclusively avail-

able dataset from a major European internet-pharmacy we describe a non reactive

method that is based on an A/B-test which enables us to investigate the economic
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value of the described behaviour. We are able to prove that the advertiser benefits

significantly from these additional Sponsored Search ads which enable the company

to generate more visitors (> 10 %), resulting in higher sales volumes at relatively

low advertising costs even when the com pany is already listed in first position in

the organic part of the respective SERP.

This article has been published as follows: T. Blask, B. Funk, R. Schulte (2012) To

Bid or Not To Bid? Investigating Retail-Brand Keyword Performance in Sponsored

Search Advertising. In: Communications in Computer and Information Science , vol. 314,

p. 129-140
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3.1 Introduction

In the information society, Internet search engines play a key role. They serve the

information needs of their users and are an important source for advertising com-

panies in terms of customer acquisition and activation (Jansen and Mullen, 2008).

Search engine companies like Google generate most of their revenue through spon-

sored search (Hallerman, 2008). At the interface of computer science, economics,

business administration, and behavioral sciences, search engine marketing has been

established as an interdisciplinary research topic and has seen a growing and diverse

number of publications during the last years (Edelman, Ostrovsky, and Schwarz,

2007; Skiera, Gerstmeier, and Stepanchuk, 2008; Varian, 2007; Varian, 2009). Se-

lected decision problems are examined from the perspective of three stakeholder

groups (i) users, (ii) search engines and (iii) advertising companies (Yao and Mela,

2009). Beside the optimal bidding behavior in sponsored search auctions (Kitts and

Leblanc, 2004), one of the key decision problems for advertisers is the selection of

keywords appropriate for their campaigns (Abhishek and Hosanagar, 2007; Fuxman

et al., 2008).

So far little research has been conducted on the use of brand names in sponsored

search (Rosso and Jansen, 2010b). What is the subject of a heated debate in business

practice is whether companies should bid on their own brand name or whether this

only substitutes clicks from organic listings on the SERP. To answer this question,

we apply a non-reactive experimental method and use it in a case study of an online

pharmacy that is ranked first with its brand name in the organic search results in

Google (Unrau, 2010).

The contribution of this paper is the development and application of a method for

measuring the impact of bidding on brand names in a partially controlled experi-

ment. From a theoretical point of view, we make a contribution to understanding

keyword selection in blended search. We begin with a review of the literature on

the competitive importance of brands in search engine marketing. On this basis we

derive four hypotheses which we examine using the methods described in chapter

4. In chapter 5 we discuss outcomes and business implications of this paper and

finally give an outlook in chapter 6.
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3.2 Literature Review

There are two streams of research which are important for our work. The first studies

bidding behavior of competitors in sponsored search. The second stream – blended

search – analyses user preferences for organic and sponsored results as well as the

interactions between them.

3.2.1 Brand Bidding and Piggybacking

Although brand terms bidding behavior is of great relevance in business practice,

there have only been very few scientific publications on the topic. As a first step, a

distinction has to be drawn between the bids on the own brand and those on other

companies brands. Previous research on sponsored search brand keyword advertis-

ing by Rosso and Jansen (2010b), which was based on the global top 100 brands in-

cluded in the well-known WPP BrandZ survey, reveals that 2/3 of the brand names

examined were used by other firms while only 1/3 of the brand owners analyzed

advertise in the context of their own brand names on SERPs. Bidding on other com-

panies’ brand names is referred to as piggybacking, for which three different types

of motivation have been isolated: (i) competitive: piggybacking by an obvious, di-

rect competitor; (ii) promotional: e.g. by a reseller; and (iii) orthogonal: e.g. by

companies that offer complementary services and products for the brand owners’

products. While retail, fast food and consumer goods brands are greatly affected

by piggybacking, this practice is rarely observed in the field of luxury brands and

technology (Rosso and Jansen (2010a)).

The Assimilation-Contrast Theory (ACT) (Sherif and Hovland, 1961) and the Mere

Exposure Effect (Zajonc, 1968) are models that offer an explanation of the circum-

stances under which bids on one’s own or third party brand names could be eco-

nomically valuable. In sponsored search advertising the use of other companies’

brand names seems to be advantageous when the perceived difference between the

own and other brands is low from a user’s point of view (ACT), while the value of

bidding on own brand terms depends on the degree of the Exposure Effect, i.e. the

display frequency that a brand needs in order to influence the purchasing decisions

of users positively. Until now the empirical validations of these models for brand-

bidding have been based on user surveys (Shin, 2010) and can therefore be subject

to the problem of method bias. However, for the first time we are able to present

results that are based on data that were collected in a non-reactive setup.
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3.2.2 Blended Search

From the search engines’ perspective, the question is about the extent to which the

free presentation of results in the organic part of the SERP counteracts their own

financial interests in sponsored search as they generate essential parts of their prof-

its in this area (Xu, Chen, and Whinston, 2009). While a high perceived quality in

the organic search results helps search engines to distinguish themselves from their

competitors and to gain new customers, it is exactly this high quality in the organic

results that may lead to cannibalization effects between organic and sponsored re-

sults (White, 2008).

From the users’ point of view, the question has to be asked which preferences and

intentions they have when making their choice whether to use organic or sponsored

results. Depending on their personal experience of this particular advertising chan-

nel and their motivation to search, Gauzente (2009) shows that consumers do not

only tolerate sponsored search as just one more channel for advertising on the Inter-

net but do sometimes even consider these sponsored results more relevant than the

organic ones. This is particularly true for transactional-intended queries, i.e. the so-

called commercial- navigational search, in which the search engine is used instead

of manually typing the URL into the browser’s address bar. The same strong pref-

erence for sponsored results can also be found in the context of, for advertisers even

more attractive, commercial- informational queries where users, although they have

a strong intention to buy, are nevertheless still looking for the best matching result

for their specific commercial interest (Ashkan et al., 2009).

Along with the multiplicity of intentions that individual users have when typing

queries into search engines, there are significant variances of key performance indi-

cators (KPI) that search engines and advertisers pay attention to. Ghose and Yang

(2008c) compare organic and sponsored search results in respect to conversion rate,

order value and profitability. In fact, the authors note that both conversion rate

and order values are significantly higher through traffic that has been generated by

sponsored search results than those generated by visitors that have clicked on or-

ganic results. It seems that the combination of relevance and the clearly separated

presentation of organic and sponsored results as well as their explicit labeling are

factors that lead to a greater credibility of the search engine and thus increases the

willingness to click on the sponsored results, which are often not inferior to organic

results (Brown, Jansen, and Resnick, 2007).
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Studies on the interaction between these two types of results indicate that their si-

multaneous presence in both the organic and sponsored results leads to a higher

overall click probability (Jansen and Spink, 2007). More specifically, a high similar-

ity between the content in the respective snippets leads to a higher click probability

in the context of informational queries while users who are searching with trans-

actional intentions seem to be more likely to click on one of the results when the

similarity is low (Danescu-Niculescu-Mizil et al., 2010). Yang and Ghose (2010) con-

firm this observation and point out that this effect is much more pronounced in the

context of brand-keywords with only little competition (e.g. retail brands / names

of online retailers) than it is in a highly competitive environment.

