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ABSTRACT

Pricing isthe process whereby a business sets the price at which it will sell its
products and must be considered as a core part of the business's marketing plan. In recent
years, there has been a growing awareness of the complex nature of price as a
deteminant ofconsumer decision making process. Recent research indicates there is no
simple explanation of how price influences firm performance and individual consumer
purchase decisions. The pricing strategy in traditional farmekmortar stores has
receved consitent attention from both academia and industry. However, as the raising of
digital technology, thevdving business circumstance changed, or eveantreduced,
many practically and theoretically important questions. Giverirtiportancethe two
essaysacklethe strategigpricing strategy in théwo critical perspectives of marketirdg
advertisingandretailing

In the first essay, | explore the effects of displayed product price on keyword
advertising performande online shopping webEs aswellson consumer s0 deci
processesNith a hierarchical Bayesian modeding a unique data set fraareading
electronic shopping platform and a simulated experimesrhpirically test the
asymmetriceffects of price rank oadvertising pedrmances (i.eclick-through rates
and conversion ratgs study oneand the underlying mechanismstudy two
Specifically, | ind that @nsumers tend to click more on extreme price options (i.e.,
highest or lowest) in the early phases of the purchesel, whichserve as anchors to
evaluate a broad range of options. Clicks at later stages, which tend to convert to
purchases, instead are more likelyrimoderately priced options, which offer a

compromise across different product featudee effects of price ranliminish among



advertisements sponsoring more specific keywords but grow for those sponsoring more
popular keywordsThis essay demonstrates that kiegword advertisemenfgovides a
context for price comparison, which furthefih uences cosestowaedr s6 r espo
advertisements.

While the first essay focuses on gaining competitiveness through enhancing the
price competition in digital advertising context, the second dssages on avoiding
price competition in mukchannel etailing context throughvatching the business focus.
The second essaxploresthe causal effects ohulti-channel retaileimplementing
crosschannel price integratioheveraginga revised pricing policy implemented bge
of the leading house appliaawetailers | empiricallyinvestigate hoverosschannelprice
integrationaffects product saleand consumepreference This changeof crosschannel
pricing strategyreveals varyingmpactacross time, products, channels, and customer
segmentsln the short term, price integrati leads to a 14.70% decrease in sales of
products without services but a 14.68% increase in sales of products with services. The
price integration effect is more g@itive in the long run, such that sales of products
increase by 10.07% without services &8d07% with services:urther,using a latent
class modelith zercinflated Poissorframework | empirically differentiatedhe effects
of price integration on tlele consumer segmentith different preference@.e., lovers,
haters and adaptorg)he findings of thesecondessay contribute to thulti-channel
pricing literature by providing mempirical examine of the effectiveness of croBannel
priceintegrationand consumer migration.

The findings of the two essays contridtd the pricing, keywrd advertisements

and nulti-channel literature, arnshed lights onhe strategic implicationsf pricing



activities Specifically, the first essay conngtite pricingliterature consumer searadnd
keyword advertising literature by exploring teectsof contrast amondisplayed
product pricein the keyword advertising context. This essay is among the first few to
investigate hovadvertised product pricafects advertising performancEhe study
suggestshe advertisedoroduct price display two consting effectson consumer s 0
clicking and purchasing behaviakngthear purchase funneln addition, the research
extends understanding of two keyworawdcteristics by theoretically differenirag
keyword specificity and keyword popularity. The set@ssayonnectdhe multi-
channebricing literatureandtransaction valuéterature by empirically examinée
effectsof retailersimplementing crosshannel price integration policjdvanéng prior
researclon perceived transaction valaed multichannel pricing literaturethis research
proposes two contrasting mechanigives, price change and pricing consistency)
throughwhichthe crosschannebprice integratioraffects the product salesd consumer
sales Theempirical findings shed lights ananagerial implications to multhannel

retailers.
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EXECUTIVE SUMMARY

Price is the onelement of the marketing mix that produces revenue; the other elements

produce costsé [Price] also communicates to tt

positioning of its product or brand.
i Philip Kotler (2011, p. 383)

Pricing is theprocess wherebylausiness sets the price at which it will sell its
products In recent years, there has been a growing awareness of the complex role of
price as a determinant of a purchase decision. The pricing strategy in traditional brick
andmortar stoes has receivedasistent attentions from both academia and industry
(e.g., Phillips 2005; Varian 1980; Varian 1989; Winer 198&)wever, as the raising of
digital technology, thevolvingbusiness circumstanceshapegdand evenre-introduced,
many practically and theoretically importanricing questims (e.g., Rathford 2009;
Verhoef et al. 2015)Given the importance and ubiquitgtureof pricing, it is important
to extend our understandings in pricing strategy iretfidving markéing contexts.

In this dissertationhie two essays tackle tpecingissuesacrosstwo important
marketingdomainsd advertising and retailinginderthe two emerging business
contexs & onlineand multichanneketailers The first essay focuses on the
competitively pricing strategw digital advertisingl explored the effectsfalisplayed
product price onthe advertising performancaskeyword advertisingRelying on

purchase funnel modé@Hauser and Wernelilfel989; Roberts and Lattin 199ahdtwo



behavioral heuritcs, i.e., anchoring effedfTversky and Kahneman 1974d)d

compromising effec{Simonson and Tversky 1992he first essaynvestigats the

effects ofadvertised produgiricerankon theadvertising performances, i.elick-

through rates and convessiratesalong with the moderating effects of two keyword
chaacteristics This essay demonstrates that$pensored listsn keyword advertising

provides a context faxtonsumer to compapgicess, whi ch further i nfl uenct
responses towaltie advertisementdManagerially the first essay sheds light dmet

competitively pricing strategy in the sponsored keyword advertising sett@tgically

pricing the productsvill improve the efficiencyor overall trafficof search

advertisements.

While the first essay focuses dimectprice competitiorthroughstrategicprice
contrast the second essay focusesreducingprice competitiorthroughdifferentiating
shopping experienc&he second essapntrass two prevakntpricing strategieamong
multi-channel retaihg industry Relying on the perceived transiact value framework
(Zeithaml 1988)the second essay explstbe causakffects ofcrosschannel price
integration through which the price @&n identical produds kept consistent across
channelspn the producand consumer saleBhe results suggetitat thecrosschannel
priceintegrationinitiate theimmediate sales decreases and overtime sales ingreases
resulting from both the shift aarget consumei(i.e., from price focused to experience

focused consumers) and the attitude change of other consumeslition, the product
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associated with coordinated specialty serviedp the products teecovermuch faster
from theimmediatesales loss.This essaguggestshat the two contrasting pricing
strategiesdentify distinctstrategidocuses, where chanrgpecific pricing strategy focus
on the Abetter priceso while the consistent
A easi ppm@experencBased on théarget consumer segments, product types and
strategic focuses, the mutthannel retailers should select the corresponding pricing
strategy.

The two essaysontributeto the pricing, keyword advertisements andlti-channel
literature, and dérs insightful strategic implicatienSpecifically, the first essay
proposes to connect tipeicing andkeyword advertising literature by exploring the
effects ofdisplayed product pricalong consumer purchase funirethe keyword
advertising contextThis essay is among the first to investigate howptiegluct priceof
keywordadvertisements affectonsumer decision process aaiyertising performance.
The empirical evidenceuggestshat the displayed product price display twotcasting
effects dpending on theonsumes 6 d e ci s i oheterggeneityThessecora n d
essay contributes the multi-channelpricing strategy literature by empirically examine
causal effectsf retaile implementingcrosschannel price integratigmesultingin the
switch from channegpecific pricing to consistent pricing stratedyis research is
among the first fewesearche® empiricallyinvestigatehe dynamic effect®f adopting

consistenpricing strategyin contrast to channabpecificpricing strategyThe research
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suggestshat all products suffer in the short run but benefit in the long run, as the results
of consumer attitudevolvementndthe changes dharget consumer segments.

In sum,thetwo essays investigatbeoreticdly and maagerialy importantissues
regardingpricing strategy unddghe emergingousinessontexs. Thefindingsof the two
essays jointly contribute to the pricing literature by building the bridge between classic

pricing theoreswith the evolvingousinesgircumstances



ESSAY ONE The Effectsof Price Rank on Clicks and Conversionsof Sponsored
Keyword Advertising in Online Retail Platforms

1.1 Abstract

Sponsored keyword advertising serves as a channel for firoogrtmunicate with
consumers. Noting the cutia | role of price information in
this study investigatgsr i ce as a factor that affects cons
advertising throughout the purchase funnel, along with the maodlgetfiects otwo
keyword attributes. With hierarchical Bayesian modesing a unique data set fran
leading electronic shopping platform and a simulated experjiienauthoréind that
consumers tend to click more on extreme price options (i.e es$tigin lowest) in the
early phases of the mthase funnel, which serve as anchors to evaluate a broad range of
options. Clicks at later stages, which tend to convert to purchases, instead are more likely
for moderately priced options, which offecampromise across different product
featuresThe dfects of price rank diminish among advertisements sponsoring more
specific keywords but grow for those sponsoring more popular keywords. These findings
provide new insights on the role of price informatamdmanagerial implications for
devising effectie sponsored keyword advertising strategies.
Keywords: sponsored keyword advertising, price rank, keyword specificity, keyword

popularity, clickthrough rate, conversion rate, consumer purchase funnel



1.2 Introduction

Consumers rely on price as a critiogut to assess the value of products in choice
sets(Kalwani etal. 1990; Rajendran and Tellis 199%) online retailingsettings f i r ms 0
pricing strategies often are particularly dedicatecbttsumers who are sensitive to price
information(Chevalier and Goolsbee 2003; Lynch Jr and Ariely 20Q@h that retail
search engines frequently offer sporsbsearch advertising display results that also
feature price comparison tools. They thus support comparison shopping, in that the search
engines collect product information, including prices, froraitets, then display the
collected, comparative inforrnai on i n response to shoppersoé q
the influences of rank positioii8garwal et al. 2011; Narayanan and Kalyanam 2015;
Rutz et al. 2012Xu et al. 2011)competition(Yang et al. 2013)and budgeallocations
(Sayedi et al. 2014)n the outcomes, but despite potentially meaningful implications,
limited search advertising literatuaeldresses how product prices in a display list affect
the performance of sponsored keywadd ver t i si ng. I n this sense,
especially as they relate to the prices of competing products, remain unexplored.

This gap is particularly relevant because fipnadictwhat prices their competitors
will charge in their advertiseemt and then adjust their own prices in order to get the
desired price rankJsingpurchase funnel and dynamic models of consumer choice
(Hauser and Wernerfelt 1989; Nedungadi 1996bé&ts and Lattin 1991; Simonson and
Tversky 1992)I propose thatlicks can be driveby different motivations of consumers,
including exploratory searches to develop anchors and the nesmhipromise among
product features across the phases of thehage funnel. Specificallgonsumers

develop anchors for comparison by exploring ereericed options first, then make



actual purchase decisions by evaluatimaderately priced options, to achieve an
appealing compromise between product quality armedraccordingly conduct two
complementary studies.
In the first,l investigate aggregated keyword search advertising responses (i.e., click
and conversion), depending on the price rank
website. Using detaiteinformation about 207,407 keyword advertisements from a
leading eletronic shopping platform,show that therice rank functions as an anchor
that consumers uge develop their expectations and assess alternatives; it also helps
them find a compromiseetween price and quality before making a purchase decision.
include moderating effects of two keyword attributes (specificity and popularity), which
can identifyconsumer segments and reflect different preferences associated with search
topics(Jeziorski and Segal 201%)reaterspecificity indicates thatonsumers have
developed more dailed preference@daval and Wyer 2011popularityreveals the
extent to which consumer s6 needdJeratmedal.pr ef er €
2014) Depending on the specificity and popularity of keywords, consumers likely react
differently to product prices displayed on a keyword search result page.
In Studytwo, | conduct an experiment to verify the witlkionsumer vaations
across groups with different orientations in keyword search behaviors. Clickstream data
from 310 consumers reveal that fmarchand-buyconsumerss onsumer s f ocus s
along the purchase funnel thesrly-stage clicks are more kky to be drwen by searches
that aim to build anchors with extremely priced options, whereas this tendency
diminishes for latestage clicks, which often convert to purchases and thus are driven

more by the need to find a compromise between product precguality wih



moderately priced options. Feearchonly consumers, they have a tendency to click
extremely priced items across the search process. Clickstream data also shows that the
conversion ratés higher for moderately priced products than forexely pricecbnes

With this novel investigation of advertised product prices in sponsored keyword
advertising] make several contributions. The analysis of praseswithin a sponsored
listing in Study 1 reveals how the price information contained in sponseysebkd
advertising affects advertising performance. The experiment in Study 2 confirms the
mechanisms that the preferences for extreme priced options areadbmiearly phases
of the purchase funnel, but moderately priced options are more prevalent when
consumers have a specific purchase goal, as in the later phases of the purchase funnel
when they seek to choose the most feasible alternative. Furthernopgpbrexpands
understanding of how keyword specificity and popularity each interact withrari&s to
influence the performance of sponsored keyword advertisements. Both keyword
attributes reflect market characteristics, in terms of the developmeohsfimer
preferenceandpotential market size.

Since firms have control of their own pricingligy, they can adjust their own prices
to get desired price rank. Once there are c¢h
listings, they could react ireal time without the limitation of the ad platform. Using the
theoretical foundation and emiail findings of this paper, firms can develop more
nuanced sponsored keyword advertising strategies. In a post hoc ahalggsmine
that for firms that teget consumers who search for popular and general keywords and
that want to increase the absolatenber of clicks and conversions, achieving an

extremely low price rank should be a primary consideration. If instead these firms seek



efficiency and enhancaatofitability, they should pursue a moderate price rank. Finally,
firms that target a segment@dnsumers using niche and specific keywords do not need

to consider price rank.

1.3 RelevantLiterature
Search advertising literature primardgdresses two aspects: display and keyword

attributes g¢eeTable 1). General research questions focus on thetgfof page rank

positions and keyword attri bulAgawalet@. consumer

2011; Animesh et aR011; Chan and Park 2015; Ghose and Yang 2009; Jerath et al.
2014; Jerath et al. 2011; Nganan and Kalyanam 2015; Rutz et al. 2012; Xu et al. 2011;
Yang et al. 2013)or example, a ranking e top position prompts the highest click
through and conversion ratg&nimesh et al. 2011; Jerath et a0.14; Narayanan and
Kalyanam 2015; Rutz et al. 2012; Xu et al. 201t the high costs of reaching this
position reduce its economic benefi@hose and Yrag 2009) In studies of keyword
attributeskeyword specificity has emerged as a moderator between advertising position
and consumer choice (ke 1), because thapecificity of search queries sign#ie
customer 6s i nvol vemen guereswdaken pogitine afféects mo r e
(Agarwal et al. 2011; Narayanan and Kalyanam 20b5ddition,keyword popularity
may offer another moderator; though it has received somewhat less attéertath,et al.
(2014)find that the search volume of a keyword decreasesooasus 6 f ocus on
sponsored, relative to organic, search results.

Other display attributes require further consideration though. In particklaow

little about the effect of product prices on adverting performance, even though consumers

Spe



take price into cosideration carefully when making purchase decis{@mevalier and

Goolsbee 2003; Lynch Jr and Ariely 200The influence of product prices on

consumersd6 behaviors might be predicted by t
their searches. Therefolenvestigate product price aslasplay attribute and consider its
interaction with keyword attribuee t o uncover the effects on co
sponsored keyword advertising. Furthermore, prior literatumainly investigates

behavioral variations among consumer segments (i.e.ebattonsumer variations)

(Animesh et al. 2011; Chan and Park 2015; Jerath et al. 28idjttle is known about

behavioral variations within individual searches (i.e., wiHtmmsumer variations). |

investigate mchanisms underlying the empiricatigans of advertising responses by

considering both betweertonsumer variations across consumer segments and-within

consumer variations in individual search processes.
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TABLE 1

Review of Selected Prior Research and the Contributions of this Study

Authors Research Context Key Variables

Research Focus Findings

Jerath et al. (2004) Analytical models and 15-da Advertising position, firm

Economic value of A superior firm may bid lower than an inferior firm and obtain a positi

records from a leading searc quality and advertising cost advertising position and  below it, yet it stil obtains more clicks than the inferior firm. The inferic

engine firm in Korea in July
2008

Ghose and Yang Six-month panel data set frol Click-through rates,

firms' bidding strategy firm wants to be at the top where more consumers click on its link,
whereas the superior firm is better off by placing its link at a lower pc
under both pay-per-impression and pay-per-click mechanisms.

Economic value of Click-through rate and conversation rate are posttively related to

(2009) a large nationwide retailer the conversion rates, advertisin¢ advertising positon and  advertising position. But topmost position might not be economic

advertises on Google in 200 cost, and
advertising position

firms' bidding strategy optmized, whereas middle position usually has higher economic retu

Agarwal, Hosanaga Field experiment on Click-through rate, conversic Economic values of Click-through rate decreases with posttion, conversion rate increase

and Smith (2011) Google.com for 45 days in rate, advertising position
2009
Animesh, Field experiment in conjunctic Advertising position, click-
Viswanathan, and with a firm in the mortgage  through rate, advertising
Agarwal (2011) industry creativity and competitive
intensity
Jerath, Ma and Par Individual-level click data fron Keyword popularity and
(2014) a leading search engine firm clicks
Korea.

advertising position and  position and is even higher for more specific keywords.
moderating effect of
keyword specificity

Consumer segmentation, Sponsored search listings can act as an effective customer segmer
performance of advertising mechanism, and the effects on click-through rate advertising rank ar
position, and competition st r ongly moderated by the sel

rivals.
Organic and sponsored Consumersdéclick activity afte
search displays and searc concentrated on the organic list. However, searches of less populal
advertising strategy keywords (i.e.,keywords with lower search volume) are associated

more clicks per search and a larger fraction of sponsored clicks.
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TABLE 1 (Cont)

Yang, Lu and Lu
(2014)

Chan and Park
(2015)

Narayanan and
Kalyanam (2015)

Agarwal and
Mukhopadhyay
(2016)

Im et al. (2016)

Aggregate data on 1,573  Click-throughs, CPC, The effects and determina The number of advertisers has a posttive effect on the baseline click
keywords froma leading  Number of advertisers of competition on click volume, has an inverse-U relationship with the mean decay factor, &
online market maker outside volume and CPC a negative and convex effect on the mean value of clicks; competitic
the United States generally hurts advertisers but benefits the paid-search host.

