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Preface - Abstract
Sponsored search advertising has evolved into a multi-billion industry and is the
primary source of income for the search engine providers, with lion’s share for
Google and significant market shares for Yahoo! and Microsoft’s Bing.
The majority of search engines use auctions in order to sell advertising slots, i.e.,
―space‖ in the search result page, to advertisers. The primarily used auction
mechanism is the Generalized Second Price auction, which typically generates more
revenue for the search engines than most other known mechanisms, (such as the
Vickrey-Clark-Groves mechanism). In parallel, GSP encourages strategic bidding;
each advertiser does not benefit from reporting truthfully the expected profit from a
potential customer as a bid in the auction. As a result, several strategies have been
proposed in order to maximize the expected net benefit of the advertiser or the return
of the investment, and this is a topic that is worth further investigation.
In this thesis we provide an overview of the sponsored search auction market, its
structure and we examine its mechanisms over the years, since the first sponsored
search auction till nowadays and present their characteristics, their similarities and
differences.
We perform an analysis of Overture’s paid placement auctions between June 2002
and June 2003, through a dataset provided as part of the Yahoo! Webscope program
for use for academic research purposes. We look up present research concerning the
Click Through Rate estimation and try different distributions in calculating its
reduction as we move down on the list of sponsored search results. Our findings
indicate that the geometric distribution may fit real data very well in some cases,
while in other cases smaller or larger deviations may occur.
Finally we map the principal bidding strategies and by means of programming we
introduce a new one, and we perform simulations to elaborate its performance.
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Πρόλογος
Οη δεκνπξαζίεο κε ιέμεηο θιεηδηά έρνπλ εμειηρζεί ζε κηα βηνκεραλία πνιιώλ
δηζεθαηνκκπξίσλ θαη απνηεινύλ ηελ θύξηα πεγή εζόδσλ γηα ηηο κεραλέο αλαδήηεζεο,
κε ηε κεξίδα ηνπ ιένληνο λα ηελ θαηέρεη ε Google, ελώ ζεκαληηθά κεξίδηα αγνξάο λα
θαηέρνπλ νη Yahoo θαη Bing (κεραλή αλαδήηεζεο ηεο Microsoft).
Η πιεηνςεθία ησλ κεραλώλ αλαδήηεζεο πξνζθεύγνπλ ζε δεκνπξαζίεο κε ζθνπό ηελ
πώιεζε ζηνπο δηαθεκηζηέο ρώξνπ δηαθήκηζεο, δειαδή δηαθεκηζηηθώλ πεξηνρώλ ζηελ
ζειίδα ησλ απνηειεζκάησλ αλαδήηεζεο. Ο κεραληζκόο πνπ ρξεζηκνπνηείηαη θπξίσο
γηα ηηο δεκνπξαζία κε ιέμεηο θιεηδηά είλαη ε Γεληθεπκέλε Δεκνπξαζίαο Δεύηεξεο
Τηκήο, θαζώο, θαηά θαλόλα, δεκηνπξγεί πεξηζζόηεξα έζνδα γηα ηηο κεραλέο
αλαδήηεζεο από ηελ πιεηνςεθία ησλ κέρξη ζήκεξα γλσζηώλ κεραληζκώλ.
Παξάιιεια, ε Γεληθεπκέλε Δεκνπξαζίαο Δεύηεξεο Τηκήο ελζαξξύλεη ηε ζηξαηεγηθή
ππνβνιήο πξνζθνξώλ: θάζε δηαθεκηζηήο δελ επσθειείηαη αλ ππνβάιεη εηιηθξηλή
πξνζθνξά ζρεηηθά κε ην αλακελόκελό ηνπ θέξδνο. Ωο απνηέιεζκα, θαηά θαηξνύο
έρνπλ

πξνηαζεί

δηάθνξεο

ζηξαηεγηθέο

πξνθεηκέλνπ

λα

κεγηζηνπνηεζεί

ην

αλακελόκελν θαζαξό όθεινο ηνπ δηαθεκηδόκελνπ ή ε απόζβεζε ηεο επέλδπζεο, θάηη
ην νπνίν απνηειεί ζέκα ην νπνίν ρξήδεη πεξαηηέξσ έξεπλαο.
Σηελ παξνύζα δηπισκαηηθή εξγαζία παξέρνπκε κηα επηζθόπεζε ησλ δεκνπξαζηώλ κε
ιέμεηο θιεηδηά θαη ηεο δνκήο ηνπο, λα εμεηάζνπκε ηνπο κεραληζκνύο πνπ
ρξεζηκνπνηνύληαη ζην πέξαο ηνπ ρξόλνπ, από ηελ πξώηε δεκνπξαζία απηήο ηεο
κνξθήο κέρξη ζήκεξα, θαη λα παξνπζηάζνπκε ηα ραξαθηεξηζηηθά ηνπο, ηηο νκνηόηεηεο
θαη ηηο δηαθνξέο ηνπο.
Επηπιένλ αλαιύνπκε δεδνκέλα από δεκνπξαζίεο κε ιέμεηο θιεηδηά ηεο Overture, πνπ
πξαγκαηνπνηήζεθαλ ηε ρξνληθή πεξίνδν κεηαμύ Ινπλίνπ 2002 θαη Ινπλίνπ 2003, κέζα
από έλα ζύλνιν ζηνηρείσλ πνπ παξέρνληαη σο κέξνο ηνπ πξνγξάκκαηνο Yahoo!
Webscope γηα ρξήζε γηα αθαδεκατθνύο. Αλαηξέρνπκε ζε δεκνζηεπκέλεο έξεπλεο
ζρεηηθά κε ηα ίδηα δεδνκέλα θαη εηδηθόηεξα κε πνζόηεηεο ζρεηηθέο κε ηνλ ππνινγηζκό
ηνπ ξπζκνύ θιηθ (Click Through Rate estimation) θαη δνθηκάδνπκε δηαθνξεηηθέο
θζίλνπζεο θαηαλνκέο θαζώο πξνρσξάκε πξνο ηα θάησ ζηνλ θαηάινγν ησλ
ρξεκαηνδνηνύκελσλ απνηειεζκάησλ αλαδήηεζεο. Επηβεβαηώλνπκε όηη πξαγκαηηθά
δεδνκέλα ηθαλνπνηνύλ ζε κεγάιν βαζκό ηε γεσκεηξηθή θαηαλνκή ζε πιήζνο
πεξηπηώζεσλ.
vi

Τέινο, εθζέηνπκε ηηο ππάξρνπζεο ζηξαηεγηθέο ππνβνιήο πξνζθνξώλ θαη εηζάγνπκε
θαη δνθηκάδνπκε κία λέα ζε πξνγξακκαηηζηηθό επίπεδν. Σην πιαίζην απηό εθηεινύκε
πεηξάκαηα/ πξνζνκνηώζεηο κε ζηόρν ηελ αμηνιόγεζε ηεο απόδνζήο ηνπο.
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1
Introduction to Sponsored Search Advertising
History of Online Advertising
Online advertising is a form of promotion that uses the Internet and World Wide Web
for the expressed purpose of delivering marketing messages to attract customers.
Examples of online advertising include contextual ads on search engine results pages,
banner ads, Rich Media Ads, Social network advertising, online classified advertising,
advertising networks and e-mail marketing, including e-mail spam.
There are plenty of benefits regarding online advertising: the immediate publishing of
information and content is not limited by place or time. Moreover, online advertising
allows for the customization of advertisements, including content and posted
websites, offering efficiency of advertiser's investment. For example, AdWords,
Yahoo! Search Marketing and Google AdSense enable ads to be shown on relevant
web pages or alongside search results of related keywords (Wikipedia "Online
Advertising").
This Early Web advertising was sold on the basis of ―impressions,‖ by analogy with
the print ads one sees in newspapers or magazines: a company like Yahoo! would
negotiate a rate with an advertiser, agreeing on a price for showing its ad a fixed
number of times. Thus the only form of online advertisement that was available was
in the form of banner ads. However it was soon realized that if the ad shown to a user
wasn’t tied in some intrinsic way to his behavior, then one of the main benefits of the
Internet as an advertising venue, compared to print or TV is lost. After all, search
engine queries are a potent way to get users to express their intent - what it is that
they’re interested in at the moment they issue their query - and an ad that is based on
the query is catching a user at precisely this receptive moment. (Easley D., Kleinberg
J. , 2010)
1

Web advertising has grown and changed considerably since its beginnings in the early
1990s. Online advertisement offers customers a more interactive way to shop and buy,
while at the same time, they give sellers a more layered method of reaching the
public. Looking at the history of Web advertising shows us how far the medium has
come, and where it is headed.
In 1989 Tim Berners-Lee invented the World Wide Web. However, it was not until
1994, when the first Web advertising appears, after the creation of Web browsers,
starting with Netscape, which allowed more complex Internet sites. In 1995, large
corporations and brands, such AT&T, Saturn, Time and Proctor & Gamble, begin to
invest in both their own websites and online advertising. 1997 can be seen as the year
when the Internet gained broad commercial acceptance as a sales medium. Companies
flocked to the Web to create e-commerce sites, and content sites (usually online
versions of newspapers or magazines), offering advertising space. As advertising
began to saturate the Web, marketers tried new tactics to gain attention. By the end of
1997, pop-up and pop-under ads became common. In 1999 online spending reached
nearly $1 billion in the second quarter. The "dot-com crash" in 2001 leaded to a sharp
decline in online advertising spending. However, Google’s AdWords program,
introduced in 2002, gave a new boost to the text-based advertising. A decade after the
first online ads, in 2004, spending on Web advertising reached nearly $9.6 billion.
Nowadays, major corporations move their advertising efforts into new areas by
making wide use of social media such as Twitter and Facebook (Beest).