In conclusion, and in contrast to a widely held opinion in business practice it has to

be noted that previous research indicates that the placement of advertisements on

SERPs is useful for advertisers even where the company is already represented in

the organic results for the respective keyword. For the special - and for e-commerce

queries most interesting - case of commercially intended queries, these studies indi-

cate that the simultaneous occurrence in both result lists increases the overall prob-

ability to be clicked. The verification of these findings to brand terms has however

not been accomplished so far and is the key contribution of this paper.

3.3 Hypothesis

The following hypotheses are formulated with reference to the online search and

buying process. We assume that, when a user searches for the brand name of a com-

pany, both organic as well as sponsored results are displayed. These results contain

links to the brand owner’s website as well as links to other companies’ websites. The

user has three options to choose from (as shown in figure1): he may click on one of

the two links that lead to the website of the company or click on a link that takes him

to a different website, which makes him leave the area of observation of the study.

Due to partial substitution effects, the following hypothesis is almost self-evident as

the studied brand occupies the first result in the organic part of the SERP for queries

that contain the brand name:

H1: The number of visitors from organic search results decreases

when brand owners engage in sponsored search for their own
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search query
click on brand 

owner's sponsored 
link

click on 
competitor's link

click on brand 
owner's organic 

link

conversion

H1

H2

H3

H4

FIGURE 3.1: Hypotheses of this study in the search and buying pro-
cess from a user’s perspective

brand keywords.

In his paper Jansen and Spink (2007) assumes that the simultaneous appearance in

the organic and the sponsored results has a positive impact on the overall click rate

of the companies’ advertisements. This leads to:

H2: The overall number of visitors through brand name queries

from a search engine increases when companies engage in spon-

sored search for respective keywords.

It is important to point out again that this statement is by no means self-evident,

since it would be possible that the sponsored clicks generated through a brand term

advertisement would merely substitute organic clicks that would come for free when

no sponsored search is employed. In business practice it is exactly this point that is

the subject of an intense and controversial debate between advertisers, agencies, and

search engines. In their study Ghose and Yang (2008b) point out that the conversion

rate of commercial-navigationally intended queries is higher for sponsored than for

organic results. Consequently, the following hypotheses can be derived:

H3: The conversion rate of keyword traffic from own brand key-

words decreases when companies decide not to place sponsored
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TABLE 3.1: Brand keyword clicks and revenues (with standard devi-
ations) in the reference period (data are disguised to ensure confiden-

tiality)

Weekday Mon Tue Wed Thu Fri Sat Sun
Ad Status OFF ON OFF ON OFF ON OFF

Sum of all visiors 562.3 543.6 497.2 452.2 376 283 431.6
Standard Deviation 93.7 99.9 101.7 119.8 89.2 69.7 103.2

Revenue in EUR 8285 7119 6855 6162 4771 3843 7627
Standard Deviation 2117 1924 2022 1903 1630 1608 2537

search ads for these keywords.

Based on hypotheses H2 and H3 and other things being equal the following hypoth-

esis on the number of sales and revenue derived from brand oriented search can be

made:

H4: The overall number of sales and the respective revenue in-

crease when companies bid on their own brand names in spon-

sored search.

3.4 Case Study

The study covers a 14 day test period in which sponsored search for brand keywords

is switched on and off on alternate days. Below, the respective states in the test

period are called “ON” (sponsored search for brand keywords is employed) and

“OFF" days. A full two weeks test period was chosen to allow us to monitor each

weekday in both of the two possible states to ensure an acceptable consideration

of the well-known weekday variations in e-commerce. The test period does not

contain any holidays or other predictable events which could be relevant for the

search engine traffic and conversions in this time span.

The company we study uses Google Analytics to collect data on the number and ori-

gin of users (organic as well as the sponsored results). In order to leverage existing

data as a reference we decided to also use Google Analytics for our study. The refer-

ence period (Table 1) stretches from April 2009 to August 2010 with the omission of

the test period which was chosen to be from April 12, 2010 till April 25, 2010, starting
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with an "OFF" day (Monday). The alternation of “OFF" and "ON" in the test period

was executed manually each morning at eight o’clock.

Google Analytics assigns recognized re-visitors to the origin of their first visit. For

example, a user who first reached the company’s website on an “ON" day via a

sponsored search result would also be associated with this type of result for his fu-

ture visits and will thus be assigned to the sponsored search visitors regardless of

whether he arrives via an organic search result or by typing the address into browser

manually. This is the main reason why there are sponsored search visitors on "OFF"

days. To derive statements on the effect of self-bidding, the data from the test period

is compared with a reference period that has no overlap with the test period and

contains continuous self-bidding activities for the brand keyword. As will be ar-

gued in the next section, the main question about the data is whether the results are

statistically significant. Using a Monte-Carlo-Simulation, we examine the validity of

the observations especially with respect to hypotheses H2.

Even though the applied method does obviously influence the behavior of involved

users and could therefore be categorized as ‘reactive’ in terms of social sciences, it

shares common criteria with non-reactive methods since individual users have no

knowledge of the investigation of his behavior.

3.5 Results

3.5.1 Testing the hypotheses

Hypothesis H1 predicts that the placement of sponsored search ads for the own

brand name leads to a substitution of clicks that would have otherwise been gen-

erated without costs through clicks on organic results. This is clearly confirmed in

the data. The magnitude and significance of this effect is clearly illustrated in figure

2. Comparing the composition of the sum of all clicks generated on "ON" days with

the clicks on those days without self-bidding activities, we find more than double

the number of organic clicks on "OFF" days (2392 clicks) than on "ON" days (1060

clicks).
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It is, again, noticeable, and illustrated in figure 2, that we find sponsored clicks in the

data that were generated on "OFF" days where we actually would not expect any.

This can be explained by two effects: first, the status change was made manually

from “ON” to “OFF” and vice versa every day at eight o’clock in the morning in the

test-period so that sponsored search advertisements were served until eight o’clock

in the morning even on “OFF” days, accounting for the minor part of these clicks.

Second, as argued before the cookie based tracking contributes to the occurrence

of sponsored clicks on “OFF” days. It is obvious that the existence of sponsored

search clicks on “OFF” days could never generate or strengthen but would on the

contrary weaken the findings that are presented in this paper, since they tend to blur

a potential effect.

In summary, it is clear that these findings are consistent with the expectation of a

substitution of organic by sponsored search results (H1).

The second hypothesis H2 deals with the question of whether the sum of all spon-

sored and organic clicks that are generated through the use of the brand name as

keyword in search engines can be increased through the use of sponsored search

advertising. For this, we compare data from the test period with the data of the

reference period (figure 3).

Beginning with an "OFF" day, figure 3 shows the values that were generated on a

daily basis in the test period as well as the weekday values of the reference period,

both representing the sum of sponsored and organic traffic via the brand keyword

from the Google SERPs. The observations of the test period mainly fall into the 50%

percentiles of the reference period and thus follow the overall weekday cycle.

However, one can clearly recognize an overlaying pattern in the test period that is

most likely driven by the alternation of the status of "OFF" and "ON". Overall, the

expected pattern of more clicks on "ON" days than on the surrounding "OFF" days

could be observed in 11 of 13 possible daily changes.

