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Chapter 1: Introduction and Overview

Although every culture has its own unique ethicalues, reciprocity, which can be
defined as the norm of rewarding kind acts (i.@sifive reciprocity) and punishing
hostile acts (i.e., negative reciprocity), standsaauniversally embraced principle in
virtually all cultures (Fon and Parisi 2005). Thénpiples of “you scratch my back, and
I'll scratch yours” and “an eye for an eye, a todbr a tooth” are two prototypical
examples of reciprocity. Evolutionary biologistsdagconomists argue that humans have
successfully evolved an innate preference for &ssrand reciprocity. In the early 1870s,
Charles Darwin wrote in hiSescent of Men and Selection in Relation ta Sex

“...as the reasoning powers and foresight...became iragreeach man would
soon learn from experience that if he aided hik¥elmen, he would commonly receive
aid in return. From this low motive he might acauthe habit of aiding his fellows; and
the habit of performing benevolent actions certaistrengthens the feeling of sympathy,
which gives the first impulse to benevolent actidfiabits, moreover, followed during
many generations probably tend to be inheritgarwin 1871)

The norm of reciprocity is deeply rooted in humaatune and it plays an
important role in nearly all economic or socialiractions. Researchers have shown that
reciprocity has a significant impact on human bérasgnd performance in a variety of
traditional contexts, including bargaining (Guthaét1982), public good provision (Fehr
and Gachter 2000), food transfer among civiliangr¢@n et al. 2000), and garden labor
exchange (Hames 1987), among others. With the braftinternet and Web 2.0

technologies though, a majority of these sociaéranttions have now moved online.



Whereas in traditional offline markets individuase physically together in time and
space for simultaneous exchanges, transactionslimeomarkets are often characterized
by asynchronous exchanges between total strangems §eographically dispersed
locations. Because a vast majority of the inteoadiin online markets take place
sequentially and one party endures costs befomviag benefits, there is no guarantee
that future benefits will be fully delivered by aher party. One theoretical solution to
this uncertainty is formal contracts. However inagiice, issues of information
asymmetry in online markets and the lack of perfechitoring mechanisms often make
it costly or even impossible to enforce formal caats. In such settings, reciprocity can
serve as an effective implicit or informal contré8einen and Schram 2006).

In addition, the increased information availabilignd the increased transparency
and visibility of actions and behaviors make it docive for fostering reciprocity in
online markets. Since detailed histories of saai@ractions among participants are often
publicly available, it requires less effort for amdividual to recognize and reward
cooperators and punish defectors. As noted by Retlapd Brown (2010), reciprocity is
one of the fundamental drivers of online behavioaivariety of contexts. For example,
Wasko and Faraj (2005) show that reciprocity is afiethe primary reasons why
individuals share knowledge with each other inuattcommunities, while Wang and
Wang (2008) show that reciprocity drives playersmtine games to help each other.

Given individuals’ strong reliance on reciprocityr fonline interactions, a good
understanding of reciprocity-induced consumer beinaa online markets will not only
help inform the design of online markets, but gisovide guidelines for policies to

improve individual interactions. Despite the docubee importance of reciprocity in the



online context, little is known about how reciptgcactually influences individuals’
search and transaction-related behavior in onlireekets. My dissertation seeks to
understand how individuals strategically utilizeipeocity and how reciprocity affects
transaction outcomes and market efficiency in @nlinmarkets. | propose two essays to
examine reciprocity in two different online context

Negative reciprocity is very common in human intdans. Contrary to positive
reciprocity of which the emphasis is on the retwinfavors, negative reciprocity
emphasizes on the return of injuries (Eisenbergat. 2004; Friedman and Singh 2004,
Helm et al. 1972). There is considerable evidehe¢ humans take revenge in response
to hostile acts even when it is costly. Some re$esmis argue that humans are disposed to
give a greater role to negative reciprocity tharptsitive reciprocity (Friedman et al.
2004). The first essay in my dissertation exammagative reciprocity in online auction
markets. To overcome the information asymmetry l@mbin online transactions,
reputation systems have been widely implementesbtomunicate product/seller quality
and foster trust among buyers and sellers by atigwihem to share their opinions and
experiences with other members. Typically a repanasystem works as follows: after a
transaction, both parties can rate the other papgiformance; each participant has some
publicly visible reputation metrics such as theniag total of rating points received from
other participants and the percentage of posiatiags. Although the goal of a reputation
system is to elicit honest reports and ratings,twe-way nature opens the door for
gaming through negative reciprocity: one party whoeives a negative feedback can
strategically reply with a negative feedback retgssl of her actual performance in order

to force the other party who cares about her réjoutéo mutually withdraw the negative



ratings. My first essay examines this form of negatreciprocity which is called
revoking and tries to answer two related questi¢hisdo participants engage in negative
reciprocity and how does it affect the effectivened the reputation system? (2) Do
participants change their behavior if the poterfialnegative reciprocity is eliminated?
Taking advantage of an exogenous change in eBapstation system design, the
findings from the essay provide evidence that cers&llers in online markets utilize
negative reciprocity to revoke the bad ratings thegeived, thus making the reputation
mechanism less effective in distinguishing seltdrdifferent qualities. | further find that
sellers who engaged in negative reciprocity eadignificantly improve the quality of
their transactions after negative reciprocity igdmanpossible. | discuss the implication
of these findings for the design of reputation nagstms in online markets.

The second essay examines positive reciprocityhé émerging online barter
markets. Unlike transactions in money-based marketder transactions by definition
are the exchanges of goods or services withougusioney and therefore are conducted
under the norm of reciprocity. Because barter ntaréien specialize in a particular type
of good, market participants typically share simitang-term interests in those goods and
repetitive interactions are encouraged. AnothemiBaant difference between traditional
money-based online markets and online barter maikethat, while the former is often
characterized by one-shot interactions (Resnick Zgakhauser 2002), the latter allows
the potential for developing lasting reciprocaktgnships among participants. Using a
unique dataset from a leading barter market forkbpd seek to understand the
differential impacts of reciprocity-related searstnategies on transaction outcomes as

well as how individuals can be segmented into ckffié search strategies. Specifically, |



first use clustering techniques to unveil the preoh@nt search strategies in the market. |
find that there are three major search strategses by the market participants: indirect
reciprocity, immediate reciprocity, and delayedipeacity. | next demonstrate that they
have differential influences on transaction outcemehereas immediate reciprocity
search strategy helps improve the service qualitythe current transaction by
encouraging faster delivery speed from the tramsaqartner, delayed reciprocity search
strategy produces better match with an individuattial transaction needs. | further find
that individuals can be segmented into the diffeserarch strategy clusters based on their
book avidness, breadth of interest, and psychogrgpbfiles (rather than demographic
profiles). The results provide guidance for bartearket makes to segment the market
participants.

Together the findings from my dissertation will pndduild a better understanding
of how the norm of reciprocity affects individuathmvior and transaction outcomes in
various online markets and its implications for inal market design. The following

chapters provide more details about the two essays.



Chapter 2: Strategic Behavior in Online ReputationSystems:
Evidence from eBay

2.1Introduction

Reputation systems play a critical role in eledcomarkets due to significant

information asymmetry between sellers and buyes #Bd Pavlou 2002; Dellarocas
2003). A wide variety of reputation systems haverbéeesigned and implemented to
mitigate problems arising from information asymmetrwith eBay's feedback

mechanism being the most established and welletudimong them. Given the
importance of reputation systems for online markétss not surprising that both

practitioners and academic researchers have in/sstestantial efforts in examining the
design of online reputation and feedback mechaniamsvidenced by the growing
number of studies in recent years (e.g., Aperjid dohari 2010; Bolton et al. 2004;
Cabral and Hortacsu 2010; Dellarocas et al. 2008inM and Alm 2002; Resnick et al.

2006; Resnick and Zeckhauser 2002). The importahceich feedback and ratings for
transaction partners has been well documented,paiod studies have shown that a
seller's reputation score has a significant impawtsales and price premiums (e.g.,
Houser and Wooders 2006; Resnick et al. 2006).

Clearly, the effectiveness of a reputation systentically depends on the
behavior of the transacting partners (Dini and &pég2005). Given the importance of
reputation, it is not surprising that opportunisgedlers try to “game” the system to boost
their reputation scores. It has been inferred dhstibstantial percentage of buyers would
rather remain silent than provide negative ratitgg® seller due to fear of retaliation.

Therefore, one critical mission for reputation systdesign is to promote desirable seller
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behavior. Up to this point, however, there havenbiesv studies examining how sellers
respond to changes in reputation system designstiityy represents an effort to fill this
gap in the literature. In particular, | focus oneostrategic behavior within eBay’'s
reputation mechanism — the revoking of negativeebdgedback. Before May 19, 2008,
eBay allowed “revoking” — the ability to withdrawegative feedback subsequent to
mutual agreement by the buyer and seller. Whileattibty to revoke negative feedback
enables transacting partners to correct honestakaist it is also prone to abuse by
strategic sellers. Specifically after receiving egative rating from a buyer, the seller
could retaliate by giving a negative rating to theyer, and then suggest that both
transaction partners withdraw their negative rairf§ince negative ratings are very rare
(typically less than 1% of total ratings) and casignificantly more weight than positive
ratings (Standifird 2001; Resnick and Zeckhaus@&220such negative reciprocity-based
revocations can be especially damaging to an ondipetation system.

Starting in May of 2008, eBay banned the withdraafahegative feedback, and
disallowed sellers from leaving neutral and negaf@edback for buyers — in essence
eliminating the possibility of retaliation and revation by opportunistic sellers. This
policy change, the biggest in eBay’s history, pdeg a “natural experiment” setting that
allows me to infer the causal effect of reputatsystem design on seller behavior with
greater confidence.

My study seeks to empirically examine how strategibers respond to this policy
change in two periods: at the time of announcemand, in the post-implementation
period. First, shortly after the announcement efpblicy change, there was a week-long

strike by some sellers. This provides a test-bedetiers’ reactions to the changes to



reputation system. | would expect, especially giteat this policy aims to curb the
strategic seller behavior, that those opportuniséters who benefit from gaming the
system would react more strongly to a ban on sesfoking. Second, | analyze the
changes in seller feedback after the implementaifdhe new policy by comparing it to
feedback generated in the pre-change period. Usintdifference-in-differences”

approach, | seek to infer the reactions of strategilers compared to other sellers.

This study makes several important contributionsht® literature on reputation
systems. To the best of my knowledge, there hawn hew studies on the explicit
strategic behavior of sellers in the context ofirmkeputation systems. Previous studies
(e.g.: Dellarocas and Wood 2008) have inferredthineat of retaliation using statistical
models. | build on these studies, and obtain dmedtdetailed measures of retaliation and
revoking behavior, which allow us to obtain deepsights into the operational details of
the gaming behavior within a reputation systemco@d, | advance the existing literature
that reputation matters in eBay auctions (Dewan ldad 2004, Lucking-Reiley et al.
2007) by providing one of the first empirical euide of seller reactions to changes in
reputation mechanism design. Empirically, the redtexperiment setting, as well as the
use of a difference-in-differences approach, allassto infer the causal effect more
rigorously.

Theoretically, this study also provides importamsights into the theory
development of online reputation systems (Dellasad@@05). In recent years, theoretical
work on the design of reputation system has higidid the significance of modeling
how sellers respond to reputation mechanism desigrere are three different ways to

model a reputation system in a market wherein loreg sellers interact with short-lived



buyers: pure hidden information, pure hidden actenmd mixed model (Barr-Issac and
Tadelis 2008). In the pure hidden information modellers vary in their innate ability

(or “type”) to deliver a product/service, and tleputation system’s goal is to reveal the
seller’s type (Cripps et al. 2004; Mailath and Saleon 2006). On the other hand, the
pure hidden action model assumes that sellers lbam&rol over the outcome of a

transaction by deciding how much effort to put imtoln such a case the reputation
system is designed to motivate the effort the saleerts (Dellarocas 2005; Fan et al.
2005). The mixed model assumes that sellers diff¢heir innate abilities or qualities,

but low quality sellers can increase the probabibf a satisfactory transaction by
exerting more effort (Aperjis and Johari 2010; Gdkand Hortacsu 2010; Li 2010).

While various theoretical papers have adopted rmdiffe models of reputation systems,
there is little empirical evidence to verify thesempeting assumptions. My study
examines the extent to which sellers change thaabior with the reputation system
design, and generates valuable insights on theatrbehavioral assumption in these
models.

The rest of the paper is structured as followsthi next section, | provide an
overview of existing literature; section 2.3 focsise the analysis of seller reactions to
the announcement of the policy change; sectiore2adnines the seller’s response to the
changes in the reputation mechanism design (he.,dimination of revoking); and

section 2.5 concludes the paper.

2.2 Research Context and Theoretical Background



2.2.1 Online Reputation System

In online exchange markets like eBay sellers anglefsu are often geographically
separated. The buyer has few means to verify tlaitgwf the seller or hold the seller
responsible. This potential of seller opportunisreven more significant when buyers
and sellers have infrequent interactions. Reputatgystems, which disseminate
information and past behavior of individual tradexse designed to facilitate trustworthy
transactions among strangers on the Internet. Namsemonline markets, such as
Elance.com, vWorker.com, Amazon.com, and eBay laaepted reputation mechanisms
to promote honesty and better efforts in tradeesidvior.

Whereas an increasing number of studies have fdcasedesigning different
reputation mechanisms (e.g., Maslet and Penard; 2042 and Sikora 2011), eBay’s
reputation mechanism is arguably the most estaddisind the most scrutinized by the
popular press as well as by academics. On eBayritmary source of information about
the trustworthiness of a seller is his/her feedbpuaifile. Upon the completion of a
transaction, both buyers and sellers have the tppty to leave feedback within 90
days. Resnick and Zeckhauser (2002) find that lsulgave feedback 52.1% of the time
and sellers leave feedback 60.6% of the time.

The feedback has three levels of valence: positiajtral, and negative. In
addition, buyers and sellers can each provide lddt@iomments about the other party
regarding the transaction. The feedback a sellex buyer receives is aggregated with
previous feedback to calculate his/her feedbackesaahich is one key metric indicating
the user’s reputation. A user’s reputation scorealsulated as the count of distinct users

who gave positive feedback minus the count of thase left negative feedback, and it is
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displayed right next to the user’'s ID wherever fip@ars on eBay. In addition, the

percentage of positive feedback amongst all dispositive and negative ratings for each
seller is also reported. Since examining each iddal feedback comment would entail a
huge investment of time by the buyer, the reputasicore, together with the percentage
of positive feedback, is displayed to signal aes&lquality. Given the importance of the

feedback a user receives, eBay allowed buyers @lasto negotiate to mutually revoke

negative feedback ratings while unilateral attemgts disallowed. This policy has

remained in place since eBay was founded in 1988l the 2008 policy change that

disallowed revoking.

Despite eBay’s popularity and success, there has beidence of inefficiencies
in its reputation mechanism. Some sellers contittugeddle fraudulent items with
misleading descriptions without being caught. Fstance, it is estimated that over 70%
of the Tiffany jewels sold on eBay are fakes (Haf@807). Furthermore, one would
expect an effective reputation mechanism to revgarold sellers. However researchers
have failed to find consistent evidence for the actpof a seller’s reputation on auction
price. Resnick et al. (2006), for example, findtthagative feedback seems to have no
impact on buyers’ willingness-to-pay. Cabral andrtdcsu (2010) examine sales of
laptops, coins, and beanie babies on eBay andthiat neither positive nor negative
feedback influences the final auction price. Melarild Alm (2002) find that even when a
seller doubles his ratings, the consumer’s willieggito-pay for gold coin increases by
only 18 cents. Similarly, Lucking-Reiley et al. (0 find that positive ratings have a
negligible impact on price. This is echoed by Eaf@805) who finds that a seller’s

reputation has little or no impact on the actudlfmices.
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One critical issue that is detrimental to eBayjsutation system is seller strategic
behavior relating to feedback. On eBay, sellers bagers may independently leave
feedback within 90 days of the transaction andf¢leelback is available immediately to
the other party. While the system is symmetric (tmay), allowing both buyers and
sellers to rate each other, buyers are at a distalya because buyers face product
uncertainty before payment and seller opportunifer @ayment. While the reputation
system intends to facilitate buyers’ reporting a$hodnest sellers to warn others, the
symmetric nature of the previous reputation systeakes it convenient and nearly
costless for sellers to retaliate against any bpyeviding them a negative rating. Thus it
was apt to say that for buyers, “a negative fiegtdback can never be given without the
fear of retaliation” (Klein et al. 2009). This feaf retaliation reduces a buyer’'s
propensity to leave negative feedback on the s@Deflarocas and Wood 2008). As a
result, this creates an incentive for one partgttategically withhold its feedback as a
means of retaliation (Dellarocas and Wood 2008; agishi and Matsuda 2002). In
addition to these direct feedback retaliation, llesean also threaten to report buyers as
scammers or abusers of the feedback system as #&owhgcourage negative feedback.
This happens through private messaging and isirattty observable.