Data from a leading search Clicks and advertising positio@ onsumer segmentation a Users in the larger, low-involvement segment are less likely to click
engine in Korea in 2008 economic value of sponsored links but more likely to stop the search. In contrast, user
advertising position smaller, high-involvement segment are more likely to click muttiple link
and less likely to stop the search.

Data from a large online Advertising posttion, click-  Performance of advertising Advertising postition positively affects Click-through rates, but has sin

retailer of consumer durablesthrough rate, sales order, position and its moderator: effect on sales order on the advertisements on the first page. The p
seller size, prior experience effect further depends on seller size, prior experience, and brand e«
and brand equity

360 keywords with 1,267  Advertising position, click-  The impact of competing First, competing high-quality ads have a lower negative effect on the

advertiser keyword in Yahoathrough rate, conversion rat¢ads on the click performance as compared to competing low-quality ads. Second, t
2008 keyword specfficity and ad performance negative effect of competing high-quality ads decreases at low posit
quality compared to high positions. Furthermore, this decrease in the nega
effect of competing high-quality ads is more substantial for specific
keywords.
Search transactions of 11,0(brand-seeking vs. deal The effects of keyword typ First, search queries containing deal-seeking keywords are associe
keywords from a sponsorec seeking, search vs. experiei (deal vs. brand-seeking) with higher click-through rates and conversion rates than are searct
search engine channels in  goods and product type on queries without such keywords. Second, the posttive effect of deal
2010. advertising performances seeking keywords on click-through rates is more pronounced for

experience goods than for search goods.

12



TABLE 1 (Cont)

Dy, et al. (2017)

Daily aggregates of sponsor¢ Advertising position, click-  Performances of different First, relativetogenerickeywords, focal-brand keywords are associa
search advertising foma  through rate, conversion ratckeyword categories and  with higher CTRs and higher CRs, whie competing-brand keywords

major Chinese online B2C  cost-per click, and keyword match types. associated with lower CTRs; Second, keyword match types are alk
retailer that advertises on  characteristics important and that their effects differ for the three keyword categorie
Google

Gong, Abhishek anc4.6 milion search impression Advertising position, click-  The effect of keyword Higher keyword ambiguity is associated with higher CTR on top-

Li (2018) of 12,790 keywords in Goog through rate, keyword ambiguity on ad positioned ads, but also a faster decay in CTR with screen position
2007. ambiguity performance

This study Display-level data from a Price ranks, click-through  Influence of price rank on Consumers tend to click the advertising display with extremely high ¢
leading online shopping rates, conversion rates, advertising performance, prices and purchase the product of the advertising display with midc
platrom in 2014 keyword specificity and and the moderators prices. These effect further depends on keyword specificity and

keyword popularity populariy.

13



1.4 Theoretical Background
1.4.1 Purchase Funels of Search Advertisements

Consumers develop and modify their preferences on the basis of a choice set, such
as the list of sponsored advertisements obtained from a g8attiman et al. 1998;
Payneetal. 1992) Consumers6é responses to price rank:e
advertisements likelghift, depending on whether they are conducting exploratory
information searches that build expectations, actively engaging with a specific
advertising sponsor, or approachingaatual purchas@ettman et al. 1998; Kalwani et
al. 1990) The purchase funnel model and dynamic views of consumer choice suggest
that consumer behaviors vary across purchase dtidgaser and Wernerfelt 1989;
Nedungadi 1990; Roberts@hattin 1991; Simonson and Tversky9D9, due to the
complexity of the decision process and consu
Prior literature also specifies that to simplify complex decisi@king processes,
consumers alter their behaviors according to phi@escker et al. 1991%uch that their
multi-phase decision process involves aesmf hierarchical or nested choice sets. In
different phases, consumers express different preferences and behave according to
various patterngAlba and Chattopadhyay 1985)

Building on consumer decision literatutesonsidertwo specific behavioral patterns
and the corresponding mechanisms for search and purchase decisions that in turn affect
consimer s6 responses to sponsoftegpictthkatthewor d adve
prevalence of the two mechanisms varies across different phases of the purchase funnel

during the search process and for consumers with different orientations or goals.
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1.4.2 Anchoring Effects for Information Searches

When consumer pferences are ambiguous, preferences evolve through an
anchoringandadjustment proceg€arpenter and Nakamoto 1989; Hoch and Deighton
1989) Both anchoring and adjustment processes, as postulat€ddogky and
Kahneman (1974)pccurwhen people judge a stimulus along an attribute dimension with
some uncertainty. Given the vastness of a universal set and their limited information
procesing capability, consumers usually select extreme values alorgjrtiession as
anchors, then adjust their expectations to arrive at a value that seems plausible. The
extremes serve as anchors that help consumers learn the large universal set edficiently
the first glance; then they might gradually move to-egtremesgo further their search
process. That is, extreme prices, whether at the highest or lpgvestanchor
consumer s 6 p (Kalwaaiet@lelddf))suphthatcconsumers use them as
reference points for searches made with uncertélitgley and Gilovich 2006Krishna
et al. (2006how that extremely priced products, among a set of more moderately priced
options, affect the reservation price for a moderately priced target product in the same
category This anchoring effect is particularly influential when the proslace more
closely related and presented contiguoiilyshna et al. 2006)An explicit comparison
of products against the price anchor activates consideration of product features available
at this price, which then i(AdavalamWyes s cons ume
2011) After reviewing the extreme options, consumers identify key product features that
they want to compare amtbvelop expectations about those identified features to inform

their purchasing decisions.
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1.4.3 Compromise Effects for Purchases

Starting from a universal set, consumers interested in buying a product narrow down
their consideration set and focus osudset of plausible alternativés.contrast with an
anchoring effect, a compromise effect implies thrands gain more share whitrey
represent an intermediate rather than extreme option in a cho{eegse@ernev 2004;

Dhar et al. 2000; Kivetz et al. 2004hbyhenconsumers are closer tgarchase decision,
they likely pay more attention to moderately priced products, wiejofesent viable
options along the entire spectrum of available products and es@atdamers to make
compensatory tradeffs among the available optiofShernev P04; Dhar et al. 2000)
1.4.4 Consumer Responses: Clickrhrough Rates and Conversion Rates

Consumersd responses to sponsored keyword
conwerting(Jerath et al. 2014Lonsumers search alternatives and select oretinat
highest utility.By clicking the sponsored links, consumers retrieve infolwndtiomthe
sponsored advertisement, usaxploratory searches to find generic information about
products, which they can leverage to develop their expectations and evaluate alternatives.
Conversion implies more active, engaged purchase behaviors.

Clicksfor building anchors versus compromisifidne intrinsic purpose of keyword
searches (i.e., seeking information about a topic) implies that consumers develop anchors
to evaluate the alternative products displayed in the keyword search results. Clicking
behaviors support the development of ancha@asipularly in the early stages of the
purchase funnel. Clicking a sponsored display involves minimal engagement, and the
basic information allows consumers to derive expectations about products of interest.

According to anchoring effect theofiKrishna et al. 2006)consumers pay more attem
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to extreme prices to develop referes\deecause thes&teeme options are more
informative as anchors, enabling consumers to identify desired quality or prices and
compare products along those featyigdey and Gilovich 2006)The high price of a
product can reflect high quality, whereghs low price of a product can compensate for
low quality. Thus, the extremely priced products, either biglow, may or may not be
considerablechoces for c¢clicks, depending on consume
In contrast, consumers might click moderate options to find a compromise between
product price and quality at the stages closer to the decisiba purchase funnel. The
net effect then depends on the relative strength of these two contrasting roleks$or
In general, it takes more time and more clicks to conduct exploratory searches, whereas
clicks for purchase decisions likely occur onlytra last stage of the purchase funnel.
Previous findings similarly establish that conversion rates are rouar than click
through rate¢Agarwal et al. 2011; Rutz et al. 2012; Yang and Ghose 20h@yefore)
anticipate that clicking behaviors are driven more by the exploratory need to build
anchors, rather than a need for compromise, anduwmers click oextremepriced
displays more than moderately priced ones to develop these anchors. Formally,
Hi Priceankhasats haped ef f ect -thnougltratenon a displaysddist c | i ¢ k
of sponsored keyword advertising, such that the ¢hc&ugh rate is higher for extremely
priced products than for moderately priced ones.
Conversions with compromseConsuners consider products with different features
from among the results of their keyword searches, though all the products likely represent
the same categoronversiorrequires deep customer engagement, beyond exploratory

searches, because consusrerek taetermine if a product option meets their specific
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needs or which needs a specific option might serve. According to compromise effect
theory(Chernev 2004; Dhar et al. 2000;Méiz et al. 2004aonsumers seekatieoffs
among product features to make a purchase decision, for wioidhqb prices and quality
are two primary concerr{§einberg and Huber 1996; Mehta et al. 2008)wever,
product quality is difficult to observe in a sponsored search advertising context, so
consumers might infer quality from product prices, with the beiigf & higher price
indicates better qualitfFeng and Xie 2012)hus, onversions involve more
compromise than exploratoryaehes, and they should bre likely in response to
moderately priced products than extidy priced options with the highest or lowest
prices.l predict:
Hz: Price rank has aninverteddJhaped effect on consumer sd col
displayed lisof sponsored keyword advertising, such that the conversion rate is higher
for moderately gced products than for extremely priced ones.
1.4.5 Moderating Effect of Search Keyword Characteristics

Keyword attributes could provide a basis for consumer seigtiem Keywords that
a consumer uses for online searches reveal his or her shopping stages and goals as well as
the breadth of the market (niche vs. m#3e}iorski and Segal 201%) particular,
searches reflect two as peanssmers differcnotheis u mer s 6 p
specific needs and shopping goals, so they use diffseanctkeywords(Chan and Park
2015; Du et al. 2015; Jerath et al. 2014; Rutz and Bucklid;ZRdtz et al. 2011)The
specificity of the search keywords signals consumer traits, according to the level of detalil
associated with those keywor@darayanan and Kalyanam 2015econd, search

keywords can provide gmates of the size of the market that might be interested in the
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related topics (e.g., niche vs. mass). Keyword popularitheoextent to which the
keywords are used commonly by consumers in their seajddeth et al. 2014)hus

can indicate the size of the market segment.

Keyword specificityl argue that keyword speciftgireflects the depth of search,
and deeper search reduces the influence of product prices on decision iBekagse
more specific keywords cover a narrower range of products, searchers likely have a clear
ideaoftheprodust t hey want neclg.madsaadeoemalt, cwher eas
keywords contain only a rough product descri
specific keywords corresponds to more specific preferences for the products for which
consumers areearching, as reflected in theditional constraints on the search queries.
In contrast, less specific keywords imply searches for information without specific
shopping goal§Jerath et al. 2014; Rutz and Bucklin 2Q1t)preference construction,
extremepriced products have a more critical anchoringfiom when consumers lack
speific preferences or are not familiar with the tofiswas and Blair 1991)n terms
of decision making, consumers with specifically dedipeeferences have less need to
compromise among the product features to choose the product that meets their already
specific preference®har et al. 2000)That is, consumers using specific keywords have
a weaker need for anchors to evaluate a wide spectrum of options, and they are more
reluctantto compromise product features to avoid uncertainty. In cont@ssumers
with general or no preferences, reflected in general keywords, rely more on the product
price to anchor the market spectrum or compromise among product features to avoid

risks.| thus predict a moderating effect of keyword popularity, suchttieat}shaped
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effect of price ranks on clicks and the invertedhaped effect of price ranks on

conversion rates grow flatter with greater keyword specificity.

Has: Keywordspecificity weakens the Shaped effect of price ranks on the cltbkough

rate, naking the effect flatter.

Ha: Keyword specificity weakens the invertedstlaped effects of price ranks on the

conversion rate, making the effects flatter.

Keyword populartyA keywor dés popularity relates
which determing competition in the display list. Greater popularity means that more
consumers are interested in the topic, so advertisers compete more intensely for this large
market. Thantense competition in turn drives marketers to advertise theksb#isig
prodwcts and design advertisements in the most attractive way, such that consumers
encounter alhttractive choice sets. With all these attractive alternatives, it becomes
difficult for consumers to narrow down the consideration sets efficiently, and consumers
have a greater need for signals to guide product searches and purchases. Product price,
which are likely in accordance with operational costs and product positioning issateg
offers an intuitive, efficient indicator that consumers can usevtelop the
expectations across the purchase fufBafwell and Riordan 1991; Monroe 197B)
contrast, less popular keywartikely imply a niche market, in which ceamers already
encounter a clearly distinguishable choice set with products that offer varyirginen
guality signalgDalgic and Leeuw 1®4), so their need to use price as an indicator
decreaseslhat is consumers using more popular keywords have stronger needs to

develop anchors for search and to comproniibes, theU-shaped effect of pricenks
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on click-through ratesind the invedd U-shaped effect of price ranks on conversion rates

should be steeper with greater keyword popularity.

Hs: Keyword popularity increases theshaped effect of price ranks on the cltbkough

rate, making theféects steeper.

He: Keywordpopularity increases the invertedddaped effect of price ranks on the

conversion rate, making the effect steeper.

1.5 Study One: Evidences from a Retail Search Engine
15.1 Research Context and Data

The data set comesfromood t he wor |l dés | argest el ectro
only maintains online stores, serves more than 18 million buyers and sellers from more
than 240 countries and regions, and showcases products in categories ranging from ra
materials to finished gats. The platform offers certain keywords in auctions, for which
sellers bid to earn a position on the sponsored display list of keyword search results. The
automatic bidding process runs daily, and the content and positionazhtbgisements
remains thesame for that onrday period. The platform determines the position of the
sponsored advertisements using various elements, including the cost per click (CPC),
product relevance, and seller reliability. Its ranking algorithm rexsstinat products
includedin the sponsored list are relevant and comparable. The sponsored advertisements
also are displayed alongside organic search results, and each page holds eight sponsored
advertisementésee Appendix A fotheexample page)rhe spnsored advertisements
disdose basic information about the products, including their name, small pictures, unit

prices, and past salékhe displayed product prices are not affected by this bidding
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process, so sellers can price their products regardi¢issiorankings or CPC. they
click asponsored advertisement, consumers are directed to the product pages, which
disclose more detailed information (e.g., multiple pictures, customer reviews, original
and actual prices, seller information).

| collected advertising records andsponses over a omneonth period (June 2017)

of the most active 969 keywords across 91 subcategories in four industries: 100 keywords

in home decoration and design (e.g., fAdecor a
(e.fgogt imassagerrdw)i,n 20012Y kteoyovos (e. g. , Aul tr
keywords in gym equipment (e.g., fAyoga pado)

advertisements feature 5,724 products and 189 sellers. On average, each day, a keyword
recaves 7,692 searches, 2,7@lkcks, and 201 clicks that convert into purchases
1.5.2 Measures

Searches, clicks, and conversiohmeasured the three key response variables daily.
Following prior literaturgJerath et al. 2014; Rutz and Buok2011; Ruz et al. 2012; Yang
and Ghose 2010) measuredearchas the daily number of searches for the focal keywords,
click as the number of clicks that the keyword advertisements receivedpaversioras the
number of purchases generated throclgiks.

Price rankanddisplay rank The price rank is the magnitude of the product price,
relative to all displayed advertisements, coded with a discrete nuarggr from 1 (lowest
price) to 8 (highest priceA higher price ranking (smaller number) icalies that the focal
product has a relatively lower product price. For convenidrdigide PriceRankoy the total
number of sponsored advertisements on the same pages, so the variable ranges from .125 to

1.000. Display rank refers to the position of dudvertisements, and the topmost position is
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considered the most advantagefugarwal et al. 2011; Jerath et al. 201A9r this measure,
| divided the rank offte advertisementsy the total number of spomied advertisements; it
ranges from 0 to 1, where the topmost position has the smallest value and thenbastom
position has the largest value.

Keyword specificity and popularitizollowing prior literaturehiat measures keyword

specificity (Agarwal & al. 2011; Yang et al. 201,3)note the nmber of modifiers, which

mi ght describe a feature, version, brand

nan

no modi fier and thus a nfa ssspaegce rfo chiatsy tswoo rneo,d

a score of 2 on the specificity measurer keywod popularity, | adapierath et al.

(2014p s me, which uss a global rank of search volume. Because this measure risks
multicollinearity, in that popular keywords tend to be less specific, | instead assess
keyword popularity using the local rank of search volume, conditional on keyword
specificity. That is, forkeywordi with specificityk, | measure the popularity of the focal
keyword as its rank among keywords with same specificity, suclPtmtlarity =
SearchRankNk, whereSearchRankis keywordi6 s rank i n terms of
among the&keywords vith specificityk, andNk is the number of keywords with specificity

k. Thus,Popularity represents market popularity relative to other keywords with the
same specificity. This modified approach reduces multicollinearity concerns between
keyword specificty and popularity. In Table 2, | summarize the variables, definitions,

and operationalizations for Study 1 and Studyabl@ 3presentshe descriptive statistics.

23

t

he



TABLE 2
Variables, Definitions, and Operationalizations

Definitions Operationalizations

Study 1

1.