What is the likelihood that this pattern occurs by chance? To answer this question we

conduct a Monte-Carlo-Simulation, in which 1,000,000 random 14-day samples were

generated, each representing a random test period. To generate each 14-day time

series, we use the Poisson distribution and take weekday means from the reference

period as the mean of the distribution. What is remarkable is that a fraction of only

0.2% of the randomly generated test periods fit the observed (alternating) pattern

with at least 11 or more changes. Employing this measure, it can be concluded with

a probability of 99.8% that the placement of sponsored search advertisements for the
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own brand name actually leads to an increase in the total number of visitors for this

keyword.

From the third hypotheses (H3), we would expect the conversion rate to be lower

on days without sponsored search advertising than on the other days in the test.

Given the average conversion rate of 22.7 % ± 0.3% in the reference period (figure

4) we find a lower conversion rate for the test period of 20.1% ± 1.6%, consistent

with the study of Ghose and Yang (2008a) , who observed a lower conversion rate

for traffic from organic listings. It should be mentioned, that due to the low number

of transactions per day (and the corresponding statistical error) we cannot observe

a consistent difference of the conversion rate between “ON” and “OFF” days as for

the overall clicks (figure 3).

Following the proven hypothesis H2 (more visitors through sponsored search ad-

vertising for the brand name) and the lower conversion rate observed in the context

of hypothesis H3, we expect less sales and reduced revenues in the test period. In

fact, the revenue via the brand keyword in the test period (EUR 77,200) is lower than
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FIGURE 3.5: Empirical cumulative distribution of the revenues in the
observation period (14-day intervals, containing the reference- as well

as the test period), the test period is indicated by the vertical line.

70% of all comparable 14-day intervals in the reference period (figure 5).

Considering the revenue trend over the reference period, the relatively low revenue

in the test period becomes significant since the revenue in the reference period shows

a rising trend as shown in figure 6 (two-week revenue mean after New Year’s Eve

without the test period: EUR 99,130 with a standard deviation of ± EUR 6,107.89).

A similar reduction of sales can only be observed in the two-week period around

Christmas and New Year’s Eve 2009 corresponding to observation point 19 in figure

6. Thus, we interpret the lower revenue as a consequence of not employing spon-

sored search for brand keywords.

3.5.2 Economic Impact

We now estimate the economic value of sponsored search for own brand names.

During the test period each weekday was observed in both states, "ON" and "OFF".

The number of additional visitors can be estimated by the sum of all clicks on "ON"
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FIGURE 3.6: Time series of revenues (14-day intervals) during the
reference period (dashed line), including the test period (observation
point 27, indicated by the vertical line) and a trend line (solid line).

days minus the sum of all clicks on "OFF" day in the test period equal the total num-

ber of additional visitors for one week. In the current study, this results in 380 ad-

ditional visitors per week. This is a significant growth of more than 10% achievable

through sponsored search for own brand keywords.

Given the average conversion rate of 22.7% (reference period) and an average value

per transaction of EUR60.88 this leads to an increase in sales of about EUR 275,000

per year. The average cost per click for the brand keyword in the test period was

EUR 0.03, leading to additional costs of about EUR 600 per year. To sum up: Even

if there were only very moderate margins for online pharmacies we would recom-

mend the use of sponsored search advertising for brand keywords.

In general, it seems to be likely that sponsored search for own brands lead to more

visitors and accordingly to more sales and higher revenues for the brand owner. The

low prices per click for brand keywords and a higher conversion rate make brand

name advertising economically profitable in the context of sponsored search.
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3.6 Conclusions and Outlook

It is plausible to argue that users who search for a specific retail brand name in a

search engine have already decided where their search is going to end (the website

of the retailer). Yet, evidence from this study suggests that this is not the case for

all users. Some users apparently find other advertisements or organic results on

the SERP more interesting so that they can get lost for the brand owner if he is not

present in the sponsored search results.

We expect that the extent to which the described effect occurs in practice for other

companies depends on a number of factors. E.g., the intensity of competition – de-

fined by the number of competitors who are also bidding on the brand name – is

likely to have an influence on the observed effect. This is of special interest, because

since September 2010 (in the European Union) companies can not ban other advertis-

ers to bid for their brand keywords (Bechtold, 2011) which will lead to a more intense

competition. In the light of this change the present research gains in importance for a

whole range of advertisers. Other factors may be the price level of sponsored search

clicks, the reputation and brand value of the advertiser and product characteristics.

Considerably more research is needed to determine the extent to which these factors

have an impact on the described effect. Besides that, the authors currently work on

a project that will help to understand user behavior in this context.
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Chapter 4

Bayesian Parameter Estimation in

Green Business Process

Management: A Case Study in

Online-Advertising

Tobias Blask

Abstract

Companies take their responsibilities for a sustainable planet more and more seri-

ously. For online-retail businesses a significant share of all CO2 emissions is gener-

ated by delivering goods to their clients. Now various companies are implementing

a greener logistic chain into their business processes. What is a central question for

these performance driven companies in this context is whether it pays to invest in

additional costs for carbon neutral delivery and if the customers appreciate these

steps and prefer retailers that behave in this manner. We develop and perform a non

reactive A/B-test that enables us to evaluate the influence of sustainability informa-

tion on the customers decision to buy a product by clicking on an ad on a search

engine results page (SERP). We analyze campaign performance data generated from

a European e-commerce retailer, apply a Bayesian parameter estimation to compare

the two groups, and demonstrate the advantages of the given Bayesian approach in

comparison to the application of Null Hypothesis Significance Testing (NHST ).
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4.1 Introduction

Internet search engines like Google, Yahoo! or Bing play an undisputed key role

in the modern information society. On the one hand they serve the information

needs of their users, on the other hand they represent an important source of cus-

tomer acquisition for companies in a broad variety of industries and sizes (Jansen

and Mullen, 2008; Alby and Funk, 2011). They also provide the search engine com-

panies with significant amounts of their revenues through Sponsored Search Adver-

tising. While still growing rapidly Sponsored Search Advertising already dominates

the online media-spendings of companies that advertise on the internet. In this form

of advertising, developed in 1998 by Overture, advertisers provide search engines

with text-advertisements and a list of keywords, which can consist of one or more

terms, they want to be displayed. The advertiser usually also provides attributes to

each of these keywords, but at the very least the amount of money he is willing to

pay for a click on an ad for this specific keyword (CPCmax) (Jansen et al., 2009). Ev-

ery time a user types in a query the search engine generates individual personalized

result pages, depending on the users’ location, his search history and other factors.

If ads are available that could probably satisfy the need of the user, the search en-

gine displays these ads alongside the organic results. If more than one advertiser

is willing to pay for the display of an ad the search engine auctions the position of

these ads among all interested players typically based on a Generalized Second Price

Auction (GSP) (Jansen, 2011; Varian, 2009). In each auction only the advertiser that

wins the auction by getting a click on an ad is charged by the search engine. The ef-

fective Cost-Per-Click (CPCeff ) is basically the maximum bid of the advertiser with

the subsequent highest bid plus a small additional fee. In practice search engine

companies use a more robust mechanism to maximize their profits by rewarding

keyword/ad combinations that have a high relevance to users (often referred to as

the quality score). Although detailed calculations are not disclosed, the key metric

is claimed to be the historic Click-Through-Rate (CTR) where available, otherwise

an expected click probability for the specific advertiser-ad-keyword combination is

used.