Once a buyer leaves a negative rating, the salleretaliate and then try to “fix”
the feedback using eBay’s revoking policy (Boltarak2009; Klein et al. 2009). In the
vast majority of cases, revoking (the withdrawafeddback based on mutual agreement)
is preceded by a reciprocal negative feedback. Véhsaller responds to a negative rating
with a negative rating, about 27% are later withdrahrough the revoking mechanism

(Bolton et al. 2009).
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In summary, the ability to retaliate and revokedfggck creates an incentive for
opportunistic sellers to manipulate their reputadidoy nullifying negative feedback.
Whereas Bolton et al. (2009) and Klein et al. (200&e pointed out the possibility of
such strategic revoking, no study has thus far gogily and systematically examined

this phenomenon.

2.2.2 eBay’s Policy Change: Put An End to Seller @ocion

Given the potential problems of eBay’s reputatigsiam, scholars have suggested
different ways to enhance the design of reputatimtems. In a theoretical analysis, Ba et
al. (2003) suggest that digital certificates isshga trusted third party can motivate
market participants to behave honestly. Others heproposed that eBay should allow
only the buyer to rate the seller (Chwelos and 2@486) or that eBay should
simultaneously reveal both partners’ ratings (Reagh2004). Eventually in January
2008, eBay announced dramatic changes to its reprut@echanism. Starting on May

19, 2008, sellers were no longer allowed to providgative or neutral feedback to
buyers. A seller now has only two choices: notilegany feedback, or leaving a

positive one to the buyer. Furthermore, revocatiomutual withdrawal of the feedback
was disallowed. Any feedback that is left cannotdyaoved unless it is investigated and
determined as a violation or abuse of eBay’s feeklpalicy after a dispute is filed. Bill
Cobb, CEO of eBay, made the following commentsisnpiblic announcement on the

reputation mechanism changes:

“... the original intent of eBay's public feedbaclkstgyn was to provide an honest,

accurate record of member experiences. ...... Butblydre current feedback system
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isn't where it should be. Today, the biggest isgiiie the system is that buyers are more
afraid than ever to leave honest, accurate feedlb@dause of the threat of retaliation. In
fact, when buyers have a bad experience on eBayinal straw for many of them is
getting a negative feedback, especially of a rataty nature. Now, we realize that
feedback has been a two-way street, but our dadwsia disturbing trend, which is that
sellers leave retaliatory feedback eight times nfogquently than buyers do ... and this
figure is up dramatically from only a few years a§o we have to put a stop to this and

put trust back into the systengeBay 2008)

This change — from a symmetric to an asymmetrididaek system - removed a
seller’s ability to retaliate against a buyer phng negative feedback. This change
serves as an exogenous event that enables usesiigate how sellers respond to the
changes in the design of eBay’s reputation sysédtar the change in the reputation
system, since buyers are shielded from retalidtimm the sellers, they should be more
willing to express their negative opinions towaetlexs. Since the policy change mostly
affects strategic sellers who have used retaliamhrevoking to “fix” their reputations,
these sellers should be the most affected by thepadéicy. If these sellers continue to
under-perform, they could easily attract more nggdeedback than other sellers under
the new (changed) reputation mechanism. Theréfiiggolicy change offers a valuable
opportunity to examine how strategic sellers resiporreputation system design, which |

examine in Sections 2.3 and 2.4.

2.3 Data
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eBay’s radical overhaul of its reputation mechanidescribed above to be effective on
May 2008, was announced on January 30, 2008. Theuacement caused outrage
amongst some sellers and culminated in a week-kinge, from February 18 to
February 25, 2008, to protest the changes (ZoWalirall 2008). To allow enough time
for the new reputation mechanism to take effedefine a 3-month period — July 1, 2008
to September 30, 2008 — as the post-change peri&@brrespondingly, | define July 1,
2007 to September 30, 2007 as the pre-change pleriado reasons. First, the pre- and
post- periods cover the same months of a year,hndilleviates potential seasonal effects
on seller behavior. Second, because the pre-chpaged ends four months before
eBay’s announcement, it is unlikely that buyers sekiers had changed their behavior in
anticipation of the policy change. Comparing the-pand post- periods allows us to
examine the impact of the change in the reputagigsiem design on buyer and seller
behaviors. Figure 2.1 shows the timeline of theneze

| draw a random sample of 283llers from the eBay marketplace (which | refer
to as “general sellers”). To control for productegpries, the sampling is stratified based
on the distribution of product categories on eBsyl argue, there are sellers who
strategically exploit the revoking policy to manabgeir displayed reputations. If this

were the case, then | would expect these sellaesfmond most strongly to the

1 eBay instituted some other change later on in Gutd?008. For example, eBay stopped allowing users
send checks or money orders as payment for itemehased on the US version of the site after Oct@bBer
2008. Buyers would only be able to pay using PayPaPay, credit or debit cards (if the seller &uas
internet merchant account), or pay for the itemrupickup. These changes are beyond this studyderio
and thus they should not interfere with the efddeedback policy change on seller behavior is gtudy.
2| restrict this sample to well-established sellgith total lifetime feedback of 500 or more at thae of
data collection in the year 2008. This reducesitiiee from casual sellers and allows for a moreitadte
measurement of seller behavior based on transaabiome. These sellers account for 69.98% of divac
listings on eBay at the time of this data colleatio
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announcement of a ban on revoking. Therefore, axagthe participation of strike
provides an opportunity to test strategic sellezaction to the change in the reputation

system design.

| use eBay’s seller central forum to identify thalers who participated in the
strike. This forum is an online space for sellersliscuss a variety of issues related to
eBay sellers, and it was established several ybafsre the strike. Following the
announcement of the policy change in January 2808yead on eBay's seller central
forum was created with the title “Sign the pledije: sales Feb 18-25!" From this thread
| identify 398 unique IDs of sellers who signed ghedge, which | refer to as “strikers”.

Since the strike was initiated in the eBay forume onay argue that sellers active
in the forum were more likely to strike merely besa they knew about it. To control for
this potential confounding factor and ensure thaustness of the results, | introduce a
second control group: forum sellers who were adtivihe forum but did not participate
in the strike. | create a random sample of 2280 s&tlers (which | refer to as “forum
sellers”).

To confirm that the sellers who pledged in thekstrthread were actually
participating in the strike, | check their listiagtivities during the strike week. | do find
that strikers reduced their listings very signifitg during the one-week period whereas |
observe no such trend for general sellers and faeifars.

For all the sellers | collect two sets of datalessl feedback history and sellers’
listing records. The data covers all listings (utthg sold and unsold items) for the years

2007-2008, as well as the feedback if receivedeBam sellers’ feedback history data, |
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calculate each seller’'s profiles, including thesputation scores and specific types of

feedback ratings, which are dynamically updateti@time of each listing.

2.4 Data Analyses

2.4.2 Are Revokers More Likely to Be Strikers?

| first analyze the percentage of revoked feedlzhalng the pre-change period for the
three groups in Table 2.1.ldifferentiate betweendases of seller retaliated and revoked
(SRR), buyer retaliated and revoked (BRR), and redaliated and revoked (NRR). SRR
feedback refers to the situation wherein the bugaves the seller a negative rating
followed by the seller retaliating with a negatirsting, and then both parties mutually
agreeing to revoke their negative feedback. BRRaek refers to the situation wherein
the seller leaves the buyer a negative rating fiadlb by the buyer retaliating with a
negative rating, and then both parties mutuallyhdrdawing negative feedback. NRR
feedback refers to the situation wherein the bgyees the seller a negative rating and
the seller directly asks for a withdrawal withoualyaetaliation.

On average, strikers have 0.028% BRR feedback ab2il% NRR feedback;
general sellers have 0.015% BRR feedback and 0.0MdR% feedback; and forum sellers
have 0.022% BRR feedback and 0.028% NRR feedbabk. differences between
strikers and other two types of sellers in termsB&®R and BRR feedback are not
statistically significant. However, strikers do leaa significantly higher SRR feedback
percentage (0.445%) than general sellers (0.0588d) farum sellers (0.056%). To
summarize the findings so far, the main differebeéveen strikers and the two other

categories of sellers is the frequency of SRR faekibThis indicates that strikers have
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engaged in significantly more retaliation and raugk they strategically retaliated
against buyers by providing them negative feedlsftdr receiving negative feedback
and then negotiated with buyers to mutually revibkeenegative feedback.

The occurrence of the strike seems to suggest#ilatrs cared about changes to
eBay’s reputation mechanism. However, there areeroffactors that might drive
participation in the strike. Specifically, at thense time eBay announced changes to its
fee structure: lower listings fees (the price cledrdor each item listed to be sold on
eBay) and higher final value fees (a percentagiefclosing price extracted by eBay).
Based on their listing and sales patterns, somg s8l&ers believed that they would have
to pay more because of these changes. Thus, @iténancial loss under the new fee
structure could have also motivated some sellejariche strike.

To control for the potential impact of changes e tfee structure, | collect
detailed listings of sellers in all three group® enonth prior to the strike (from January
18, 2008 to February 17, 2008).I collect detailddnmation about each listing, including
product category, auction style, starting pricaaffiprice, and usage of features such as
gallery pictures and subtitles. This allows us &tcelate the exact fee charged by eBay.
To measure potential financial loss, | calculate, dach listing, the difference between
fees actually charged by eBay under the old faettre and fees that would be charged
by eBay under the new fee structure. | then aggeate differences at the seller level.

In addition to changes to the fee structure, séatheer factors could potentially
influence participation in the strike as well. ®edl with a larger number of listings

(logarithmized) would suffer more financially ifel joined the strike and hence may
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have been less likely to participate. Powersellersuld also be less likely to join the
strike because they would enjoy significant finalue fee discounts under the new fee
structure. The longer a seller has used eBay, itiffeehhis/her switching cost due to the
accumulated loyal customer base on eBay. Thesrsslould care more about the long-
term interest and thus have a stronger reactidgheaeduction of seller power under the
new reputation mechanism. Therefore | include nundfenonths on eBay as another
control variable. Seller reputation is measuredbth reputation score (log-transformed)
and total negative feedback percentage (i.e., the ef revoked negative feedback
percentage and remained negative feedback peregntélge full specification of the
model is:
Logit (strike)

= a + [, * num_listing_log + f, * power_seller + (33 * tenure + 3,

* fee_dif f + Bs * score_log + B¢ * total_negative_pct + ¢

The descriptive statistics and correlation matifixh@ variables in the regression
are provided in Tables 2.2 and 2.3. The maximum ¥IE.59, well below the threshold
of 10, indicating that there is no multicollinegrégmong the independent variables.

The results of the logit regression model are showhable 2.4. Model 1 is the
baseline model. The coefficient of fee differeneaignificantly positive, suggesting that
sellers who stand to lose more (or save less) uih@enew fee structure are more likely
to strike. Consistent with my prediction, sellerghwa longer tenure on eBay are more
likely to strike. Powerseller status and the voluofidistings do not have a significant

effect on a seller’s propensity to strike.

3 A Powerseller is an eBay seller who participatethaPowersellers program and maintains a highitgual
feedback profile and constant or growing tradintumme. Powersellers enjoy a closer trading relatigns
with eBay, including increased attention, specalitools, and discounts on final value fees.
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The coefficient of total negative feedback percgat#s significantly positive,
suggesting that sellers with more negative feedlimatkre revoking are more likely to
strike. In Model 2, | divide total negative feedkgmercentage into remained negative
feedback percentage and revoked feedback percemabe regression. | find that the
pseudo R2 increases by almost 160%, supportingagkertion that a seller's revoking
behavior has significant explanatory power on lis/participation in the strike. The
coefficient of the percentage of revoked feedbaclpasitive and is significant at the
p<0.001 level. This suggests that sellers withstéohy of revoking negative feedback are
more likely to strike. In Model 3, | split revokddedback into SRR feedback, BRR
feedback, and NRR feedback. The Pseudo R2 furtft@eases by about 100%. The
coefficient of SRR feedback percentage is signifiGand positive, but the coefficients of
BRR feedback percentage and NRR feedback perceatagasignificant. This indicates
that the sellers who strategically retaliate arehthevoke negative feedback are indeed
more likely to strike. A 0.1% increase in SRR fegcl percentage would lead to 18.07
percent increase in the odds of joining the strike.

The reputation profile comparison in the pre-chamgiod and the logit
regression analyses on the strike both provide mrapievidence that revoking after
retaliation is a significant factor that motivatée participation in the one-week strike.
This prompts us to examine the change on selleavbehafter the implementation of the

new policy, as detailed in Section 4.2.

2.4.2 Reputation System’s Impact on Seller BehavioA D-i-D Analysis
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In this section, | focus on the impact of reputatgystem change on strategic
sellers. To increase generalizability, | identifsagegic sellers from the random sample of

2890 general sellets

2.4.2.1 The Effect of Revoking on Seller Reputation

Before examining how the policy change affects tstgig sellers’ behavior, it is
instrumental to assess the extent of the benedgetrsellers derive from revoking. If
revoking plays a major role in affecting these essll reputations, then it is more
reasonable to assume that disallowing revoking Ilshadffect seller behavior in a
substantial way. Therefore, | examine (1) how mrgloking contributes to boosting the
displayed reputation scores of revokers; and (2) lmevokers’ displayed and real
reputation scores compare to the reputation ofratbe-revoking sellers.

Because only SRR feedback reflects sellers’ stiategpliation behavior, | define
“revokers” as sellers who had SRR feedback in thechange period (before the
announcement of the policy change). “Non-revokerg’ sellers with zero SRR feedback
(but they may have a small proportion of BRR or NRRRdback). This results in a
sample of 221 revokers and 2669 non-revokers. Bec8&RR feedback is relatively rare,
observing a higher percentage of SRR feedbackeleokers requires that they have a
significantly higher number of feedback ratingsrnth@n-revokers. Therefore, it is not
surprising that the average reputation score feokers (815.25) is higher than that of

the non-revokers (156.66). This result is also bast with the findings of Wood et al.

*| also conduct analysis using the strikers astimenient sample of strategic sellers, and theofes
sellers as control group, and get similar findings
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(2002), which show that sellers with high reputatszores are more likely to engage in
opportunistic behavior because buyers have a higheance for them.

To confirm that My findings are not driven by tbdference in the number of
feedback ratings, | use the propensity score magchethod to correct for potential
sample selection bias due to the observable difta® (Dehejia and Wahba 2002). | first
predict propensity score based on a logit regrassfathe treatment (i.e., the status of
revoker) on several key covariates, including tekess reputation score, the seller’s
tenure on eBay, the seller's Powerseller statud, the average product price of the
seller’'s listings. Then, for each revoker in theatment group, | identify a matching
seller in the control group (i.e., non-revokersingsnearest neighbor matching on the
propensity score. Common support condition is ineposo that the treatment
observations whose propensity scores are higher i@ maximum or less than the
minimum propensity score of the controls are draopgéis results in 198 revokers and
198 non-revokers.

On eBay, a seller's displayed reputation is refldcin his/her reputation score
and in the percentage of positive feedback. Rejputatcore is defined as the number of
unique positive feedback subtracted by the numbemimue negative feedbatk The
displayed percentage of positive feedback for @miseller is calculated by dividing the
number of unique positive ratings by the total nembf unique positive ratings and
unique negative ratings. Once a feedback is revakési not included in the calculation

of reputation score and percentage of positive faekl Therefore the displayed

5 Consistent with eBay’s approach to calculate rajmrig, | only consider unique feedback: multiple
positive feedback ratings from the same buyer aumied as only one positive feedback rating. Otyyees
of feedback ratings are treated similarly.

22



reputation is subject to gaming. | further calcailatseller’s “true reputation” by taking
into account neutral and revoked feedback.