Figure 1: Brief History of Online Advertising until 2004
Source: Rick E. Bruner et al., ―The decade in Online Advertising 1994-2004‖, April 2005, www.doubleclick.com
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Sponsored Search Advertising Characteristics
In the last decade, the most popular advertising method is via sponsored search
auctions, which has become a particularly profitable market for search engines. The
idea behind sponsored search is that for queries with commercial interest, large search
engines, such as Google, Yahoo!, Bing (formerly known as Live Search, Windows
Live Search, and MSN Search) and others, allow a certain number of ads to be
displayed on the top or on the side of the unpaid search (organic or algorithmic)
results, although this is not the same for all search engines. The returned set of links,
called sponsored links, are typically displayed in sets above the organic or algorithmic
results (mainline slots), in sets besides the organic results (sidebar slots). The main
advantage of such ads is that an advertiser is displaying his ad to users who have
expressed interest for the specific query and therefore are more likely to be interested
in his product (Maille P., Markakis E., Naldi M., Stamoulis G. D., Tuffin B., 2010).
The way that the advertiser is charged from the search engine depends on the charging
scheme the later has selected. The most popular charging schemes are the following
three, although the most popular model that is being used in almost all sponsored
search auctions is the Pay per Click model.
Cost per Click (CPC): This scheme is also known as Pay per Click (PPC). Advertisers
pay every time a user clicks on their sponsored link, which means that the user is
redirected to their website. This scheme enables the advertisers to refine searches and
gain only direct relevant traffic to their websites. Therefore the search engine is
motivated to display advertisements which have a high click probability as such ads
will generate more revenue for the search engines. Among PPC providers, Google
AdWords, Yahoo! Search Marketing, and Microsoft adCenter are the three largest
network operators, and all three operate under a bid-based model. Cost per click
(CPC) varies depending on the search engine and the level of competition for a
particular keyword.
Cost per Impression (CPI): This scheme is also known as Cost per Mille (CPM). It is
used for measuring the worth and cost of a specific e-marketing campaign. This
charging scheme is best suited for contextual ads – ads which appear in websites with
high traffic that contains either relevant content or content of general interest.
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Cost per Transaction (CPT): This scheme is also known as Cost per Action (CPA).
Advertisers typically pay only when a user fulfills a transaction (such as a purchase or
a form submission) and it is quite common in the affiliate marketing sector of online
advertising (Drosos D., Markakis E., Stamoulis G. D., 2010).
Due to the critical influence of search engines on Web users’ actions, many firms
have realized the importance of gaining a high position on the search results for
specific queries. Entire niche industries exist touting services to boost a Web page’s
ranking on the popular search engines, in part by reverse engineering the search
engines’ information retrieval algorithms. The expectation of increased traffic from
good placement on a search page has led to the creation of a market for sponsored
search (or paid placement—we use the terms interchangeably, as dictated by context)
where search engines can charge a fee for prominent positioning within a ―sponsored‖
section in the results page. For example, a digital camera retailer may pursue to
participate in the auction for the keyword ―digital cameras‖ (Feng J., Bhargava H. K.,
Pennock D. M., 2007).

Figure 2: Mainline and sidebar slot results in Google AdWords
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Figure 3: Mainline and sidebar slot results in Yahoo!

Nowadays there are over a dozen search engines, the dominant ones, Google, Yahoo!,
Bing and Baidu, which primarily searches the Chinese Web. According to Hitbox
(HitBox) Google is the most popular search engine worldwide with share that reaches
84,72%, while Yahoo!, Baidu and Bing follow with 6,42%, 3.76% and 3,14%
respectively. On July 29, 2009 (Microsoft and Yahoo seal web deal, 2009), Microsoft
and Yahoo! announced that they had made a 10-year deal in which the Yahoo! search
engine would be replaced by Bing. Therefore Bing's global share is 9.57% when
considering that searches at both Yahoo and Bing are actually powered by the Bing
search engine.

Figure 4: Search engine market shares in November 2010

Sponsored search has evolved into a multi-billion industry and is the primary source
of income for the search engine providers. As stated in SEMPO State of Search
Engine Marketing Report 2010 (SEMPO, 2010) Google dominates, with 97% of
5

companies paying to advertise on Google AdWords. Fifty-six percent of advertisers
and 62% of agencies say that keywords have become more expensive in Google over
the last year, while only 32% of advertisers observed an increase in Yahoo, and 29 %
in Bing. Finally, even though 2009 was a slow year overall due to the poor economic
climate, overall the market is estimated to grow by 14% in 2010, and reach a value of
$16.6 billion. Therefore we can easily understand the power of search engines in
terms of financial growth and strength and the significance of sponsored search
auctions industry to the global economy.

Sponsored Search Market Features
A combination of features makes the market for Internet advertising unique and
differentiates it from other traditional centralized markets, such as this of
electromagnetic spectrum. First, bids can be changed at any time, leading, each time,
to different appearing results. An advertiser’s bid for a particular keyword will apply
every time that the keyword is entered by a search engine user, until the advertiser
changes or withdraws the bid. For example, the advertiser with the second highest bid
on a given keyword at some instant will be shown as the second sponsored link to a
user searching for that keyword at that instant. The order of the ads may be different
next time a user searches for that keyword, because the bids could have changed in
the meantime. Specialized software which is responsible for monitoring bid
campaigns in an automated way is widely used (Edelman B., Ostrovsky M., Schwarz
M., 2007).
Secondly, search engines effectively sell flows of perishable advertising services
rather than storable objects: if there are no ads for a particular search term during
some period of time, there are no ads displayed.
Third, the utilities of the bidders are affected by special parameters that exist only in
the context of sponsored search auctions, most notably the click-through-rate, the
quality factor of the advertiser and the convention rate. Those parameters are
influenced by the behavior of the whole population of users who conduct a search.
Therefore the values of these parameters are likely to vary between industries,
geographical regions, the current date or time and the advertisers that participate.
Convention rates, for instance, vary vastly between different times of the day.

6

Finally, unlike other centralized markets, it is usually quite unclear how to measure
what is being sold, as there is no ―unit‖ of Internet advertisement that is natural from
the points of view of all involved parties. From the advertiser’s perspective, the
relevant unit can be defined as the cost of attracting a customer so that the latter
makes a purchase (corresponding to pay-per-transaction scheme). From the search
engine’s perspective, the relevant unit is the revenues assembled every time a user
performs a search for a particular keyword (reflecting the pay-per-view scheme).
However, nowadays, the prevailing scheme is the pay-per-click scheme and the
advertiser is charged accordingly.

7

2
An Overview of Sponsored Search Auctions
Introduction to Sponsored Search Auctions
A sponsored search auction, frequently referred as keyword auction or position
auction, is an economically efficient mechanism of allocating a limited number of
advertisement slots to advertisers in a dynamic way. The characterization ―dynamic‖
suggests that advertisers can change their bid at any time, and a new auction clears
every time a user enters the search query. In this way, advertisers can adapt to the
changing environment of internet, boosting or withdrawing their products according
to demand.
In this chapter we provide mathematical formulations for the underlying mechanisms,
and we introduce key concepts related to sponsored search auctions, such as the
notion of Click Through Rate and payoff equation. In addition, we will review the
available ranking and pricing methods used in sponsored search auction. We will
present and analyze the most prevailing search auction mechanisms, their evolution
throughout years and alternative mechanisms. Finally we will present an analysis of
equilibria in Generalized Second Price (GSP) auctions. All these will offer an
overview to sponsored search advertising.

Sponsored Search Auction Terms and Conditions
In every sponsored search auction there is a set of n potential advertisers
*

+ who compete for a set K of k slots, i.e.

the slot on the top of the list and slot
that

and

*

+, where slot 1 indicates

is the last slot of the list . Typically we have

. We will consider only the sidebar slots, ignoring the slots on

the top of the organic results, and that the pay per click scheme is employed. Each
advertiser is asked to submit a bid

that expresses the maximum price he is willing
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to pay per click. The actual valuation of advertiser
differ from

will be denoted by

and can

.

