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Sponsored search advertising has emerged as antampand significant forum for
advertisers, accounting for 40% of all advertisspgnding online. The unique features
of sponsored search advertising — the nature cfuooer search as well as the pricing
mechanisms employed — differentiate it from trachéil advertising formats, and raise
many interesting questions regarding consumersthemnd purchase behavior, sellers’
advertising strategies, and the ensuing marketrdigsa However, despite the robust
growth in sponsored search advertising, researdts amplications is limited. My
dissertation, comprising three essays, seekslthiflgap. In addition to examining the
effects of sponsored search advertising on consuiaret sellers, | also investigate the
validity of theories developed for traditional m&dhn an emerging online sponsored
search context.

The first essay focuses on the impact of a selsgtnsored search advertising

strategies, including its rank in the sponsorethltis the unique selling proposition (USP)



employed in its advertisement text/creative, antmetitive market dynamics on the
performance of the focal seller’'s advertisementavidng upon prior research on
consumer search and directional markets, | proposedel of the consumer search
process in the sponsored search context and coadwnpirical study to test the
research model. The results validate the resdgnobthesis that the search listing can
act as a consumer filtering mechanism and competititensity within adjacent ranks
has a significant impact on the seller’s perfornganc

The second essay employs consumer search andycigiialing theories from
information systems, marketing, and economics ttetstand the impact of the
informational cues contained in the sponsored bdeting about sellergelative
advertising expendituren consumer search and purchase behavior. Comtrary
conventional wisdom, | find that the unique formathe sponsored search listing
significantly increases the strength of the adseng signal vis-a-vis the price signal. In
addition, | find that the risk attitude of consuséas a significant impact on the valence
of these different information cues in the onliegisg.

The third essay examines market outcomes in dmegtimarkets such as sponsored
search and comparison shopping advertising. Sp&ityf | focus on comparison
shopping advertising where advertising not onlginfs consumers about price and
quality but also directs consumer search. | firat the relationship between a firm’s
price, quality, and advertising intensity in thiamket is strikingly different from that in
traditional markets, a result attributable to tiféedential impact of price and quality on

an advertiser’s conversion rates and profit margins



Overall, these studies provide crucial insights icbnsumer behavior in online
sponsored search markets. These findings havdisag implications for firms, as well
as for the market makers. Insights from theseissudill enable practitioners to develop
appropriate advertising strategies and online inéeliaries to optimize the design of

online sponsored search markets.
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CHAPTER 1: OVERVIEW

The rapid growth of Internet and the emergencedefaced information and
communication technologies have created an envieobhiconducive for disruptive
innovations. Today’s Internet economy, fueled bgtsinnovations, has witnessed
transformation of existing business models ancethergence of new business models.
Online advertising is one such innovation whicdramatically changing the dynamics
of advertising industry and has the potential teeha profound impact on businesses,
industries, as well as consumers. Therefore notssurprising that researchers and
practitioners have focused their attention on ustaeding this online advertising
phenomenon. My dissertation, comprising of thresags, examines the effect of online
sponsored search advertising on consumers’ seatchedlers’ advertising strategies. In
the following paragraphs | provide a brief overviefithe trends in online advertising. |
then describe the mechanics of online sponsoradlsedvertising. Finally, | provide an

outline of the three essays.

1.1 ONLINE ADVERTISING: GROWTH AND TRENDS

According to recent reports Internet advertisingereies (U.S.) for the first six
months of 2005 were approximately $5.8 billion,68®increase over the first half of
2004 (Interactive Advertising Bureau 2005). Nekeltss, the share of online
advertising in the total advertising budget id stiniscule compared to traditional
advertising. According to a recent study by (RsiaterhouseCoopers 2005), Internet
advertising revenues accounted for only 3.7 per@yroximately) of total U.S.

advertisement spending in 2004. However, as thehref Internet grows, and as more



consumers use the Internet to gather informati@hpamchase products, the share of
online advertising in the traditional media mixbsund to increase correspondingly. In
the words of Tom Hyland, Chair PricewaterhouseConpew Media Group, "History
shows that advertising ultimately follows the audie, and with 66% of all Americans
having regular access to the Internet, we belieierising budgets will continue to shift
more online as long as the online medium continaemin share of overall media
consumption” (Interactive Advertising Bureau 2003).

The disruptive nature of online advertising bussne®del and associated
information technologies is evident from the emangeof companies like Google and
other intermediaries like Overture (which was aceghiby Yahoo), ValueClick and
LinkShare which provide infrastructure for onlingvartising. Online advertising has
also spawned new support businesses (for examfiigieBt Frontier, Advertising.com,
iProspect, etc.,) which help advertisers to optaizeir online advertising expenditure,
conduct demographic as well as behavioral target@mgpaigns and deliver customized
advertisements to target audience. In additichécemergence of new advertising
intermediaries, online media has also lowered &aof entry for publishers and
advertisers, thus, enabling emergence of smalharek content publishers such as
bloggers and enabling firms will small advertisetmaidgets to compete with large
national players. Clearly this emerging advergdormat has significant implications
for businesses, consumers, and policy makers agalsap interesting research issues for

academicians and practitioners alike.



1.2 ONLINE SPONSORED SEARCH ADVERTISING

Online advertising can be defined as delivery gftdl advertisements (which
may include audio, video, image and text) to Inteusers. Online advertising can be
classified into various categories based on thesagesformat, interactivity,
intrusiveness, etc. According to one of the induslassification, online advertising can
be of following types: display advertising, seaacivertising, sponsorship, referral,
email, rich media, slotting, email and classifie@icewaterhouseCoopers 2005).
Appendix A provides definitions of these formats.

Advertising has been generally considered to hawerbtles — persuasive
(changes consumers’ taste and brand loyalty) dodnnative (informs consumers about
price and/or quality). We define sponsored seathtertising broadly as online
directional market where advertising not only imfisrconsumers about existence of the
firms’ product/service offerings and related infatmon but also directs consumer search
pattern/sequence. We identify two different markekers who provide sponsored
search advertising search engineandcomparison shopping engine#és explained
below, the sponsored advertisement markets crégtdtese online intermediaries are
similar in terms of pricing and the ordering of g@dlers in an ordered list but differ
primarily in terms of the kind of information avalidle to the consumer. We will refer to
the sponsored advertising markets created by seagihes asponsored search
advertisingand the sponsored advertising market created topadson shopping

engines asomparison shopping advertising



The following paragraphs describe the sponsoredréiding formats and pricing
mechanism, and provide a comparison of sponsonreglaging format with traditional

advertising.

1.2.1 Sponsored Search Advertisement

Sponsored search advertisements (also known a$ Sparch advertising” or
“pay-for-placement” or “keyword advertising”) arext-based advertisement messages
displayed alongside the “organic” (i.e. algorithasbd) search results, in response to a
user’s search query.

A typical sponsored search advertisement contaiitke dine and two lines of
description followed by the website address (U&L) of the advertiser. Each line has
between 25 and 45 characters. This text, alsoreef¢o as the “creative” plays an
important role as it conveys information aboutfia and its offerings to potential
consumers (see Figure 1.1 for examples of ad eesatised by different advertisers
selling digital cameras). Advertisers select tagvikords that are relevant to their product
or service and bid on them for enhanced placement ltigher rank) of their
advertisements in the sponsored search results.higher the bid, the higher the
advertiser’'s message appears in the sponsoreddsarevhich should lead to more
sales-leads (clickthroughs), and consequently gresaes.

The sponsored search model employs an auction misch#or pricing the
placement/position of an advertisement in the spatssearch listing for each keyword.
Advertisers bid on keywords relevant to their prctdor service, for enhanced placement

(i.e., higher rank) of their advertisements in sgmred search results. The higher the bid,



the higher the advertiser's message appears spitresored search list, which should
lead to more sales-leads (click-throughs), and equmsntly greater sales.

Major search engines like Google and Yahoo conductions to price the
advertisements on various slots in their sponstisgdgs. Each sponsored listing
corresponds to a specific keyword and can be cereidas a separate auction market.
An advertiser’s bid in an auction represents thewarhan advertiser is willing to pay for
every click on its advertisement. The rank of duegitiser’s advertisement in a specific
keyword search listing is determined by the adseris rank in the auction for that
keyword. An advertiser pays only for the clickebghs (i.e. when a user clicks on an
advertisement link and visits the advertiser’s vitehs@nd is not charged for the
exposures. The payment per click, however, idoased on advertiser’s own bid but is
equal to the bid of the next highest bidder.

Different sponsored search markets such as YahmwbGaogle, employ variants
of the basic auction mechanism. Yahoo allocateksran the listing to advertisers based
purely on their bids for clickthroughs. Howevenises a “click index” -- a scoring
system to determine how an advertiser’s listingeidorming relative to a competitor’s
listing -- to filter low performing advertisement#. removes the listings with low click
index scores. Google, on the other hand, haspiocated this feature in its auction
mechanism itself. Google uses a sophisticatedrigtapy algorithm which takes into
account the bid and historical click-throughs & Hdvertisers to determine their rank in
the sponsored list. Thus, in effect, Google presidiscount to the advertisers whose
advertisements generate more click-throughs thaer atdvertisers. Apart from the

advertisement allocation mechanism, there are dalifferences in the auction



mechanisms employed by these intermediaries. Yahotons are transparent as any
bidder can see his bid and determine his positiothe relevant search result pages
whereas Google does not make the bids publiclylahai Further, the minimal bid
amount and bid increment may also vary across thésenediaries.

An interesting point to note is that these auctaresheld in infinite time horizon
and are dynamic. The auctions are dynamic as\ari#er cannot lock a rank for a
keyword term. Since advertisers’ can change thids at any time, the rank/position of
the advertisements on the listing may change dyeeliyidepending on the rank ordering
of the current bids. Thus it becomes difficult foe advertisers’ to monitor and manage
the bidding process. To make it easier for adsersito bid for a specific position,
auctioneers and third parties provide automateditidtools to adjust bids in order to

maintain a rank in the listing, subject to an atlser's maximum bid constraint.

1.2.2 Comparison Shopping Advertising

Recently comparison shopping engines have gair@dipence as an online consumer
acquisition channel and are growing rapidly. Aclog to Hitwise, a market research
firm, 5.3% of traffic to online retailers was drivey comparison-shopping sites in
December 2005, which is a 26% increase from Dece@®@4. The future growth
potential of comparison engines can be gaugeddyeitent acquisition of the major
comparison engines. For example, PriceGrabberneasnbought by Experian for $485
million, Shopping.com was bought by ebay for $64ion, and Shopzilla (formerly
Bizrate.com) was bought by E. W. Scripps for $52lion (Rand 2005).

The comparison shopping advertisements displast afliadvertisers selling a

particular product to a potential consumer wheemrshing for that product on the



shopping engine. Unlike sponsored search adveréises, the comparison shopping
advertisements include price and quality (i.e.,dhgtomer satisfaction ratings) of the
advertisers/firms in the market along with othdevant information. This is the main
difference between the sponsored search adver@asidgomparison shopping
advertising. Another difference is that the spoedsearch advertisements are displayed
next to organic search result. However, the comparshopping advertisements are
solely for sellers and therefore do not includeamig search results.

Comparison shopping engine conducts online auctongar to sponsored
search auctions conducted by search engines likgl&and Yahoo! and allots top 3
ranks on the shopping list to the firms who emexg¢he top 3 bidders in an auction
conducted by the engine. Firms pay a fee knowsoasper-click (CPC) for every
consumer who clicks on their advertisement and Wsits their online store. Firms
willing to pay more (i.e., having higher advertgimtensity) for every potential customer
visit to their website gets higher rank in theitigt Other firms in the market have lower
advertising intensity than these top 3 firms areladered in the listing based on the

price of their product. We focus on comparisonpghiog market in the third essay.

1.2.3 Comparison with Traditional Advertising Media

One of the interesting aspects of sponsored seaha@rtising is the integration
and co-evolution of onlineearchandadvertisingbusiness models. Given that search
engines have become the starting point for Intamagigation, it is not surprising that
advertisers have been trying to garner the attemtianline consumers through
advertisements on the search engine result pagstudy shows that 88% of adults who

purchase items online conduct some sort of onésearch at least sometimes prior to



completing their purchase and 67% of those whaoareseonline before making a
purchase decision use search engines as a reseak¢iCrossing 2005). This trend has
led to the emergence of sponsored search and cempahopping advertising, thus
transforming search engines into a very influerdrad lucrative advertising media.

Sponsored search advertising and comparison shppdwertising differs from
traditional (media) advertising in a number of #igant ways. The closest analogue to
sponsored search advertising medium in traditiomedia is the yellow pages directory
which is also a pull media (i.e. consumer pullsitfiermation rather than advertiser
pushing the advertisement). However, the capasildaf digital media provide an
unprecedented platform to create an ordered/ralte@dy of sellers to be shown to the
consumer searching for a product, and to operageieiion mechanism to allocate ranks
on the listing to the sellers. This auction basetking mechanism results in more
intense competition among advertisers to reachoopbtential consumers than
traditional yellow pages. The relative rankingadertisers, not practical in the
traditional yellow pages directory, also has theeptal to significantly influence
consumer behavior by informing consumers aboutdlaive advertising intensity of
advertisers.

The advertisement presentation format also aftbet®rder in which consumers
visit the advertisements appearing in a listing.the case of yellow pages directory, the
order in which a consumer browses the advertisesmaay differ significantly across
consumers due to a large variety of dimensions looiwthe advertisements vary. The
various dimensions are text versus visual ad, laegeus small ad, colored versus black

and white, bold versus plain listing, and amourt type of information presented in the



advertisement (Lohse 1997). The importance tltatnsumer attaches to each of these
numerous combinations while deciding the order lmclv to browse the advertisements
may be difficult to determine and predict. On titker hand, the advertisements on the
sponsored search listing differ primarily in teraigheir rank in the listing. Though the
text of the advertisement also varies but due &esgonstraints there is not much
difference in terms of type and amount of informmatpresented. Thus, the ordered
presentation format limits the freedom/flexibilityat a consumer may have in browsing
the advertisements. Consequently, a consumer ious$g or subconsciously browses
the listing from top to the bottom (Hoque and Loh889; Sherman 2005; DoubleClick
2006). Further, in related search contexts, rekeas have found that the ordinal ranking
of the firms is strongly related to a consumekglihood of visiting a firm and
purchasing from it (Smith and Brynjolfsson 2001lj96ln and Ellison 2004). This pattern
of search where consumers find it natural to sefioeh top to bottom of the listing
creates airectional market where it is “costlier” for a typical consanto visit sellers at
the bottom of the list before visiting the sellatghe top of the listing.

This directional nature of the market also affébesdistribution of consumers
that each firm encounters. Economists examiniegrdditional media generally assume
that consumers sample the firms randomly whilecd®ag a media such as yellow pages
(Perry and Wigderson 1986). However, sponsoregtiseaedia creates an environment
where the order in which the firms are searchdehdsvn (i.e. is a function of the rank of
the firm on the listing). Consequently , strategenployed by the firms and the resulting
competition dynamics in such an ordered media neagifferent that those in the

traditional media (Perry and Wigderson 1986; Arkaya forthcoming).



1.3 OBJECTIVE OF THE STUDY

Despite the phenomenal growth in sponsored seanadrigsing, existing research
on the implications of this new form of advertisisdimited. The advent of sponsored
search advertising raises many interesting questiegarding consumers’ search and
purchase behavior, sellers’ advertising strategied,the ensuing market dynamics.
Current research in this field focuses primarilyd®signing better rank/position
allocation mechanisms (Feng, Bhargava et al. forthieg), identifying optimal bidding
strategies (Kitts and Leblanc 2004), or examiniragkat dynamic$Animesh,
Ramachandran et al. 2006; Edelman and Ostrovskycfaming) Very little is known
about consumer search behavior in this contexhemplications of sponsored search
mechanisms for seller strategies. My dissertatomprising three essays, seeks to fill
this gap by examining the effects of sponsoredcbeadvertising on consumers and
sellers.

The first essay seeks to examine the impact oihtleeaction between a seller’s
sponsored search advertising strategies and conseaech behavior on advertisement’s
performance. | employ consumer search theorydntity the factors that affect
performance of a seller’s advertising strategielse second essay employs consumer
search and quality signaling theories from markepéind economics to understand the
impact of the availability of informational cuesaab sellers’relative advertising
expenditureon consumer search and purchase behavior. Tloed$siay investigates the
outcomes in comparison shopping engines whichlacedirectional markets similar to

sponsored search advertising. Specifically, | ararthe affect of the price and quality
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of a firm’s product/service on its advertising imééy in comparison shopping
advertising market.

The rest of this thesis is structured as folloWhapter Two, Three, and Four
present the three primary research studies thatioaie my dissertation. Chapter Five
describes the implications of the findings from thiee research studies and concludes

with suggestions for future research.
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CHAPTER 2: COMPETING “CREATIVELY” IN ONLINE MARKET  S:

EVIDENCE FROM SPONSORED SEARCH

ABSTRACT

While the efficiency-enhancing features of onlnarkets have been well studied much
less is known about firms’ differentiation straggyin such competitive markets, or the
outcomes of such differentiation. This study exsesicompetition among firms in

online sponsored search markets - one of the fagte&ing and most competitive of
online markets. Given the nascence of online sp@assearch and the lack of
sophisticated differentiation strategies, firmséavimarily sought to be listed on top of
the search results, leading to intense competitidvith the rapid evolution of sponsored
search markets from simple auctions to sophistickteims for customer acquisition, the
need to go beyond a myopic focus of competingHertbp slots and seek effective
differentiation strategies is becoming clear. His thapter | develop and test a model
that predicts the clickthrough rate (CTR) of aesedl listing in a sponsored search setting.
Drawing upon consumer search theory and competidgitioning strategies | theorize
that the CTR is jointly driven by the seller’s gasning strategy as reflected by the
unique selling proposition (USP) highlighted in“#sl-creative,” by its rank in the
sponsored search listing, and the nature of cotmaefairound the focal seller’s listing. |
use data from a field experiment conducted by fgaéfrm in the mortgage industry
where the firm varied its rank and USP dynamicaResults suggest that sponsored
search listings can act as an effective custonggnsgetation mechanism, consistent with

a model of consumer search in directional markefarther find that the relationship
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between the firm’s positioning strategy and itskramthe listing is strongly moderated by
its ability to differentiate itself from adjacenvals. | discuss the implications of the
findings for sellers’ strategies in sponsored deanarkets and for extending

understanding of consumer search behavior in dineait markets.

2.1 INTRODUCTION

Online marketplaces have significantly transforrtexlessence of commerce,
influencing the way buyers and sellers interacttaadsact in many industries. Among
the most widely studied aspects of online markegdas their role in lowering buyers’
search costs and the resulting impact on markiiesity (e.g., Alba, Lynch et al. 1997,
Bakos 1997; Bailey, Yao et al. 1999; Smith 2001jtBmnd Brynjolfsson 2001; Bakos,
Lucas et al. 2005). However, while it is true tloaver search costs for consumers have
led to increased price competition in online maskétis also well known the firms in
competitive settings successfully differentiatentbelves from their rivals to reduce price
pressures. Such positioning and differentiatioategies have been extensively studied
in traditional settings (Economides 1986; Deephdi®89; Netz and Taylor 2002) but
suprisingly, very few studies (for exceptions, kgach and Ariely 2000; Brynjolfsson,
Dick et al. 2004; Kuksov 2004; Bakos, Lucas eR@D5) have examined the
differentiation strategies adopted by sellers tonteract the increased competition in
online markets, or the effectiveness of such daffiiation. This essay examines the
outcomes of differentiation on price and qualityyibtites by a focal firm competing for
customers, in one of the fastest growing and thst m@ampetitive online markets —

sponsored search advertising.
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In online sponsored search (also known as “paicckéar “pay-for-placement” or
“keyword”) markets, firms compete to be listed op bf search results generated in
response to a user’s query (keyword search) irckeargines such as Google and
Yahoo!. Sponsored search markets have evolveddonbe the dominant mechanism for
customer acquisition online, with firms reallocatsignificant proportions of their
advertising budgets from traditional media to oalgponsored search. In 2005, for
instance, sponsored search accounted for morettanof the total online advertising
dollars spent by companies in the United StategsKbfband Ives 2005). These markets
exhibit a number of unique characteristics that enddem ideal test-beds for
understanding the effectiveness of online diffaetion strategies. As noted earlier, they
are highly competitive; the intensity of competitibeing reflected in the staggering costs
for the top slots for several product-keywordstnisiare willing to incur theses costs
because the market allows them to precisely taaxgaesumers that are actively searching
for specific products or services. In additionlim®sponsored search markets use a pay-
per-click pricing mechanism in contrast to mostlitianal advertising formats that adopt
a lump-sum pay-per-exposure pricing mechanisms paves the way for numerous
smaller, less-established, firms to compete widirtlarger, well-established
counterparts, diminishing the role of brand nam&asey differentiating factor, and
further intensifying competition for the top slotSinally, and most significantly, the
ordered listing of advertisers in sponsored searatkets creates an information
environment such that consumers tend to browseidifrthe listings sequentially in the

order they are listéd This “sequential search” creates a directionadket, where firms

! This is in contrast to traditional markets or naesliich as the yellow pages, where consumers have be
shown to sample firms randomly (Perry and Wigderke86).
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listed on the top have an advantage over firmsajqge lower in the listing (Arbatskaya
forthcoming). The directional nature of online spored search markets and the
resulting sequential nature of consumer searcthduintensifies competition for the top
ranks, and the associated cost to firms of usiagemarkets.

Given the nature of this heightened online comjoetitit becomes imperative for
firms to successfully differentiate themselvesunlssettings. While firms competing in
traditional contexts rely on factors such as phaldmcation, the lack of geographical
constraints requires firms to seek additional aesrfor differentiation in online markets.
However, very little is known about the effectivea®f differentiation strategies adopted
by firms in these online markets. To the exteat 8ponsored search markets constitute a
significant forum for customer acquisition, andhe degree that the strategic
significance of these markets is likely to growsitlearly important to gain a more
complete understanding of competition in such @entiontexts.

To date, extant research on sponsored search twasefib primarily on designing
optimal rank allocation mechanisms or on develofbialgling strategies for sellers to
obtain higher ranks in the search listing. Muchhefresearch in this area builds upon
earlier work on the design of auctions and optibdtling strategies for firms (Kitts and
Leblanc 2004; Feng, Bhargava et al. forthcominggl, largely treats sellers as
homogenous bidders. This body of research igntwestrategic choices made by other
sellers that is likely to be not only restrictieit also misleading. Further, in addition to

limited understanding about the characteristicsidders, little is known about consumer

2 In the context of sponsored search markets, teetibnality arises from the cognitive costs taasumer of
visiting sellers at the bottom of the list beforsiting those at the top of the listing.
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search behavior in the sponsored search contexthanmplications of this behavior for
seller strategies.