Table 2.5 provides the comparison of both displayedutation and true
reputation profiles for revokers and non-revokdfer the displayed reputation, the
average percentage of positive feedback for rewoked non-revokers is 99.42% and
99.56%, respectively. The difference is not sigaifit at the 5% level, suggesting that the
displayed reputation is similar between revokes @on-revokers.

| next compare the true reputations of revokers ramatrevokers. Note that the
revoked feedback was originally a negative feedlihek had been withdrawn upon the
mutual agreement of both the seller and the buAger adding in the original negative
value of revoked feedback, | find that revokersialty have a much higher true negative
feedback percentage than non-revokers (0.92%+0.2749% for revokers, and
0.06%+0.41%=0.47% for non-revokers, t-value=15,280.001). Combined with the
comparison of the displayed reputations, the resolicate that while revokers have a
much higher percentage of true negative feedb&ekravoking mechanism helps these
lower-reputation sellers masquerade as sellers ligher reputations. Therefore, one
would expect that a ban on revoking should eitledp heveal the true reputation of these
strategic sellers, or trigger behavioral change ramthese sellers — issues which |

examine in-depth in the following sections.

2.4.2.2 Difference-in-Differences Analysis

To measure the impact of the 2008 policy changsetier behavior, | adopt a difference-
in-differences model, which is commonly used to reixe the causal effect of an

intervention. One major advantage of the differeimedifferences model is that it
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circumvents many of the endogeneity issues that easise when comparing
heterogeneous individuals (Meyer 1995; Bertranal.62004).

DenoteA, as the change in a revoker’s propensity to receagative feedback
from buyers after the new policy, amg, as that of non-revokers. Some unobserved
factors can contribute to the change in seller tagmn scores (e.g., changes in eBay’s
buyer population, competition from other marketcpks etc). However, since these
factors are common to both the revokers and nookexg, | can difference out their
effects, and identify the extra impact of policyaolge on revokers bx; - A, (that is,
beyond the impact received by non-revokers).

| delve deeper to identify these impacts. In myec&wo major factors contribute
to the change in feedback by buyers. First, becatiskee removal of seller retaliation,
buyers are more likely to leave negative feedbadkch | term asd,. Second, with less
power in the reputation system, sellers are noelyiko improve their efforts in servicing
buyers, which could also lead to a reduction ofatieg feedback. | term this effect &
For revokers, the change in the propensity of woginegative feedback from buyers,
Ar, can be expressed as:

CIAr = Oyr +05r, Where r denotes revokers.
Similarly, the change for non-revokers can be esged as:
"1AN = &n +n, Where n denotes non-revokers.

The difference-in-differences in the propensityreteiving negative feedback

between revokers and non-revokers is:
FJAr = An = (Gor +0%sr) = (Gbn *Jsn)
= (Sbr - don) + (Jsr - Ssn)

24



Therefore, | haved, - 8sp) = (Ar - An) - (Sbr - Sbr)

In the above equationy;, - &n reflects the extra effort exerted by a revoker to
improve his/her behavior (which might be in thenfioof a more accurate description of
items, faster delivery, better packaging, amongiotheans), which leads to the reduction
in negative ratings. A negativg.- osn implies that revokers exert more efforts to reduce
negative ratings from buyers in the post-changegder

Controlling for Buyer Behavior Change: &, - &, reflects the difference across

revokers and non-revokers over the buyer’'s propemsileave them negative feedback
when holding seller service quality constant. Sitiee displayed reputation profiles of
revokers and non-revokers are very similar, asuhdébin Section 2.4.2.1, | should not
expect the buyers of revokers to be systematichitgrent from buyers of non-revokers.
Indeed | find that both revokers and non-revokesefsimilar groups of buyers. As
shown in Table 2.6, the buyers of revokers arestatistically different from buyers of
non-revokers in terms of how long they have beereBay and their reputation scores
both before the policy change and after the poticgnge. Furthermore, buyers of the
revokers group and buyers of the non-revokers graye a similar propensity to leave
negative feedback to sellers. Therefore, the diffee-in-differences terma, - A,
provides a good proxy fad - &, the additional efforts by revokers compared ta-no
revokers.

| estimate the following specification:

6 Still, one might argue that buyers of revokers oeshdifferently to the policy change than buyerso-
revokers. If this were the case, th&pshould be greater tha%,, given the historical higher retaliation rate
of revokers. Sinced;- o) = (Ar- Ap) - (S - Sbon), this means thai\(- A,) is underestimatingd; - o).
Therefore, revokers’ behavioral improvement cowdcelien greater than what is reported here.
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Logit (if Negative;;)
=a+ fy* P+ By x G + B3 * P x G; + B4 * month_dummy, + s
* duration; + fg * price; + [y * s_tenure; + &;;
wherei indexes the sellers aridndexes the feedback. The dependent variable,

ifNegative, is a dummy that equals 1 if the feedback recebsethe seller is negatiVe
P; is a dummy variable indicating whether the timetlod feedback is within the pre-
change period or the post-change periggX). The coefficient o, reflects the general
change in the possibility of receiving negativedieeck by sellersG; is a dummy
variable indicating whether the seller is a revokgr1) or not. As discussed above, the
coefficient of P*G; capturesds - dsn | also include themonth_dummywariables to
control for possible time fixed effects. Finallyhrée control variables are added to
control for transaction heterogeneity: durationtleé transaction, final price, and the
seller's tenure at the time of transaction. As itkedain Section 2.4.1, the pre-change
period is defined as July-September 2007, and tiséghange period is July-September

2008.

2.4.2.3 Empirical Findings

For the 198 revokers and 198 non-revokers, | cold0,990 feedback ratings in the pre-
change period and 215,802 feedback ratings indseghange period.

The estimates are reported in Table 2.7. In theawneffects logit model, the
coefficient ofP; is significantly positive, indicating that sellegenerally are more likely
to receive negative feedback after the changedrréputation system. This is consistent

with my prediction: since sellers are no longereatol use retaliation to prevent buyers

7 Revoked feedback in the pre-change period is céeddo their original values and count as negative
feedback.
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from providing negative feedback, or eliminate negafeedback by revoking, they are
expected to have more negative feedback displagethair profiles under the new

reputation mechanism. The significantly positivefécient of G; suggests that revokers

are more likely to receive negative feedback tham-mevokers in the pre-change period,
as expected.

Interestingly, the coefficient oP*G; is significantly negative across various
specifications. This indicates that the increasadgative feedback percentage is much
smaller for revokers than for non-revokers afteokeng is disallowed. This result still
holds after | control for possible seller fixedesfts in the fixed effects logit model.

Because negative feedback is extremely rare on,dBdso estimate a rare-event
logit model to correct for the potential underestiion bias, as suggested by King and
Zeng (2001). | once again observe a significandgative coefficient of the interaction
termP*G; as shown in Model 2.

As a further robustness check, | add transactitate® variables such as the
duration of the transaction (i.e., the intervalwen the listing date and the transaction
closing date) and the final price into the convemd logit regression analyses. The
estimates are reported in Model 4 and Model 5.Wii& sample size is reduced due to
missing values in these two variables in the rata,ddind that all major results hold.

In the formal difference-in-differences model, Isase that the error termy
follows an independent and identically distribu{edd.) standard logistic distribution.
However, as Bertrand et al. (2004) suggests, seoiaklation between; andgi+1 can
lead to an underestimation of the standard errdraanoverestimation of t-statistics and

significance levels. One way to circumvent this éssmthout making any specific
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assumption about the autocorrelation form is toreggfe the time series information.
Therefore as a robustness check, | aggregate taeatléwo levels for further robustness
checks.

First, | aggregate each seller's performance bytmonhe dependent variable
now is the seller's monthly aggregated percentdgeegative feedback, a ratio whose
predicted value should also fall between 0 anequiring the use of a generalized linear
model (Papke and Wooldridge 1996). As shown in Médef Table 2.7, the coefficient
of Pi*G; is consistently significantly negative.

Second, | aggregate each seller’s overall perfoceman the pre-change and the
post-change period. As shown in Figure 2.2, thplayed negative feedback percentage
increases for all sellers (1.49% to 1.54% for rerek and 0.47% to 0.87% for non-
revokers). However, the 0.05% increase in actugatiee feedback percentage for
revokers is much lower than the 0.40% increasenfor-revokers, and the difference is
statistically significant at the 10% level (t-vahi&.90).

Overall, | find that while both revokers and nonekers experience a higher
percentage of negative ratings in the post-chaegeg the magnitude of the increase is
much smaller for revokers. Prior literature (e.gylBu and Dimoka 2006) has suggested
that feedback can be a proxy for the effort exeltgda seller in a transaction. The
difference-in-differences estimate therefore presigdupporting evidence that revokers
exert extra efforts (compared to non-revokersyprove service quality. This indicates
that retaliators changed their behavior in a pasitivay to mitigate the increase in

negative feedback caused by the change in theag@uimechanism.
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Broadening the Definition of Strategic Sellerswhile revokers are defined here

as sellers who had successfully convinced a buyesvoke negative feedback, there are
also 57 sellers in the sample who retaliated bth wo success in revoking. These cases
might be caused by the inadequate effort the seillede to negotiate with the buyer.
Despite the fact that a revocation outcome wasreathed in these cases, retaliation
nonetheless reflects a seller's endeavor to garaergputation system under the old
policy. Therefore, it is reasonable to assume tioatonly revokers but also sellers who
retaliated (even though did not successfully reyok®uld be affected by the change in
the feedback policy. Accordingly, | use “retaliatbrto denote the combination of
revokers and sellers who retaliated but did notsed in revoking. In total, | have 255
retaliators. Using propensity score matching metb@sked on reputation score, tenure on
eBay, and average product price, | construct almegtsample of 255 non-retaliators who
had never retaliated against any negative feedaadkwho did not involve in revoking.
The results of the difference-in-differences moaed shown in Table 2.8.Iconsistently
find that retaliators improve their efforts morengmared to non-retaliators after the
policy change. This suggests that my findings asplieable to a broader range of

strategic sellers in addition to pure revokers.

2.4.2.4 Falsfication Test and Additional Robustness Checks

Falsification Test: as discussed earlier, the focus of above analysisw the behavior

of strategic sellers is affected by the changdkaaeputation system. | find evidence that
there are sellers who previously attempted to Hisirt reputations by retaliating against
buyers and revoking negative feedback. After remngkis banned these sellers began

making more efforts to improve their services. TotHer verify this inference, | also
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conduct a falsification test. Specifically, theme &ellers who, upon receiving negative
feedback, did not retaliate against the buyer. &atthey admitted their mistakes and
take action of remedies, and then asked the bugevghdraw the negative feedback. To
further corroborate that these sellers were belgavitonestly, | examine the
communications between buyers and sellers throexghréplies to negative feedback. |
find that these sellers typically did not retalibiecause they committed a genuine error
and were attempting to fix it (for instance replieslude “Would be happy to give a full
refund” and “Sorry for the confusion, | guarantaelifty and delivery, will get enough
back!”). | call these sellers “honest revokers”.incg® this group of sellers do not
strategically retaliate buyers with negative feathdhey should be less affected by the
policy change. In other words, this group of “regK should behave differently from
strategic revokers.

| identify a total of 98 honest revokers in the g#n Using similar propensity
score matching method based on reputation sconeydeon eBay, and the average
product price of the seller’s listings, 98 non-rkes are matched as the control group.
The comparison of reputation profiles between thesegroups is shown in Table 2.9.

Even though honest revokers initially receive moegative feedback than non-
revokers, they look similar to non-revokers afterrecting their mistakes and removing
the negative feedback. This suggests that revokireguseful tool for honest sellers to
remedy their mistakes, perhaps the primary reasby @Bay introduced this policy
initially. However, the existence of strategic tieti@rs who abuse the policy dampens its

effectiveness.

30



As shown in Model 1 and Model 2 of Table 2.10, ithteraction ternP*H; (Hiis
a dummy variable for being an honest revoker) issignificant. This result strengthens
the finding that only retaliators who used to behairategically are incentivized to
perform better after the policy change.

Examining Changes in Positive Feedbackn the above analyses, | focus on the

negative feedback received by sellers. As anothlaugtness test, | examine the positive
feedback received by the strategic sellers afeeptilicy change.

If my finding is correct that retaliators exert racfforts than non-retaliators after
the policy change, this should be reflected ingbsitive feedback they receive as well.
In other words, because of their improved servicality in the post-period, these
retaliators should also experience a greater isergathe likelihood of receiving positive
feedback than non-retaliators when compared toptkeechange period. The empirical
finding confirms this conjecture. As shown in Modhnd Model 4 of Table 2.10, the
coefficient of P*G; is consistently positive and significant in bodndom effects logit
model and fixed effects logit model. These testge gis greater confidence that the
reputation system change does motivate stratejerséo improve their efforts to serve
buyers.

| further carefully examine and rule out alternatexplanations why retaliators
are less likely to receive negative feedback in fust-change period, other than
improving effort§, as detailed below.

(1) Switching product categories. One alternatixplanation for retaliators’
“improved” feedback scores compared with non-ratals is that retaliators simply

switch to safer product categories instead of imimg their services. To rule out this

8] conduct all of these checks for revokers vs. revokers and obtain consistent results.
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possible alternative explanation, | first calculdtte distribution of listings among product
categories for retaliators and non-retaliatordhn pre-change period and the post-change
period. | then compare the change in each prodatgory for retaliators and non-
retaliators. As shown in Figure 2.3, no significatifference is detected between
retaliators and non- retaliators in terms of change the total number of product
categories they are selling and the percentagestaids in the top 5 product categories
sold’.

Researchers have argued that different producgcaés might inherently have
different potentials for receiving negative feedbdéor example, Macinnes et al. (2005)
find that in eBay online auctions, transactionsservices are more likely to result in
disputes than transactions in physical goods. SowttGregg (2004) propose that, when
purchased online, high sensory products such aisimgpand furniture are more likely to
generate negative feedback compared with low sgmsoducts. Product categories may
differ in their inherent riskiness and, consequgritl the number of complaints received
by their sellers (Maclnnes et al. 2005). This pideategory risk is aligned with the
consumers’ beliefs regarding whether the produci$ perform according to their
expectations (Bhatnagar et al. 2000). Product oayegisk increases with greater
technical complexity, price, and needs of feel ameth (Bhatnagar et al. 2000, Chang et
al. 2006; Finch 2007). | then examine whether iaials have switched to low-risk
product categories more than non-retaliators aftex change in the reputation
mechanism. | consider only the top 5 product categoclothing, collectibles, books,
jewelry, and electronics. These top 5 categorienpwant for about half of all listings.

Clothing is considered a high-risk product categoegause of the sensory nature of the

® This result also holds for the rest of the 26 piictategories.
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product and the difficulty in describing its feataraccurately (Bhatnagar et al. 2000).
Collectibles are considered a high-risk productegaty because they have many
attributes and a complex description is requirecb{iSand Gregg 2004). Books, which
are typically lower priced items, are considereldwarisk product category. Jewelry is
considered a high-risk product category as selldrs cheat stand to benefit more from
higher price items. Electronics are consideredet@ Ihigh-risk product category because,
in general, electronic items are technically andcdptively complex. According to
Bhatnagar et al. (2000)’s rank of product categaly, electronics are much riskier than
clothing and books.

Figure 2.4 presents the percentage of listingsigh-hsk and low-risk product
categories for retaliators and non-retaliatorsakabrs and non-retaliators show similar
proportion of listings in high-risk products andveisk products respectively in both the
pre-change and the post-change periods. Also, dmgnitudes of change for retaliators
and non-retaliators are not significantly different

(2) Buying reputation. Another potential alternatiexplanation for retaliators’
smaller increase in negative feedback is thatiadta strategically buy more positive
feedback through selling very low-value items toydrs and engaging in reciprocally
positive feedback exchange (Dini and Spagnolo 20Dg)ically the title of such listings
clearly states “100% positive feedback.” Howevereaamination of the product listings
by both retaliators and non-retaliators suggest tlmasuch feedback-buying behavior
exists.

(3) Sell-through rates. In the above analysis,cufoon seller reputation profiles.

Another important measure of seller performancehes sell-through rate, which has
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important implications for market liquidity and kefency. As shown in Figure 2.5,
retaliators and non-retaliators do not differ irithsell-through rates for both high-risk
and low-risk products. Also, there is no differemeghe magnitudes of change in sell-
through rates between the two groups of sellexal(te=-1.13). This indicates that the
smaller increase in negative feedback for retakai® not driven by successfully selling
more low-risk product categories but in insteadddy due to their quality improvement
in selling.

(4) Product price. It is possible that retaliatongyht be likely to intentionally
reduce the product price to lower buyers’ expeatatiof service quality in order to get
less negative feedback in the post-change perib@refore | compare the average
change in product price from the pre-change petiothe post-change period for both
retaliators and non-retaliators. As shown in Figdré, | do not find any significant
difference between retaliators and non-retaliafimr®oth high-risk products and low-risk
products. This helps rule out the alternative exalen.

To summarize, my results consistently show thatrdpaitation system design has
a meaningful and significant impact on seller bétva\After the power balance shifts in
favor of buyers, retaliators improve their effortore than non-retaliators in the post-

change period, and therefore have smaller incrieasegative feedback.