The payoff to bidder for being in position if the price od slot j is

, also known as

payoff equation, is:
(
where,

)

(1)

, is the Click Through Rate that bidder

position . This is the total number of clicks bidder

anticipates if he is in

will receive in the time period

for which the positioning resulting from the auction is valid. This can be analyzed into
a product of two components: a component which denotes the click rate of an
advertiser i.e., the probability that someone will click on an ad by an advertiser i, and
a component which represents the slot click rate (Blumrosen L., Hartline J. D., Nong
S., 2008). The advertiser click rate is commonly referred as quality factor

of the

advertiser and indicates the click rate that the advertiser receives independently of the
slot and can be used to model the relevance of the advertisement to the query keyword
as well as its quality. Finally,

is the impression value of being in position for

bidder . The impression value describes the value that bidder

derives from merely

being seen in position , independent of whether a search engine user clicks on bidder
’s link. We have in mind that companies derive value from the fact that a sponsored
search link reminds customers of the existence of their company, and that it makes
users more likely to buy in the future, even if those users do not click on the link and
make a purchase at the time of their search. The impression value is thus similar to the
value that advertisers derive from other forms of advertising, such as television
advertising, that are less targeted than sponsored search advertising. Since our focus is
on the payoff derived from clicks, in the remainder of this thesis, we will assume that
.
A restrictive assumption implicit in equation (1) is that click rate, value per click, and
impression value for bidder

in position

do not depend on the identity on the

bidders that win other positions. In practice, this identity might matter. Bidder might
attract a larger click rate in second place if the bidder in the top position is a large,
widely known company than if the bidder in the top position is small and not wellknown. In auction theory, this is known as an ―allocative externality‖. It is well9

known that such externalities may create multiple equilibria in single unit auctions
(Jehiel P., Moldovanu B., 2005).
Equation (1) assumes that bidders know click rates, quality factors, values per click,
and impression values. However, in case bidders are uncertain about these variables,
all three variables can be replaced by their expected value, equation.

Ranking Mechanisms for Sponsored Search
One of the major questions concerning an auction, is the way search engines design
and conduct them (Maille P., Markakis E., Naldi M., Stamoulis G. D., Tuffin B.,
2010). The first thing needed is a rule that ranks the bidders and thus determines the
allocations of the advertisers’ ads on the available slots. In particular this rule
computes for each bidder a score, which is a function of his bid and possibly of other
parameters (most notably the Click-Through-Rate (CTR)), and ranks bidders in
decreasing order. The CTR of an ad is the probability with which a user will click on
the ad and as mentioned in the previous sections it can be affected by the ad itself (due
to the content of the text being displayed and/or the identity of the advertiser), by the
slot that the ad is occupying (higher slots typically receive more clicks) and by several
other factors, such as the presence of other competing advertisers or the nature of the
advertiser himself (brand loyalty). The ranking rule is complemented by a pricing rule
determining the amount that a bidder being allocated a certain slot for his ad will
ultimately have to pay upon receiving a click. This allocation depends on the
willingness of each advertiser to appear in the top positions of a search page as it is
reported through the bid they submit to the search engine. The definition of an auction
mechanism is therefore the joint choice of a ranking rule and a pricing rule.
Depending on the ranking rule selected, there are two alternative policies:
† Rank-by-bid: the

higher bidders win the

the order is
per click a price

slots in the order of their bids. If

then each winner of a slot
, where the exact value of

search engine for every currency and it usually equals
† Rank-by-revenue rule, each bid

is charged

is provided by every
.

is weighted by a quality score

of bidder

, which reflects the probability that a user will click on the ad of bidder .
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The rationale is that ranking only by the bid may lead to displaying ads with very low
probability of attracting clicks and therefore lowering the total revenue of the search
engine. On the contrary the rank-by-revenue rule takes into account the expected
revenue from each bidder. After sorting the advertisers by the product
highest advertisers get the

, the

slots accordingly, and each of them pays again the

amount that is necessary to bid in order to keep his current position.
Historically, Yahoo and Google used different rankings of candidate advertisements.
Up until 2007, Yahoo ranked candidates according to the rank by bid rule. Google
ranked candidates using the rank by revenue rule. Currently, Yahoo, Google, Bing,
and most other web search engines use value per impression as the primary factor to
rank the candidate advertisements (Linden G., Meek C., Chickering M., 2006).

Pricing Mechanisms for Sponsored Search
In this section we provide an overview of the second component of adword auctions,
which is the pricing rule. The positive correlation which exists between top placement
and increased traffic on search engines creates a significant demand among businesses
for top placement when a query is conducted, especially as far as popular and
commercially-relevant search terms are concerned. However, since Web users face
negative utility if the search engine becomes impartial, most search engines limit the
number of paid placement requests they accept. Thus, the sponsored slots are a scarce
resource that need to be allocated carefully (Feng J., Bhargava H. K., Pennock D. M.,
2007).
The history of sponsored search auctions (Edelman B., Ostrovsky M., Schwarz M.,
2007) is of interest from the perspective of whether, how, and how quickly markets
come to address their structural shortcomings. Notably, the Internet advertising
market evolved much faster than other markets. This may be an outcome of on the
one hand the competitive pressures on mechanism designers present, and on the other
hand the much lower costs of entry and experimentation, as well as the advances in
the understanding of market mechanisms, and improved technology.
The early internet advertising, back in 1994, was notably different from the current as
advertisements were largely sold on a per-impression basis (Cost-per-Impression
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or/and Cost-per-Mille schemes). Contracts were negotiated on a case-by-case basis
resulting to large minimum contracts for advertising purchases (typically, a few
thousand dollars per month), and slow market entry. As for the pay-click charging
schemes, there are essentially two pricing rules that have been used, the Generalized
First Price and Second Price rules.
The Generalized First Price Auction
Understanding the potential of internet advertising, Overture (later part of Yahoo!)
introduced in 1997 a completely new model of selling Internet advertising. In the
original Overture auction design, each advertiser submitted a bid denoting the
advertiser’s willingness to pay on a per-click basis, for a specific keyword. In this
way, the advertisers had targeted ads instead of banner ads that would be shown to
everyone visiting a Web site, and they could therefore specify which keywords were
relevant to their products and how much each of those keywords (or, more precisely, a
user clicking on their ad after looking for that keyword) was worth to them. Another
innovating element was that ads were no longer sold per 1,000 impressions but per
one click at a time, which meant that every time a consumer clicked on a sponsored
link, the corresponding advertiser’s account was automatically billed the amount of
his last bid. This mechanism became widely known as Generalized First-price
Auction mechanism, as for each particular keyword he has. The sponsored links were
arranged in descending order of bids, making highest bids the most prominent. The
ease of use, the very low entry costs, and the transparency of the mechanism quickly
led to the success of Overture’s paid search platform, and it was quickly adopted by
major search engines, such as Yahoo! and MSN.
However, the Generalized First-Price auction mechanism was proven far from perfect.
Both search engines and advertisers quickly realized that the mechanism was unstable
due to a series of reasons. The fact that bids could be changed very frequently was
responsible for the existence of bidding cycles. Suppose there are two slots on a page
and three advertisers. An ad displayed in the first slot receives 200 clicks per hour,
while the second slot gets 100. Advertisers 1, 2, and 3 have valuations of $10, $4, and
$2, respectively. Given that advertiser 2 bids $2.01, he gets a slot. Then advertiser 1
will not want to bid more than $2.02, as he does not need to pay more than that to get
the top spot. But then advertiser 2 will want to revise his bid to $2.03 to get the top
spot, advertiser 1 will in turn raise his bid to $2.04, and so on. However, when the bid
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reaches $4, then advertiser 2 will return to $2.01 in order to maintain his slot but at the
same time minimize his cost. Respectively advertiser 1 will revise his bid to $2.02 and
the bidding cycle starts over. Clearly, there is no pure strategy equilibrium in the oneshot version of the game, and so if advertisers best respond to each other, they will
want to revise their bids as often as possible. Moreover, some Overture advertisers
apparently used an ―auto-bid‖ system, in order to automatically adjust an advertiser’s
bid to achieve desired placement and to avoid overbidding. When two or more
advertisers activated auto-bidders, their bids tended to form a distinctive ―saw-tooth‖
pattern of gradual rises in price followed by sudden drops, as seen in figure 5. Clearly,
this saw-tooth pattern reduces market efficiency: the bidder who values the first spot
the most spends only half the time at the top, and even less if there are more than two
bidders competing for the top spot. This indicates that the use of this particular
bidding pattern could have substantially reduced Overture’s revenue (Edelman B.,
Ostrovsky M., 2007).
Another weakness observed in generalized first price auctions was that bidding one's
true value is a not a dominant strategy; on the contrary bidders shade their bids below
their true value which leads once more to revenue losses for the search engines. Last
but not least, under the generalized first-price auction, the advertiser who could react
to competitors’ moves fastest had a substantial advantage. The mechanism therefore
encouraged inefficient investments in gaming the system, causing volatile prices and
allocative inefficiencies.
Google was the first to address to these problems when it introduced its own pay-perclick system, AdWords Select, in February 2002. The new mechanism was introduced
with the name Generalized Second-Price Auction or GSP