The focus of this study is on the unanswered questiegarding sellers’ positioning
strategies, consumers’ search behavior, and thergnsiarket dynamics in sponsored
search settings. Drawing on the consumer seair@ctidnal markets, and competitive
positioning literatures, | identify factors thaflirence the performance (as measured by
clickthrough rates) of a focal firm’s advertisemerer and above the effect its rank in
the listing. | use data from a field experimenei@mine how a seller’s positioning
strategy (i.e. its Unique Selling Proposition (UB& highlighted in its “ad-creative”
influences the effectiveness of its listing in #ponsored search market. | also examine
the performance effects of the interaction betwerfirm’s positioning strategy and its
rank in the sponsored search listing. Consistatfit &model of consumer search in
directional markets, the results suggest that spedssearch listings can act as an
effective customer segmentation mechanism. | &urifivestigate the influence of
competition on the performance of the focal s&dladvertisement, and find that the
relationship between the seller’s positioning siggtand its rank in the listing is strongly
moderated by its ability to differentiate itseldin its rivals. Overall, the findings yield
important implications for sellers’ strategies poasored search markets as well as for
extending understanding of consumer search behewvairectional markets.

The rest of the chapter is organized as followsctiBn 2.2 reviews the sponsored
search literature and other relevant literaturenfexonomics, marketing and information
systems that has studied consumer search, assvainapetitive and positioning

strategies. In section 2.3, | present researcbthgses. The research methodology is
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described in section 2.4, followed by results ictism 2.5. Section 2.6 provides a

discussion of the findings and their implicatioasd Section 2.7 concludes the chapter.

2.2 A CONCEPTUAL MODEL OF AD PERFORMANCE

As described in Chapter 1, major search enginds asi6Google and Yahoo! conduct
auctions to price advertisements on various ramkkair sponsored listings. Since
sellers can change their bids in real time, thakron a listing may change dynamically
depending on the rank ordering of the current bitisus a seller cannot lock-in a rank
for a keyword and has to constantly monitor andralst manage the bidding process.
To make it easier for sellers to bid for a spedaifick, auctioneers and third parties
provide automated bidding tools to adjust bidsroheo to maintain a rank in the listing,
subject to the seller’'s maximum bid constraint.ggithe dynamic nature of these
advertising auctions, sponsored search market#&eesjgnificant strategizing by sellers.
Seller strategies need to be shaped not only bgdhmative implications of auction
design but also by the expected response of ensliocmers to the adopted differentiation
strategy. Yet, despite the phenomenal growthedehmarkets, research providing
insight into the implications of these relativelwn markets for sellers’ strategies is
limited. This study seeks to fill this gap by exaimg the effects of a firm’s positioning
and differentiation strategies in sponsored seana@tkets on the performance of its
sponsored search listings.
The conceptual model guiding this study is showhigure 2.1. The performance of a
firm’s advertisement in a sponsored search lissripe observable consumer behavior in

the form of a clickthrough; representing the culation of a search process. The search
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process, in turn, takes place in a context charaeteby the strategic decisions made by
the seller in regard to ad rank and USP, togetlitérthve competitive landscape within
which the ad is displayed. Below I briefly revieglevant literature that provides the
theoretical foundation for the proposed concepatbn.
Sponsored Search Listings and Consumer Search
Research on sponsored search advertising isrstilinascent stage. As noted earlier,
current research in this field predominantly ad@ptsuctions perspective to examine the
interaction between the search intermediary whalgots the sponsored search auction
and sellers who bid in these auctions. One sti&aesearch focuses on designing better
rank/position allocation mechanisms from the pearSpe of the search intermediary
(Aggarwal, Goel et al. 2006; Asdemir 2006; Lah&d®@@& Edelman, Ostrovsky et al.
forthcoming; Feng, Bhargava et al. forthcoming; arforthcoming), while a second
identifies optimal bidding strategies from the padive of sellers (Kitts and Leblanc
2004; Borgs, Chayes et al. 2006; RusmevichientoxgVdilliamson 2006). In addition,
a few studies examine the market dynamics thattrigemn these sponsored search
auctions(Animesh, Ramachandran et al. 2006; Edelman and@s$ly forthcoming)
However, limited research has examined consumectséahavior in this context, or
the implications of sponsored search mechanismseier strategies. In one of the few
scholarly studies on consumer behavior in sponsseadch context, Jansen and Resnick
(2005) examine the perception of searchers towsgrdesored search listings and find
that compared to organic search listings, consuarerskeptical of sponsored search

results and trust them less. This study addsiscstream of research by highlighting the
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importance of understanding consumer search behavibese markets and its
implications for the effectiveness of various spresl search differentiation strategies.
Research in economics and information systems stgeat a consumer’s search
cost has a significant impact on the price, progositioning, advertising and other
strategic decisions of a firm (Stigler 1961; Bak®97). Search costs also determine the
competitive dynamics and structure of a market|St882) as well as consumer welfare
(Salop and Stiglitz 1977). Given that the Interred online marketplaces have radically
lowered the consumer’s search cost, researcheesdmployed models of consumer
search to examine the implications of online magket various stakeholders (Alba,
Lynch et al. 1997; Lal and Sarvary 1999; Smith Bnghjolfsson 2001). Since
sponsored search advertising also significantljpérfces consumers’ search costs in
online markets (Arbatskaya forthcoming), a consusearch perspective provides an
appropriate framework to study sellers’ strategiesponsored search markets.
The Nature of Consumer Search
Two key aspects of the search process are relévdme conceptualization: one, how
muchconsumers are willing to search (i.e., their Seamtensity), and two, theature of
the search process in terms of the specific infoonasought.

Determinants of Search Intensity

The economics and marketing literature employssibenefit framework to understand
consumers’ information search and choice beha@tgler 1961; Ratchford 1982).
Researchers suggest that consumers differ in teftheir search intensity, i.e., the time
and effort spent in searching for sellers in a reariRatchford (1982) observes that

higher relative valuation and large dispersionrafgs increases the gains from search,
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thus leading to greater search. He suggestsdiabéon, a proxy for search efficiency,
has a positive impact on search whereas incomeyd for opportunity costs of time,

has a negative impact on search intensity. Usmgrneey methodology, Ratchford and
Srinivasan (1993) also find that search intensitgdsured as the time spent searching for
price) increases with perceived benefits of seastigreas it decreases with consumer
knowledge and hourly wage.

Schmidt and Spreng (1996) provide an extensiveevewf research on the
determinants of search intensity and develop a motigyrating the psychological search
and economics of information (EOI) literatures.eylpropose that the individual,
situational, and environmental variables deterngrgearch are mediated by ability to
search, motivation to search, and the cost andfiepnésearch. Such a cost benefit
framework has also been employed in online maritdiesn and Ford 2003) and thus, is
likely to be relevant within the sponsored seamhtext.

Price Search versus Quality Search

A fundamental tenet underlying descriptive and rative models of consumer search is
that consumers differ in terms of their needs amdlpct attribute preferences (Bell and
Lattin 1998). The two most important attributesagdroduct or service are price and
guality, and consumers vary in terms of the weipht they attach to these attributes in
their purchase decision (Wolinsky 1983; Levin aatdnkon 1984). As a result, the type
of information (i.e., price versus quality) souginid acquired by a consumer depends on
their product attribute preference. For examplmlity seeking consumers have higher

willingness to pay for any quality level as compghte low quality valuation consumers
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(Wolinsky 1983; Desai 2001) and therefore will dafior high quality sellers rather than
low price sellers.

Quality versus price preferences are known to aflemonsumer’s search cost, as
collecting and comparing quality information is ties than collecting and comparing
price information (Nelson 1970). Today, Interrethtinologies alter the cost of collecting
price and/or quality information and thus, sigrafitly affect consumer behavior (Smith
2001). For instance, research on consumer seaf@vior in an online environments
suggests that the differential search cost foriniotg quality information vis-a-vis price
information may affect price sensitivity (Lynch aAdely 2000; Diehl, Kornish et al.
2003). Given the importance of the price and dqyalitributes from consumers’ as well
as sellers’ perspectives, | focus on differencessacconsumers in terms of their price
versus quality preference and their search objestiv
Positioning Strategies and Competition
Sellers in a market compete with each other by eyipd different positioning strategies
to attract their target consumer segment. Theae extensive literature on the impact of
competitive positioning on firms’ performance iaditional non-directional markets
(Economides 1986; Deephouse 1999; Netz and Tagld2)2 Researchers examining
such traditional markets or media generally asstiaeconsumers sample firms
randomly while searching a medium such as the wetlages (Perry and Wigderson
1986). However, the sponsored search medium sreatenvironment where the order
in which the firms are searched is known i.e.,draéer in which the firms are searched is
a function of the rank of the firm on the listidyrbatskaya forthcoming). The ordered

presentation format limits the freedom and flextipithat a consumer may have in
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browsing advertisements. In related search cositessearchers have found that the
ordinal ranking of the firms is strongly relateda@onsumer’s likelihood of visiting a
firm and purchasing from it (Smith and Brynjolfssd®@01; Ellison and Ellison 2004).
This pattern of search where consumers find itnaato search from top to bottom of the
listing creates directional market.

A directional market is one where a consumers’@eeaost or transportation cost to
visit sellers in the market depends not only ondiséance between the consumers’
location and the location of the firm, but alsotbe direction in which a firm is located
(Nilssen 1997). For example, parking garages oneaway street represent a directional
market, where it is more costly for a driver tauretto the garage that is behind her
versus going to a garage ahead, irrespective afithence between the garages (Lai
2001). Another dimension on which markets may leikldirectionality is temporal
space, as in markets for radio or television pnognang and transportation services such
as airline flights. Here, it might be less costlya consumer to wait a while, relative to
her ideal time, than to arrive earlier (or latepeleding on the context) in order to get
serviced (Cancian, Bills et al. 1995; Nilssen 1997)

In sponsored search markets, the directionaliseardue to cognitive burden as it is
cognitively “costlier” for a typical consumer tositi sellers at the bottom of the list before
visiting the sellers at the top of the listing. iF tirectionality, where consumers search
the sellers in the market in the order in whichrthds are displayed in the listing, affects
the distribution of consumers that each firm entetsa As one might expect, both the
strategies employed by firms as well as the regytompetition dynamics in such an

ordered medium are likely be different that thoséhe traditional medium (Perry and
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Wigderson 1986; Arbatskaya forthcoming). Muchlef tonsumer search literature
addresses behaviors in traditional non-directigealch market with one notable
exception (Arbatskaya forthcoming). As sponsometch markets become increasingly
popular venues for advertising, research examithiegelationship between consumer
behavior and seller strategies in such directiomalkets is needed.

In summary, the unique attributes of sponsoredcheaarkets and the nature of
online competition in these markets require firmseéek appropriate means to
differentiate themselves from their rivals. Pmiesearch has suggested that consumers
vary in the intensity with which they search angénheterogeneous preferences in
regard to the product attributes (price or qualibhgy value. To the extent that the
sponsored search market is inherently directiamabiture, consumer search behavior is
also affected by the order in which firms are tisie the search results. | use these

insights from prior work to develop testable hypsés in the following section.

2.3 RESEARCH HYPOTHESES

Specific instantiations of the conceptual consgae depicted in the research model
(see Figure 2.2). The key outcome of interedtasperformance of the focal firm in the
sponsored search market, operationalized as thea®®&ad. Theoretical arguments for
each of the proposed relationships are provideovhel

Sequential Search

The typical format of a sponsored search listing display of an ordered list of firms
along with their advertising messages. It has ludserved that when presented with an

ordered list of items, individuals tend to browsetugh them sequentially in the order in
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which they are listed. For instance, a recentregtion study shows that searchers scan a
listing from top to bottom and they pay more attemon the advertisements appearing
on the top of the listing (Sherman 2005). Thisusedjial search creates a directional
market, where firms listed on the top have an athgeover firms appearing lower in the
listing. In addition, consumers are likely to vamytheir search intensity due to
differences in perceived search costs and ber{Stiigler 1961). Thus, while all
consumers may search sequentially from the topedbdttom, consumers with higher
search costs (or lower search intensity) will iestheir search to the top sellers in the
list. By contrast, consumers with lower searcht€@sigher search intensity) are more
likely to search further down the listing. Givédrettendency for consumers to search
sequentially and the heterogeneity in consumeirckdatensity, more consumers are
likely to click on sellers with a higher rank/plaxent. | therefore test:

H1: Sellers ranked higher in a sponsored search liskiage higher CTR than those

ranked lower in the search listing.
The Impact of a Firm’s Unique Selling Proposition JSP)
While a naive sequential search strategy mighebéstic in simple settings, it is likely
to be less so in a more complex and high-involveraetting such as shopping or
purchase. In a shopping situation consumers tipiseek products and services that
meet their needs. As discussed earlier, consucaarbroadly be classified as price-
seeking or quality-seeking, based on their prefazdar price and quality (Wolinsky
1983; Levin and Johnson 1984; Desai 2001). A p@eking consumer is more likely to
search for low-priced offerings, while a qualityekeng consumer is likely to search for

high-quality offerings. Thus, while all consumenay search sequentially through the
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ordered listing, consumers with specific preferesnice certain attributes are likely to
filter out those sellers which do not appear tovigle the feature/attribute that is being
sought. In other words, a consumer who is quatking has higher likelihood of
visiting sellers signaling higher quality, whilgpece seeking consumer is more likely to
sample sellers that signal lower prices. Becauwsesfuse their ad creative to
differentiate themselves and convey their uniqukngeproposition (USP) to potential
customers, consumers will select sellers whose si@#als the attribute they value.
Thus, the seller’'s USP as highlighted in the adtore, in addition to its rank in the
listing, would affect the performance of sponsosedrch advertisements. | therefore
test:

H2a: The CTR of a seller in a sponsored search listingfluenced by the seller’'s

positioning strategy as highlighted by the USP$rad creative.

Sponsored Search Listing as a Filter

Given the directional nature of the sponsored $eanarket, the effectiveness of a firm’s
positioning strategy is likely to be moderated tsyrank in the listing. Prior research
suggests a correspondence between consumers’ anrgekdearch intensity, stemming

from differences in perceived costs and benefitseafch. For instance, search costs and
benefits for a consumer are a function of the comnests individual characteristics (i.e.,
income, education, etc.) as well as the produdbate that is being searched (i.e., cost of
searching and comparing different attributes awedutfiity derived from the attributes).

Therefore, consumers searching for product ategthat have greater net marginal
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benefit from an additional search or/and who haveel opportunity cost of time due to
their individual characteristics would exhibit heyhsearch intensity (Schmidt and Spreng
1996). Because consumers search sequentiallytprio bottom of the listing, those
with higher search intensity will search furthemaiothe listing whereas those with lower
search intensity would restrict their search tottpefew advertisers in the listing. It
follows then that the proportion of consumers vatbpecific product attribute preference
will vary as an ad is moved down the listing. ddathis phenomenon that changes the
composition of consumers likely to see a sellethensponsored search listing as the
“sponsored search filté(see Figure 2.3). Because the proportion of coress
searching for a specific product attribute varieoas different ranks due to the
sponsored search filter effect, the performance séller's USP would depend on the
rank on which the seller appears on the listinger€fore, | test:

H2b: Theeffect of a seller’'s USP on CTR will be moderdigdhe rank at which the

seller appears on the sponsored search listing.

Next | develop specific hypotheses regarding tifferdintial effect of price and
quality USPs at different ranks. In general, pgeeking consumers are likely to have
higher search intensities than quality seeking eomess for at least three reasons. First,
searching for quality can be more time consumirg tbearching for price — research
suggests that quality information is more expensiveollect and process as compared to
price information (Nelson 1970). Assessing and ganmg quality of sellers in an online
environment is even more difficult than offline rkets where other “physical”’ signals of
qguality are frequently available, whereas price parnson across sellers online is more

objective and thus easier. Therefore, quality sgetonsumers would not consider it
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worthwhile to search more, and will be more likedyrestrict their search to sellers in the
top ranks.

A second effect is due to the relationship betwieeome, search cost, and
preferences of a consumer. Research suggesiactbate is associated with preferences
for higher quality products. According to the ‘aBVe income hypothesis,” income is
linearly and positively related to consumption gpensive or high quality products
(Schaninger 1981). High income consumers arepless sensitive across various
product categories (Ainslie and Rossi 1998) anditm@me consumers typically search
for low prices (Andrews and Currim 2002). Inconas lalso been identified as a
determinant of the search cost. As might be exgoikt¢he marginal cost of an
incremental search effort (i.e., the opportunitgtaaf time) is higher for a consumer with
a higher income (Stigler 1961; Ratchford 1982; Rfatid and Srinivasan 1993). Given
the existence of a sponsored search filter eféelgrger proportion of consumers that
reach the bottom ranks in the listing would beltmghe low income group. To the
degree that the higher income group attaches greaight to the quality dimension than
the price dimension vis-a-vis the low income grdirms at higher ranks will receive a
larger proportion of quality seeking consumers@sared to firms at lower ranks.

Finally, if consumers believe that sellers on the positions are of higher quality —
either due to 1) awareness of sponsored searchamisamnalong with advertisement
signaling beliefs or 2) a lack of knowledge abdnet distinction between organic and
sponsored ads and a transfer of positive experiooetop ranked results on the organic
search listing to the sponsored listing —qualitgkseg consumers would concentrate their

search efforts on the sellers appearing on thefttipe listing. As a consequence, a
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larger proportion of consumers that reach the bottanks in the listings are more likely
to be price seekers. | therefore test:

H2c: Therelative performance (i.e., CTR) of a price USRaspared to a quality
USP will improve at lower ranks in the sponsoredrsk listing.

The Impact of Competition
Given limited attention and memory, consumers aneerfikely to compare adjacent
sellers offering the attribute that is being souggfore visiting a seller's website. As
stated earlier, consumers are likely to click aamghbller with a USP that matches their
preference. To the extent that a consumer’s coisgaset consists of adjacent sellers in
a listing, the constitution of this comparison slevuld influence the CTR received by a a
focal firm. In particular, the greater the numbéfirms with an identical USP within the
comparison set, the higher the competitive intgnsitssuming that consumers select a
subset of sellers from a group of adjacent sederploying a similar USP while
searching sequentially from top to bottom of tiséirigs, due to market fragmentation,
the presence of higher competitive intensity ing@ker’'s USP space will lower the
clickthrough received by the firm. Hence,

H3a: In a sponsored search listingigher competitive intensity (i.e., more firms

around a focal firm that are using the same USPRfJSP will lead to lower CTR
for a seller with that USP.

Finally, since quality seeking consumers have higlearch costs and lower search
intensity, they will sample fewer sellers from theamparison set vis-a-vis price seeking
consumers who have higher search intensity. Thexehe effect of competition will be
more pronounced for a quality USP than for a pd&P.

H3b: The impact of competitive intensity will be stronfye a seller using a quality
USP relative to a seller using a price USP.
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2.4 DATA AND METHODOLOGY

Empirical Context

The analysis is based on data from a field expetirfield experiment conducted in
conjunction with a firm in the mortgage industrg(ceforth MorgSeller) that bids for
placement on one of the largest sponsored seandetsa The key strategic choices
facing the firm are the rank at which it will besgdiayed in the listing (determined by the
amount it bids) and the specific differentiatiomvitl highlight in the text message
accompanying its advertisement. MorgSeller rangoraties the keywords and
associated USP it utilizes in the market, and chartg bids for placement dynamically.
Through this experimentation, its objective isitalfthe optimal rank given a choice of
keyword such that CTR is maximized. The data agostilorgSeller’s bids for the top
36 (based on clickthroughs) keywords (e.g., loematgages, home loans, etc.) and the
ranks obtained in the sponsored search listinggsponding to each of those bids.
MorgSeller provided us with data for a period akdhmonths in 2006. The key
variables of interest are MorgSeller’s rank in $p@nsored search listings, and the USP
as highlighted in its ad creatives, while the kejcome of interest is the CTR obtained.
The bids were updated frequently and resultedffaréint ranks over time and for
different keywords. In addition, the ad creative.( two lines of text advertisement with
30-40 characters in each line) to be displayederiistings, used by MorgSeller was
varied over time and across keywords. Two broaitipnoing strategies were chosen —
price and quality, and the ad creatives employgtlight either aquality or aprice USP.
Ad creatives using a quality USP generally includexids such as “customer

satisfaction”, “trusted”, “secure and confidentjdtjuick and easy” whereas price USP
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ads used phrases such as “no closing cost”, “le@sta“lowest price”, “low interest”,
“compare offers”.

In addition to data on MorgSeller’s strategic clasievith regard to rank and ad USP,
| also obtained the corresponding performance datagclickthrough rate. To measure
competition, | further, collected data on the U$Bampetitors in the sponsored search
listing on the selected keywords. The competitlata were compiled by extracting the
keywords in the sample from the search enginetrpagle every two hours. Then, using
content analysis and identifying a set of word$ tagture the essence of price and
qguality USPs, | classified the ad creatives usethbge competitors agace or a
quality USP. Four marketing experts, who were blind odhjective of the research
study, were asked to classify a sample of adsgotdity and price USPs. The agreement
of the experts for the USP classification was assgsising inter-rater reliability tests for
nominal data (Hughes and Garrett 1990). | obtam€dbhen's kappa agreement index of
0.69, indicating a high degree of inter-rater t@lity (Landis and Koch 1977).

| used different “windows of competition” to idefyticompetitors adjacent to the
seller. | created multiple competition indicesdxhsn different windows to test for the
robustness of the results. For the smallest windased one advertisement above
MorgSeller’'s advertisement and one advertisemelnibklorgSeller to define adjacent
competitors. The competitive intensity for a USBIlbtained by dividing the number of
advertisements using that USP by the number oteadfaads.

The unit of analysis is the combination of a uniqaeertisement (i.e., unique text)
appearing on a listing on a specific day. Dessmpstatistics and correlation coefficients

between the variables used in this study are shiowable 2.1 and Table 2.2,
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respectively. The sample contains 1556 observaappearing at ranks in the range of 1
to 7. Of these observations, 757 ads employedbtyWSP and 799 ads contained a

price USP. The competitive intensity ranges betw@and 1, with a mean of 0.54.

Empirical Analyses

| employ moderated multiple regression (MMR) anslye test the hypotheses. | log
transform the rank variable to capture the expaaktécay in clickthrough rate as a
function of seller rank on the listilig The dependent variable, CTR, is defined as the
number of clicks received by a seller (i.e., thenbar of consumers who clicked on the
seller) divided by the number of impressions reegiky the seller (i.e., the number of
consumers who were shown the seller’s ad). Thetisech a normalized dependent
variable is necessary to avoid the problem dueat@tions in the number of impressions
obtained by sellers’ ads.