2.5Discussion and Implications

Reputation mechanisms are vital to the successliieo marketplaces such as eBay.
However, the efficacy of these mechanisms dependasatly on how robust they are to

potential gaming by participants. My s is among fingt studies to examine strategic
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gaming behavior in the context of online reputatsystems. | utilize the policy change
on eBay — banning revoking — to examine the immdiateputation system design on
seller behavior. My analysis of the protest/stfiddowing the new policy announcement
provides supporting evidence that strategic selkkrsreact strongly to the reputation
system change: those who have revoked before ath mare likely to participate in the
online strike. After the new policy is implementédind that in general, buyers are more
likely to leave negative feedback after the selteses the power to retaliate. More
interestingly, | find that those strategic selleesve indeed acted opportunistically as they
exert more efforts to improve the quality of theansactions.

The current findings make significant contributiotas the literature on online
reputation mechanism design (see Dellarocas 2085 gFal. 2005; Qu et al. 2008; Zhou
et al.2008). A reputation mechanism should fat¢éditanarket transactions by separating
good players (either sellers or buyers) from badsoand inducing honest behavior. |
provide the first empirical evidence that selleosrdspond to the design of the reputation
mechanism. Allowing revoking of feedback faciliatgellers’ strategic gaming behavior.
After revoking is disabled, the more opportunisalers “behave better”. This finding
has important implications for the theoretical work reputation systems as well, as it is
a crucial assumption to what degree the modelsasanme that sellers be motivated to
behave by a reputation system (Barr-Issac and iBa@808). | find support to both
hidden information and hidden efforts: strategiiese improve their services after the
policy change, but the reputation scores are noxealed as worse than average, as

reflected in Figure 2.2 (1.54% negative feedback revokers and 0.87% negative
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feedback for non-revokers, t-value=2.05). Thereftre mixed model is likely closer to
reality.

Furthermore, by examining the buyer-seller inteomst before and after a
fundamental change this study contributes to theerstanding of reputation system
design by shedding light on the importance of thevgr balance between the buyer and
the seller on the effectiveness of a reputationhaeism. This study also contributes to
the understanding of the emerging influence of sisactual interactions with feedback
systems and other information systems on markehamesm design, as noted by Bapna
et al. (2004) and Adomavicius et al. (2011).

The paper also contributes to the growing litematan ways that retailers can
strategically influence buyer reviews. Whereas B¢epet al. (2012) show that monetary
incentives offered by sellers can lead buyersdawdamore helpful reviews, Cabral and Li
(2012) find that monetary rewards can only incretee likelihood of buyers leaving
unbiased ratings but not the values of the ratiddpeler et al. (2010) examine sellers’
response to negative buyer reviews by comparingagi apology to monetary
compensation and find the former more effectivemotivating buyers to withdraw
negative ratings. Similarly, Gu and Ye (2011) fitndit a public management response
can increase the future satisfaction of buyers igawe negative ratings. Jiang and Guo
(2012) argue that retailers should allow more taticales for popular products and fewer
rating scales for niche products in order to indutere positive ratings. This study
makes contributions to this line of literature bydying sellers’ strategic gaming

behavior with reputation systems.
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This paper is also part of the growing literature gaming behavior in online
marketplaces. Kauffman and Wood (2005) examinestiiting behavior of sellers to
artificially raise bidding prices. Cabral and Hada (2010) find that roughly one-third of
sellers built their reputations by acting as a Iodiyst. Jin and Kato (2006) find that some
eBay sellers make non-credible claims of qualityl anislead buyers. Stephen and
Toubia (2010) find that sellers can strategicatigrease revenues by creating incoming
links from other sellers who are dispersed. | dbote to the above literature by
introducing a new way to study seller strategicawedr. This work is also related to the
guestion of how consumers should interpret sellerdine reputations. Zhang (2006)
finds that reputations as a seller and as a bugee different impacts on closing price.
My findings imply that reputation system should ma&onsumers aware of seller
strategic behavior to better differentiate theialgies.

Managerially, this study has two implications. Eirthe finding that revoking
elicits strategic behavior in sellers suggests, tiviien revoking is available to sellers,
online market makers should adopt other measuresveal more quality information to
buyers. One potential way to do this is to takeoked feedback into account when
calculating overall reputation and to display thergentage of revoked feedback to
buyers. Currently there is no easy and straightiodwway of getting this information
from eBay or other similar markets. Second, wha@arong revoking and the possibility
of retaliation by sellers might help mitigate tlegaliation problem, such a change could
unduly shift the balance of power in favor of bisyeProviding more detailed and

granular feedback and reputation scores (for imstatheir reputation in their role as a
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buyer versus seller) could help alleviate such wegooimbalance, making the market
participants less vulnerable to strategic traneagbiartners.

| acknowledge several limitations in this studyrsEiin order to ensure that |
examine active sellers with substantial number rahgactions, who account for the
majority of the transactions on eBay, | restrict myestigation to sellers with lifetime
total feedback of 500 or more. Second, eBay madeesather changes in October of
2008 (e.g. no checks or money order as paymentaugthas detailed in footnote 4).
While | have limited my sample period to July-Sepber, which is ahead of these
changes, the announcement effect may potentidilyeince selling behavior. Since these
changes are not related to the reputation mechathisatieve the confounding effects of
these other changes, should be trivial or nonexisiehird, while | have controlled for
change in buyer feedback-leaving behavior in thiemince-in-differences model, direct
investigation of buyer behavior using detailed btside data would provide further
support for my findings. Finally, | infer the selldehavioral change using buyer
feedback. Future research could strengthen thénfisdby seeking more direct measures
of seller efforts and service quality.

The study can be extended in a number of integpstiays. For instance, one
might conduct a more detailed analysis of how thecgss of revoking unfolds by
looking at both sellers’ and buyers’ detailed fesdbbehavior. It is also important to
understand how the changes in reputation mechamfimence market efficiency. A
detailed comparison of final auction prices betweetaliators and non-retaliators may
shed light on this. Finally, it would be interesgfito examine whether banning revoking

in the new system benefits eBay or not. Prior ® plolicy change, eBay’s reputation
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mechanism was more symmetric with both buyers asllgérs being allowed to post

positive, neutral, or negative feedback about tlinsaction partners. However, the
inherent asymmetry in the value of reputations é.good reputation is more valuable to
a seller than it is to a buyer), made revoking naiteactive to sellers. The change in the
design of the reputation mechanism from a symmétrian asymmetric one is likely to

be in line with the asymmetric value of reputationsellers and buyers, and therefore
optimal. On the other hand, it is possible thas¢hehanges make buyers more powerful
and induce them to behave opportunistically. Fangxe, buyers may slow down their

payment speed without worrying about negative faekltirom the sellers, or buyers may
make fraudulent claims of product defects or refuroducts for senseless reasons. In
more extreme cases, bad buyers might make excadsimand on sellers by threatening
to leave negative feedback. Further research isatken the costs and benefits of a
symmetric versus an asymmetric feedback mechaf$so, | find supporting evidence

that sellers improve their services as reflectetuger feedback. Future research could
look at more direct measures of seller efforts, pruvide a deeper understanding of how

these efforts lead to better reputation portfolios.
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Chapter 3: Truck, Barter and Exchange: An Empirical
Investigation of Reciprocity in Online P2P Barterirg

“The propensity to truck, barter, and exchange timag for another... is common to all
men, and to be found in no other race of animaldobody ever saw a dog make a fair
and deliberate exchange of one bone for anothdr another dog.”

-Adam Smith (1776)

3.1 Introduction

Barter, defined as the exchange of goods or sexwicdhnout money changing hands, has
been used throughout the world for centuries sinteduced in the pre-historic times.
This most primitive form of transaction incurs hgghtransaction costs than monetary
transactions for three major reasons. First, inract barter market, a trader who has
apples but wants bananas must wait until someoHi@gvio give up bananas for apples
shows up. This search for “double coincidence afit@/ais costlier than the combination
of a search for a buyer who will pay money for &sphnd a search for a seller of bananas
(Heller and Starr 1976; Jevons 1985). Second nfiaey has virtually zero storage and
transfer cost, making its exchange for goods lessl\cthan the exchange of goods for
goods (Freeman 1989). Third, each trader has privdbrmation about own-produced
goods due to social specialization. This informa@gsymmetry can incentivize the trader
to produce low-quality products and take advant#geninformed trading partners (Kim
1996). Fiat money, whose value is identifiable bgrg trader, reduces the information
acquisition cost needed to mitigate the moral fthzand adverse selection problem in

exchange of goods (Banerjee and Maskin 1996; Bruane Meltzer 1971). As a result,
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money arises endogenously from an evolutionaryge®as the predominant medium of

exchange in modern society.

However, recent developments of Internet and Welie€thnologies have greatly
reduced transaction costs associated with barésmsactions. Electronic marketplaces
overcome the geographic constraint, connect indal&l from all over the world, and
allow them to search for potential trade partnesilg and at a nearly zero cost (Bakos
1997). Virtual currency, which usually has all bétcharacteristics of fiat money such as
zero storage and transfer cost (Yamaguchi 2004)beaused as the medium of exchange
in online barter market. Online reputation systewisich help communicate product and
trading partner quality and promote trust amongelsiyand sellers, have proved to be
effective in reduce information asymmetry and therons” problem (Dellarocas 2003).
Due to reduced transaction costs, the past foursybave witnessed the growth of
various online peer-to-peer (P2P) barter markeggla¢-or example, there are barter
marketplaces focused on books such as Paperbackemapand Swap.com,
marketplaces focused on clothes such as thredUp.o@rketplaces focused on music
and movies such as SwapaCD.com and SwapaDVD.comketpkaces focused on
housing such as HomeExchange.com, and marketplages to anything such as

BarterQuest.com.

This study is among the first to systematically rahee the emerging trading
model--online P2P barter markets. Traditional etett marketplaces are based on the
monetary system that operates under the maxim “gpndmgys goods and goods buy
money; but goods do not buy goods” (Davidson 19B2Ltause money is a universally

accepted medium of exchange, sellers can use theyrfoom selling goods or services
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outside the electronic marketplace. However, indvanarkets typically no real money is
involved. There are two major forms of barter: direarter and indirect barter (Oh 1989;
Rice 2003). Direct barter is the exchange of onedgmom one party for another good
from the other party. Indirect barter involves tee of an intermediary good such as
virtual point. In indirect barter marketplaces, aymod from one party is given to the
second party in exchange for the intermediary g@odi afterwards the intermediary
good can be used by the first party to exchangahother good from a third party. To
increase the efficiency of transactions, nowadagstrbarter markets are indirect barter
markets, which are different from traditional mo#®sed online markets in three
aspects. First, because the intermediary good gdirmm giving a good is usually

valuable only in the same marketplace, it helpseiase market participants’ loyalty and
commitment to the market (Ji et al. 2008). Secaviigreas traditional online market is
often characterized by one-shot interactions (Ré&sm@ind Zeckhauser 2002), online
barter markets allow the potential for developiagting relationships over time among
participants as they are devoted to the markegaisiby given that participants are often
like-minded individuals when the barter marketasused on a particular type of good
such as books. Third, whereas in traditional mdo&sed online markets formal contracts
are often involved to govern transactions, onlinetdr markets more reply on norms of

reciprocity and implicit contracts (Kaikati 1976).

The above distinct natures of online barter markefdy that participants seem to
exhibit more needs for developing long-term reladitips in the market, and this might
affect how they search for and choose transactwtners. Despite the growing literature

on online markets, few studies have focused on rtiationship between market

42



participants and how it might influence transactpvocess and outcomes. To bridge the
gap, this study seeks to understand how individseésch for transaction partners given
the needs for relationship building and how différesearch strategies might affect
transaction outcomes and market efficiency in @nlRP2P barter marketplaces. More

specifically, I try to answer the following threaestions:

e What are the predominant search strategies in B&Brbnarkets?
e How do different search strategies affect transactiutcomes in P2P barter
markets?
e How can P2P market makers effectively identify usegments of different
search strategies?
Drawing upon literature on buyer-seller relatiopshand reciprocity and using detailed
transaction level data from a leading online P2Rré&tt barter marketplace, | show that
there are three dominant search strategies in R2feérbmarkets: indirect reciprocity,
immediate reciprocity, and delayed reciprocity.uttifier show that these three search
strategies have differential impacts on transaatisttomes: compared to the baseline of
indirect reciprocity search strategy, immediateipecity search strategy increases
service quality for the current transaction andagetl reciprocity search strategy
provides better match for transaction needs. Basdthe existing secondary data as well
as survey results, | further show that individuaish different transaction needs and
psychographic profiles adopt different search sgiats in the market. As the first study
to systematically examine online P2P barter manksitsg real transaction data, my study

also make significant contributions to the existitigrature on reciprocity by examining
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the differential impacts of different forms of rpmcity on transaction outcomes and how

different individuals choose different reciprocgiyategies.

The rest of the paper is organized as follows. i8e@&.2 presents the theoretical
motivation and review of relevant literature. Sewt3.3 describes the research context.

Section 3.4 presents the data analyses and reSatt8on 3.5 concludes.

3.2 Literature Review

3.2.1 Literature on Barter

Previous research on bartering falls into two majoeams. The first stream of research
focuses on macroeconomics of the barter marketcandistently concludes that barter
markets are in general less efficient compared wighmonetary market (e.g., Banerjee
and Maskin 1996; Brunner and Meltzer 1971; Freet®89). Nevertheless, barter is still
widely used in this monetary economy. Accordingh®e U.S. Department of Commerce,
barter accounts for about 30 percent to 40 peroktite world's total business. In the
U.S., over 250,000 businesses actively participatbarter (Rice 2003). The second
stream of research focuses on barter practice ketviens and provides theoretical
justifications for the use of bartering by firmsorFexample, Magenheim and Murrell
(1988) show that barter can serve as a hidden dismimination device by helping not
reveal the firm’s type to future customers. Pregdst and Stole (2001) show that barter
helps firms to generate liquidity and segment therkat into high-demand and low-
demand customers when liquidity constraints doaflotv firms to discriminate through
money. Guriev (2004) shows that barter can emesgeraeans of screening high quality

buyers from low quality buyers even when thererardinancial constraints. Marin and
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Schnitzer (2005) show that barter can be used fioynato collateralize a trade credit to

maintain production when the firm faces a seveeditworthiness problem.

Despite the justification of barter practice amdmms, little research has been
done on barter exchange among individuals. As agdtknow, my study is the first to

examine barter exchange among individuals usirgglacale transaction data.

3.2.2 Literature on Transactional vs. Relational Veéw

As discussed earlier, market participants in onbaeter markets might have a stronger
need for establishing ongoing relationships inrrerket. In the marketing literature, an
exchange between the buyer and the seller canelestlias discrete (or transactional) or
relational (Macneil 1980). The discrete transactimw treats exchanges as characterized
by very little communication between the buyer #imgl seller, one-time interaction and
sharp ending of the buyer-seller relationship. His tview, the exchange between the
buyer and the seller is pure transaction and itluebes relational elements. The relational
view treats exchange between the buyer and thersa#i ongoing relationships that
transpire over time. In this view, the buyer and #eller may develop obligations and
norms to facilitate future collaboration. Exchandmslt from the relational view are
often repeated as the buyer and the seller engagecial exchange. Researchers like
Dwyer et al. (1987) argue that some elements oélationship” underlie all transactions
and the exchange between the buyer and the salbelddsbe treated as a continuum,

ranging from discrete to relational.

Whereas discrete transactions are often governedulbywritten contracts,

relational exchanges heavily rely on the enforcenoérirelational contracts” which are
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implicitly stated (Lambe et al. 2000). Even thoughkre are no formal contracts guiding
transactions in the online barter markets, marletigpants may still develop implicit
contracts with each other to govern the exchanigéioaships. One type of such implicit
contracts can be psychological contracts. Barterbeaseen as a subtype of gift exchange
(Bell 1991), which gives rises to psychological waots between the giver and the
receiver (Davis 2009; Schein 1965). A psychologamitract is an individual’'s belief in
mutual obligations between himself/herself and laaoparty and is formed under the
norm of direct reciprocity (Coyle-Shapiro and Kes2002; Dabos and Rousseau 2004).
Psychological contracts exist between buyers afldrsan online markets and affect
their transaction decisions (Pavlou and Gefen 20U0Bgse prior studies suggest that

transactions in online barter markets might alsegehalational elements.

One of the observable relations between marketicgehts over time is
reciprocal relationship. In indirect barter markeie transaction between two individuals
can become bi-directional and repeatedly bi-diomai over time, giving birth to

reciprocity.