Click

. Conversion

. Search

. Specificity

. Popularity

. Price Rank

. Display Rank

. Ave. Sponsored Price

. Keyword Length

10. Title Length

11. Ave. Organic Price

The number of times that consumer clicking sponsol Number of Clicks received by the advertisement per day

ad to view product webpage

The number of purchases converted from clicks Number of Conversations received by the advertisement p
day

The number of times that consumers search the keywbednumber of searches received by the keyword per day

The specificity of the keywords The specificity is coded in terms of their specificity toward a
certain category
The popularity of the keywords Rank of searches received by the keyword within the keyw

with same length
The relative order of displayed product price of sea PriceRank=Price ranking/number of prices in display list, ra
advertisements in a after-search page from0.125t0 1
Advertising position in a vertical listing setting Display position from 1 to 8, 1 represents topmost position

The displayed price of sponsored search results ~ The average displayed prices of the products appeared in
sponosred search results
The length of the keyword Number of characters included in the keywords

The length of the title of the sponsored advertisementNumber of characters included in the sponsored advetisen
title

The displayed price of organic search results The average displayed prices of the products appeared in
organic search results
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TABLE 2 (Cont)

12. Past Sales

13. Price

14. Sponsored Product Number
15. Sponsored Keyword Number
16. Review Number

17. Brand

18. Discount Rate

Units sold in the past 30 days, observable to const
in click and conversion

The advertised unit price displayed in the sponsoret
advertisements

Sellers' strategic focus on the advertised products i
searh advertising

Selers' strategic focus on the advertised keywords
searh advertising

The popularity of the sellers, observed by consume
reviews toward the focal seller

Whether the keyword involves certain brand names

The extent of promotion, observed by consumers ir
conversion stage

Number of units sold in the past 30 days

The advertised unit price of the product in local currency
Total number of products the seller sponsored in one day
Total number of keywords the seller sponsored in one day
Number of customer reviews for the advertised products
Dummy variable, Brand=1 indicating the keyword include a hi

name and Brand=0 otherwise
Discount Rate=1-Sale Price/Original Price

Study 2
1. Click

2. Conversion
3. Rank (rom1to 7)

4. Stream
5. Design

6. PreClick

The click decisions of participants on the sponsorec
advertisements
The purchase decisions of participants on the spon
advertisements

The relative order of displayed product price of sea
advertisements among the 7 advertisements

The sequence of clicks along the participant's searc
process

Participants' interests toward the design of the prod
regardless of product price

Participants' interests toward the design of the prod
regardless of product price

Dummy variable, click=1 indicating the advertisement is clicl
at focal click, and 0 otherwise

Dummy variable, conversion=1 indicating the advertisement
purchased, and O otherwise

Measured as a categorical variable with the lowest priced i
and highest as 7

Normalized to one with the first click as 0, and the last click
prior purchase is 1
Measured by a
interestedo
Dummy variable, PreClick=1 indicating the advertisement h.
been clicked prior the focal click, and 0 otherwise

7-point sca
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TABLE 3

Study 1: Descriptive Statistics

© 00 ~NO O, WNE

PR R R R R R R
W~NOUNWNREO

Variables Mean SD
. Click 282.59 859.99
. Conversion 20.46 143.34
. Search 7645.83 14089.93
. Specificity 1.18 0.67
. Popularity 0.48 0.31
. Price Rank 0.53 0.29
. Display Rank 0.50 0.34
. Ave. Sponsored Price 1312.86 2390.34
. Keyword Length 5.29 1.53
. Title Length 28.41 2.22
. Ave. Organic Price 897.69 2259.17
. Past Sales 860.55 2836.87
. Price 1312.86 3607.62
. Sponsored Product Number 117.17 125.47
. Sponsored Keyword Number 27.00 26.91
. Review Number 6530.50 23238.10
. Brand 0.07 0.25
. Discount Rate 0.48 0.27

Min

0.00
0.00
3.00
0.00
0.00
0.13
0.00
1.05
2.00
1.00
0.00
0.00
0.50
4.00
1.00
0.00
0.00
0.00

Max
28299.00
7129.00

1 2 3 4 5 6 10 11 12 13 14 15 16 17 18
1.00
0.52 1.00

320940.00 0.57 0.11 1.00

3.00
1.00
1.00
1.00
25015.85
11.00
30.00
50000.00
21235.00
179900.00
680.00
186.00
221136.00
1.00
0.99

-0.03 0.02 -0.13 1.00

0.23 0.09 0.40 -0.04 1.00

-0.01-0.01 0.00 0.01 0.00 1.00

-0.04 0.01 0.00 0.00 0.00 0.06 1.00

0.16 0.02 0.13 -0.02-0.07 0.02 0.00 1.00

0.00 0.03 -0.10 0.79 -0.01 0.01 0.00 0.00 1.00

0.01 0.01 0.01 -0.01-0.02-0.12 -0.05-0.06 -0.02 1.00

0.10 0.00 0.09 -0.08 -0.07 0.00 0.00 0.44 -0.05 0.00 1.00

0.01 0.01 -0.02 0.01 0.01 -0.15-0.09-0.05 0.00 0.19 -0.05 1.00

0.13 0.01 0.09 -0.01-0.05 0.25 0.02 0.66 0.00 -0.09 0.29 -0.08 1.00

-0.02 0.00 -0.01 -0.03 -0.01 -0.05 0.06 -0.16 -0.02 -0.01 -0.03 -0.08 -0.12 1.00

0.02 -0.01-0.01 0.04 0.01 -0.07 -0.15 0.13 0.02 0.10 -0.01 0.08 0.06 -0.30 1.00

0.01 0.01 -0.02 0.01 0.00 -0.16 -0.07 -0.04 0.00 0.18 -0.05 0.75 -0.07 -0.07 0.06 1.00

0.00 0.01 -0.04 0.10 -0.02 0.00 0.00 0.02 0.13 -0.05 0.06 0.03 0.01 0.01 0.01 0.04 1.00
0.02 0.01 0.00 0.02 0.03 -0.19-0.04 0.03 0.01 0.29 -0.04 0.22 -0.09 -0.08 0.10 0.24 0.01 1.00
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1.5.3 Model Specification

| cast our simultaneous model in a hierarchical Bapefssanework. Assume that for
keywordi at timet, the sponsored advertising display of advertisefjerteivesi: clicks
andmy; conversions out dfliis e ar ¢ h e s , j Ow [iNEurtleermore, @mong thg: clicks,
there aram; conversions, sth thatmj: Oni:. | define the probability of a click g% and the
probability of a conversion ag:, conditional omii > 0. In our model, the consumer faces
two decisions, click and conversion, that lead to three outcomes. First, a consumetiokigh
the keyword advertisement and make a purchagg:j. Second, a consumer can click the
keyword advertisement but nmtake a purchaseig (11 gjt)). Third, a consumer can choose
not to click (1i pjit). These decisions depend on differeringadividual keywords, both
observed and unobserved, and the observed characteristics of the seller and the product. The
probabiity of observing 6it, mit) is given by

(1)

""'-I:_ff:

f[:rni_;l'r’ ”':'_;u'r! pz’_;l'r" q:‘_;u':-) = [:1 - F"i_;l'kjﬂl—l‘"—.r_”i'fr [pi_;l'k [1 -

(8 e —nije )5 —myge Jimg g !
qz‘jk)]”[ﬁ_m[ﬁ (PijeGija) 0t
Consumer s 0 deTbachck ratesa sponsa adVertisekent receives
vary across keywords, according to the corresponding audiéexagh et al. 2014; Rutz
and Bucklin 2011and the rank of search advertiseméRustz et al. 2012; &ng and
Ghose 2010)Therefore] model the clickthrough rate as a function of observed
heterogeneitieSpecificity, Populaty, andDisplayRanka vectorX: containing

observed covariances; and unobserved keyhawel, sellerlevel, and timdevel
heterogeneities. The probability of clipl by the latent consumer utility functicmf;j.‘,jc"
IS given as:
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axp( LI-E'__L; chy

+expl U{j}lm )

(2) p:‘_;u‘r = 1 ’ and

(3) Ustick= (hi + Uy PriceRank: + UhiPriceRank;: + sSpecificity+ iPopularity +

ijt

UsDisplayRanlk + Xt +677* + 6715+ i
To capture unobserved sellerel and timdevel heterogeneitie$,nclude two random
effects: " is the random effect for timg andgs " is the random effect for a seller of

advertisement In turn, Xt is a vector of observed covariances, including the average

sponsored prices of keyworat timet, the length of keyword a dummy vaable indicating

whether the keywordcontains certain brand names, the length of advertisgiment t i t | e at
timet, cumulative past sales of the advertised propattimet, the price of the produg¢tt

timet, the number of keywords thatlvertisemetjd6 s s el | er stpaoditleor ed at
number of products that advertisemghts s el | er stpTo capture keywordeviel t i me
heterogeneityl use random coefficients for the intercept &#nteRank The random

coefficients are modedl as:

g &l} 0 0 s o e
7 pec:f:c:t}ri] a
Tul = 1 12 ES
4) [ ll] cfl] + @y ﬂfl_] X [Pﬂpldﬂr‘itpi -
=2i
B . “ 3
20§ 0 211 21: 213
®) [e5 |~ MVN]| |of. |25 =% =%
o ol |25, & I

=2

Consumer s 0 de cKewvord adegertiding litecature gsuggedts.that

conversion rates vary across keywor8pdcificityandPopularity) and positions
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(DisplayRank (Rutz et al2012; Yang and Ghose 201(h addition, review volume

provides a quality signal tha(hevahefdndiences co
Mayzlin 2006; Zhu and Zhang 2010h our research context, review volume and

discount rate can be observed only on the product pagleeyg are exogenous to ¢ic

decisions. Furthermore, it takes some time for products to be delivered, so review volume

can be considered predetermined. Thuspdel the conversion rate as a function of

Specificity, PopularityDisplay RankXit, Review\dlume, DiscountRat@nd ramlom

effects at the keywordseller, and timelevels. The probability of conversia

determined by the latent consumer utility functiffif™” is given as:

exp| Ul-r.-':;m" )

6) q:je = — e, and

(7) UE2™ = bgi + briPriceRanlg + baiPriceRanki: + bsSpecificity+ bsPopularity +

ijt
bsDisplayRanlg + eReviewt + byDiscountRatg+ Dga7Xij + 577" + 877"+ it U
To capture unobserved heterogeneity in terms of time and the keldude two

random effectsiZ°"* is the random effect forrtiet, andé7°"* is the random effect for a

seller of advertisement| again capture unobserved heterogeneity with a random coefficient,

specified on both the intercept and BriceRank as follows:

=8
H ﬁl} ':I ':I P C'I}i.
ol B Specificity, .8
(8) Iﬁli] - }9_1 + 1811 JE]_:] X [Popu!ar:’t}ri] Sul and
1‘9:1 1321 JB:: =B

2o

&l
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Advertiser 6s deNextdmode lont lpe iadkv aratniks er 6 s s
rank decision. Advertisers adjust their strategy to obtain competitive advantabes, so
expect that sellers determine thgiicing strategy on the basis of theipextations about
competitorsodé pricing strategies, their own p
through and conversion rates), and their current product status (i.e., review volume). The
adverti ssdionesmdt determmead by product prscend discounts, dalso
expect advertisers to adjust the advertised prices according to the current display rank.
Thus,l modelPriceRankas a function oDisplayRank, Review, DiscountRaaad Xij;

thelagged clickthrough ratejt-1), conversion r (giit-1), and price rank of the same

keyword PriceRank.1); andthe random effects for time(§7"*°%) and for sellej

(H}?’"*”). ThenPriceRank is modeled as:

(10) PriceRanlg = yot+ yi1PriceRank.1+ »@pecificity+ siopularity + yReview

+ yDisplayRank + yDiscountRatg+ 7fijt-1+ s@ijt-1+ Y-18Xijt
+5f‘rics + Hf"rica_'_vijt.

Advertiser 6s de cFinaly, selters ohserve prisrpdvertisingr a n k .
performance, achieved through their previous bidding activity, andaseeftimal
advertising position. The platf o4hmughl so cons
rate and product popularity to determlridding results. Thug,use the lagged cliek
through ratepjt-1, conversion ratejt-1, and advertising positiroDisplayRank-1; Reviews
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DiscountRateand keyword characteristics (i.8pecificityandPopularity); andthe
random effect$7*"* for timet andu':%'j"‘“"k for sellerj whenl modelDisplayRank

(11) DisplayRanlg =lo+ iiisplayRank-1+ 28pecificity+ siopularity + GsReviewt
+ UsDiscountRatg+ effj1+ 7@+ sfXip +877" + 87"+ ui.

Finally, to model unobserved covariancelgt the four error terms correlate as

follows:
lije 0] [ 24 Q45 0y,
Ei 0 .. .. 10, .,
12) |, [~ mvN| ][5 SE B
(12) Vije 0| |31 D32 Q33 Oy
Hije 01 10y Oy Qi Oy

1.5.4 Identification
To identify endogeneity and the proposed system of the simultaneous equation
model,l provide a sketch of the model, which boils down to the following simultaneous

equations:

(13)p;;. = f(Pricerank,;, DisplayRank;

ijtr ijt* :_;uz-lnz_;lrj

(14) q;. = f (Pricerank,,,DisplayRank ., X it Eije )

(15) Pricerank;;, = f(DisplayRank XPTEE g v;;.), and

jer ije
(16) DisplayRank,;, = f(X5", u, )

ijt

wherex?,, X, XI°°, andX75"™ are exogenous variables from the four equations.

The error termsef, ., =, ;,, u;;+, andv, ;) capture information observéxy decision
makers (consumers, sellers, and the platform) but not researchers. The endogeneity of

PriceRankandDisplayRankcan be identified by correlation among the error terms, such
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thatPriceRankis endogenous if;;, correlates withy, ;. or £, andDisplayRanks

it

endogenous if; ;. correlates withy, ., &, ., orv

e (e OV,
A triangulation system can be identified too, by modeliigplayRankas
exogenously det er mi npertbrmbhnge withtlee seane kepwortl,i ser 6 s p
other keyworerelated characteristics, and a latent instrumental variable. Given
DisplayRankand t he advertiserods past performance
determine their pricing strategy, which determineseéhe f ect s of t he advert.
PriceRank Finally, PriceRankandDisplayRankaffect both clickthrough and conversion
probabilities.
1.5.5 Estimation Results
To ensure the model is empirically identifieéghretest it with a simulated data det.
randomlygenerated a set of parameters to be estimated, then calculated the clicks and
conversions using a sample from the data set and the proposed distribution$. When
estimated the proposed model with the dated datal were able to recover the true
parametevalues. This result mitigates concerns about the empirical identification of the
proposed model.
| adopt a Bayesian approach and use the Markov chain Monte Carlo (MCMC)
method to estimate our proposeddrl.| draw samples from the posterior distributimin
40,000 iterations following a bwin of 40,000 iterations and save every 40th draw to
avoid potential autocorrelations (s&ppendixB for details of the MCMG@Glgorithm and
AppendixC for the MCMC diagnosis To avoid the influences of firgtage biass

(Agarwal et al. 2011and the incomparaliy of the sponsored advertisements in later

pages) used samples containing only advertisements displayed in the first page of search
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results (i.e., top 8 positions). Table 4 presemsrésults of our main effects tests
regarding the influences of pda ranks and keyword attributes on cltbkough and
conversion ratedn addition,l report the estimated, unobserved, keywence|
heterogeneities and estimateatiancé covariance maix in table 5 and 6Price rank has
a U-shaped effect on the cligkrough rates, such that the fimtder term has a negative
effect @, =-1.483,p <.01), but the secordrder term has a positive effed,& 1.319,p
< .01). Advetisements that feature product prices that are relatively highworelceive
more clicks from keyword searches, in support aflal addition, price rank has a
positive firstorder effect §, = .824,p < .01) and a negative secondder effect(,= -
.760,p <.01) on conversion rates, in support of H

Table 4 also reveals moderating effects of keyword specificity and popularity. Fer click
through rates, the {dhaped effect of price ranks is weakened by keyword specifigity (
=.979,p < .01 firstorder interactionth: = -.921,p < .01 seconebrder interaction) and
enhanced by keyword popularityh = -.724,p < .01 firstorder interactionth, = .610,p
< .01 secongbrder interaction), in support ofstdnd H. For conven®n rates, the inverted U
shaped effect is enhanced by keyword populabiy=.390,p < .01 firstorder interaction;
b2 =-.434,p < .01 secongbrder interaction) but weakened by keyword specifidity ¥ -
.563,p < .01 firstorder interactionb1=.524, p < .01 seconebrder interaction), in support
of Hs and H.

Figure 1 further illustrates the effects of the price ranks on-thickugh and
conversion rates, along with the moderating effects of keyword specificity and popularity.
The high and low alues of specificity and popularity are one standard deviation above

and below the means, respectively. As illustrated, when the price rank moves from
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extreme to moderate values, the clibkough rate decreases by around 21.03% (i.e.,
from 5.08% to 4.01%)and the conversion rate increases by 15.05% (i.e., from 1.43% to

1.65%).

(@)

Keyword specificity weakens -pricecdisplaye r s
(Figure 1, Panel A) and thus minimizes the differences between moderate and extreme
prices, such thahe clickthrough rate decreases by 33.09% (from 5.31% to 3.55%) for
low specificity keywords and by 6.89% (from 4.86% to 4.52%) for high specificity
keywords as the price rank moves from extreme to moderate values. Keyword popularity
expands the differeees between extremely priced alternativeasd moderately priced
alternatives though (Figure 1, Panel B), such that the-tilidugh rate decreases by
11.90% (from 5.06% to 4.46%) for low popularity keywords and by 29.26% (from 5.10%
to 3.60%) for high ppuarity keywords when the price rank of the target product moves
from the extremes to a moderate position.

For conversion rates, keyword specificity weakens (Figure 1, Panel C) but keyword
popularity enhances (Figure 1, Panel D)ddgantages of the merhately priced displays.

As the price rank moves to the middle, the conversion rate increases by 4.45% (from
1.57% to 1.64%) if keyword specificity is high and by 26.73% (from 1.31% to 1.66%) if
keyword specificity is low. In additiothe conversion rat@creases by 24.50% (from
1.28% to 1.60%) when keyword popularity is high and by 6.15% (from 1.60% to 1.70%)

when keyword popularity is low as the price rank moves from the extremes to the middle.
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TABLE 4
Estimated Results

Dependent Variable Click-through Rate Conversion Rate Price Rank Display Rank

Main Effects
Price Rank -1.483(.079) .824(.122)
Price Rank 1.319(.067) -.760(.101)

Moderating Effects
Price Rank x Specfficity .979(.056) -.563(.105)
Price Rank x Specificity -.921(.055) .524(.096)
Price Rank xPopularity -.724(.059) .390(.112)
Price Rank xPopularity .610(.057) -.434(.102)

Control Variables
Specfficity -.467(.035) .332(.069) -.001(.001) -.004(.001)
Popularity .324(.034) -.271(.067) .000(.001) .000(.001)
Ave. Sponsored Price -.033(.006) .049(.010) .003(.003) .003(.003)
Keyword Length .100(.025) .144(.034) -.001(.001) .004(.001)
Brand .006(.051) -.022(.071) -.005(.002) -.001(.003)
Title Length .027(.007) .060(.011) -.003(.003) .004(.003)
Ave. Organic Price .013(.005) .026(.009) -.015(.001) -.001(.001)
Display Rank -1.119(.044) -.763(.054) -.008(.010)
Past Sales .060(.012) .099(.023) .002(.004) -.033(.005)
Product Price .041(.007) -.096(.013) .041(.001) .000(.001)
Product Number -.027(.012) -.028(.016) -.001(.008) -.022(.010)
Keyword Number .011(.006) .042(.009) .005(.001) -.033(.002)
Review Volume .052(.022) .002(.012) .005(.022)
Discount Rate .077(.010) .004(.007) -.006(.012)
Price Rank; .133(.002)
Click Ratg ; -.008(.013) -.119(.019)
Conversion Ratg .018(.011) .057(.016)
Review Volume; .012(.001) .010(.001)
Display Rank; .151(.002)
Intercept -2.281(.070) -4.586(.245) .458(.027) -1.861(.052)
DIC 229696.653

Note: In table 4-7, 1) Specificity and Popularity are mean-centered; 2) Posterior means and posterior standard deviat

parentheses) are reported, and estimates that are significant at 95% are bolded.
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TABLE 5
Study 1: Unobserved Heterogeneity Estimates

Unobserved Heterogeneity Estimateg) (S

Ui (Intercept) U,; (Pricerank) U, (Pricerank?)
Ui (Intercept) 1.340(.121) -1.373(.117) -.587(.065)
Uy, (Pricerank) -1.373(.117) 1.490(.117) .571(.063)
U,; (Pricerank?) -.587(.065) .571(.063) .474(.040)
Unobserved Heterogeneity Estimate%) (S
bgi (Intercept) b,; (Pricerank) b, (Pricerank?)
boi (Intercept) 2.750(.296) -2.568(.272) -1.577(.176)
b,; (Pricerank) -2.568(.272) 2.487(.256) 1.493(.162)
b, (Pricerank?) -1.577(.176) 1.493(.162) 1.242(.115)
TABLE 6
Study 1: Estimated Variance and Covariance Matrix
d;i (Click) U (Conversion) vjit (Pricerank) :j; (DisplayRank
dij (Click) .752(.004) .526(.006) -.003(.001) .016(.004)
Ui (Conversion) .526(.006) 1.331(.012) -.007(.002) .014(.004)
Ui (Pricerank) -.003(.001) -.007(.002) .036(.000) .002(.001)
g i (DisplayRank .016(.004) .014(.004) .002(.001) .079(.000)
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FIGURE 1
The Effects of Price Ranks
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1.5.6 Post Hoc Analysis: Economic Values of Price &ks

| derive implications for the economic performance of each price rank by applying
the estimated model. Specificallycalculate, counterfactually, the number of clicks,
number of conversions, and profitability of each price rank across differeist ¢fpe
keywords | divide the keywords into four categories: niche general, niche specific,
popular general, and popular specific, such that niche or popular reflects thd level o
keyword popularity, and general or specific indicates the level of keywocdispg.

