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1. Introduction

Racial discrimination has been studied extensiuglgconomics and other social sciences,
but parsing racial discrimination from other infhwes is difficult. Experiments have become
increasingly popular ways to isolate racial disanation, as these techniques circumvent many
of the limitations associated with other methodaabapproaches by providing greater control
over the variables of interest. We build on thteriture by conducting a field experiment to
determine whether racial discrimination can be fified in product-market auctions and, if so,
under what conditions it is more likely to emergd®. investigate these questions, we sell a
variety of products on eBay under different setlames. In particular, we pair auctions such that
a seller with a distinctively black name and aesallith a distinctively white name sell perfectly
substitutable products simultaneously. This desiglds constant numerous potential confounds
by constructing a direct comparison of prices nemgiby white- and black-named sellers, which
presents a way to test for the presence of raafichination.

Much of the experimental literature on racial disenation investigates whether individuals
who are members of a particular group treat thdse are members of other groups differently.
The bulk of these studies provide support for “intgp” biases. In our case, we would observe
in-group bias in favor of “same-race” sellers ifitghnamed sellers receive higher prices than
black-named sellers when prospective buyers aree rikely to be white, and black-named
sellers receive a premium when they are sellinglyets more likely purchased by blacks. We
select our products such that the expected ragraposition of buyers varies, which provides an

opportunity to examine whether same-race biaseprasent in our data.

! In-group biases exist when individuals of certginups are more generous toward or prefer to ictavith
members of the same group. The psychology litegatypically finds strong evidence supporting inypdiases,
while the economics literature suggests that thpaoh of group status depends on the origins olstand
incentives. See Anderson et al. (2006) for a revoéthese literatures.

1



Theoretical work, primarily in the context of labanarkets, suggests that racial
discrimination can persist in markets characterizgdow levels of competition or asymmetric
information. In most contexts, it is difficult, geaps impossible, to isolate and test directly for
the influences of these forces on racial discritioma The features of eBay and the flexibility of
our experimental design allow us to examine how metition and asymmetric information
directly affect the price differences between whited black-named sellers.

Becker's (1957) seminal theory of discriminationggests that competition lessens the
impact of the “marginal discriminator” in the matke However, to our knowledge, racial
differences in outcomes have not been directly @eg across markets characterized by high
and low levels of competitiohWe investigate this question in product marketssblecting
goods such that the level of competition variesveeth markets. This variation provides a way
to test whether the price differences between wh#ed black-named sellers are more
pronounced in markets characterized by lower lewdlscompetition relative to markets
characterized by high levels of competition. Weestpacial discrimination in product markets
to operate in much the same way theory suggestsrigiination is less likely to emerge in
markets that are highly competitive and more likedyemerge in markets characterized by

relatively less competitiof.

2 In labor markets, competition could affect disdriation through its impact on firm profits. Disciimating
firms incur additional costs by opting to pay petg substitutable workers different wages, whithces them at a
cost disadvantage relative to non-discriminatimméi. As competition increases, discriminating firmay exit the
market. In an auction market setting, discrimingtiidders do not leave the market. Instead, thineepay higher
prices or decrease their probability of winningaarction.

% Most field experiments on racial discrimination have focusadabor markets (Bertrand and Mullainathan
2004; Carlsson and Rooth 2007), housing marketsn@hand Hammarstedt 2008), or on a single prodacken
(List 2004). In these contexts, it is difficult, teeasure differences in the level of competitiotwieen markets.

* All else equal, a discriminating bidder must haviwer willingness-to-pay for the same productddoy a
particular seller. Under eBay auction rules, the maximum willingnesgay of the second highest bidder
determines the selling price; thus, price diffeemncan be observed if the second highest biddersrequently
drawn from the distribution of discriminatory biddeSince non-discriminating bidders have a highi#ingness to
pay, increasing the number of bidders competing imarket raises the probability that the two biddsith the
highest willingness-to-pay for a given product moa-discriminating.

2



The nature of eBay’s feedback system provides ar akeethod for summarizing all the
observable information regarding a seller’s repatatwhich is available to bidders. Much of the
recent literature on discrimination focuses on \whethe type of discrimination observed is the
result of tasted-based or statistical discrimiratiVe are able to use sellers’ feedback scores to
identify whether gains in information influence theces received by white- and black-named
sellers. When price differences are observed betwdste- and black-named sellers, changes in
information provide a way to determine whethertiype of discrimination observed is consistent
with the predictions made by discrimination modélased on tastes and/or asymmetric
information. In addition, we are able to examinestiter market mechanisms designed to reduce
informational asymmetries are successful at mitigatacial discrimination.

Our field experiment has some additional advantages previous studies. First, we are able
to observe actual bidding decisions made by regétsuin a naturally occurring environment.
The bidders are unaware that they are part of amagoic experiment focusing on racial
discrimination and are, to a large extent, anonysrarticipants in the market. In addition, there
are no legal consequences for choosing, for exartpleay higher prices to white-named sellers
or for refusing to bid on products sold by blackneal seller§. Therefore, bidders will not adjust
their behavior to appease either the experimentestieer bidders in the market. Second, we
enter the product markets as passive sellers witth@uability to bargain with or discriminate
against buyers. This approach eliminates the inflaeof the bargaining ability of sellers and
their knowledge of the underlying distributions tie willingness-to-pay for different

demographic groups, which List (2004) identifiedraportant factors that can lead to profitable

® For example, see Antonovics et al. (2005), Antacenand Knight (2009), Fershtman and Gneezy (2001),
Levitt (2004), and List (2004).

® The markets studied are relatively free of govesniegulation relative to housing and labor marketich
have been the focus of a large portion of the rebean discrimination. In housing and labor marketsticipants
are legally required to consider laws designecetiuce discrimination.
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statistical discrimination. Lastly, the auctionrfrawork facilitates efficient market outcomes and
provides a way to observe the preferences of buyers fully than posted-price markets.

Our data indicate that statistically significantcprdifferences can emerge between white-
and black-named sellers. The direction of the éffeconsistent with same-race biases: white-
named sellers receive higher prices than black-dasabers for products that are expected to be
purchased by whites at greater rates, and blacleda®ellers receive higher prices for products
that are expected to be purchased by blacks ategrestes. However, the price differences
observed between white- and black-named sellersidanetified only when certain market
conditions are present. In particular, price ddéferes emerge in our data in markets
characterized by low levels of competition, but fivel no evidence of racial discrimination in
markets characterized by high levels of competitiimese findings are consistent with Becker’s
model of discrimination, which suggests that higleels of competition reduce the impact of
the “marginal” discriminator. Further, the priceffdiences found in less-competitive markets
appear to be driven primarily by the lack of selisxdibility, as the price differences dissipate as
sellers accumulate credible reputations throughysBaedback system. While the finding that
racial differences are only present at low levélfeedback is entirely consistent with statistical
models of discrimination, we are unable to deteamivhether the discrimination observed is
derived from preferences, past experiences, or swn@ination of both. In either case, our
results suggest, rather strongly, that competifmees and market mechanisms designed to

reduce informational asymmetries can aid in prongption-discriminatory outcomes in markets.



2. Background

There are two primary economic models of conscidigssrimination: one based on tastes
(Becker 1957) and the other based on statisticsdridnination arising from incomplete or
asymmetric information (Arrow 1973; Phelps 1972)n the taste-based model, different
economic outcomes emerge for majority and minaggityups because of animosity. Economic
agents pay a premium, either in terms of lost reeeor higher prices, to avoid trading with
individuals from a particular class of people. Byntrast, discriminatory models emphasizing
incomplete information rely on making inference w@atboan individual's unobservable
characteristics by using observable characterjstush as race or gender. Models based on
statistical discrimination assume economic agemigemo animosity. Nevertheless, statistical
discrimination results in differential treatment pérsons who differ based on observable
characteristics.

Much of the theoretical and empirical literature discrimination has focused on labor
markets. Researchers have established that wagendisation can persist under either taste-
based or statistical models of discrimination i flong run, assuming at least one of the
following conditions is met: i markets are not perfectly competitive ar) (asymmetric
information is persistent (see Charles and Gury@8p These characteristics are not specific to
the labor market, and they can also be presenbitiugt markets.

Statistical discrimination can arise in any markiected by asymmetric information, and it

occurs when market participants use observableactaristics as a signal to infer unknown

" An alternative theory of discrimination, which ginated from psychological research, is one based o

implicit biases (Bertrand et al. 2005). Individuaisy discriminate implicitly or unintentionally agat members of

a particular group, especially when choices areamapbulsively. It is unlikely that implicit discrimation arises for
products sold in online auctions, as buyers hayspnities to examine the products, the selleharacteristics,
and whether identical products or close substitatesbeing sold by other sellers. Prospective muyeuld likely
examine these characteristics before making a cmrsdecision to bid on a product. Our data, whidch discussed
in Section 4, indicate that winning bidders mader%ids on average and only 13 percent of winnidgdrs placed
only one bid. Bidding multiple times on a produghighly suggestive of “conscious” decision-making.
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information. In our context, a prospective buyerombing on eBay may use the racial
distinctiveness of sellers’ names as a proxy fer élxpected probability that the product will
arrive in the stated condition. If discriminatiarooted in differences in information, there is an
opportunity to minimize discrimination through matkmechanisms designed to reduce
informational asymmetries (e.g., eBay’s feedbadtesy).