3.2.3 Literature on Reciprocity

The study on reciprocity traces back to earlier l@wmnary biology research on
cooperation in humans and other species. Severatiés have been proposed to explain
the evolution of cooperation behavior. The theofyreciprocal altruism posits that
species engage in bilateral cooperation in pursiiibet benefits (Trivers 1971). The
theory of indirect reciprocity posits that spechleslping others build a reputation or
image score for themselves. This positive signiawa them to benefit from others in

larger groups in the future (Nowak and Sigmund 2@havi 1995).
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The theory of reciprocity to explain human behavgrevolutionary biologists is
echoed by behavior experiments in economics. Beal. €1995) design an investment
game to study reciprocity among individuals. In itneestment game, subjects in room A
decided how much of their $10 in hand to send tarmamymous counterpart in room B.
Subjects were informed that the amount being senddvbe tripled when it reaches room
B. Then the anonymous counterpart in Room B decided much of the tripled
endowment to give back to the donor in room A. Vhserstandard economic theory
assuming self-interest and rationality predicte gbjects in room A should send zero
amount, Berg et al. (1995) find that over 90% @ $lubjects in room A sent some money
in the expectation of a positive return. Fehr e(H98) and Kirchler et al. (1996) design
a gift-exchange experiment in which the subjectespnting the firm makes a wage offer
to the subject representing the worker and thenathidker decides how much effort to
provide. Contrary to what standard money-maximizimgory would predict, they find
strong social norm of reciprocity—a positive coatedn between effort level and wage
level. Their findings are further supported by thkateral gift-experiments in Charness
(2004). The conflict between observed direct ramption behavior and the hypotheses
of self-interest and rationality can be explaingdelbolutionary game theory. According
to evolutionary game theory, more successful giraseand behavior will survive and
less successful ones will be washed out (SethiSmdanathan 2003). Although self-
interested individuals can gain more by defecting.,(not reciprocate), humans have
evolved mental algorithms for identifying and puming cheaters (Hoffman et al. 1998).
Guth et al. (1982) and Ochs and Roth (1989) firad thdividuals are willing to punish

opportunists even when it is costly. Thereforef-ssarding cheating is unstable in the
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presence of preference towards reciprocal cooperati the long run and reciprocity

dominates as a norm during the evolution procesth{&nd Somanathan 2001).

Besides direct reciprocity in bilateral interacsofif you scratch my back, | will
scratch yours), indirect reciprocity (if | scratgbur back, somebody else will scratch
mine) also proves to be important in explainingpived and cooperation. Indirect
reciprocity is implemented via image scoring andilso evolutionarily stable (Nowak
and Sigmund 2005). Individuals build image scorehieyping others and high image
score leads to higher probability of being helpgdabthird party. Seinen and Schram
(2006) designed a repeated helping game in whichstbjects were randomly matched
and randomly assigned the role of donor and retig@lowed by the donor’s decision
to whether help the recipient or not. They findtttie probability that the donor helps
increases as the recipient’'s image score built fleen behavior as a donor increases,
providing support for indirect reciprocity. Engelnmaand Fischbacher (2009) posit that
indirect reciprocity can be either strategic orggumage scoring provides incentives for
individuals to strategically build publicly visibieputation and image scores by helping
others in the expectation of net positive beneifitsthe long run. In pure indirect
reciprocity, donors are more willing to help reeipis with a higher image score even
when image scoring on the donor's side is disalthwiengelmann and Fischbacher
(2009) further conduct a modified version of thpeated helping game and find support

for both pure indirect reciprocity and strategidinect reciprocity.

Several other studies compare the direct reciprougchanism with the indirect
reciprocity mechanism to see which one induces ncomperation. Dufwenberg et al.

(2001) conduct a revised version of Berg et al98)% investment game and find that
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the average amount of donation under indirect recity is only insignificantly smaller
than the donation under direct reciprocity. Howev@uth et al. (2001) show that
compared with direct reciprocity mechanism, indiregciprocity induces substantially
reduced amount of donations. Stanca (2009) corsloutar experiments and find that

indirect reciprocity has a significantly strongéieet on donation than direct reciprocity.

In the sociology literature, reciprocity is regaitdas one of the fundamental
norms underlying social exchange wherein resouacestransacted among individuals
(Gouldner 1960). Network exchange theory and soethange theory are two
complementary theories that have been proposediptaie individual behaviors and
interpersonal relations in social exchange procesathereas network exchange theory
primarily focuses on individuals’ positions and povissues in a network context, social
exchange theory primarily focuses on individualtual interactions and the
consequences of relationships (Faraj and Johnsb®) 28ccording to network exchange
theory, individuals deliberately choose partnerschyefully evaluating their resources
and the possibility of reciprocation before engggim an exchange relationship (Willer
1999). According to social exchange theory, indireciprocity involves higher risk than
direct reciprocity, because individuals are depahds the actions of multiple others
from whom they cannot directly benefit, with rigkcreasing in proportion to the length
of the chain (Molm et al. 2007). In addition, dwethe lack of ability to directly reward
or punish a trusting or non-trusting partner inined reciprocity, the quality of
reciprocation is expected to be lower in indiregtiprocity than in direct reciprocity
(Buchan et al. 2002). However, other researché&es Bearman (1997) and Takahashi

(2000) argue that the value of reciprocity shoutd be sensitive to its form: once an
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individual takes resources, she is obligated tarnethem to someone in the future. In
this study, | will empirically examine whether ditereciprocity and indirect reciprocity

lead to differential outcomes in online P2P bamearkets.

Whereas many of the existing studies treat recify@s a behavior, reciprocity
can also be treated as a relationship shared betws® individuals and his/her partner
which is consumed in the future and gives botthefit utility (Leidner et al. 2009). This
corresponds to the relational view of exchange aociat exchange theory. More
specifically in online indirect barter markets, @rtypes of reciprocity relation could
happen: (1) an individual A gives some goods taviddal B but receives other goods
from a third individual C and never meet with A smgaThis is indirect reciprocity.
Because the transaction between A and B is onlytiome and A and B do not develop
relations over time, this exchange is similar te thscrete transaction scenario; (2) an
individual A gives some goods to individual B amatel on after some time ask for other
goods back from individual B. Later on, A and Brsta have repeated transactions with
each other. This case is a direct reciprocal welaghip between A and B, and it is similar
to the relational transaction scenario; (3) anvimiial A gives some goods to individual
B and ask for other goods back from individual Briediately or within a very short time
period. This is a case in between discrete traitgaand relational exchange as A and B
develops some extent of direct reciprocal relatigmsvhich might not be long-lived. To
differentiate between (2) and (3), | call (2) dedyreciprocity and (3) immediate
reciprocity. Because the three types of reciprogiation reflect how an individual search

for and choose a transaction partner, | also balthe search strategy for the individual.
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Existing studies on transactional vs. relationalwg of exchange have shown that
individuals may strategically engage in relatiomxichange (Gomes-Casseres 1987).
Given the three possible different types of reladldp, | next examine how these
different search strategies have influences onsaetion outcomes and how different

individuals choose different search strategies.

3.3Research Context

| collect data from a leading online P2P barterkatimlace for books. Although most of
the market participants are from the United Statessite is open to individuals from all
over the world. More than 1000 books are bartexantyeday. The market is an indirect
barter market based on an intermediary good cgtleaht”. Every book request costs the
requestor 1 point (or 3, if book owner residesnntaer country). Every book given away
earns the giver 1 point (or 3, if it is sent ovage Book owners add books they have to
their inventory lists. Individuals can also add k®ahey want into their wishlists. Both

the inventory list and the wishlist of an individaae available for others to see.

Similar to eBay, the market allows book requestard book givers to rate each
other. Each market participant has an overall faekibscore equal to the number of
positive feedbacks minus the number of negativellfaeks. A user can also give her
partner additional special praise -- publicly visilthanks plus 1 point donated to the
partner--after a satisfactory transaction. In addjta number of other indices regarding
the user’s giving and receiving history such asrthber of books reported by the book
requester as lost in the mail, and the number jetctiens to others’ requests, are also

publicly displayed in every participant’s profileage. These serve to signal each
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participant’s image score reflected in previougdraperformance. This provides a basis
for indirect reciprocity, wherein one person’s kiadhostile acts to another person are

rewarded or punished by a third party.

| first take a snapshot of all individuals’ data dbiovember 1 2010. Then |
collect detailed transaction data for each indigldoom November 1st 2010 to May 1st
2011 in the barter marketplace. 245191 transaciionaving 19261 users were traded

during the period.

3.4 Data Analyses

3.4.1 The Impact of Search Strategy: Individual-Leel Analysis

To examine the impact of different search strategie transaction outcomes, | first have
to uncover the distinct search strategy patternhénmarket, | use a two-step cluster
analysis approach with complementary methods agestgd by prior studies (e.g.,
Ketchen and Shook 1996; Viswanathan et al. 200&¢hEndividual is represented by
his/her distribution of transactions among the ehmearch strategiesndirect_pct
immediate_pgtdelayed pdt® by November ¥ 2010. First, | employ the hierarchical
clustering technique with Ward’s minimum variancethod, which minimizes the total
within-cluster variance and is relatively insengtito outliers (Jobson 1992). The

stopping rule from Calinski and Harabasz index seduto determine the appropriate

10 Transactions initiated by indirect reciprocity aefined as transactions wherein the book requéster
requests a book from book owner B whom he/she bigiven a book to after he has given a book to at
least another individual C. Transactions initidbgdmmediate reciprocity are defined as transastion
wherein the book requester A requests a book frook lswner B whom he/she has just given a book to in
the past 7 days. Transactions initiated by delagetbrocity are defined as transactions wheregnbibok
requester A requests a book from book owner B whefshe has given a book to more than 7 days ago. |
have tried different thresholds for defining immegdireciprocity (e.g., within 1 day; within 2 daysthin

5 days, etc) but get consistent results acrosmallyses. For simplicity, all the results for imnate
reciprocity are based on the 7-day window definitio
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number of clusters because it provides the besiltsesn Monte Carlo evaluations
(Milligan and Cooper 1985). As shown in Table 3He 3-cluster solution produces the
highest value of the Calinski and Harabasz indest terefore is preferred to other

solutions.

Next, | use k-means clustering, which generallydpices more homogenous
clusters, to confirm the three clusters (SirecibiRpand Patelis 1999). The three distinct
clusters indicate distinct search strategy patteaassshown in Table 3.2: cluster 1
represents individuals who mainly use the indireetiprocity strategy; cluster 2
represents individuals who mainly use the immediatgprocity strategy; and cluster 3

represents individuals who mainly use the delagegrocity strategy.

Given the above cluster analysis results, | defireethree groups of users with
different search strategies directly from their tpésansaction histories. “Indirect
reciprocity search users” are defined as individuaho have not engaged in any
immediate reciprocity or delayed reciprocity. “Imdnete reciprocity search users” are
defined as individuals of whom at least 60% oftalhsactions are based on immediate
reciprocity. “Delayed reciprocity search users” defined as individuals of whom at
least 60% of all transactions are based on delagetrocity. These three search
strategies are mutually exclusive. As shown in &akB, | identify 9156 users in the
indirect reciprocity cluster, 317 users in the indmaée reciprocity cluster, and 608 users
in the delayed reciprocity cluster. Whereas thaltotimber transactions by users in the
indirect reciprocity cluster count for almost 80%wadl transactions, on average each user
in the delayed reciprocity cluster or immediateipexxity cluster engage in more

transactions.

53



| then examine whether using different search efjias results in differences in
overall transaction outcomes, including rejectiatey service quality measured by the
partner’'s speed of delivery, wishlist fulfilmerdte. As indicated by the following three
estimations, | control for individual characterstisuch as whether they have a bio, how

long they have stayed in the market, their feedlsacke, etc.

1)
Rejection_rate = ai + Bi * Immediate_dummy + B3 * Delayed_dummy + fi_,, =
Individual_Controls + ¢

(2)

Delivery_speed = a? + pf * Immediate_dummy + B3 * Delayed_dummy +
fz_,, * Individual_Controls + ¢

3)
Wishlist_rate = a3 + B3 = Immediate_dummy + B3 * Delayed_dummy + B3_, *
Individual_Controls + ¢

The descriptive statistics of all variables are vamoin Table 3.4, and the
correlation matrix is shown in Table 3.5. Becaube three estimations may have
contemporaneous cross-equation error correlationsise the seemingly unrelated
regression estimation (SURE) model to estimatethihee equations simultaneously. For
equation (4) and (6), the dependent variable &tia whose predicted value should also
fall between O and 1, requiring the use of a gdizech linear model (Papke and

Wooldridge 1996). The results of the SURE estinmaéice shown in Table 3.6.

Whereas there is no difference among the thre¢egtes in terms of ensuring
transactions successésthe usage of immediate reciprocity search styateads to the

fastest delivery speed and the usage of delayedroety search strategy results in a

11]n general, the rejection rate in the marketplagaretty low (less than 5%).
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little bit faster delivery speed. Among the thrégategies, immediate reciprocity search

strategy results in much smaller wishlist fulfillmeate.

3.4.2 The Impact of Reciprocity: Transaction-LevelAnalysis

The above cross-sectional individual-level analysegygest that different search
strategies lead to different transaction outconfEsvever, the cross-sectional analysis
does not reflect the decision process made by ichais in the market. In this section, |
examine whether individuals make different decisidior transactions initiated by

different search strategies using transaction-lpaekl data.

First, | examine how book givers make decisiongvbéther to accept or reject a
transaction request as well as how sooner to maibbok if he/she accepts the request

based on the following model:

(4) if _rejectyy = af + Bi * if _immediate;, + B3 * if _delayed;; + B3_11 *
Receiver_Controls; + f15_14 * Book_Characteristics;; + Bfs_1, * Similarity;, +
Big * if _same_country;, + ¢

(5) Delivery_Speed;; = a2 + 5} * if_immediate;, + B3 * if _delayed;; + B5_1; *
Receiver_Controls;, + 7,_13 * Book_Characteristics;, + 3,_1¢ * Similarity;, +
B?, = Selection_Bias;, + B * Num_to_Send + ¢

In equation (4) for estimating the propensity ofransaction to happen, | also
control for book characteristics such as book prieemand-to-supply ratio based on past
transactions, as well as the number of alterndin@k owners who have the book at the
time of the transaction. Book owners might be ekpgdor reciprocation when deciding
to accept a transaction request or not. As a rethey are more likely to accept requests
from users who will possibly in the future have kedhey want. People with similar

tastes are more likely to exchange books with esbler simply because one party is

55



more likely to have the book the other party wahisse several similarity measures of
book tastes between two individualBaste_similarityis calculated using the cosine
similarity measure based on the books in usersentary lists. | first calculate each
individual's percentages of books in each of thedcs (e.g., Action & Adventure, Arts
& Photography, Business & Investing, etc) and stbem as a vector to represent the
individual’'s book taste. | then measure the sinmyjanf book tastes using the following

formula:

|All8] \/ZAJZB.

similarity(A, B) = cos@) =

The resulting similarity ranges from 0 to 1, witlin@icating totally different book
tastes, 1 indicating sharing exactly the same haste, and in-between values indicating
some level of similarity. Theshared genrevariable measures the count of common
genres of books the two individuals are both irgem@ in. Ther_focalgenre_depth
variable measures how many other books in the gehtke requested book the book

requester has at the time of the request as settrelippook owner.

For equation (5) to estimate delivery speed, bexahe dependent variable
depends on whether the transaction request is tetep not, there might be some
unobservable characteristics of the transactionhdinaultaneously make it successful and
lead to faster delivery speed. If regressions aremly transactions that are accepted, |
might have a selection bias problem. Thereforenpley the Heckman two-stage model
to overcome this issue. The first stage is a logidel in equation (4) which models

whether a transaction is accepted or not. The sestage is an OLS regression that uses
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the estimated inverse mills ratio from the firsage to account for selection bias in

estimating the delivery speed.

In equation (4),if_same_countryis a dummy variable indicating if the book
requester and the book giver are in the same opuFiteoretically, a request from a user
in a different country is less likely to be acceptey the book owner due to higher
shipping cost endured by the book giver. Howevkeisame_countryshould have no
impact on the delivery speed once the requestdspaied There, | usef_same_country
as an instrument variable in estimating the likadith of a transaction of being rejected or

not.

