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Abstract

We present field evidence concerning experienced biddatsdipports the linkage principle—specifically,
the prediction that inféiliated-values auction environments the expected revegemsrated at open-outcry,
ascending-bid auctions are higher than those under auidtiorats that reveal less information to partici-
pants. Using field data from a large seller of automobiles ekmerimented with dierent selling formats,
we have found that average revenues were significantly higiger an English auction than under a dynamic
Internet auction format that revealed less informationitialérs.
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1 Introduction

What practical insights can economists provide concerning how to steuatiwstions as well as how to bid
at them? In the workhorse model of auction theory, which was first dpedlty. Vickrey [1961], each of a
known number of potential bidders draws an individual-specific rangaimation independently from the same
distribution. In Vickrey’s model, the specific value of his draw is that biderivate information; it represents
the monetary value of the object to him. Economic theorists refer to this model agrtireetricindependent
private-values paradigniPVP) because the draws are independent and the valuations aee $pédific. Also,
because each potential bidder has an identical chance of getting anficspeaw before the valuations are
drawn, the bidders amx antesymmetric.

Different auction formats (open-outcry versus sealed-bid) afiereint pricing rules (pay-your-bid versus
second-price) provide potential bidders witlffeient incentives concerning how to bid. For example, under the
pay-your-bid pricing rule, a bidder’s action (his bid) determines whabdyes should he win, while under the
second-price rule, the action (bid) of his nearest rival determinestivbavinner pays.

In equilibrium, diferent functions map the private information of participants (their valuesjheioactions
(their bids). For example, open-outcry (sometimes referred tora} auctions can be conducted in at least
two different ways. In the first, the price is set very low, perhaps at zewtten allowed to rise more or
less continuously until only one participant remains active in the auctiont réh@aining active bidder is the
winner, and he pays what the last other active bidder was willing to pen pfus a small increment. Economic
theorists have typically chosen to model these oral auctions as clock® thikerice rises continuously with the
movement of a clock hand. In this case, the winner of the auction is the particifith the highest valuation and
he pays what his nearest rival (that participant with the second higale®) was willing to pay. Thus, the oral,
ascending-price auction guarantees thiient allocation of the object: the participant with highest valuation
wins the auction. Such an auction is sometimes referred tosas@nd-priceauction because, in the absence
of bid increments, the winning bid is the second-highest bid, which hagpdresthe second-highest valuation
as well. In economics, this outcome has special meaning because the-bagloest valuation represents the
opportunity cost of the object for sale—its value in its next best alternatisa technical aside, the equilibrium
at an oral, ascending-price auction (sometimes referred to &nglishauction) has a special structure: it is
a dominant strategy equilibrium; each participant has the incentive to reiggativate information, to tell the
truth concerning his value by continuing to bid up to his value, regardlesbaf his rivals do.

In the second form of oral auction, the price is set very high, and thewed to fall continuously; the
winner is the first participant to cry out a bid, and he pays his bid. Intiggcthese oral auctions are often
implemented using a clock, where the hand (or a digital panel) lists the cymieat Participantsfirm their
willingness to pay the current price by pushing a button which stops the aldtiat price. These auctions are
often referred to aButchauctions, perhaps because the format has been used frequently ietttezl&hds to
sell both fish and flowers. Because the price that the winner pays isdrétaltés action (crying out or pushing
the button), he has an incentive to shave his bid, to wait longer befohenguthe button to stop the clock. The
equilibrium at the Dutch auction is not a dominant strategy equilibrium, butratBayes—Nash equilibrium,
which is a much stronger form of equilibrium. While the Bayes—Nash equilibbighfunction is an increasing
function of a bidder’s value, it has a slope that is typically less than omé lgidder is deceptive when bidding;
he does not tell the truth, but rather bids less than his value. Again, leovibe winner is the participant with
the highest valuation, so objects are allocat@diently at Dutch auctions.

Under the assumption that participants are risk neutral with respect to with@rapject for sale, a remark-
able result obtains: expected revenue equivalence. That is, if theggadesold were auctioned under the two
different institutions, then the average winning bid at the English auction woull #te average winning bid
at the Dutch auction. To most people, this expected revenue equivakshdeis at first somewhat surprising
because considerable information is revealed during the course of piaiditnglish auctions, whereas at Dutch
auctions no information is revealed until the winner has been determined. WithiPVP, however, informa-
tion plays no extra role in determining the average winning price becaukéghter's private information (his



value) is, by assumption, statistically independent of the private informatiois avals (their values): knowing
something about the values of his rivals provides no extra information tadebitbncerning his own valuation.
Thus, no bidder at an English auction can learn anything more aboutlb&iea from the actions (bids) of his
rivals. Once one realizes this fact, the equivalence of average wibitags clear: at a Dutch auction, assuming
he wins because he has the highest value, a representative partioipanhis bid so that he will, on average,
just beat his nearest rival, the bidder with the second-highest valuation

Similar analyses have been performed for the sealed-bid format urfieredt pricing rules. In fact, game
theorists have shown that sealed-bid auctions at which the highest bvitteethe auction and pays what he
bid are strategically equivalent to Dutch auctions. Consequently, thesBigsh equilibrium bid function at
a sealed, pay-your-bid, auction is identical to that at a Dutch auctioraslalso been shown that sealed-bid
auctions at which the highest bidder wins the auction, but pays the bid ofehi®st rival, are strategically
equivalent to English auctions. Under the assumption of risk-neutritipants, expected revenue equivalence
follows. That is, if the same good sold were sold under the tMiedint institutions, then the average winning
bid at a sealed, pay-your-bid auction would equal the average winidrag b sealed, second-price (also known
asVickrey) auction.