Finally, although the CTR by virtue of being norimedl takes into account
differences in clicks due to differences in impress, it still suffers from some
measurement issues. | assume that the CTR obtlynadeller is a reliable estimate of
the true effectiveness of the seller’'s ad. Howdlverestimate of effectiveness is not
reliable if the number of impressions obtained byadvertisement is small. 1, therefore,
weight each observation in the regression moddl st observations with higher
impressions get a larger weight when the leastreqer@ors are minimized in the
regression analysis. | assume that after a thigeshuonber of impressions the CTR

estimate would be very close to the true valueother words, | model the reliability of

% | tested a linear model (i.e., without log tramsfation) and find that log-transformation explaliagyer
variation in the data. | also conducted additioegressions to examine the model using linear
relationships between rank and click-through artdinkd results similar to those with the exponéntia
relationship.
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an ad’s effectiveness measure as a concave furadtiorpressions and therefore weight
the observations by log(impressions). | analyheddata without using the weights and
found the results to be consistent. The resufisrted here are based on the weighted
regression.

The regression model that | employ to test thearesehypotheses is shown below.

CTR =ap + B1*log(Rank) +B.*USP +ps*log(Rank)*USP +34*Cl + Bs*CI*USP +
Be*Cl*log(Rank) + B7*Cl*log(Rank)*USP +Zi-, j(&i*Keyword;) + ¢

where j = total number of keywords

CTR: Clickthrough rate

Rank: Position of a seller’s ad on the listingopTank is coded as 1

USP: Unigue selling proposition employed by thikesén its ad. USP is
coded asl for price and O for quality USP

Cl: Competitive intensity on the USP that is eoyeld by the seller.

As described earlier, CTR is calculated by dividihg number of clicks received on
an advertisement by number of impressions for therisement. Rank represents the
rank (daily average) at which the advertisement st&svn in the sponsored listing.

Rank equals 1 for the advertisement shown on tapeolisting, 2 for the advertisement
shown below it and so on. Thus, a lower valueaakrimplies that the advertisement
appeared towards the top of the listing. USPdsmmy variable which equals 1 if the
advertisement conveys a low price USP and is l@eifad conveys a high quality USP. CI
represents the competitive intensity around an rideenent on the specific USP
dimension that the ad employs. A seller one rdidva the focal seller and a seller one

rank below the focal seller are used to createomepetitive intensity measureFinally

* To test the robustness of the results, | also uéedows of two as well as three sellers abovetsidw to
create the competitive intensity variable. Thelltssare consistent across these different “windofvs
competition”. | present the results based on thallest “window of competition” — comprising of oseller
above and one below the focal firm.
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keyworddummies are used as a control variable to accoumifferences in CTR due to

the inherent nature of the keyword.

2.5 RESULTS AND DISCUSSION
The results of the regression analysis are presemf€able 2.3. In Model 1, | include
only the keyword dummies to account for the diffexes in CTR across different
keywords. The results show, not surprisingly, #etwords have a significant impact on
the CTR of an ad, suggesting that consumers différe likelihood of clicking on a
particular ad on the basis of the keywords that thee to search. Next, in model 2 |
include rank of the ad as an independent variablied that, as expected, advertisements
placed higher in the listings get higher CTR. dmr the predicted relationship between
rank and CTR in Figure 2.4. Model 3 includes tfieat of USP after controlling for the
rank of the ad. In Model 4, | include the interacteffect between rank and USP to test
hypothesis H2b and H2c. Model 5 introduces thepmiitive intensity (Cl) variable to
test hypothesis H3a and Model 6 introduces theant®n term between Cl and USP to
test hypothesis H3b. Although,priori, | did not hypothesize a higher order interaction
between CI, USP, and rank, such a relationshipssiple. Since omitting higher order
interactions if the true effects are non-zero wdailts the lower order coefficients, | also
test for the presence of a three-way interactidvaalel 7 (Aiken and West 19971)

| find that the coefficient of the higher orderaraction is significant (beta=-0.063;
p<.001) and the increase in r-square by includmsgjihteraction is also significanAR-

square=0.02; F=25.21). Due to the presence d-lay interaction, it is advisable to

®> The multicollinearity diagnostics were acceptaMiF scores were less than 10) thus alleviatingceoms
regarding unstable coefficients.
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focus on the fully specified model (i.e., Modelr@jher than interpreting the partial
models (Aiken and West 1991). Therefore, | plettthree-way interaction to validate the
hypotheses.

In Figure 2.5a and 2.5b, | graph the interactionvben rank and USP at different
levels of competition. Results show that CTR dases at lower ranks. For the price
USP this difference is significant at a 10% leviesignificance for both low and high
competition (difference=0.01; p=0.062 and differen@.008; p=.053, respectively). For
the quality USP the difference is significant at BPboth low and high competition cases
(difference=0.075; p<.01 and difference=0.026; gsr@spectively). Thus | find support
for H1.

The graphs also show that the quality USP perfdratter than the price USP in
generating higher CTR at the top ranks but theioglahip reverses at the bottom ranks.
In the presence of low competition, the differebeénveen the price and quality USPs is -
0.028 (p<0.01) at the top and 0.036 (p<.01) abtiteom. In cases with higher
competition, the results are similar but are natistically significant. The difference
between price and quality USP is -0.01 (p=0.117hatop and 0.01 (p=0.163) at the
bottom. | do not find a significant main effectd6P on CTR. Thus H2a is not
supported. Though the main effect is not significas hypothesized, | find that the
effect of USP on CTR varies as a function of raklkawever the results show that the
relationship between the ad’s USP and its rankenlisting is strongly moderated by the
advertiser’s ability to differentiate itself fronsirivals. Thus, | find conditional support

(i.e., only when competitive intensity is low) fHi2b and H2c.
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| graph the three-way interaction in Figure 2.6d ar6b to examine the relationship
between competitive intensity and USP at top aritbboranks. Results show that high
competitive intensity significantly decreases tieRJor the quality USP (difference=-
0.22; p<0.01) at the top ranks. The effect of cetiion on the price USP is also in the
same direction but is not significant (differend@€03; p=0.577). This is consistent with
hypotheses H3a and H3b. At the bottom ranks, ffieeteof competition on price USP is
similar as in top ranks (difference=-0.00002; p8J)Q However the effect of
competition on the quality USP at the bottom raskguite surprising and contrary to
expectations. | find that higher competitive irgigyon the quality USP at the bottom
rank leads to higher CTR as compared to lower coithgeintensity (difference=-0.027;
p<0.01).

In summary, | find that the magnitude of decreas€TR as an ad is moved from top
rank to bottom rank is much larger for the qualityP in comparison to the price USP.
This result is consistent with the sponsored sefiteh effect described earlier, and |
find that the performance of the price USP vis@thie quality USP improves as | move
down the listing. Further, competitive intensigsha significant effect on CTR but the
effect is present only in the case of the quali§RJ At the top ranks, higher competitive
intensity lowers the CTR for the quality USP butpsisingly, higher competition on
guality USP increases the CTR at the bottom ranks.

The effect of competition at lower ranks in theitig for the quality USP is
unexpected and seemingly counter-intuitive. Orssiiade explanation for this effect is
that it is caused by differences in the profileohsumers who reach the bottom of the

listing as compared with that of consumers who stgrching at the top of the listing.

35



High competitive intensity affects the quality UB®re at the top as quality seeking
consumers are sampling fewer of the adjoining gublSP ads, in contrast to price
seeking consumers who are sampling more (perhapaustively) adjoining price USP
ads. However at the bottom, more intense competdoes not have the same effect for
quality as it is not the quality seeking consunimrsthe price seeking consumers who are
clicking on these ads. As | argued earlier (argetaon the indirect evidence provided
by the results) a majority of consumers who vise#er’'s ad at the bottom of the listing
would be price seeking. Also, recall that | assdtiet though consumers are more
likely to click on an ad that has the USP whichchas their preferences, some
consumers (i.€} proportion of quality seeking andproportion of price seeking) may
sample ads that do not specifically claim the ladite that they are seeking when they do
not have enoughads to sample in a “sliding window”. Of the priseeking consumers
who may click on the quality USP ad, a larger numbeuld click on the quality USP if
they do not have enough price USP alternativeatqpge. This is the case when there is
high quality competition (i.e., adjoining selleravie the quality USP) and therefore we
may see the counterintuitive result.

Limitations

Prior to discussing the implications of the findsndjacknowledge the limitations of the
study. Or empirical analysis is restricted to dedan a single firm, that somewhat limits
its generalizability. Nevertheless, it is impottennote that the unit of analysis is not the
firm but rather the specific differentiation strggei.e., USP deployed at a given rank.

MorgSeller experimented with both these key stiiategriables, permitting us to test the

® Number of ads that a consumer would sample fravindow would also depend on their search intensity.
The larger the search intensity, the larger thebmurof ads clicked in any sliding window.

36



assertions in the research model. Moreover, thetia single firm allows us to control
for a number of other firm-specific factors suctbesnd-name (Wu et al. 2005), that
might affect the outcomes of interest in this study focusing on a single firm | was
able to effectively isolate the impact of the fsmbmpetitive and positioning strategies,
in these markets. The data used in this studigdslanited to the mortgage industry.
This choice is primarily driven by the popularitiyanline mortgage services which
provides us sufficient number of clickthroughs &sfprm empirical analyses. | believe
the results would also hold in other industriesutih the strength of the relationships
may vary. Extending this study to encompass otbetoss would be an interesting
avenue for future studies. Another potential latidn of this study is that | measure only
CTRs rather than actual purchases. However, CT&eamsidered to be the primary
performance metric by practitioners as they areagredictor of sales. To the degree
that different product categories may have diffecemversion rates, it would be
important for future researchers to understanceffeet of firms' positioning strategies

on conversion rates and sales. Finally, while ladote to observe consumers' actions (i.e.
their click-throughs) | do not directly observe ividual consumers' search behavior, or
their preferences. Future research should valitet@ssumptions of this study by

conducting complementary studies employing lab erpgent and survey methodology.

2.6 DISCUSSION AND IMPLICATIONS
My goal in this essay was to extend understandirigeoperformance of ads in
sponsored search listings by moving beyond a unedsional focus of ad rank as the

determinant of performance. We examined, bothréteally and empirically, how the
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interaction between an advertiser’s USP as higtdjim its “ad-creative”, the rank of
the ad, and the competitive intensity around thanfidences the effectiveness of the
sponsored search ad. Results largely supportredigbions, suggesting that these
factors are important strategic variables for ficosnpeting in these markets.

The study makes several theoretical contributidhgitegrates consumer search
theory with directional search to provide insigimt® consumer search and seller’s
differentation strategy in sponsored search markiepsoposed and found evidence that
the sequential nature of search in such marketdtsaa the sponsored search listing
becoming a consumer segmentation filter. Not @the number of consumers who
click at the top larger than those who click atltb&om, as might be expected, a striking
finding is that consumers who reach the bottom beynore homogenous in certain
characteristics such as search intensity, inconaelyet attribute preferences, etc. The
findings provide indirect evidence of consumer skaratterns in sponsored search
listings, and can assist analytical modelers amtiGudesigners in developing more
realistic models.

In addition to theoretical contributions, the styalslds several managerial
implications. First, | reaffirm the widespreadibéthat higher ranking of the
advertisement leads to better performance (i.ghdniclickthroughs). However, the
ranking in the search results explains only a s(aatlund 5%) proportion of the variance
in the clickthrough rates that the firm obtains.key implication of this finding is that
the forecasting models used by the search enginleebteas and advertisers that only
include rank as the predictor of clickthroughs vebibt only be misleading, but may also

result in sub-optimal bidding strategies.
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The results indicate that both the firm’s USP aBl asthe competitive intensity
around the focal firm’s position have a significanpact on the advertisement’s
performance. In general, the price USP perfornigebthan the quality USP at lower
ranks. This finding yields a number of interestargl important implications. First,
most of the advertisers (or search engine marketleosadvertise on behalf of their
clients) typically treat rank and USP as indepehdexisions. However the results
suggest that firms should seek to jointly optintizese two decision variables.

A second implication is the need for sellers tdduieb-based information systems
capable of capturing the rank of the ad in the spoad search listing at which the
consumer clicked to visit a seller’s site. Thifommation can then be used in conjunction
with consumers’ demographics and psychographi@véflable) to obtain insights into
the differences between the profile of consumers aicounter the seller’'s ad at
different ranks in the listing, and to make shagredictions about consumer purchase
behavior.

Third, a seller would find it useful to customize landing page (i.e., the web page
that a consumer is taken to when she clicks ordan #he sponsored search listing) for
ads shown at different ranks. For example, iflese ad is appearing at the bottom
rank, then the seller can customize its page thditinformation needs and preferences of
a price seeking consumer profile and may evenlpogr prices. By contrast, if a seller
is listed at the top, it can afford to set highacgs and customize its site to cater to
quality seeking consumers. Further, a seller gawawhically set the price on a landing
page depending on the rank at which the ad linketis landing page appears on the

listing. Finally, a quality seller may benefit neoirom bidding higher to appear at the top
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of the listing as a majority of the consumers wh® guality seeking may not even see the
seller if its ad appears at the bottom of therigti Sellers competing on price can,
however, afford to be at the lower ranks. Althotigls strategy would lower their
clickthrough (due to the lower rank), it would drawnore homogenous set of consumers
(in terms of their search intensity and other festbat determine search intensity or are
related to search intensity) to the seller’'s webaitd thus, a seller may be able to get
higher sales by developing a more targeted madkstiategy.

The assertion that quality seeking consumers mayphbeentrated at the top of the
listing also has implications for the design of §p@nsored search mechanism. The
search engine intermediaries need to design thengmechanism to ensure that the
sellers at the top of the listing are high quadigylers. Else, in the long run at equilibrium
the quality seeking consumers may stop using tbessped search results.

Interestingly, | also find that the quality USPstsongly affected by competitive
intensity. As expected, the effect is negativehattop ranks but reverses at the bottom
ranks. The proposed explanation suggests thaisttise to price seeking consumers
clicking on the quality USP ads when they do natehanough price USP ads to sample
at the bottom. This may, however, have implicaitr the conversion rate (i.e., the
number of sales divided by the number of clicksts)sof the quality ads when they are at
the bottom amidst high quality USP competitionis Ipossible that in such an
environment the conversion rate of an ad may betowlthough I did not examine the
conversion rate, future research can investigasagtue more closely and study the
impact of clickthroughs on conversion rate. Onpantant implication of this finding is

that advertisers, especially those who are usipggdity USP, should develop
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information systems to monitor the competition o@ $ponsored search listing to better
predict fluctuations in their CTR, and to make mimfermed decisions regarding what
ranks to obtain for their ads for different keywsid the advertiser’'s keyword portfolio.
As opposed to just the rank of the ad, the adwesishould also include the historical
competitive intensity, USP and the ad’s rank tedast future CTR to obtain better
forecasting estimates and to arrive at an optintibg strategy for the sponsored search
auctions.

Future Research

Several promising new avenues for research imidmssent field emerge from this study.
First, researchers can build on this study by usomgplementary research methods.
Controlled lab experiments can be designed to tjregamine the consumer behavior
that was inferred in this study and to address sofntiee other limitations of the study
described earlier. Consumer surveys can also meucbed to identify the profile of
consumers who search till the bottom of the lis@amgl how this profile differs from those
who stop at the top. Further, if sellers startknag the rank at which a consumer saw an
ad, researchers can use this secondary datangutae findings about consumer search
behavior in the sponsored search listings.

| examined competition in terms of the USP on whlah firms were competing.
Future research can develop alternative metricsdaipetitive intensity (for instance,
competition based on a firm’s brand equity). Ip@ssible that competition from firms
which have greater market share (or brand recagmnithan the focal firm would lower

the performance of focal firm’s advertisement. aliy) researchers can analyze data
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collected from firms in different industries to exae the sensitivity and robustness of

the findings.

2.7 CONCLUSIONS

Researchers believe that differentiation strategmgloyed by firms and the resulting
competitive dynamics in directional markets maydifgerent from those created by
traditional formats (Perry and Wigderson 1986; Askaya forthcoming). However,

very few empirical studies have examined the naanceoutcomes of competition in
such online markets and the various differentiasvategies adopted by firms competing
in an environment characterized by very high coitipetintensity and a growing

number of rivals. The exclusive focus on the rahirms in the sponsored search
listings as a driver of performance adopted baskaechers and practitioners fails to
account for the unique characteristics of sponseeadch markets, and the ability of
firms to differentiate themselves in such contextscontrast to extant research that has
adopted an auction perspective to understand thendizs between search intermediaries
and sellers, in this study | adopted an alternatos@sumer search perspective. Findings
from this study can aid firms in optimizing thepansored search strategies. Tracking
and accounting for a range of variables (in additemrank) in forecasting models can
improve the prediction accuracy of clickthroughesat The results of this study are not
only likely to be useful for managers seeking talgre the competition and craft their
best response to their competitors’ positioningtstyies, they also extend existing

research on directional markets to a new and emggnpirical context. Finally, to the
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best of my knowledge, this is the first study tamne the impact of positioning

strategies and competition in a directional masketh as sponsored search.
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CHAPTER 3: ADVERTISING OR PRICE? THE EFFICACY OF QU ALITY

INFORMATIONAL CUES IN ONLINE SPONSORED SEARCH MARKE TS

ABSTRACT

The digitization of commerce has caused fundamehhges in consumer information
search and use. With an increasing number of ecoessiusing search engines as an
integral component of their online purchase prooeskne sponsored search markets,
such as those provided by Google and Yahoo!, henegged as a dominant customer
acquisition mechanism for sellers. Given the exééimformation asymmetry in online
markets, consumers rely on a number of informationes or signals to infer the quality
of sellers in these markets — advertising and gy&rg the two most important among
them. While the importance of advertising andgas signals of quality has been well
established in traditional markets, online spordgaesarch markets have a number of
unique characteristics that differentiate them fitoadlitional settings. This calls for an
examination of the efficacy of different informata cues for consumers’ search and
transaction behaviors in online sponsored searckatea Using a lab experiment, |
examine how the knowledge of firms’ relative adiggng expenditures and prices affect
consumers’ search and purchase decisions. Comtraarlier findings of the dominance
of price signals in traditional markets, | find tfiams’ relative advertising expenditures
serve as a stronger signal of quality in onlinenspoed search markets — a result
attributable to the directional nature of thesekats. | also find that the risk attitude of

consumers has a significant impact on consumeefsednd market outcomes. | discuss
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the implications of the findings for sellers andhsomers using sponsored search

markets, as well as for search intermediaries.

3.1 INTRODUCTION

It is well established that the digitization of cowerce has fundamentally altered the
nature of information search and use for consuménger 53% of prospective buyers
search online, and 67% of online consumers seeakfognation use search engines as
part of their purchase process (iCrossing 200%) th€ extent that this population of
consumers represents an important set of prosfoediems seeking to sell products and
services, it is not surprising that the growth olime markets has been accompanied by a
concomitant increase in the popularity of onlingatising. Recent reports suggest that
online advertising revenues in the U.S. for thst fiix months of 2005 were
approximately $5.8 billion, representing a 26% @ase over the first half of 2004
(Interactive Advertising Bureau 2005).

Among the various online advertising formats, spoed search advertising is
witnessing the fastest growth and has emergedeagaiminant advertising format,
accounting for nearly 40% of all advertising spagdonline (PricewaterhouseCoopers
2005). Sponsored search advertisements are tegt zalvertisements that are typically
displayed alongside “organic” (algorithm-based)rskaesults on major search engines
such as Google and Yahoo! In sponsored searchtaitvg, also known as “paid
search,” “pay-for-placement” or “keyword” advertigi firms compete to be listed on top
of search results generated in response to a wesveord query. This form of

promotion offers a number of significant advantagesr traditional approaches,
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including the ability to precisely target messatgegotential consumers who are actively
searching for sellers, and enabling sellers to moextly relate advertising expenditures
to outcomes.

A unique aspect of sponsored search is the integrahd co-evolution cgearchand
advertisingbusiness models. While it is well understood #estrch and advertising are
two sides of the same coin — the objective of dmihg to match buyers and sellers — the
ability of firms to target their advertising to carimers, or the ability of consumers to
selectively seek out advertisements has been tnbyethe constraints imposed by
traditional media. Sponsored search mechanisnidesfiems to overcome these
limitations and, recognizing their value potentfains are aggressively reallocating
significant proportions of their advertising budg&bm traditional media to online
sponsored search.

The sponsored search model employs an auction mischavhere firms bid on
keywords relevant to their product or service folnaced placement (i.e., higher rank)
of their advertisements in the search results. g&ion for the top slots in the search
listings is predicated on the fact that consumersarily tend to click on sellers that
appear higher on the list (DoubleClick 2006). Hoere a vast majority of consumers
(62%) are unaware of the distinctions between speassearch and organic (algorithm-
based) search results (Fallows 2005). In addiadarge proportion of consumers
believe that a seller listed higher in the seaesults is of higher quality than those listed
lower (iProspect 2006). It is not clear how consulyehavior would change if they were
aware of the fact that a seller appearing highdhetist pays more than the seller ranked

lower. This question becomes especially imporitantarkets where consumers cannot
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easily distinguish the quality of competing sellers., when the market exhibits quality
uncertainty.

Research suggests that in markets characterizgddlyy uncertainty consumers rely
on informational cues or signals to infer the gyadif sellers (Kirmani and Wright 1989),
advertisingandprice being the two most important among them. Thggaidicularly true
in online settings where consumers confront sigaift information asymmetri€Baylis
and Perloff 2002) While it has been found that consumers shoppmige rely on brand
name to infer retailer’s quality in non-contraatitalspects of the product and service
bundle such as shipping reliability (Smith and Boyisson 2001), the nascence of online
markets and the lack of geographical constraini®sx consumers to new firms and
unknown sellers. This “long tail” of tens of tha@usls of small businesses, not being
served by conventional means of advertising (Armle2005), diminishes the role of
brand name in consumer decision making, and inesgd® reliance on other indirect
informational cues such as advertising and theegri@rged by the sellers.

Although the importance of advertising and priceiggals of quality have been well
established in traditional markets (Peterson 1&&stner 1985; Milgrom and Roberts
1986; Kirmani and Wright 1989), little is known aligheir effects on consumer
behavior in electronic markets. In particular,ioalsponsored search markets have
several unique characteristics that differentiagst from traditional contexts. Unlike
traditional media settings where firms pay for atisang using a pay-per-exposure
model, in online sponsored search contexts, firaysper-click. The former mode of
advertising requires significant lump-sum investtagwhile the latter makes it

economically feasible for smaller and less welbbished firms to compete more
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intensely for customers. Further, sponsored sdmtaings create a “directional” market
where consumers find it easier to search andthisisellers in a sequential order from
top to bottom. The implications of market direaadity on consumer behavior have not
been addressed in the literature.