Individuals might send books in batches. To capthre possible batch-sending
habit, | introduce another explanatory variablen _to_sendyhich measures how many
other books the book owner is to send by the tilrequest. If the book owner has only
a few books to be sent, he/she might wait for nmecgiests from others before dropping

by the post office and mailing all the books atenc

When estimating equation (4) independently, | myhbrandom effects model and
fixed effects logit model. Hausman test is conddd® decide which model is more
appropriate (chi-square=353.79, p-value=0.000)ejéat the null hypothesis that the
random effects model is preferable over the fixééedcts model. Therefore, fixed effects
logit model is used and the results are reportedable 3.7. An individual's past
performance in the market has a significant impactthe likelihood of success for
his/her request: the request from an individual wked to reject others’ requests or who
has a low feedback score is more likely to be tepecAlso, requests for high value

books are more likely to be rejected. However, hbe transaction is initiated (i.e.,
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whether by indirect reciprocity, immediate recigtpwr delayed reciprocity) does not

influence the possibility of rejection.

As expected, the coefficient off_same_countryis significantly negative,
suggesting that requests from overseas countriesmare likely to be rejected. The
coefficientselection_biags significant in the estimate results for delivspeed. These
results suggest thét same_countrys a good instrument variable and it is reasontble
employ the Heckman 2-stage model to overcome thenpal selection bias problem.
The batch-sending habit is supported by the sicpmifily negative coefficient of
num_to_sendOverall, the estimation results for delivery spaslicate that compared to
transactions initiated by indirect reciprocity,rtsactions initiated by delayed reciprocity
on average have a slightly faster delivery speatiteansactions initiated by immediate

reciprocity have the fastest delivery speed.

| next employ the following model to examine hokely a book requested is in

the book requestor’s wishlist.

(6) if _wishlist;, = af + Bf = if _immediate;, + BS * if _delayed;; + $_1; *
Receiver_Controls; + BS,_15 * Book_Characteristics; + Biy_1¢ * Similarity; + €

Both random effects model and fixed effects logibd®l are conducted and
Hausman test suggests that the fixed effects nejumild be used (chi-square=2267.50,
p-value=0.000). As shown in Table 3.7, the coedffitiof if immediateis significantly
negative. This indicates that a book requestedsimguhe immediate reciprocity strategy
is less likely to be on an individual’'s wishlistmapared to a book requested by using
either the indirect reciprocity strategy or delayediprocity strategy. Meanwhile, if the

book requested is more wanted, it is also moreylike be on the book requester’s
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wishlist. In addition, when the book requester #relbook owner share high similarity in

book tastes, the book is more likely to be on thekirequester’s wishlist.

Overall, the transaction-level data analysis predumonsistent results with cross-
sectional individual-level data analysis: a tramisac request using the immediate
reciprocity strategy enjoys faster delivery speatl sSeems to be improvised, whereas a
transaction request using the delayed reciprodiigteyy has a better match with the

book requester’s wishlist.

3.4.3 The Transaction Partner Choice by Individuals

The analyses so far consistently suggest thatactioss initiated by different search
strategies have differential outcomes and indivisluwdno belong to different search
strategy clusters overall derive different benefitewever, the observe search strategy
cluster might be purely caused by the lack of abione individual might choose a
transaction partner who happens to make the trdiosammediate or delayed reciprocal
only because there is no third person to requesbdiok. To show that individuals belong
to different search strategy clusters purposefthigose transaction partners differently, |
examine how individuals initiate a transaction witegre are multiple alternative choices

using the following model:

(7) if _chosen;, = af + B * if _immediate;, + B = if _delayed;; + Ba_1; *
Giver_Controls;, + f],_14 * Similarity;, + B{s_1g * Other_Controls + ¢

In the marketplace, a transaction is initiated bgguest from the book seeker to
the book owner. In the estimation, | control fovegi characteristics and similarity
measures. | also control for one confounding fagtosition which is the ranking

position of the focal alternative in the choicé.lis addition, individuals may want to
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help new members or do not trust new members mAgh. result, | control for the
tenure of the givery_tenure_in_mondhn the estimation. Finally, book givers who have
not been active recently might not be chosen bectgesbook requester is not sure if the
book giver would respond to his/her request or mberefore, | control for how many

months has passed since the potential giver'sdgst time @_last_login_month

Multinomial logit model assumes that everybodyefathe same choice set and
the decision is only dependent on individual chianastics. It is inappropriate here
because different book seekers face different ehséts and the decision is dependent on
the attributes of choices. Therefore, conditiongitimodel is used to estimate the

marginal effect of each attribute of choices giaenindividual's specific choice sets.

| restrict the estimate to be on transactions wheatleast one of the potential
book owners has a received a book from the bookesqr in the past. | then run the
estimation for each cluster separately to examave the book requester deliberately

chooses which strategy for the transaction. Thelteare shown in Table 3.8.

In all three clusters, users are more likely toad®the book owner who resides
in the same country to save his/her mailing cast.Users in the indirect reciprocity
cluster, both the coefficients df inmediateandif_delayedare not significant. This
indicates that these users do not purposefullizatimmediate reciprocity or delayed
reciprocity even though they could. Rather, bo@uesters choose book owners based
on their overall performance in past transactitogik owners who reject others’ requests
more are less likely to be chosen; book owners ndhe received more special thanks
are more likely to be chosen; book owners who leakigher feedback score are more

likely to be chosen; book owners who request mowkb than they give out books are
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less likely to be chosen. For users in the immediatiprocity cluster, the coefficient of
if_immediates significant whereas the coefficientibfdelayedis not significant. This
indicates that users in this cluster do intentignahoose partners to whom they have
given a book in the past 7 days. Interestingly, nedshe variables related to the book
giver’s past performance measures become insignifid his strengthens the finding that
users in the immediate reciprocity clusters do edé@ut immediate reciprocation very
much. For users in the delayed reciprocity clyster coefficient off _delayeds
significant whereas the coefficientibfimmediatéas insignificant. This indicates that in
contrast to users in the immediate reciprocitytelysisers in the delayed reciprocity
cluster are not looking for immediate reciprocatiBather, they patiently wait until they

find a book they really want in the reciprocal parts inventory list.

Overall, the analyses results suggest that indalgdwho are identified as
belonging to different search strategy clusteramtkntionally choose transaction partners

in ways that are consistent with their pre-defisedrch strategy.

3.4.4 The Segmentation of Individuals

Given that individuals who use different searchtsigies intentionally derive differential
benefits, | next examine how these users segmantbeidentified through main user
characteristics. A post hoc analysis of whetheuthage of different search strategies is
associated with significantly different user chéeastics is conducted. To accomplish
this, | use the following generalized linear mottetest the effects of belonging to
different search strategy groups on the meansegjoiint distribution of dependent

variables:
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(8) (if _bio,if _homepage,if _photo,if _librarything, tenure_in_month,
interest_breadth, avidness) = f(immediae_dummy, delayed_dummy)

The results in Table 3.9 show that individuals wise different search strategies
significantly differ from each other in user chagaastics. | find that users who use the
immediate or delayed reciprocity search strateggldse more personal information to
other users. Compared to users of the indiregbmedty strategy who adopt the
transactional view of the interaction, the otheo tyvoups of users have the inclination to
build relationships in the market and thereforeracge willing to provide information to
promote trust from others (Olson and Olson 2000addition, users of the delayed
reciprocity strategy tend to be significantly mased and have a much broader interest

than the other two groups.

| also examine how these users segments can biEfiebthrough their
psychographic profiles. A targeted survey was desigand emailed to 300 randomly
chosen users of the barter market (100 users imstemtegy group) and 67 full responses
were received. In the survey, users answered quassibout their age, gender, education
level, annual household income, and other psyclpihgacharacteristics including
altruistic orientation, exchange orientation, Idegn relationship orientation, disposition
to trust and online self-disclosure. All the measuior the psychographic constructs
were adapted from previous literature, as liste@iahle 3.10. Another general survey
with the same questions, which also asked respdsidenoluntarily disclose their user
names, was advertised in the marketplace with ¢ &f the market owner. This helped
elicit 445 more responses. | restrict the analisise on 205 users who belong to the pre-
specified strategy groups and who completed algtiesstions except for the question
about annual household income in the survey.
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As shown in Table 3.10, all the Cronbach’s alphaesare above the
recommended threshold of 0.70, suggesting gooaliéty for all construct scales
(Fornell and Larker 1987). One way to evaluatecirevergent and discriminant validity
of each construct is to examine the factor loadofgsach indicator. Each indicator
should have higher loadings on the construct @reast than on any other construct (Chin
1998). Table 3.11 shows the factors loadings aosiseloadings for all the constructs. An
inspection of this table suggests that the measememodel of all constructs provides

adequate discriminant and convergent validity.

| then test the effects of belonging to differestish strategy groups on the
means of the joint distribution of all psychograpbharacteristics as well as

demographic profiles using the following generaliti@eear model:

Ez)ender, age, education, household_income, altruistic_orientation, exchange_orientation,
long_term_orientation, disposition_to_trust, online_disclosure) =
f (immediae_dummy, delayed_dummy)

The results of the above model are shown in Taldl2. Except for that users who
mainly use the delayed reciprocity strategy aiittla bit older in age, there are no other
significant differences in demographic profiles amgaohe three groups of users.
However, users who belong to different searchegsatlusters differ significantly in
their psychographic profiles. In particular, | fitttht users who use the delayed
reciprocity search strategy have a higher dispwsitb trust others, are more forward-
looking. Users who use the immediate reciprocitgtegy tend to trust others less, and
are inclined to ensure equality by reciprocatiothie short-term. Users who belong to the

indirect reciprocity cluster care about equalityslelnterestingly, all three groups of users

are equally comfortable with sharing personal infation online. However as shown
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earlier, users who use the delayed reciprocityesisadisclose more personal
information. One possible explanation is that thesers are more willing to put efforts to
disclose themselves as an investment in the markes they are more forward-looking

and try to build long-term relationships with othién the market.

Overall, my results suggest that user differenne@sformation search behavior
are more driven by differences in their psychogmaphofiles and transaction needs than

in their demographic profiles.

3.5Discussion

The developments in Internet and Web 2.0 technefolgave brought about significant
transformation in how business transactions arelected as well as in the day-to-day
lives of individuals. The emergence of P2P bartgserves as one vivid example that
highlights such transformation. This study is oféhe very first attempts to examine this
emerging market. | find that participants in P2Rdramarkets use three different search
strategies to initiate transactions. More interegj, | find that the three different search
strategies lead to differential transaction outcenvéhereas the indirect reciprocity
strategy is the predominant form of search in tlagket, the usage of immediate
reciprocity strategy improves delivery speed ofdheent transaction and the usage of
delayed reciprocity strategy benefits future tratisas by ensuring better wishlist
fulfillment. Furthermore, | demonstrate that thages of different search strategies is
associated with different transaction needs andhasyraphic profiles.

The findings of this study make significant contitions to the broad literature on
buyer-seller relationships. Existing research oyebiseller relationships argues that the
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transactions between a buyer and a seller shouldenjust treated as discrete events.
Instead, transactions are relational exchangeséfatt the ongoing relationships
between buyers and sellers (e..g, Dwyer et al. 1G8nesan 1994; Wilson 1995).
Whereas most of the existing studies focus onicglat exchange between buyers and
sellers in the presence of availability of hardtcacts in offline contexts, this study
examines the relational exchange between markgtipants in barter markets wherein
no formal contracts are available. Some of thetiexjsesearch has examined buyer-
seller relationships in online contexts. For examplaviou and Gefen (2005) study the
relationship between buyer and sellers on eBaytiirdhe transactional view. In this
study, | examine the relationship between usebaiter markets using the relational
view. The findings of the study suggest that thres lef relational exchange also applies to
transactions in online markets even without thes@nee of formal contracts. In addition,
this study contributes to the existing literatuyeshowing that individuals with different
characteristics adopt different views of excharejationships.

The study also contributes to the literature omprecity. Whereas many studies
have examined direct reciprocity and indirect remtjty separately in experimental
settings or offline field settings (e.g., Berg ktl®95; Engelmann and Fischbacher 2009;
Fehr et al. 1998; Nowak and Sigmund 2005), thidysts among the first to empirically
examine how indirect reciprocity and direct reciptp might coexist and be utilized by
individuals differently in large online settingshd findings of the study imply that
certain individuals with certain characteristicéweaand pursue for direct reciprocity

even when indirect reciprocity is designed to leghedominant form of exchange.
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Whereas the study complements the existing liteeadn bartering by examining
the microeconomics of bartering between individuidlalso adds to the literature on
information asymmetry in online marketplaces. Likaditional online marketplaces, P2P
barter marketplace suffers from the issue of inftron asymmetry: trading partners are
not familiar with each other and there is no gutgahat one party will sacrifice his/her
good to help the other party. The essay providesestew evidence that individuals rely

on reciprocity to mitigate the “lemons” problem posed by Akerlof (1970).

The study provides important implications for thesign of P2P barter
marketplaces. For example, the observed reliangeddfiduals on reciprocity to select
partners and make transaction decisions indicdtas it is crucial to increase the
visibility of reciprocal relations. Exemplary meass to achieve this might include
tracking, recording and publicly displaying evergrficipant’'s past interactions. The
findings that individuals of different search ségies can be segmented based on their
transaction needs and psychographic profiles stdigasany new design features might
only be valuable to certain users in the markete Tiarket maker need to carefully
evaluate which group of users might be embracingeav design feature before
implementing it.

| acknowledge several limitations in this studysEithe current analyses mainly
focus on dyads. Future research could examineitfezetht transaction network patterns
using social network analysis techniques to helpeilnnew search and transaction
strategies. Second, | do not examine how the osighip between two individuals
changes over time. Future research on the evolg@erns of relationships could help

better understand the formation and maintenancm@bing relationships in the markets.
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Third, a field experiment in the barter marketplace examine how individuals in
different search strategy clusters respond to miffe design features might be

worthwhile.
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Chapter 4: Conclusion

The rapid growth of Internet and Web 2.0 technaedias significantly changed the way
individuals interact with each other in today’s itheconomy. The norm of reciprocity,
which is embedded in all human offline interactioalso plays an important role in the
online context. Seeking to understand the impaateoiprocity on individual behavior
and transaction outcomes in online markets, myediason will make significant

contribution to both theory and practice.

On the theoretical side, the first essay in my atisdion is among the first to
examine the implications of feedback-revoking betvagnabled by negative reciprocity
in online markets. The findings make significanhtcibutions to the literature of online
reputation system design (ex: Dellarocas 2005; Fan,and Whinston 2005; Qu, Zhang
and Li 2008; Zhou, Dresner, and Windle 2008). Autafion system should facilitate
market transactions by separating good playerkgegeller or buyer) from bad ones and
inducing honest behavior. This essay provides dnihe first empirical evidence that
sellers do respond to the design of the reputaystem. Allowing revoking in feedback
mechanism will lead to sellers’ strategic gamingdnaor. After revoking is disabled, the
more opportunistic sellers increase their effodsbehave better. The findings also
provide empirical evidence for a fundamental asdionpin the theory work of
reputation system: whether sellers should be mddateintrinsically bad or not. This
second essay is also related to the growing liteeabf gaming behavior in online
marketplace. Kauffman and Wood (2005) study thdlis@i behavior of sellers to
artificially raise bidding prices. Cabral and Haxta (2004) find that about one third of

sellers build up their reputations by being a bufyest. Jin and Kato (2006) find that
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some eBay sellers make non-credible claims of yuahd mislead buyers. | contribute
to the above literature by introducing a new wagtoflying seller’s strategic behavior—
negative reciprocity-enabled revoking. The worklso related to how consumers should
interpret sellers’ reputation. Zhang (2006) fintattreputation as seller and buyer has
different impact on closing price. My findings segg that consumers should take into

account the negative reciprocation behavior toebelifferentiate seller quality.

My second essay is among the first to systemagiealhmine an emerging trading
model--online P2P barter markets. Whereas manyestihve examined direct
reciprocity and indirect reciprocity separatelyexplaining cooperative behavior among
humans (e.g., Berg et al. 1995; Engelmann and Badter 2009; Fehr et al. 1998;
Nowak and Sigmund 2005), this study is among tts¢ fo empirically examine how
indirect reciprocity and direct reciprocity mighaexist and be utilized by individuals
differently. It also complements the existing lgimre on bartering by examining the
microeconomics of bartering between individualsadidition, this essay also adds to the
literature on information asymmetry in online magtaces. Like traditional online
marketplaces, P2P barter marketplace suffers fhamissue of information asymmetry:
trading partners are not familiar with each othsa there is no guarantee that one party
will sacrifice his/her good to help the other paifihe essay provides some new evidence
that individuals rely on reciprocity to mitigatestiemons” problem proposed by Akerlof

(1970).