In the present paper we concentrate on the advertisers’ perspective and the direct

impact of green signals in text advertisements. We evaluate the probability that

a user will click on a given Sponsored Search text advertisement containing the

promise of Carbon Neutral delivery vs. another one offering generic information on

reliable fast delivery and conduct a Bayesian parameter estimation approach to ana-

lyze the data. In this context we illustrate the advantages one can get by applying a
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FIGURE 4.1: Two variations of an ad, similar to the ones that were
used in the A/B test: Carbon Neutral delivery vs. Fast and Reliable

delivery

Bayesian Parameter Estimation analysis compared to conventional Null Hypothesis

Significance Testing.

4.2 Literature Review

There are two streams in literature which are important for the present research. The

first is green marketing. The second studies the various influences on Sponsored

Search advertising effectiveness.

4.2.1 Green Marketing

Green marketing has been a widely recognized trend for international firms over the

last years. One can clearly identify strong efforts in the development of sustainable

brand images in a number of branches. One trend Leonidou et al identify in their

review of developments in green advertising research and practice from 1988 to 2007

is a strategy shift from communicating environmental aspects within the production

process to the communication of sustainable consumption by the customers them-

selves. An other important expansion of this field is observed in the intensification

of efforts by B2C businesses in communicating green messages in their advertising

activities. (Leonidou et al., 2011) The use of ecolabels is a well known tactic is to

provide the potential consumer with independent confirmation of the green efforts

of the respective advertiser. In fact Rex and Baumann state that there is still lack

of empirical knowledge about the consumers reception in this area. (Rex and Bau-

mann, 2007) Recent studies indicate that a number of consumers may be willing

to pay higher prices for products they identify as environmental friendly. (Haytko
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and Matulich, 2008) What is still unanswered is the whether these green signals still

have an impact direct buying decisions in situations in E-Commerce situations. A

first approach to answer this question with a significantly smaller fraction of the

given dataset has been made (Blask, 2013). However, more data is needed to ensure

reliable results from the given study setup.

4.2.2 Sponsored Search Advertising

In published research, Online Marketing and Sponsored Search especially has be-

come an established topic with a variety of high quality publications in Computer-

and Information Science as well as in the fields of Operations Research and Mar-

keting. Since 2004, Sponsored Search has become a continuously more and more

important topic in the Online Marketing research area (Evans, 2008; Evans, 2009;

Jansen and Mullen, 2008).

The search engine auctions the positions of the ads on the Search Engine Result Page

(SERP) between all advertisers that placed a bid (CPCmax) for the given keyword.

The ad position is the result of the combined CPCmax and so called quality scores

of the players. The amount of money a specific advertiser has to pay for the click

(CPCeff ) depends on the advertisers bid and the ones provided by the other adver-

tisers in the auction as well as the quality score of the ad / query combination.

Many publications in this area have an empirical basis. Basically quantitative re-

search is conducted with three types of datasets: (a) Search engine query data (b) ag-

gregated media and e-Commerce statistics and (c) individual user journeys. Search

engine query data is the rarest form of available data for researchers who are not di-

rectly affiliated to the search engines as it can only be collected by the search engine

companies themselves. Although every search engine company generates masses

of this type of data, there are only few datasets available for academic use. One of

those is the well known AOL dataset. It consists of about 20 million completely non-

censored web queries collected from about 650,000 users over a three month period,

arranged by anonymous individual IDs. This dataset has been extensively exam-

ined since 2006 (Pass, Chowdhury, and Torgeson, 2006; Adar, 2007; Strohmaier et

al., 2007; Strohmaier, Prettenhofer, and Kröll, 2008; Brenes and Gayo-Avello, 2009).

Aggregated media and e-Commerce statistics are generated by the advertisers them-

selves during their ad campaigns. One way this kind of data is produced is by the
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campaigning tool itself (e.g. Google AdWords) or the advertiser’s respective soft-

ware solution. The data is usually aggregated on campaign, adgroup and keyword-

level and contains variables like the total number of clicks, impressions, CTR, and

conversionrate (CV R) as can be seen in table 4.1.

TABLE 4.1: typical dataset from Google AdWords (ad level)

Ad Clicks Impr. Avg.CPC Cost Avg.Position Conversions

ad 1 132 2,198 1.32 174.08 2 16
ad 2 421 2,893 2.32 976.72 3 21

... ... ... ... ... ... ...

The third sort of available data enables researchers to understand individual user

behavior. User journey conversion datasets include information about all measured

touch-points that an individual user has with a specific advertiser. These datasets

make the development of attribution-models possible where every conversion suc-

cess can be allocated to the ad-contacts a user has had. Like the other types of data

too, user journey data is always subject to several types of bias, such as caused by

media discontinuities.

4.2.3 Click probability

Click probabilities have been widely studied since the early beginning of the adver-

tising format Sponsored Search. However, due the lack of possibilities to observe

the user behaviour while using a search engines, a complete coverage of all factors

influencing the CTR is no easy task.

Evidence suggests that one of the most influencing factors is the ad position within

the Sponsored Search results, which depends among other facts on the advertisers

CPCmax and the so called quality score. The quality score, used by search engines to

determine the quality of an advertisement, is based primarily on the historical CTR.

A large number of studies has shown the correlation between decreasing position

and a decreasing CTR and vice versa (Richardson, Dominowska, and Ragno, 2007;

Agarwal, Hosanagar, and Smith, 2011). It should be emphasized, that the highest

positions leads to high CTRs but not mandatorily to the highest conversion rates.

From an advertiser’s perspective, a topic of interest is to predict the future CTR of

sponsored ads. As argued before, the position has a major influence on the CTR,

called the position bias. In the course of research, several models have been devel-

oped to explain the influence of the position bias on the CTR.
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Crasswell, Zoeter and Taylor (Craswell et al., 2008) present several models for pre-

dicting the CTR: (a) baseline model, (b) mixture model, (c) examination model, and

(d) cascade model . The findings were originally based on organic search results

but, they are applicable to Sponsored Search results as well (Agarwal, Hosanagar,

and Smith, 2011). The underlying assumption of the (a) baseline model is that a user

screens every search result and decides afterwards, which one fits the best to the

query. As a consequence, the click probabilities for each individual search result are

identically, independently of its position. The (b) mixture model extends the baseline

model and divides user behavior into two groups. One group behaves as described

in the baseline model, the other group clicks randomly on one of the first search re-

sults. The (c) examination model refers to findings from eye tracking studies which

state that with declining position, the probability of a click declines as well (Joachims

et al., 2005; Joachims et al., 2007). The (d) cascade model is, owing to the high degree

of explanation by click data, one of the most applied explanation approaches. The

basic assumption is that the user scans each search result, beginning from the top to

the bottom, comparing the relevance of each ad with the relevance of the ad before.

The user continuous scanning the results until the perceived ad relevance reaches a

certain level and the user clicks.