This research is motivated by the growing populasftonline markets and the fact
that consumer behavior in the type of unique infational environment created by
sponsored search advertising is not well understddocus on the effects of
informational cues on consumer behavior and exathiaeelative importance of price
and advertising as quality signals in search amdh@ase decisions. | use data from a
laboratory experiment to address four specificaegequestions: 1) Can sponsored
search advertising serve as a signal of qualityibsal, under what circumstances? 2)
How do perceptions about the correlation betwesellar’'s advertising expenditure and
quality affect consumers’ search and purchase bet¥a8) How does the price signal
influence consumers’ reliance on advertising sigmatheir purchase decisions? , and 4)
How does the risk attitude of consumers affectrtfediance on indirect cues provided by
the informational environment?

The findings show that in contrast to behavioraditional markets where price
tends to be the dominant signal of quality, firmedative advertising expenditures serve
as a stronger signal of quality in online spons@ealch markets — a result attributable to
the directional nature of the online setting. sloafind that the risk attitude of consumers
has a significant impact on consumer beliefs ancketautcomes. | discuss the
implications of the findings for sellers and congusiusing sponsored search markets, as

well as for search intermediaries.
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The rest of the chapter is organized as followsctiBn 3.2 previews the sponsored
search literature and other relevant literaturenfexonomics, marketing and information
systems that has studied consumer search and parbkaavior under quality
uncertainty. In section 3.3, | present the redeagpotheses. The research methodology
is described in section 3.4, followed by resultsection 3.5. Section 3.6 provides a

discussion of the findings and their implicatiomsl&ection 3.7 concludes the chapter.

3.2 THEORETICAL BACKGROUND AND PRIOR RESEARCH

Research from a variety of disciplines is relewaninderstanding consumer behavior in
the presence of information asymmetries. | fiesiew work focused specifically on the
sponsored search context and studies that haveire@uthe availability of information
in online markets. This is followed by a discusstd research related tmnsumer
search andquality signalingin markets with asymmetric information. The oWera
conceptual model depicting the relationship betwegality signals and consumer
behavior that frames this research is shown inrei@ul. Consumers are exposed to
different signals of quality in online markets amgk these signals to form beliefs about
the extent to which specific signals denote highality. These beliefs then influence
online search and purchase behavior.

3.2.1 Sponsored Search and Online Information Conkés

Research on sponsored search advertising isrstillnascent stage. Prior research in this
field predominantly approaches the phenomenon &orauctions perspective to examine
the interaction between market-makers and selleshvid in these auctions. One stream
of research focuses on designing better rank/postilocation mechanisms from the

perspective of the search intermediary (Aggarwakl@t al. 2006; Asdemir 2006;
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Lahaie 2006; Edelman, Ostrovsky et al. forthcomkeng, Bhargava et al. forthcoming;
Varian forthcoming), while a second identifies ami bidding strategies from the
perspective of sellers (Kitts and Leblanc 2004;8pChayes et al. 2006;
Rusmevichientong and Williamson 2006). In additiarlew studies examine the market
dynamics that result from sponsored search auc({®msnesh, Ramachandran et al.
2006; Edelman and Ostrovsky forthcoming). Howetlegre is limited research
examining consumer search behavior in this contexte implications of sponsored
search mechanisms for seller strategies. In otieeofiew academic studies on consumer
behavior in the sponsored search context mosttlinetated to this work, Jansen and
Resnick (2005) examine the perception of seardberards sponsored search listings
and find, not surprisingly, that compared to orgas@arch listings, consumers are
skeptical of sponsored search results and trust thss.

Other work in information systems has examinedripgact of online markets on the
availability of price and quality information, aldw the online provision of such
information affects consumer welfare (Bakos 199%niblfsson and Smith 2000; Smith
2001; Smith and Brynjolfsson 2001; Baye and Morg@@2; Baylis and Perloff 2002;
Bakos, Lucas et al. 2005). A significant bodyedearch also examines online consumer
behavior (Jarvenpaa, Tractinsky et al. 2000; Kasifa002; Gefen, Karahanna et al.
2003; Pavlou 2003), however, there is limited rede#hat investigates the impact of
online advertising on consumer behavior (Gao, Kasifet al. 2004; Hong, Thong et al.
2004; Wu, Cook Jr. et al. 2005). In one of the fefermation systems studies on online
advertising, Gao et al. (2004) conduct an experirteenompare the effect of animated

versus pop-up advertisements on consumers’ peoceptiThey suggest that the online
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format and presentation of information has sigaificconsequences for consumers’
perceptions and attitudes.

As noted earlier, the sponsored search formatrdiffem traditional mass media in
three key respects: 1) the spatial and temporaimity of price and advertising
information in sponsored search advertising fatiis consumer access to and
comparison between the two pieces of informatigrsellers presented in list are sorted
by their advertisement intensity, and 3) thereois@arch effort required to assess the
relative advertisement expenditure information, Beer gathering price information
imposes a search cost (in terms of time and effaltt)ough this is typically lower than in
the traditional channel. As a result of these uaigharacteristics, consumer behavior in
the sponsored search market is likely to diffengigantly from offline shopping and
purchase behavior and, therefore, warrants sysiemamination.

Studies suggest that subtle changes in informgtiesentation formats can influence
information search costs and subsequent consurogrechehavior (Payne, Bettman et
al. 1993; Hoque and Lohse 1999; Lynch and Ariel@®@Mandel and Johnson 2002).
For instance, Hoque and Lohse (1999) conduct aerarpnt to examine consumer
behavior in online settings and find that consunseesrch sellers in sequential order and
therefore suggest that, unlike traditional yelloages, online yellow pages should charge
advertisers based on their rank in the advertissng They recommend that since online
media exhibit different relationships than printdigefor some variables, researchers
should strive to obtain a deeper understandingpn$gmer information processing and

decision making processes. Consistent with tingsagt of research, | examine the
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efficacy of different quality signals — primarilgrice and advertising intensity - in the
sponsored search setting and their impacts on awersbehavior and market outcomes.

3.2.2 Consumer Search and Quality Signaling

Consumer search behavior has been extensivelyestudvarious disciplines such as
economics, marketing, psychology, and informatigsteams. Recognizing the
importance of understanding consumers’ online sebetavior for the design of search
engines and other information systems, researdtaes turned their attention on
consumer search in online markets (Browne, Pittd. 2007). One important stream of
consumer search literature relevant to the custenty examines consumer search
behavior in markets that exhibit price dispersiStigler 1961). Analytical models
(Stigler 1961; Bakos 1997) and empirical evidergehptter and Braunstein 1981;
Ratchford and Srinivasan 1993; Zhang, Fang etO8i6Psuggest that consumers
searching for a low price adopt a reservation pstcategy. According to this strategy, a
consumer calculates the reservation price base¢deoprice dispersion and unit search
cost, and buys from the first seller who meetsds®rvation price. However, much of
the research in this stream either ignores qudiggersion or assumes quality to be
identifiable prior to purchase. This study, on thieer handexamines consumer search
behavior in markets where consumers cannot ascejtaility attributes prior to
purchase.

It has been argued that markets with informatigmasetries break down unless
there are effective quality-signaling mechanisAssignaling mechanism refers to
informational cues provided by a seller that revesfiher true quality. Researchers have
identified various external cues (i.e., cues nogdly related to product performance) —

such as advertising, warranty, brand name, andugtqatice — that can act as quality
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signals (Grossman 1981; Milgrom and Roberts 19&H)particular interest in the
current context is the role of advertising expaunditand prices in providing
informational cues related to quality. Studiesraditional settings show that consumers
associate higher advertising expenditure with higjuality (Kirmani and Wright 1989).
Unlike traditional media, the rank of the advertigsethe sponsored search listings by
itself provides information about the seller’'s adiging expenditure (and possibly the
seller’s quality) relative to other sellers in flging. Since a consumer using a
sponsored search listing can also choose to sé&arphices across various sellers, it
becomes important to understand how consumer’sis&havior may be affected by
the presence of the advertising signal

Finally, in situations characterized by uncertasiigh as the sponsored search
market where consumers do not haxeanteknowledge of quality, evidence suggests
that risk attitudes play a role in consumers’ redia on informational signals and their
search strategies. A consumer faced with unceytalmout price and quality acquires
information that may reduce the risk inherent iofsan uncertain environment. Since
there is heterogeneity among consumers in ristud#s, their information acquisition
strategy also varies. Prior findings indicate tiskt-averse consumers search less than
risk-neutral consumers in a search with recall ager{Nachman 1975; Schotter and
Braunstein 1981). Surprisingly, research on the ebadvertising and price signals on
consumer perceptions overlooks the effects ofitkeattitude of consumers. Given the
uncertainty faced by consumers in online markétsy risk attitudes are likely to
strongly influence their reliance on the informaabdcues available in these markets. To

obtain better insights into the relationship betweensumer search and consumer’s
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reliance on signals, | extend this literature axaheine the impact of consumers’ risk

attitude on search behavior and purchase decisions.

3.3 HYPOTHESIS DEVELOPMENT

Building upon the theoretical logic and findingsiesved above, Figure 3.2 depicts the
research model the forms the foundation for thislgt As shown there, | seek to explain
three key outcomes in the sponsored search cotiextonsumersearch intensity
his/herrank preferenceand theorice premiunpaid. | defingank preferencas a
consumer’s propensity to purchase from a selleeappg higher on the sponsored
search listing. The three consumer outcomes diectively determined by the
interaction between consumers’ quality beliefsteglado advertising and price, and their
risk attitudes. | define an advertisement (prloel)ef as the consumer’s perception of a
positive correlation between the seller's advergsexpenditure (price) and quality. Thus,
a consumer with a higher price belief relies marele seller’s price as a signal of
guality as compared with a consumer with a lowarepbelief. These beliefs are shaped
by the availability of quality signals related tdvartising and price in the sponsored
search market. Specific hypotheses for empirgsting are developed below.

3.3.1 Advertising and Price as Signals of Quality

Prior research shows that in offline settings firavertising expenditures can signal
guality when consumers cannot infer the sellers/ise/product quality prior to
purchase. Experimental studies find that consulmEssciate higher advertising
expenditure with higher quality (Kirmani and Wrigt@89). In the sponsored search
context, sellers are sorted on the basis of tliiedising expenditure (i.e., the sellers

who bid more get listed higher in the search rejulHowever, as noted earlier, a large
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proportion of consumers are unaware of how sedibtain specific ranks in the

sponsored search market, i.e., they are not awatre¢hose appearing higher on the list
have paid more. To the degree that consumersvbdlat higher advertising intensity is
associated with higher quality, awareness of therdement allocation mechanism
should enable them to infer the relative qualityhef sellers in a sponsored search listing.
Hence | test,

H1: In a sponsored search markegnsumers who are aware of the ranking mechanism
will have a stronger advertisement belief than consrs who are unaware of the

ranking mechanism.

Researchers suggest that consumers may also aseapran informational cue to
infer seller quality (Milgrom and Roberts 1986).réview of empirical studies provides
evidence for a robust (though moderate) price-tediationship (Rao 2005) across a
variety of settings. | expect this relationshightald in the online sponsored search
context as well However, while a firm’s prices may serve as a dighguality, the
strength of this signal is likely to be attenuatethe presence of additional signals of
guality (e.g., advertising) (Broniarczyk and Alb@98). Thus | expect:

H2: In a sponsored search market, consumers who aaeea®f the ranking mechanism
will have a weaker price belief than consumers awleunaware of the ranking
mechanism.

Earlier studies find that consumers’ beliefs aldbatprice-quality correlation affects
their search patterns (Roedder, Scott et al. 19B6&)vided that quality dispersion is

sufficiently high compared to price dispersion.(itbere is a need to distinguish between
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sellers), a strong belief in price as a signalulilly leads consumers to search for the
highest price and pay a high price premium. Hériest:

H3a: In a sponsored search marké#te stronger the consumer’s price belief, the highe
the price premium paid by the consumer.

While information about a firm’s relative advertigiexpenditure can be obtained
from its ranking in the sponsored search resuitssgmers need to invest a greater effort
(i.e., visit each seller’'s website) to obtain imf@tion about the prices charged by
competing sellers. Because consumers incur atseast to obtain price information,
the benefits of additional search will be realipedy in the presence of a strong price
belief. That is, consumers who believe that pisca signal of quality will be willing to
invest the time and effort necessary to locates#hier with the highest price. | define
search intensity as the number of alternative rsellee consumer visits in the online
market and test:

H3b: In a sponsored search market, the stronger thewoes's price belief, the higher
the consumer’s search intensity.

Finally, consumers relying on price as a signajudlity will tend to buy from a high
price seller irrespective of the rank at which skbéler appears on the listing. Thus, under
the assumption that sellers’ price is uncorrelategd sellers’ rank in the search listing,
consumers will not systematically attempt to pusehftom the top ranked sellers in the
search listings. Hence, | posit that:

H3c: In a sponsored search market, the stronger thewoes's price belief, the lower

the consumer’s rank preference.
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Consumers who are aware of the ranking mechanishbalieve in advertising as a
signal of quality (i.e., they perceive a positiemk-quality correlation) would prefer to
buy from sellers ranked higher on the list. Tlawareness of the ranking mechanism
would enable them to infer that sellers higherlerank have higher advertising
expenditure. Therefore | test:

H4a: In a sponsored search market, for consumers whawaeee of the ranking
mechanismthe stronger the consumer’s advertising belief,Higher the consumer’s
rank preference.

Since a consumer with a strong advertising belieditd prefer to buy from the
topmost sellers in the listing, his/her search wdd restricted to the few top ranked
sellers. It follows that the extent to which tbensumer engages in searching for sellers
will be lower vis-a-vis consumers who have a weadrertising belief. | test this
expectation in the following hypothesis.

H4b: In a sponsored search market, the stronger thewoes's advertising belief, the
lower the consumer’s search intensity.

Finally, a consumer with a strong advertising deli@l attempt to purchase from
sellers appearing higher on the sponsored listjsaleds likely to sample sellers
appearing lower in the listing. Due to this coasted sampling, the consumer would not
always be able to discover high-priced sellerhi@érnarket. As a result, on average, the
price premium paid by this consumer would be lowEnus, | posit:

H4c: In a sponsored search market, the stronger thewoes's advertising belief, the

lower the price premium paid by the consumer.

57



3.3.2 Interaction between Price and Advertising Sigpls

Researchers have called for the need to undertandteractions among various signals
of quality (Kirmani and Rao 2000; Purohit and Ssteava 2001). This takes on added
significance in the context of sponsored search @mnsumer has access to not only
relative advertising expenditures, but also thatret prices charged by competing firms.
In prediction tasks, it has been found that congahneliance on the price signal is
stronger than their reliance on the advertisingaigBroniarczyk and Alba 1994).
However, the tradeoff between these two signalsbébeen studied in the context of a
purchase task. Earlier | theorized that a stramgeelief influences the price premium
paid, and a strong advertising belief influencesdabnsumer’s rank preference. Since a
consumer would tend to rely on the signal in whiefshe has a stronger belief (at the
expense of other signals) and make a purchasealecsnsistent with the stronger
guality signal, | hypothesize that:

H5: In a sponsored search mark#ig stronger the consumer’s advertising belief, the
weaker the impact of the price belief on the ppgoemium paid by the consumer.

H6: In a sponsored search market, the stronger thewoes's price belief, the weaker
the impact of the advertising belief on the consismank preference.

3.3.3 The Effects of Risk Attitudes

Analytical models developed to derive optimal shatrategies as well as signaling
equilibria generally assume that the searchesksneutral. However, a consumer’s
optimal strategy may differ if this assumption islated. As noted previously,
researchers examining consumers’ price search lmehawmarkets with quality
uncertainty find that risk-averse searchers sel@sshthan risk-neutral searchers in a

search with recall scenario (Nachman 1975). Thduee to the fact that the benefit of
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additional search is uncertain and hence, riskyerdfore, a risk-averse consumer would
be satisfied with the current alternative eveméeaxpectednarginal benefit of searching
for the next alternative is larger than the marbgarch coét | test this expectation in
the following hypothesis:

H7a: In a sponsored search market, risk-averse consuméreave lower search
intensity than risk seeking consumers.

Although reliance on quality signals is unavoidablenarkets with quality
uncertainty, because the signal may not alwaysbegly correlated with quality, risk-
averse consumers are likely to prefer an informaticue which minimizes any potential
loss. In situations where either price or advegisnay signal quality, acting on the
basis of a price signal can lead to larger loss #wing on the basis of an advertising
signal, as in the former case, the consumer migghtug paying a price premium for a
low quality product. In other words, relying otfiedse advertising signal is less
detrimental than relying on a false price signetherefore, a risk-averse consumer would
prefer to use the advertising signal whereas asesiking consumer would prefer to act
on the price signal. Recall that reliance on theepsignal results in a higher price
premium while reliance on the advertisement sigredtls a higher rank preference. |
test the following hypotheses related to thesectdfe
H7b: In a sponsored search market, risk-averse consumiérpay a lower price
premium as compared to risk-seeking consuméhss effect will be stronger for

consumers with advertising beliefs.

" In an experimental study, Schotter and Braung€81) found support for this analytical propositio
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H7c: In a sponsored search market, risk-seeking conssimirhave a lower rank
preference as compared to risk-averse consumerss effect will be stronger for
consumers with price beliefs.

In summary, | drew from and extended researchuatity uncertainty and signaling
and consumer information search to propose hypeshesated to consumer outcomes in
a sponsored search setting. Two key theoretidahsions to existing work embedded in
the proposed model are first, the explicit incogpion of risk attitudes, and second,
predictions about the relative efficacy of pricel auvertisement signals on consumer
outcomes in the new context of online sponsorectkeal he experiment conducted to

test the research hypotheses is described next.

3.4 METHODOLOGY

The dominant empirical strategy in prior researglgoality signaling and consumer
search behavior is that of an experiment as iteiwed as the most appropriate method
for achieving a precise test of theory (Schotter Braunstein 1981; Lynch and Ariely
2000; Srivastava and Lurie 2001; Zwick, RapoporleR003). Following this tradition,
| employ an experimental methodology to test tlseaech hypotheses.

3.4.1 Research Design

The experiment employs a one factor (knowledggohsored search mechanism)
between-subjects factorial design where one grésgplgects is informed that sellers are
ranked in descending order on the sponsored sbstiolg according to how much they
pay per click (treatment group), and the other grolusubjects is informed that all sellers

in the market are randomly assigned a rank in tteetry listing (control group). The
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subjects are presented one set of general inginscéind a set of specific instructions for
their assigned experimental condition (See AppeBdixXor details).

Thecontrol group has 38 subjects, each of whom is informatigéllers are ordered
randomly in the listing, while the treatment graxgmsists of 42 subje&seach of whom
is informed that sellers are ordered in the lisbaged on their relative advertising
expenditures. As is common in such experimentéihgs, undergraduate students in a
large northeastern business school were recruteithis experiment. The subjects
participate for course credits. In addition they provided performance-based monetary
incentives.

The experiment consists of three tasks: (1) A smgpiask in which subjects make
search and purchase decisions (See Appendix B2),2arA follow-up survey (see
Appendix B3) in which subjects are asked questabwut their beliefs about price and
advertising as signals of quality. (3) A lotteplextion task (see Appendix B4) to assess
risk attitudes (Holt and Laury 2002).

Shopping TaskThe shopping task requires subjects to conducha&pgsng trips

using a simulated online yellow pages directoryeach shopping trip, subjects query
the directory for a particular product. The onldieectory presents a list of 10 sellers
(identified by fictitious names) along with a lindk visit their websites, in a rank-ordered
listing. The information provided to consumers @tlthie ordering of the sellers in the
directory listing differs across different experim@ treatments. The subjects are also
informed about the price dispersion and the qudispersion among sellers in each

market. The quality dispersion (i.e., range okeseduality in a market) is four times the

8 Originally there were 43 subjects. However, onlgiestt who did not complete the experiment was
dropped.
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price dispersion (i.e., range of prices in a markeBubjects can observe the price being
charged by a seller but they have to incur a sigecffearch cost to visit a seller’'s website
and obtain the price being charged by that sellére search cost at any point in time in a
shopping trip is displayed on the top panel ofdbmputer screen. Information about
seller quality is not revealed to the subjectsnn tieatment at any time during the
experiment. Subjects can, however, use advertamador price informational cues to
infer a seller’s quality. Subjects are asked txim&e their payoffs by buying from the
highest quality seller at the lowest price whilenimizing the total search cost.

The payoff function given to subjects is to maxieniz = Q — P — n*c , where “Q” is
the quality of the product purchased, “P” is theg@paid for the purchased product, “c”
is the cost to discover a seller’s price and “nthis total number of sellers searched. This
utility function is similar to that used by Dieldprnish et al. (2003), except that it
explicitly includes search cost in the specificatidPrice, seller quality, and search cost
are all expressed in experimental dollars. Thgestb are provided monetary incentives
based on their performance in maximizing their glfgoction (i.e., utility derived from

the purchase).

Lottery Selection TasK:use a standard lottery selection task to aghesssk
attitude of the subjects that requires them to nigkdecisions regarding lottery
preferences. The ten lottery decisions are dedigmevaluate choices between risky
prospects when the probability of the higher payoffaried in a systematic manner.
Each decision involves choosing between a paittéiies referred to as option “A” and

option “B”. The subject is shown the payoff and thinning probability associated with

° The rationale for higher quality dispersion istwsure that the quality attribute - the key outcame
interest - is salient in the decision making preces
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each lottery, and has to choose one of these gty play. The subject is told to make
each decision carefully as one of these decisiolh®evrandomly selected to calculate
subject’s payoff. After the subject has submittel 10 lottery decisions, one of the
decisions is chosen randomly as the outcome. Idtiesy selection task is performed
twice. In the second round, the procedure renthmsame, except for the payoffs,
which are incremented at a higher rate.

3.4.2 Measurement and Data

Knowledge of the sponsored search advertising nmesimais included as a dummy
variable that is used to identify those subjects Wave different sets of information. As
noted earlier, this variable is manipulated by jlong information about the existence of
sponsored search advertising mechanism to thecdshjethe treatment groups before
they make search and purchase decisions. Subjetts control group, on the other
hand, are informed that the ordering of sellerthenlisting is random.

After completing the shopping task, subjects refiwir beliefs about the correlation
between sellers’ price and sellers’ quality as \@slkellers’ rank on the listing and
sellers’ quality. Since the relative advertisingpenditures of sellers are determined by
their rank in the sponsored search listing (intteatmentsample), | use the term rank-
guality as being synonymous with advertising-gyaliQuality beliefs are
operationalized using self reported measures téinesi for which are adapted from
existing literature (Kirmani and Wright 1989; Kirmal997). | used a 7-point Likert
scale for assessing the strength of the advertamagprice beliefs where 7 represents
“strongly agree that there is a positive correfadtiand 1 represent “strongly disagree that
there is a positive correlation”. A composite afeédns is used to create advertisement

belief scale — HRHQ (cronbach’s alpha=0.85) andrapmsite of 2 items is used to
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create price belief scale — HPHQ (cronbach’s alph#&8). | conducted a factor analysis
to assess the convergent and divergent validitiieoEcales. The results suggest that
HRHQ and HRPQ are two distinct constructs. Theg@nd factor analysis results are
presented in Appendix B3.