First, the first column of Tabl@éillustrates the number of clicks received by the
advertisements per day, given the price ranks. The results suggest that optenalk
for gathering clicks are extreme prices, either low or high, for poméneral keywords,
popular specific keywords and niche general keywords; while consumers have a neutral
preference toward products of all price ranks when they searatidioe specific
keywords. For niche specific keywords, the intermediately pridednative receives the
most clicks, though the gap is trivial.

Second, optimal price rank for conversions are high or low ones. Second column of
Table7 illustrates conversion®ceived by advertisements per day across price ranks.
The lowest priced alteative receives the most conversions for popular general keywords
and popular specific keywords. While the highest priced alternative receives the most
conversions for niche geral keywords and niche specific keywords, although the
differences are smaller.

To investigate the profitability of each price rahkised profitable Cogter-Click
(Profitable CPQ. Profitable CPCmeasures the highest Caer-Click that the advertiser

can pay if its profit from each conversion is $1
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(Profitable CPC = $1 x mber of conversionsy A higherProfitable CPCindicatesthe

Number of clicks

better profitability of the advertisement. Column 3 of Table 5 shows that intermediate

priced alternatives offer the highé&tofitable CPCfor niche general keywords, popular

general, and popular specific keywords. For niche §pdaywords alone fte optimal

price rank is the highest priced alternative.

Overall, these analyses show that in order to generate consumer interests reflected in

clicks and total transactions reflected in conversions, being high and/prilcevrank

hdps, while being intamediate price rank generates the highest dollar return of

investment. These patterns are particularly strong for general and/or popular keywords.

TABLE 7
Study 1: Post-Hoc Analysis

1) )

®3)

Price rank Clicks Conversions Profitable CPC
Niche general keywords

Low 189.075 2.726 $0.014

Median 146.980 2.523 $0.017

High 204.689 3.057 $0.015
Niche specific keywords

Low 160.462 2.698 $0.017

Median 165.364 2.791 $0.017

High 158.009 2.880 $0.018
Popular general keywords

Low 684.669 8.594 $0.013

Median 413.747 6.671 $0.016

High 696.251 7.638 $0.011
Popular specific keywords

Low 442.681 6.482 $0.015

Median 355.388 5.635 $0.016

High 409.365 5.486 $0.013

Notes. Profitable CPC represents the highest Cost-per-Click the advert
should pay if the profit per conversion is $1.
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15.7 Robustness Checks

To check the robustness of our estimation resiuttisnducte additional testard
the results are reported Trable8.

Model specifications.l use fixed effects for keywords, sellers, and time instead of
the current model specificatiohfind no significant differences in the estimation results.

Alternative predictors. A potential concern about the price rank measure is that the
distances across the prices of the different products are not evident. Therdifode,
the price range in the display list into five intervals and use the priceahtenan
alterndive measure. In addition to price interMatonsider the relative price of the
advertised products within the keyword search results as a predictor. The relative price of
the product i within the kdusteddyrmreagnds sear ch
variance) product price. The results are consistent with our main estimation results, and
keep the current predictor for better model fit.

Sponsored advertisements in all pagefor our main analysis, the sample consists
only of advetisements on #afirst display pages, to rule out figage biasefAgarwal et
al. 2011)and incomparability issues. To determine if advertisements on later pages also
are affected by price information, | run the proposed model with a sample containing all
observations. The estimated results are consistent.

Latent instrumental variable. Another potential concern is the endogenous nature
of the decision variables. Rutz et al. (2012) suggest latent instrumental variables might
address potential endogeneity issues, so to verify the validity of our model ideptificati

| adopt this approactEbbes et al. 2008nd reestimate the model. Testing for itfixe
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latent categories, | determine that the model with two latent categories provides the best

fit. The results are consistent with the main model.
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TABLE 8

Study 1: Robustness Checks

Dependent Variable

Panel A: Price Interval
Click-through Rate

Conversion Rate

Panel B: Relative Price

Click-through Rate Conversion Rate

Interval
Intervaf
Interval x Specfficity

Intervaf x Specificity
Interval x Popularity

Intervaf x Popularity

DIC

-.552(.095)
471(.069)

1433(.078)
-444(.062)
-.390(.069)
.351(.057)

.341(.147)
-.325(.102)

-.517(.098)
.443(.076)
.299(.092)
-.303(.080)

2152363.921

Relative Price -.055(.014) .077(.028)
Relative Pricé .067(.004) -.084(.028)
Relative Price xSpecificity .043(.005) -.032(.017)
Relative Pricé x Specificity -.043(.004) .028(.009)
Relative Price xPopularity -.024(.006) .030(.015)
Relative Pricé xPopularity .036(.004) -.027(.016)

DIC 1267104.717

Panel C: Sample with All Advertisements

Dependent Variable

Click-through Rate

Conversion Rate

Panel D: Latent Instrumental Variable
Click-through Rate Conversion Rate

Price Rank -1.379(.188) 1.064(.263) Price Rank -1.355(.079) 1.219(.207)
Price Rank 1.258(.175) -.941(.188) Price Rank 1.286(.067) -1.184(.144)
Price Rank xSpecfficity .659(.074) -.901(.185) Price Rank xSpecfficity .953(.044) -.819(.116)
Price Rank xSpecificity -.669(.068) .829(.172) Price Rank xSpecificity -.896(.044) .767(.108)

Price Rank xPopularity -.500(.079) .370(.122) Price Rank xPopularity -.705(.064) .450(.115)

Price Rank xPopularity .470(.072) -.439(.111) Price Rank xPopularity .593(.063) -.503(.114)
DIC 1578069.181 DIC 415976.997

Note: 1. Specificity and Popularity are mean-centered; 2. Posterior means and posterior standard deviations (in parentheses) are reported, and estimates that are significat

bolded.
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1.5.8 Summary and Discussion

| revealasymmetric effects of price rank on chttkrough and conversion rates, such
that consumers generally prefer extremely priced options for clicks, yet this extreme
preference diminishes amongnsumers searching withore specific keywords and
increases among those searching with more popular keywords. In contrast, the clicks of
moderately priced options are more likely to convert into purchases, and the avoidance of
extremes is especially ndle for more popular keyords and weaker for more specific
keywords. The post hoc analysis suggests that the price rank that optimizes advertising
performance depends on the type of keywords searched; counterfactual analyses suggest
that extreme prices pvae the most clicks ancbnversions, but intermediate prices
maximize the profitability of the sponsored advertisements, at leasicfor general,

popular general, and popular specific keywords.

1.6 Study Two: Evidences from an Experiment

The objectives of Study 2 are twadlolFirst,| seek to add confidence to the findings
of Study 1 by addressing potential endogeneity concerns due to selection bias and
omitted variables. Seconduse simulated clickstream data to istigate the underlying
mechanisms.
1.6.1 Method

Participantsanddesign Three hundred ten respondents
Mechanical Turk (34.00 years on average, 34.84% women) were recruited and randomly
assigned to eithesearch onlyor search anduyexperimental condition. In theearch

only condition participants had to evaluate seven search advertisements and predict the

43



price of a new product based on the information contained in those advertisements. In the
search and bugondition, participats evaluated seven search advertisements and chose
the product they would purchase. To guarantee their involvement, the participants read
that their monetary rewards would be based on their task performance. The main
dependent measures were click and eosion (purchase) behavidsee Appendix D for
details)

Procedure The experimental webpage featured seven search advertisements that
stemmed from a search for the keyword Acat
created to mimic actual search adverients listed on Amazon.com. The seven
advertised produs featured prices ranging from $25.80 to $94.98, and the
advertisements also provided basic information, such as a picture, review volume, and
review ratinggsee Appendix E for detailsJo avoid paition effects, the sequence of the
seven advertisementianged randomly for each participant. The review volume and
ratings also were the same across the seven advertisements, to rule out potential review
influences.

Participants could click any of tleeven advertisements, which led them to a

detailed prodat page. From this page, the participants in both conditions could choose to

S

Areturn to the main pageo or fAbuy this produ

Areturno | i nk pnuhe origirarwebpage gsplayingthe lseven kearoh
advetisements. There is no number limit of advertisements they can click. Clicking the
Abuy this producto button indicated a deci
clicked it left the website.iRally, participants completed questions measuring

covarances and demographic questions.
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1.6.2 Measurement and Model

MeasuresThe dependent variables are participa
decisions. For participants in the seaartttbuy condition the clicks are captured by the
subj ect s 6 viord priar thair fingl purobdseg where the conversions are captured
by the subjectsd | ast conlyoorditon,Rlbthecligktng t i ci pant
behaviors are counted as clicks. Fartgipants in the seardmndbuy condition, the
clicksar e captured by the subjectsd clicking be
the conversions are captured by thenysubjects
condition, all the cliking behaviors are counted as clicks.

To calculate theesarch phasd,relied on the sequence of clicks in the clickstream

Streany, or click sequencedivided by consumaeits total number of clickbl;

(Stream,; = ::;_llj = 1 ,N), éanging from 0 to 1. Therefor8trean = O if consumer

i'sjth click is thefirst one, andstreany = 1 if it is the last click prior conversion, which
marks a purchase decision in the buy condition and the end of the search in the search
condition.
Model.l use a consumer utility function and multinomial choice model to estimate
the clicks and conversions. Among the seven alternatives, participants choose the one
with the highest utility, given their search orientations, search phase, and other
covaiances such alesignk indicates consumess interest in the design of prodigt
measured as the designs of the advertised pr
i nt er e sPre€litkx indicatesdvhether produkthas been clicked by consunmer

prior to thejth click. AmongN; clicks by consumeir, the probability that thgh dick is
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on a product with price rark(Pix), according to the latent consumer utility functldy,
is:

A7) Py =2 likl . where =1, 2,é., 7, and
Lgexp (Ugjq)

(18) U = pox + pyStream;; + p,Design, + p;PreClick, .,
The conversion model with a similar framework is specified as
(19) U,,, = @y, + @, Design,, + @, PreClick,,,
whereStreanm) represents the phasegtrf click along consumatls clickstream ranging
from O to 1. Themp,,., p,, andg,, refer to the parameters specific to prodyauch that
P Captures the variations of prdbkty that productk appears in the first click,
Por + Py Captures the variations of probability that produappears in the last click,
ande,, captures the variations of probability that produetas finally purchased, all
relative tothe baseline.
1.6.3 Results
Figure 2 summarizes the average clicks and conversions per participants among the
alternatives across price ranks. The nmaithial choice model, estimated with maximum
likelihood, produces the estimation results in Table 9wfach the second cheapest
product (rank 2) serves as the reference. Extremely priced alternatives are more likely to
be clicked at the beginning of tkearch process. Among participants in the seanch
buy condition (column 2, Table 9), products withreme pricegp,, = 1.068,p < .01;
por= 1.061,p < .01) receive more clicks than products with intermediate priggs €
.740,p < .05;p,,=-1.635,p< .01;p,. = -1.117,p < .01). Similarly, participants the

searchonly condition (column 4, Table 9) tend to click more on the extregmes (.007,
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p<.01;p,,=.912,p < .01) raher than moderate alternatives.(=-.885,p < .10;p,.= -

848,p< .10;p,. = -.414,p > .10).

FIGURE 2
Summary of Clicks and Conversions
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Notes. The upper panel displays the average clicks per subject for all participants, and
lower panel displays the average purchases per subject for participants in the search-¢
and buy-only conditions.

Il n contrast, participantsd preferences tow
when they approach the end of their clickatns, such th&treampositively affects the

click probability of moderately priced products for partaips in searclandbuy (p,,=
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1.540,p < .05;p,:= 1.558,p < .01) but not searebnly condition f,,=.339,p> .10;
py.=.115,p> .10;p,. = -.147,p > .10) conditions. In additiorgtreamnegatively affets
the click probability for extremely priced produatsboth groups (searedndbuy p,, = -
.826,p < .10;p,,=-.980,p < .05; searctonly p,, =-.925,p < .10;p,,=-.834,p < .10).

The estimated results for consgm model (column STable 9 suggests that
participants prefer intermediately priced alternativgg £.946,p < .01;¢,, = 1.260,p
<.01;¢,; = .858,p < .01) over extremely priced oneg,{=-1.195,p < .05; ¢, = -.555,
p>.10;¢,,=-.881,p <.05).

Panel A and B of Figure 3 depict the dynamics in the click model.eAbéiginning
of the clickstream, consumers concentrate on the extremes. As they progress, participants
in the searclandbuy candition (Panel A) gradually shift their attention away from the
extremes and they become more neutral at the end of the seaseb.pghaontrast,
participants in the searamnly condition (Panel B) hold consistent preference toward
products with extremprices, although their extreme preferences weaken at the end of the
search phases. Panel C of Figure 3 illustrate the estimatdtsrior conversion model.

For participants they show a strong preference toward products with intermediate price.
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TABLE 9
Study 2: Estimated Results for Click-Throughs and Converions

Clicks Conversions
Search-and-buy Search-only

1) (2 3 (4) 5)

Main Full Main Full
Ra n kg 713(.167)** 1.068(.257)*** .567(.183)*** 1.007(.304)*** -1.195(.509)**
Rankgd } -.425(.185)** -.740(.351)** -.666(.210)*** -.885(.436)* .946(.278)***
Ranke (1} -.564(.190)** -1.635(.438)*** - 775(.216)** -.848(.437)* 1.260(.269)***
Ranke () -202(.176) -1.117(.369)*** -.505(.203)** -.414(.388) .858(.282)***
Ranke (1} .196(.169) -.109(.299) .178(.185) .390(.327) -.555(.396)
Ranky) () .666(.166)* 1.061(.256)*** .517(.180)* .912(.304)* -.881(.447)*
Stregm (} -.826(.451)* -.925(.475)*
Streagm (} .494(.535) .339(.604)
Stream (} 1.540(.609)** .115(.610)
Stream (} 1.558(.532)*** -.147(.566)
Stregm (} .644(.469) -.395(.498)
Stregm (} -.980(.458)** -.834(.482)*
Design (4 .000(.027) -.002(.028) -.005(.031) -.009(.031) -.023(.045)
PrecClg ck +837(.161) -1.719(.161)*** -1.715(.180)*** -1.589(.181)*** -.596(.234)
R? .082 114 .082 .079 .011
DIC -922.829 -860.592 -713.183 -708.472 -315.391
Sample size 132 103 132

Notes. Rank 2 is used as baseline. Subjects of buy condition with at least 4 clicks are categorized in the search and buy grc
for the first click; stage=1 for the last click (equals purchase for the buy task)
* p< .10, #*p<.05, **p<.01
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FIGURE 3
Study 2: Estimated Results of Consumer Choices

Panel A: Decision funnel for participants in searchand-buy condition Panel C:Estimated results for mnversions
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1.6.4 Summary and Discussion

The results of Study 2 add confidence to the empirical findings from Study 1, by verifying
the mechanisms underlying withaonsumer variations of click behaviors across different
consumer groups. In particular, the results showftrasearchonly consumers, in eargtage
search, they tend to click extremely priced options for developing anchors, and such pattern
persists but weakens in lageage search. This is consistent with our premise that anchoring is
particularly relevanin early stage ofhe search process when consumers do not have enough
information.

Forsearch and bugonsumers, when consumer preferences are ambiguous in early stage of
the information search, preferences evolve through an anckenhgdjustment praess
(Carpenter and Nakamoto 1989; Hoch and Deighton 198®jarticular, edy-stage consunme
evaluate extremely priced alternatives to use as anchors. With this information gained from
clicking on the extremes, consumers move toward the decision end of the purchase funnel, where
they seek to evaluate a few plausible alternatared make decisns. To do so, they find
compromise options and limit their consideration set to a few moderately priced alternatives.
Thus, as consumers move from the opening to the end of the purchase funnel, their focus shifts
from extremely priced tanoderately pricedlternatives. The variations across decision phases

cause consumers to display different preferences in terms of clicks and conversions.

1.7 General Discussion
Search advertising is a massive source of revenue for search engines strataeréising
platform for online sellerd.consider how the advertised product price might determine the ways

that consumerassess alternative optioddthough advertising positions alone are critical for
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dr awi ng ¢ on s uats shew thairmst mustset ithe priges of their products
strategically, then select appropriate sponsored keywords according to their strategic goals. The
price rank has a{3haped effect on clicthrough rates and an invertedstdaped effect on

conversion rates. Fumermore, keword specificity weakens the effect of price ranks, whereas
keyword popularity enhances their effects, on both dlckugh rates and conversion rates. The
analysis of clickstream data in Study 2 confirms thatclick and conversion patteriitem

Studyl.