Attempts to examine racial discrimination, in gexerhave used regression analysis,
laboratory experiments, and field experiments. Tégression approach traditionally uses an
economic outcome, often a wage, as the dependarmdblea and controls for observable
characteristic§. The key explanatory variable of interest is tyflicanembership in a minority
group (e.g., Hispanic or black). However, in thgression framework, unobserved differences
between majority and minority groups could leadltiberences in the outcome of interest not
attributable to discrimination.

Laboratory experiments circumvent many of the prois inherent in regression studies by
providing a way to hold constant many potential foands. In addition, cleverly designed
laboratory experiments are able to determine whetieetype of discrimination observed is the
result of in-group preferences (Ball et al. 2001)statistical discrimination (Fersthman and
Gneezy 2001). While laboratory experiments provide experimenter with a great deal of
experimental control, the ability of researcherseitrapolate the results from some of these
experiments to naturally occurring markets has lopesstioned (Levitt and List 2007).

More recently, field experiments have been empldgeishvestigate discrimination in labor,

housing, and automobile markets. Several studiee hsed the audit framework, which

8 Altonji and Blank (1999) present a comprehensisdaw of regression studies focusing on the labarket.
For the most part, these studies find lower wages @oorer job opportunities for minorities. An obws issue
arising in the regression framework is the influsio¢ omitted variables. Regression studies on idiscation have
come under serious criticism, as estimates aretsento the data set used and choice of indepandariables
(Riach and Rich 2002).



physically sends individuals who differ by obserneatharacteristics such as race or gender (but
are otherwise not distinguishable from one anothenest for differences in market outcomes.
The main concern in audit studies is ensuring tiatauditors only differ by race or gender and
not by other observable or unobservable charatitsrisn attempt to minimize these differences,
auditors are trained to use the same bargainiategly. Despite this training, the audit approach
has been criticized because the auditors coul@rdiff unobserved ways, perhaps in terms of
perceived lower reservation prices (Heckman 1998).

Many of the criticisms of audit studies have begari@d by experiments that, instead of
sending people to apply for jobs, send résumédiiffat only by the racial distinctiveness of the
applicants’ names. Bertrand and Mullainathan (20id4) that applicants with distinctively white
names receive 50 percent more interviews than cabfapplicants with distinctively black
names. In addition, they show a similar racial bias applicants with different levels of
socioeconomic status and skill-sEtsThey attribute their findings to preference-based
discrimination rather than statistical discrimioat

List (2004) makes a number of important contribagi®o the study of discrimination with a
field experiment conducted at a baseball card st®wibjects of different races, genders, and
ages are recruited to record information as theydnd sell cards. List (2004) shows that non-

majority buyers (sellers) are initially quoted hegh(lower) prices. However, complementary

° Riach and Rich (2002) provide an extensive revidwaudit studies that examine discrimination induret,
housing, and labor markets. These studies typidally preferential treatment for members of majorgroups
relative to members of minority groups.

91t is an open question as to whether the largierifice in interview rates between white- and blaaked
applicants leads to sizeable racial differencethénlong run. Fryer and Levitt (2004) examine timpact of having
a distinctively black name on a number of long-outicomes. They find that having a distinctivelydd@ame has a
small effect on the type of neighborhood in whiah iadividual lives and a positive but small effemt the
likelihood of single motherhood. For other outcomeeluding education and income, racially distimames
appear to have no long-run effects.

11t is still possible for these findings to be #iirtable to statistical discrimination if employerserpret the
names to reflect some other unobservable charstitsri such as the ability to relate to coworkdmsis logic
highlights the difficulty in isolating taste-baséidcrimination. Likewise, implicit discriminatioroald be present in
this context, as Bertrand et al. (2005) suggest.



experiments demonstrate that differences in theéegumade by experienced traders to different
groups are consistent with differences in the ugoley reservations values of the group
members. Since experienced traders use race, geaddr age as proxies for unknown
reservation values, the price differences are stersi with statistical discrimination rather than
taste-based discrimination.

Our study builds on the existing racial discrimiaatliterature by investigating whether
own-race biases found in other contexts arise mataral market setting with real monetary
consequences. In addition, we extend this liteeabyr comparing the prices received by white-
and black-named sellers in markets with low ancdhHeyels of competition, which, to our
knowledge, has yet to be studied. Lastly, we usay&sBfeedback system as an observable
measure of information regarding the credibilityseflers to capture how changes in information

influence discriminatory outcomes in markets.

3. Experimental Design

We conduct a field experiment by performing a sené auctions using eBay to create a
direct comparison of prices paid for perfectly ditbtable products sold by white- and black-
named sellers. We use the standard eBay auctiomaftowhich has ascending English auction
rules and a computerized proxy-bid system, whicksdoot require bidders to monitor the
auctions continuousi. The price for an item sold in an eBay auction aév¢he willingness-to-
pay of the bidder with the second highest valuetieritem®® By contrast, posted-price markets

only convey whether buyers have a willingness-tp-phiich equals or exceeds the price. For

12 see Lucking-Reiley et al. (2007) for further dission on the proxy-bid system.

13 To be precise, eBay requires prospective buyebidtin excess of the existing bid by a minimum amtdn
order to become the leading bidder. The minimumitidement is a function of the current price. Avbumust bid
in increments of $0.05 when the price is betwee®B@nd $0.99; $0.25 if the price is between $h08 $4.99;
and $0.50 if the price is between $5.00 and $248%f our products sold for less than $25.
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our purposes, posted-price markets would captuialnarice differences only if the willingness-
to-pay to a seller with a racially distinct namerfpaps, a white name) is greater than or equal to
the posted price and the willingness-to-pay toleeswith a racially distinct name signifying a
different race (perhaps, a black name) is less thanposted price. The auction framework
provides a unique opportunity to study racial disaration, as it identifies a more complete
picture of buyers' preferences.

We sell various products (discussed in detail gtise 4) under different seller names, which
are selected from the list of distinctively blacidadistinctively white names provided by Levitt
and Dubner (2005). The names chosen to represemivbiie” sellers are Jake and Dustin, while
the names chosen to represent our "black" selter®aShawr; Tyrone, and Jamaf.For each
group of products, we open new seller accountggusia chosen racially distinct names for each
market. As a result, each seller account begins witeedback score of zero for each group of
products. We schedule the auctions such that et svithin a given market posts only one
auction per week. We pair white- and black-namdiérsewho are selling perfectly substitutable
products at the same time, which provides prospetiuyers, who may have a racial preference,

with a choice between two selléfs.

14 After some initial results, we felt that “DeShawm?ay not be recognized as a distinctively blacknesme. In
particular, buyers may focus primarily on “Shawwfiich is not identified by Levitt and Dubner (2004 being a
distinctively white or distinctively black name. Bleawn was replaced with Jamal later in the expearime

5 The actual seller names used in the experimerinbeigh the racially distinct first names followesy an
underscore and a random number (eigrone_123and jake 456. Jake and Dustin are first and sixth on the
distinctively white name list, respectively. DeSm\Wyrone, and Jamal are first, eighth, and 13ththenlist of
distinctively black names, respectively. Becaussetnames” are not necessarily first names, we dgaiames on
the lists which could also represent last or famiymes. For example, the second name on the “Whiistsis
Connor and the third name on the “Blackest” lisMarquis, which could be interpreted by prospectivgers as
family names. Using these names in our experimexyt mot be perceived by buyers as racially distinct.

18|t is possible for a buyer to enter a bid in batittions simultaneously. Over 1000 different pedyitieon our
items, and about 80 percent of them bid on onlyitera. Less than 10 percent of our high bidders wame than
one of our auctions. There were five pairs of aundiin which both items were won by the same bibygrthe
second highest bidder differed in each case.



The auctions are constructed so that the only cherstic that differs in a meaningful way is
the seller’'s username. Many features of the austioa identical across sellers. For example, the
auctions last five days and begin with an initiasice of $0.01, with free shipping and no
minimum bid or reserve price sétThe products are shipped “first-class” through thated
States Postal Service (USPS) and are only soldiyerb in the continental United States. Each
of the sellers lists “Southeastern USA” as thegalon, instead of a more specific geographic
location (e.g., a city and/or state). Paymentsreceived via Pay Pal. We handle inquiries from
potential bidders as uniformly as possible so #ilabidders have the same information at their
disposal.

There are some features of the auctions which ¢apeanade identical without alerting
buyers that two seller accounts are from the saynece. For example, our design necessitates
differences in the appearance of the auction aideenents® We include a picture and fact-
based description, which provide details on thelpeb and its manufacturer, model, quality, and
appearance. The format, background color, and tHer@f presentation of facts about the
product differ, but the content is identical. Westt¢hese auction descriptions in a separate
experiment to ensure the characteristics of theedidements do not influence the prices
received. The details of these tests are discusstte Appendix. The results from these tests
indicate that our auction advertisements are wsdfferent within a given pair but are not
statistically different from one another in ternistioe prices they will receive (See Appendix

Table Al).

7 |n prior studies, auctions with minimum bids aedarve prices receive either the same or lowengadtices
than those without price restrictions (Bajari andrtidcsu 2003; Lucking-Reiley et al. 2007; Katkad d&Reiley
2005). Likewise, previous studies show that buyaes sensitive to differences in shipping costs {aitsu et al
2009; Hossain and Morgan 2006). We offer free shippin part, because our products are inexpenangk a
shipping charge would be a large fraction of thst ¢o the buyer.