As mentioned above one challenge is to predict the CTR of keywords or keyword

combinations for potential future Sponsored Search ads. One solution that has been

proposed is aggregating historical data from similar keywords. Here, the CTR is

represented as a function of position, independent of a bid. In doing so, the devel-

oped models do not focus on a certain advertiser. The same clustering approach can

be applied in optimizing the search engines’ profit (Dave and Varma, 2010). There

are also models taking the quality score into account (Gluhovsky, 2010). A model

developed by Zhu et al. (Zhu et al., 2010) called General Click Model focuses on the

CTR prediction of long-tail queries, based on a Bayesian network. Dealing with the

position bias mentioned before, Zhong et al. (Zhong et al., 2010) incorporate post-

click user behaviour data from the respective landing page of the clicked ad into the

click model to refine the estimation of the perceived user relevance after clicking on

a specific ad. A similar approach, using Dynamic Bayesian networks can be found in

Chappelle and Zhang (Chapelle and Zhang, 2009). Several models based on histor-

ical click data suffer from limitations in terms of lacking consideration of a possible

user learning effect. Taking Gauzente’s results as an example, it has been shown

that past user satisfaction with Sponsored Search results influences the current click

behaviour (Gauzente, 2009). Besides the incorporation of position data and the per-

ceived relevance of presented ads, the CTR of an advertiser is also affected by the
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relationship between organic and Sponsored Search results. Listing the results of

one company at the same time in sponsored and organic search results leads to a

higher CTR and vice versa (Yang and Ghose, 2010; Blask, Funk, and Schulte, 2011).

4.3 Case Study

This study covers a test period over several weeks in which a single element in se-

lected Sponsored Search text advertisements hast been alternated for a number of

queries that users type into the Google search engine to eventually buy products in

the advertiser’s online shop as can be seen in fig. 5.1. The advertisers’ products can

be classified as B2C Fast Moving Consumer Goods. The selected keywords include

(a) variations of the retailer brand, (b) the brand names of product manufacturers

as well as (c) several clear-cut descriptions of selected products in the online-shop.

The data was generated directly by Google Adwords as part of the normal campaign

evolution of the advertiser.

TABLE 4.2: summary of click-rates of ads in the given dataset

data Min. 1st Qu. Median Mean 3rd Qu. Max.

Group 2 0.00000 0.07639 0.14290 0.14490 0.19700 0.42860
Group 1 0.02941 0.10380 0.15000 0.17590 0.19050 0.50000

The test has been carried out in the first half of 2013. The resulting dataset contains a

large number of Sponsored Search key performance indicators (KPI) for the given

period as exemplified in table 4.1. The content of the unfiltered dataset as well as

the exact dates of the test period cannot be revealed to ensure confidentiality for the

advertiser and are of no importance for what follows from here. To ensure that only

the impact of the specific text alternation is analyzed and to exclude other factors

that would blur the results, especially the strong position effects we describe above,

we only analyze the advertisements that were displayed above the organic search

results and that were part of the described A/B test. The updated dataset, which

is only a small fraction of the advertisers’ regular Sponsored Search campaign, in-

cludes a total of 110 advertisements of which 49 advertise "Carbon Neutral delivery"

(Group 1) while the other 61 advertise "Fast and Reliable delivery" (Group 2) in the

third row of the advertisement as illustrated in fig 5.1. It contains a total number of

42,364 impressions and 5,775 clicks. What is used for the analysis is the aggregated

CTR for each ad over the whole test period.
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FIGURE 4.2: Empirical comparison of CTR’s for Group 2 and Group
1

Analytic approach: Traditionally one makes probabilistic assumptions about the

magnitude of the difference between two observed groups by using null hypothesis

significance testing (NHST ). (Kruschke, 2012) Applying an unpaired t-test, the two-

tailed P value equals 0.1420 for the given data. This difference is considered to be

not statistically significant. The mean of Group 1 minus Group 2 equals 0.031. The

95% confidence interval of this difference ranges from -0.0105 to 0.0725. In fact this

is almost all the information one gets from conventional NHST statistics.

We, however, apply a Bayesian approach to answer the question whether there is a

positive, negative or zero impact of sustainability information in ad texts in Spon-

sored Search advertising and await richer information by unsing Bayesian Methods.

To do so, we are comparing the two groups of users that took part in the described

A/B test. Even though the applied method possibly influences the behavior of the

involved users and could therefore be categorized as reactive in terms of social sci-

ences, it shares common criteria with non-reactive methods since individual users

have no knowledge of the investigation of their behavior.

We follow Kruschke and describe the data using mean and standard deviation pa-

rameters for t-distributions representing both groups individually and add a nor-

mality parameter that is common for both groups. The prior allocation of credibility

across the parameters is vague, so that the prior has minimal influence on the estima-

tion, to let the data dominate the inference. Taking the data into account the Bayesian

estimation reallocates credibility to parameter values that represent the observed

data best. The resulting distribution is a joint distribution across the five parame-

ters, thereby revealing combinations of the five parameter values that are credible,

given the data (Kruschke, 2012). The two histograms in the top right in fig. 4.3 are

representations of empirical data and display the two observed groups (group 1 =

"Carbon Neutral delivery", group 2 = "Fast and Reliable delivery"), with curves of

representative examples of posterior predictive t-distributions. In the left column

you will find marginals of the posterior distributions of credible values of means of

group 1 and 2 as well as the same for the respective standard deviations and a dis-

tribution of credible values for the the combined normality parameter. Lower right
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mode  0.0771

95% HDI
0.0568 0.106

Difference of Std. Dev.s

1  2

-0.10 -0.05 0.00 0.05

mode  -0.0131
78.3% < 0 < 21.7%

95% HDI
-0.0421 0.0202

Effect Size

1  2 1
2  2

2 2

-1.0 -0.5 0.0 0.5 1.0

mode  0.113
30.7% < 0 < 69.3%

95% HDI
-0.341 0.564

FIGURE 4.3: Group 1 = CTR for ads advertising Carbon Neutral de-
livery, Group 2 = CTR for ads advertising Fast and Reliable delivery.
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shows posterior distribution of differences in means and effect size. (Kruschke, 2012)

Fig. 4.4 displays pairwise plots of the parameters for the given study.

4.4 Conclusions and Outlook

Taking a first look at the data as displayed in table 4.2 we find a slightly lower em-

pirical mean CTR over all ads on ads that advertise "Fast and Reliable delivery"

(14.39%) than on the "Carbon Neutral delivery" ads (15.94%). These values are not

to be confused with those in the top left histograms in fig. 4.3 which represent the

simulated mean parameters of t-distributions to fit the empirical distribution. So,

in the data we observe a 1.55% higher empirical mean CTR for "green" ads which

would eventually make us accept the hypotheses that ads with green marketing sig-

nals have a higher click probability than their counterparts in the A/B test. What is

the central question is whether this result is significant and if it enables us to derive

inferences about the "real" long-term distribution.