On the theoretical side, the first essay in my atisdion is among the first to

examine the implications of feedback-revoking betvagnabled by negative reciprocity

69



in online markets. The findings make significanhtcutions to the literature of online

reputation system design as it provides one ofiteeempirical evidence that sellers do
respond to the design of the reputation system.fifldengs that strategic sellers improve
their efforts after negative reciprocity is disalled also provide empirical evidence for a
fundamental assumption in the theory work of repomasystem: whether sellers should

be modeled as intrinsically bad or not.

The finding of sellers’ strategic revoking behaviiorthe first essay suggests that
the reputation system should reveal more qualitgrmation to buyers when negative
reciprocity is allowed. Second, the finding thatesebehavior is a mixture of both moral
hazard and adverse selection suggests that onliswkein makers should carefully
estimate the magnitude of each and strive for aneal between sanctioning (i.e.,
promoting truthful behavior) and signaling (i.etivthg out low-quality sellers) through

the design of their reputation systems.

The second essay is among the first to systemigtieghmine an emerging
trading model--online P2P barter markets. Whereasynstudies have examined direct
reciprocity and indirect reciprocity separatelyexplaining cooperative behavior among
humans (e.g., Berg et al. 1995; Engelmann and Badter 2009; Fehr et al. 1998;
Nowak and Sigmund 2005), this study is among tts¢ fo empirically examine how
indirect reciprocity and direct reciprocity mightexist and be utilized by individuals
differently. It also complements the existing lgimre on buyer-seller relationships by
validating the relational view of exchange in oelimarkets when formal contracts are

not available.
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As for practitioners, this essay provides importamplications for the design of
online markets. For example, given that only avegra use delayed reciprocity a lot,
market makers with a financial constraint mightdhee carefully evaluate the percentage
of these users and their contributions to the dveemsaction volume before introducing

new features such as social networking supportahigtappeal to them.

Overall, the findings from my dissertation suggésat reciprocity plays an
important role in shaping user behavior in onlinarkets. It could have positive or
negative impact on the efficiency of the marketatefing on its nature (i.e., whether it is
positive or negative). . It is shown from my fiedsay that negative reciprocity, albeit
harmful to the traditional online market, is partlyiven by the seller’ lack of effort.
Online markets should implement policies that iniséze sellers to exert more efforts,
such as rewarding high quality sellers with consiiee discounts and priorities in the
search results, among others. One major obstackhetcsustainability of P2P barter
markets is the “adverse selection” problem: eveeyonght have the incentive to shed
from his/her responsibility to help others aftevshe has got a book from others. The
findings from my second essay suggest that posiwagprocity helps mitigates this
problem. For an individual to ensure higher tratisacquality for both the current and
the future, he/she might need to use reciprocitgragncentive tool. Therefore, policies
that help facilitate the norm of positive reciptgcisuch as requiring participants to
maintain a minimal give-to-receive ratio and enegimg participants to establish
friendships in the markets, among others, will leddicial to the governance of online

barter markets. To conclude, online markets sheal@fully evaluate the influence of
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reciprocity and make optimal structures, desigris@olicies to promote transactions and

increase market efficiency.
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Appendices for Essay 1

Table 2.1 Pre-Change Revoked Feedback Profile Cosooa

SRR BRR NRR Revoked=SRR+BRR+NRR
Strikers 0.445%  0.028%  0.021% 0.49%
Seneral 0.058%  0.015%  0.043% 0.12%
(SFe(?Ireurg) (0.056%)  (0.022%) (0.028%) 0.11%
Tvalue 20.80%* 1.26 -0.85 10.52%%

(17.26"%)  (0.44)  (-0.54) (13.11%)

Numbers for forum sellers in parentheses, *p<0*§i0.01, ***p<0.001

Table 2.2 Summary Statistics for the Strike Anaysi

Number of

Variable Observations Mean Std. Dev.  Min Max

(1) log(Number of Listings) 5568 4.00 2.15 0.00 D.1

(2) Powerseller Status (Dummy) 5568 0.43 0.50 0.00 1.00

(3) Number of months on eBay 5567 76.77 30.58 5.73 145.83

(4) Fee Difference ($) 5568 -21.38 89.66 -699.02 15168

(5) log(Reputation Score) 5568 4.46 1.19 0.00 9.61
(6) Total Negative% 5568 0.27% 0.10% 0.00% 28.57%
(7) Remained Negative% 5568 0.26% 0.96% 0.00% 25.00
(8) Revoked Negative% 5568 0.14% 0.61% 0.00% 25.00%
(9) SRR% 5568 0.08% 0.39% 0.00% 10.00%
(10) BRR% 5568 0.02% 0.20% 0.00% 6.67%
(11) NRR% 5568 0.04% 0.42% 0.00% 25.00%
(12) Strike (Dummy) 5568 0.07 0.26 0.00 1.00

Note: there is one missing value for number of msmn eBay.
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Table 2.3 Correlation Matrix

Variable VIF (1) ) 3) ) (5) 6 @) (8 @ @ (11) (12
1) 139 1

) 1.29 036* 1

3) 1.04 0.02* -007* 1

(4) 1.16 -0.28* -0.16* 0.07* 1

(5) 1.59 0.45* 0.45% -0.18* -0.19* 1

(6) 1.01 0.01* 0.04* -0.05¢* -001 000 1

©) 1.01 0.03* 001  -0.03* -0.00 -0.02 0.86* 1.00

(8) 1.01 0.06* 0.06* -0.04* -0.02 0.04* 058 007 1.00

(9) 1.01 -0.02  0.05* -0.03* -0.03* 0.08* 0.38* @0 0.63* 1.00

(10) 100 -0.00 -001 -002 001 -001 0.19* 0.020.33* -0.00 1.00

(11) 1.00 001  0.03* -002 -001 -002 0.38 003069 000 -0.00 1.00
(12) 0.03* -0.02 0.05* 0.04* -0.04* 0.07* -0.01 .16* 0.27* 001 -0.01 1.00

Note: Pair-wise Spearman correlation is reporteddicates p<0.05.
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Table 2.4 Logit Regression Analyses of Strike Pnsjig

Dependent Variable: Strike

Model 1 Model 2 Model 3
Independent Variable coefficient coefficient coefficient
(std. err.) (std. err.) (std. err.)
Intercept -2.768*** -2.767*+* -2.607***
(0.273) (0.278) (0.286)
Number of Listings 0.005 0.009 0.000
(0.029) (0.030) (0.031)
Powerseller Status -0.006 -0.011 0.017
(0.121) (0.122) (0.126)
# of Months on eBay 0.007*** 0.007*** 0.007***
(0.002) (0.002) (0.002)
Fee Difference 0.002* 0.002** 0.002**
(0.001) (0.001) (0.001)
Reputation Score -0.088 -0.108* -0.158*
(0.053) (0.055) (0.057)
Total Negative% 13.958***
(3.029)
Remained Negative% -15.667* -24.764*
(7.791) (9.469)
Revoked Feedback% 69.149***
(7.098)
SRR% 166.126%***
(11.073)
BRR % 15.029
(19.976)
NRR % -52.169
(33.837)
Pseudo R 0.017 0.045 0.098

*p<0.05, **p<0.01, **p<0.001
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Table 2.5 Pre-Change Overall Reputation Profile Gamson: Revokers vs. Non-

Revokers
Displayed .
Reputation? True Reputation
L . o . eBay-
Score Positive Negative Positive Negative Neutral evdked Withdrawn
Revokers 844.24 99.42% 0.58% 97.29% 0.57% 1.12% 29%.9 0.10%
gg\%kers 754.24 99.56% 0.44% 98.90% 0.41% 0.54% 0.06% 0.09%
T-value 0.72 -1.63 1.63 -8.36***  2.62* 5.80** 1@7** 0.72
"p<0.10, *p<0.05, *p<0.01, ***p<0.001
Table 2.6 Buyers of Revokers vs. Buyers of Non-Rev®
Pre-Change Post-Change
Feedback  Tenure on  Propensity | Feedback  Tenure on  Propensity
Score eBay in of Leaving | Score eBay in of Leaving
month by Negative month by Negative
May 8th Feedback May 8th Feedback
2008 2008
Buyers of 174 53 49.74 1.46% 173.64 49.83 1.66%
Revokers
Buyer of
Non- 190.80 49.98 1.32% 192.14 50.20 1.70%
Revokers
T-test -0.44 -0.45 0.26 -0.38 -0.20 -0.14

*p<0.05, **p<0.01, **p<0.001

12 eBay displays the percentage of positive feedbadkakey metric of a seller’s reputation. Perogataf
negative feedback is simply 1 minus the percentdg®sitive feedback. To be consistent with eBay’s

practice, | only report the percentage of posifeedback and the percentage of negative feedback fo

“Displayed Reputation”, which is what a buyer olvss:
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Table 2.7 The Impacts of Removal of Revoking: Rersk/s. Non-Revokers

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
(Random (Fixed Effects (Rare (Random (Fixed (Generalized
Effects Logit) Logit) Event Effects Logit) Effects Logit) Linear
Logit) Model)
Dependent ifNegative ifNegative ifNegative ifNegative ifNegative monthly negative
Variable (dummy) (dummy) (dummy) (dummy) (dummy) percentage
coefficient coefficient coefficient coefficient coefficient coefficient
(std. err.) (std. err.) (std. err.) (std. err.) (std. err.) (std. err.)
Intercept -5.990*** -4.844%** -5.970*** -5.410%**
(0.153) (0.065) (0.303) (0.152)
P, 0.265** 0.278* 0.259" 0.483* 0.506* 0.673*
(0.081) (0.124) (0.090) (0.206) (0.256) (0.278)
Gi 1.389*+* 0.742%* 0.839%** 1.373%*
(0.136) (0.054) (0.263) (0.179)
P*G; -0.187* -0.205* -0.244** -0.460* -0.482 -0.458*
(0.084) (0.101) (0.094) (0.193) (0.205) (0.216)
s_tenure -0.003 0.034 -0.005*** -0.004 0.032 -0.003
(0.002) (0.026) (0.000) (0.003) (0.126) (0.003)
m_Aug07 0.150* 0.032 0.032 0.064 0.048 0.19T
(dummy) (0.048) (0.029) (0.048) (0.106) (0.092) (0.114)
m_Sept07(d 0.201*** 0.025 0.033 0.198 0.053 0.173
ummy) (0.050) (0.076) (0.050) (0.105) (0.150) (0.146)
m_Jul08 0.008 0.128 0.117* -0.007 0.146 -0.133
(dummy) (0.058) (0.080) (0.058) (0.133) (0.240) (0.290)
m_Aug08 0.108 0.151 0.206*** 0.108 0.138 -0.161
(dummy) (0.058) (0.092) (0.058) (0.130) (0.096) (0.292)
duration 0.001 0.001
(0.001) (0.001)
log(price) 0.254*** 0.255%**
(0.034) (0.030)
# of obs. 456792 456792 456792 97930 9733 2376

"p<0.10, *p<0.05, *p<0.01, **p<0.001

Note: m_Sept08 is dropped from the model due thnealrity with R; (a) 359462 feedback instances are removed from
the regression because of missing data on duratidrprice, either due to non-US transactions osimistransaction 1D

in the feedback history data; (b) The total numifatata points is 198*2*6=2376.
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Table 2.8 The Impacts of Removal of Revoking: Ratais vs. Non-Retaliators

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

(Random (Fixed (Rare (Random  (Fixed (Generalized
Effects Effects Event Effects Effects Linear
Logit) Logit) Logit) Logit) Logit) Model)

Dependent ifNegative ifNegative ifNegative ifNegative ifNegative monthly
Variable (dummy) (dummy) (dummy) (dummy) (dummy) negative
percentage

coefficient coefficient coefficient coefficient coefficient coefficient
(std. err.) (std. err.) (std. err.) (std. err.) (std. err.) (std. err.)

Intercept  -5.905%** -4.982%* .5 880*** -4.764%%*
(0.134) (0.056) (0.292) (0.284)
P, 0.241 %+ 0.288* 0.3437 0.329** 0.346* 0.677*
(0.061) (0.143) (0.054) (0.126) (0.156) (0.272)
G 1.304%*+ 0.859%** 0.804*** 0.569**
(0.116) (0.040) (0.225) (0.189)
P*G; -0.220%* -0.243* -0.285** -0.302**  -0.332 -0.367*
(0.084) (0.121) (0.106) (0.120) (0.164) (0.180)
s_tenure -0.004* 0.041 -0.005**  -0.001 0.036 -0.004
(0.002) (0.032) (0.000) (0.003) (0.120) (0.003)
m_Aug07  0.137** 0.042 0.021 0.046 0.045 0.191
(dummy)  (0.048) (0.044) (0.047) (0.099) (0.087) (0.138)
m_Sept07 0.193** 0.015 0.028 0.165 0.056 0.057
(dummy)  (0.049) (0.086) (0.048) (0.099) (0.140) (0.148)
m_Julo8  0.010 0.118 0.119* -0.016 0.145 -0.064
(dummy)  (0.057) (0.090) (0.056) (0.126) (0.242) (0.263)
m_Aug08 0.098 0.130 0.194%** 0.098 0.167 0.117
(dummy)  (0.057) (0.052) (0.056) (0.123) (0.086) (0.295)
duration 0.001 0.001
(0.001) (0.001)
log(price) 0.234*** 0.233***

(0.032) (0.026)

# of obs. 499589 499589 499589 1120950 11225% 3060Y

"p<0.10, *p<0.05, *p<0.01, **p<0.001

Note: m_Sept08 is dropped from the model due thnealrity with R; (a) 387339 feedback instances
are removed from the regression because of miskitegon duration and price, either due to non-US
transactions or missing transaction ID in the fem#tthistory data; (b) The total number of data fsoin
is 255*2*6=3060.
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Table 2.9 Pre-Change Overall Reputation Profdenfarison: Honest Revokers vs.
Non-Revokers

Dlsplaygd True Reputation

Reputation

L . o . eBay-

Score Positive Negative Positive Negative Neutral evdked Withdrawn

Honest 14752 | 99.47%  0.53% 96.31%  0.51% 0.88%  1.25% 1.05%
Revokers
Non- 453.09 99.73% 0.27% 99.11% 0.27% 0.54% 0.00% 0.08%
Revokers
T-value 0.05 177 1.77" -2.25* 1.7T 2.38* 3,91+ 1.06

*p<0.10, *p<0.05, *p<0.01, **p<0.001
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Table 2.10 Falsification Test and Robustness Test

Model 1 Model 2 Model 3 Model 4
(Random Effects (Fixed (Random Effects (Fixed
Logit) Effects Logit) Effects
Logit) Logit)
Dependent ifNegative ifNegative ifPositive ifPositive
Variable (dummy) (dummy) (dummy) (dummy)
coefficient coefficient coefficient coefficient
(std. err.) (std. err.) (std. err.) (std. err.)
Intercept -5.858%** 4.838***
(0.239) (0.107)
P 0.432** 0.458* 0.086* 0.090*
(0.164) (0.230) (0.035) (0.045)
Hi 1.148%*
(0.211)
P*Hi -0.243 -0.261
(0.154) (0.284)
Gi -1.032%**
(0.094)
P*G; 0.169*** 0.172%*
(0.045) (0.048)
s_tenure -0.005 -0.005 0.003* -0.002
(0.003) (0.003) (0.001) (0.002)
m_Aug07 0.172 0.154 -0.112%** 0.034
(dummy) (0.105) (0.142) (0.033) (0.047)
m_Sept07  -0.048 0.105 -0.163*** 0.018
(dummy) (0.116) (0.127) (0.034) (0.032)
m_Jul08 -0.120 -0.114 -0.02 0.152
(dummy) (0.113) (0.095) (0.042) (0.143)
m_Aug08 -0.238 -0.184 -0.058 0.158
(dummy) (0.126) (0.167) (0.042) (0.085)
# of obs. 131419 131419 499589 499589

"p<0.10, *p<0.05, **p<0.01, **p<0.001
Note: m_Sept08 is dropped from the model due thnearity with R
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Figure 2.1 Timeline of eBay’s Reputation Change
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Appendices for Essay 2

Table 3.1 The Caiski and Harabasz Index for Clustering

Number of Clusters Calinski and Harabasz index
3 2522.19
4 1760.15
5 1457.51
6 1167.33
-
8
9

988.13
871.49
762.66
10 713.90
11 670.93

Table 3.2 The 3-Cluster Solution

Indirect_Pct Immediate_Pct Delayed_Pct
Cluster1  99.06% 0.26% 0.69%
Cluster2  19.98% 60.67% 19.35%
Cluster 3 20.06% 19.75% 60.19%

Table 3.3 The Defined Three Search Strategy Clei@ased on Past Transaction
Overall