1.7.1 Theoretical Implications

To broaden extant understanding of search advertisingpduceproductprice as a strong
determinant of the effectiveness of sponsored keyword advertisements. In pattshaarnew
light on the unique eterminant®f clicks and conversion@garwal et al. 2011; Ghose and Yang
2009; Rutz and Bucklin 2011¢licks, as a means search for generic information, tend to
center on extremely priced options, particylanl the early stages of the purchase funnel. The
extremely priced options, once clicked, serve as anchors for subsequent preferences and
assessments of other altermas. In contrast, conversion, as a form of deeper engagement, is
more likely for moderaly priced options that support feasible tradiedecisions in the late
stages of purchase funnel.

Thesechanges in consumer focus contribute to further variationst the course of a
complete seardlpurchase process, consumers tend to click the eagranfirst, then shift to
intermediate values as they get close to a decision. Heterogeneity among consumers also
contributes, such that searchiented consumers migleave the purchase funnel after a few
clicks on the extremes, because they have dadaime general information they needed.

Purchaseoriented consumers, depending on their prior knowledge and needs, might enter the
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purchase funnel midway through andds only on intermediate values, or else go through the
purchase funnel from start tocbut sequentially adjust their focus from extreme to intermediate
values.

These findings contribute to pricing literature, which highlights the dynamics of two
contrasing effects of pricing tactics, namely, the anchoring effeptey and Gilovich 2006;
Krishna et al. 2006and the compmise effec{Chernev 2004; Dhar et al. 2000; Kivetz et al.
2004b) | reconcile these two views by distinguishing their relevance for different stages along
the purchase funnel. The anchoring effect of extremeguap&ons works better to explain
clicks that seek exploratory mfmation in early stages; the compromise effect offers a clearer
explanation of conversions, which represent late stages closer to purchase decisions.

Keyword attributes, such as specificit and popul arity, influence
purchase decisi@{Agarwal et al. 2011; Jerath et al. 2014; Narayanan and Kalyanant 2015)
extend prior insights to show that they also function as boundary ioorsdihat shape the effect
of price ranks on consumersé responses to spo
signal different market ggnents. Specifically, the use of specific keywords implies that
consumers have wetlleveloped preferences abdckground knowledge; popular keywords
instead imply a large segment, such as a mass market. The moderating effects of keyword
specifictyandpop| ar ity highlight how these two attridckt
responses (i.e., clicks or conversipttsrelative price information in sponsored advertisement
lists. In turn, the need for anchors versus compromise differs across segments;easfioia
keyword attributes. Advertisements sponsoring more specific keywords are less likely to be
affectedby price comparisons, so the anchoring and compromise effects of the price rank

diminish. In contrast, more popular keywords attract more coropeaihd more alternative
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options for a larger segment, with greater needs for both anchors and comprongses. Th

empirical results highlight the distinct natures of these two moderajoesifis keywords
indicateconsumers who are more engaged extdemeaverse popular keywords reflect
competition in the ¢ honmeeddor maeket signaglsichiastimmsee ase co
available from product prices.

1.7.2 Managerial Implications

Firms set budgets to sponsor a few keywords out ahilliens available. Identifying the
mosteffectiveset, given budgeatonstraints, is challengingspecially considerindné
complicated nature of sponsored keyword advertigtirgrs normally participate in keyword
search advertising repeatedly and needdjust their offers to improve their results. In
interviews withsellers on online shopping websitefind that they mtentionally adjust their
sponsored product prices (e.g., doorbuster price, premium price) to attract clicks or conversions.
They clo®ly track search advertising by their competitors and adjust their own strategies
accordingly. In these efforts to improtheir search advertising, sellers could integriaée t
results of our study to inform how they adjust prices of products presergedroh results.

In particular,managers must acknowledge the nuanced effects of information displayed in
sponsored advesiments, especially price informatidmighlight discrepancies between clicks
and conversions associated with price rank; moreglick/en by price rank do not necessarily
lead to more conversions (i.e., sales). Insteahagers should develop diffetiated strategies,
depending on their objectives in terms of attracting either exploratory consumers and
maximizing their exposures sonsumers close to a purchase decision and maximizing
advertising profitability. In the former case, managers shoul@msxtreme price, so that the

products achieve high or low positions in the price ranks. In the latter case though, managers
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should @opt a moderate pricing tactic to help consumers trade off between price and quality and
identify products with the highesverall value.

Furthermore, managers should leverage keyword attributes as segmentation tools. By
considering keyword specificity drpopularity, they can strategically set the prices of their
products, relative to those of competitors that also appeheikeyword search results. The
results of oupost hoc analysis across four combinations of keyword specificity and popularity
(Tale 5) offer specific suggestions: If firms target a consumer segment using popular and
general keywords, they can increéise absolute number of clicks and conversions by gaining an
extreme price position, especially at the low extreme. Alternativael/pibssible to improve the
efficiency of search advertising, in terms of profitability, by adjusting the price to a n®dera
level. However, if firms target a consumer segment using niche and specific keywords, the price
rank does not matter.
1.7.3 Limitations and Further Research

Although this study offers important insights on the role of price rank and the effects of its
interaction with keyword attributes, some limitations also suggest research opportunitiels. First,
focus on price rank, yet spsored keyword advertising contains diverse information, such as the
sell erés reputation, r evi aswBothselienrepatatisnandand t em
consumer comments are critical inputs that online consumers use in their purchase decisions
(Chen and Xie 2008; Chevalier and Mayzlin 2006; Liu 20B&searcthat incorporates these
diverse aspects of online environments coul d

sponsored keyword advertising.
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Second, searches in online shopping websites also produce organic listings. Although
controlled for the #ect of these organilistings by including their average price, further
research might examine the influence of organic listings in more detail.

Third, further research should include more diverse keyword attributes, beyond specificity
and popularityfo determine their segentation potential, according to their ability to reflect
consumersdé6 knowledge, interests, or search
would be a promising path toward a greater understanding of consumers andhidnérisen

online advetising environments.
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ESSAY TWO: Dynamic Effectsof Cross-Channel Price Integration: Evidences
from a QuasrExperiment

2.1 Abstract

Multi-channel sellers often face a decision of whether to coordinate product prices across
channels. By leveraging a regts pricing policy implemented by an appliance retailer to its

online and offline channels, the current research estimates the déedal@& price integration

on the retailerdés product sales as well as 1in
variation event revealgarying effects on product sales across time, products, channels, and
consumer segments. As an immediate equenceprice integratiorieads to a 14.70% decrease

in sales of products without coordinated services across chanheld 4$168% increase in sales

of products with coordinated services. The price integraffact is more positive in the long

run, sut that sales of products increase by 10.07% without coordinated services and 36.07%
with coordinated services. Price intaion is more likely to affect sales of products without
coordinated services through online channels but products with coordirates through

offline channels. Finally, the consumer segmentation analysis suggests that the price integration
is favorable to experienesensitiveconsumers bus unfavorable to pricsensitive consumers.

These findings provide unique insights@nsschannel pricing strategies anthnagerial

implications for designing an effective strategy.

Keywords: crosschannel picing, channekpecific pricing, price integratioperceived

transaction valueservice coordination, product salegynamic effets
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2.2 Introduction

Retailers often integrate channels to provide more consistent shopping experiences to
consumers; by cadinating processes and technologies across all detached channels, it pursues
fla consistent, yet uniergpaeiaerosa multiplecostoavare u a | br an
t o u c h pwWalker 20d&) Retailes consider their crosshannel integration efforts a top
priority (Staista 2017)though pricing stratgesin these revised markets remain challenging
(Grewal et al. 2010; Kireyev et al. 2017; Ratchford 2009; Wolk and Ebling 20h0ke a
traditional, channespecific pricing modé in whichsellers price identical produatiferently
across channels and focus on price competitivenesach channel to meet the varying demands
of consumers across chann@lai et al. 2006; Ofek et al. 2011; Zettelmeyer 2000; Zhang
20099 crosschanrel price integration strategy purposefully makes the boundaries across
channels more permeable. A charsgécific pricing strategy might perform well in multi
channel environments, which offer opportunities to exgloitsumer surplus in each channel
(Grewal et al. 1998; Khan and Jain 2005; Ratchford 2009; Robinson. 19@®ntrast, a cross
channel price integration strategy implemeasussistent pges across channels to a uniform
level, thereby offering integsi and a seamless shopping experigiSaghiri et al. 2017; Verhoef
et al. 2015)

Such a price integration approach is getting popular that several retailers announced their
uniform pricing strategyBest Buy guarantees the same prices online and offline and offers QR
coded price tags so offline consumers can check the online (lRieeslGeek 201Q)Zara
guarantees that their online stores offer the full range of articles that the brand currently offers in
its stores, with the same prices and the same commerad@} (Bailay 2017) Onthe contrary,

Walmart experienced criticisms and online sales drop by intentionally disclosing the price
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discrepancies between online and offline st@fegslerson 2017; Hetu 2018owever, much
less is known about the outcomes of this pricing strategy. In partithikastrategy, to some
extent,contradicts price discrimination theory, which suggests charging prices that reflect
consumersd willingness to pay, t o(KhmaandJanze pr
2005; Robinson 1969 harging channelpecific prices is a form of thirdegree price
discrimination that implies the firm is aware of differencewillingness to pay across but not
within groups. Consistent prices across channels likely increase unexploited surplus, which
means firmsaé pr o{Churchand Ware 2000)this intansistemdy beémegen
research and practice requires empirical evidence to resolve it.

First, a new price policy can have an immediate impact on sales, prompting igtts be
and costs due to price changes in each channel, as well as confusion or inconvenience if
consumers need to alter their shoppi-ogpobehavi
period to become familiar with the new pricing strategy before ¢beyully evaluate and react
to it (Venkatesh and Davis 200s they have opportunities to learn about the value of-cross
channel pice ingegration, the impact might vary over tirntherefore investigate the dynamic
impact of crosshannel price integration. Second, price integration provides more consistent
shopping experiences, which need to be combined with other relevant maakitiities to
improve prouct value for consumers. In particular, coordinated service is one of the most
important determinents for perceived value of oirannel experiencgbluang et al. 2009;
Lynch Jr and Ariely 2000)Accordingly,| investigate th presence of coordianted service as a
boundary condition that determines the effects of ecbssinel price integration on product sales.
| pose two research questions:

1. What are the effects of a change from a chaspetific to a crosshannel integrated
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pri cing model on the retailerds sales perfor ma
2. How does the presence of a coordinated service in a product moderate the effect of the
change of pricing moaddddngernosalestpdrfermanee? ai | er 6s s h
3. How the dynamic effds of crosschannel price integration vary across consumers?
| empirically investigate these research questions with a unique;eymBsimental setting
involving a leading household appliance retailer that shifted away from a ciseodic,
mixed-pricing strategy to a uniform pricing strategy across channels.
With a coarsened exact matching (CEM) approach to address potential selectibn bias,
analyze 1,110,703 transactions involving 4,150 products over-eroh& period (December
2012 June 2014). Tése analyses suggest that price integration leads to a 14nrfétliate
sales decrease for products without coordinated services but a 14.68% immediate sales increase
for products with coordinated services. After a period (i.e., 6 months) of accommadtatigh,
price integration improves sales for both types ofipobs (without coordinated services, 10.07%
future sales increase; with coordinated services, 36.07% future sales increase). Further,
parametric and neparametric (i.e., Generalized Synthetion@rol methods) dynamic analyses
suggest that all productsgardless of coordinated services, suffer from an immediate sales
decreases, but the products with coordinated services recover from the immediate sales decreases
much faster than the productsthaut coordinated services. Finally, a consuteeel latent
segment analysis investigates the dynamic effects of -ctuesnel price integration across
consumers, that is, the changing shopping patterns of three consumer segments: the first segment
favoring price integration from the beginning, the second segmeatiaely reacting to price
integration, and the last segment holding a unfavorable attitude at first but turning favorable

toward price integration over time.
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With these findingsl make three min contributions. First, reveal the dynamics of sales
perfamance implications of crosghannel price integratio®y consideringorice integrationn
a multichannel retailing context composed of online and offline channels, this study offers novel
insights about how consumers react to this strat&ggond] enpirically test and show the role
of coordinated services in implementing crobannel price integratiohmaintain that
coordinating services can enhamatedewithcopnce s umer s 0
integration across channels and increasecomesut s 6 cost of searching anc
retailers. The results show coordinating services across online and offline channels improves
product sales following price integration. Third,afigh the further analysis at the consumer
level, this study dmances our understanding of characteristics of consumers exhibiting different

purchasing behaviors to creskannel price integration.

2.3 Theoretical Background
2.3.1 Perceived Transaction Vdue: Price vs. Experience

Consumers evaluate a transactiorcognparing the perceived value of the product and the
cost to obtain i{Zeithaml 188). The perceived value a consumer receives from a product not
only includes the value of the product, but also the value of shopping expdfdmushand
MacLafferty 1987; Kerin et al. 1992Wulti-channel retailers usually implement either a
channelspecific pricing strategy or a creskannel price integration strategy. The two pricing
strategies aim to i ncr ea speoviding ¢ost savirgoppdrtundiesmp et i
through flexible prices across channels or improving shopping experience through consistent
prices across channels. In a charspacific pricing strategy, sellers offer a reservation price for

consumers in some channalsda lower price for consumers in other chanii§kshl 1989;
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Varian 1980) By charging channelpecific prices, a retailer can compete with other retailers
while maintaining profitabilityGrewal et al. 2010; Huppertz et al. 1978; Khan and Jain 2005;
Ratchford2009) Ref |l ecti ng consumerso6é willingness to
channels, retails have incentives to offer lower prices to attract consumersavehprice
sensitive and search more, but charge higher prices to exploit those who are less price sensitive
and thus search less. This reflects a flexibleélpromotion oriented pricing 1sttegy
implemented across channels, which allows to differernpiates depending on consumer
characteristics in terms of price sensitivity (Hoch, Dreze, and Purk 1994). This pricing policy can
also differentiate informed and uninformed consumers (Vdrg@0). It has been highlighted
that adopting a channspecific picing strategy tends to increase mualth a n n e | retail er:
profits (Besanko et al. 1998; Khan and Jain 2005; Momtgry 1997)

In contrast, a crosshannel price integration strategy aims to reduce pistgapancies
across channels and establish a consistent shopping experience for cofisanféran et al.
2009; Saghiri et al. 2017; Verhfoet al. 2015) In so doing, retailers sacrifice pricing flexibility;
by charging uniform prices across channels, they lose margins from previously higher priced

channels and sales from previously lower priced channels. Yet actrassel price integtion

strategy can increase retail eionafility orawopnain i t i ven
reasons.
First, price integration reduces consumer sbo

transaction value. When consumers encounter priceegaccies across channels, a natural
response is to search for alternativaan (Grewal et al. 1998; Lynch Jr and Ariely 2000)
These searches impose extra, purcidependent costs on consum@alasubramanian et al.

2005; Fassnacht and ténhuber 2016andintensify price competition among retailétsynch Jr
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and Ariely 2000) Integrated prices across chatmprovide a more consistent shopping
experience, help mitigate consumer s(@Gampbelncer ns
1999) and educe incentives to search, either within or between retailers.

Second, consistent pricing across channels can evoke positive emotions to consumers, such
as predictability, trustworthiness, and reliabiliBolton et al. 2003; Campbell 1999; Fassnacht
and Unterhuber 2016; Xia et al. 200#jtegrating product prices across channels relieves
consumersd6 concerns about experiencing price
retailers. Prior research has shmotliat changing prices can erode consumer denie and
make it difficult to communicate with consumers; for example, a consistent pricing policy such
as EDLP has been noted as a way to maintain price consistency over time in a retail store
(Ortmeyer, Quieh, and Salmon 1991). In a similar vein, crebsinnel price integration can
improve consumer confidence to the retailer by removing price variations among different
channels of a retailer. As such, these two alternative pricing strategies in-ahmaaig|
environment (i.e., channspecific pricingand crosshannel price integration) have their own
advantages.
2.3.2 Perceived Transaction Value: ConsumePreferences

Consumers perceive transaction value with various preferebeidisam| (1988documents
t hat consumers weigh fAgeto and Agiveo compone
preferences, whmatgrafdn tp befefitetheconsumengpreceivecfthe
transactions (e.g., quality, experiences, etc
have to give ufe.g., price, search cost,etc.) Some consumergs vmioght consi
component&s more irportant elements in evaluating transaction galshile others might

consider figetdo components as more salience in
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different preferences, crosbannel price integration can have different effects on their value
perceptions. The strategic focuses (i.e., pridiegibility and pricing consistency) of the two
strategies cater to consumers with different preferences. Pricing flexibility via the channel
specific pricing strategy fits consumers preferring low priceswalidg to search across
channels; while the osschannel price integration fits the consumers who prefer integrated
channel and smooth channel switching experiences.

| postulate that implementing cresBannel price integration influences product sates a
result of the changing composition of comars. Retailers implementing cressannel price
integration would lose the attractiveness toward price sensitive consumers but gradually gain
attractiveness toward consumers who prefer a more integrateechmauttnel shopping
experienceFurther, priceihegr ati on i s a part of a firmés ma
coordinated to maximize their impact on firm performatdkerefore propose that the effect of
price integration can be magnified or redd by complementary marketing activities. In
particular, retailers often offer coordinated services across online and offline channels, such as
allowing consumers searchingetbnline store to arrange offline visit to get a consulting service
at the neat offline store, for products that may require additional information or customized
service before consumers can make purchase decisions. For instance, when buying large house
appliances such as washing machines and air conditioners, consumers wothdwa&dvith a
specialty sales associate to customize details of product offerings and to see where and how it
can be installed in their homdsexamine coordinated servicea$actor that moderates the

effect of price int eagformandeon on the retaileros
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24 Hypotheses
2.4.1 Dynamic Effects of Price Integration

Changing prices has a straightforward, immediate impact on product sales, especially on the
price sengive consumerskrist, price sensitive consumers will respond promptly to tizage
of pricing policy, becoming dominant in a short teAn.integrated pricing strategy proposes a
retailer to charge price somewhere between the highest and lowest e@aift prices to
maintain a certain margin rate (Kauffman et al. 2009), amddtailer cannot flexibly
accommodate the varying price preferences of consumers in each channel. In particular, online
retailers tend to generate intensive price competitind,retailers offering consistent prices
across channels will have difficulty thatch the competitive online price, due to the higher
operational costs of their offline stores, compared with online stores. Thus, price sensitive
consumersare likely to purchase less or leave the mehtannel retailer offering integrated
prices.