Figure 5: Bidding cycles (―saw-tooth‖ pattern) in first price auctions.
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The Generalized Second Price Auction
The Generalized Second Price auction mechanism is, nowadays, used by the major
search engines in order to generate the sponsored link list that will be displayed
whenever a user enters a query to the search engine.
In its simplest form, the highest bidder pays per click the second highest bid, the
second highest bidder pays per click the third highest bid, etc. The
bidder pays per click the

-th highest

-th highest bid if there is such a bid. Otherwise, if

, the -th highest bidder pays nothing. In particular, the pricing rule introduced
by Google in 2002 which is until now in use is that each bidder pays the amount that
is necessary to bid in order to keep his current position. For the advertiser who
obtained slot , the payment

should satisfy the following:
(2)

By the time this rule was introduced,

was taken to be equal to the estimated CTR,

, of the advertiser. The latter approach can be generalized by considering the quality
weight to be equal to a power of the CTR. This form of functional dependence allows
to remove more easily irrelevant advertisements, such as those with low CTR, that are
accompanied by high bids (as irrelevant ads diminish the trust of customers and are
therefore undesirable) (Linden G., Meek C., Chickering M., 2006). At the moment
however Google's quality score,

, is not solely dependent on the CTR but also on

other qualities of the advertiser, including also the text of the ad. The exact method of
determining

is not publicly available. In 2007 the revenue-based ranking rule was

also adopted by Yahoo! and Microsoft Live (now Bing). As

is not an important

parameter of the mechanism, from this point forward, we will make the assumption
that

.

Generalized Second Price and Vickrey-Clark-Groves Auction
GSP mechanism looks similar to the Vickrey-Clark-Groves, or simply VCG,
mechanism, because both mechanisms set each agent’s payments based only on the
allocation and bids of other players, and not on that agent’s own bid. However GSP is
not identical to VCG. Unlike GSP, where a bidder in slot will be charged according
to the bid of slot

, in VCG each advertiser’s payment is equal to the negative
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externality that he imposes on others, assuming that bids are equal to values, by taking
one of the slots away from them (Edelman B., Ostrovsky M., Schwarz M., 2007).
A few remarks are worth noticing as far as VCG auctions in comparison to GSP
auctions are concerned. First, unlike GSP, VCG auctions do have an equilibrium in
dominant strategies and truth-telling is generally an equilibrium strategy. With only
one slot, VCG and GSP would be identical. With several slots, the mechanisms are
different. Moreover, if all advertisers were to bid the same amounts under the two
mechanisms, then each advertiser’s payment would be at least as large under GSP as
under VCG (Edelman B., Ostrovsky M., Schwarz M., 2007). Finally VCG auctions
eliminate phenomena of strategic behavior, so that advertisers, who do not bid their
private values but their bids are computed with the use of algorithms that implement a
strategy, are diminished. Strategic behavior may lead to a significant shrinkage of the
revenue of the search engines.
Surprisingly, nevertheless, both Google and Yahoo! still use the GSP mechanism
instead of VCG mechanism due to a series of reasons. The VCG auction is a complex
mechanism that can be hard for the advertisers to understand and for the auctioneer to
implement. The implementation of the VCG would require from each advertiser to
submit a bid for every slot and the auctioneer to solve a more difficult optimization
problem (although the number of slots is small, the auction is real time). Furthermore,
the VCG mechanism produces substantially less revenues for the search engine than
those yielded by the GSP auction and the bidders may be slow to stop shading their
bids and report their private values. Finally, the design, implementation and test of a
new auction platform impose switching cost which may be unacceptable to both the
search engines and the advertisers.

Equilibria of the GSP auctions
In this section we provide a brief overview of equilibrium analysis. Advertisers
bidding on Yahoo! and Google can change their bids very frequently. Thus, we can
think of these sponsored search auctions as continuous time or infinitely repeated
games in which advertisers originally have private information about their types but
gradually learn the values of others and can adjust their bids repeatedly (Edelman B.,
Ostrovsky M., Schwarz M., 2007). As sponsored search auctions are essentially
games among advertisers, the ideal situation for the search engine is to ensure that the
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advertisers have no incentive to misreport their valuations. This would eliminate the
possibility of potential manipulations of the used mechanism by the advertisers.
However, simple examples demonstrate that neither the rank-by-revenue nor the rankby-bid GSP mechanisms are truthful (Maille P., Markakis E., Naldi M., Stamoulis G.
D., Tuffin B., 2010).
In principle, the sets of equilibria in such repeated games can be very large resulting
to quite complex strategies required to support them. Moreover, usually, there is more
than one equilibrium set of bids and among these equilibria are some that produce a
socially non-optimal assignment of advertisers to slots (Easley D., Kleinberg J. ,
2010). Even though in theory, advertisers could implement such strategies, in practice,
multiple campaign and management of multiple keywords as well as the exclusion by
the search engines of the use of automated robots which would ease the procedure,
make this impossible.
We will focus on a subset of Nash equilibria that are called Symmetric Nash
Equilibria (SNE) (Varian H. R., 2007) or Locally Envy Free Equilibria (Edelman B.,
Ostrovsky M., Schwarz M., 2007). Symmetric Nash Equilibria have specific
properties of interest for the search engine and for the advertisers, and therefore they
could be the equilibria that the search engine would prefer to attain (Edelman B.,
Ostrovsky M., Schwarz M., 2007), (Lahaie S., 2006) and (Maille P., Markakis E.,
Naldi M., Stamoulis G. D., Tuffin B., 2010). Below, we present the main research
results related to such equilibria.
We first set up the model in which these equilibria are studied. The equilibrium
analysis was performed for the rank-by-bid rule (but can be easily generalized to the
rank-by-revenue rule), where the CTR of advertiser for position

is assumed to be

the same for all advertisers, and to depend only on the position slot , i.e., the bidderdependent part of CTR,
CTR for slot

by

, is assumed to be the same for all bidders. Denoting the

, assume that

. To simplify notations, let

us also renumber the bidders so that

is the valuation of the bidder assigned slot .

Following the GSP principle, the price paid by advertiser
) is

(since

(that is, at position

as mentioned before) and his utility is:
(

)

(

)
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We assume that all advertisers are likely to learn all relevant information about each
other’s values. In addition, since bids can change anytime, the stable bids (equilibria)
must be static best responses to each other, otherwise an advertiser with a not so static
bid will have the incentive to change it. At a Nash equilibrium, no advertiser would
have an incentive to obtain a different slot. More formally:
A bid vector is a Nash equilibrium if for every slot s and for the advertiser at this slot,
it holds:
(

)

(

(

)

(

)
)

These equations denote that no bidder who wins a position has an incentive to deviate
for a lower or a higher position, no bidder that wins no position has an incentive to
deviate and win a position and no bidder that wins a position has an incentive to
deviate and win no position.
A symmetric Nash equilibrium is a set of bids that satisfies:
(

)

(

)

The rationale behind this notion becomes more clear if we look at pairs ,
. If the bidder at slot

such that

starts raising slightly his bid so as to increase the

payment of the bidder above him, then bidder can underbid him as a retaliation and
essentially this means that they will have swapped their bids. The right hand side of
the equation expresses the payoff of a bidder

if bidders

and

swap their bids.

Symmetric Nash equilibria capture the notion that there should be no incentives for
such swapping of bids between any pair of players.
It is straightforward to verify that if a bid vector satisfies the inequalities of the
previous equation, then it will be a Nash equilibrium. Hence the class of SNE is a
subclass of the set of Nash equilibria. The following key properties are satisfied by
SNE and can be helpful for the search engine (Varian H. R., 2007):
† At an SNE, there is monotonicity in the valuations of the winning bidders, i.e.,
.
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† If a set of bids satisfies the SNE inequalities for slots

and

, then it

satisfies these inequalities for all s.
† There is an SNE maximizing the search engine revenue among all possible
Nash equilibria.
Finally, it is interesting to compare the GSP mechanism with the classical VickreyClarke-Groves (VCG) auction, which is truthful and where each bidder pays for the
externality that he is causing to the other bidders. The following recursively defined
configuration has been shown to be an SNE:

{

where,

(for

quantity greater than

we take

(

)

). It is interesting that

(3)

can actually be any

since it does not affect the price of any slot. Except for this

degree of freedom, this Nash equilibrium does not involve over-bidding. That is, the
various bids do not exceed the corresponding advertisers' valuations.
Bidding vector

is known as the VCG equilibrium of GSP. This SNE was shown in

to be (Edelman B., Ostrovsky M., Schwarz M., 2007) the worst SNE for the search
engine in terms of revenue, and the best for the advertisers. In other words, the engine
revenue under GSP is always better than when using the truthful VCG mechanism,
which provides an . This is summarized in the following theorem (Aggarwal G.,
Feldman J., Motwan R., 2006).
The bidding vector

defined by (3) is an SNE. In this equilibrium the assignment

and the payments are identical to the dominant strategy equilibrium of the VCG
mechanism. Furthermore, in any other SNE, the revenue is at least as high as the
revenue of

.