# of # of Transaction _
Transaction
Users Per User

Percentage
Indirect Reciprocity Cluster 9156 30.88 79.83%
Immediate Reciprocity Cluster317 47.54 4.26%
Delayed Reciprocity Cluster 608 92.68 15.91%
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Table 3.4 Summary Statistics

Variable Description N Mean SD Min  Max

(1) Immediate_dummy if immediate reciprocity ckrst 10081  0.03 0.17 0 1

(2) Delayed _dummy if delayed reciprocity cluster 080 0.06 0.24 0 1

(3) if_bio if provides bio 10081 0.24 0.43 0 1

(4) if_photo if provides photo of self 10081 0.16 .3D 1

(5) if_homepage if provides linkage to personal 10081  0.10 0.29 0 1
website

(6) if_librarything if indicated as a librarythingser 10081  0.12 0.32 0 1

(7) tenure_in_month How long in the market in 10081 22.26 14.05 0.07 51.03
month

(8) interest_breadth Number of genres the individual 10030 16.19 9.37 1 34
is interested in

(9) avidness Number of books requested ped 0081  1.54 2.24 0 48.61
month

(10) books_in_category Number of books in inventory 10006 21.70 27.32 1 632
list

(11) log(feedback_score) logarithmized feedbackesco 10081  3.32 0.85 0 6.62

(12) log(rejected) logarithmized rejections to 10081 0.59 0.72 0 4.62
others’ requests

(13) log(praise_received) logarithmized speciahisa 10081 0.24 0.49 0 3.82
from others

(14) log(praise_given) logarithmized special thanks 10081  0.11 0.40 0 4.33
given to others

(15) receive_give_ratio Number of books received pe 10063 0.75 0.45 0 9
books given

(16) rejection_rate Percentage of rejected requestd0081  0.07 0.19 0 1
from others

(17) delivery_speed Intervals between request date9691 8.71 1475 O 571.66
and mail date

(18) wishlist_rate Percentage of books requested10081  0.16 0.29 0 1

that belongs to wishlist

Note: (a): it is calculated based on an individsiaiventory list and wishlist. The maximum numbér o

book genres is 36;
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Table 3.5 Correlation Matrix

vaiable (1) (2 (@ @ B 6 @ (® (9 (@10 10 (@12 (13 (@4 (@5 (@16 (17 (18
) 1.00

) -0.05 1.00

(3) 007 007 1.00

4 006 008 037 1.00

(5) 0.05 0.05 0.33 0.29 1.00

(6) 0.03 0.06 0.20 0.20 0.20 1.00

@) 0.06 0.12 0.05 0.10 0.10 0.16 1.00

(8) 0.04 0.21 0.14 0.12 0.07 0.10 0.12 1.00

9) 0.06 0.32 0.16 0.12 0.03 0.06 -0.15 0.351.00

(20) 0.05 0.44 0.13 0.13 0.05 0.11 0.25 0.48 0.531.00

(11) 0.10 0.35 0.19 0.17 0.09 0.16 0.48 0.52 0.41 0.681.00

(12) 0.03 0.19 0.03 0.07 0.05 0.09 0.29 0.29 0.17 0.46 430 1.00

(13) 0.04 0.25 0.17 0.17 0.09 0.11 0.14 0.26 0.36 0.41.370 0.19 1.00

(14) 0.04 0.21 0.18 0.19 0.08 0.14 0.12 0.22 0.24 0.36.320 0.15 0.38 1.00

(15) 0.05 0.12 0.11 0.13 0.08 0.08 0.21 0.13 0.36 0.16 .130 0.11 0.25 0.11 1.00

(16) -0.00 -0.01 -0.01 0.00 -0.01 -0.01 0.01 -0.01-:0.01 -0.01 -0.01 0.01 0.00 -0.00 -0.01 1.00

a7 -0.03 -0.02 0.00 -0.00 -0.01 -0.00 -0.01 -0.01 -0.02 -0.03 -0.04 -0.00 -0.01 -0.01 0.00 -0.01 1.00

(18) 0.02 0.03 0.04 0.02 0.03 0.06 0.03 0.07 0.04 0.06 0.09 0.05 0.03 0.050.02 -0.11 -0.06 1.00

Note: Pair-wise Spearman correlation is reportadnbers in bold indicates p<0.05.
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Table 3.6 The Impacts of Search Strategy on Traiesa©utcomes: Individual-Level

Dependent Variables: SURE Estimation

Variables Rejection_rate Delivery_speed Wishlist_rate
Coefficient (std. err.) Coefficient (std. err.) CGihdent (std. err.)
Intercept 0.091*** (0.011) 5.387*** (0.225) -2.236%(0.125)

Search Strategy

Immediate_dummy

Delayed_dummy
Individual Controls
if_bio

if homepage

if photo
if_librarything
tenure_in_month
interest_breadth

avidness

books_in_inventory

log(feedback_score)

log(rejected)

log(praise_received)

log(praise_given)

receive_give_ratio

-0.003 (0.010)

-0.004 (0.008)

-0.002 (0.005)
-0.010 (0.007)
0.006 (0.006)
-0.004(0.006)
0.000 (0.000)
0.000 (0.000)
0.023 (0.010)
-0.000 (0.000)
-0.006 (0.004)
0.004 (0.003)
0.004 (0.004)
0.001 (0.005)

-0.004 (0.010)

-2.551%* (0.347)

-0.808* (0.358)

0.353 (0.479)
-0.308 (0.461)

0.237 (0.461)

0.010 (0.503)
0.008 (0.013)
0.030 (0.020)
-0.038 (0.054)
0.002 (0.006)
-1.048** (0.p47
0.304 (0.247)
0.301 (0.388)
-0.352 (0.261)

0.193 (0.283)

1 D4 (0.015)

0.02082)

0.050 (0.054)
0.08876)
-0.094 (0.062)
0.27B265)
-0.80002)
0.908:003)
0.023* (0)010
000. (0.001)
0.169 (0.142)
0.04038)
.03 (0.048)
0.02151)

24@.(0.254)

N(LISTWISE) = 9989, System-Weighted-R.725

*p<0.05, **p<0.01, **p<0.001



Table 3.7 The Impacts of Search Strategy on Traimsa@©utcomes: Transaction-Level

Dependent Variables

Heckman Two-Stage Model

Variables . . e
I if_reject Delivery_speed if _wishlist
Coefficient (std. err.)  Coefficient (std. err.) Glaent (std. err.)
Intercept 10.769*** (0.374)
Search Strategy
if_immediate -0.742 (0.539) -2.700*** (0.294) -0672* (0.101)
if_delayed -0.141 (0.183) -0.585*** (0.123) -0.165136)

Receiver Controls
r_if_bio

r_if_ homepage
r_if_photo
r_if_librarything
log(r_feedback _score)
log(r_rejected)
log(r_praise_received)
log(r_praise_given)
I_receive_give_ratio
Book Characteristics
log(price)
log(d_s_ratio)
num_choices

Receiver-Giver Similarity

taste_similarity
shared_genre

log(r_focalgenre_depth)

0.119 (0.105)
0.074 (0.049)
-0.039 (0.037)
-0.083(0.050)
-0.051* (0.023)
0.066*** (0.017)
0.004 (0.020)
-0.007 (0.017)
0.000 (0.001)

0.280%** (0.026)
0.025 (0.026)
0.001* (0.000)

-0.167 (0.113)
0.003 (0.003)
-0.012 (0.013)

Instrument Variables & Other Variables:

if same_country
selection_bias

-0.737*** (0.053)

-0.072 (0.067)
0.075 (0.095)
0.020 (0.070)
0.147 (0.075)
-0.113* (@4
0.038 (0.033)
0.139 (0.138)
0.032 (0.031)
-0.001 (0.001)

-0.022 (0.056)

-0.331*** (0.048)

-0.155 (0.214)
-0.001 (0.006)
-0.068 (B)06

3.778* (1.693)

-3.235 (3.116)
-062(0.184)
0.106 (0.157)
240.(0.251)
1.385 (0.127)

-0.145*(0.016)
1632* (0.014)

A1E0.071)
0.002:0q1)
0.055 (0.085)

# of Observations

Chi Square

69560
386.60

147148
205.17

106110
13144.98

*p<0.05, *p<0.01, **p<0.001
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Table 3.8 Search Strategy and Transaction Partineic€. Transaction-Level

Dependent Variable: if chosen

Indirect Reciprocity Immediate Delayed Reciprocity

Cluster Reciprocity Cluster Cluster
Variables Coefficient (std. err.)  Coefficient (seir.) Coefficient (std. err.)
Search Strategy
if_immediate 0.482 (0.846) 3.653** (1.262) 2.0444Q23)
if_delayed -1.274 (1.137) 0.275 (0.288) 0.513***Q66)
Giver Controls
g_if_bio 0.124* (0.047) 0.376* (0.176) 0.082 (0.958
g_if_homepage 0.063 (0.074) -0.269 (0.292) -0.18994)
g_if_photo 0.036 (0.051) 0.210 (0.190) 0.296***((60)
g_if_librarything -0.109 (0.055) -0.592 (0.437) 289 (0.171)
log(g_feedback_score) 0.125* (0.048) -0.052 (0.187) -0.047 (0.057)
log(g_rejected) -0.191*** (0.022) -0.087 (0.083) 205%** (0.026)
log(g_praise_received) 0.138*** (0.032) 0.050 (B)11 0.192*** (0.036)
log(g_praise_given) -0.073 (0.054) 0.045 (0.088) .032(0.025)
g_receive_give_ratio -0.436*** (0.043) -0.498*** (1654) -0.532*** (0.056)
Receiver-Giver Similarity
taste_similarity 0.063 (0.165) 0.486 (0.630) 0.20212)
shared_genre 0.035 (0.045) 0.040* (0.016) 0.03726+005)
log(r_focalgenre_depth) -0.042 (0.030) -0.059 (6)11 0.041 (0.033)
Other Variables:
if_same_country 2.147*** (0.126) 3.280*** (0.913) 1% (0.173)
position -0.003 (0.003) -0.002 (0.002) -0.005 (@)00
g_tenure_in_month -0.006*** (0.000) -0.011*** (0.8p -0.006*** (0.001)
g_last_login_month -0.002*** (0.000) -0.001 (0.001) -0.001*** (0.000)
# of Observations 210699 11474 62994
Pseudo R 0.06 0.07 0.09

*p<0.05, **p<0.01, **p<0.001
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Table 3.9 User Characteristics and Search Strategy

Mean of Dependent Variables: Multivariate Regressio Analysis

interest_breadth avidness

Dependent Variable if bio if homepage if photo ibrdrything tenure
(Dl‘;'ayed—d”mmy 0.400 0.179 0.284 0.194 21.52
Immediate_dummy
@) 0.355 0.147 0.276 0.173 21.22
'(g‘)j'red—d”mmy 0.229 0.090 0.152 0.111 21.61
F(p) 46.346***  21.490*** 48.478***  22.889*** 0.581

P (0.000) (0.000) (0.000) (0.000) (0.320)
Scheffe ) ) . .
difference (3;1,2) (3;1,2) (3;1,2) (3;1,2) n.s.

23.90

18.12

15.61

241.144%
(0.000)

(1:2,3)

4.38

2.24

1.33

606.519%
(0.000)

(1.3

Overall effect: Wilks’ Lambda = 0.8442, F = 126.49% 0.000

*p<0.05, **p<0.01, ***p<0.001
Note: (a): (x; a, b) means that group x is sigaifitty different from groups a and b.
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Table 3.10 Construct Operationalizati®n

Cronbach's Mean® SD.

Altruistic Orientation (adapted from Webb et al. (2000) and Smith 2003) a

ALT1: People should be willing to help others wdre less fortunate.
ALT2: "Those in need have to learn to take care of thems@nd not depend on others. 0.773 3.97 0.64
ALT3: Personally assisting people in trouble ispienportant to me.

Exchange Orientation (adapted from Vanyperen and Bunk 1991)

EXO1: When | give something to another personnegally expect something in return.

EXO2: “I do not think people should feel obliged to repéyers for favors. 0.715 3.19 0.80
EXO3: I do not bother to keep track of benefitaVé given others.

Long-Term Relationship Orientation (adapted from Ganesan 1994)

LRO1: | believe that over the long run, a relatiipswvith someone else on the website will be beiefi

LRO2: Maintaining a long-term relationship with seome else on the website is important to me.

LRO3: | focus on long-term goals in the relatiopshith someone else on the website. 0737 3.13 0.63
LRO4: I am willing to make sacrifices to help aretindividual on website from time to time.

Disposition to Trust (adapted from Ridings et al. P02)

DOT1 | generally have faith in humanity

DOT2 | feel that people are generally reliable 0.700 3.73 0.61
DOT3 | generally trust other people unless theggne reason not to.

Online Self-Disclosure (adapted from Ledbetter 2009

0sD1 | feel like | can sometimes be more personal dukigrnet conversations.

0OsD2 It is easier to disclose personal informatinline.

0OsD3 | feel like | can be more open when | am comigating online. 0.845 2.87 0.75
0osbh4 | feel less shy when | am communicating online.

OSsD5 | feel less embarrassed sharing personahiafiion with another person online.

*: reverse coded item

(a): all the items are measured on a 5-point Likesale.

(b): an individual’s score on each construct is snead as the average of agreement (five-point sudtle statements for all items
corresponding to the construct.
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Table 3.11 Factor Loading and Cross-Loadings

Altruistic Exchange Loln g.-Terrr1r.1 Disposition to Onlll?e
Orientation Orientation Re_at|on§ P Trust _Se A

Orientation Disclosure

ALT1 0.861 -0.136 0.109 0.075 -0.144

ALT2 0.797 -0.105 0.075 0.017 -0.159

ALT3 0.834 -0.175 0.221 0.107 -0.169
EXO1 -0.152 0.734 0.187 -0.059 0.129
EXO2 -0.160 0.835 0.013 -0.110 0.043
EXO3 -0.096 0.819 0.268 -0.084 0.142
LRO1 0.224 0.040 0.772 0.265 0.156
LRO2 0.054 0.217 0.862 0.211 0.172
LRO4 0.087 0.203 0.837 0.141 0.156
LRO4 0.248 -0.039 0.640 0.333 -0.056
DOT1 0.098 -0.037 0.297 0.829 -0.020
DOT2 -0.004 -0.162 0.190 0.792 0.104
DOT3 0.089 -0.072 0.133 0.746 0.064
OSD1 -0.121 0.087 0.153 0.105 0.870
OSD2 -0.160 0.032 0.079 0.006 0.661
OSD3 -0.192 0.107 0.183 0.058 0.874
OosD4 -0.105 0.110 0.154 0.014 0.786
OSD5 -0.178 0.168 0.119 0.033 0.754
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Table 3.12 User Demographics, Psychographic Crarsiits and Search Strategy

Mean of Dependent Variables: Multivariate Regressin Analysis

Dependent Variable gend®r agé”  educatiof  household_ altruistic_  exchange_or long_term_o disposition online_
incomé?  orientation ientation rientaton ~ _to trust  disclosure

ai'ayed—d”mmy 1.2 366 497 5.47 4.17 3.46 3.61 3.89 3.00
'(';)med'ate—d”mmy 1.17 324 517 5.22 3.83 3.53 2.79 3.58 2.80
Indirect_dummy
3) 1.22 3.21 5.20 5.33 3.91 2.58 2.98 3.74 2.80
F(p) 0.342 3.05* 1.298 0.088 5.299** 39.301*** 43.934*** 4.471* 1.984

P (0.710)  (0.05)  (0.275) (0.916)  (0.006) (0.000) (0.000) (0.012) (0.140)
Scheffe differencé® n.s. (1:2,3) n.s. n.s. (1:2,3) (3:1,2) (1:2,3) 1(3) n.s.

Overall effect: Wilks’ Lambda = 0.8442, F = 126.49 0.000

*p<0.05, *p<0.01, **p<0.001

(a): 1=Male; 2=Female;

(b): 1 = 18-24; 2 =25-34; 3 =35-44; 4 = 45-54; 55-0r above;

(c): 1 = 98 grade or less; 2 = some high school but did redgate; 3 = high school graduate or GED; 4 =sorfiegeor 2-year degree; 5 = 4-year
college graduate; 6 = more than 4-year collegeadegr

(d): 1 =$0 to $24,999; 2 = $25,000 to $49,999;%50,000 to $74,999; 4 = $75,000 to $99,999; 360$000 to $124,999; 6 = $125,000 to
$149,999; 7 = $150,000 to $174,999; 8 = $175,008189,999; 9 = $200,000 and up.

(e): (x; a, b) means that group x is significamifferent from groups a and b.
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