This result is the celebratefevenue Equivalence TheoréRET), which was first outlined by Vickrey
[1961,1962] and then proven by Riley and Samuelson [1981] as wiMiasson [1981]. In its full generality,
the RET states that any auction format that has the same probability of assigminging bidder generates the
same expected revenue to the seller. In particular, the RET predicts thatpgbeted revenues earned by the
seller at sealed-bid auctions will be the same as those earned at Englisimsuat least for one-shot, single-
object auctions when the distribution from which the values are drawn isthe for all potential bidders, who
are also risk-neutral.

While economic theorists have thoroughly investigated relaxing each of suengsions required for the
RET, allowing the symmetric bidders to have valuations that are dependemhigs the most interesting case.
When the valuations of bidders are dependent, the revelation of privateniation through bidding can be im-
portant to the equilibrium outcome. Specifically, the winning bids at Englistianscare more informative than
those at sealed-bid or Dutch auctions because considerably more itimrisarevealed during the course of
bidding at English auctions; see, for example, the work of PesendorteBwinkels|[2000];_ Hong and Shum
[2004] as well as Hong et al. [2009]. In order to construct equilibriautotion games under dependence, eco-
nomic theorists have been forced to put a specific structure on the damendFollowing the path blazed by
Karlin [1968], mathematicians refer to this structurenagltivariate total positivity of order twoor MTP, for
short, while in an influential and classic paper, Milgrom and Weber |188i2led the ternayfiliation to describe
this form of dependence.

Under symmetric fiiliation, Milgrom and Weber derived a powerful result and coined the tatkage
principle to describe it. In single-object auction models where the signals of the eiskah potential bidders
are symmetrically fiiliated, the linkage principle states that a seller can expect to increaseesvgnproviding
more information to bidders, both before and during the auction. An implicafitredinkage principle is that
English auctions will, on average, earn more revenue for the seller tladeddeid auctions, under which no
information is released, or similar auction formats that reveal less informatipotenmtial buyers: the RET
breaks down. According to Perry and Reny [1999], “the linkage jpladas come to be considered ondruod
fundamental lessons provided by auction theory.”

Thus, the presence of some degree of dependenceomniaon-value componein the signals of potential
buyers is critical to the validity of the linkage principle. Thfilated-values model is a generalization of
the common-value model developed by Wilson [1977], and nests the IPMerUffiliation, the conditional
expectation of any monotonic function of the signals of all bidders is anasarg function of any individual
bidder's own signal. When the signals of bidders are dependent in thisenanformation released by the
seller or information the seller provides concerning the bids made by otheripants (by virtue of the seller’s
choice of auction format) helps bidders refine their beliefs concerningube/alue of the object for sale, which
in turn induces them to bid more aggressively than they would in the abs&gageloinformation.



As one might expect, the analysis of auctions at which several units ohthe gbject are sold sequentially
is complicated. Within the symmetric IPVP, when potential bidders have singlelemand, Weber [1983]
has demonstrated that the equilibrium price path under the four combinafiagtaon formats and pricing
rules follows a martingale; when potential bidders have multi-unit demand lgwWbilows a Poisson process),
Donald et al.|[2006] have demonstrated that the equilibrium price path fkosupramartingale—on average,
the equilibrium price rises over consecutive auctions. To our know|emde Perry and Reny have investigated
the dfect of dfiliation in multi-unit auctions; in fact, they have provided a counter-examplediiaonstrates
the Milgrom—Weber ranking breaks down in multi-unit auctions wiiiliation. Of course, auctions at which
several objects sold sequentially are even moffecdit to analyze than the multi-unit case.

Another reason why the linkage principle can fail is when bidders cabgethat is, collude. In general,
collusion is easier to sustain in environments that are rich in information: mamnation is released at English
auctions than at sealed-bid ones, or other less open auction formats.

In any case, while one can imagine circumstances under which the refeagtermation could adversely
affect the outcome at an auction (for example, if the seller released informatmeming problems with the
object for sale, or when low bids by some bidders convince other bidldetrshe item is worth less than they
originally thought), the remarkable feature of the linkage principle is thagnte providing more information
raises the expected revenues to the seller. Milgrom and Weber [1982FEhenmarized the implications of the
linkage principle succinctly: “honesty is the best policy.”

To our knowledge, the specific implication of the linkage principle under therbtilg-Weber assumptions
outlined above—namely, that English auctions should, on average,ajeregher revenues than sealed-bid
ones, or other less open auction formats—has never been subjectenigct &shpirical test, at least not using
data from “the field.” All of the empirical tests that we know of have beamcted using controlled laboratory
experiments. In an important series of papers, Kagel and Levin [1886Levin et al.[[1996] analyzed the be-
havior of laboratory subjects at English and sealed-bid auctions in siteatioere a common-value component
existed in their experimentally-generated values.

The results of these experiments, which have been summarized by Kddedwn [2002], are mixed. For
relatively inexperienced subjects, they found a pronounced “wisrer'se” caused by overbidding at sealed-
bid auctions relative to English ones. On average, the overbiddinga#useeller’s revenues to be higher at
sealed-bid auctions than at English auctions, contrary to the predictioe bhkage principle. In experiments
involving experienced bidders, however, the winner’s curse was amaand the English auctions generated
higher expected revenues than the sealed-bid ones, a finding consisitethe linkage principle.