For a more extensive analysis regarding equilibria in sponsored search auctions we
refer the reader to (Borgers Τ., Cox Ι., Pesendorfer Μ., 2007), (Edelman B.,
Ostrovsky M., Schwarz M., 2007), (Edelman B., Schwarz M., 2010) and (Varian H.
R., 2007).
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3
Sponsored Search Auction Data Analysis
In the following chapter we examine Overture’s paid placement auctions between
June 2002 and June 2003 (Overture was acquired by Yahoo! in the second half of
2003, after the end of our sample). The data was provided as part of the Yahoo!
Webscope program for use solely for academic research purposes. The dataset was
produced from Yahoo!'s records and has been reviewed by an internal board to assure
that no personally identifiable information is revealed. Under these circumstances, the
dataset was rendered inappropriate for any further analysis, reverse engineering or
processing of the data or any correlation with other data sources so that it could be
used to determine or infer personally identifiable information (Yahoo! Webscope
dataset ydata-ymusic-user-artist-ratings-v1_0).

Description of the dataset – Problems encountered
The Yahoo! Webscope program included a series of datasets of different categories.
The dataset which we analyzed was part of the Advertising & Markets Data and more
specifically ―A3. Yahoo! Search Marketing Advertiser Bid-Impression-Click data on
competing Keywords, version 1.0‖
This dataset contains a small sample of advertiser's bid and revenue information over
a period of 4 months (123 days). Bid and revenue information is aggregated with a
granularity of a day over advertiser account id, key-phrase and rank. Apart from
average bid, impressions and clicks information is also included. Sequence of
keywords make a key-phrase. A key-phrase can belong to one or more key-phrase
categories. Advertiser account id is represented as a meaningless string. Key-phrase is
represented as sequence of meaningless strings, where each string represents a
keyword or key-phrase category.
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Figure 6: Yahoo! Webscope A3 dataset snippet

According to the information provided by the Yahoo! Webscope program, there are 6
key-phrase categories. These are the following:
† de84da9dfd5a336d
† 79021a2e2c836c1a
† cd74a8342d25d090
† 3db691494440189b
† aef4ee042bea9c6b
† fc4f04e287746c48
During the analysis of the dataset we came across a series of problems. First, due to
the anonymity of the key-phrases, as it was stated by the Webscope program itself, no
valuable conclusion could be reached concerning the nature of the keywords. There
have been observed, nevertheless, anonymized key-phrases with similar or related
string-names, as seen in figure 7, for which we can presume that they are related
keywords or keywords of the same category. For example key-phrases coded as
―3db691494440189b

3e3f6346413117e2‖

and

―3db691494440189b

3e3f6346413117e2 204804677e80f854‖ could correspond to ―buy iPhone‖ and ―buy
iPhone 4‖ respectively.

Figure 7: Anonymized keyphrases similarities

However there is no certified, documented or secure way to conclude that these terms
are indeed related in any way to each other. The only information we can extract is
that

both

key-phrases

belong

to

the

category

under

the

string-name
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―3db691494440189b‖. On the other hand neither category ―3db691494440189b‖ can
provide us with any useful information in any way, as it is also anonymized.
Moreover, there has been a particular difficulty when dealing with average bids (avg
bid column). As seen in figures 7 and 8, there are values which present a rather
awkward format. These deviant values are probably badly formatted; what so ever
there is no official explanation from Yahoo!’s part. Another problem related to avg
bid values is that there is no documented detail about the way it is calculated in a
specific day. We have verified that the column avg bid is not correlated with clicks, so
we can confirm that the avg_bid is not the price paid. We have no further useful
information, though, in order to reach some conclusion regarding bidding behavior or
strategies used.

Figure 8: Deviant avg bid values

Dataset Analysis
According to Edelman and Ostrovsky (Edelman B., Ostrovsky M., 2007), during the
period between June 2002 and June 2003, Overture generally operated a first-price
auction and changed to GSP soon later, when Overture was acquired by Yahoo!.
However, as far as we do not examine the bidding behavior, the mechanism used
plays no particular role and does not affect our findings.
Taking into consideration the restrictions and problems of the dataset, mentioned
above, we proceeded in the dataset analysis. The fields we were concentrated
involved click through rate estimation for slots 1 to 8, as well as click through rate
estimation for key-phrases/ key-phrase categories which have been identified as
popular among the total data provided.
The dataset is consisted by 77850272 single records, each one of which contained the
following fields: day, anonymized account_id (denoting the anonymized bidder), rank
(denoting slot awarded), anonymized key-phrase (expressed as list of anonymized
keywords), avg bid, impressions and finally clicks. Primary key of the data is a
21

combination of fields date, account_id, rank and key-phrase. Average bid,
impressions and clicks information is aggregated over the primary key.
Due to the huge bulk of the data, and the difficulty in parsing and analyzing it, we
divided it into 78 subsets of 1000000 records (the last one contained the remaining
850272 records). However the results refer to the total number of records instead of a
statistical random selection of them.

Clicks
4,78%

At least one click
95,22%

No clicks

Chart 1: Percentage of advertisements at least once clicked

As seen in Chart 1, the final percentage of the advertisements which were clicked at
least once is 4,78%. This is consistent with Richardson’s, Dominowska’s and Ragno’s
findings published in their paper (Richardson M., Dominowska E., Ragno R., 2007),
where it is stated that CTR is 5%. CTR is defined as:

where

is the number of times an ad is clicked on and

the number of impressions of

the page on which that advertisement appears. In this result helps the big volume of
data we analyzed.1
As with search results, the probability that a user clicks on an advertisement declines
rapidly, as much as 90%, with display position. For the first 8 slots the CTR is
decreased from 0.28828 for the 1st slot to 0.03152 for the 8th slot. The following chart
2, depicts the reduction of CTR: 0.28828 for slot 1, 0.18934 for slot 2, 0.14539 for

1

In the paper of Richardson M., Dominowska E. and Ragno R. (2007), it is stated that an ad with a true
CTR of 5% must be shown 1000 times before we are even 85% confident that our estimate is within
1% of the true CTR.
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slot 3, 0.09504 for slot 4, 0.07566 for slot 5, 0.04706 for slot 6, 0.03662 for slot 7 and
0.03152 for slot 8, which totally gives a coverage of 90.89%.

Chart 2: Reduction of CTR throughout slots 1 to 8 for clicked on advertisements

More specific, from the total advertisements clicked on, more than 50% of them
appear in the 3 top slots and the rest of them in the slots 4 to 8, as seen in chart 3.

Clicks per slot over the clicked on keyphrases
3,66% 3,15%

4,71%

1st slot

7,57%
28,83%

2nd slot
3rd slot

9,50%

4th slot
14,54%

18,93%

5th slot
6th slot
7th slot

Chart 3: Percentage of clicks per slot for clicked on advertisements

We perform the same analysis over the total data, including the advertisements which
were not clicked on. The results are verified to be proportionally correlated as
expected.
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As with search results, the probability that a user clicks on an advertisement declines
rapidly, as much as 90%, with display position. For the first 8 slots the CTR is
decreased from 0.01378 for the 1st slot to 0.00151 for the 8th slot. The following chart
4, depicts the reduction of CTR: 0.01378 for slot 1, 0.00905 for slot 2, 0.00695 for
slot 3, 0.00454 for slot 4, 0.00362 for slot 5, 0.00225 for slot 6, 0.00175 for slot 7 and
0.00151 for slot 8, which totally gives a coverage of 91.862%. This slight difference
between the CTR coverage percentage, as seen in chart 5, is justified by the fact that
there were clicked on advertisements in more than the 8 first slots which we are
studying.

Chart 4: Reduction of CTR throughout slots 1 to 8

Chart 5: Reduction of the CTR (comparison)
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Click Through Rate Exponential Decay Model
The click-throughs that a listing generates depends on both its relevance and its rank
within the sponsor-search section, because users are inherently more likely to click on
higher-ranked items. Our analysis of the Yahoo! dataset intents to verify the expected
number of click-throughs for an item

at position , as it was computed by (Feng J.,

Bhargava H. K., Pennock D. M., 2007).
In their study, Feng, Bhargava and Pennock used the exponentially decaying attention
model with factor

, computing the average click-through as

. According to

them, exponential decay of attention is a fairly standard assumption, which is borne
out in practice. Analysis of the actual click-through data obtained from Overture
during 2003 for the top five positions across all affiliates -including Yahoo!, MSN,
and AltaVista- were fitted extremely well by an exponential decay model with
.
In our analysis we estimated click through rates under the exponentially decaying
model as well. Our analysis included, though, the top 8 slots and only for Yahoo!. Let
A be the CTR of the 1st slot.