Seond, in a short term, it is difficult for consumeaesrealize the benefits of the new policy
and adapt their behaviors. Consistettgis a key element fomiplementing channel integration
in retailing, yet consumers may resist to a changed price pebpgcially if thechange forces
them to alter their shopping behavibtoeffler 2003) Habits associated with an existing practice
orbehavior remain important barrierRamandat <creat
Sheth 989), and the resistance to the new pricing strategy in turn might hurt the immediate sales
performance of the retaileAs such, consistent price across ctesmvould not be optimal in a
short term) therefore predict that,
H1: Changing from channelpecific to integrated pricing has a negative effect on sieon

product sales than does maintaining chaispekific pricing.
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A consistent pricing strategy méagcome more beneficial in a delayed fashion. First,
through a progressive process, the existigfomers have opportunities to assess the benefits of
the new pricing policy and adapt their purchasing behaviors. In contrast to the direct numeric
implications brought by the price change, the benefits of consistent pricing are relevant to
improving sevice quality and shopping experiences, which are less direct and more subjective
(Bolton and Drew 1991; Mitra and Gold2006) For the acceptance of new practices, perceived
useful ness i ncr eas e s(Davis¢tal 1989 Venkatesh ansl Davis 2000) | | ar
The market requires time to learn about the value of consistent shopping experisoceseas
with integrated prices across channels. Consumers also may need tthegpifice integration,
develop trust toward the retailer, and experience shopping under the new pricing policy. Over
time, they gairmore opportunities to realize the betgebf pricing consistency across channels.
However, the need to engagelese larning activities delays their access to the benefits of the
new price policy.

Second, the price integration policy can gain its attractiveness toward new consumers who
prefer an integrated shopping experiences without the hurdle of price discreparssyitscro
online and offline channels. It takes time for the focal retailer to build its reputation of offering
consistent prices. Reputation is an estimation of the consiste@ecyime of an attributéHerbig
et al. 1994)the retailer would need progressive efforts to build and maintain th&atiem of
consistent pricing. Further, it also takes time to distribute theatpuitof offering consistent
pricing to the potential consumers. The potential consumers might be reached through
information diffusion processes such as advertisements artHoftmouth effects. The
information diffusion is usually considered as a proeats delays(Koenig 1985; Trusov et al.

2009) In the long run, there will be more chances to inform and convince potential customers
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regarding the benefits associated with consigignés across channels. Therefore, price
integration should have a positive effea the longterm product sales. Formally,
H2: Changing from channedpecific to integrated pricing has a more positive effect onerg
product sales than does maintagchannekpecific pricing.
2.4.2 Additional Value of Price Integration combined with Coordinated Service

In addition to the product itself, the services are considered as another crucial intrinsic cues
for perceived qualityZeithaml 1988) especially for products that require sales specialties.
Coordinated service across channels, such apysahase consulting for online consumers in
offline stores, offered during the purchase of products can weaken the negative influence and
enhance theositive influence of price integration. On the one hand, integrated prices provide a
more consistent shopping experience when coordinated services adegraVhile price
integrated products are vulnerable to price sensitive consumers, integratedqnidened with
coordinated services can facilitate the process consumers realize the benefits of a more integrated
shopping experiences across channelhdigh coordinated services aim to encourage
consumers to take full use of multhannels (e.g., aech online, facéo-face communication
offline), the price discrepancy among channels motivate consumers to move toward the lower
priced channel. Thus, off@g consistent prices enable consumers to enjoy the coordinated
product services without the comas of being price discriminated. On the other hand,
coordinated service can increase switching cost from one retailer to afRudhter 2008 and
thus weaken the negative effects of losing pricing flexibility. The switching cost includes time
and psychological efforts and theagrtainty to deal with a new sales assoditek and Basu
1994; Jones et al. 2002)his can discourage prisnsitive consumers from switching to other

retailers. By adding exp@mce elements to products, the coordinated service also makes product
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of ferings |l ess comparabl e with tho sestviés ot her
(Burnham et al. 2003; Lynch Jr and Ariely 2000hus,| predict the moderating effects of

coordinated services for both shahdlong-term sales effects of the change to integrated

pricing.

Has: The presence of service (a) reduces the negative effect of the change to integrated pricing on
shortterm product sales and (b) enhances the positive effect of the change to integriasgd pric

on longterm product sales.

2.5 Research Context

The resealtrelies on a quasixperiment, featuring a pricing policy change by a leading
multi-channel home appliance and electronics retailer. Up until 2013, the retailer maintains more
than 1600 bdk-andmortar stores across Asia and one online store and s&vesillion
me mber s . I n 2013, the online store contribute
percentage gradually increase to around 40% in 2017. Across itsabdekortar and online
stores, the retailer sells home appliances, compdermunicatbn, consumer electronics, books,
and general merchandise, spanning more than 3 million stock keeping units. Before 2013, the
retailer has announced several orimannel activities such as B®nline-Pickupin-Store
(BOPS) and coordinated services and sagilede. While the retailer allows products to adopt the
channelspecific pricing strategy that it charged different prices between online and offline
channels, and in mif013, it announced new plan to integrate retail prices across channels.
The focal etailer was among the first to implement the crdsannel price integration policy in
mainland China. Through integrating product prices across channels, the retailer aims to enhance

theomi-c hannel experiences by pr ovreddcemanuéactisenso ot h e |
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can choose to opt out from the new uniform pricing and stay with their existing pricing plan.
Thus, the experimental group assignments are exogenous to the retaglemtafjrating the

product prices across channels, the particppteducts were guaranteed to have matched
product prices, inventory and promotions across channels. After price integration, some 70% of
the retailerds producfisamerper mae&eidntobotrlepomlsi
stores; the other 30% eghed the existing pricing stratedyassign products to the treatment

group if their prices are integrated or the control group if not. For products affected by the new
policy (i.e., treaéd group), the uniform prices, the values of which are usuallyeleet online

and offline prepolicy prices, are set to maintain the4padicy margin rate based on the sales
predictions, and the uniform prices will be adjusted at the same pace if ngcBssducts that
participated in the program after the initial@éte., June 8) are excluded from our sample for

analyses.

2.6 Product-Level Analysis: Effects of CrossChannel Price Integration
26.1 Data

The data set comprises 1,110,703 transactorehving 4,150 products between December
2012 and July 2014, made by customers living in six cities in mainland China. The products are
assigned to seven main categories: air conditioners (4.12%), refrigefat@shing machines
(7.61%), kitchen & bath (&0%), TV & home Theater (5.73%), digital appliance (10.75%),
computers (19.81%), telecommunications (9.40%), and small appliances (36.48%). For each
transaction| gather the transaction time, online andin#lretail prices, number of units sold,
transa&tion channel, product information, and customer demographics.-anth period

before the treatment (i.e., pricing policy change) provides the baseline condition, and the 12
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month period after the treatmembvides the contrast between the sales atedegroup and
control group. Of the sampled products, 2,580 (62.17%) were affected by price integration and
assigned to the treatment group. Figlitkustrates the empirical setting.

Figure 4
Quasi-Experiment Design

i Control Group ) ) ) ) ) ) ‘
' (Price notintegratell Price Discrepancy Price Discrepancy Price Discrepancy !
i Treatment Group ) ) . . : \ i
! (Price integrated) Price Discrepancy Price Integration Price Integration i
i Beforetreatment ' Shortterm ‘ Long-term i
! aftertreatment _ 3 i
: Dec 2012 Jun 203 Dec 2013 2fEFireatment 5, 5014 !

_______________________________________________________________________________________________

2.6.2 Measures

Theunit of analysis is product.aggregate the dividual transactions into 18ay periods.
For produci at periodt, | calculate overall product sales (i.8ales). ThenGroup is a dummy
variable indicating whether produds in the treatment group, afideat indicates if timet is
after the tratment. The interaction ter@roup x Treat pinpoints the treatment condition. In
addition,Serviceindicates whether professiorae-purchase consulting (i.e., fateface
expertise advice) can be arranged for online consumers in their nearbysities Of the
4,150 products, 978 (23.57%) include coordinated services. The retailer indicated that services
mainly apply to prodcts such as air conditioners, refrigerators, washing machines, kitchen
appliances, and bath appliances, whereas compugdirshones, televisions, cameras, and
telecommunication equipment rarely include service elements. Purchasing products associated

wit h professional services requires consumers
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regarding any customizeda@mnmodation. A specialty sales associate will be assigned to assist
the consumer throughout the purchase process. The speciatpssdeiates usually
communicate with consumers fateface in the brickandmortar stores, and through an online
chattingsystem in the online store. In contrast, purchasing a standard product without services is
usually selfserviced, or with the helpgf @ general sales associate.

| use two continuous variables to capture the difference of the product prices between online
and offline channels prior to the pricing policy change, such thim® High measures the
price discrepancies if online price is higher than offline price Giflcthe_High measures the
price discrepancies if online price is higher than offline pfite patterns of price discrepancies
hold for control group products before and after the treatment, so they provide an effective
baseline for the betweeagroup conparison.

Finally, I include several covariate variables in the analyBepularity is thecumulative
units of product sold in 2012 Competition refers to the number of alternative products within
the subcategory;Price: equals the average transaction price of the productyiatd Ratiat
captures the percentage of sales contributedbhgumers using both online and offline stores,
determined according to their membership status. Tdbdeihmarizes th names, definitions,

and measures of our key variables.
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Table 10
Constructs, Definitions, and Operationalizations

Constructs

Definitions

Operationalizations

Product level analysis

Group

Treat

Sales
Sales_Online
Sales_Offline
Sales_Single
Sales_Omni

Online_high

Offline_high

Service

Price

Products which follow the
consistent pricing after Jun 20,

The period after treatment

Product sales

Product sales through online
channel

Product sales through offline
channel

Product sales contributed by
online-only customers
Product sales contributed by
omni-channel customers
Products having higher online
retail price

Products having higher offline
retail price

Dummy variableGroup; = 1, indicating produdit follows
the consistent pricing policy (Treatment Group)

Dummy variableTreat; = 1, indicating time is after the
policy change (June 2013)
Total number of units sold for produicin timet; Sales;

Total number of units sold through online channel for
producti in timet; Sales_Onling;

Total number of units sold through offline channel for
producti in timet; Sales_Offling

Total number of unit sold contributed by online-only
customers for productin timet; Sales_Singleg

Total number of units sold contributed by omni-channe
for producti in timet; Sales_Omnij;

Dummy variableOnline_high =1, indicating the number
of days with higher online prices is larger for product
before treatment

Dummy variableOffline_high;; = 1, indicating the number
of days with higher offline prices is larger for prodiict
before treatment

Product associated with serviceDummy variableServicg = 1, indicating produdt belongs

Average Product Price

to the product category need services
The average unit price of produicin timet; Pricej;

72



Table 10 (Cont")

Popularity
Competition
Multi_Ratio
International
Public

Nproduct

The popularity of the product

The competition of the product
faced

The extent of omni-channel
usage
The origin of the firm

The firm ownership status

The length of product line

Consumer lewel analysis

Sales

Age

Membership

Consumer sales

Consumer age

Consumer membership level

Total number of produdt sold in 2012Popularity;

The number of alternative products sold within the sub
category where productbelongs;Competition

The percentage of sales contributed by omni-channel
customers over all sales

Dummy variabldnternational; = 1, indicating produdt
belongs to a international firm

Dummy variablePublic; = 1, indicating produdt belongs
to an IPOed firm

The number of products belongs to the firm of product

Total number of units of produgt(j =1 for price integrated
product,j=0 otherwise) purchased by consuiinér timet;
Salesj

The self-reported age of consumeAge;

The consumeir's membership level at tinte ranging from (
(lowest) to 4 (highest)Mlembership
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2.6.3 Methods: Coarsened Exact Matching

In an ideal setting, with a randomdzassignment, the difference between control and
treatment groups would represent the treatment effect. In our research context, the manufacturers
might selfselect into the price integration choice. As with all obg@mal studies, there is a
possibility of selection bias, such that the treatment group might differ systematically from the
corresponding control group. A common way to address this issue is to use matched sampling,
which selects units from a large resanof potential controlled samples produce a control
group that is similar to a treated group with respect to the distribution of some observed
covariates to reduce the possibility of a selection (R@sabaum and Rubin 1985)

| use coamsned exact matchingpéreaftetlCEM) to match treatment and control groups
(lacus et al. 2012)As a variation of exact matching, CEM relies on a coarsened range of
covariates, which represents the jointrilition of all covariances, insteadl matching on their
exact values. Because CEM directly matches on the multivariate distributions of covariates,
instead of on a single scale (e.g., propensity score), it does not rely on the functional form or
discriminative ability of a firststage propnsity score model and integrates higher moments of
the covariate distributiongacus et al. 2012)

| perform fulksample CEM with 27 variables, such as sales, revenues, and product
characteristics (seeablel11 for details), and match thetoretreatment aggregates of the
control and treatment grougdsbreak the joint distribution of all 27 variables into 1184 strata and
conduct withinstrata matching. Through this matching procésbtain a matched sample of
443,913 transactions with347 products, as detailed in Talie To test the performance of
CEM, | also performed th&-to-1 Propensity Score MatchinpéreaftePSM) with the same set

of variables. The differences between tteatment and control groups suggest CEM
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outperforms BM, thusl adopt the CEM to match experimental samples. The comparison
between joint distributions of PSkhatched sample and CEMatched samples also suggest
CEM outperforms PSM. The CEM significantly pmoves the similarity between the joint
distributionsof the two groups, in contrast to PSihtched sample and the befonatching

sample (figures i\ppendixF). | report the aftematching summary statistics in Tall2
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Table 11

Product-Level Analysis: Sample Matching Results

Before matching

After matching

PSM CEM

Treat Control Diff Treat Control Diff Treat Control Diff
Sales 60.11 159.84 -99.73 40.69 159.84 -119.15 46.22 69.01 22.79
Sales_online 32.58 63.71 -31.13 21.77 63.71 -41.94 25.78 37.54 11.76
Sales_offline 27.53 96.13 -68.60 18.92 96.13 -77.21 20.44 31.47 11.03
Sales_omni 43.07 100.90 -57.83 29.74 100.90 -71.16 32.67 49.33 16.66
Sales_online_omni 30.81 59.21 -28.39 20.99 59.21 -38.22 24.49 36.00 11.50
Sales_offline_omni 12.26 41.69 -29.43 8.75 41.69 -32.94 8.18 13.33 5.15
Sales_single 17.04 58.94 -41.91 10.95 58.94 -47.99 13.55 19.68 6.14
Sales_online_single  1.76 4.50 -2.74 0.78 4.50 -3.72 1.29 154 0.25
Sales_offine_single  15.27 54.44 -39.17 10.17 54.44 -44.27 12.26 18.14 5.88
Revenue 63363.81  348589.60 -285225.79 24398.79 348589.61 -324190.82 54317.90 78814.07 24496.17
Revenue_online 30246.54 106081.90 -75835.36 11226.18 106081.95 -94855.77 19286.90 25337.25 6050.35
Revenue_offline 33117.27  242507.70  -209390.43 13172.61 242507.66 -229335.05 35031.00 53476.82 18445.82
Online__ratio 0.55 0.42 0.13 0.57 0.42 0.15 0.54 0.54 0.00
Price 1112.94 2109.46 -996.52 829.57 2109.46 -1279.89 1030.12 1079.49 49.37
Service 0.15 0.37 -0.21 0.12 0.37 -0.25 0.14 0.14 0.00
Online_high 0.23 0.30 -0.07 0.17 0.30 -0.13 0.26 0.26 0.00
Offline__high 0.37 0.61 -0.24 0.18 0.61 -0.42 0.46 0.46 0.00
Popularity 590.59 560.35 30.24 724.58 560.35 164.24 368.53 376.15 7.62
Competition 1489.53 1565.19 -75.66 1532.64 1565.19 -32.55 1282.16 1298.64 16.48
Categoryl 0.03 0.07 -0.04 0.02 0.07 -0.05 0.02 0.02 0.00
Category2 0.03 0.15 -0.12 0.00 0.15 -0.15 0.04 0.04 0.00
Category3 0.05 0.07 -0.03 0.06 0.07 -0.02 0.02 0.02 0.00
Category4 0.13 0.08 0.05 0.18 0.08 0.11 0.08 0.08 0.00
Category5 0.26 0.09 0.17 0.40 0.09 0.31 0.18 0.18 0.00
Category6 0.10 0.08 0.02 0.12 0.08 0.04 0.05 0.05 0.00
Category7 0.35 0.38 -0.03 0.18 0.38 -0.20 0.55 0.55 0.00
Category8 0.05 0.07 -0.02 0.04 0.07 -0.04 0.06 0.06 0.00
Obs 2564 1586 1586 1586 1454 1093
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Table 12
Product-Level Analysis: Summary Statistics

Variables Mean Std. Min Max
Popularity 379.49 814.91 1.00 5458.25
Competition 1316.24 1789.32 7.00 9833.00
Service 0.21 0.41 0.00 1.00
Online_high 15.37 74.61 0.00 1413.74
Offine_high 58.41 154.70 0.00 1753.44
6-month period before treatment (per product)

Sales 4.91 8.46 0.00 222.00
Online Sales 2.38 5.72 0.00 220.00
Offine Sales 2.53 5.63 0.00 135.00
Single Sales 1.64 3.72 0.00 100.00
Omni Sales 3.27 6.15 0.00 191.00
Price 1312.40 1660.64 1.00 10829.33
Omni_Ratio 0.46 0.42 0.00 1.00
6-month period after treatment (per product)

Sales 4.46 10.81 0.00 520.00
Online Sales 2.87 7.99 0.00 353.00
Offine Sales 1.59 6.70 0.00 520.00
Single Sales 1.02 3.79 0.00 335.00
Omni Sales 3.44 8.29 0.00 404.00
Price 1228.90 1562.77 1.00 9490.00
Omni_Ratio 0.48 0.45 0.00 1.00
6-month period after 6 months of treatment (per product)

Sales 5.16 12.32 0.00 594.00
Online Sales 2.85 8.18 0.00 448.00
Offine Sales 2.31 8.80 0.00 594.00
Single Sales 0.68 2.25 0.00 95.00
Omni Sales 4.48 11.02 0.00 554.00
Price 1225.77 1571.87 1.00 9490.00
Omni_Ratio 0.50 0.46 0.00 1.00

2.6.4 Model Specification
| anticipate three variations: between the befarel dter-treatment periods, between
treatment and control groups, and between products withioated services and products

without coordinated servicelsadopt a differencem-differencesin-difference approach with a
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weighted randoreffect negative binoral (RENB) frameworkHausman et al. 1984Jhe
weighted RENB accounts for overdispersion and the correlation between- laefd@ter
treatment periods.df product in periodt, | have
(20) E[Sale;, = y1X;p s €:0w;] = w; exp{X ;e + 1t; + £:.}

wheret = 0, 1, 2;u, is the random effect for produicthat accounts for produttvel
heterogeneity; and; is the weights of productgenerated through fulample CEM. The ten
exp(u;) follows a gamma distribution with mean 1 and variakagherek is the overdispersion
parameter in the NB model. When there is no overdispersiork#el.), RENB is equivalent to
randomeffect Poisson. Furthermore, is an idiosyncratic error term that captures all omitted
variances specific to produicand timet. Thus,
(21) X, B = By + By Time, + . Group; + SaService; + §,Time, x Group; + 5Time, x |

Service; + B 5ervice; X Group; + §;Time, X Group; X Service; + W, +

BgOnline_High;, + 5 0ffline_High,,
whereSale: is the number of units sold of produaturing timet; Time= 1 if timetis in the
afterpolicy period;Group = 1 if the product belongs to the treatment grougervice= 1 if the
producti requires additional services; tlmline_High andOffline_High are two timeinvariant
variables describing therices discrepancies between online and offline channelsddugti
before treatmenandWi: contains a vector of coviates for product at timet, including the
average priceRricet), popularity of the producPpularity), competition in the subategory
(Competitior), percentage of transactions contrémiby multichannel customers
(Multi_Ratiat), and seven dummy variables for the product categories.