TABLE 4.3: Estimated parameters of the A/B Test results

mean median mode HDIlow HDIhigh pcgtZero

mu1 0.15 0.14 0.14 0.12 0.17
mu2 0.14 0.14 0.13 0.11 0.16

muDiff 0.01 0.01 0.01 -0.03 0.04 69.26
sigma1 0.07 0.07 0.06 0.04 0.10
sigma2 0.08 0.08 0.08 0.06 0.11

sigmaDiff -0.01 -0.01 -0.01 -0.04 0.02 21.67
nu 4.23 3.11 2.49 1.22 9.82

nuLog10 0.54 0.49 0.46 0.15 1.02
effSz 0.12 0.12 0.11 -0.34 0.56 69.26

To answer this question 100,000 parameter combinations for t- distributions that are

credible given the data are generated by Markov Chain Monte Carlo simulation

(MCMC). One gets a good insight by comparing the distribution of credible val-

ues for µ1 which has a mean of 0.146 and a 95% Highest Density Interval (HDI)

from 0.120 to 0.173 with µ2 which has a mean of 0.136 with a 95% HDI from 0.112

to 0.161 as can be seen in tab. 4.3. The exact difference µ1 − µ2 is 0.009 on average

as can be found in the plot in the middle of the right column of fig. 4.3. One can

see that 69.3% of the 95% HDI for µ1 − µ2 is positive. What is even more relevant

for the analysis is that all computed values within the 95% HDI fall into the Region

of Practical Equivalence (ROPE) which spreads from -0.1 to 0.1. So, these results
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imply that there is a 69.3% chance that the "real" mean of group 1 is grater than the

"real" mean of group 2. Nevertheless the difference of means is so small that there

is a high probability that the groups are not credibly different from each other in

this aspect. Comparing the distribution of credible values for σ1 and σ2 one can see

that these groups do not credibly differ too. This can be seen in the respective his-

togram in fig. 4.3 where all computed values for σ1−σ2 are found in the ROPE with

78.3% being negative and 21.7% being positive. This suggests that there is a 78.3%

probability that the standard deviation for group 2 is grater than for group 1.

The lower right panel of fig. 4.3 shows the distribution of credible effect sizes, given

the data. For each combination of means and standard deviations, the effect size is

computed. The histogram of 100,000 credible effect sizes has a mode of 0.123 and the

zero included in the 95% HDI . 69.3% of all computed outcomes are positive while

30.7% are negative. (Kruschke, 2012)

What can we derive from that? What is true is that there is some probability that

there is absolutely no effect caused by the different signals in the advertisements

as we do not observe strongly significant unambiguous results. If any effect is pre-

sumed, it will have a higher probability of being positive for "green signals" in Spon-

sored Search ads, given the observed data. How can this outcome be explained? One

argument could be that ad texts do not influence users on SERPs at all. Although we

know about various other effects, like the strong position bias described above, that

do affect the user there are too many indications that ad texts do have influence on

click decisions to let this be true.

In fact, these results need to be interpreted with caution. One possible explanation

for this is that users might not be as green in their decisions as marketers would like

them to be. In this case the promise of "Fast and Reliable delivery" seams to lead to a

slightly lower motivation to click on an ad than the green signals the advertiser sends

out to his potential customers. This A/B test should be repeated over a number

of various branches before one can derive implications for the whole e-Commerce

industry. What is an even more interesting outcome of this paper is that more future

research should be conducted on the general impact of texts in Sponsored Search

ads considering a variety of branches and containing more diversity in texts to make

sophisticated assumptions on the impact of text-details on click probabilities.
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Chapter 5

Do Specific Text Features Influence

Click Probabilities in Paid Search

Advertising?

Tobias Blask

Abstract

Paid Search Advertisers have only very few options to influence the user’s decision

to click on one of their ads. The textual content of the creatives seems to be one

important influencing factor beneath its position on the Search Engine Results Page

(SERP) and the perceived relevance of the given ad to the present search query. In

this study we perform a non reactive multivariate test that enables us to evaluate the

influence of specific textual signals in Paid Search creatives. A Bayesian Analysis of

Variance (BANOVA) is applied to evaluate the influence of various text features on

click probabilities. We conclude by finally showing that differences in the formula-

tion of the textual content can have influence on the click probability of Paid Search

ads

This article has been published as follows: Tobias Blask (2014). “Do Specific Text

Features Influence Click Probabilities in Paid Search Advertising?”. In: Proceedings of

the international Conference on E-Business 2014. One additional reference to Kruschke

(2010) has been added on p. 87.
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5.1 Introduction

Internet search engines play a key role in the modern information society. Not only

do they serve the information needs of their users but they also represent an impor-

tant source of customer acquisition for a variety of companies (Jansen and Mullen,

2008; Alby and Funk, 2011). Internet search engine companies also generate sig-

nificant amounts of revenue through Paid Search Advertising. While still grow-

ing rapidly, Paid Search Advertising already dominates the online media spending

of companies that advertise on the internet. Developed in 1998 by Overture, this

form of advertising uses text advertisements and a list of keywords. The advertiser

also usually provides attributes to each of these keywords, but always indicates the

amount of money he is willing to pay for a click on an ad for a specific keyword

(CPCmax)(Jansen et al., 2009). Every time a user types a query into a search engine,

personalized result pages are generated based on the user’s location, search history

and other factors. If ads are available that could probably satisfy the need of the

user, the search engine displays these ads alongside the organic results. If more than

one advertiser is willing to pay for the display of an ad, the search engine typically

auctions the position of these ads among all interested parties through a General-

ized Second Price Auction (GSP) (Jansen, 2011; Varian, 2009). Only the advertiser

that wins the auction by getting a click on its ad is charged by the search engine.

The effective Cost-Per-Click (CPCeff ) is the maximum bid of the advertiser with

the subsequent highest bid plus a small additional fee. In practice, search engine

companies use a more robust mechanism to maximize their profits by rewarding

keyword/ad combinations that have a high relevance to users (often referred to as

the quality score). Although detailed calculations are not disclosed, the key metric

is claimed to be the historic Click-Through Rate (CTR) where available, otherwise

an expected click probability for the specific advertiser-ad-keyword combination is

used. An interesting issue for advertisers is how to maximize the probability that a

given user will click on one of their advertisements, ultimately fulfilling a defined

goal on their website. In practice there are only limited options to do so. One is

to optimize the relevance of an advertisement by only choosing keyword / landing

page combinations that provide a suitable offer to the respective query of a given

user. Additionally, advertisers can maximize click probability by influencing the po-

sition of an ad on the SERP via the CPCmax and by improving the ad quality. Finally,

optimizing the wording of creatives to communicate advantages over the competi-

tion may help users with their decision on which ad to click. In the present paper

we concentrate on the impact of various signals in text advertisements. We analyze a
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non-reactive multivariate test in which users are confronted with some defined vari-

ations of ads containing information on trust and pricing that has been differently

formulated or completely omitted. We evaluate the probability that a user will click

on a given Paid Search text ad by using a Bayesian Analysis of Variance (BANOVA).

Finally, we illustrate that variations in the text of a creative have significant influence

on click probabilities in Paid Search.

5.2 Paid Search Advertising

An interesting topic for the current research is evaluating the factors that influence

the probability that a given user will click on a specific advertiser’s ad. These factors

have been widely studied since Paid Search Advertising first began; however, due

to a lack of opportunity to observe search engine user behavior, complete coverage

of all factors influencing the click probability is no easy task. Evidence suggests that

one of the most influential factors is the ad position within the Paid Search results,

which depends on the CPCmax and quality score. The quality score is used by search

engines to determine the quality of an advertisement and is based primarily on the

historical CTR of a given keyword/ad combination. There is a strong correlation

between decreasing ad position and a decreasing CTR (Richardson, Dominowska,

and Ragno, 2007; Agarwal, Hosanagar, and Smith, 2011). In principle, the top posi-

tions lead to high CTRs. From an advertiser’s perspective, it is appealing to be able

to predict the future CTR of a given ad or even better to find rules for predicting

click probability in advance. As research has progressed, several models have been

developed to explain the influence of the position bias on the CTR.