Subsequently, under the exponential decaying model, the CTRs of the following slots
are

for the 2nd slot,

Parameter

for the 3rd slot and so on.

is defined as following:
(4)
(4) ⟹

,

(5)
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The following tables contain the logδ and δ (delta) values, as they were computed
according to (5) and (6). The average delta for both clicked-on and not clicked-on
advertisements resulted as the average of individuals deltas.
logδ
Ads with Clicks>0
0.1825
0.1147
0.1846
0.0990
0.2062
0.1089
0.0651

All Ads
0.1826
0.1146
0.1849
0.0983
0.2065
0.1091
0.0640

(average = 0.1373)

(average = 0.1371)
delta

Ads with Clicks>0
1.5225
1.3022
1.5229
1.2561
1.6077
1.2850
1.1618

All Ads
1.5226
1.3021
1.5308
1.2541
1.6088
1.2857
1.1589

(average = 1.3808)

(average = 1.3804)

delta δ
1.7

1.6

1.5

1.4

1.3

1.2

0

1

2

3

4

5

6

7

Chart 6: Graphic representation of δ (delta) values. The blue line corresponds to advertisements at least once clicked
on, while the purple one to the total advertisements.
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logδ
0.25
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0.10
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0
1
2
3
4
5
6
7
Chart 7: Graphic representation of logδ values. The blue line corresponds to advertisements at least once clicked on,
while the purple one to the total advertisements.

As we can see from the table and the following graphic representation, delta values
are almost identical and very close to

, suggested by Feng, Bhargava and

Pennock. The slight deviation between clicked-on and not clicked on advertisements
is justified by the fact that in our analysis there were clicked on advertisements in
more than the 8 first slots which we are studying. As far as the deviation from the
Feng, Bhargava and Pennock research is concerned, this might be justified by the fact
that they used data from other affiliates as well (MSN and AltaVista) and the fact that
they were examining top five positions (instead of 8).
Because of the variation of the delta values, and the possible decay of importance of
delta as we move down from slot 1 to slot 8, we decided to take the running average
of the delta values2. Through this we observed a convergence of the values to both our
average and the delta derived by Feng, Bhargava and Pennock’s research. In the
following charts we can see an overview of delta values and the corresponding
averages, for both the ads that were clicked on and the total population of
advertisements.

2

As we go down from slot 1 to slot 8, we have fewer impressions and fewer clicks. This fluctuation
may impose undesirable deviations and lead to controversial results.
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delta δ
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Chart 8: Graphic representation of δ (delta) values of advertisements at least once clicked. The blue line corresponds
to the delta values, the purple one to the running average, the olive one to the average and finally the green one to
Feng, Bhargava and Pennock’s delta.
delta δ
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Chart 9: Graphic representation of δ (delta) values of all advertisements. The blue line corresponds to the delta
values, the purple one to the running average, the olive one to the average and finally the green one to Feng,
Bhargava and Pennock’s delta.
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Click Through Rate Power Law Model
During our analysis we decided to test other distribution models, concerning the CTR.
We opined that power law distributions would most likely fit to our purposes. In this
context we selected Zipf Law distribution. The exact model form that was used is
described hereupon:

(6)

(

(

)

(

(6)(7)⟹

)

(7)

)

(8)

According to the values of CTR calculated previously we take the following:

0.6063
0.6517
1.4779
1.0216
2.6068
1.6263
1.1255

0.1825
0.1147
0.1846
0.099
0.2062
0.1088
0.06517

0.301
0.176
0.1249
0.0969
0.0791
0.0669
0.0579

As we can notice in the value table above and the following chart, there is a
correlation between
fluctuations). The amount

and

, which present quite similar behavior (with

functions as a regulatory factor. However, it is

obvious that there is no convergence of the values, as they seem to introduce
considerable deviations. Therefore, Zipf Law distribution is rated as inappropriate and
inacceptable for our purposes.
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Popular Keywords’ / Popular Categories’ Analysis
The analysis of the dataset has provided us with some interesting information
concerning the keywords and their categories. As it’s mentioned earlier, the data is
anonymized insofar there is no certified, documented or secure way to conclude of the
nature of both keywords and keywords categories or the market ―power‖ they may
hold.
Unfortunately the huge bulk of data made the processing and analysis of the dataset
particularly difficult and problematic and the existence of a great number of different
keyphrases, very similar to each other and often with correlation to more than one
keyword categories, contributed to this too. However, after exhaustive processing we
managed to identify the most popular keyword categories and the most popular
keywords. The popularity of the keywords and the categories was measured by means
of total appearances, independently of receiving or not any clicks.
As far as the popular keywords categories are concerned, the most popular is
identified under the anonymized keyphrase ―aef4ee042bea9c6b fc4f04e287746c48‖.
This indicates that advertisements under this keyphrase correspond to two different
keyword categories, the ―aef4ee042bea9c6b‖ and ―fc4f04e287746c48‖. The
occurrence of this combined category to the total number of advertisement which
received at least one click is equal to 4.63%, while to the total number of
advertisements processed, 0.222%. As far as the popular keywords are concerned, the
most

popular

of

them

is

identified

under

the

anonymized

keyphrase

―cd74a8342d25d090 9098047d8e656cfc‖ which represents 0.165% of the total
number of advertisements which were at least once clicked on, while 0.0079% of the
total number of advertisements. This indicates that advertisements under this
keyphrase correspond to the keyword category ―cd74a8342d25d090‖ as well as to the
keyword under the identifier ―9098047d8e656cfc‖.

Impressions
Clicks

aef4ee042bea9c6b
fc4f04e287746c48
107058568
404957

cd74a8342d25d090
9098047d8e656cfc
3748187
170217

The interesting fact about this keyword and keyword category is the results of the
analysis under the exponential decay model. The analysis showed that they do not
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follow the ―typical‖, expected exponential decay model as this was described
previously in this chapter. Analytically, the first 5 slots do present a descending CTR;
however for both ―aef4ee042bea9c6b fc4f04e287746c48‖ and ―cd74a8342d25d090
9098047d8e656cfc‖ the 6th slot appears to have a CTR lower than the corresponding
CTR for the 7th slot.
As far as the keyword category is concerned, despite the small variations, the average
δ (delta) is 1.438, which is very close to

, suggested by Feng, Bhargava and

Pennock. Nevertheless, this does not apply to keyword ―cd74a8342d25d090
9098047d8e656cfc‖, where the average

. This deviation may be explained

by the comparatively small portion of it to the total number of advertisements, which
were at least once clicked on as well as the total number of advertisements (0.165%
and 0.0079% respectively).
The following tables depict the variation of the logδ and delta values correspondingly.
The blue line in the chart corresponds to ―aef4ee042bea9c6b fc4f04e287746c48‖,
while the purple one to ―cd74a8342d25d090 9098047d8e656cfc‖.
logδ
aef4ee042bea9c6b fc4f04e287746c48
0.401154
0.174679
0.256642
0.102041
-0.285400
0.061253
0.118290

cd74a8342d25d090 9098047d8e656cfc
0.445670
0.142227
0.514530
0.333201
0.182651
-0.050389
0.382998

delta
aef4ee042bea9c6b fc4f04e287746c48
cd74a8342d25d090 9098047d8e656cfc
2.518573
2.790423
1.495131
1.387481
1.805688
3.269866
1.264854
2.153782
0.518324
1.522828
1.151472
0.890460
1.313075
2.415450
(average: 1.438160)

(average: 2.061470)
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Chart 12: Graphic representation of δ (delta) values for ―aef4ee042bea9c6b fc4f04e287746c48‖. The blue line
correspond to delta values, the purple line to running average, the green one to average, and finally the olive one to
total average delta as we computed it.
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Chart 13: Graphic representation of δ (delta) values for ―cd74a8342d25d090 9098047d8e656cfc‖. The blue line
correspond to delta values, the purple line to running average, the green one to average, and finally the olive one to
total average delta as we computed it.
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We are going to apply Zipf’s power law model as well. According to equation (8) we
have:
r
aef4ee042bea9c6b fc4f04e287746c48
1.332739
0.992496
2.054785
1.053051
-3.608068
0.915597
2.042998
r

cd74a8342d25d090 9098047d8e656cfc
1.480631
0.808109
4.11953
3.438611
2.309115
-0.753147
6.614821

6

4
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Chart 14: Graphic representation of r values. The blue line corresponds to ―aef4ee042bea9c6b fc4f04e287746c48‖,
while the purple one to ―cd74a8342d25d090 9098047d8e656cfc‖.