The withingroup comparison involves product sales before and after treatment; the
betweergroup comparison pertains to the treatment and control gemgpsdicates that the

effects are not du® timevariant unobserved factors. The differemealifference estimators,
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andg, capture the treatment effects and the differences of treatment effects between products
with services andvithout services, respectively.
2.6.5 Identification Assumption

The identifying assumption of a differenaesdifference model is that the treatment group,
had it not been treated, would have followed the same trajectory as the control group. The
presace of differential time trends might castudbt on the validity of this assumption. To verify
that the matched samples follow the common trend assumptaltulate group average in-15
day window overall sales for the control and treatment groups @%y@and conduct a common
trend analysis wit the 15day aggregates (Tabls). The two groups closely resemble each
other in terms of sales, online sales, and offline sales inthensh period before the policy
change (Periodl1 to Period1); significant trend differences appear only aftertiieatment
(Period 0). This evidence suggests that our matching procedure reduces differences in trends, and
the matched sample satisfies the common trend assumption in terms of our key dependent

variables.
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Table 13

Product-Level Analysis: Common Trend Analysis

Dependent Sales log(Revenue+1) Sales Online Sales_Offline
Period -11  .035(.065) .072(.075) -.048(.088) .053(.111)
Period -10 -.073(.081) -.019(.106) -.099(.097) -.078(.125)
Period -9 -.121(.083) -.088(.082) -.142(.135) -.022(.109)
Period -8 -.141(.082)* -.115(.085) -.113(.133) -.135(.106)
Period -7 .024(.077) .075(.083) -.046(.121) .039(.114)
Period -6  -.047(.081) -.028(.081) -.062(.106) -.087(.112)
Period -5 -.044(.062) -.078(.069) -.193(.098)* -.167(.119)
Period -4  -.078(.064) -.036(.069) -.135(.112) -.127(.118)
Period -3  .067(.063) .079(.066) -.014(.100) 113(.122)
Period -2 -.038(.063) -.071(.071) -.075(.084) -.136(.105)
Period -1  .009(.056) .010(.063) -.048(.083) .025(.106)
Period 1  .344(.080)*  .312(.085)** .345(.100)%* .408(.133)***
Period 2  .125(.063)* .058(.071) .107(.093) .120(.132)
Period 3  .136(.062)** .021(.068) .024(.102) .234(.146)
Period 4  .206(.064)** .147(.065)** .117(.087) .292(.121)**
Period 5 .034(.086) -.020(.083) .057(.087) .023(.166)
Period 6 .037(.111) .058(.091) .058(.097) -.018(.204)
Period 7 .203(.065)*** .121(.071) .161(.083)* .284(.133)**
Period 8 .044(.065) .085(.074) -.060(.089) .235(.114)**
Period 9  .260(.063)*** .191(.070)** .195(.088)** .318(.154)**
Period 10 .240(.081)*** .215(.079)*** .159(.090)* .259(.164)
Period 11 .200(.066)*** .157(.066)* .085(.091) 427(.116)=*
Period 12 .183(.064)*** .191(.067)*** .050(.085) 433(.118)***
Period 13 .457(.075)*** .492(.080)*** 424(.099)*** .380(.124)***
Period 14 .355(.068)*** .454(.078)*** .254(.086)*** 450(.121)***
Period 15 .333(.063)*** .367(.074)*** .243(.082)*** A441(.128)***
Period 16 .341(.067)** .382(.071)*** .258(.097)** A464(.129)***
Period 17 .510(.062)*** AT7(.066)*** .381(.083)*** .876(.140)***
Period 18 .592(.082)*** .668(.114)*** .453(.100)*** .932(.145)***
Period 19 .471(.064)** 517(.072)*** .391(.087)*** .667(.115)***
Period 20 .436(.065)*** 495(.072)*** .391(.090)*** .595(.129)***
Period 21 .752(.094)*** .839(.158)***  1.256(.109)*** .035(.143)
Period 22 .453(.065)*** .496(.084)***  3.067(.483)*** -.075(.116)
Period 23 .671(.079)*** .660(.088)***  3.402(.417)*** .246(.127)*
Period 24 .837(.101)** .894(.128)***  2,996(.258)*** .619(.139)***

Notes: the common trend analysis is conducted based on 15-day aggregate, the |

before treatment (Period 0) is used as baseline group.

* p< 0.10, **p <0.05, ***p<0.01
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2.6.6 Main Results

| investigate the influences of price integration on product sales by exploiting the variance
before versus after the implementation of the eotssnel price integratioifhe estimated
results are reported in column 1 and Zable 14 peraining to the coefficients of the
interaction term betweefime andGroup and the threavay interaction, reveal a significant
positive treat me.05 aned sigmficant mpderatmg effe@tdfcoordinated
ser vi c e sp<(0i). hother Wofds, price integration increases sales of products without
coordirated services by 3.56% and increases sales of products with coordinated services by
23.86%.

To understand the evolution of the impacts of price integrdtidinided the postreament
observations into two-éhonth subsamples, and reestimate the modéhwie baseline
condition. The estimation results for the first pvseitment periods reflect the immediate
impacts, while the second pdstatment periods reflect the impacteeaf period of
accommodationThe estimated results of the immediate impacre reported in column 3 and 4
of Table 14 pertaining to the coefficients of the interaction term betwiesr andGroup and
the threeway interaction, reveal a significantq@ t i ve t r e a t.168m<t.0l)eafdfaect ( b
significant moderatingéfe ct of coor di n aptet). Thakis, pricedngegrationb =
decreases sales of products without coordinated services by 15.04% and increases sales of
products withcoordinated services by 20.93% in the short term. That is, price integhatio
immediate negative impacts on sales of products without coordinated services but positive
impacts on sales of products with coordinated services, in support of H1 and H3.

The estimated results using the second-pestment suisample are reported column 5

and 6 ofTable 14 indicating that price integration has insignificant positive effects on sales of
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products, bot hp<wil)andatiuht c(obo r=di.n2alt4e, dp>s1@)rivi ces (b
thus find that price integration increases the {ergn sales of products thiand without

coordinated services by 22.63%. Thus, the price integration increasesiongerformances of

products without coalinated services and products with coordinated services, in support for H2

and H4.
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Table 14
Product-Level Analysis: Estimation Results

Overall sample

First 6-month period

Second 6-month period

1) ) 1) ) 3) 4)
Dependent Sales Sales Sales Sales Sales Sales
Constant -1.545(.043)**  -1.563(.044)***  -1.361(.049)*** -1.364(.050)***  -1.474(.051)*** -1.491(.052)***
Treat -.309(.031)***  -.259(.032)*** -.058(.030)* -.011(.030) -.394(.032)***  -.331(.032)***
Group -.188(.037)***  -.197(.038)*** -.091(.043)** -.102(.044)** -.187(.045)**  -197(.046)***
Service -.233(.048)*** -.137(.055)** -.225(.057)x*  -.190(.063)*** -.288(.058)***  -,183(.065)***
Treat>Group .062(.015)*** .035(.016)** -111(.017)x**  -163(.018)***  .218(.017)*** .204(.019)***
TreatxService -.362(.030)*** -.340(.034)*** -.427(.037)***
Group>Service .128(.043)*** .049(.047) .147(.047)**
Treat>Group>Service 179(.041)*** .353(.047)*** .077(.049)
Popularity -.013(.017) -.009(.017) -.005(.020) -.002(.020) -.027(.020) -.022(.020)
Competition -.087(.017)**  -.088(.017)*** -.105(.020)**  -.108(.020)*** -.094(.020)***  -.092(.020)***
Price -.063(.014)**  -.056(.014)*** -.031(.016)** -.026(.016) -.042(.016)*  -.032(.016)**
Omni-channel ratio 2.182(.011)*  2.185(.011)*** 1.992(.012)**  1.993(.012)**  2.193(.013)** 2.201(.013)***
Online_High .003(.003) .004(.003) .001(.003) .001(.003) .012(.003)***  .012(.003)***
Offline_High .013(.002)*** .014(.002)*** .010(.003)*** .010(.003) .019(.003)***  .020(.003)***
IMR .010(.009) .014(.010) .013(.011) .013(.011) .003(.012) .006(.012)
Likelihood -188464.338 -126731.940 -126811.008 -126745.062 -127606.012  -127472.250
BIC 377545.588 377345.315 254084.892 253959.809 255674.945 255440.353
Obs 91692 91692 61128 61128 61128 61128

Notes. Parameters of interests are bold, and standard error in parentheses in table 5 and 6

*** p<0.01, ** p<0.05, * p<0.10
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2.6.7 Dynamics of Price Integration

The main analysis suggests that the impacts of price integration on product sales evolve
over time, especially for the product withaatordinatedservices. To further understand the
dynamics, conduct an additional analysis investigating the dynamic itegdqrice integration.
| replace the variabl@ime with 35 dummy variables indicagreach 15day periods and re
estimate the main results model.

The Panel A of Figuré plots the estimated coefficients @foup; over time. The plot
suggests thaboth products witltoordinatedservices and withowtoordinatedervices suffer from a
short period of sales decrease after the policy change. However, produatsavitinatedervices
recover from the sales decrease a lot faster than the produaist@itiordinatedservices. In other

words, it is easier for consumers to learn the advantages of the consistent pricing when they are shopping

products withcoordinatedservices tha products withoucoordinatedservices.
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Figure 6
The Comparison of Dynamic Effects between DD and SC
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2.6.8 Robustness Checks

Fixed-effect negative binomiall also try different model specifications. Instead of RENB,
| re-run the analysis with a fixeelffect negative binomial, with fixed means and standard
devidions. The results in Panel A of Taldldagain are consistent with our maesults.| retain

the REBN model because of its lower-idgelihoods.
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K2K CEM matched sampld.also try different matching criterion. Instead of full sample
CEM matching] re-run the analysis with the k2k CEM matching. The k2k Cilktched
sample includ 818 products in control group and 818 products in the treated group. The results
are reported in Panel B of Tallg, which is consistent with our main results.
Zero-inflated negative binomial. Another concern that might affect the validity of
estimatim i s the zerods in our dependent variabl es
sensi ti ve |Irewntheharalyssevithadiaflated negative binomial model whdre
use all the covariances t o Theresultsamtepartddénthe er o006 s
Panel C of Tabld5, which is consistent with our main results.
Negative binomial with clustering standard error$n the main analysig,adopt the
randomeffect negative binomial model to account for the potential auteledion among
within-panel observations. Another alternative way to address the ypidimel autocwelation is
using clustering Standard Err@Bertrand et al. 2004 o test the validity of our resultsre-
estimate the model using standard errors clustered at thelbraehdThe results are reported in

Panel D of Tabld5, which is consistent with the results of randeffect model.
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Table 15
Product-Level Analysis: Robustness Checks

Panel A: Fixed-Effect Negative Binomial

Panel B: K2K CEM Matched Sample Panel C: Zero-Inflated Negative Binomial

Dependent Overall First half Second half Overall First half Second half Overall First half Second half
Yy 2) ©) 4) ®) (6) 4 5) (6)
Sales Sales Sales Sales Sales Sales Sales Sales Sales

Constant .637(.029)*** -1.261(.055)***-1.326(.058)** .678(.037)** -.982(.055)*** -1.140(.057)*** -.423(.035)*** -.478(.042)** -.397(.044)***
Treat -.466(.034)** -.183(.032)** -.523(.035)*** -.505(.041)** -.220(.039)*** -.488(.041)** -.153(.006)*** -.061(.008)*** -.222(.007)***
Group -.195(.041)***  -.057(.048) -.190(.051)*** -.235(.041)** -.156(.047)*** -.205(.049)** -.186(.023)*** -.100(.029)*** -.184(.029)***
Service -.229(.059)*** -.305(.068)** -.321(.071)*** -.255(.060)*** -.244(.068)*** -.270(.072)** -1.179(.030)*** -.989(.038)*** -1.183(.040)***
Treat>Group .033(.016)** -.169(.018)*** .202(.019)***  .030(.020) -.074(.023)***.119(.024)*** .035(.009)***-.166(.011)*** .212(.010)***
TreatxService -.358(.031)** -.331(.035)** -.425(.038)*** -.316(.030)*** -.178(.033)*** -.489(.036)** -.342(.012)** -.317(.016)** -.400(.015)***
Group>Service .182(.045)***  .091(.051)* .230(.051)*** .047(.047) -.046(.051) .060(.052) .125(.027)*** .064(.031)** .135(.032)***
Treat>Group>XService .179(.041)*** .354(.047)*** .082(.049) .051(.044) .154(.051)*** -.027(.053) .154(.020)*** .331(.025)*** .039(.023)
Popularity -.016(.019)  -.028(.022) -.027(.023) -.021(.020)  -.044(.023)*  -.007(.024) -.002(.013) .001(.016) -.015(.016)
Competition -.113(.019)*** -.155(.024)** -131(.023)** -.061(.024)* -.045(.028) -.081(.028)*** -.075(.012)** -.110(.015)** -.077(.017)***
Price -.074(.015)*** -.046(.018)** -.066(.018)*** .053(.016)** .065(.019)** .080(.019)** -.068(.009)*** -.047(.012)** -.048(.012)***
Omni_ratio 2.185(.011)*** 2.001(.012)** 2.198(.013)*** 2.006(.012)** 1.822(.015)** 2.081(.016)** 2.181(.006)** 1.986(.008)*** 2.193(.009)***
Online_High -.002(.003) -.014(.004)** -.010(.004)**  -.007(.003)** -.008(.004)* -.004(.004) -.004(.002)** .001(.002) .011(.002)***
Offline_High .013(.003)***  .001(.003) .024(.003)*** .005(.003) .003(.004)  .011(.004)*  .014(.002)*** -.010(.002)*** -.019(.002)***
IMR .014(.010)***  .011(.012) .004(.013) .005(.010) .007(.011) -.003(.012) .012(.006)**  .012(.007)* .003(.008)
Likelihood -173147.768 -112628.640 -113190.382 -126878.320 -87125.474  -84391.505 -189412.267 -127370.573 -128301.012
BIC 346924.236  225731.158 226854.608 254382.711 174727.231 169258.795 378938.667 254851.229 256712.107
Obs 91692 61128 61128 58896 39264 39264 91692 61128 61128

** n<0.01, ** p<0.05, * p<0.10
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2.6.9 Non-parametric Approach: GeneralizedSynthetic Control
For DiD esimation, the identification of causal effect relies on the matched samples of
Coarsened Exact Match based on 27 observed variabkshe Heckman correction function
However the validity of the exogenous variables in Heckman correction functioexareling
the relevant unobserved variables might decreases the valigiyarhetricestimation results
To address tleconcers, | adopt Generalized Synthetic Control (GSC) metpad2017)to
furtherexaminethe validty of the parametric estimation resulifie proposedsSCmodeltakes
the fllowing form:
(22) sales;. = 6,D;; + x,B + AL fe +a; + 1, + 551,
where the treatment indicatbs equals 1 if produdthas been affected by the price integration
at timet, and equals 0 otherwisg;is the homogenous treatment effect of prodatttimet; xi
is the vector containg timevariant covariances (i.ePrice andOmni_ratia); f= (fu, for, € x) f
is avector of unobserved common factors for tina= (ax1, i, o€ i) isehe vector of
unobserved factor loadings for produet timet; U is the product i'specific fixed effectg; is
the fixed effect for time t; an@ is the normal idiosyncti terms for productat timet. The
seeminglyunrestricteduinobserved factors and the product specific factor loadings could cover a
wide range of unobserved haigeneities. The average treatment effect on treated (ATT) at time
tis captured by the average of homogenous treatment effectitti.e= ¥ §,, /N.
Identification.The key identification assumption for causal inference is that the error terms
is independet with the treatment assignment, observed covariances, unob&srteed and
factor loadings, i.e(t UDx, X, i, f&The addictive time and product fixed effects, and the
unobserved factors would largely capture the confounders that affects the independence of the

error terms. The time and product fixed effedsld capture common trend of timedathe
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time-invariant product unobserved heterogeneity, whereas the unobserved manufacéurer
specific confounders could be captured by the unobserved factdrdisksissed earlier, the
endogeneity concern of the Dibodel is most likely derived frotthe nonrandom treatment
assignments, i.e., manufacturersod strategic
integration policy. The unobserved confounders could be decomposed into a common trend (i.e.,
the focal rediler initiating the idea of pricetegration) and the heterogenous impacts across
products (i.e., manufacturers determine whether to participant based dimtadivariant
heterogeneity). Thus, including the interactions betweenspeeific unobserd factors and
productspecific fator loadings could alleviate the influences of the unobserved confounders.

Estimation and Result$he GSC models fitted with the unmatcheéull sample, including
1,110,703 transactions of 4,150 products. iitmmberof unobserved factors selectedy coss
validation.| tried 1 to 5 unobserved factors and found that models with 2 unobserved factors
display the best model fit. The estimation results are reporfeahile 16andthe estimated
unobserved factore reported in the Web Appendix

The coumn 13 of Tablel6 reports the estimation results for the full sample, indicating a
positive effect of price integration on product sales (ATT=.164, p<.01). Similar to the results of
DiD model,| found that the impacts of price integration tend to betipesalong the tirline, as
the treatment effects in the first half of the pwetatment period is insignificant (ATT= .000,
p>.10) and treatment effects become positive in the second half of thiegadistent period
(ATT=.302, p<.01). Column-6 of Tale 16suggests thgroducts with services suffer from
sales decreases in the first half (ATT£09, p<.05) and enjoy sales increases in the second half
(ATT=.276, p< .01). In contrast, products with services would enjoy an insignificant sales

increasen the first half ATT=.093, p>.10) and a significant sales increase in the second half
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(ATT=.306, p<.05). The estimation results of GSC are largely consistent with the results of the
DiD model with the matched sample.