Below, we present an empirical analysis of (uncontrolled) field expetsramducted by a large rental car
company that sells hundreds of unwanted, used cars each bharita. seller is obviously quite interested in
adopting a selling mechanism or an auction format that maximizes the revewaesaarn from the sale of its
unwanted inventory of used cars.

While there are certainly individual-specific, private-value componeraayrautomobile purchase (#ally
want that pinkCadillacover there, you know, the one with the cream leather seats, becatiseommon-value
elements must surely exist, too. Specifically, a pre-owned vehicle’s talgygis uncertain because the intensity
with which it has been used and the care shown it by previous driverardknown. This unknown quality is
basically the same to all potential buyers, but will remain undiscovered uatilghicle has exchanged hands
and the new owner has experienced it on the road. In short, we doimoftthnreasonable to assumgilation
among the signals or the valuations of potential buyers of used cars.

At any given point in time, the rental car company’s fleet contains more382000 vehicles; over the past
decade, the company has sold approximately 400 vehicles each monthg tisiperiod, the company has sold
used cars under severatigrent selling mechanisms. We focus on two: first, the rental car compawycted
computerized Internet auctions held in cyberspace; second, the centphny hired a large auction house to
conduct oral, ascending-price auctions at a central location. Wetcefbese two dferent methods of selling

1The rental car company which provided us with the data has requestéirémain anonymous. In addition, we are restricted from
providing information that could identify the company as well as any inda&idehicles, customers, or bidders.



used cars asales regimesor regimes for short. In our empirical analysis, we attempt to determine whitie
two sales regimes yielded the highest average revenue to the rentahyzarop

Prior to developing its own specialized Internet auction software, thel artaompany had sold most used
cars at oral, ascending-price auctions conducted at individua¢ntaloutlets; in addition, a relatively few used
cars were sold directly to individual customers after informal bilaterajdiamg. In 2002, however, the rental
car company began to suspect that collusion among some participants aifstsanglish auctions. The rental
car company then invested in developing a unique auction format for seflied) ears online. The participants
under this Internet auction were strictly anonymous. Over the course bfternet auction, which was two
minutes in duration, an individual bidder would only see a single piece ofrirdtion: whether his bid was
the highest competing bid at the auction. Participants could not observalthefttheir opponents. In fact, an
individual bidder did not even know what the highest bid was at any timiaglthe auction, unless the bidder
himself had the current highest bid.

By 2007, the volume of vehicles sold at its Internet auctions was so largééhanterprise began to occupy
too much of its managers’ time; management began to regard the Internenatwadia distraction from their
main business—renting cars. Thus, the company decided to contract witieagaominent auction house to
sell the used cars. The auction house employed an oral, ascendingeb@hahat was virtually identical to an
economist’s notion of an English auction. In particular, unlike the compdntesnet auctions, a bidder at an
English auction conducted by the auction house could see the other pdrigipmders as well as their bids
at each stage in the auction, including the highest bid at any point in the muctie@ auction house charged a
variable commission rate for its services, but the average commission ratgppaximately ten percent of a
vehicle’s gross selling price.

We have analyzed empirically the traded prices received by the rentabggrany (including prices net of
commission in the case of sales by the auction house) during the period 20088ander the two tlierent
sales regimes. We have compared revenues for specific vehicle dasiseslividual makgsodels of vehicles
for which we have the largest number of observations. Although the coyrgels a large number of vehicles
in total each month, the numbers of vehicles sold for specific makes and moeefsdficient to employ a
“regression discontinuity” approach where net revenues for speciftkegmodels are compared just before and
just after the transition from one sales regime to another, such as the tnarfigtio the company’s Internet
auctions to sales through the auction house, which began on 1 JanG8ry 20

Instead, we have averaged prices over the much larger numbersicdésedold during entire sales regimes,
not just the much smaller numbers of vehicles sold around sales-regimgidresis\We justify this approach
by noting that, during the period of our analysis, there were no sigifiaaaicfo shocks” or inflation in the
used-car market in the country where the rental company operate$, whidocument in section 3. In addition,
no significant changes occurred in the engine or other features anactéristics of the specific car models we
analyzed. Thus, we feel we can rule-out these explanations for thiicagt shifts in prices acrossftiérent
sales regimes. In short, we believe that a simple comparison of average @eeived for specific high-volume
vehicle makes and models provides an appropriate basis for measurirfipttteethe sales regime and selling
mechanism on revenues earned by the seller.

In general, our empirical findings are consistent with the prediction of ttkadia principle. Specifically,
comparing traded prices for mid-sized vehicles under the two main sales sgihere the vast majority of
our observations exist (the company’s own Internet auctions and thiesEmuctions conducted by the auction
house),net revenues earned by the rental car company were, on average,csigtiyfinigher at the English
auction than at the Internet auctions that released less information.

We also found, however, that when we analyzed specific miaketkels of cars (for example, we considered
three for which we have the largest number of observations) the ranéfrige two sales regimesfiired across
the three models. For car Model A (again the specific nfrakeel has been suppressed due to confidentiality
restrictions imposed by the rental car company), the average pricedeaasehigher at the English auctions
conducted by the auction house (again, net of commmission) than at theelrdeictions. For car Model B, the
average revenues under Internet auctions and the English auctimhgcted by the auction house were about the



same and not significantly fiérent from one another. For car Model C, the average net resezaraed at the
English auctions conducted by the auction house were significantly gtbatethose at the Internet auctions;
the diference was statistically significant at conventional p-values.