18 Each seller uses the same description each tipgetizular product is sold. See Figure Al in thepAndix
for two examples of auction descriptions. The aurctiescriptions for the other products sold ardlainto these
layouts.
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It is also necessary to end the auctions at diffetienes to reduce the chance that buyers
recognize that two sellers’ accounts are from #maes sourcé® One of the auctions, within a
given pair, begins and ends two days prior to ttieroauction. We post the first auction on
Thursday afternoon so that it ends on Tuesdayrafter. The second auction begins on Saturday
afternoon and ends on Thursday afternfowWe alternate the order in which the auctions of
sellers, within a given pair, are posted. Whited &tack-named sellers are paired in subsequent
weeks. For example, if the white-named seller’stiancends first in the first week, the black-
named seller’'s auction ends first in the secondkwd@de sellers also rotate between two
different but related products so that the same selters are not paired more than two weeks
consecutively selling the same prodticThis rotation of sellers by product and timing,isth
we refer to as a cycle, is illustrated in Tabldnlour regressions, we are able to hold constant
the differential timing of the auctions start amdi elates.

Using eBay as a research platform provides twaifeatwhich allow us to examine how the
characteristics of markets affect racial differengeprices received. First, using eBay allows us
to select products which vary by the level of cotitfps present in the market, which provides a
way to test whether differences in the prices mexmkiby white- and black-named sellers are

more pronounced in less competitive markets redatte more competitive markets.

19 While it may seem an unnecessary complicationuto auctions at different times, we conducted ao$et
auctions which ended within a few hours from eatifeoon the same day in an initial pilot study. ekfseveral
weeks, we found large differences in the pricesivetl between white- and black-named sellers inketar
characterized by low levels of competition. Howeware buyer expressed suspicion that our selleyumts were
operated by the same person. We discontinuedehip ind do not consider the data from the pilodyst

% There is an exception. We initially scheduled ¢hetions to begin on Fridays and Sundays and end on
Wednesdays and Fridays. However, this was charfgedfiading that price differences arose due ® ¢ind date of
the auctions. However, we control for the ordefithe auctions in all regressions.

L We do not pair the same sellers with the sameymtsdfor multiple weeks consecutively for two reaso
First, this may raise suspicion of buyers thatamoounts are from the same source. Second, this lime potential
source of endogeneity: If price differences betwdennames were to emerge, sophisticated biddeids easily
compare the selling prices between the two accoamdsplace their bid with the seller who had besreiving
lower prices.
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Table 1—Timing of Auction Cycles

Product 1 Product 2

Week Thursday/ Saturday/ Thursday/ Saturday/

Tuesday Thursday Tuesday Thursday
1 Jake Jamal Tyrone Dustin
2 Jamal Jake Dustin Tyrone
3 Jamal Dustin Jake Tyrone
4 Dustin Jamal Tyrone Jake
5 Dustin Tyrone Jamal Jake
6 Tyrone Dustin Jake Jamal
7 Jake Tyrone Jamal Dustin
8 Tyrone Jake Dustin Jamal

The number of auctions selling the same and simpitaducts varies greatly across goods and
markets, which provide a basis for comparison (dised in more detail in Section 4). For the
purposes of clarity, our goal is to create compagadtatics, not to identify the size of a market
required to eliminate price differences betweentevand black-named sellers.

Second, eBay’s feedback system provides a metri@afmeasurable gain in information,
which provides a potential way to distinguish betwelternative theories of discrimination and
to test whether market mechanisms designed to eeidémrmational asymmetries are successful
at mitigating discrimination. eBay’'s feedback syste/orks to increase information regarding
the credibility of buyers and sellers, includingbpaizing their feedback scores and the
comments provided by previous trading partfiérspon completion of an eBay auction, the
buyer and seller have the opportunity to leave Haek for each othér. Sellers receive *-1 if

the buyer is displeased with the transaction; a iftthe buyer is satisfied with the transaction;

22 |nternet auctions, which match buyers and sellen across the globe, are characterized by siganifi
informational asymmetries. Both eBay and PayPaélwnstructed profitable businesses by helping theitomers
overcome informational asymmetries. Resnick e{2006) demonstrates the ability of eBay’s feedbsygtem to
help promote seller credibility.

23 Our sellers never provide feedback on buyers sumnthat the behavior of our sellers is as unifasn
possible.
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or a ‘0’ if the buyer is neutral regarding the saation. Buyers can also leave detailed comments
describing their experience with the seller. Afteceiving a positive feedback score of 10, eBay
users receive a yellow-star award, which appeapsigside their usernames. Because we
carefully coordinate the auctions and ship the pectsl in a timely manner, our sellers never
incur negative feedback. However, buyers are mptired to rate a seller and slight differences
emerge that are beyond our control. Since feedbdtdrences are observable, we are able to
hold constant differences in the feedback scoresetiers by including a measure of seller
feedback as an explanatory variable.

Preserving the important aspects of our field expent imposes some costs. Conducting
auctions on eBay dictates that we have limitedrmftion about, and no control over, who bids
in our auctions. There is no way to observe theéaratharacteristics of our bidders without
compromising other features of the experimentaighe©ur strategy to overcome this limitation
is to select groups of products for which the reéatacial compositions of the bidders are likely
to differ. We want to be clear that the racial gatezation of the products sold refer to our prior
beliefs concerning the expected relative ratesiddlibg activity by race. Selling products that
are targeted to different racial groups providegag to examine whether same-race biases found
in laboratory experiments can be identified in naty occurring markets. This also allows us to
observe whether the same trends in racial discatiin with respect to competition and
informational asymmetries emerge across productsharary by the expected purchasing rates

of buyers by race.
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4. Data

Over a period of 11 months, we conducted 288 angt{@44 pairs) selling various goods
from three different sets of products: fishing kjrelistinctively black toys, and distinctively
white toys. We sell new, unopened products withirgirices ranging from $5.00 to $7.00. The
auctions for the fishing lures were conducted @&meeks from February 2009 to July 2009.
The distinctively black products were sold over ttwrse of 32 weeks from May 2009 to
December 2009. The distinctively white toys werkel sver the course of 16 weeks from August
2009 to December 2009. A detailed list of the prtslgold is shown in Table 2.

The first group of products is fishing lures, white commonly used for bass fishing. These
products can be categorized as either “Plastic \Wonrhich sold in our auctions for a mean
price of $5.74 (0.14) or “Spinner Baits” which saidour auctions for a mean price of $5.50
(0.24) (standard errors of the means in parenthe®és sold two fishing lures per auction and
selected identical brands, sizes, and color conibima within each pair to ensure that the
products sold by the paired white- and black-nasekérs are perfect substitutes. While fishing
lures have no inherent race-specific charactesistitarketing research by Mediamark Reporter
(2008) indicates that whites are more than twictka$y to buy fishing lures as black$ Thus,
we categorize bass-fishing lures as products tratpeedominately bought by whites in our
analysis.

In the auctions for distinctively black toys, wellswy figurines, which are clearly

representative of individuals that are of blaclA@ican descent. We suspect that these products

% To put this in context, the difference in the fhasing rates of fishing lures between blacks anidestis
even larger than the difference in purchasing ratdishing lures between males and females.
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Table 2—Products Sold and the Level of Competition

Product Expected Number Market
Product N Race of Search Terms of Other .
Category B Size
uyers Sellers
Culprit 7.5” Worms Fishing 32 White  Culprit Worms 143 Large
Berkley Powerbait 7 Worms Fishing 16 White  Berkley Worms 424 Large
Strike King Mini-King Spinners Fishing 10 White  Strike King Mini 26 Small
Strike King Bleeding Bait Fishing 8 White  Strike King Bleeding 35 Small
Chatterbait Fishing 8 White  Chatterbait 163 Large
Chatterfrogs Fishing 8 White  Chatterfrog 33 Small
Stanley Spinners Fishing 8 White  Stanley Spinnerbait 18 Small
Mini-King Bleeding Bait Fishing 6 White  Strike King Bleeding Mini 4 Small
. . Beach Party Barbie 114
Beach Party Barbie Doll 32 White Beach Barbie 910 Large
. . . Loving Family Dolls 652
Loving Family Mom and Toddler Doll 12 White Loving Family Dolls Mom 70 Large
Loving Family Dad and Sister Doll 12 White  Loving Family Dolls Dad 53 Large
Loving Family Grandma and Brother Doll 8 White  Loving Family Dolls Grandma 16 Small
. . Barbie African 1037
Barbie Beach Party Nikki Doll 34 Black Barbie Nikki 574 Large
Loving Family Brother and Sister Doll 32 Black  Loving Family African Brother 3 Small
. . . . Little People African 67
Fisher Price Little People AA Husband and Wife Doll 14  Black Little People African (new) 16 Small
Loving Family Mom and Baby Doll 8 Black Loving Family African Mom 42 Small
Loving family Dad and baby Doll 8 Black  Loving Family African Dad 29 Small
Peek-a-boo Barbie—Jemila of Johannesburg Doll Black  Peek a boo Barbie African 7 Small
Beach Party Steven Doll 8 Black Barbie Beach Steven 38 Small
Ballerina Nikki Doll 6 Black Ballerina Barbie African 56 Large
Barbie Fairy Doll 4  Black  Fairy Barbie African 6 Small
Bratz Angelz Doll 2 Black  Bratz lil Angelz Doll 629 Large
Bratz Ballerinaz Sasha Doll 2 Black  Bratz Ballerinaz 31 Small
Sweet Secrets Morgan Doll 2 Black  Sweet Secrets Morgan 6 Small