Thedependent variables search intensityprice premiumandrank preference- are
calculated based on observed behavior, and aredextoising click-stream dat&earch
intensity(Searchintensity) is measured as the total numbsellers visited by a subject
in a given shopping tripPrice premium(PricePremium) is the difference between the
price at which the subject purchased the produghg@a shopping trip and the lowest
price in that marketRank preferencéRankPreference) is the rank of the seller from
whom the subject made the purchase. It is reveded where 1 represents the highest
rank (i.e., top rank on the list), and 10 represdémivest rank (i.e., the bottom rank on the
list). Thus, a lower value of RankPreference mflex higher rank preference, i.e.,
indicating an inclination towards selecting a sdtbeated higher in the listing.

As described above, the risk attitude of subjectssessed using the lottery selection
task. Each lottery involves a choice between &-higk and a low-risk (“safe”) option.
The number of safe choices (captured in the vagighlfe) reflects the risk aversion of a
subject. Subjects who make 10 safe choices ol® dlecisions are considered to be
extremely risk averse while subject who did not enaky safe choices are risk-seekers
(Holt and Laury 2002).

3.5 RESULTS

3.5.1 Manipulation Check

Recall that the key manipulation in the experimenbd provide information about the

relative advertising expenditures of participatimgs to thetreatmentgroup but not to
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the control group. In the follow-up survey, subjects are dsiveo questions about the
ranking of the sellers in the listing to test wieetthe treatment manipulation was
successful or not. These two questions are “inr yginion, did the seller on the third
rank incur a higher advertising cost than the seltethe fourth rank on the list” and “in
your opinion, did the seller on the first rank intine highest adverting cost than the rest
of the sellers on the list”. Subjects responded @rpoint Likert scale ranging from 1
(strongly disagree) to 7 (strongly agree). | ceeat “AdvertisingExpenditure” variable
using these two items (cronbach’s alpha=.91) amdlgct a t- test to examine if the two
groups differ in terms of their knowledge about’ relative advertising expenditures.

| find that subjects’ beliefs about the seller andg differs significantly. The mean score
for the treatment group is 5.93 whereas the mearedor the control group is 3.54
(p<0.001), indicating that subjects in both theup®read and understood the instructions
and the manipulation was successful.

Descriptive statistics shown in Table 3.1 sugdest &s expected, subjects in the
treatment group have a higher advertisement higlgef subjects in the control group but
the two groups are similar in terms of price bslienterestingly, though the rank of the
seller from whom the subjects purchase is not sagmtly different across the control
and treatment groups, subjects in the treatmenipgpay a lower price premium than do
control group subjects. | also find that, as a&kisubjects in the two groups do not
differ in terms of the risk attitude due to thedam assignment procedure.

Variable correlations are shown in Table 3.2. Gbeelation coefficients suggest
that the subjects in the treatment group haveoagér advertising belief and pay a lower

price premium than those in the control group. tfken; | find that subjects with price
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beliefs pay a higher price premium. Subjects witbng advertising beliefs, on the other
hand, pay a lower price premium and have a highak preference (i.e., more likely to
purchase from sellers appearing on top of thenigti Interestingly, | also find that the
price premium and the rank preference are posjtiseirelated suggesting that subjects
who have a rank preference also pay a high priesjpm.

3.5.2 Empirical Analyses

| hypothesized that awareness of the sponsoredtsafiocation mechanisms will lead
consumers to believe that sellers higher on thiedisare of higher quality. A

comparison of the distributions of seller qualigtibfs held by subjects in the control and
treatment group provides support for the hypothéls The results show that the
advertisement belief (HRHQ) for the treatment graugignificantly stronger than that
for the control group. The mean score for thettneat group is greater than 4
(mean=4.60, p<0.01) which is the midpoint of thiedtt scale, suggesting a neutral
belief. On the other hand, the mean score foctimerol group is significantly lower than
4 (mean=2.44, p<0.01), indicating that subjecthécontrol group do not believe that
seller rank and seller quality are related.

With respect to price beliefs, | find that subjeictb¥oth the groups have a high mean
score on the scale measuring the perceived resdtipetween seller price and quality
(HPHQ). The mean is 4.97 and 4.90 for control tiedtment group, respectively. |
compare the mean price belief scores across thgrtoups to test if the presence of the
advertising signal lowers subjects’ belief in thiee signal. T-test results suggest that
the strength of price belief does not differ acrgsaups (p=0.81); hence | reject

hypothesis H2.

66



Before examining specific hypotheses regarding shpéquality beliefs on
consumer behavior, | take a closer look at diffeesnin the shopping behavior of the
subjects in the treatment and the control groupe distribution of the dependent
variables is shown in Table 3.3. There is no d#ifee in search intensities across the
treatment and the control group. Approximately 58Phe subjects in both groups visit
only two or three sellers. The distribution of gr&ce premium paid shows that subjects
in the treatment group pay a much smaller pricenpren as compared to the subjects in
control group at every percentile. The distribatad the rank of the sellers from whom
subjects bought the product shows that subjedtseitreatment group buy from sellers
higher on the listing (i.e., had a higher rank grefce) as compared to subjects in the
control group in every percentile, except"zihd 99' percentile. However the difference
between ranks is small.

To statistically validate the differences in théjsets’ behavior across the control
and treatment groups, | conduct a MANOVA with Saamtensity, PricePremium, and
RankPreference, as the dependent variables, ancettmment dummy as the independent
variable. Though the subjects in the treatmentigi@e., subject who are aware of
advertising mechanism) pay a lower price premiuamtfnose in the control group (mean
difference=10 units) and the subjects in the treatngroup buy from sellers higher on
the list compared to those in the control groupaméifference=0.4 unit), the difference
between the groups is not significant (Wilks' lambd.93; p=0.13). However, the lack
of any significant differences in the behaviorgha two groups could stem from the
aggregation of subjects with one of the four défarbeliefs about quality — belief in

neither signal, only advertising beliefs, only pricelief, or beliefs in both advertising
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and price signals. Therefore, | examine the susjdehavior after taking into account
their quality signal beliefs as proposed in theaesh model (see Figure 3.2).

The hypotheses related to consumer search andgaartiehavior are tested using
a set of three regression equations as specifiesvbe

Searchintensity= a; + ao* HRHQ; + ag* HPHQ; + o4* Safg + as*

HRHQ*HPHQ; + ag* HRHQ* Safg + a7* HPHQ* Safg + ag* HRHQ*HPHQ;*
Safe + g (4)

PricePremium= B + B>* HRHQ; + Bs* HPHQ + B4* Safe + Bs* HRHQ*HPHQ;
+ Be* HRHQ* Safe + B* HPHQ* Safe + Bg* HRHQ*HPHQ* Safe + e
(5)

RankPreferenge y; + y.* HRHQ; + y3* HPHQ + v4* Safe + ys*
HRHQ*HPHQ + y¢* HRHQ* Safe + y;* HPHQ* Safe + yg* HRHQ*HPHQ*
Safe + g (6)

wherei stands for the subject.

Because the dependent variables in these thre#i@tpiare generated as the result of
a subject’s action, the error terms may be coedlacross the equations. | conduct a
Breusch-Pagan test and find that the error termgamelated (Chi-Sq[3] = 22.189,
p<0.01). Therefore, to account for correlatedrai@ans, | use a seemingly unrelated
regression (SUR) mod8] Because the independent variables across tlatieqs do
not change, the regression coefficients in the $tdidel will be the same as ordinary
least square (OLS) model, however, the SUR modebeimore efficient as the error
terms are correlated. The results of SUR anayyggresented in Table 3.4. | first test a
model without risk attitude (i.e., Model A) and thiatroduce risk attitude and the
corresponding interactions in the next model (Model B). The coefficients of quality

signals are similar across the two models.

19 also conducted multivariate regression and éiselts are consistent with SUR analysis.
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The SUR results indicate that subjects with varyypmes and levels of quality signal
beliefs do not differ in terms of their search mg#y. Thus | do not find support for
hypotheses H3b and H4b. Further, | find that thgests’ risk attitude does not affect
their search intensity (results are in the expedtegttion but not significant) leading to
the rejection of hypothesis H7a.

In examining how the price premium that subjectsy depends on their beliefs in
price and advertising as signals of quality, | fthdt subjects with a stronger price belief
pay a larger price premium. A unit increase (frithve mean levels) in the strength of the
price belief leads to an increase of 4.98 unitthéprice premium paid by subjects. On
the other hand, subjects who believe in a posaoertising-quality correlation pay a
lower price premium. A unit increase (from the mé=avels) in the strength of the
advertisement belief decreases the price premiudhipyad.20 units. These results
provide support for hypotheses H3a and H4c.

In examining the effect of interaction between ereliefs and advertising beliefs on
price premium | find that the interactions are sighificant, suggesting the lack of any
moderating effects of the advertisement beliefr@nrelationship between the price belief
and the price premium paid. While the risk att#si@df the subjects do not directly
impact their price or rank premium, | find somed®nce of a higher level interaction
between price beliefs, advertisement beliefs, Aadisk attitude of subjectf£-0.78;
p=0.09). This suggests that the risk attitudehefdubjects moderates the impact of the
price and advertising beliefs on the outcomes. thhee-way interaction graphs are

presented in Figure 3.3.
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Panel A and Panel B graph the interaction betwkemptice belief and the
advertising-belief for subjects with different riaktitudes. It is clear that the price belief
leads to higher price premium whereas the advengse belief lowers the price
premium. As seen in Panel A which representsaigksse subjects, the impact of the
price belief on price premium is significantly wealor those risk-averse subjects who
believe in a positive correlation between advergsexpenditure and quality. Panel B
presents the interaction graph for risk-seeketse graph suggests that risk-seekers who
have a stronger advertisement belief but not fré&def, pay a lower price premium.
However, risk-seekers who have a stronger pricefqedy a similar price premium
irrespective of their belief in the advertising-tyasignal. Thus, | find qualified support
for hypothesis H5 (i.e., the advertisement belieflerates the relationship between price
beliefs and price premium); however, the strendtin® moderation is determined by the
risk attitude of the subject.

Panel C and D present an alternative representatitmee way interaction by
plotting the graph between price beliefs and thk attitude for subjects with differing
levels of advertisement beliefs. The results stimt/the price beliefs lead to a higher
price premium and the advertising-quality signavéos the price premium. Further, |
find that, in the absence of advertisement beligsk;averse subjects are more likely to
act on the price signal and pay a higher price prenthan risk seeking subjects.
However, in the presence of strong advertisemdmfberisk averse subjects switch to
an advertising signal and pay a lower price prentioam risk seekers (irrespective of

their price beliefs).Thus | find qualified support for Hypothesis 7ke(j risk-averse
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consumers will pay a lower price premium as conpéveaisk-seeking consumers in the
presence of an advertisement belief).

The result of the rank preference regression shbatssubjects with a stronger belief
in the advertising-quality signal tend to buy frggllers higher on the list, supporting
hypothesis H4a. The main effect of price beliefgank preference as well as the
interaction effect is not significant. Thus, I dot find support for hypothesis H3c (i.e.,
price belief lowers the rank preference), hypothé§ (i.e., price belief weakens the
effect of the advertisement belief on rank prefeegrand H7c (i.e., risk seeking
consumers have a lower rank preference than risksaxconsumers).

3.6 DISCUSSION

This research was motivated by the observationahlite search has become a
consequential activity for consumers using electromarkets. As a result, sellers are
increasingly relying on new and emerging mechanisueh as sponsored search
advertising to reach these consumers. The spahsesrch context creates a unique
informational environment that is characterizedalbyumber of features including
significant information asymmetry, directionalitgadily available comparative
information about advertising expenditure, and@ridormation for which consumers
incur a search cost. | sought to understand howwuoer search and purchase processes

unfold in this emerging context.

Empirical results suggest that awareness of thessped search allocation
mechanism (i.e., firms ranked higher incur highareatising expenditure) has the
potential to influence consumers’ online shoppiegdvior. While this awareness does

not change the consumer’s search intensity (iveradl click-through rates), the click-
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through as well as conversion rates increase aehiigting ranks. Consumers who have
information about the sponsored search allocatieahanism use the rank of the firms as
a proxy of relative advertising intensity of thenfs, and form beliefs about advertising as
a signal of quality. Their beliefs are reflectadheir search and purchase behavior. In

addition to the advertising signal, consumers als®price as a signal of quality.
Price versus Advertising as Signals of Quality

| find interesting dynamics betweardvertisingandprice as signals of quality in the
sponsored search context. The results show timauoaers who have knowledge of the
allocation mechanism of the sponsored search seiselieve that firms appearing higher
on the listings are of higher quality (i.e., thepibit a strong advertisement belief) and
therefore, behave differently than those who amwvame of the rank allocation
mechanism. Specifically, | find that consumers waaoe a stronger belief in price as a
signal of quality pay a higher price premium andstomers who have a stronger belief in
advertising as a signal of quality have a higheknareference (i.e., are more likely to
buy from firms appearing on the top). Howeverghdb in advertising as a signal of
guality weakens the price signal, and leads a coasto pay a lower price premium. A
belief in price as a signal of quality, on the athand, does not influence the rank
preference. This finding is contrary to extanesgsh which suggest that price signals
strongly dominate advertising signals (Broniarcaykl Alba 1994). The striking
difference can be attributed to the unique charstizof the sponsored search
advertising medium which informs consumers aboetrétative advertising
intensity/expenditure of all the firms within thearket.

Risk Aversion and Reliance on Signals
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The results also highlight the importance of untierding consumers’ attitudes towards
risk in order to explain their reliance on pricalauvertising signals. | argued that risk
seeking and risk-averse subjects are likely to adibferent strategies when they hold
different beliefs about price and advertisememalsy As expected, | find that risk-
averse subjects differ from risk seekers in terfth@r reliance on signals. However,
contrary to expectations, | find that among thasesamers who do not have advertising
signal beliefs, risk-averse consumers pay a highee premium than risk seekers.
Interestingly, the price premium paid by risk-aeec®nsumers is significantly lower than
risk seeking consumers in the presence of an aslwerent belief. Thus, the results
indicate that while risk-averse consumers are rikeéy to rely on signals under

uncertainty, given a choice of signals they prefgnals that are less risky.

Prior to discussing its implications, | acknowledbe limitations of the study.
First, the use of student subjects may weakenxtezreal validity of the findings.
However, this should not be a serious concernuakests routinely make purchase
decisions therefore should have formed their bebdiout signals based on their
experiences, like any other consumer. Even ifittlings may not be generalized to
larger population, the results should hold forrapartant demographic -- students.
Second, to tease out the marginal effects of tlredmmpeting quality signals, | focused
on market situations where price and advertisieguaicorrelated. However, it is
possible than some markets exhibit a positive gatiee correlation between price and
advertising. It is not clear whether these findingll be applicable to those market
situations. For example, it is possible that pesicorrelation between price and

advertising may strengthen consumers’ belief imhbé quality signals. Thus, the
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congruent signals may lead to high price premiunvetas higher rank preference. On
the other hand, negative correlation between @mckquality may weaken consumers’
beliefs in signals, and the incongruent signals either make consumer disregard any
signal or rely on the stronger signal. Therefdre/ould be interesting to extend this
study by examining consumer behavior in the preseobngruent versus incongruent

signals.

3.7 CONCLUSION
Overall, the results of this study have significemplications for the sellers using
sponsored search listings, as well as for onliterimediaries managing sponsored search
auction markets. It appears that though the olveliek through rate might not change as
more consumers become aware of the sponsored seaottanism, the click through
and conversion rate at higher ranks may increases@ners may buy from a seller on a
higher rank regardless of whether the price is éngir lower than other sellers. Thus,
sellers need to take into account both the priemgvell as the advertising strategies to
maximize their profits. Online intermediaries, the other hand, need to ensure that their
advertisement allocation mechanism remains comsistigh the consumer’s
advertisement belief. Otherwise, in the long-ronsumers may avoid clicking and
buying at the top ranks, thus leading to the cskapf the auction mechanism to allocate
the advertisement ranks.

Search intermediaries such as Yahoo! and Googlecargtantly experimenting with
various rank allocation mechanisms -- such as fpayclick”, “pay per action” or
willingness to “pay per impression” (Lee 2002; Newtb 2005), with the objective of

getting the advertisers to reveal their true vadurator appearing on higher ranks in the
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search listings. The findings suggest that semtelnmediaries as well as researchers
developing analytical models to compare differamkrallocation mechanisms should
also take into account the possibility that infotima about the allocation mechanism
may itself affect consumers’ behavior which in tamay influence sellers’ valuations and

ultimately search intermediaries profits.

The results also underscore the fact that consbetavior in online markets is
significantly different than that in traditional nk&ts due to the unique informational
environments created by the online medium. Theirigs provide further evidence that
subtle changes in the online format and presemationformation and/or the amount of
information consumers have about the online mamexthanisms, such as sponsored
search advertising, may have significant consegegenn consumers’ perceptions and
attitudes. These beliefs and perceptions in tulirdigtate consumers’ interactions with
the online markets and information systems and thrdine behavior. An understanding
of the factors that may affect consumers behasgianmportant, especially in the context
of sponsored search advertising, because conswarrhsand purchase strategy —
manifested in the click-through and conversion edtearious ranks in the sponsored
search listing significantly affects the revenued atrategies of advertising
intermediaries and the advertisers in this multidmn emerging industry. Consumer
welfare is also affected as a result of the intiyacof sellers advertising strategies and

consumer search strategies, which has implicafmmgolicy makers.

As noted earlier, a large proportion of consumeesumaware that the sponsored
search listing are generated as a result of auotibcomes where advertisers bid against

each other to get better placement. Based ornritimds, | believe that making
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consumers aware of the allocation mechanism maythelsearch engines and
advertising intermediaries. The advertisement elfebf consumers may increase the
conversion rates at top ranks, thereby increasieagompetition in the sponsored search
auctions for the top slots in the listing, and asgmjuent increase in the monetization of
the online real estate. Future studies shouldetamine how different interface design
and provision of additional information about setigiality and price in the listing may
affect consumer search and purchase behavior. sfiidy focused on the “pay per click”
mechanism. Future work should extend this studiycampare consumers’ advertising-
guality belief across different allocation mechamsand to examine its impact on search

intermediary profits, advertiser profits and consunvelfare.

This study makes several important contributiolhgs among the first to examine
whether knowledge of the sponsored search adveytieechanism affects consumer
perceptions about the quality of sellers, and thelrsequent purchase behavior. It is also
among the very few that examines the interactionsrg different informational
cues/signals on consumer behavior. Further, itrasinto extant research investigating
the role of adverting as a signal of quality, @tisdy measures the effect of advertising
expenditure not only on perceived quality, but @ambserved behavioral outcomes
such as search intensity, price sensitivity andsaorers’ purchase decisions. Finally, to
the best of my knowledge, this is the first stungxamine the influence of consumers’

risk attitudes on their use of informational cues.
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CHAPTER 4: PRICE, QUALITY AND ADVERTISING RELATIONS HIP IN

ONLINE DIRECTIONAL MARKETS

ABSTRACT

Though there is extensive literature examiningréiationships between price, quality
and advertising in the traditional market, it ig otear how the unique characteristics of
online directional advertising medium, such as camngon shopping, may affect these
relationships. Given the lack of research in figlsl, | empirically examine the
relationship between advertising intensity of tdgeatisers and their price and quality
attributes in online directional markets. Intenegly, | find that unlike majority of the
traditional results, higher quality firms and loweiced firms are more likely to have
higher advertising intensity. | attribute thessuies to the tradeoff between a firm’'s
conversion rate and its profit margin and the ceradting effect of price and quality on

these two forces.
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4.1 INTRODUCTION

Comparison shopping engines provide a platfornhédfitms to advertise and reach the
consumers who are actively searching for a spgaibduct. However, unlike traditional
advertising, comparison shopping advertising ndy oriorms consumers about price
and quality but also directs consumers’ searchdsaya Forthcoming). While there is
extensive literature examining the relationshipsveen price, quality and advertising in
the traditional market, it is not clear how theque characteristics of online directional
advertising medium, such as comparison shopping,affact these relationships. It is
important to understand firms’ strategies and ntaokécomes in directional markets as
advertising directs consumer search which wouletasignificant impact on consumer
welfare, profitability of the firms in the markenéthe profitability of the advertising
platform provider. Given the lack of researchhis ffield, | empirically examine the
relationship between advertising intensity of theeatisers and their price and quality
attributes in online directional markets. Intenegly, | find that unlike majority of the
traditional results, higher quality firms and lowsiced firms are more likely to have
higher advertising intensity.

The rest of the chapter is organized as followsctin 4.2 presents a brief
overview of the research on advertising, price guality in traditional and online
markets. Section 4.3 formulates the economic mfadeéhe advertising decision of a
firm in the comparison shopping context. The redeanethodology is described in
section 4.4, followed by results in section 4.%ct®n 4.6 provides a discussion of the

findings and their implications, and Section 4. Aicdades the chapter.
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4.2 RELEVANT LITERATURE
While there is a large amount of research examiomigne consumer behavior
(Jarvenpaa, Tractinsky et al. 2000; Koufaris 2@B&fen, Karahanna et al. 2003; Pavlou
2003) and impact of online advertising on consub&ravior (Gao, Koufaris et al. 2004,
Hong, Thong et al. 2004; Wu, Cook Jr. et al. 20€%re is limited research that
investigates the online advertising strategiesrofd. In this study, | examine the affect
of the price and quality of a firm’s product/seesion its advertising intensity in online
markets. Specifically, | focus on directional matkcreated by online intermediaries
such as search engines and comparison shoppingesngi

As mentioned earlier, online directional marketsvme an ordered listing of
firms selling a specific product and consumers gahesearch the listing sequentially
from top to bottom. Researchers suggest thaegliet employed by the firms and the
resulting competition dynamics in such directiomarkets may be different from those
in the traditional media (Perry and Wigderson 198@atskaya forthcoming). For
instance, Arbatskaya (Forthcoming) suggests tleaetimarkets would exhibit positive
correlation between advertising expenditure ancepfiie., firms paying more to appear
higher on the listing will charge higher price) owkver, this proposition has not been
tested empirically. To the best of my knowledgeré is no study that examines the
relationship between quality and price and/or dqualnd advertising in online directional
markets, with the notable exception of Animeshl.e2906) and Edelman (2006). |
extend this stream of research by empirically examgithe relationship between price

and quality, and price and advertising in a congmarishopping market.
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Economists have employed analytical models to emartiie relationship between
price, quality and advertising decisions of a fimtraditional markets. However, the
results are inconclusive. Nelson (1974) arguetitiveer price and higher quality
products are more likely to advertise. Kihlstrond d&iordan (1984) also suggest that
higher quality firms will advertise more, given thhe cost difference between low and
high quality firms is sufficiently low. On the @hhand, Schmalensee (1978) argues that
lower quality firms may advertise more, especidliyonsumers are responsive to
advertising. Comanor and Wilson (1979) also sugipes high priced and low quality
products are more likely to be advertised. Themnother stream of research which
claims that higher quality firms (Orzach, Overgaat@l. 2002) and higher priced firms
(Bagwell and Overgaard 2005) will have modest abiag expenditure (i.e., neither too
low not too high) or may even have lower advergdewvels (Zhao 2000).