Overall, our findings support the conclusion that the oral, ascending-guction earned the highest aver-
age net revenues for the rental car company, evidence consistenthwiginedictions of the linkage principle.
Another possible explanation for the higher average revenues fromuttteon house could, however, be de-
mand aggregation: the auction house may have succeeded in attractingidaens than were present under
the Internet auctions. We do not believe that the significantly greatemgesales prices under this sales regime
can be explained by a larger number of potential bidders at the auctiselauctions. In fact, based on other
evidence presented by Kim and |_ee [2008], we believe that the samEsseatial buyers participated at both
auctions. In the conclusions, we discuss this evidence in detail.

Perhaps the single most important message to take from our analysis is therfgilas counselled by
Milgrom and Weber|[1982] as well as Ausubel [2004], information redeis an important feature in auction
design. Consistent with the prediction of the linkage principle, the averadedrprice of vehicles was sig-
nificantly higher at the oral, ascending-price auctions conducted byuttte®a house than the closed Internet
auction implemented by the rental car company. The Internet auctions map&en successful in thwarting the
collusion potentially present at the English auctions conducted by the cantabmpany at each of its car rental
outlets. If there were any collusion by participants at the English auctiorducted by the auction house, then
it does not appear to have been successful because the avecageape the highest under this sales regime.

We believe our findings are significant because they represent therfipérical test of the linkage principle
that we know of using field data concerning experienced bidders. @in§js are consistent with the evidence
found by Kagel et all [1987] concerning experienced bidders inr&boy experiments. After we completed this
paper, we became aware of a paper by Tadelis and Zettelmeyer [2di®}eworted results from a controlled
experiment conducted at afdirent rental car company and designed to tesffaréint implication of the linkage
principle—namely, whether thex anterelease of information concerning the mechanical conditions and repair
histories of vehicles being sold at wholesale automobile auctions incre&saddtage traded price. Tadelis and
Zettlemeyer found that this information release did increase average frades, which is also consistent with
the linkage principle. In their research, however, they did not undedageriments that show th&ect of the
selling mechanism on average traded prices, the main contribution of this pape

Because our data are from dynamic, multi-object auctions, the reader mégunably ask whether we can
really learn anything about the linkage principle from this empirical exertélae we rejected the linkage princi-
ple because the expected revenues at pay-your-bid Internet aasstoa greater than those at English auctions,
then that evidence could have been a rejection of the hypothesiBliatian, a rejection of the hypothesis of
risk neutrality, a rejection of the hypothesis of the single-object auctiongjections of any combination of
the three hypotheses. In short, we would not have learned that mucthe@ther hand, because the expected
revenues at English auctions were significantly greater than those aayhgopr-bid Internet auctions, such
evidence provides fairly strong support for the hypothesis that infoomes important at auctions because both
risk aversion and multi-object demand could have overturnedfitii@i@on hypothesis.

The remainder of our paper has three sections: in section 2, we descsitrae detail the four sales regimes
as well as the data, while in section 3, we presents a summary of our empitagsia and, in section 4, we
conclude.

2 Data

During the period for which we have data, from the last quarter of 208%acd, we examined two fiierent
sales regimes. For parsimony, we refer to them in order as Regimes 1 @sp&ctively. We provide summary
descriptions of the sales regimes in tdble 1.

At the beginning of 2003, the company implemented Regime 1, which involvedlicting electronic auc-



Table 1: Description of Sales Regimes

Sales Regime Description
Regime 1 | Internet auctions conducted in cyberspace by rental car company
Regime 2 | English auctions conducted by auction house at large central site

tions over the Internet. These electronic auctions were held at presaced times each month; vehicles were
sold one at a time in a particular order over the Internet at auctions lastagyeiwvo minutes eadh At these
auctions, a potential buyer could submit as many bids as he liked. The ootyniation available to any partic-
ipant, however, was whether he was the highest bidder. Specificallg, afathe participants knew how many
bidders were active at the auction. Because of these institutional featnlée at the electronic auctions used
by eBay, it is virtually impossible to snipédfectively: except for the current highest bidder, none of the other
participants knew what the current price was, so only a lucky snipdd ameak in at the last second to “steal”
a vehicle away from the existing highest bidder. In fact, we found nceexd of the “last-minute” behaviour
noted by Roth and Ockenfels [2002], which in our case would be the laseieonds, or so. At the end of the
auction, the highest bidder won, and paid what he bid. Thus, the priciegt these auctions was pay-your-bid
rather than second-price.

By eliminating a public forum in which signals could be discreetly exchangediramvhich cooperative
behavior could be monitored (and, thus, potentially enforced) by the esiuthe rental car company believed
it could thwart uncompetitive behavior among the potential buyers. Whae rtiebe pay-your-bid Internet
auctions diferent from other sealed, pay-your-bid auctions typically used is thatdeibcould, by trial-and-
error, discover what the highest current tender was. By allowinticgzants to increase their bids sequentially,
some information release was permitted, unlike in the models of standard pefigoauctions studied by
Milgrom and Weber [1982].

The company also restricted who could participate at the Internet auchioparticular, in our dataset, 124
unique bidder identification numbers exist that map to specific used-clrsledhese dealers were obvious
resellers of pre-owned vehicles: historically, they had purchased merigles from the rental car company,
solely for the purpose of resale.