Notes The heading ‘Product’ lists the names of the potsl sold; ‘Product Category’ defines whether thedyis a fishing product or a doll; ‘N’ is the nuerb
of auctions for each product; ‘Expected Race of@sylists our expectations regarding whether thgebs of the product are expected to be white ackyl
‘Search Terms’ indicate the terms used to seamhthe number of competing sellers; ‘Number of ®tBellers’ show the results from the product sessain
eBay; and ‘Market Size’ identifies whether the protdis highly competitive (i.e. Large) or less cagtitive (i.e. Small).
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are more likely to be purchased by blatk¥he majority of the data are from auctions selling
Barbie Nikki dolls, (i.e. the African-American BagbDolls) which sold for a mean price of
$5.80 (0.31) and African-American Fisher-Price lmyiFamily Dollhouse figurines which sold
for a mean price $8.16 (0.32) (standard errordiefmeans in parentheses). In the auctions for
distinctively white toys, we sell the white vers#oaf the Barbie Dolls for a mean price of $5.98
(0.34), and white Fisher-Price Loving Family Dolllse figurines for a mean price of $7.76
(0.55) (standard errors of the means in parenthe¥és suspect that whites are more likely to
buy distinctively white toyg®

Since we are unable to observe the actual raciafackeristics of the bidders without
compromising other important aspects of the expanimwe analyze the racial characteristics of
the winning bidders’ zip codes as a rough proxytha racial characteristics of the bidders in
these markets. The data appear consistent witproarexpectations about the race of buyers in
our markets. The mean percentage of the popul#tiinis black in the buyer’s zip code is 8.03
(1.24) for the fishing products, 11.44 (1.83) fobe tistinctively black toys, and 6.60 (1.52) for
the distinctively white toys (standard deviatiofishe means are in parenthes®s).

All products were purchased at large retail chamsept the African-American Loving
Family Dollhouse figurines, which were purchasedinen Since our bidders likely have some

idea about the prices of these items, it is unjikbht a buyer would have a substantially higher

% Females may be more likely to purchase toys thatesnand could have a different willingness-to-fary
goods sold by male and female sellers. Since ebotraellers have male names, differences in ®iypeeferences
for male or female sellers will likely have simileffects on both sellers in a pair.

% |n fact, a study by Hraba and Grant (1970) shdvas black children prefer black dolls to white dolivhile
white children prefer white dolls to black dollshi$ provides some, although not conclusive, supbaitblacks are
more likely to buy distinctively black toys and wds are more likely to buy distinctively white toys

2" These percentages are meant to be descriptiveprmmanust not draw strong inference from them ay th
have clear limitations. First, we do not have sfeaiformation on the race of any of the biddessly the overall
demographic characteristics of the zip code. Secardonly have the zip code for winning bidderst fur all
bidders in an auction. The winning bidder is notessarily representative of all bidders, and treose highest
bidder determines the selling price in a secondepaiiction.
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willingness-to-pay than other prospective buyersictv may work against finding evidence of
racial discrimination. This is unlikely to be thase for collectable items (e.g., coins, paintings),
which buyers value differently and a common regtaite is unknown.

One of our main goals is to quantify the level oimpetition present in each product market;
however, this is difficult. Ideally, we would like know the number of potential bidders for our
products, but this is unobservable. We observenalasi number of bidders in each of our
auctions regardless of the product being sold. Hewethe number of bidders is likely
endogenous; that is, many interested bidders mapidmn our auctions if the price is high. As
a result, the number of bidders observed in outti@ng may not categorize the level of
competition in a given market.

We are able to observe the numbers of auctionpddiect and close substitutes that are
posted on eBay’'s website simultaneously. This glewia proxy for the number of competing
sellers, which is also indicative of the number paftential bidders in the market. As an
alternative, we conduct various eBay searches Her groducts being sold to determine the
number of competing sellers for each product. Wethe results from these searches as proxies
for the numbers of potential bidders, as the numiessellers is likely correlated, albeit
imperfectly, with the number of potential biddé¥s.

It is a matter of some interpretation as to whicietens and products to consider as the

relevant competing sellef8.For our primary results, we define a market witbrenthan 50

% The number of competing sellers may also influetheeprice differences between white- and blackethm
sellers within a pair of auctions. A taste-basestiiininator may not place a bid on an auction waeseller has a
racially distinct name which is associated with imarity. However, in less competitive markets, girebability is
higher that bidders will place bids on productddny our sellers with racially distinct names white associated
with the majority group, because there are fewkersefrom which to choose. Thus, we are morelyike observe
price differences between white- and black-naméi@rsein less competitive markets than in highlyngeetitive
markets.

2 For example, it is not clear whether new and yseducts should be treated as substitutes, or wh&ach
Barbies are substitutes for Ballerina Barbies. lkemtit is not clear how to treat other auctioret thundle one of the
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competing sellers on eBay as highly competitive cBgtrast, when the number of sellers is less
than 50, we consider this market to be relativelys| competitivd The number of sellers
present in the market varies by season for ourymtsd Our main classification using 50 sellers
as the cutoff point maintains that the number désin a given market rarely switches between
what we consider high- and low-competition markétsere is little variation in the number of
sellers of a product within a given week. We redépgithe limitations of using measures that are
somewhat subjective. As a result, we check the stolmss of our findings to a variety of
alternative classifications of high- and low-conipet markets. We present results from an
alternative classification in the Appendix, whichogps all products within a broad group as
either high or low competition markets.We find qualitatively similar results across these
different classifications.

Our seller feedback scores are determined in aaocedwith eBay procedures. The feedback
scores lag behind the number of actual auctionsptEied because buyers leave feedback after
they receive the product. In addition, not all lnsyehoose to leave feedback for sellers. The
feedback levels between two sellers within a phiawctions are similar, with a difference in
feedback scores between sellers of three or las80@ercent of the auction pairs. This is a
small difference relative to the seller feedbaakes found on eBay, which can range from zero

to over one million. It is worth noting that ouralbk-named sellers accumulated feedback at a

products we are selling with a related good. Wéectdd information on all other auctions listingidical search
terms as ours for each week, but upon review weddhis approach to be limited.

%0 The numbers of competing sellers for each prodretisted in Table 2.

31 n this alternative classification, we group proguinto categories so that all members of the gifawunder
a fairly broad definition of substitutes. For exdejpwve treat all the large dolls sold under thebBabrand name
(i.e. all Barbie dolls, Steven Dolls and Nikki dg)llas a single market and consider it as a highpetition market
and we consider all the spinner baits as a sitmle competition market. We also performed regressiasing over
20 different market-size classifications and pradyroupings. The results from the other producssifecations are
available upon request from the authors.
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faster rate than our white-named sellers acrosgrallips of products. We control for these
differences in our regressions.

Upon completion of each auction, we collect infotima on the transaction price, the
number of bids, the number of bidders, the winnbidder’'s feedback score, the winning
bidder’s zip code, the seller's feedback scorenimaber of identical competing auctions at the
time that the auction ends, the duration of thdians, and the name of the seller associated with

the account.

5. Results
5.1. Empirical Strategy

In our baseline model specification, we estimateftllowing ordinary least squares (OLS)
regression modéf

Price= S, + 5, SameRacet 5, EndsFirst + 5, YellowStar
+ [, Productx Week+ ¢.

1)

The variablePrice is the price receiveddame Racés an indicator variable which equals one if
the racial distinctiveness of the seller's namedmes the expected racial characteristics of the
buyers and zero otherwisgnds Firstis an indicator variable which equals one whenuatian
within a given pair ends first and zero when it malst; Yellow Staris an indicator variable
which equals one when sellers accumulate posiéigdback scores of 10 or more and zero when
sellers have yet to accumulate a positive feedlsmoke of 10;Product x Weekrepresents

product-week fixed effects, which capture the ieflae of other determinants of the price,

including seasonal variation and other competitarshe market which are common to both

32 While this specification only includes the congrdisted in equation (1), we also checked the rotess of
the results to the inclusion of a number of othamtml variables, including product fixed effectsdaweek fixed
effects. The results are very similar, regardlessvioich controls are included. Equation (1) progdie best
statistical fit.
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sellers of a product in a given weeks the error term; and th are parameters to be estimated.

We are primarily interested in the parameggrwhich captures the difference in prices received

between sellers whose racially distinct names mtterexpected racial characteristics of buyers
and sellers whose racially distinct names do notcimghe expected racial characteristics of
buyers.

In supplemental models, we estimate equation (1$udbsamples partitioned by the levels of
competition present in a given market. We also argnequation (1) to estimate the effects of
Same Racby the feedback scores received by sellers. Incpdat, we make use of the “yellow
star” received by sellers who accumulate a posfeeglback score of 10. To obtain a better idea
of how the feedback scores interact with the radistinctiveness of the sellers’ names, we also
estimate the effects &ame Racey low, medium, and high levels of feedbdtiBecause each
of our sellers accumulates similar feedback overdburse of the experiment, we are able to
compare sellers with credible reputations who atiffer by the racial distinctiveness of their
usernames. The results from our primary regressaomgpresented in Tables 3, 4, and 5, which
are discussed in more detail in the following scahises.

We check the sensitivity of the estimates repoiretie next section to the exclusion of three

auction pairs (six total observations) identifiedpatential outlierd? We present the results from

33 Feedback scores of 0-6 are coded as low; feedimamies of 7-12 are coded as medium; and feedbackssc
of 13 or greater are coded as high. The same aétegare used for each set of products. These fsutwé
empirically motivated, as they provide three growgth similar numbers of observations. Regressieith other
categorizations of feedback yield qualitatively gamresults. All of our feedback scores are lowcomparison to
most eBay sellers. As a result, our labeling of,lavedium, and high levels of feedback referencedat, not the
feedback levels of “experienced” eBay sellers.