Given the conflicting results in the theoreticéddature, Archibald et al. (1983)
suggest that “the relationship between advertiaimgd) quality is an empirical question”.
Interestingly, empirical research investigating thkationships between the three
important variables — price, quality and advergsim traditional markets is also
inconclusive (Oxenfeldt 1950; Wills and Mueller B9&aves and Greene 1996; Nichols
1998; Thomas, Shane et al. 1998). One stream pifieal studies examines the impact
of advertising on the price and/or quality acrosskats with different advertising
regimes. Benham (1972) compared the eyeglassé®imadifferent American states
and found that prices were lower in states wheveraging was allowed. Kwoka (1984)
examined optometry market and observed that whets fare allowed to advertise, firms

that advertise lower their price and their quaMiyereas the non-advertisers increase
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their quality. Other stream of empirical resedm@tuses on the differences across firms
in terms of their advertising, pricing, and qualitfhomas et al. (1998) examined firm’'s
advertising intensity as a function of unobservedlity and pricé’. They found that, in
automobile market where product quality cannotdrametely determined until after
purchase, higher price products and higher quatitglucts will have higher advertising
levels. Archibald et al. (1983) also show thatjotice and quality are positively
correlated to advertising expenditure. Caves amgb@ (1996), on the other hand,
conclude that advertising and quality are unrelaigadss brand in the 200 product
categories that they studied. It is importantdterhere that this stream of research has
primarily relied on the signaling role of advemigito understand the relationship
between price, quality and advertising. | extdnd stream of research in the domain of
online directional markets where the main roleafeatising is to direct consumer search
in addition to providing information about pricecaguality.

The model that | employ is closest to the one dgped by Tellis et al. (1988).
They propose a set of equations predicting reladsertising, market share, relative
cost, and profit of a firm. In the equation preuhg relative advertising they model
advertising as a linear function of relative préoed relative quality (where both variables
are exogenous variables), in addition to otheraldes. Their results suggest that higher

quality products have higher advertising intensity.

" However, they do not include both price and quatitthe same model.
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4.3 THE MODEL
| develop a simple model to understand the relatignbetween price, quality and
advertising intensity in online directional markefghe profit function for the firm
participating in a comparison shopping advertigimgyket can be written as:

z(p,a, A) =[V(p,q) * R(p,q) * X(p,q, Al -[A* X(p,q, A)]
where V is theprofit margin per unit A is the unit cost of attracting a consumer ® th
firm’s store, X is the number of consumers whotuisé firm’s store (i.e.¢lick-through
rate), R is the probability that a visitor will actualburchase (i.egonversion ratg p and
g are thegorice andquality of the product/service, respectively.

| assume that a firm’s quality is exogenously deieed. A consumer in the
market cannot observe the real quality of the fimitt certainty. Therefore, following
the tourist-native logic (Salop and Stiglitz 19Baylis and Perloff 2002), firms may
charge different prices which may not necessagly lfunction of their real quality (i.e.,
some firms are good and some are bad). Givenuaktyjand price, a firm can choose to
influence the demand by advertising to maximizeirtdits. Assuming this to be so, the

optimal advertising (A be derived as:

V(p,a)* R(p,g) =522 - X(p,q, A) - A XE28 = 0 (1)

A* = V(p,q) * R(p,q) — ﬁi‘?;fl.’ﬁ)
Xpa) (2)

| chose the following specifications for profit rgar per unit, click-through and
conversion rate functions. Profit margin per @i is expected to increase with P but

decrease with increasing Q as specified below:

V = exp(yo + y1p— 720) ()
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It has been observed that the number of potenistbener visits to a firm’s
website is an exponential function of the rank @fra on the listing (Animesh,
Viswanathan et al. 2007). Now, we know that byeasing the per unit advertising bid
(i.e., cost per click) a firm can obtain higherkamthe comparison shopping market by
outbidding other firms in the online auction. Thusodel X (clickthrough rate or
potential demand) as an increasing function ofdvéatising expenditure). Further, the
number of visits received by a firm (i.e., potehtiansumers/demand) is also expected to
vary as a function of price (P) and quality (QX}lué firm’s product/service. | assume that
X will be an increasing function of Q and a decnegd$unction of P. This specification
is similar to that of Cowling and Cubbin (1971).

X = exp(Bo — B1p + B2 QAP (4)

The specification for R (conversion rate) is simtla X. However, | do not
model conversion rate to vary as a function of A.

R = explao — a1p+ azq) (5)

Though the particular functional form is chosemaiiily for analytical and
empirical tractability, the specifications moded thssence of the relationship between
variables. The reason for assuming these spdaiiational forms is to transform the
model to a version that is linear in the parametéiaterest and thus facilitate empirical
estimation. The impact of P and Q on V and R @iced in Figure 4.1.

Using equation (3), (4), and (5) and solving foras defined in equation (2), we
get:

)

5 =expl, +7.P— 7,0 * expe, —a, P+ a,0)

k _ (B3+1) . .
Let ps . Taking log on both sides we get.
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|Og(kA*):7/0+0(0 +(r—a)p+(a, 7,9
ie. A= g,+ 01p+ 62q (6)

wherefo = y0 +a0;01 = y1— 01,02 =az — 72

| use equation (6) as the basis of the economawel. Ifg, >0 then one can infer

that71 > a1 (i.e., the positive effect of higher price on peit margin is larger than the

negative impact of higher price on R or in othera®) loss of conversion efficiency is
compensated by larger profit margin per unit).0# > O then one can infer that

az > 72 (i.e., the positive effect of higher quality onsRarger than the negative impact
of higher quality on the cost of production).

Further, it is possible that price and qualityiatites of a firm may interact to
determine the firm’s advertising intensity. Givibie two dimensions -- price and quality,
we can construct a 2X2 matrix to understand theet#f between conversion rate and
profit margin due to varying price and quality dutites of a firm (refer Table 4.1). The
firms having lowest price and highest quality prodservice would be the best deal for
the consumers and | refer to them as “cherrieseséHirms would have lowest profit
margin (as per equation 3) but highest conversaba (as per equation 5). On the other
extreme are the firms having highest price and &iweality and | term them as
“lemons” as these firms offer the worst deal to¢basumers. These firms would have
highest profit margin (as per equation 3) but laveesiversion rate (as per equation 5).
The other 2 types of firms which either have higisgpand high quality or have low
price and low quality can be considered as offetfag deal” and their profit margin and
conversion rate would lie somewhere between theextemes of “cherries” and

“lemons”. To examine which of these four typegiohs are most likely to advertise, we
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can modify the model shown in equation 6 by inabgdan interaction term between price

and quality.

A= B+ Bip+ B0 +f5pq (7)

Based on the profit margin and conversion ratestvéidhat drives the advertising
intensity, | expect that either the cherries orlédmons will have the highest advertising
intensity. Which one of these two types of firmd#l advertise more would depend on
strength of the effect of price and quality on cersion rate vis-a-vis contribution of the

price and quality attribute on a firm’s profit margper unit).

4.4 DATA

Caves and Greene (1996) call for “studies thatare closely focused (individual
product markets?) or gain access to better datheoextent and adequacy of buyers'
information sets”. Unlike traditional studies,Xda@nine the relationship at the most
granular level i.e., individual product markets imgvonly those firms who are in a
consumer’s information set.

Data Description

| collect data from a comparison shopping engieegéfter referred as CompShop,

which is one of the largest comparison shoppingrersg This shopping engine reaches
15% of online shoppers each month and held more158o of the market share in 2005.
As shown in Figure 4.2, the engine displays aolisirms selling a specific product to the

consumer who searched for that product.

The listings provide the price charged by the fiams the quality ratings of the

firms, in addition to other relevant informatio@ompShop allots top 3 ranks on the
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shopping list to the firms who emerge as the tdders in an auction conducted by it.
Firms willing to pay more (i.e., having higher adi&@ng intensity) for every potential
customer visit to their website get higher rankhia listing. Other firms in the market
have lower advertising intensity than these topr8d and are ordered in the listing based
on the price of their product. | examine the lielahip between price, quality and

advertising (i.e., reflected in the rank that afibuys on the listing) in this market.

| collect data for 221 specific products (such@arion EOS 400D / Rebel XTi Body
Only Digital Camera”, “Coby CX-CD114 Personal Caydr”, “Casio Exilim EX-S600
Digital Camera”, etc.,) within 6 broad electronmr®duct categories (camcorder, camera,
notebook, palm/PDA, CD/DVD player, CD/DVD Recordevkr a period of 28 days.
Data includes the rank of the firms in the listingality rating of the firms (provided by
consumers), number of consumers who rated the firice of the product, shipping and

tax, presence of logo and other special text/imate,

| use the rank of a firm in a product listing asraxy of its advertising intensity as
the top three featured firms are ranked based@nahvertising intensity. However,
since the firms below the third slot are orderesklkon their price instead of their
advertising bids, | do not observe their relatideextising/bidding intensity. In other
words the advertising intensity is censored andearbetween 1 and 3. | code the rank
variable as 3 for the featured firm on the firstk;a2 for the second featured firm, 1 for
the third featured firm, and zero for the restte firms in the listing (i.e., the firms that
had bid lower than thé%highest bidder). The price variable capturesotea price that
a consumer would have to pay to buy from a firnme Guality proxy is calculated by

multiplying the average customer ratings for a f{sahich range from 0 to 5) by log(total
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number of customers who rated the fitn)l create average rank, average price and
average quality across the 28 days time perioddoh of the firms in a market. Then, |
create AdRank variable by sorting the firms in aslieg order, based on the average
rank within a product market, and assigning a sugh that the firm which had the
highest average rank was assigned Adrank=(n-1)euhés the number of firms in that
product markét. Similarly | create PriceRank, and QualityRankiakles. | also create
a dummy variable, “Advertiser”, which is equal teeoif a firm advertises in a product
market (i.e., appears in the top 3 ranks) and atrerwise. To distinguish between firms
who sell a wide variety of products from the firmbBo specialize in fewer products, |
create “MarketPresence” variable which measuresitingber of product markets in
which a firm competes (i.e., a proxy for produatie/assortment).

Further, | supplement this dataset by collectingditaahal information about
firms’ characteristics from Alexa.com. Specifigall collect a firm’s overall traffic rank
(which is a proxy for the brand equity of a firnmydathe duration of a firm’s online
existence. Similar to AdRank, PriceRank, and @yRnk, | create TrafficRarnkand
AgeRank variable by sorting the firms within a pnotimarket by traffic rank and age
respectively, and assigning ranks. The dataseéarm?2421 observations from 121 firms
across 221 products in 6 product categories. [pes@ statistics are presented in Table
4.2. The average rank (i.e., advertising intehséxcluding zeroes, ranges from 1 to 3
with a mean of 1.9 and a standard deviation of 0.8e non-advertiser group (i.e., firms
which never advertised) charge lower price (mea@=H62han advertiser group

(mean=671.1). However the price difference issigificant (t=-0.57, p=0.57). On the

Ane weight the ratings by log(number of raters)ebrgliable quality measure.
13 The AdRank of the firms which had an average mfrdero were assigned Adrank=0
4 TrafficRank is reverse coded such that lower numieans higher brand equity or more traffic.
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other hand, the quality (i.e., RatingsXlog(Rateof)advertisers is higher (mean=27.2)
than quality of non-advertisers (mean=25.4) andythedity difference is significant (t= -
3.69, p<0.01Y.

The correlation coefficients are shown in Table 4ddwever, these correlations,
especially those with respect to AdRank, shoulithterpreted with caution as they do
not correct for the fact that AdRank is not obsdrigr a large number of observations
and is set to be zero for such firms. It seemsthuse firms that have higher quality
charge a higher price. Similarly, firms which hatenger brand equity (i.e., more
traffic or lower TrafficRank) as well as firms whidhave longer online presence charge
higher price. Firms which have a broader prodasbement, on the other hand, charge a

lower price.

4.5 RESULTS
The empirical model to test the relationship betwegece, quality and advertising, as

shown below, is based on equation 6:

AdRank; = oo + B1*PriceRank + Bo*QualityRank; + Bs*TrafficRank; +
Bs*AgeRank + Bs*MarketPresenge+ ej (7)

The main variables of interest are PriceRank angliQRank. | use TrafficRank,
AgeRank and MarketPresence as control variablegor8 estimating this model where
the dependent variable, AdRank, is a continuousibler measuring the relative
advertising intensity of firms, | test a model t@gict which firm is more likely to

advertise. Therefore, instead of AdRank, | useektiser (a binary variable denoting

!> The mean of ratings as well as mean of numbeatefs for advertisers group is also significanttyhler
than those of non-advertisers.
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whether a firm is advertiser or non-advertiserfi@sendent variable and employ probit

regression.

Advertisef; = ap + B1*PriceRanls + Bo*QualityRank; + Bs*TrafficRank; +
Bs*AgeRank + Bs*MarketPresenge+ ej (8)

The results of probit regression are presentediel4.4. In Model 1, | only
include the control variables. | add PriceRank @ualityRank in Model 2 to estimate
equation 8. | add the interaction term betweeecepand quality in Model 3 to examine
the possibility of a more complicated relationshgiween price and quality.

Model 2 suggests that price and quality explainagem in a firm’s propensity to
advertise above and beyond the control variable2(2)=39.38; p<0.01). I find that the
lower price firms (beta=-0.013) and higher qudiityns (beta=0.016) are more likely to
be among the advertiser group. Further, the iesuljgest that firms with larger brand
equity (beta=-.057), firms with relatively less il experience, and firms having smaller
product assortment are more likely to advertisead®l 3 includes the interaction term
between price and quality and explains significalattger variance than Model 2. The
interaction term is significant and is shown inwig 4.3. Firms with low price and
higher quality are most likely to advertise. Hoeevamong the firms charging high
price, lower quality firms are more likely adveetighan high quality firms.

Next, | examine the relative advertising intensifyirms by using the continuous
dependent variable -- AdRank. As mentioned earAdRank is a proxy of the
advertising intensity of the firms. However, | dot observe the advertising intensity of
the firms whose advertising intensity is lower tlzathreshold such that they are either

unwilling to or unable to come to the top threeksaim the comparison shopping listing.
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The advertising intensity of these firms is recards zero. Thus, the appropriate

empirical model is a censored tobit model whereishthe latent advertising intensity:

AF =B X +g

However, we observe A, such that

A=A* if A¥>c,and A=0 if A*x<c

Using ordinary least square regression on thesutiple or on the non-zero
observations will bias the coefficients as the dampnsists of two different sets of
observations. The first set contains the obsermatior which we know only the values
of the independent variables (i.e., X’s) and the fhat dependent variable (A*) is less
than or equal to threshold c. The second set stsnsf all observations for which the
values of both X and A* are known. Therefore, ¢ ascensored tobit model (Tobin
1958) to estimate the advertising intensity of firas specified by equation 7. Further,
since the advertising rank is assigned to the fioarsed on their average rank on the
listing over the sampling time period, we needatetinto account that some firms may
appear consistently in the top three ranks (igedising slots) whereas others may
appear in the top three ranks irregularly. |, éfi@re, weight each observation in the tobit
regression model, by the total number of days owclwthey appeared in the top three
positions, such that firms who appear more freduemtthe top ranks get a larger weight
in the likelihood functiof?,

The tobit regression results, shown in Table 4® sanilar to the probit results with
binary advertising dependent variable. In modehZh maps to equation 7, | find that

lower the price charged by a firm higher is itsediging intensity (beta=-0.037) and

16 We analyzed the data without using the weightsfanad the results to be consistent.
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higher the quality of a firm higher is its adverig intensity (beta=0.064). Comparing
the empirical coefficients on P and Q with coe#ts in equation 6, we can infer that in
the comparison shopping market, higher price reslgoaversion efficiency (i.e., leads to
lost advertising expenditure) much more stronganttvhat can be compensated by the
higher price. Further, lower quality also reducesversion inefficiency much more
strongly than what can be compensated by the loagrof producing/serving lower
quality. Therefore, | find firms with lower pri@nd higher quality to advertise more and
obtain top ranks in the listing.

Last, in model 3, | empirically test the interactieffect between price and
guality. The interaction term is significant ame teffect is depicted in Figure 4.4.
Results suggest that the lower the price and hitfteequality, higher will be a firm’s
advertising intensity. However, lower quality fisvadvertising intensity increases the
higher the price charged by the firm.

Also, similar to probit regression, | find thatrfis that have stronger brand name and

that sell smaller product assortment are moreylik@ladvertise.

4.6 DISCUSSION

The results indicate that price and quality aratesl to advertising intensity of firms
in the online directional markets. However, | fitlcht the relationship between price,
guality and advertising in the online directionankets is very different than traditional
markets. Unlike the empirical findings in traditad market that suggests that higher

price and higher quality firms advertise most (Abelid, Haulman et al. 1983; Thomas,
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Shane et al. 1998), the results of this study stiatvdirectional markets lead to better

outcomes where higher quality but lower price firadsertise the most.

| suggest that this unique outcome is a consequaiite directional nature of the
online market which determines consumers’ seardhpanchase behavior which in turn
influences firms’ advertising strategies in direal markets (such as comparison
shopping engine). These results provide suppdheaheoretical arguments that unique
nature of directional market makes firms employedént strategies than traditional
markets and thus leads to different market outcaiffes’y and Wigderson 1986;
Arbatskaya forthcoming). However, contrary to sggestion that firms which appear
higher on the advertisement listing would have aigirice (Arbatskaya forthcoming), |
find that low price and high quality firms are maikely to spend more on advertising
and appear higher on the comparison shoppingdistin

To understand this outcome, we need to examin&atters that may affect the value
that a firm gets from appearing higher on thergti Ceteris paribus, appearing on higher
ranks is more valuable to all the firms as it bsimgore traffic to a firm’s online store.
However, | argue that the value that a firm gedsnfiappearing higher on the listing not
only depends on the rank but also on the pricetb@djuality of the firm, among other
firm attributes such as brand name/equity. Sp=adlfi, | suggest that higher price will
decrease the clickthrough and conversion rate valsdrgher quality will increase both
clickthrough and conversion rate. The lower cosier rate would increase the cost of
customer acquisition due to higher inefficiency arabtage of advertising expenditure.
Increasing conversion rate/efficiency by lowering@ and increasing quality, however,

comes at the cost of lower profit margin. Thusdb&come of the tradeoff between these
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opposing effects of price and quality on the psodif a firm would determine what type
of firm (in terms of price and quality) is moredily to advertise more. Based on the
result that firms with lower price and higher gtialralue higher ranks more than others,
it seems that higher price and lower quality haverg strong negative impact on the
conversion rate that cannot be compensated byigherprofit margin’.

Consistent with the conversion rate versus proditgm tradeoff logic, we find
that as the gap between a firm’s price and qubktsomes larger, the advertising
intensity of the firm increases. Though lower gramd higher quality firms have higher
advertising intensity (refer Figure 4.4), the likelod of a firm that charges higher price
and offers lower quality to have higher advertisimgnsity increases as the price
becomes higher and the quality becomes lower {lne.profit margin becomes larger to

overcome the loss due to lower conversion rate).

As seen above, advertising in directional markietna two extreme type of firms
-- cherries and lemons (refer Table 4.1) — to appedhe top of the listing. Given the
comparison shopping engine displays the firms aeaging order of price right below
the three advertising spots, one would expectfitmas with higher price would want to
advertise to get ahead of the other low price =el@n the other hand, one would not
expect that theherries(firms that offer the best deal in terms of pracel quality) would
not need to advertise in a shopping comparison ehak consumers can easily spot them
by sorting the list in the descending order of @it needed) and then picking those
firms which have high quality ratings. Howevere flact that cherries find it beneficial to

pay advertising fee to appear on the top ranks &edble to outbid other firms to obtain

" Given the maximum price that a firm can chargetaedowest quality that can be offered in a market
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top ranks) suggests that a large proportion of woess visiting the online market incurs
a high cognitive search cost and does not makdfam ® resort the list and/or to
include firms lower down the listing in their codsration set (Brynjolfsson, Dick et al.
2004).

Further, our observation that lemons too are abfgal more to get valuable rank
in the listing suggests that a significant promortof consumers buys from these lemon
firms -- either because they are not sophisticatexigh to identify the lemons in the
market (in spite of the presence of quality ratjrgsthey do not carefully evaluate the
price quality tradeoff due to bounded rationalityowever, the fact that cherries are
more likely than lemons to have higher advertismgnsity and thus obtain higher rank
suggests that the proportion of consumers who cleasens -- referred as uninformed
consumers or tourists in analytical literature ¢padnd Stiglitz 1977; Riordan 1986;
Bagwell and Riordan 1991) -- is small. We beli¢vat the increase in the number of
informed consumers would reduce the likelihoodeofidns obtaining high ranks.

Since occurrence of lemons on the top of the bistidversely affects consumer
welfare, we suggest that the comparison shoppiggershould attempt to design
advertisement allocation mechanisms such that lpbigsof lemons’ advertising is
minimized. One direct measure could be to weigéthids of the advertisers by their
quality ratings. An alternative approach coulddeveight the bids by the conversion
rate. However it requires that advertisers’ cosiar rate data be available to the

comparison shopping engine and there are suffiaddotmed consumers in the market.

A comparison shopping engine can also add funditgra its website to make it

easier for consumers to identify the cherries. réhity, almost all the shopping engines
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allow consumers to sort the list by only one atitd@at a time which makes the search
process costly for a consumer who is trying to finel firm that is best on more than one
attributes. Allowing consumers to sort the listroaltiple attributes (such as weighted
average of price and quality) and providing filtgritools may increase the efficiency and
effectiveness of consumers decision making. Itdees shown that subtle changes in
information presentation formats can influence comsr choice behavior (Payne,
Bettman et al. 1993; Hoque and Lohse 1999; Mana&lUahnson 2002) and we suggest
that allowing more flexibility to the consumer tadify the information format may
increase the probability of consumers to find destr It would be interesting to examine
how such change in the interface may affect consineleavior, advertiser’s strategies

and market outcomes.