Crasswell, Zoeter and Taylor (Craswell et al., 2008) present several models for pre-

dicting the CTR: (a) baseline model, (b) mixture model, (c) examination model, and

(d) cascade model . The findings were originally based on organic search results, but

they are applicable to Paid Search results as well (Agarwal, Hosanagar, and Smith,

2011). The underlying assumption of the (a) baseline model is that a user screens

every search result and then decides, which one best fits the query. As a result, the

click probabilities for each individual search result are identical and independent

of its position. The (b) mixture model extends the baseline model and divides user

behavior into two groups. One group behaves as described in the baseline model,

while the other group clicks randomly on one of the first search results. The (c)

examination model refers to findings from eye tracking studies, which state that,

with declining position, the probability of a click also declines (Joachims et al., 2005;
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Joachims et al., 2007). The (d) cascade model is, owing to the high degree of ex-

planation by click data, one of the most applied explanation approaches. The basic

assumption is that the user scans each search result from top to bottom, comparing

the relevance of each ad with the relevance of the ad before it. The user continues

scanning the results until the perceived ad relevance reaches a certain level and the

user clicks.

One challenge is to predict the CTR of keywords or keyword combinations for po-

tential future Paid Search ads. A proposed solution is aggregating historical data

from similar keywords. Here, the CTR is represented as a function of position,

independent of a bid. The resulting developed models do not focus on a certain

advertiser. The same clustering approach can be applied in optimizing the search

engines’ profit (Dave and Varma, 2010). There are also models that take into account

the quality score (Gluhovsky, 2010). The General Click Model model developed by

Zhu et al. (Zhu et al., 2010), focuses on the CTR prediction of long-tail queries, based

on a Bayesian network.To address the the aforementioned position bias, Zhong et al.

(Zhong et al., 2010) incorporate post-click user behavior data from the clicked ad’s

landing page into the click model to refine the estimation of the perceived user rel-

evance after clicking on a specific ad. A similar approach using Dynamic Bayesian

networks can be found in Chappelle and Zhang (Chapelle and Zhang, 2009). Several

models based on historical click data are limited in that they lack consideration of a

possible user learning effect. Taking Gauzente’s results as an example, it has been

shown that past user satisfaction with Paid Search results influences current click

behavior (Gauzente, 2009). In addition to the incorporation of position data and the

perceived relevance of presented ads, the CTR of an advertisement is also affected

by the relationship between organic and Paid Search results. Listing the results in

Paid and organic search results for one company at the same time leads to a higher

CTR (Yang and Ghose, 2010; Blask, Funk, and Schulte, 2011). What has often been

overlooked is the influence that specific text patterns have on click probabilities.

5.3 Case Study

It is part of a Paid Search Advertising manager’s daily routine to test different ver-

sions of a specific ad. In practice, at least two variations of an ad are tested against

each other in each ad group. One commonly method is to replace the weaker per-

forming version of an ad with the stronger variation after enough clicks are gener-

ated to identify which one is performing better. Anecdotal evidence and personal
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experience often play an important role in this process, and the knowledge gained

from tests is often not preserved within an organization. In this paper we present

a method for multivariate tests based on historical data that is able to enhance the

options of working with unbalanced study designs in A/B and multivariate tests.

This ultimately improves advertisers’ ability to recognize low performing ads sooner

than with conventional ANOVA methods. What makes these models interesting is

the ability to take prior knowledge into account where only sparse data are available.

FIGURE 5.1: Variations of Paid Search ads similar the textual ads used
for this study

For this study, selected elements have been altered in a number of Paid Search text

advertisements for very similar commercial Google search queries. These queries

may lead to a business offer from the advertiser and an online product purchase, as

can be seen in fig. 5.1. The advertisers’ product is a major investment for the average

private customer. The data were generated directly by Google Adwords as part of

the normal conducted from 2012 to 2013. The resulting data set contains a large

number of Paid Search key performance indicators (KPI) for the given period. All

advertisements that had less than 100 impressions in the given period were filtered

out. To ensure that only the impact of the specific text alteration is analyzed and

to exclude other factors that would blur the results (especially the aforementioned

strong position effects), we only analyze the advertisements that were displayed

above the organic search results and that were part of the described multivariate

test. For this study, we take almost 3 million ad impressions resulting in more than

300,000 clicks and a total of 1.976 ads into account. The occurrences of the examined

text features in the ads are shown in table 5.1. The aggregated CTR for each ad

over the whole test period is used for the analysis. The resulting mean CTRs are

displayed in fig 5.3. The nominal variables Title, Body 1, Body 2, Display-URL of

the landing page for each ad are also included.
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TABLE 5.1: Occurences of text features in the dataset (trust informa-
tion(x1) and pricing information(x2))

no trust info(X1A1) test winner(X1A2 trust seal(X1A3)

no pricing(X2B1) 789 99 330
no deposit(X2B2) 20 35 91

save x %(X2B3) 91 84 101
real price(X2B4) 39 306 4

In this study we want to predict the metric variable CTR by using the described

nominal textual predictors. As such, ANOVA is a valid method of choice for us.

For the given data the model can be formulated as written in equation (5.1) with the

predictor variables presence of trust seal information and presence of pricing in-

formation denoted as ~x1 and ~x2. β serves as a deflection parameter. β0 indicates the

baseline value of the prediction. For example, if x2 is at the value of x2k, a deflection

of β2k is added to the baseline. Ultimately the sum of all deflections of β1 and β2

have to have a sum of zero for both predictors.

y = β0 + ~β1 ~x1 + ~β2 ~x2 + ~β1×2~x1×2

= β0 +

J1∑

j=1

β1,j x1 +

J2∑

j=1

β2,j x2 +

J1∑

j=1

J2∑

k=1

β1×2,j,kx1×2,j,k

with the constraints

J1∑

j=1

β1j = 0 and
J2∑

k=1

β2k = 0 and

J1∑

j=1

β1×2,j,k = 0∀k and
J2∑

k=1

β1×2,j,k = 0∀k

(5.1)

Even a brief look at the numbers in table 5.1 makes it clear that the research de-

sign is not very well balanced. Only four ads contain trust seal and concrete pric-

ing information from the advertiser’s database, while 345 contain no trust seal in-

formation but do include concrete pricing information. This could lead to serious

computational difficulties in traditional ANOVA, which is the reason that we follow

Kruschke’s approach (Kruschke, 2010). We use a Bayesian estimation to perform the

data analysis using a hierarchical prior as illustrated in fig. 5.2 . The goal of this

analysis is to estimate the additive and interactive β values for each level of ~x.