34 The procedure to test for influential observatioleseloped by Belsley et al. (1980) can be cardiedby
using thedf bet a command in STATA. There are no firm statisticatemia for determining which observations
are outliers. Belsley et al. (1980) suggest a “nflethumb” for labeling an observation as an outiiét influences
the coefficient by more than/{fN| its standard error. Since our sample is relatigehall, we would eliminate 48
observations (16.7 percent of the full sample) bing this cutoff. Instead, we set the cutoff at/i4/ which is
double the Belsley et al. (1980) rule of thumb.sT¢uitoff identifies three auction pairs (2 peragfithe full sample)
as outliers which have the greatest influence etime Raceoefficient. These pairs are from markets claadifi
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these regressions in Appendix Tables A2, A3, and Pese results are largely consistent with
the results presented in Tables 3, 4, and 5, lutsthaller standard errors make them much
“cleaner”® In some cases, the sizes of the coefficients @hamg statistical significance of the

estimates is generally consistent. We highlight thgtances in which the estimates have
substantive differences in the sections that fallolw addition to these sensitivity checks, we
also check the robustness of our estimates toreiffecategorizations of competition. One set of

these results are presented in Appendix Tablesnd5AS.

5.2. Pooled Results

We analyze the impact of racially distinct namespanes received by pooling all available
data from each product market. We estimate thrffereint specifications to investigate the
impact of theSame Racgariable on the prices received by white- and lbla@amed sellers. The
first specification is equation (1), the secondc#pmtion augments equation (1) to estimate
separate coefficients f@ame Raceavith and without a yellow star, and the third sfieation
augments equation (1) to estimate separate cagftcforSame Racby low, medium, and high
levels of feedback. We estimate each of thesefgmions for the full sample of auctions and

for subsamples partitioned by the level of compmtipresent in a market. Table 3 displays the

as highly competitive. Two of the pairs identifiasl outliers were Nikki (i.e. black Barbie) dolls.the same week,
one sold for a price of $1.25 (by far the lowesseved price for any Barbie) to a black-named seléene versus
$9.85 to a white-named seller. In a different weeklikki doll sold for $6.55 to a black-named seWersus $13.50
($3.00 more than the next highest price for a Nikdl) to a white-named seller. The final pairaisvhite Barbie

sold by a white-named seller for $5.51 versus ¥13#1.50 more than the next highest price for atevBiarbie)

from a black-named seller. Each of the pairs idiectias outliers work against finding a positivepiaaet of Same

Raceon the prices received.

% Given the details of the excluded observations réader may prefer to focus on the results inAiyendix,
rather than the results reported in the text. itrislear whether the results from the full sampléhe sample which
excludes the six observations (3 pairs of auctidastified as outliers. We present the results fedhavailable data
for the purposes of completeness and transparency.
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Table 3—The Effects of Same Race Names on PricescRrred

Full Sample Low Competition High Competition
Explanatory Variable (1) (2) (3) (4) (5) (6) (7) )(8 (9)
Same Race 0.015 -- -- 0.441** -- -- -0.376 -- --
(0.18) -- -- (0.22) -- -- (0.26) -- --
Same Race without -- 0.018 -- -- 0.712** -- -- -0.591* --
Yellow Star -- (0.22) -- -- (0.28) -- -- (0.33) --
Same Race with -- 0.009 -- -- -0.046 -- -- 0.063 --
Yellow Star -- (0.32) -- -- (0.38) -- -- (0.47) --
Same Race with -- -- 0.217 - - 0.925*** -- -- -0.544
Low Feedback -- -- (0.25) -- -- (0.29) -- -- (0.38)
Same Race with -- -- -0.384 -- -- -0.545 -- -- -0.276
Medium Feedback -- -- (0.31) -- - (0.43) -- -- (0.43)
Same Race with -- -- 0.154 - -- 0.307 -- -- -0.065
High Feedback -- -- (0.44) -- -- (0.48) -- -- (0.72)
Ends Eirst -0.119 -0.119 -0.111 0.118 0.113 0.114 -0.333 -40.34 -0.329*
(0.18) (0.18) (0.18) (0.22) (0.22) (0.21) (0.26) 20 (0.26)
vellow Star 0.260 0.263 0.033 0.402 0.743 0.071 0.025 -0.217 1000.
(0.57) (0.59) (0.59) (0.75) (0.78) (0.73) (0.82) .88) (0.87)
Constant 5.682*** 5.680** B5577** |6.220*** 1.837**  4.324*** | 9.859*** 4542*** §,942***
(1.06) (1.06) (1.06) (0.93) (0.92) (2.19) (1.14) 1d) (1.16)
R-squared 0.815 0.815 0.818 0.912 0.915 0.922 0.5990.606 0.601
Observations 288 288 288 134 134 134 154 154 154

Notes Standard errors are in parentheses. *, **, andiritlicate statistical significance at the tengfiand one percent levels, respectively. Each Spatbdn
also includes product-week fixed effects as costrol
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results for each specification for the full samp@lumns 1, 2 and 3), the low-competition
subsample (Columns 4, 5, and 6) and the high-catigmesubsample (Columns 7, 8 and 9).

The estimated overall effect 8ame Racé the full sample is positive but not statistigal
different from zero (Column 1). This indicates tisatlers whose racially distinct names match
the expected racial characteristics of buyers dorexeive different prices than sellers whose
racially distinct names do not match the racialrabgeristics of buyers. The results in Columns 2
and 3 also fail to indicate statistically signiiitaeffects ofSame Racwhen it is allowed to vary
by seller feedback. However, the results from thiedample mask some important patterns in
the data. In particular, price differences betwednte- and black-named sellers emerge in
markets characterized by low levels of competibabdo not in highly competitive markets

The results for markets characterized by lowerlgewé competition (Columns 4, 5, and 6)
indicate statistically significant price differerscen favor ofSame Racaellers. OverallSame
Racesellers in low-competition markets receive a pramiof $0.44 (7.2 percent of mean) per
auction, and this effect is statistically signifitat the five-percent level (Column 4). However,
the statistically significant effect @ame Racen the prices received in Column 4 is driven by
the price differences between white- and black-rtareellers at low levels of feedback. In
particular, Columns 5 and 6 indicate price diffaegin favor oSame Racsellers at low levels
of feedback, but these differences dissipate dsrsedccumulate credible reputations through
eBay’s feedback systerfame Raceaellers without a yellow star earn $0.71 (11.7cpet of
mean) more per auction than low-feedback sellesse/macially distinct names do not match the
expected racial characteristics of buyers (ColumrTbis effect is statistically significant at the
five-percent level. The effect &ame Races larger for sellers with feedback scores of lbss

seven, in which the premium is $0.92 (15.2 perag#ntmean) per auction. Th8ame Race
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variable at the lowest levels of feedback is diatfly significant at the one-percent level. In
low-competition markets, the effects 8ame Racare not statistically different from zero for
sellers who have received a yellow star or havéeseld a positive feedback score of seven or
more.

The results are different for the subsample basethe auctions from highly competitive
markets, in which the overall effect &ame Racés not statistically different from zero at
conventional levels (Column 7). The effect of ®@me Raceariable without a yellow star is
actually negative and statistically significanttla¢ 10-percent level (Column 8). The statistical
significance of this counterintuitive, negativeesff hinges entirely on the three pairs of auctions
identified earlier as outliers. The same coeffitimnnot statistically different from zero in an
identical specification which excludes the six alsagons identified as potential outliers (Table
A2). Furthermore, in Column 9 of Table 3, no stataély different prices are found when the
Same Raceariable is estimated by low, medium, and high levd feedback, which further
supports the conclusion that the negative, counttétive result shown in Column 8 of Table 3 is
not robust. Similar to the results from the fulhgde and the subsample for low-competition
markets, statistically significant price differesdsetween white- and black-named sellers are not
found at higher levels of feedback.

In addition, we check the robustness of our finding alternative categorizations of the
products and find remarkably similar results acemsh categorization. Appendix Tables A5 and
A6 present results for one alternative, in whichaaegorize the level of competition in a given
market more broadly. In these regressions, simpitaducts are grouped into markets identified
as low or high competition. For example, all Barbells are considered a part of the highly

competitive markets, rather than having certainesymf Barbie dolls grouped in the less
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competitive markets and others in the more competiharkets. Changing the ways in which
the products are grouped into competition categodees not materially affect the sign or
statistical significance of the estimates, althotighmagnitudes of the effects change slightly in

some cases.