The panel B of Figure 3 plots thgrcamics of ATT. Incontrast to the DiD estimation, the
estimations of GSC are smaller in terms of impact size, especially for products without services.
While the general trend of the treatment dynamics is largely consistent for both products with

servicesand products withut services.

Table 16
Product-Level Analysis: Results for Generalized Synethic Control
All products
1) 2) ©)
Overall First half Second half
ATT .164(.017)** .000(.054) .302(.019)***
Omni-channel ratio 1.000(.016)*+* .944(.015) 1.025(.016)***
Price .247(.050)*** -.330(.063)*** -.085(.045)*
BIC -471 -.191 -.292
Obs 149400 99600 99600
Product w/out services
(4) ©) (6)
Overall First half Second half
ATT .036(.075) -.109(.054)** .276(.070)***
Omni-channel ratio .985(.016) .964(.019)*** .991(.019)***
Price .055(.065) .237(.126)* .263(.080)***
BIC -.631 -.398 -.481
Obs 114192 76128 76128
Product with services
() ) 9)
Overall First half Second half
ATT .126(.112) .093(.095) .306(.116)**
Omni-channel ratio .076(.019)*** .688(.023)*** .734(.021)***
Price -.367(.078)*** -.420(.095)*** -.256(.066)***
BIC -.576 -.248 -.452
Obs 35208 23472 23472

Notes. Estimation is based on 2 latent factors selected by cross-validation
** n<0.01, ** p<0.05, * p<0.10
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2.7 ConsumerLevel Analysis: Consumer Segmentation and Dynamics

In previous section, the proddetvel analysis suggests that the impacts of echssinel
price integration on product sales turns from negative to pestrer time. Theetically, our
framework posits that the effects of price integration are attribut tmteractions between
the two strategic focuseés pricing flexibility (i.e., better prices) and pricing consistency (i.e.,
better experiences), bytleer attracting orepelling consumers with certain preferences
(e.g., 0gi Vveo ([Zatkamlsl988)The attfactiechess of amrgpalidy to
individual consumers with varying preferences cannot be investigated at the pevelct
analysis|l therefore further conduct the consur®rel analysis to investigate the dynamic
effects of crosghannel price integration on the consumeé pr oduct purchasi ng.
2.7.1 ResearchContext and Data

The unit of analysis is individual consumers of the focaliletused in the produtgvel
analysis. The data set of this consuiesel analysis comprises individual transactions of the
sampled cosumers between December 2012 and July 2014. To avoid the influences of outliers,
consumers with order amounts belo% and above 99% quantile are excludeshd up with
1,190,225 transactions of 63,526 consumers. Within thed&h period, the averagember of
purchases per consumer is 18.73 (min 3 and max 195), with 75.27% products being affected by
the policy changeand the average spending is 37,776.03 local currency (min 105 and max
712,788). Among the sampled consumers, 19,866 (31.78%) are thos®mpleted their first
transaction after the policy change during our data window.
2.7.2 Measures

| aggregate thandividual transactions of products affected by the price integration (i.e.,

treated group) and products not affected by the price integr@te., control group) separately
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into 3:-month periods for each consumer. For consuraetimet, Sales: is the number of
purchased products affected by the price integratindSalesy is the number purchased
products not affected by the priggegration. For each consumer, there are 12 quarterly
aggregated observations within therh®nth periods. The pridategration occurred on the first
day of the third quarter. The bottom part of Table 1 explains the definition and operationalization
of the three key variables for the consurtearel analysis.
2.7.3 Model Specification

A latent class model with a zenaflated Poisson framewoik adopted to analyze the
individuatlevel data Conditional on a finite mixture &€ consumer segments, the cdratal

likelihood function of consumels observations on salgsis given as:

(23) fy: X B.E.4) = BX_, A ITeL, T, £ (Vi5e X e B ),

whereyi is the number of products affected by price integration (j=1) or number of products not
affected by price integration (¢ purchasd by consumerat timet, i.e.,Saleg; K is the

number oflatentconsumer segments; is the number of obseations of consumer
X; = (X;1.X ... Xp,) is the vector of covaatesof consumer of Ti periods;g = (B;.85 ... Bx)

is the vector of coefficients caaihs the coefficients of al segmentsE = (g,, o, ... g ) is the
vector of standard deviations for HliclassesA; = (4,,,4;, ... 4;_,) is the vector of th&-1

independent probability of consumidrelongs to groug ( k = 1 , -2) &defiked as:

-

.JII T }
(24) 2z = ¢ Moy Mo S0 ) gl ®_, g, = 1.

K

fPa—
oo ITL T explugjeq—teijed)

Given the individual probabilityt,,, the mixing proportions of latent segments in the

population could be calculated s =X, 1., /N, where N is the total number of consumers.
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The dependent variabjg is assumed téollow a zeroinflated Passondistribution

(25) Fly el Xie Br0n) =[50 + (1 — @i JROODT ¢ [(1 — gy 500 )R (s )17,
wheregi is the norm link functiony;,, ~N(t, exp(t;ey. ), vije)s lit IS the indicator that

equals 1 ifyj =0, andR (yit) is defined as:

(26) R(y;j0) = ™™tk w0 itly; 5oL, and

(27) u; ey = exp(By, + B, Group, T By Group,, X Quarter3, + B, Group, , %
Quarterd, + f3,, Group

X Quarterd, + f, Group, . X Quarteré,_ +

ijt it

B._,,Quarter, + ., Age, + f,;Membership, + &;u.)

wh er e idversef ovehdispersion paramet@rpup; is a dummy indicator indicating
if consumeli's jth aggregate is the number of products affected by price integration purchased at
timet; Quarter = (Quarter2, Quarter3, Quarter4, Quarters, Quarterg) is the vector of 6
guarter dummy variables of timeThe policy change (i.e., price integration) @eed on the
first day of the third quarter, thus includi@uarter3 to Quarterg are equivalent to including
the treatment indicatod ge; is the cosumeri's registered agdfembership;, is the membership level
(from O to 4) of consumaerat imet, ands; ;.;,.~N(0, 7, ) is the idiosyncratinormalerror term.
2.7.4 Results

The model is estimated withe Broyderi Fletcher Goldfarti Shanno (BFGS) algorith.
Modebk with 2 to 9 latent classese testedindthe model with6 latent classedisplays the best
model fit (i.e., lowest BIC). Tabl&7 reports the estimation results of the latent class zero
inflated Poisson model.

The results suggest thlie samplel consumergould be categorizeidto three categories:

lovers hate's andadapters Specifically, the first category of consumdosers(i.e., segment 1
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and 2), are the consumers whose sales are mostly positively affected by the price integration.
Specifically, the price integration policy has a strong and positiveceffen the sales of
consumers i noxthé&. 88 ¢are plt.. 10218(416 bpl<.. 0017, 5=0R%7, 01 ; b
p<.01) and2xs e g3ne2n = p2< 5009 ;4= B0, p& D k= BT, p<.01).

The second category of consumdératers(i.e., segment 3 and 4), are the consumers whose sales
are strongly negatively affected by the price
effects. Specifically, the price integi@n hasa negative effect on the sales of consumers in
segmenst-. 836D 3p=<.90316;, mp-<.60916;, FEg-<654 (i<;01)kand

segmens-. 0120 3p>.61101;,, M-<.70416;, BF<74D A<;01).6The last

category oftonsumes, adaptors(i.e., segment 5 and 6), are the consumers whose sales are

negatively affected by the price integration at the beginning, and the negative impacts gradually
becomes positive along the timelihe specific, the effects of price integi@t turnfrom

negative to positive xF-08d980o0npen2edls, kpn0650elg mebn t
p<.G%f; 160, p<.01)sand3s e grre.ntB;B,bf 535, p0.A1; b

bse= .609, p<.01)In other words, time has a positive neoating effect on the impacts of price

integration on the sales for these consumers.
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Table 17

Consumer-Level Analysis: Estimation Results for Latent Class Model

Lovers Haters Adapters
Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Segment 6
Constant 1.805(.005)**  -.935(.006)*** -.887(.006)***  -.527(.008)*** .313(.005)*** -.078(.005)***
Group -.699(.044)*  991(.007)*** 1.783(.006)**  1.864(.009)*** .097(.007)*** 1.176(.005)***
Group*Quarter3 1.017(.044)**  .302(.008)*** -.836(.009)***  -.012(.008) -.499(.013)***  -.133(.008)***
Group*Quarter4 1.128(.044)**  599(.008)*** -.936(.009)***  -.611(.010)*** -.250(.011)*** .187(.007)***
Group*Quarter5 1.207(.044)**  .880(.008)** -.696(.008)***  -.746(.011)** .065(.009)*** .595(.007)***
Group*Quarter6 1.297(.044)**  ,950(.008)*** -.654(.008)***  -.741(.010)*** .150(.008)*** .609(.006)***
Probk) .190*+* L1520 . 259%+* .016%+* .304x+* Q79
Notes. Other covariances are not reported for parsinomy
** p<0.01, ** p<0.05, * p<0.10
Table 18
Consumer Characteristics Across Latent Segments
Lovers Haters Adapters
Segment 1 Segment 2 Segment 3 Segment4 Segment5 Segment 6

Online ratio .248 .302 442 .359 312 301

Cheaper channel ratio .306 .337 .552 441 .337 .318

Membership status 2.004 1.849 1.854 1.893 1.900 1.917

Return consumer ratio .540 321 .266 .283 311 371
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2.7.5 Post Hoc Aralysis Consumer Characteristicsacross Segments

To further uncover the impacts of price integration across consegarents, consumer
characterigcs are calculated. The selected consumer characteristics include the ratio of online
purchases in prreatment period, ratio of orders from the lovpeiced channel in the pre
treatment period (i.e., price sensitivity), tneerage membership level (j.&fe time value) and
the ratio of consumers who made no purchase in-ther@th pretreatment period (i.e., returning
consumers). Tabl&8 summarizes consumer characteristics in each latent segment. Fawetise
it is worth noting that this categohas relatively more returning consumers (54.0% and 32.1%).
Among the remaining nereturning consumers, they have a relatively lower ratio of online
shopping (24.8% and 30.2%). In contrast, consumers in the catedaiecdshop more
frequently in onlinechannel (44.2% and 35.9%), more likely to select the lgwieed channel
(55.2% and 44.1%) and are relatively lower in membership level (1.854 and 1.893). In summary,
the consumers who are shopping online frequently and peinsitive are more likely te
driven away by the price integration policy, whereas consumers who are less price sensitive and
high in consumer life time values are more likely to accept the policy.

The results of ouransumeilevel analysished lighton the interactive nature tfe
underlying mechanisms. In particular, the results suggest the existence of three groups of
consumers: the group of price sensitive consumers and online shoppers leave after the price
increase caused by the price integrapolicy; the group of offlinshoppers and returning
customers are more likely to be attracted by the price integration regardless of price change;
while the rest consumers tend to leave after the price increase and then gradually attracted by

benefits ofpricing consistency.
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2.8 General Discussion
2.8.1 Theoretical Implications

This research offers the first empirical test of the effects of implementing actrassel
price integration on the product sales in the context of roléinnel retailers. Three key findings
emerge fromhese analyses.

First, crosschannel price integtion immediately lowers the sales of products regardless of
coordinated services. After a period of accommodation, price integration increases sales of
products without services in a slower pace and ineseti®e sales of products with coordinated
services in a much faster padeurther,our consumer segmentation analysis further reveals that
implementing price integration eventually attract consumers with preferences for consistent
experiences but repel domers with preferences for better prices.

Secoml, this research contributes to emerging mehtinnel literature by investigating the
effects of crosghannel price integration on product sales. Prior research mostly focuses on
channel integratiofGallino and Moreno 2014; Gao and Su 20di6¢onsumer experiencéBell
et al. 2017; Cao and Li 2015; Saghiri et al. 2QWidh a general assumption that mudkiannel
consumes would not encounter inconsistencies related to price discrepancies. This research
sheds new light on the unique influences of price integration. In particular, it highlights the
dynamic effects of two prevalent pricing strategies, along thightwocontasting mechanisms
(i.e., pricing constraint and pricing consistency).

Third, the research alsmntributes to pricing literature, by highlighting the contrasting
characteristics of channspecific versus crosshannel price integration models. Pnoulti-
channel pricing literature emphasizes the costs and benefits of a eBpaaidk pricing strategy

(Cavallo 2017; Kireyev et al. 2017; Vogel and Paul 2015; dahPei 20113 nd consumer s 0O
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perceptions of pricdiscrimination(Bolton et al. 2003; Cuellar and Brunamonti 2014; Faskn
and Unterhuber 2016; Wu et al. 2012; Xia et al. 200dytend thesesights by addressing two
pricing strategies in a muthannel corgxt. Consistent with prior literatureshow that a
channelspecific pricing model works better in the short run, because the inability to price the
products according to the chansgleific context has an immediate effect on product sales;
while in thelong run, crosshannel price integration is preferable, because customers have a
more consistent, seamless shopping experience theatrassel price integration supports,
which would aitweigh the incentives looking for lower price alternatives. In otlweds,
channelspecific pricing model features the prcgentated model that attracts consumers
through competitive prices, and cragsannel price integration emphasizes the semti@nted
model that attracts consumers by improving their shoppingrees.
2.8.1 Managerial Implications

Pricing strategies are critical, witha mi f i cati ons for retail erso
competition, and consumer relationships. Retailers negghtergize their marketing mix across
all available channels, but dgjrso might decrease price competitiveness and limit their pricing
flexibility (Grewal et al. 2010; Kireyev et al. 201Qur research establishes thaakes time for
consumers torgw accustomed to croshannel price integration, so price integsatmight hurt
firms in the short run, due to their loss of pricing flexibility. In a sense, firms that focus en long
term benefits should integrate product prices across channelsthmit &im to maintain
competitiveness through providing a more flegipticing policy, firms should stick to a
channelspecific pricing strategy.

In addition, firms should consider the boundary conditions that determine the effectiveness

of price integrathn, such as product type (with vs. without coordinated services)aayet
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consumer segments (experieneg. price focused consumers). Price integration improves a
consistent shopping experience, which is more important for products with high se&sch cos
such as those involving services and experidrased offeringgMinimizing costly search
efforts for these products by applying acrosk a n n e | price integration <c
competitiveness. Furthermore, price integration providesra gansistent shopping
environment without crosshannel price discpancies, yet it is beneficial only if the target
segments have a stronger preference toward better experiences than better prices.
2.8.2 Limitations and Further Research Directions

Somelimitations of this study suggest some worthwhile research oppoesirirst,|
focus on channel i ntegrati on bchanmenmegratient ai | er |,
decisions also might affect consadoptackabnelc hoi ce
integration strategy that incorporates all touchpimtcluding retailers. For example, Apple
products list the same retail prices, across all retailers and Apple stores. Such manléaeturer
integrated multchannel pricing mightredue consumer s 6 | rsellersearcheses f or
or competitionResear ch t hat f oc us-ehannebpricinmstrategy coddt ur er s 6
deepen understanding of consumersd responses.

Second, beyond the influences on product sdlesuld be helpful to investigate the
effects on margins. As posited in prior litenae, a key advantage of chamsekcific pricing is
that sellers can increase their margin rates among less price sensitive cugtumiéas and
Brunamonti 2014; Keeyev et al. 2017)n contrast, sellers that integrate crobannel prices
lose pricing flexibility, which might reduce their profitabilityindirectly infer the impats on

profits, according to overall revenue; data limitations prevent us from aoidy@sargin
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outcomes directly. Therefore, continued research should identify the profitability implications
when retailers implement a cresisannel price integration stedy.

Third, | take a holistic perspective; further research might consider speitiences on
consumersd6 perceptions and migration behavior
in a crosschannel price integration context represents a piogEath toward a greater

understanding of consumers and their behaviors in thig-ohdnhnel settings.
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APPENDIX A: Example of Sponsored Adrertisements list(Essay 1)

Figure Al
Am Example of Search-Result Webpage

Shoe size 11em below 12 yardsi11em 13 yards/11.5cm 14 yards/12em 15 yards/12 5cm 16 yards/13em Choose| mors.
Thick and fist hesl wiith stistto inside 10 increase the bottom of the muffin with the Choose| more:
Popular wo Soots high shoss
high heels Help surface material Boot height Inner material of the boot Relsted ciassdfication

¥ 398.00

ots high-heeled

¥ 1499.00 8

¥ 159.00

s

Notes. Sponsored advertisements are vertically listed (within the red rectangle) in the separate column with organic resuits.
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APPENDIX B: The MCMC Algorithm (Essay 1)

We ran the MCMC chain for 80,000 iterations and used the evérgf4be last 40,000
iterations to compute the mean and standard deviation of the posterior distribution of the model
parameters, in the application presented in the paper. We report below the MCMC algorithm for
the simultaneous model of clitkrough rateconversion rate, and price rank.

As specific, we define
“1J = [‘;':51—5.]:'“3:J = [1‘33—6]:“3J = [1-'[’&'—?]!“4J = [@p-e]
1’:‘1'I = [fxuir“nra:e]:be:“ = [Boir B1ir Bai]

Xpiivl = Xpijez = [l,Frzcermtki}-r,Pncermtk;}-t]

X = [Specificity;, Popularity;, DisplayRank,;, ]

X;;en = [Specificity;, Popularity; DisplayRank,;, , Review, ]

X3 = [LPricerank;;,_y,Pij—1, Q;je—1, Displayrank;,, Review,; , Specificity,,

Popularity,]

X;0s = [1.Displayrank;;, _,,P;;i—1.9; 50— 1, Review;,, Specificity,, Popularity;]

Step 1Drawu},, anduf,,

The likelihood function of the number of clickg and number of purchases is

P q ”"ijr[ [ _ )]”ijr"-“ijr _ Nise — R
l[“'*z‘jf*”z‘jr|”:‘jrr m;;,) & [pz'jr‘i’:'jr] Pijell — Qe (1 — pyj,) e MR,

) .
E]{pl__ur_-r:l E-'{F"-.u[-'r:'
wherep,., = ——X— andg,,, = ——%—
Pije = 1+exp l'ulf'l_.r]l Dije 1+exp|:uE_.r}
P q
u’z'_;l'r :_;lr' + ni_:'f" IJ‘l'z_:lr' :_;ur + E
P _ click click
M = Xpijer P F X 677+ 6;

112