The following assumptions are made regarding the hierarchical prior: The observed

data yi is assumed to be normally distributed around the predicted value or central
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FIGURE 5.2: Hierarchical dependencies for two-way BANOVA (Kr-
uschke,2010)
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tendency µi. As defined and illustrated by Kruschke (Kruschke, 2010), the equation

above the observed data distribution in fig 5.2 illustrates that the predicted value is

composed from the baseline (β0) plus additive deflection (β0 + ~β1 ~x1 + ~β2 ~x2) caused

by each predictor individually, and interactive deflection (~β1×2~x1×2) caused by the

combination of the given predictors. The basic assumptions about the respective βi

can be found in the distributions in the top level of fig. 5.2. Here, we indicate that

all βi are normally distributed around zero. The variances of all βi are estimated

from the given data. The hyperdistributions are applied separately to the various

predictors and interactions. This is due to the assumption that the magnitude of the

effect of the predictive variable ~x1 is probably not informative on the magnitude of

the effect of ~x2 (Kruschke, 2010).

As previously mentioned, we want to predict CTR using variations of the nominal

predictors "trust seal information" and "pricing information", denoted as ~x1 and ~x2.

Both variables have several levels. ~x1 includes "no trust information given" (x1A1),

"unspecified test winner information given" (x1A2) and "concrete trust seal and

test winner information given"(x1A3). ~x2 includes "no pricing information"(x2B1),

"no deposit"(x2B2), "percentage of savings given"(x2B3) and "concrete pricing in-

formation from database given"(x2B4). Although that we have an unbalanced study

design and very few observations for one of the cases, we can see from fig 5.3 that

ads with different contents gain significantly varying CTRs.

The results of the Bayesian analysis concerning the effects of the text features are

shown in fig 5.4. The top left histogram shows that the baseline (β0) for the given

combinations of text features is at 0.114. This is quite high in terms of average Click-

Through Rates in Paid Search Advertising in general, at least for such a great number

of queries as we observed within the test period in the context of the given cam-

paigns. This could be a good hint for the fact that the campaigns have already been

very well organized and optimized in terms of relevance to the specific queries that

lead to the display of ads of the given advertiser on Search Engine Results Pages.

Which influences selected text features have in such an environment can be seen in

the remaining histograms in fig. 5.4. Each histogram illustrates deflections from the

baseline for any given feature combination. The third histogram in the first row for

example indicates that 95% of the most credible values that have to be subtracted

from the baseline to describe the effect of the text feature "unspecified test winner

information" fall in the area between 0.0282 and 0.0164 (β12) with the most probable

value at 0.0213. What is really interesting and makes this kind of analysis so help-

ful in the case of unbalanced study design is the additional information concerning
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FIGURE 5.3: Mean CTR values for ads with different text feature
combinations

the 95% HDI (Highest Density Interval) for each estimation. This interval illustrates

the area in which 95% of all credible parameter values for the respective level of a

variable are situated. This becomes especially important when it comes to levels of

a variable with only very few observed data points where the in-group variance is

estimated with the help of the prior knowledge from other levels within the same

predictive variable.

We estimate the effects for each of the groups but we are also interested in the an-

swer to the question whether the groups are credibly different from each other. In

typical A/B test scenarios for example this can be examined by applying an NHST

t-test or a Bayesian Parameter Estimation of t-distributions for the comparison of

two groups (Kruschke, 2012; Blask, 2013). For the case of more than two predic-

tive variables this can also be done via contrast analysis in Multifactor Analysis of

Variance (MANOVA).

What we additionally want to investigate in this study is the overall effect of hav-

ing information about a trust seal in the Paid Search Ads of the advertiser and the

effects of various levels of pricing information. One answer to this question comes

from the analysis whether there is a credible difference in click probabilities between
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FIGURE 5.4: beta value posterior distributions for each variation
given the data (x1 = trust seal informaton (x1:A1 = no trust info,
x1:A2 = unspecified test winner information, x1:A3 = concrete trust
seal and test winner information), x2 = pricing information (x2:B1
= no pricing, x2:B2 = no deposit, x2:B3 = save x%, x2:B4 = concrete

pricing information from database))
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ads that do not contain any specific trust information (x1A1) and and those that in-

clude the text feature (x1A2 and x1A3). The histograms in fig 5.5 that the effect of

having unspecified test winner information in the ad does not help the advertiser to

gain a higher CTR. In fact the analysis does reveal that having no trust information

is credibly better than the announcement of an unproven test winner statement. In-

cluding a trust seal information into the ad does not have such a negative effect. In

fact about two thirds of the credible values for the effect, including the most prob-

able value, indicate that this feature may slightly help the advertiser. What is also

true is that the zero value is included in the 95% HDI what makes it very probable

that there is no credible improvement in the advertisers performance by including

this feature. What we can derive from the analysis is the fact that it makes credibly

more sense to include the proven trust seal into the ad compared to unproven test

winner statement as can be seen in the right histogram in fig 5.5. So, in terms of trust

seal information it becomes quite clear what the better choice might be for the given

company. It makes no mistake by taking concrete and proven information on trust

seals into their ads. What they should not expect is a significant boost in terms of

click probability.
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FIGURE 5.5: contrasts for various levels of trust seal information (X1)
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FIGURE 5.6: contrasts for various levels of pricing information (X2)
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What is not so clear until now is the question which level of pricing information fi-

nally leads to the best click probability. What we can see is that there seem to exist

two differently performing clusters. On the one hand there are the ads that contain

a concrete pricing information from the database of the given advertiser (x2B4) and

ads that contain a specific discount in percent as text feature (x2B3) and on the other

hand there are the ads with no pricing information at all (x2B1) and those advertis-

ing that no deposit has to be made (x2B2). These two groups are credibly different

from each other as can be seen in the histograms in fig 5.6. In detail, everything,

including no pricing information at all (x2B1), seems to be be better than advertising

"no deposit" (x2B2). The next best text feature in terms of pricing is to give an ex-

act value for the percentage that a user can save on the advertiser’s website (x2B3).

This feature is performing credibly better than those mentioned above. What is the

best way to communicate pricing in Paid Search Ads - given the data - is to provide

exact pricing information from the advertiser’s database (x2B4). In fact it is credibly

superior to any other feature in terms of pricing communication, given the observed

data.

5.4 Conclusions and Outlook

What we applied in this paper offers a valid way to evaluate text features and other

nominal predictive variables where tests are an essential part of the daily business.

In terms of substantive issues it is the hard facts that the potential customers are

looking for when they research in a search engine. The more specific information

on pricing is provided in an ad - the better is the chance of winning the customers

click. Building up trust is one good feature for an advertiser to support this effect or

even substitute parts of this positive effect if they do not have competitive prices or

special rebates available. In this specific case this has been achieved by communi-

cating the existence of a credible trust seal in the ad-copy. What we did not asses in

this research but would find interesting for an ongoing investigation is the question

whether these findings have additional impact on the conversion probability on the

advertiser’s landing-page as well. Applying Bayesian ANOVA to multivariate tests

in Online Advertising, especially Paid Search Advertising, has various advantages

compared to applying conventional Analysis of Variance. This is especially true for

unbalanced data like the present one. One obvious limitation to the results is that
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they should probably only be true for advertisers with competitive prices. Addi-

tionally this test should be repeated for a number of other advertisers from various

industries to answer the question whether these observations can be generalized.
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