5.3. Results from Markets with Predominately WhiteBuyers

In this section, we repeat the analysis conduate8dction 5.2 for observations from the
fishing lure and distinctively white toy marketse(i distinctively white products), which consist
of 160 auctions. We patrtition the sample in this/wa investigate whether the patterns in the
“white-product” markets are consistent with thetg@ats found for the full sample of auctions.
When analyzing only distinctively white productse Same Raceariable shown in equation (1)
measures the impact on prices of having a whiteenatative to a black name. In the interest of
clarity, we switch the notation fro®ame Racto White Name

The findings for this subsample presented in Tablare strikingly similar to the results
shown in Table 3. The impact of having a white nasneot statistically different from zero in
Columns 1, 2, or 3, which show the estimates ferftil sample of distinctively white products.
This finding is robust when the effect of havingvaite nameis allowed to vary by seller
feedback (Columns 2 and 3). By contrast, in markbtracterized by less competition, white-
named sellers receive a premium of $0.55 (9.0 permemean) over comparable black-named
sellers (Column 4). However, the statistically #igant effect of having a white name is driven
by the lack of seller credibility, as price diffaces in favor of white-named sellers are present
only at low levels of feedback (Columns 5 and 6)Clolumn 5, white-named sellers who have

yet to receive a yellow-star award receive $0.912percent of mean) more than comparable
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Table 4—The Effects of Distinctively White Names ofPrices Received for the Predominately White Produs

Full Sample Low Competition High Competition
Explanatory Variable (1) (2) (3) (4) (5) (6) (7) )(8 (9)
White Name -0.055 -- -- 0.551* -- -- -0.299 -- --
(0.21) -- -- (0.32) -- -- (0.26) -- --
White Name without -- -0.085 -- -- 0.912** -- -- -0.489 --
Yellow Star -- (0.26) -- -- (0.39) -- -- (0.32) --
White Name with -- 0.000 -- -- -0.033 -- -- 0.062 --
Yellow Star -- (0.36) -- -- (0.50) -- -- (0.45) --
White Name with - -- 0.189 -- -- 1.277*** - -- -0.264
Low Feedback -- -- (0.30) -- -- (0.41) -- -- (0.38)
White Name with -- -- -0.451 -- -- -0.526 -- -- -0.423
Medium Feedback -- -- (0.34) -- - (0.58) -- -- (0.40)
White Name with -- -- 0.186 -- -- 0.232 -- -- 0.096
High Feedback -- -- (0.54) -- - (0.53) -- -- (0.84)
Ends Eirst 0.140 0.140 0.152 0.485 0.470 0.531* -0.028 -0.038-0.019
(0.20) (0.20) (0.20) (0.230) (0.29) (0.27) (0.25) 0.26) (0.25)
vellow Star 0.522 0.490 0.197 1.696* 2.062**  0.604 0.083 -0.128 -0.010
(0.56) (0.59) (0.60) (0.90) (0.90) (0.96) (0.68) () (0.73)
Constant 6.980*** 6.985** 5.102** |1.286 1.220 3.574* | 5.08** 5,638** 5517***
(1.08) (1.08) (1.13) (1.20) (2.17) (1.32) (0.94) .98) (0.97)
R-squared 0.824 0.824 0.829 0.953 0.900 0.965 0.6020.610 0.605
Observations 160 160 160 48 48 48 112 112 112

Notes Standard errors are in parentheses. *, **, andiritlicate statistical significance at the tengfiand one percent levels, respectively. Each Spatbdn
also includes product-week fixed effects as costrol
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black-named sellers, and this estimated effediaigsically significant at the five-percent level.
The price differences between white- and black-rthreellers are larger at lower levels of
feedback, in which case white-named sellers recgivg@8 (19.9 percent of mean) more than
comparable black-named sellers. This estimatedctefte statistically significant at the one-
percent level. The patterns found for the distiredyi white products in the highly competitive
markets are also similar to the results found fog full sample of auctions. In particular,
Columns 7, 8, and 9 indicate that impact of hadmnghite name is not statistically different from
zero, even when the effects of having a white nameeallowed to vary by seller feedback. The

exclusion of outliers does not materially affe tstimates (See Table A%).

5.4. Results from Markets with Predominately BlackBuyers

In this section, we repeat the analyses conducteSlections 5.2 and 5.3 for observations
from the distinctively black toy market (i.e. disttively black products), which consists of 128
auctions. We partition the sample in this way twestigate whether the patterns in “black-
product” markets are consistent with the pattermsndl in the full sample and subsample
consisting of only distinctively white products. W analyzing only distinctively black
products, th&Same Raceariable shown in equation (1) measures the impagrices of having
a black name relative to a white name. In the @seof clarity, we switch the notation from
Same Rac# Black Name

The results for this subsample presented in TabéegeSremarkably similar to the results
shown in Tables 3 and 4. The impact of having akbleame is not statistically different from

zero in Columns 1, 2, or 3, which shows the esesébr the full sample of distinctively black

% In addition, we also check the sensitivity of thstimates shown in Table 4 and 3A to alternative
classifications of products into markets with di€fiet levels of competition. Similar to the full spie, the results are
not materially different, but in some cases the mitages of the estimates change slightly.
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products. This finding is robust when the effecthaking a black names allowed to vary by
seller feedback (Columns 2 and 3). By contrastnarkets characterized by less competition,
black-named sellers receive a premium of $0.52 @tent of mean) over comparable white-
named sellers (Column 4). However, the statistjcsithnificant effect of having a black name is
driven by the lack of seller credibility, as pridéferences in favor of black-named sellers are
present only at low levels of feedback (Column#& @). In Column 5, black-named sellers who
have yet to receive a yellow-star award receiver(bQ11.8 percent of mean) more than
comparable white-named sellers. The price diffezdmetween black- and white-named sellers is
larger at lower levels of feedback: black-namedesglwith feedback scores less than seven
receive $0.81 (13.3 percent of the mean) more twanparable white-named sellers, and this
estimated effect is statistically significant a five-percent level.

The results from the highly competitive markets @so similar to the results found for the
full sample and for the distinctively white prodsicin particular, Columns 7, 8, and 9 show that
the impact of having a black name is not statilyidifferent from zero, even when the effects
of having a black name are allowed to vary by sefé®dback. The exclusion of potential
outliers identified earlier from the sample of distively black products alters the estimates
somewhat (Table A4). In particular, the overalketfof having a black name leads to a premium
for black-named sellers of $0.41 (Column 1). Howeteis estimated effect is only statistically
significant at the 10-percent level. The statistsignificant difference in prices received appears
to be driven entirely by observations in whicheedlhave yet to accumulate credible reputations

(Column 2)*'

% In addition, we also check the sensitivity of thstimates shown in Table 5 and 4A to alternative
classifications of products into markets with di€fiet levels of competition. Similar to the full spie, the results are
not materially different, but in some cases the mitages of the estimates change slightly.
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Table 5—The Effects of Distinctively Black Names oRrices Received for the Predominately-Black Produs

Full Sample Low Competition High Competition
Explanatory Variable (1) (2) (3) (4) (5) (6) (7) )(8 (9)
Black Name 0.167 -- -- 0.518* -- -- -0.606  -- --
(0.30) -- -- (0.30) -- -- (0.66) -- --
Black Name without -- 0.180 -- -- 0.703* -- -- -0.848 --
Yellow Star -- (0.37) -- -- (0.37) -- -- (0.79) --
Black Name with -- 0.139 -- -- 0.153 -- -- -0.000 --
Yellow Star -- (0.55) -- -- (0.53) -- -- (1.25) --
Black Name with -- -- 0.242 - - 0.806** -- -- -1.235
Low Feedback -- -- (0.40) -- -- (0.37) -- -- (0.93)
Black Name with -- -- 0.034 -- -- -0.228 -- -- 0.503
Medium Feedback -- -- (0.66) -- - (0.66) -- -- (1.39)
Black Name with -- -- 0.078 - -- 0.324 -- -- -0.343
High Feedback -- -- (0.71) -- -- (0.73) -- -- (1.39)
Ends Eirst -0.528* -0.528* -0.524* | -0.236 -0.231 -0.211 -14#55-1.166* -1.225*
(0.31) (0.31) (0.32) (0.32) (0.31) (0.31) (0.66) .6(0 (0.68)
vellow Star -1.460 -1.437 -1.413 -1.285 -0.976 -1.017 -0.865 .9 -1.311
(1.42) (1.49) (1.47) (1.17) (2.23) (2.19) (2.13) 22 (2.34)
Constant 6.149*** 6.136*** 5.995*** |8.894*** Q270** 8.705*** |5.755*** 6.567** 6.105***
(1.89) (2.92) (2.27) (1.55) (1.56) (1.62) (1.58) .6Q) (1.65)
R-squared 0.821 0.821 0.821 0.899 0.901 0.904 0.6380.645 0.661
Observations 128 128 128 86 86 86 42 42 42

Notes Standard errors are in parentheses. *, **, andiritlicate statistical significance at the tengfiand one percent levels, respectively. Each Spatbdn
also includes product-week fixed effects as costrol
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6. Summary and Discussion

We conduct a field experiment to investigate radigkcrimination in product markets by
selling perfectly substitutable goods in auctions eBay under different seller names. In
particular, we pair one seller who is assignedsérditively black name with another seller who
is assigned a distinctively white name. This allavgsto sell identical products simultaneously,
providing buyers with a choice between white- atatk-named sellers. This design creates an
opportunity to compare directly the prices receibgdwhite- and black-named sellers, which
provides a way to test for racial discrimination. dddition, we are able to investigate how
competition and informational asymmetries, whicle &ighlighted in theoretical models of
discrimination as potential conditions for racigdatimination to emerge, affect price differences
between white- and black-named sellers.

Our study examines markets for products which diffe terms of the expected racial
characteristics of the buyers. This allows us tanexie whether “same-race” biases, which have
been identified in a number of studies in the ecans literature (e.g., Antonovics and Knight
2009; Donahue and Levitt 2001; Price and Wolfers@0emerge in a natural market setting
with real monetary consequences. We find evidendieative of same-race biases: white-named
sellers can earn higher prices than black-namddrsefor products that are expected to be
purchased by whites at greater rates, and blacledam®llers can earn higher prices for products
that are expected to be purchased by blacks ategrestes. However, the price differences
observed are identified only when certain markeidions are present.