Because the Internet auctions were electronic, data collection was eblagisy. In principle, we have
access to virtually every piece of relevant information concerning theogse in practice, missing odometer
readings and other factors make some of the data incomplete. Also, the gomgsmnable to provide us
access to any transaction data for a three-month period in 2004. We telreve there is any hidden agenda
here: the most likely explanation is that the data were simply lost in a compusér. cra

In figure 1, we present a graph of the sequence of bids obserzerkptesentative Internet auction. There
were nine bidders participating at this auction, which lasted two minutes. Tideline plots the highest bid
received at each instant, and the various symbols plot the actual bidstsabby the nine bidders. Three of
the bidders—6, 8, and 9—tendered only a single bid at the auction. BidslgrrGitted the highest bid 2000
at the 77953-second mark of the auction. This remained the highest bid for the rdenahthe two minute
auction and, consequently, bidder 6 won the auction and paf@020

The reader will note the large number of “dominated” bids being placed agtlton; this presumably
occurred because of the limited information that the auctioneer provides bididhers. As we noted, no bidder
can observe either the number of other bidders or the bids they have plabe auction: the only information
a bidder observes is whether his bid is the highest. Consequently, wb\deas‘testing strategies” being used
by the other six bidders, who gradually increased their bids in an attemptoonaethe high bidder and possibly
also to learn what the high bid was at that moment of the auction. It is, howexident that several bidders
never succeeded in learning what the high bid was since their bids wergsabelow the high bid at the auction.
Examples include bidders 2 and 3, whose bids are plotted as circles as\iredl-pointed stars, respectively, in

2In practice, the time stamps in the electronic files document that some dfi¢tierss were, in fact, as long as 121 seconds, but we
believe that this heterogeneity is unimportant.
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Figure 1: Sequence of Bids Observed at a Representative IntemogbA

figure[d.

Clearly, the Internet auction provides more information to bidders than tvbgtwould receive at one-shot
sealed-bid auction. In particular, a bidder can start out with low bids ardase them gradually in attempt to
learn what the high bid is. But, as we see in figure 1, this strategy is noysalwcessful. In fact, most of the
bidders who won most frequently at the Internet auctions placed only lhrsmaber of bids, often just a single
bid.

It is also clear that the information provided to bidders at the Internet auigtiless than what they would
observe at an English auction, such as the auctions conducted by timnawause where all bidders see all
bids placed by other bidders, including the winning bid. Furthermore, ddckn also potentially know the
identities of the competing bidders because they are physically presemtr@malling out their bids on the
auction floor. Thus, the information provided to bidders at the Interngticauis greater than the information
provided at a sealed-bid auction, but less than the information providedtmglish auction. If bidders do not
collude and their values aréfifiated, then the linkage principle predicts that the English auction shouldagener
higher expected revenues to the seller than the Internet auction, andeheet auction should generate higher
expected revenues than a sealed-bid auction, at least under the Milyalarassumptions.

Unfortunately, the rental car company did not sell any of its vehiclesadédéid auctions. Consequently,
we are unable to test the latter implication of the linkage principle. Our intuition, venves that the value
of using “testing strategies” and attempting to learn the value of the high bid is limitdtese fast-moving
auctions. We conjecture that the Internet auctions are “strategically’ ¢tnsealed-bid auctions in the sense
that expected revenues are not much higher than those that would distedtead-bid auctions. In separate work,
we plan to test this conjecture by solving a model of equilibrium bidding strategithe Internet auction and
comparing expected revenues to those that arise at a sealed-bid atliotaur. knowledge, the Internet auction
used by the rental car company is a unique auction format which haslmeseianalyzed either theoretically or



empirically in the previous literature concerning auctions.

By 2007, conducting the electronic auctions had become a distraction to imgrlag company and man-
agement sought to exit this business by hiring an auction house to cahdusdles on its behdif.In return,
the firm selling the vehicles would receive a commission that varied accoiaitigg make of vehicle; the av-
erage commission rate was about ten percent of the gross sales pricefe¥s® this period, which began on
1 January 2008, as Regime 2.

The auction house chose to sell the vehicles using a selling mechanismatiatarsdealers know best—the
English auction, an oral, second-price auction. Because the auctise’s@@mmission is proportional to total
sales revenue, it presumably had an incentive to design the auctions Viletugh the rental car company has
been quite generous with providing us information and in answering ostiqus, we have no close relationship
with the auction house. One of the authors has attended several Regim@bsu-rom this field research, we
saw no obvious dierences from other English auctions used to sell pre-owned vehicles.

The information gathered under Regime 2 is quitéedent. Under its contract with the rental car company,
the auction house is only required to report the date and time of an auctiogllasswhe winning bid received
for each vehicle sold as listed on a manifest. We know from the auction lioasthe potential buyers under
Regime 2 are essentially the dealers who participated under Regime 1. Wéehawed from the research
of Kim and Lee [2008] that, while private citizens caall vehicles at the auction-house English auctions, only
registered dealers cgurchasevehicles at these auctions. Evidence from the paper of Kim and Legbwoates
this claim. Specifically, in our database, we have 124 distinct buyer idetitficaumbers, while Kim and Lee
report 134 distinct buyer identification numbers. Presumably, both thal iear company and the auction house
excluded private buyers because it would have been an administrigivenare to deal with a large number of
potentially inexperienced biddéfs.

We organized all of the data concerning the @21 sales that we acquired from the rental car company into
a dataset. Becausefidirent amounts and kinds of information were generated under the tworsgiages,
in making empirical comparisons between the two, we are constrained by #diecteaplete data-collection
scheme. Specifically, the only information we have that is comparable agtasfsthe selling regimes is the
following:

1) date of sale;

2) vehicle identification number;

3) vehicle model;

4) vehicle age;

5) purchase price of vehioﬁe;

6) sale price of vehicle;

7) type of sale;

8) identification number of the winner for Regim 1.