The results also suggest that firms that have higted awareness/equity (i.e.
higher traffic) have higher advertising intensifihis result is surprising as firms with
strong brand name competing with unknown firms &hbe able to attract consumers
even at the lower ranks and should not incur @appear on top ranks. However, the
result is consistent with the previous inferena ttonsumers (at least a significant
number) are naturally predisposed to visit the $iimthe order in which they appear in
the listing. Thus, the directional nature of timarket makes it valuable for even a

branded firm to pay advertising cost to appearopuof the listing.

Another interesting result is regarding the prodisstortment and advertising
intensity. In a traditional market, it has beeguad that advertising is most valuable to
low cost firm which offer low prices and large pumtl variety and therefore firms with

lower price and large product variety will advestisiore (Bagwell and Ramey 1994).
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On the other hand, | found that firms with loweoguct variety advertise more in a
directional market. It is possible that, in onlmarkets, firms with a large product
assortment do not have the significant cross-ggdiivantage due to consumers’ use of
search engines as a starting point in their puecpascess; also the firms with a
specialized/narrow product assortment have costradges. Future research should
examine the underlying reasons for the higher dusg intensity of firms with lower

product variety.

Currently, we do not know how many consumers ararawhat top ranks are
advertisements and firms compete in an auctiorbtaio those slots. It would be
interesting to see how that information affectsvould affect consumer search and
purchase behavior. It is possible that consumernguse advertising expenditure as a
signal of quality and may prefer to buy from thp tanked firms. Future research should
examine the impact of such advertising signal ket consumer behavior and the

consequent strategies of firms.

| investigated the linkage between price, qualitg advertising in a directional
market where price and quality information aboseHer is provided in the
advertisement itself. However, it would be intéiresto examine other directional
markets such as sponsored search advertising wheaiming price and quality

information is relatively costlier.
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4.7 CONCLUSION

Extant research examining online markets has fatosehe relationships between
qguality and price or between quality and advergsiiThis is the first study that examines
the advertising intensity in an online market dsrection of price and quality.

Advertising has been generally considered to hawertles — persuasive (changes
consumers’ taste and brand loyalty) and informafin®rms consumers about price
and/or quality). | examine an online directionarket, specifically a comparison
shopping engine, where advertising not only infoomssumers about price and quality
but also directs consumer search pattern/sequéritel that the advertising outcomes in
this market are strikingly different than the ttahal markets. This study shows that
low price and high quality firms exhibit high adtieing intensity and are able to obtain
high rank in the advertisement listing. | suggestversion versus profit margin tradeoff
as a potential explanation for this outcome.

This study empirically tests the conclusions ofdhealytical model that proposes a
positive relationship between price and qualitguich directional markets (Arbatskaya,
Forthcoming). In addition the results will alsétoal a researcher to develop analytical
model that describes the real market relationships.

This research will have significant implications feelfare and public policy. The
findings will also help market makers such as catispa shopping engines to
understand the market dynamics and develop mechartcs provide better outcomes to

consumers as well as to increase their profits.

97



CHAPTER 4: EPILOGUE

Sponsored search and comparison shopping advgrtesmabled by Internet
technologies, present new opportunities and chgdleo the market participants. The
two primary features that differentiate these nemnk of advertising from other
traditional advertising media are the nature ofstoner search and the mechanism to
price the advertisements. Consumers typicallycketie sponsored search
advertisements from top to the bottom of the Igptémd sellers compete in an auction to
obtain better positions on the sponsored searcérasiPment listing. However, the
impact of these features on consumers and adverigsaot clear. This dissertation
examines the validity of theories developed fodittanal media in an emerging online
sponsored search context and provides valuablghissior future research.
Investigation of consumer behavior in online spoedsearch markets will enable
researchers to develop more realistic normativeetsoahd help practitioners develop

better advertisements campaigns.

The first essay draws on the consumer search aactidnal markets literature to
understand the implications of seller’s strategieseller's advertisement performance.
The results validate the research hypothesis #ath listing can act as a consumer
filtering mechanism and competition intensity witlsidjacent ranks has significant
impact on a seller’s performance. The essay astributes to the directional search

literature by examining the effect of directionabsch on the performance of a firm.

The second essay provides evidence that like imaditmarkets, consumers rely

on quality signals in electronic markets. Howetge, unique format of the sponsored
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search listing significantly increases the strergjtthe advertising signal vis-a-vis price
signal. The essay also adds to the signalingatitiee by introducing and empirically

testing the moderating role of risk attitude onulsage of quality signaling cues.

The third essay examines the market outcomes éctibnal markets such as
sponsored search and comparison shopping advgrtiSipecifically, we focus on
comparison shopping advertising where advertisotgonly informs consumers about
price and quality but also directs consumer sepattern/sequence. We find that the
advertising outcomes in this market are strikingjijerent than the traditional markets.
Our study shows that low price and high qualitynBrexhibit high advertising intensity
and are able to obtain high rank in the advertisgrnmging. We suggest conversion
versus profit margin tradeoff as a potential exatam for this outcome.

Overall, the findings of this dissertation will lesignificant implications for the
sellers/advertisers on online sponsored searcltamparison shopping mechanisms, as
well as for the online intermediaries managing ¢hesline advertising markets. Insights
from these studies will enable practitioners toadep appropriate advertising strategies
and to choose effective and efficient position@dkion mechanisms for the sponsored
listings. Online intermediaries would also ben&6tim a better alignment of the

advertisement allocation mechanisms with consunbaigefs and behaviors.
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FIGURES

Figure 1.1 An Example of a Sponsored Search Listing
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Camera at SEARS

Name Brand Cameras at Sears.
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Free Memory Card with
Select Digital Cameras.
www.CircuitCity.com
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Figure 2.3 Sponsored Search Listing as Consumer Sagntation Mechanism

Sponsored Search List Consumer Segments at each Rank
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Figure 2.4 Predicted Relationship between Rank an@lickthrough Rate (CTR)
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Figure 2.5a Interaction between Rank and USP in thBresence of Low Competition|
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Figure 2.6a Interaction between USP and Competitivintensity at Top Ranks
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Figure 3.1 Conceptual Model
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Figure 3.3 Price Premium and Three-way Interaction
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Figure 4.1 lllustration of the V and R functional pecification
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Figure 4.2 Ordered listing of Firms on a ComparisonShopping Engine
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Figure 4.3: Price and Quality Interaction Effect - Based on Probit Result¢model 3)
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TABLES

Table 2.1 Descriptive Statistics
Variable Obs Mean Std. Dev. Min Max
CTR 1556 0.049636 0.047139 0 0.401
Log(Rank) 1556 0.574577 0.399923 0.086178 1.95727§}
UsP 1556 0.513496 0.499979 0 1
Cl 1556 0.541292 0.458159 0 1
Table 2.2 Correlation Coefficients
CTR log(Rank) USP log(Rank) CI log(Rank) USPX log(Rank)
XUSP XClI Cl XCIXUSP
CTR 1.00
log(Rank) -0.13 1.00
(0.00)
UsP -0.10 0.19 1.00
(0.00) (0.00)
log(Rank)XUSP 0.05 0.32 -0.01 1.00
(0.04) (0.00) (0.68)
Cl -0.16 0.01 0.42 -0.12 1.00
(0.00) (0.71) (0.00) (0.00)
log(Rank)XClI 0.11 0.02 -0.12 0.25 -0.12 1.00
(0.00) (0.54) (0.00) (0.00) (0.00)
USPXCI 0.07 -0.13 -0.03  -0.07 -0.09 0.20 1.00
(0.00) (0.00) (0.32) (0.00) (0.00) (0.00)
log(Rank)XCIXUSP  -0.14 0.25 0.02 0.03 0.19 0.18 090. 1.00
(0.00) (0.00) (0.52) (0.30) (0.00) (0.00) (0.00)
p values below the correlation coefficients

Table 2.3 Regression Results
1) ) 3 4 ®) (6) ()
CTR CTR CTR CTR CTR CTR CTR
Log(Rank) -0.037 -0.037 -0.044 -0.043 -0.043 -6.03
(10.61)**  (10.61)**  (12.59)** (12.43)** (12.27)** (10.82)**
USP (Price=1; Quality=0) 0.000 -0.001 0.001 0.000 0.001
(0.11) (0.28) (0.11) (0.09) (0.15)
Log(Rank)XUSP 0.064 0.063 0.062 0.051
(9.20)**  (9.04)**  (8.94)** (7.18)**
Cl -0.004 -0.004 0.000
1.74)f (1.56) (0.07)
CIXUSP 0.005 -0.003
(0.98) (0.62)
CiXlog(Rank) 0.037
(5.73)**
CIXlog(Rank)XUSP -0.063
(4.83)**
Keyword Dummies Yes Yes Yes Yes Yes Yes Yes
Constant 0.045 0.051 0.051 0.046 0.046 0.046 0.046
(23.35)**  (26.27)** (21.65)**  (19.92)** (19.78)** (19.39)** (19.82)**
Observations 1554 1554 1554 1554 1554 1554 1554
R-squared 0.29 0.34 0.34 0.38 0.38 0.38 0.40
(Absolute value of t statistics in parentheses) ¥ significant at 10%; * significaait 5%; ** significant at 194
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Table 3.1 Descriptive Statistics

Control Group Treatment Group t-Test for
Variable Std. Std. difference of
N | Mean | Dev. | Min | Max | N | Mean | Dev. Min | Max means
Searchintensity | 38| 2.87| 1.38 1 9.2p42 3.05 1.68 1.3( 1p -0.38
PricePremium [ 38| 32.69] 20.62 240 78.4042| 22.67 1658 170 538 2.27*
RankPreference [ 38| 4.60] 1.14 240 6.9p42 4.20 145  1.8( 7.pb 1.48
HPHQ 38| 4.97| 1.43 1 7.0p42 4.90 1.27 il ] 0.30
HRHQ 38| 244 1.09 1  4.3B42 4.60 1.36 p. ] -7.78%*
Safe 38| 542 191 0 9] 42 4.92 1.64 0 { 1.23
t statistics in parentheses; * significant at 10%significant at 5%, *** significant at 1%
Table 3.2 Correlation Coefficients
A B C D E F G
A. | Treatment 1.00
B. | Search 0.04 1.00
Intensity
(0.70)
C. | Price -0.25 -0.02 1.00
Premium
(0.03) (0.87)
D. | Rank -0.16 -0.03 0.56 1.00
preference
(0.14) (0.80) (0.00)
E. | HPHQ -0.03 -0.07 0.44 0.19 1.00
(0.76) (0.55) (0.00) (0.09)
F. | HRHQ 0.66 -0.01 -0.33 -0.29 -0.06 1.00
(0.00) (0.95) (0.00) (0.01) (0.57)
G. | Safe -0.14 -0.13 0.01 0.07 -0.17 -0.18 1.0
(0.22) (0.27) (0.95) (0.52) (0.31) (0.11)
Significance (i.e., p values) of each correlatiom arinted under it in parenthesis
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Table 3.3 Percentiles of Search Intensity, Pricenal Rank preference
Search Intensity Price Premium Rank Preference
Percentile | Control | Treatment Control | Treatment | Control | Treatment
1% 1 1.3 2.4 1.7 2.4 1.8
5% 1.2 1.6 3.2 25 25 2
10% 14 1.7 5.8 3.1 3 2.3
25% 2.1 2.2 15 10.1 4 3.1
50% 2.6 2.6 33.55 18.6 4.7 3.9
75% 3.5 3.4 46.8 44.3 5.2 5.4
90% 4.2 4.3 60.5 48.1 6 5.8
95% 4.6 6.1 76.3 49.8 6.5 6.4
99% 9.2 10 78.7 53.8 6.9 7.5
N 38 42 38 42 38 42
Mean 2.87 3.05 32.69 22.167 4.60 4.20
Std. Dev. 1.38 1.68 20.62 16.58 1.14 1.45
Table 3.4 Quality Beliefs and Shopping Behavior*
Model A: Without Risk Attitude Model B: With Risk A ttitude
Search Price Rank Search Price Rank
Intensity Premium Preference | Intensity Premium Preference
HPHQ -0.063 587 0.14 -0.159 4.981 0.177
(-0.48) (4.26)***  (1.35) (1.10) (3.38)**  (1.50)
HRHGQ 0.018 -3.98 -023 -0.033 -4.209 -0.213
(0.17) (-3.54y+  (-2.65)y** | (0.30) (.71 (2.35)**
safe -0.154 -0.267 0.071
(1.51) (0.26) (0.85)
HPHQ*HRHQ 0..05 -0.74 -0.04 0.060 -0.830 -0.008
(0.69) (-0.93) (-0.68) (0.64) (0.86) (0.10)
HPHQ*safe -0.031 -0.266 0.073
(0.48) (0.41) (1.40)
HRHQ*safe -0.065 -1.852 -0.040
(0.84) (2.34)** (0.62)
HPHQ*HRHQ*safe -0.054 -0.784 -0.009
(1.16) (1.65)* (0.23)
Constant 2.97 26.67 4.36 2.968 26.042 4.370
(17.46)***  (15.06)***  (31.43)* | (16.97)** (14.58)**  (30.61)***
Observations 80 80 80 80 80 80
R-square 0.01 0.31 0.11 0.05 0.36 0.14
Chi-square 0.95 36.54 10.09 4.38 45 .59** 13.52*

z statistics in parentheses; * significant at 18%significant at 5%; *** significant at 1%
*These variables are mean centered to avoid militieatity.
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Table 4.1: Conversion Inefficiency versus Profit Magin
Quality
High Low
High Fair Deal Lemons
Worst Deal for consumers therefore shojld
be translated to lowest conversion rate;
o Highest profit margin for the firm
E Low Cherries Fair Deal
Best Deal for consumers therefore shopld
be translated to highest conversion rate;
Lowest profit margin for the firm.
Table 4.2 Descriptive Statistics
Non-Advertisers Advertisers
Std. Std.
Variable Obs Mean Dev. Min  Max Obs Mean Dev. Min  Max
AverageRank 1635 0.0 0.0 0.0 dqo 786 1.9 0.8 1.0 0
Average
TotalPrice 1635 662.7 774.9 8.0 7504.2 786 671.1 4.83 29.9 5340.3
Ratings 1635 3.9 0.7 0.0 5|0 786 4.0 0.9 0.0
Raters 1635 1727.9 2977.6 0.0 44291.3 786 1988.983.30 0.0 44299.%4
RatingsX
log(Raters) 1635 25.4 9.0 0.0 48.B 786 27.2 9.9 0.0
AdRank 1635 0.0 0.0 0.0 0 786 3.3 2.1 1.0 ]
PriceRank 1635 16.1 11.7 1.0 54.0 786 11.0 9.1 1.0 54.0
QualityRank 1635 15.8 11.1 1.0 50 786 13.5 112 .0 1 550
TrafficRank 1635 131548 330872 26.0 6288723 786 4Q14 764784 26.0 628872
OnlineAge 1635 3581.1 1284.0 382.0 733f.0 786 3J4781233.5 385.0 7337.
MarketPresence 1635 27.2 18.9 0.4 7B.8 786 279 9 15.04 73.8]
Table 4.3 Correlation Coefficients
Only Advertisers All Firms
1 2 3 4 5 6] 1 2 3 4 5 6
1. AdRank 1 1
2. PriceRank 012 1 -0.14 1
(0.0) (0.0)
3. QualityRank 0.14 023 1 -0.04 031 1
(0.0) (0.0) (0.0) (0.0)
4. TrafficRank 0.03 000 044 1 -0.21 0.17 0.24
(0.4) (0.9 (0.0 (0.0) (0.00 (0.0
5. AgeRank 0.12 079 050 0.00 1 -0.11 0.67 0.43.06 1
(0.0) (0.0) (0.0) (0.9 (0.0) (0.0) (0.00 (0.0
6. MarketPresenc®.01 0.04 0.15 -0.36 023 p 0.01 -0.11 -0.08 -0.026 1
(0.7) (0.2) (0.0) (0.0) (0.0 (0.5) (0.0) (0.000.¢9 (0.0
P values below the correlation coefficients in ptreses
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Table 4.4 Probit Regression Results

Model 1 Model 2 Model 3
Advertiser Advertiser Advertiser
TrafficRank -0.050 -0.057 -0.065
(14.27)**  (14.35)** (15.58)**
AgeRank -0.025 -0.023 -0.032
(9.20)** (5.44)** (6.99)**
MarketPresence -0.008 -0.010 -0.009
(4.53)** (5.49)** (5.14)*
PriceRank -0.013 0.024
(3.41)* (3.83)**
QualityRank 0.016 0.051
(5.30)** (9.14)**
PriceRankXQualityRank -0.002
(7.24)**
Constant 0.668 0.714 0.395
(8.01)** (8.16)** (4.08)**
Observations 2421 2421 2421
Pseudo R-square 0.10 0.12 0.14

Absolute value of z statistics in parentheses;
* significant at 5%; ** significant at 1%

Table 4.5: Tobit Regression Results

Model 1 Model 2 Model 3
AdRank AdRank AdRank
TrafficRank -0.182 -0.209 -0.238
(13.19)**  (13.48)** (15.13)**
AgeRank -0.104 -0.106 -0.137
(9.67)** (6.46)** (8.24)**
MarketPresence -0.013 -0.021 -0.019
(2.01)* (3.07)** (2.921)**
PriceRank -0.037 0.131
(2.55)* (5.68)**
QualityRank 0.064 0.215
(5.46)** (10.48)**
PriceRankXQualityRank -0.010
(8.70)**
Constant 2.369 2.495 1.024
(7.48)** (7.59)** (2.88)**
Observations 2348 2348 2348
Pseudo R-square 0.05 0.06 0.07

1562 observations left censored; 786 uncensoreshaisons

Absolute value of z statistics in parentheses;
* significant at 5%; ** significant at 1%
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APPENDIX A: TYPOLOGY OF ONLINE ADVERTISING

Display Advertising—advertiser pays an online company for space fdajisa static or
hyper-linked banner or logo on one or more of thine company’s pages.
Sponsorship-advertiser sponsors targeted Web site or emabkde2g., entire web site,
site area, an event, parts or all of an email ngegsaSponsorships can and usually do
contain some banner elements. To the extent gess#parate and report revenues fo
other formats contained within the sponsorship g

E-mail —banner ads, links or advertiser sponsorshipsajpyatar in e-mail newsletters, ¢

mail marketing campaigns and other commercial d-coamnmunications. Includes all
types of electronic mail (e.g., basic text or HTMhabled).

Search-fees advertisers pay online companies to listarhk their company site
domain name to a specific search word or phrastufies paid search revenues). Seag
categories include:

-Paid listings—text links appear at the top or sifisearch results for specific keywords
The more a marketer pays, the higher the positigats. Marketers only pay when a
user clicks on the text link.

-Contextual search—text links appear in an artieleeld on the context of the content,
instead of a user-submitted keyword. Payment ootyirs when the link is clicked.
-Paid inclusion—guarantees that a marketer’'s URhdexed by a search engine. The
listing is determined by the engine's search algons.

-Site optimization—modifies a site to make it eagxersearch engines to automatically
index the site and hopefully result in better ptaeat in results.

Referrals / Lead Generation*fees advertisers pay to online companies that refe
gualified purchase inquiries (e.g., auto dealerglwpay a fee in exchange for receivin
a qualified purchase inquiry online) or provide somer information (demographic,
contact, behavioral) where the consumer opts iatogocontacted by a marketer (emai
postal, telephone, fax). These processes aredpoic& performance basis (e.g., cost-[
action, -lead or -inquiry), and can include usegul@ations (e.g., for a credit card),
surveys, contests (e.g., sweepstakes) or regsigati

Classifieds and auctionsfees advertisers pay online companies to listiBpgroducts
or services (e.g., online job boards and employrhstirigs, real estate listings,
automotive listings, auction-based listings, yellpages).

Rich media—advertisements that integrate some componente#rsing video and/or
audio and interactivity, in addition to flash ovgascript ads, and can allow users to vi¢
and interact with products or services (e.g., aimeldia product description, a “virtual
test-drive”). “Interstitials” have been consoliddtwithin the rich media category and
represent full-or partial-page text and image sepeesh advertisements which appear
the transition between two pages of content. Farfmsterstitials can include splash
screens, pop-up windows and superstitials.

Slotting fees-fees charged to advertisers by online companissdore premium
positioning of an advertisement on their site, gatg exclusivity or similar preference

=
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positioning (similar to slotting allowances chardsdretailers).

Source: PricewaterhouseCoopers (2005), “IAB InteAdertising Revenue Report:
2005 Second Quarter Results”
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APPENDIX B1: INSTRUCTIONS FOR SHOPPING TASK

Welcome to the Experiment

The experiment consists 8fparts and will take approximately 60 minutes to complete
1: Shopping task.

2: Survey consisting of multiple choice questions.

3: Lottery selectiontask.

You will earn experimental currency (referred as E$jased on your decisions in the shopping and lottery
selection task.

After the experiment is over, 25 participants (oapproximately 125 participants) who have eartiedhighest
experimental currency will be given cash awarde@uivalent gift coupons). You will be notified albdlie
results by email.

The higher the experimental cash you earrthe higher will be the monetary reward (if you areamong the
top 25 earners).The amount of cash will be proportional to the ekpental currency earned.
The experimental currency will be converted at theate of E$1 = US $0.025
The value of each cash reward (or gift coupon) calpe upto US $25.
I: SHOPPING TASK:
Instructions: GENERAL
You will go on 10 different online shopping triga.each trip you wilbbuy a different product.
Each product is sold bydifferent set of 10 sellers.
Assume that you are in a shopping situation wherellahe sellers are unknown/unfamiliar to you.The
sellers shown are real sellerbut their identities (name and actual website eo)thave been hidden to
simulate unfamiliar markets conditions.

Search Procedure:

The sellerdiffer in quality (i.e. product condition, delivery time, customenee, etc.,) andharge
different price for the product.

You can discover the price charged by a sellerigijing the seller's website. Howevggu do not have
any information about the quality of the sellers.You cannot identify the quality even after visitiag
seller's website.

Quiality is an important factor in your purchaseisiea, you will have tanake your own inferences
about the quality of the sellers.

Search Effort:

You will incur a search effort &$ 5every time you visit a new seller's website (ilekoon the seller's
link)

In other words, the time and effort spent in vigjta seller is worth E$ 5 to you.

The more new sellers you visit, the higher willyloair total search effort.

For example, if you visit 4 sellers, your total rbaeffort will be equal to 4 X E$5 = E$20

Your total search effort at any given point duranghopping trip will be displayed on the top of Steeen.

Search Sequence:
You may stop after visiting the first seller, omuymay continue searching as many times as you wish.

Recall:

Each time you see a seller’s price, you may eitlceept it and stop searching, or you may rejeamakt
search more.

You will NOT incur a search effort againif you visit a previously visited seller.