Price differences between white- and black-namédrseemerge in our data only in markets
characterized by low levels of competition. We find evidence of racial discrimination in

markets characterized by high levels of competitidhis finding is consistent with Becker’s
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(1957) seminal theory of discrimination, which segig that competition can reduce the impact
of the "marginal” discriminator in the market. Taroknowledge, researchers have yet to
compare racial discrimination across markets charaed by different levels of competition.

eBay's feedback system, which provides a metric domeasurable gain in information
regarding a seller’s reputation, provides a unigag to examine how changes in information
regarding the credibility of sellers influence disgnatory outcomes in naturally occurring
markets. Our data indicate that as sellers in tesapetitive markets accumulate a credible
reputation through eBay’'s feedback system, theepritifferences between white- and black-
named sellers dissipate. Because the prices recbivevhite- and black-named sellers converge
as more information concerning the credibility @&llers becomes available, our results are
consistent with theories of statistical discrimioat arising from incomplete or asymmetric
information (Arrow 1973; Phelps 1972).

Our results are consistent with those in List (20@4o also finds support for statistical
discrimination in a baseball card market. Howetse,information conveyed by the seller’s race
differs between his study and this one. In ListO@0Q buyers use race as a signal for the
unknown reservation value of the sellers. Diffeema reservation values are not relevant for
our experiment, as our sellers are passive in tiicns and no bargaining takes place.
Perceived race in our markets appears to be usadigsal for whether the transaction is likely
to be fulfilled, with the product being delivered time in the condition described by the seller.
The uncertainty that buyers associate with the gwasof receiving the good in the stated
condition is diminished as sellers accumulate tiledreputations. However, it is unclear
whether buyers formed their beliefs that “same-rae#lers are more likely to deliver a product

from past experiences, animosity, or other factors.
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Some patterns in our data are inconsistent wittetagsed discrimination. First, if buyers
were to exhibit taste-based preferences for disedtion, the price differences between white-
and black-named sellers would likely persist oweret This is clearly not the case in our data.
Second, the cost of discriminating is low for bwsygr our markets because the products sold are
relatively inexpensive. This low cost of discrimilea may, if anything, encourage taste-based
discriminators with slight racial preferences td Hifferently based on the racial distinctiveness
of the seller name. As a result, our design coulersiate the role of taste-based discrimination
relative to a market in which more expensive préslaee sold. At the same time, low-priced
products could make it less likely for statistici$crimination to arise because the value risk-
averse buyers place on successful shipment ig/ltkeincrease as the price of a good increases.
Our experimental design and the choice of low-gtipeoducts provide a prime opportunity for
taste-based discrimination to arise and may lihetimpact of statistical discrimination. Yet, we
find limited support for taste-based discriminatiand fairly strong evidence of statistical
discrimination.

It is possible for our findings at low levels ofllee feedback to reflect some presence of
taste-based discrimination. For example, buyers v#re more likely to “statistically
discriminate” against sellers may abstain from lnigdon auctions posted by sellers who lack
credible reputations. As a result, this may leaselr prospective buyers, some of whom may
have animosity toward a particular group, to deteenthe prices received by comparable white-
and black-named sellers. As sellers acquire feddlstatistically discriminating bidders may
enter the market and bid up the price to a levelvabwhich taste-based discriminators are

willing-to-pay.
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In sum, we detect racial discrimination in our @t$ but only under certain market
conditions. We find evidence of discrimination irarkets with low levels of competition for
sellers who have yet to develop credible reputatiés sellers establish more credibility, these
differences are no longer observed. Although wencotirbe certain whether discriminatory
findings in markets characterized by less competitire the result of taste-based or statistical
discrimination, our results do suggest, ratherrgflyy that higher levels of competition and
market mechanisms designed to reduce informat@syahmetries can aid in minimizing and/or

eliminating discriminatory outcomes in markets.
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Appendix

Testing Auction Description:

In order to ensure that our auctions look natural that buyers are unawareat they are
participating in an experiment, we use auction dpsons that vary cosmetically. While tl
information displayed in each auction of a giverr pgthe same, the font, layout, and cc
scheme are changed such that their appearancescFigure Al below provides an example

two such descriptions.

Figure Al: Example of Different Auction Descriptions

Berkley PowerBait 7" Power Worms (20)

Berkley PowerBait 7" Power Worms (20)
For sale are 2 new, never used bags of Berkley PowerBait 7 inch
Power Warms fishing lures.

There are 10 worms per bag for a total of 20 worms.

This lot features two different colors. Included are (1) Tequila Sunrise
and (1) June Bug. Picture shows actual products you will receive,

I ship to the lower 48 states,

1 pay your shipping!

Prior to posting the auctions, 269 undergraduatéesits examined a series of pa-auction
descriptions (such as those showiFigureAl) and completed a survey. The students answ

the question “Which of the two items would you berenlikely to bid on in an auction?” T}
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data were analyzed (using a Wilcoxon matched-paigned-rank test) to determine if
respondents preferred one auction description theeother. The initial set of descriptions was
given to approximately 100 students from Middle fessee State University (MTSU). After
these ratings were analyzed, we selected the nmgaisdescriptions and made small changes to
others for which raters had a preference. We thresgmted the revised set to the remainder of
the participants. Auction descriptions from thidired set of advertisements that were not
statistically different from one another were stddand assigned randomly to our seller names.
After completing approximately 70 auctions, theadfar some products indicated significant
differences in the prices received by white- andckinamed sellers. We re-examined the
validity of the initial tests by conducting a sedaiound of tests of our auctions’ descriptions. In
this round of tests, we recruited students andlfiaéom MTSU to participate in an experiment
for cash. Each participant was asked to examirgriassof pairs of product descriptions and to
select the description that received a higher pfi¢e auctions did not include the name of the
seller associated with the advertisements andateesrdid not know the purpose of our primary
experiment. The order of the descriptions withipadr of auctions and the order of the auction
pairs were randomized to eliminate any potentitieince in response resulting from the order
of the product advertisements. The subjects weiak $& for participating and earned $0.50 for
correctly selecting the auction which received ghbr price within a pair. Each subject rated 20
pairs of auctions. Fifteen of the pairs had alrelagelgn conducted and we included five additional
auction advertisements, which had yet to be podeedticipants were paid $0.50 to rate the
auction advertisements which yet to be posted. Weated data on from 39 participants, over
three sessions lasting an average of 30 minutes.aVkrage total payout to participants was

$11.50.
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The results of these tests are displayed in Tahle Respondents had a statistically
significant difference in selecting one descripttorreceive higher prices than the other for two
pairs of advertisements. Sixty-four percent of thgers were correct in choosing one of the
advertisements that had been assigned to a blankahaeller of Fisher-Price Little People as the
one earning a higher price. This difference isigiaally significant at the 10-percent levelX
1.76,p = 0.08). This advertisement for Little People poiEly affected seven auction pairs for
which the mean price for the black-named seller ngker 3.29 (0.44) to 2.92 (0.24) (standard
errors in parentheses). However, the differencegrices received between white- and black-
named sellers are not statistically different frone another. The white-named and black-named
sellers each earned a higher price in three ofveks and they received the same price in one
week.

Sixty-seven percent our raters incorrectly chosadvertisement for a Peek-a-Boo Barbie
Jemila of Johannesburg miniature to earn a high@rep This difference is statistically
significant at the five-percent leved £ 2.08,p = 0.04). In this case, our white-named seller was
at an advantage, but received a lower price imthaeket. The description for Peek-a-Boo Barbie
potentially affected four auction pairs. The meaicgfor black sellers was higher 3.95 (0.89)
than for white-named seller 3.63 (0.72) but théedénce is not significant. Each name earned a
higher price in two of the four weeks.

Given the absence of statistically significant elifnces in the auction advertisements prior
to running the auctions with these descriptions aneconfident that the advertisements are not
driving the results observed. Dropping these 1lltiamicpairs does not change the results

presented in the paper.
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Table Al : Advertisement Tests

Product Mean z-statistic p-value
Berkley Worms 0.59 1.12 0.26
Berkley Worms 0.59 1.12 0.26
Berkley Worms 0.49 -0.16 0.87
Stanley Spinners 0.59 1.12 0.26
Stanley Spinners 0.62 1.44 0.15
Strike King Spinners 0.51 0.16 0.87
Strike King Spinners 0.59 1.12 0.26
Culprit Worms 0.38 -1.44 0.15
Chatterfrog Spinners 0.54 0.48 0.63
Chatterbait Spinners 0.59 1.12 0.26
Little People 0.64 1.76 0.08*
Peak a Boo Barbie 0.33 -2.08 0.04**
Barbie 0.44 -0.80 0.42
Bratz 0.46 -0.48 0.63
Sweet Secrets 0.49 -0.16 0.87
Loving Family 0.49 -0.16 0.87
Loving Family 0.62 1.44 0.15
Loving Family 0.62 1.44 0.15
Loving Family 0.49 -0.16 0.87
Loving Family 0.41 -1.21 0.26

Notes The mean represents the proportion of times Hcjmant selected the advertisement that was rahdom
given to the same-race seller name in the pair. Zlseatistic is determined using a Wilcoxon-matepads,
signed-rank test for whether the mean is 0.5. Theze89 observations for each description.
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Table A2—The Effects of Same Race Names on Pricesdeived (Excluding Outliers)