For some vehicles, we have an odometer reading for the vehicle and khethev that vehicle has been in
an accident, but these data are unavailablarfanyvehicles; nearly fifteen percent of the vehicles sold have
missing odometer readings. The information concerning accidents is rel@abdedund fifteen percent of the

3This is that same auction house from which Kim and lLee [2008] proatataifor their analysis of used-car auctions, although their
data concern dlierent vehicles from ours.

4As we shall describe below, even some of the experienced participans costly errors, albeit infrequently.

SFor around QL5 percent of the vehicles in the dataset, the initial purchase price iswnkno

5For around five percent of these sales, the identity of the winner is wnkridnder Regime 2, the winner is simply listed as 16, the
firm who conducted the auctions, rather than the actual winner.



observations. Put another way, if we constrain ourselves to obsearsdtiat have complete mileage and accident
histories, then the remaining samples are extremely small.

In principle, under Regime 1, we should know the complete bidding historiedl pfarticipants, but no
such information exists for Regime 2. At none of the auctions did a reseice gxist. None of the vehicles
went unsold. Under Regime 1, however, some bidders made errorsqueintly, a bidder made a keystroke
error, which resulted in his winning the auction at a ridiculously high price—ekample, several hundreds of
thousands of dollars for a vehicle worth less than ten thousand dollatke Atose of the auction, this mistake
was realized. At this point, the company, voided the sale, and resold tidevaha later auction. The practical
importance of such cases is likely very small.

3 Empirical Results

While we have data concerning the sales of near)¥)80 vehicles, most of these data are not strictly comparable
with one another. In addition, as was alluded to above, trying to contraiftarences in observed covariates
collected across each of the regimes #idilt because dlierent types of information were gathered under the
two regimes. For example, in principle, every action of every bidder wawded under Regime 1, but only the
winning bid is reported under Regime 2. Moreover, while under Regime 1nees khe entire set of potential
bidders and actual participants, under Regime 2 we do not even knowethiitydof the winner, let alone the
other participants: under Regime 2, the winner is always listed as the auotisg.h

Also, in order to avoid the potential biases that can arise when, for exacoohgparing the sale offercury
Sablewith the sale of aleep Cherokethamely, comparing apples and oranges), we have chosen to focus on
relatively homogeneous products. Of course, there are limits to how fireaweo; these limits are largely
determined by the information provided us by the rental car company guonganodels. Note, too, that by
restricting ourselves in this way, we have also reduced the potential sagipdssin our analysis: we must
trade-df decreased bias with increased sampling variation.

Over thirty-four percent (1,122 of 3Q 621) of the sales in our dataset involved mid-sized vehicles of various
models sold under either Regime 1 or Regime 2. Thus, we focused on thebse fir

In the top four rows of tablg]2, we report the sample descriptive statistignifbsized vehicles under the
two regimes. Switching from Internet auctions of Regime 1 to the English agatibRegime 2 made profits
for the rental car company; see the column labelled “Mean” for the samplages. In real terms, the average
traded price rose around72 percen[ﬂ Of course, we do not know what it costs to run either of these auctions,
but a nearly five percent improvement is substantial, and impressive.a8soted above, however, the rental
car company pays the auction house a commission for conducting the awdtioh,averages out to be around
ten percent of the gross revenues. It is important to note that the ptaeveaeceived from the auction house
arenetof that commission, the rate of which varies from vehicle to vehicle. ThudeuRegime 2, the rental car
company does not have to incur selling costs, such as those incurredrwirgng the Internet auctions under
Regime 1: all auction-related costs under Regime 2 are borne by the auatise. in short, while this increase
in prices is relatively small, it is a lower bound on the profit that the rentatoarpany made by switching
auction formats and pricing rules.

While these dierences are obviously economically important, the question of whetherranis estatis-
tically significant remains. Conventional standard errors for the samplesyamn be calculated using the
information provided in the table; that is, simply divide the reported standanatibn (labelled “St.Dev.”) un-
der each regime by the square root of the sample size (labelled “No.G@bpdjted for that regime to get the
standard error. We also calculated the asymptotic test statistic for the paidifiezence: the p-value is@1,

a difference which is unlikely to be the result of sampling error.

The main point to take from this part of the analysis is the following revennking: English Auction

> Pay-Your-Bid Internet Auction. Thus, at least at this granularity, thkl fevidence is consistent with the

"We made the CPI 1.00 for July 2005, around the midpoint of our sample.



Table 2: Sample Descriptive Statistics—Mid-Sized Vehicles, Broken DowRdgime and Model