As stated before, it is obvious that there is no convergence of the values for none of
the

―aef4ee042bea9c6b

fc4f04e287746c48‖,

―cd74a8342d25d090

9098047d8e656cfc‖, as they seem to introduce considerable deviations. Therefore,
Zipf Law distribution is rated once more as inappropriate and inacceptable for our
purposes.
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Adjustment of the data
During

the

processing

of

popular

keyword

category

―aef4ee042bea9c6b

fc4f04e287746c48‖ we observed an inconsistency. The impressions of the 3rd, 4th and
5th slot outnumbered those of the 1st and 2nd slot, as it is seen in the following table.
Slot
1
2
3
4
5
6
7
8

Impressions
15377054
17427643
20840656
19775056
19218087
5174398
4799064
4604555

This imposes serious questions about the dataset itself. Since the auctions concern 8
slots, the expected result of the analysis should be that the 1st slot would receive the
most impressions and the impressions would follow a descending distribution for the
2nd to 8th slot. This assumption is satisfied for the dataset in general, as seen before,
however when it comes to keyword category ―aef4ee042bea9c6b fc4f04e287746c48‖
there is a deviation.
Considering that if an advertisement is displayed
been displayed at least

times at slot , then it should have

times plus a small positive quantity at slots

, where

, the previous table becomes:
Slot
1
2
3
4
5
6
7
8
Where

and

Impressions
20840656+ε’
20840656+ε
20840656
19775056
19218087
5174398
4799064
4604555

. To simplify, we consider ε

.
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logδ
0.346789
0.097006
0.256642
0.102041
-0.285400
0.061253
0.118290

delta
2.222230
1.250278
1.805688
1.264854
0.518324
1.151472
1.313075

(average: 0.099517)

(average: 1.360846)
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Chart 15: Graphic representation of δ (delta) values for ―aef4ee042bea9c6b fc4f04e287746c48” before (purple
line) and after the adjustment (dark blue –circle- line) as well as average (light blue –triangle- line) and running
average (olive line) of adjusted values and total average delta (green line).

We can see there is a convergence to the average delta value, as it was calculated for
the entire dataset (delta=1.3804). However the values still insert a small variation
(between the 1st and the 2nd slot and the 5th and the 6th.
As far as the Zipf distribution is concerned, this adjustment introduced no significant
improvement.
A

similar

situation

occurs

with

popular

keyword

―cd74a8342d25d090

9098047d8e656cfc‖. The impressions of the 2nd and 3rd slot outnumbered those of the
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1st as well as the impressions of the 7th slot outnumber those of the 6th, as it is seen in
the following table.
Slot
1
2
3
4
5
6
7
8

Impressions
621354
658820
635205
595371
495759
249770
315540
176375

After the adjustment we have the following values:
Slot
1
2
3
4
5
6
7
8

Impressions
658820+ε
658820
635205
595371
495759
315540+ε
315540
176375

Once more we consider ε=0. The logδ and delta values are the following:

logδ
0.445670
0.142227
0.514530
0.333201
0.182651
-0.050389
0.382998

delta
2.631736
1.387481
3.269866
2.153782
1.923823
0.704855
2.415450

(average: 0.278698)

(average: 2.069571)
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Chart 17: Graphic representation of δ (delta) values for ―cd74a8342d25d090 9098047d8e656cfc‖ before (purple
line) and after the adjustment (dark blue –circle- line) as well as average (light blue –triangle- line) and running
average (olive line) of adjusted values and total average delta (green line).

Similarly to popular category keyword adjustment, as far as the Zipf distribution is
concerned, this adjustment introduced no significant improvement.
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Chapter Overview
In this chapter we performed an analysis of Overture’s dataset. As the dataset was
anonymized, it offered no possibility to retrieve valuable information about data’s
nature. As a result our analysis was in base of Click Through Rate estimation,
processing rank (slot awarded), impressions and clicks. We examined slots 1 to 8.
However, as we consider that the first 5 slots may carry more information due to their,
comparatively to slots 6-8, larger volume of impressions and clicks, we applied
running averages which were proved to be close to the delta value proposed by Feng,
Bhargava and Pennock. We applied different distribution models and our findings
indicated that the geometric distribution may fit real data very well in some cases, i.e.
when referring to the entire dataset, while in other cases smaller or larger deviations
may occur (popular keyword and category analysis). On the other hand Zipf’s Power
Law, which was tested as well, was proved to be an inappropriate and inacceptable
model, as it introduced considerable deviations and resulted to no convergence of r
values. It is still an interesting direction to test whether the Zipf distribution can fit
real datasets using more elaborate techniques than regression.
Finally, we segregated key-phrases, responding to keyword and category, which
presented a relatively high popularity and we checked geometric and Zipf’s Law
distributions. During the analysis of popular keyword and popular keyword category,
we observed an inconsistency of the expected, according to the distribution model,
behavior of the dataset. CTR appeared not follow a monotonically descending rate;
there were fluctuations instead. Due to that we proceeded to adjustment of the data,
which, however, did not improve significantly the outcome of our analysis.
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4
Bibbing Strategies in the Generalized Second
Price Auctions
Bidding Strategies
Once the search engine has chosen a mechanism, most commonly GSP, it is then the
advertisers' turn to establish the principles of the game. The main question which
arises for the advertisers is the difficulty to decide the way they should place a bid and
its price. As we have already mentioned, truthful bidding is not a dominant strategy
under the GSP mechanism, which gives rise to strategic behavior by the bidders in
order to increase their utility as well as their revenue (Edelman B., Ostrovsky M.,
2007). Furthermore, even when bidders try to profit by lying, viewing the process as a
repeated game, it is not obvious whether the game will converge to a better state for
them.
We examine sponsored search auctions as one-shot games of complete information, in
which the players’ valuations per click and click-through-rates are of common
knowledge. A typical justification for such an approach is the abundance of
information in the system, since the advertisers have ample opportunity to explore,
submit and resubmit bids at will (Vorobeychik Y., Reeves D. M., 2007).
Defining one’s bidding strategy is rather complex and challenging given the fact that
even though the existence of a plethora of Nash equilibria is scientifically verified, it
is not a priori clear whether any of these equilibria are actually reached in real
keyword auctions. Hence, advertisers often end up assigning their bidding campaign
to consultants or other companies, specializing in such campaigns (Maille P.,
Markakis E., Naldi M., Stamoulis G. D., Tuffin B., 2010).
In this section we will review some of the existing bidding schemes and study their
main properties.
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Greedy strategies
It is a frequent phenomenon that there is a repetitive model for auctions for the same
keyword. Thus, a natural approach to bidding is to use the past as a prediction for the
future. Hence, if an advertiser, according to statistical evidence, assumes that other
players’ bids will not change in the next round, the best choice for him is to bid in a
way that will make him win the slot which maximizes his own utility (or, in case
winning a slot leads to negative utility, to refrain from bidding). Therefore, we can
define the class of greedy bidding strategies as the group of strategies in which an
advertiser

chooses his bid for the next round so as to maximize his utility, assuming

that the bids of other bidders remain fixed at their values, which were given to them in
the previous round.
In the majority of auctions, a range of bids which maximize utility, given the bids of
the other players, may be available. Specifying further how to choose the best bid
from this range gives rise to various greedy strategies. Supposing that advertiser ,
maximizes his utility by acquiring slot . He can achieve this either by submitting the
smallest possible value or try and push the other bidders' payments as high as possible
and hence submit the maximum bid that will guarantee slot

and not slot

. The

first strategy is usually referred to as altruistic bidding, as in that case the bidder
above slot s will pay the smallest possible amount, while the second one is referred to
as competitor busting. Finally, a more balanced approach is to bid somewhere in the
middle so as to still push prices up but without running the risk of paying more than
expected if one of the other bidders changes his bid. To become more formal, let
( ) be the price that player

has to pay when he bids so as to win slot , given

other players bids. (Maille P., Markakis E., Naldi M., Stamoulis G. D., Tuffin B.,
2010)
Cary et al (Cary M., Das A., Edelman B., Giotis I., Heimerl K., Karlin A. R., Mathieu
C., Schwarz M., 2007) introduce and study the following greedy bidding strategies:
Balanced Bidding (BB), Restricted Balanced Bidding (RBB), Altruistic Bidding
(AB), Competitor Busting (CB).
More specifically, in Balanced Bidding (BB), bidder
maximizes his utility, i.e.,
he then chooses his bid

* (

first targets the slot

that

( ))+. Given the desired slot,

for the next round so as to satisfy:
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( )/

.
The notion behind this is that player

(

)

(9)

should bid high enough so as to push the prices

paid by his competitors up but at the same time it should not be the case that his utility
decreases if a competitor bids just below

and

ends up at the higher slot

.

Restricted Balanced Bidding (RBB) is based on the same intuition as BB. However
bidder

looks only at slots which have lower CTR than his current slot. If his current

slot is

, then he first targets the slot

then chooses his bid , according to

* (

( ))

+. He

, in order to satisfy equation (10).

In Altruistic Bidding (AB), bidders are trying to bid in such a way that will not lead to
overcharging other players. In this context, they bid just what is necessary to get the
desired slot. Hence the slot
*

chosen equal to

is selected according to BB principles, but the bid
()

is

+, where ε is a small positive quantity.