Full Sample Low Competition High Competition
Explanatory Variable (1) (2) (3) (4) (5) (6) (7) )(8 (9)
Same Race 0.191 -- -- 0.441** -- -- -0.050 -- --
(0.15) -- -- (0.22) -- -- (0.21) -- --
Same Race without -- 0.297 -- -- 0.712** -- -- -0.093 --
Yellow Star -- (0.19) -- -- (0.28) -- -- (0.26) --
Same Race with - -0.007 -- -- -0.046 -- -- 0.030 --
Yellow Star -- (0.26) -- -- (0.38) -- -- (0.36) --
Same Race with - -- 0.342* -- -- 0.925*** -- -- -0.299
Low Feedback -- -- (0.22) -- -- (0.29) -- -- (0.29)
Same Race with -- -- -0.054 -- -- -0.545 -- -- 0.262
Medium Feedback -- -- (0.27) -- - (0.43) -- -- (0.34)
Same Race with -- -- 0.175 -- -- 0.307 -- -- -0.005
High Feedback -- -- (0.37) -- - (0.48) -- -- (0.54)
Ends Eirst 0.051 0.055 0.052 0.118 0.113 0.114 -0.026 -0.030 0.0
(0.15) (0.15) (0.15) (0.22) (0.22) (0.21) (0.20) 20 (0.20)
vellow Star 0.384 0.511 0.244 0.402 0.743 0.071 0.270 0.223  040.5
(0.48) (0.50) (0.50) (0.75) (0.78) (0.73) (0.62) .68) (0.66)
Constant 3.954**  4.609*** 6.308*** |6.220*** 1.837**  4.324*** | 4918*** 6.176*** 4.530***
(0.89) (0.89) (0.89) (0.93) (0.92) (2.19) (1.08) .80 (1.134)
R-squared 0.860 0.860 0.861 0.912 0.915 0.922 0.6750.675 0.682
Observations 282 282 282 134 134 134 148 148 148

Notes Standard errors are in parentheses. *, **, andiritlicate statistical significance at the tengfiand one percent levels, respectively. Each Spatbdn
also includes product-week fixed effects as costrol
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Table A3— The Effects of Distinctively White Name®n Prices Received for Predominately White ProductéExcluding

Outliers)

Full Sample Low Competition High Competition
Explanatory Variable (1) (2) (3) (4) (5) (6) (7) )(8 (9)
White Name 0.058 -- -- 0.551* -- -- -0.144 -- --
(0.18) -- -- (0.32) -- -- (0.21) -- --
White Name without -- 0.097 -- - 0.912** -- -- -0.245 --
Yellow Star -- (0.23) -- -- (0.39) -- -- (0.27) --
White Name with -- -0.010 -- -- -0.033 -- -- 0.041 --
Yellow Star -- (0.31) -- -- (0.50) -- -- (0.37) --
White Name with - -- 0.189 -- -- 1.277*** - -- -0.264
Low Feedback -- -- (0.26) -- -- (0.41) -- -- (0.32)
White Name with -- -- -0.165 -- -- -0.526 -- -- -0.072
Medium Feedback -- -- (0.30) -- - (0.58) -- -- (0.33)
White Name with - -- 0.194 -- -- 0.232 -- -- 0.124
High Feedback -- -- (0.46) -- - (0.53) -- -- (0.69)
Ends Eirst 0.243 0.224 0.247 0.485 0.470 0.531* 0.114 0.11 19.1
(0.17) (0.17) (0.17) (0.230) (0.29) (0.27) (0.21) 0.24) (0.21)
vellow Star 0.606 0.647 0.422 1.696* 2.062**  0.604 0.119 0.088 0.253
(0.48) (0.51) (0.52) (0.90) (0.90) (0.96) (0.56) .59 (0.60)
Constant 7.360***  7.340** 7,292** |1.286 1.220 3.574* | 5.3@** 7 579%* 7 583%**
(0.77) (0.78) (0.78) (1.20) (2.17) (1.32) (0.78) (%)) (0.80)
R-squared 0.862 0.862 0.863 0.953 0.900 0.965 0.6510.654 0.654
Observations 158 158 158 48 48 48 110 110 110

Notes Standard errors are in parentheses. *, **, antiritlicate statistical significance at the tengfi\and one percent levels, respectively. Each Spetidn
also includes product-week fixed effects as costrol
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Table AA—The Effects of Distinctively Black Names o Prices Received for the Predominately Black Prodtts (Excluding

Outliers)
Full Sample Low Competition High Competition
Explanatory Variable (1) (2) (3) (4) (5) (6) (7) )(8 (9)
Black Name 0.411* -- -- 0.518* -- -- 0.146 -- --
(0.25) -- -- (0.30) -- -- (0.51) -- --
Black Name without -- 0.558* -- -- 0.703* -- -- 0.217 --
Yellow Star -- (0.31) -- -- (0.37) -- -- (0.63) --
Black Name with -- 0.113 -- -- 0.153 -- -- -0.000 --
Yellow Star -- (0.45) -- -- (0.53) -- -- (0.92) --
Black Name with Low -- -- 0.473 - -- 0.806** -- -- —0.473
Feedback -- -- (0.33) -- -- (0.37) -- -- (0.65)
Black Name with -- -- 0.507 - -- -0.228 -- -- 2.060*
Medium Feedback -- -- (0.57) -- - (0.66) -- - (1.02)
Black Name with High -- -- 0.118 -- -- 0.324 -- ---0.195
Feedback -- -- (0.58) -- -- (0.73) -- -- (0.91)
Ends Eirst -0.273 -0.263 -0.285 -0.236 -0.231 -0.211 -0.403 .39D -0.486
(0.26) (0.26) (0.26) (0.32) (0.31) (0.31) (0.51) .50 (0.47)
vellow Star -1.286 -1.028 -1.330 -1.285 -0.976 -1.017 1.310 18.4 1.171
(1.18) (2.23) (1.22) (1.17) (2.23) (2.19) (1.54) .682) (1.54)
Constant 6.046*** 5.967** 7.043** |8.894** Q270** 8.705** |3,323*  3.283**  3.675***
(2.01) (2.02) (1.64) (1.55) (1.56) (1.62) (1.16) .2 (1.10)
R-squared 0.869 0.871 0.870 0.899 0.901 0.904 0.7190.720 0.785
Observations 124 124 124 86 86 86 38 38 38

Notes Standard errors are in parentheses. *, **, antiritlicate statistical significance at the tengfi\and one percent levels, respectively. Each Spetidn
also includes product-week fixed effects as costrol
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Table A5—The Effects of Same Race on Prices Recaivay the Level of Competition (Broad Product Categnzations)

Low Competition

High Competition

Explanatory Variable (1) (2) (3) (4) (5) (6)
Same Race 0.549** - - —-0.334 - -
(0.25) - -- (0.24) - -
. -- 0.946*** - - -0.496* -
Same Race without Yellow Star _ (0.32) _ _ (0.29) .
: -- —0.042 - - 0.044 --
Same Race with Yellow Star _ (0.39) _ _ (0.44) .
: -- -- 1.230*** - - -0.428
Same Race with Low Feedback _ . (0.32) _ _ (0.33)
: , -- -- -0.303 - - -0.409
Same Race with Medium Feedback _ . (0.42) _ _ (0.42)
L -- -- 0.117 - - 0.178
Same Race with High Feedback _ . (0.52) _ _ (0.63)
Ends First 0.321 0.330 0.327 -0.402 -0.405*  -0.390*
(0.25) (0.24) (0.23) (0.23) (0.23) (0.23)
vellow Star 0.070 0.546 —0.100 0.170 -0.016 0.113
(0.82) (0.84) (0.77) (0.74) (0.77) (0.80)
Constant 3.555%*  5.467*** 8.343*** 5.583***  4.241**  5.436***
(0.93) (0.91) (1.20) (1.34) (1.34) (1.42)
R-squared 0.886 0.894 0.903 0.815 0.781 0.780
Observations 112 112 112 176 176 176

Notes Standard errors are in parentheses. *, ** antl ifdicate statistical significance at the ten,efivand one percent levels, respectively. Each
specification also includes product-week fixed effeas controls.
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Table A6—The Effects of Same Race by Seller Feedldagon Prices Received by the Level of Competition ({®ad
Product Categorizations, Excluding Outliers)

Low Competition

High Competition

Explanatory Variable (1) (2) (3) (4) (5) (6)
Same Race 0.549** -- -- -0.053 -- --
(0.25) -- -- (0.19) -- --
. -- 0.946*** -- - -0.090 --
Same Race without Yellow Star _ (0.32) _ _ (0.23) .
. - -0.042 -- -- 0.028 --
Same Race with Yellow Star _ (0.39) _ _ (0.35) .
. -- -- 1.230%** - - -0.241
Same Race with Low Feedback _ . (0.32) _ _ (0.26)
. . -- -- -0.303 -- -- 0.143
Same Race with Medium Feedback _ . (0.42) _ _ (0.34)
. : -- -- 0.117 - - 0.221
Same Race with High Feedback _ . (0.52) _ _ (0.49)
Ends First 0.321 0.330 0.327 -0.139 -0.140 -0.133
(0.25) (0.24) (0.23) (0.18) (0.18) (0.18)
vellow Star 0.070 0.546 -0.100 0.418 0.376 0.571
(0.82) (0.84) (0.77) (0.58) (0.60) (0.62)
Constant 3.555%** 5 467*** 8.343*** 7.606***  5.940 7.697
(0.93) (0.92) (1.20) (0.85) (0.86) (0.86)
R-squared 0.886 0.894 0.903 0.815 0.845 0.847
Observations 112 112 112 170 170 170

Notes Standard errors are in parentheses. *, ** antl ifdicate statistical significance at the ten,efivand one percent levels, respectively. Each
specification also includes product-week fixed effeas controls.
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