Cut of Data Regime| Variable Mean | St.Dev. L.Q. Med. U.Q. | No.Obs.
Mid-Sized, Main 1 Traded Price 7,255| 2,189| 6,012 7,183| 8,280 6,214
Mid-Sized, Main 1 Age (in days) 1,080 179 972| 1,141| 1,178 6,214
Mid-Sized, Main 2 Traded Price 7,606| 2,020| 6,574| 7,770| 8,787 4,208
Mid-Sized, Main 2 Age (in days) 1,121 135| 1,041| 1,102| 1,147 4,208
Mid-Sized, Sub. 1 Traded Price 7,352| 2,107| 6,049| 7,190| 8,317 4,557
Mid-Sized, Sub. 1 Age (in days) 1,069 176 962 | 1,064| 1,138 4,557
Mid-Sized, Sub. 1 Odometer (miles) 49,172| 23,260| 36,108 | 46,894 | 60,242 4,557
Mid-Sized, Sub. 1 Purchase Price | 15,555| 3,666| 13,673| 15,004| 16,752 4 557
Mid-Sized, Sub. 2 Traded Price 7,631| 2,035| 6,609| 7,799| 8,840 3,759
Mid-Sized, Sub. 2 Age (in days) 1,120 135| 1,041| 1,102| 1,147 3,759
Mid-Sized, Sub. 2 Odometer (miles) 53,245| 25,220 37,399| 51,466 | 64,697 3,759
Mid-Sized, Sub. 2 Purchase Price | 17,149| 3,173| 15,413| 17,430| 19,061 3,759
Mid-Sized, A 1 Traded Price 6,980| 2,064| 5,559| 6,804| 8,108 2,023
Mid-Sized, A 1 Age (in days) 1,073 167 972| 1,074| 1,138 2,023
Mid-Sized, A 1 Odometer (miles) 50,800| 20,689 37,655| 48,578| 61,239 2,023
Mid-Sized, A 1 Purchase Price | 15,538| 4,691| 13,298| 14,437| 16,672 2,023
Mid-Sized, A 2 Traded Price 7,615| 1,797| 6,895| 7,749| 8,570 1,563
Mid-Sized, A 2 Age (in days) 1,127 118 | 1,064 1,111| 1,148 1,563
Mid-Sized, A 2 Odometer (miles) 55,486| 28,488| 40,336| 53,780| 65,803 1,563
Mid-Sized, A 2 Purchase Price | 17,309 2,632| 15,801| 17,247| 18,660 1,563
Mid-Sized, B 1 Traded Price 7,937| 1,816| 6,830| 7,569| 8,724 1,937
Mid-Sized, B 1 Age (in days) 1,094 176 983| 1,081| 1,154 1,937
Mid-Sized, B 1 Odometer (miles) 48,789| 25,937| 35,232| 46,601 | 59,652 1,937
Mid-Sized, B 1 Purchase Price | 15,633| 2,196| 14,121| 15,179| 16,814 1,937
Mid-Sized, B 2 Traded Price 7,609| 2,246| 6,667| 7,990| 8,996 1,219
Mid-Sized, B 2 Age (in days) 1,144 158 | 1,052 1,105| 1,168 1,219
Mid-Sized, B 2 Odometer (miles) 53,696| 19,542| 40,517 | 52,816| 65,280 1,219
Mid-Sized, B 2 Purchase Price | 17,351| 3,566| 15,491| 17,719| 19,342 1,219
Mid-Sized, C 1 Traded Price 5,409| 1,638| 4,703| 5,521| 6,352 242
Mid-Sized, C 1 Age (in days) 1,012 165 915 989 | 1,105 242
Mid-Sized, C 1 Odometer (miles) 53,441| 20,769| 40,072 | 50,768| 64,958 242
Mid-Sized, C 1 Purchase Price | 14,503| 3,169| 13,020| 13,905| 15,312 242
Mid-Sized, C 2 Traded Price 5,612| 1,196| 5,127| 5,698| 6,340 117
Mid-Sized, C 2 Age (in days) 1,115 143| 1,009| 1,071| 1,148 117
Mid-Sized, C 2 Odometer (miles) 70,088| 34,624| 46,297 | 62,137 | 88,316 117
Mid-Sized, C 2 Purchase Price | 12,545 2,085| 10,798| 11,690| 14,658 117
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Figure 2: Empirical Distribution Functions of Traded Prices—Mid-Sizeditlek

linkage principle. As Milgrom and Weber [1982] as well as Ausubel #J0@wve counselled, information release
matters.

In figure[2, we depict the empirical distribution functions (EDFs) of tragedes under the two regimes.
Except at the very top end, above about th8 gBrcentile, the EDF of Regime 2 is to the right of that of Regime
1. When, however, Milgrom and Weber [1982] used the linkage print¢gpleove the revenue ranking of the
auction formats and pricing rules, they did not characterize ffextethat the formats and rules have on the
distributions of traded prices, just the averages of traded prices.

We note, however, that in single-object models, within the symmetric IPVP, withneutral bidders, the
RET holds. In addition, the distribution of winning bids at pay-your-bidtauns and that at second-price
auctions can be ranked in terms of second-order stochastic dominamedatfer involves a mean-preserving
spread of the former. Within the Milgrom—Weber model, witfiliated signals, we know of no formal result
along these lines. Nevertheless, und@liation, the right tail of the winning bid distribution at a second-price
auction is likely longer than that at a pay-your-bid auction, suggestinga@maistency between the data and
the theory.

Of course, the reader may worry that contamination, in the form of misdegdraded prices or mis-
classified vehicles, couldffect our empirical results because, as an estimator, the sample mean hgs a ver
low breakdown point; see, for example, Belsley etlal. [1980] as wellds®eH[1981]. Contamination also has
implications for what can learned from the data, as was noted out by Haramd Manskil[1997].

In an dgtort to demonstrate the robustness of our results, we have reportednibéesanedians (labelled
“Med.”) as well as lower and upper quartiles (labelled “L.Q.” and “U.@e8pectively) in tablgl8.For example,
the estimated sample median of Regime 2 is greater than that of Regime 1 at sizeBQtGthis is not an
implication of the linkage principle, simply corroborating evidence supportiegttion that the English auction

8To calculate standard errors of the sample percentiles, we used theifigiitivgt-order approximation for theg" population per-
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Figure 3: Estimated Kernel-Smoothed Densities of Traded Prices—Mid-Set@dles

generates more information than the sealed-bid auction, and this releaserofation increases the average
revenues garnered under the English auction.