Finally, Competitor Busting (CB), can be considered as the ―opposite‖ strategy of AB.
Here, bidders are simply trying to push prices as high up as possible in order to render
their competitors busted. Again
*

()

is selected as in BB but then the bid b is set to

+. This strategy has been observed in practice and is also

referred to as anti-social or vindictive bidding (Brandt F.,Weiß G., 2001), (Y.
Zhouand, R. Lukose, August 2007), (Markakis E., Telelis O., 2010) .
Unfortunately, not all of the above strategies converge to some steady state and
bidding cycles may appear. BB strategy always converges in an asynchronous setting,
however there is no guaranteed convergence in synchronous bidding. The RBB
strategy is designed so that it has the same unique fixed point as BB (at which players
bid according to the VCG equilibrium), so it is preferable than BB when it comes to
asynchronous setting. Convergence issues for AB and CB are much more serious than
for BB as, in general, AB and CB strategy do not have a fixed point! The only fixed
point for CB is when all players are bidding their values and those bids happen to be a
Nash equilibrium for the GSP strategy. For more on greedy bidding strategies and
their convergence see (Cary M., Das A., Edelman B., Giotis I., Heimerl K., Karlin A.
R., Mathieu C., Schwarz M., 2007), (Markakis E., Telelis O., 2010).
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The properties of AB and CB have also been studied further, especially since CB is
often encountered in practice. The pricing mechanism embedded in GSP appears to be
prone to the Competitor Busting phenomenon, since an advertiser may raise his bid,
thereby increasing the price paid by his competitor for the next higher slot, while
suffering no consequences as to the price he is paying. There has been a proposal of a
new pricing rule, under the name Penalized Second Price (PSP), in order to alleviate
CB. According to this rule, the price paid by each advertiser is a linear combination of
its own bid as well as of the next lower bid. With PSP an advertiser pays the
consequences of its own aggressive strategy. (Grillo A., Lentini A., Naldi M., Italiano
F. G, May 2010).

Experimental Analysis of Bidding Strategies
In the context of our experimental analysis of bidding strategies we decided to
implement a new bidding strategy. As a result we co-operated with dr. Orestis Telelis,
who provided us with a C++ code he had already developed. The code was composed
of two individual parts. The first one (GEN.cc) was a bidding data generator, while
the second one (ADSTRAT.cc) implemented some of the most popular bidding
strategies.
Code Received
Concerning the C++ files we received, as far as the GEN.cc is concerned, the user
could give the desired number of bidders (players) and available slots as well as the
minimum starting valuation and minimum starting CTR. The outcome, which
included a series of valuations, click-through-rates and other information regarding an
auction, was used as an input file for the ADSTRAT.cc.
As far as the ADSTRAT.cc file is concerned, the user has a plethora of options,
including the selection of a bidding strategy, between Competitor Busting and Mixed
Bidding, bidding direction, overbidding option and the number of experiments to be
performed. The outcome provided the users with a list of the slots and the
corresponding CTR, as well as a list of the players (bidders), the slot each one was
awarded, if awarded, their valuations, bids and utility. Finally the social welfare and
the search engine’s revenue were computed too.
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New Bidding Strategy Implementation
The existence of strategic behavior in the majority of sponsored search auctions and
the problems related to it, lead us to consider the possible format of the new bidding
strategy. The alternative implementation of Competitor Busting, proposed by
Markakis and Telelis in their recent paper (Markakis E., Telelis O., 2010) was
considered to fit the goals of the experiment. However, the strategy we finally decided
to implement involved the following:
We have 8 slots, 16 competing bidders and click-through-rates following geometric
distribution with δ=1.4. The valuation could be defined according to two different
scenarios. In the first one, minimum starting valuation is uniformly at random
assigned in the interval [10, 100]. In the second one, we have a ―rich-poor‖ mode
were valuations are assigned to every individual bidder according to the following
rule:
{

,

,

(

)

-

The auction is organized in periods, where each period is consisted of 4 rounds. In
every round, 4 bidders submit their bids, so that in every round we have a different
four-bidder group. This means that in the first round we have 4 bidders out of the total
16, in the second round 4 bidders out of the rest 12, in the third round another 4
bidders out of the rest 8 and finally in the fourth round the last 4 bidders.
After the first assignment of the slots, the first period starts. Each one of the 4 bidders
selected, checks the directly ―neighboring‖ slots for a possible improvement in his
utility. If there is no improvement of the utility, then he checks his neighbors’
neighboring slots and so on, until no other slot is available, or until an improvement of
the utility occurs. For example, given a bidder at slot 4, he first looks at slots 3 and 5,
then slots 2 and 6, following slots 1 and 7, and then only slot 8. If a slot that improves
one’s utility is found, then the ―slot search‖ stops and the bidder increases his bid, so
that he wins this slot3. When a bid changes, we compute the convergence between
previous and current bids. This applies to every individual bidder. At the end of the
period, when all players have reassessed their utilities, we check if there is a

3

We consider the minimum increase equal to 0.01.
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convergence of bids. Moreover we compare the search engine’s revenue in
comparison to the previous period.
Simulations
We produced 100 instances of input files with the following parameters: 8 slots, 16
bidders, click-through-rates as described above, and minimum starting valuation
uniformly at random [10, 100] as well as 100 instances of input files with the
following parameters: 8 slots, 16 competitor bidders, click-through-rate equal to 1.4
and valuations according to rich-poor mode.
We run our new strategy as following. 50 instances of each of the two ―valuation
selection‖ groups run under the Competitor Busting mode, while the other 50 plus 50
instances run under the Mixed mode. We consider 100 periods for each test. At the
end of these periods, we evaluate the convergence of bids as well as the total revenue
of the search engine.
Findings
Simulations suggested the following:
There is no significant difference between experiments run under competitor busting
and mixed mode, or between randomly selected minimum valuation and rich poor
valuation mode.
Bidders did not tend to change their slot. At the end of each period (4 rounds) the
average number of players changing their slots is 4. The players tended mostly to
switch to slots which were above their own at a percentage of 68.29%, and in the
great majority (82.07%) it is directly neighboring slots switches that took place.
However the final distribution of slots was often identical to the original one, as
mutual slot switches have been observed.

Direction of switches

Vicinity of switches
17,93%

31,71%
68,29%

To previous
slot

To direct
neighbors

To next slot

To neighbor's
neighbors
82,07%

Chart 18: Slot switching distribution, regarding
direction of switch

Chart 19: Slot switching distribution, regarding vicinity
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of slots

As seen in the following chart, slot switches were mostly concentrated at slots 3, 4, 5
and 6. No player, who has not been awarded a slot, apart from the one at slot 9 4,
switched to a winning slot5. An interesting observation was that many players, in a
considerably high percentage of the experiments, mutually switched slots, in a way
that, at the end of a period they had the same slots they were originally awarded.

Switches per slot
17,11% 16,84%
18,00
15,44% 14,95%
16,00
14,00
12,33%
12,00
8,81%
10,00
8,00
5,77%
6,00 4,96%
3,79%
4,00
2,00
0% 0% 0% 0% 0% 0% 0%
0,00
1
2
3
4
5
6
7
8
9
10 11 12 13 14 15 16
Chart 20: Distribution of switches per slot

As far as convergence of bids is concerned, we have observed that it is quickly
reached, after an average number of 8 periods. The first slot switches, introduce
significant bid differences, as expected, however after a few periods these differences
tend to be eliminated, and convergence is succeeded. The experiments have shown
that as far as search engine’s revenue is concerned, there are no significant deviations
observed from period to period, despite slight increases or decreases. Social welfare
remains mostly fixed.
To sum up, our experiments show than convergence of bids is succeeded as after a
number of periods no bidder has an incentive to switch his slot.

4

As bidder at slot 9, we denote the bidder who has been ranked 9 th, and as a result has not been
awarded a slot.
5
Slots 1 to 8 are considered to be winning slot, as they ―win‖ a place at the auction
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5
Conclusions – Further Research
In this Thesis, we have presented an overview of sponsored search auctions, the
ranking and pricing mechanisms used. We focused on the fundamental notion of the
Click-Through-Rate, we examined its distribution, and we tested the fit of proposed
CTR distribution models in real data, which were acquired as part of the Yahoo!
Webscope program. We examined the dataset as a whole, as well as keywords, which
we identified as popular, in terms of impressions. The CTR Exponential Decay model
was proved to fit real data satisfyingly well, while Zipf’s Power Law Distribution
model introduced considerable deviations. Finally, we presented a new bidding
strategy, were bidders pursue to improve their utility and we examined the
convergence of bids. Simulations suggested that bidders tend not to change their
acquired slots and in case they do, convergence επέξρεηαη after a short period of
iterations.
We believe sponsored search advertising is a promising area for future research. Thus,
a series of other CTR Distribution models should also be tested, with emphasis to real
datasets, in order to promote the most elaborate mechanisms for both the bidders and
the search engines. In this context, more empirical datasets, which would ideally
provide information about the nature of keywords too, should be publicly available.
Last but not least, theoretical analysis should be accompanied by further experimental
analysis, which would provide a complete overview and lead to the progress of the
field.
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