After each shopping trip, you will be shown théotal cost (i.e. the price of purchased product andbtal
search effort)incurred by you in that trip. Then, you will be adgkio provide your perception about the
quality of the seller.

Click here to go to NEXT page
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Objective : In each shopping trip, you will be purchasindjfeerent product.
Your objective is to maximize your payoff by buyitige product fronhighest quality sellerat thelowest
price while minimizing yoursearch effort
Your payoff in each shopping trip will be calculd@®ut not shown to you during the experiment) as
follows:
Payoff = (Quality of the seller chosen) - (Price Rd for the product) — (Total Search Effort to visit
new sellers)

where Total Search Effort= (Total number of sellers visited)*(search efforto visit one seller)
At the end of the experimerdne of your 10 trips will be randomly selected
We will use the quality of the seller chosen by pouthis trip to calculate your payoffshis payoff will
be your final payoff.

Range of Quality in each product market (i.e. shoppg trip)

Quiality of sellers in each product marketries significantly. The actual quality of the sellers will not be
revealed during the experiment. However, you vaéllitformed about the maximum and minimum seller
quality (denoted in E$) in each product market.

Range of Price in each product market (i.e. shoppmtrip)
Price range in each product market also varies. Youbelinformed about the expected maximum and
minimum price available in each product market greopping trip).

Payoff Calculation Example:

Assume that you bought the product at popeal toE$150after visiting4 sellers.

Sincesearch effort to visit a seller is E$5 therefore your total search efforte$ 20(i.e. 4*5).

Your total cost = E$ 150 + E$ 20 = E$ 170
Then, quality of the seller (from whom you bought he product) is obtained by using the
satisfaction ratings provided by real customers fothat seller.
If we find that the quality of the seller (from winoyou bought the product) E$ 500then your
payoff will be: 500 - 170 £$ 33Q

However, if we find that the quality of thellsr iSE$ 300then your payoff will be: 300 - 170E$ 130

Click here to go to PREVIOUS page Click here to go to NEXT page

Instructions: Summary

e There will bel0 shopping trips. In each shopping trip, you will buy a differembguct.

You will have the option to observe one or moréesgl prices. Sellers are real but their identitiage
been hidden.

¢ Quality of sellers in each product marketries significantly.
The range of quality (i.e. maximum and minimum gyain each product market will be provided to you

¢ Price in each product market also varies.
The range of prices (i.e. maximum and minimum pricecsach product market will be provided to you.

¢ You may stop the search sequence at any time aegptaany offer observed thus far.
There isno limit to the number of sellers you can visit.
However, you incur aearch effortworth E$ 5to visit an unvisited seller.

o At the endpne of your 10 trips will be randomly selected

Your payoffs for this trip will be calculated artdg payoff will be treated as your final payoff.

25 best performers (based on the their payoff@ramdomly selected round) will be given monetary
reward.

The higher the final payoff, the higher will be tteavard. You can earn a reward upt® $ 25.

You will be notified about your payoff by email.

NOTE: You should try to maximize your payoff in EVERY shopping trip as any one of the shopping
trips may be randomly picked to determine your pay#f.

Click here to go to the PREVIOUS page Click here to START the Shopping Task
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APPENDIX B2: SCREENSHOTS OF THE SHOPPING TASK

Screen 1
)]
File Edit View Favorites Tools Help | :,'
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X! - 2| =] searcnweb |- | £ UpgradeMawt + 2 - @i @ | O Mal + @ Myvahoo! - B Answers - (g Hotlobs - Th Musc - %

i i i i H ¥ Objective:
ONLINE YELLOW PAGES Experiment Information for Shopping Trip Number: Mﬁf‘mlggueﬁ PAYORF
P in every shopping trip
’ D|RECTORYW‘ Inthis shopping trip, you have to buy product: Payoff = {Seller Quality}

- (Price Paid)
- (Total Search Effort)

Click onthe "Search Sponsored Listings™ button below
to see the list of 10 sellers who sell this product.

About Sponsored Listings:

Sellers incur higher advertising cost to get top (higher) positions in this directory listing.

Position in the list is allotted on the basis of money each seller is willing to pay as advertisement fee.

The seller in the first position has agreed to pay more than the seller in the second position for every consumer
that visits its website.

Similarly, seller in the second position has agreed to pay more than the seller in the third position for every
customer that visits its website.

The whole sponsored list has been created in this manner.

|#One Search Sponsored Listings |

=
4 | B

[&] pone [ [ [ [ N3 tocalintranet
Aistart| [ & 5 > B c\WwINDOWS|syste. . | 2 (C:) WINXP | B Tomeat | £ Online Yellow Pag... 8] Document1 -Miroso... | |« G [ [E]1y) 10:13em
Screen 2
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i i i i . Your Objective:
ONLINE YELLOW PAGES Experiment Information for Shopping Trip Number: 1 o BAYOFF

in every shopping trip

Quality Range: E$ 241.0 to E$ 641.0 Price Range: E$ 141.0to E$ 241.0 Payoff = (Seller Quality}

- (Price Paid)
- (Total Search Effort)
Total sellers visited: 0 Total Search Effort: E$ 0 (ie 0"E$ 5)
Sponsored Listings for #0ne Why are these sellers listed?

o DIRECTORY gypesmss

Product: #One

Seller Name (Remember: Sellers are real but their names have been ised by giving them bitrary names.)
1. locilin at www locilin.com
2. Aregund at www Aregund com
3. Serrigond at www.Serrigond.com
4 Rinduran at www.Rinduran.com
5. Radeqund at www.Radegund.com
6. Fredegund at www Fredegund com
7. Dwywei at www Dwywel com
& Goddau at www.Goddau.com —
9. Chilperic at www.Chilperic.com
10. Gundovald at www.Gundovald.com
h) ok
|1 Bore [T T MJiocalintranet
m @ & 5 > B c:WwNDowSsyste. .. | e (C:) WINXP | B8 Tomcat | & Online Yellow Pag... MI « QI WEW w14
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Screen 3
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__________________________________________________________B
ONLINE YELLOW PAGES Experiment Information for Shopping Trip Number: o OnCtive:

9 DIRECTORY qpmss

in every shopping trip
Product:

Payoff = (Seller Quality)
- (Price Paid)
- {Total Search Effort)

Quality Range: ES 241.0 to ES 641.0

r 1|

Total Search Effort: ES  (i.e. 1 "ES 5)
www.Aregund.com

Aregund

Product: #One . Buylt ]

= 8 Once you click this button,
Prlce * E$ 2 4 1 your purchase will be final

Go back to the sponsored listing (online yellow pages directory)

l Back

-
4 I B
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Screen 4

7} Mext Trip - Microsoft Internet Explorer
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Now, you will go for another shopping trip.
Price and quality dispersion in the next product market may be different.
The next product is sold by a different set of 10 sellers.
Please wait for 5 seconds. You will be automatically taken to the Online Directory
=
|€|Dune

T T N iocalintranet
i#/start| (G @ 5 > B C:\WINDOWSlsyste... | < (C) WINXP | [ Tomeat | £ Hexct Trip - Micros... B Welcome to the Expe... | |« GJ [J [E]0y) 10:18pm
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APPENDIX B3: SURVEY ITEMS

Rank-Quality Belief (HRHQ)

Please answer all questions (to the best of your itity) Strongly Disagree
on a scale of 1 to 7.

| believe thahighest quality sellers were on thtep of the 1 2 3
list.

| believe that a seller aiop of the list wagnore 1 2 3
establishedthan other sellers.

| believe that a seller diop of the list wagnore reputable 1 2 3

than other sellers.

Price-Quality Belief (HPHQ)

Please answer all questions (to the best of your itity) Strongly Disagree
on a scale of 1 to 7.

| believe that there wascarrelation between therice 1 2 3
being charged by a seller and bislity.

| believe that the seller chargihigher price was the 1 2 3

higher quality seller.

Ad Expenditure Manipulation

Please answer all questions (to the best of your itity) Strongly Disagree
on a scale of 1 to 7.

The seller on théirst position incurred thehighest 1 2 3
adverting costthan therest of the sellerson the list

The seller on théhird position incurredhigher advertising 1 2 3

costthan the seller on thfeurth position on the list
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APPENDIX B4: LOTTERY SELECTION TASK

Instructions
In this part of the experiment there will tveo rounds of the same lottery selection task.

You will be making choices between two lotteriag;lsas those represented as "Option A" and "O@ion
below. The money prizes are determined by the coenmauivalent of throwing a ten-sided die. Each
outcome, 1, 2, 3,4, 5,6, 7, 8,9, 10, is equibly.

Decision Option A Option B Your Choice

E$2.00 if the dieis 1 E$3.85ifthe dieis 1 [ [

st
1 E$1.60 if the die is 2 — 10E$0.10 if the die is 2 - 10A:

orB:

Thus if you choose Option A, you will have a 1 lh¢hance of earning $2.00 and a 9 in 10 chance of
earning $1.60. Similarly, Option B offers a 1 indfance of earning $3.85 and a 9 in 10 chancernfrea
$0.10.

You will make 10 such decision in each roundeven though you will make ten decisioosly one of
these will end up being used. Once again, thetsaheaf the one to be used depends on the "thratvef
die" that is determined by the computer's randomber generator. No decision is any more likelyeo b
used than any other, and you will not know in adeawhich one will be selectesp please think about
each one carefully.This random selection of a decision fixes the (o the Decision) that will be used.

Decision Option A Option B Your Choice
1t E$2.00 if the dieis 1 E$3.85ifthe dieis 1 [ [
E$1.60 if the die is 2 — 10E$0.10 if the die is 2 - 10 A: orB:
2nd E$2.00ifthedieis1-2 E$3.85ifthedieis1-2 [ [
E$1.60 if the die is 3 — 10E$0.10 if the die is 3 - 10 A: orB:
) $2.00ifthedieis1 -9 $3.85ifthedieis1-9 [ [
g $1.60 if the die is 10 $0.10 if the die is 10 A: orB:
10" . . . .
$2.00if the dieis 1-10 $3.85ifthedieis1-10 o2 5.2

For example, suppose that you make all ten deasiod the throw of the die is 9, then your chaofcer

B, for decision 9 below would be used and the otteeisions would not be used. After the random die
throw fixes the Decision row that will be used, me=d to obtain a second random number that detesmin
the earnings for the Option you chose for that nomDecision 9 below, for example, a throw of 1324,

5, 6, 7, 8, or 9 will result in the higher payadf the option you chose, and a throw of 10 wilutes the
lower payoff. For decision 10, the random die ¥hkall not be needed, since the choice is between
amounts of money that are fixed: $2.00 for Optioandl $3.85 for Option B

e Making Ten Decisions:After you finish these instructions, you will se¢éable with 10 decisions
in 10 separate rows, and you choose by clickintherbuttons on the right, option A or option B,
for each of the 10 rows. You may make these chaicasy order and change them as much as
you wish until you press the Submit button at thedm.

e The Relevant DecisionOne of the rows is then selected at random, am@fftion (A or B) that
you chose in that row will be used to determinerygarningsNote: Please think about each
decision carefully, since each row is equally §kiel end up being the one that is used to
determine payoffs.
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Determining the Payoff for Each Round:After one of the decisions has been randomly ssdec
the computer will generate another random numtadrabrresponds to the throw of a ten sided
die. The number is equally likely to be 1, 2, 31Q. This random number determines your
earnings for the Option (A or B) that you previgustlected for the decision being used.
Determining the Final Payoff: There will be 2 rounds, and therefore, you wiltemnter 2 choice
menus, each with 10 rows. You will find out yourreags for each of these menus as one of the
rows is randomly selecteBlease NoteWe will useall rounds to determine your final earnings.
Your total earnings will equal the sum of your éags for the 2 menus.

Instructions: Summary

You will indicate an option, A or B, for each ofthows by clicking on the "radio buttons" on the
right side of the table.

Then a random number fixes which row of the tabke (hich decision) is relevant for your
earnings.

In that row, your decision fixed the choice fortthav, Option A or Option B, and a final random
number will determine the money payoff for the demi you made.

This whole process will be repeated, but the prir@unts may change from one round to the
next, so look at the prize amounts carefully befane start making decisions.

The computer keeps track of your total earningstie sum of the amounts earned in each round
(negative earnings, if any, will be subtracted)ulrfinal earnings will be the sum of all earnings
in all rounds.
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Screenshots
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You have completed the second task.
Now you will be redirected to the lottery selection task.
IMPORTANT NOTE BEFORE STARTING LOTTERY SELECTION TASK
1. Start following the instructions on the subsequent pages. You will complete the
experiment when you come back to the login page.
2. Although the lottery values in this task are displayed in $, the values are actually in
experimental dollars.
Therefore please keep in mind that $1 (i.e. experimental currency) earned in this task
will be equal to actual dollar value of US $0.025.
i.e. E$1=US $ 0.025
‘When you are ready to start the last task, please click the Next button!
Next Page
=l
|§']Done
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Instructions (ID = 26), Page 1 of 6
You will be making choices between two lotteries, such as those represented as "Option A" and "Option
B" below. The money prizes are determined by the computer equivalent of throwing a ten-sided die. Each
outcome, 1, 2, 3,4, 5,6, 7, 8, 9, 10, is equally likely. If you choose Option A in the row shown below,
you will have a 1 in 10 chance of earning $2.00 and a 9 in 10 chance of earning $1.60. Similarly, Option B
offers a 1 in 10 chance of earning $3.85 and a 9 in 10 chance of earning $0.10.
Decision Option A Option B Your Choice
1st $2.00 if the dieis 1 $3.85if the dieis 1 . .
. $160ifthedieis2- 10 $0.10 if the dieis 2 - 10 AT orB:©
Continue with Instructions |
econ Lab - September 26, 2006
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Instructions (ID = 26), Page 2 of 6

« Each row of the decision table contains a pair of choices between Option A and Option B.

« You make your choice by clicking on the "A" or "B" buttons on the right. Only one option in each row
can be selected, and you may change your decision as you wish.

« Note: Note, try clicking on one of the radio buttons, then change by clicking on the other one.

Decision Option A Option B Your Choice

1st $2.00 if the die is 1 $3.85 ifthe dieis 1 . ,
. 4160 ifthedieis? - 10 $0.10 if the die is 2 - 10 A* T orB:©

€con Lab - September 26, 2006
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Instructions (ID = 26), Page 3 of 6
Even though you will make ten decisions, only one of these will end up being used. The selection of the
one to be used depends on the "throw of the die" that is the determined by the computer's random
number generator. No decision is any more likely to be used than any other, and you will not know in
advance which one will be selected, so please think about each one carefully. This random selection of a
decision fixes the row (i.e. the Decision) that will be used. For example, suppose that you make all ten
decisions and the throw of the die is 9, then your choice, A or B, for decision 9 below would be used and
the other decisions would not be used.
Decision Option A Option B Your Choice
= $2.00 if the dieis1-9 $3.85ifthedieis1-9 ,. .
9th "5l 60ifthe dieis 10 $0.10 if the die is 10 A:T orB: <
Continue
econ Lab - September 26, 2006
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Instructions (ID = 26), Page 4 of 6
After the random die throw fixes the Decision row that will be used, we need to obtain a second random
number that determines the earnings for the Option you chose for that row. In Decision 9 below, for
example, a throw of 1, 2, 3, 4, 5, 6, 7, 8, or 9 will result in the higher payoff for the option you chose,
and a throw of 10 will result in the lower payoff.
Decision Option A Option B Your Choice
B $2.00 if the dieis 1 -9 $3.85if thedieis1-9 . .
9%th  “¢i60ifthedieis 10 $0.10 if the die is 10 A C orB:€
10th $2.00 if the dieis 1 -10 $3.85ifthedieis1- 10 A:¢ orB: ¢
For decision 10, the random die throw will not be needed, since the choice is between amounts of money
that are fixed: $2.00 for Option A and $3.85 for Option B.
Continue |
&con Lab - September 26, 2006
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Instructions (ID = 26), Page 5 of 6

« Making Ten Decisions: After you finish these instructions, you will see a table with 10 decisions in
10 separate rows, and you choose by clicking on the buttons on the right, option A or option B, for
each of the 10 rows. You may make these choices in any order and change them as much as you
wish until you press the Submit button at the bottom.

« The Relevant Decision: One of the rows is then selected at random, and the Option (A or B) that
you chose in that row will be used to determine your earnings. Note: Please think about each
decision carefully, since each row is equally likely to end up being the one that is used to determine
payoffs.

+ Determining the Payoff for Each Round: After one of the decisions has been randomly selected,
the computer will generate another random number that corresponds to the throw of a ten sided
die. The number is equally likely to be 1, 2, 3, ... 10. This random number determines your earnings
for the Option (A or B) that you previously selected for the decision being used.

« Determining the Final Payoff: There will be 2 rounds, and therefore, you will encounter 2 choice
menus, each with 10 rows. You will find out your earnings for each of these menus as one of the
rows is randomly selected. Please Note: We will use all rounds to determine your final earnings.
Your total earnings will equal the sum of your earnings for the 2 menus.

Continue
econ Lab - September 26, 2006
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Instructions Summary (ID = 26)
« To summarize, you will indicate an option, A or B, for each of the rows by clicking on the "radio
buttons"” on the right side of the table.
« Then a random number fixes which row of the table (i.e. which decision) is relevant for your
earnings.
« In that row, your decision fixed the choice for that row, Option A or Option B, and a final random
number will determine the money payoff for the decision you made.
« This whole process will be repeated, but the prize amounts may change from one round to the next,
so look at the prize amounts carefully before you start making decisions.
« The computer keeps track of your total earnings, i.e. the sum of the amounts earned in each round
(negative earnings, if any, will be subtracted). Your final earnings will be the sum of all earnings in
all rounds.
« There will be an announcement at the start of each round that will indicate whether earnings will be
paid in cash or whether earnings are hypothetical and will not be paid.
Finished with Instructions |
econ Lab - September 26, 2006
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Decision Option A Option B Your Choice
1t 61 %0000 the Gia e 5 10 $0.100f the qia e 5 —10 A€ orB:€
2nd $$12. éoooiifftthhee dcgieeiiss o $$03f isosiifftthhee ddiieeiisS 3 1o AiCorBie
3rd $$12. éoooiifftihee dc:ieei;S Ao $$03. '1805iifft€1hee ddiieeiiss 4 iy MO orBiC
ath $$12. isoooiifftihee dc:iaeiiss = $$03. '1805iifft€1hee ddiieeiiss o 1p A:C orB:O
Sth $$12. éoooiifft?.hee dc!ieei‘iss 61 - 150 $$03f igosiifftinhee dc!ieeiiss 61 - 150 A0 orB: O
Gth $$12. éoooiifftthhee dcgieeiiss ' $$03f isosiifftthhee ddiieeiisS 7 1p AiC orBio
7th $$12. éoooiifftihee ddiieei;S S $$03f '1805iifft€1hee dC:ieeiE_;S g 1p A0 orBiC
8th $$12. isoooiifftihee d(::ieeigs n $$03. '1805iifft€1hee ddiieeiiss g 1p M:CorBic
o SHofieienl SEIRISLY ke
10th  $2.00 ifthe dieis 1 - 10 $3.85if the dieis 1 - 10 A: ¢ or B: C
Press here after you have made ALL 10 decisions.
‘econ Lab - September 26, 2006 |_|
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Screen 9
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Please select either A or B for each of the ten Decisions below. -

Remember: Each decision has an equal chance of being used to determine your earnings.

Real Money Payoffs: The choices that you make on this page will be used to determine your earnings,
these are real money payoffs that will be paid to you in cash.

Decision Option A Option B Your Choice
$2.00 if the dieis 1 $3.85 if the dieis 1 . .
st 41760 if the die is 2 - 10 $0.10 if the disis 2 - 10 AT O B:C
$2.00ifthedieis1-2 $3.85ifthedieis1-2 . .
2nd  ¢T RO if the die is 3 - 10 $0.10 if the die is 3 - 10 A0 orB:O
$2.00 if the dieis 1 -3 $3.85 if the dieis 1 -3 . .
3rd £ G0 ifthe die Is 4 - 10 $0.10 If the die Is 4 - 10 A7 orB: O
$2.00ifthedieis1 -4 $3.85if thedieis1 -4 . .
4 ST s0ifthedielss-10 $0.10 If the die is 5 - 10 AT orB:©
$2.00ifthedieis1-5 $3.85ifthedieis1-5 . .
St §1.60 if the die is 6 - 10 $0.10 if the die is 6 - 10 A or B:©
$2.00ifthedieis1-6 $3.85ifthedieisl1-6 . .
6th  ¢160if the die is 7 - 10 $0.10 if the die is 7 - 10 ATC orB:©
$2.00 if the dieis1-7 $3.85 if the dieis 1 -7 . .
7t §160 if the die is & - 10 $0.10 if the die is 8 - 10 AT ©rB:C
$2.00ifthedieis1 -8 $3.85ifthedieis1-8 . .
Bth ¢l 60ifthediels - 10 $0.10 If the die is 0 - 10 AT orB:©
$2.00if thedieis 1-9 $3.85ifthedieis1-9 ,_ ) b
9th  "¢1.60 if the die is 10 $0.10 if the die is 10 AT orB:©
10th $2.00 if thedieis1-10 $3.85ifthedieis1-10 A:C orB:C
Press here after vou have made ALL 10 decisions. 52
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Confirm Decision for Round 1, ID: 26
Lottery Decision 1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th
Option Selected A A A A A A A A A A
If you wish to reconsider your decisions, please press Change Decision below.
Otherwise, press Confirm Decision to obtain the results for this round.
To rechoose: Change Decision To continue: Confirm Decision
econ Lab - September 26, 2006
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Results for Round 1, ID: 26

Lottery Decision 1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th
Option Selected A A A A A A A A A A

The random number determined by the first die throw is: 5 so we will use Decision 5.
Your chose Option A for this decision.

Decision Option A Option B Your Choice

$2.00ifthedieis1-5 $3.85ifthedieis1-5 8
> $1.60ifthe dieis 6 - 10 $0.10 if the die is 6 - 10 OPUOMA

Now we will generate the random number that determines the throw of the 10-sided die
in such a manner that each outcome, 1, 2, 3, 4, 5, 6, 7, 8, 9, or 10 is equally likely.

ShowMe the Die Throw |
econ Lab - September 26, 2006
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Results for Round 1, ID: 26
The random number determined by the first die throw was: 5 so we use Dedision 5 .
Your chose Option A for this decision.
Decision Option A Option B Your Choice
$2.00if thedieis 1 -5 $3.85if thedieis1-5 .
5 $1.60if the dieis 6 - 10 $0.10 if the die is 6 - 10 OPUONA
The second die throw is: 7
Therefore, your earnings for round 1 will be $1.60
Your cumulative money earnings for all completed rounds are: $1.60
Press to go on to the next round. |
€con Lab - September 26, 2006
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