In figure[3, we plot the estimated kernel-smoothed densities of traded psitesa Gaussian kernel with the
bandwith parameter recommended_by Silveiman [1986]—namé1y.1/ %, /3. Here,o; denotes the estimated
standard deviation of trade prices, whiledenotes the sample size of Regime 1, 2. Nothing new concerning
the traded-price processes under Regimes 1 and 2 is really learnethfsoemercise, but we include this graph
for completeness.

One obvious limitation of this analysis derives from the aggregation of all m&ts/ehicles into one sam-
ple. Within the mid-sized category, however, the top three models accouatdand two-thirds (7101 of
10,422) of mid-sized sales, almost one quarter of total sales. Thus, walisegigregated and focused on the
top three models, individually. In the bottom three quarters of table 2, weeptelescriptive statistics for the
top three models of mid-sized vehicles for which we have complete purchiaseap well as age and odometer
data.

In general, the descriptive statistics for Models A and C, under Regimes 2 aare similar to those for
the data concerning all mid-sized vehicles; that is, for these models, thimgaof Regime 2 over Regime 1
remains. The results for Model B ardidirent: for this model, the average revenues are higher under Regime 1

centile£’(q) estimated by the sample percenti(e):

VT - (@) S N(o ot - q) )

" 1o[E0(a)]?
where we usedA(V\i), the kernel-smoothed estimate of the population probability density functisaded priced °(w), evaluated at the
sample percentilé(q), to approximatef °[£°(q)]. We should note, however, that under contamination this standardstatistic is not

robust, even though the sample percentiles are, because (like the saegrigthe kernel-smoothed density estimator has a very low
breakdown point as well.
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Figure 4: Empirical Distribution Functions of Traded Prices—Mid-Sizedd®a&

than under Regime 2.

One obvious, but compelling point emerges from the previous analysisettieles sold could be fierent
in ways that the potential buyers can observe, but which we (as ectmgares) cannot. We sought to use
observed covariates to control for such factors. One important esmirbeterogeneity is in the new vehicle
itself. While new model vehicles are remarkably homogeneous by some stapndansiderable variation can
exist in the features those vehicles possess. For example, we may mowkmedher a vehicle has the optional
Powder White Pearl Paimr a sunroof or théluetooth Hands-Free Phone Systdrut the purchase price will
probably reflect a good portion of this heterogeneity. Thus, in ordeeabwlith this heterogeneity, we usegd
the real purchase price of thi€ vehicle, as a control for unobserved features of the vehicle. Whilealievie
that the real new-car price is a reasonablfficient statistic for all of the unknown features of a vehicle, we
should note that this data series is all we have to control for this type ofdgeteeity. Also, we know that a
vehicle’s age is important. For all observations in our dataset, we know thigevehicle was bought and when
it was sold—vehicle age, in days, which we then converted to years; maalthis variable byage. We know,
too, that past usage is important. For around eighty-five percent ofethiele@s sold, we know the odometer
reading when the vehicle left the fleet, which we converted to tens of thdasd miles; we denote this variable
by Mileage.

When introducing observed covariate heterogeneity (denoted by ttar xebelow) into econometric mod-
els of auctions, only certain functional forms will lead to tractable empiricati$igations. In particular, two
different structures have typically been used to introduce observedategdnto the valuations (denoted W9y,
below) of potential buyers. The first is an additive form,

Vit = 9(Xt) + ent

for the n™ potential buyer at thé" sale wherey(-) is some (typically unknown) function, while the second is a
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multiplicative form,
Vit = h(Xt)éent

whereh(-) is some (typically unknown) function. Her&,; denotes the unobserved bidder-specific heterogeneity
in valuations.
Under these functional-form assumptions, the Bayes—Nash equilibriufariaition is of the form

B(Vnt) = d(Xt) + B(ent)
in the first case, and
B(Vnt) = h(xt)B(ent)
in the second. When it comes to implementing these specifications, ressapfie@rassume a single-index
structure, like
9(x) = x0,
log[h(x)] = xn

where6 andn are vectors of unknown parameters conformable. to
We imagine the following separable empirical specification relatmgAge;, Mileage,) to W, the traded
price of thet™ vehicle under Regimie

Wit = p1(Pr)o2(Age)ps(Mileage) i (St) 1)

Here,p1(pt) represents an unknown transformation of the real purchase ppi@gge;) an unknown transfor-
mation ofAge;, p3(Mileage;) an unknown transformation dflileage;, and;(S;) an unknown transformation
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Figure 6: Empirical Distribution Functions of Traded Prices—Mid-Sizedd®d

of the salet specific unobserved error ter§. This latter transformation can vary across the selling regimes
i = 1, 2. Taking logarithms of both sides of equatigh (1) yields

log Wit = pa(pr) + p2(Agey) + us(Mileagey) + Ao + (log[4i(Sy)] - o) )

whereyj(-) denotes logfj(-)], j = 1,2,3. Here, the unknown parametgy is introduced as a centering param-

eter: under the null hypothesis that the selling regime does not matter, dhemarariable (logfi(St)] — Ao),

which we shall denote below &%;, has mean zero and is uncorrelated withs well asAge andMileage.
Suppose

p1(p) = Ap”™,

then
ua(p) = a1 +y1log p.
Also, when
pa(Age) = Agd*®
and

P3(Mi|eage) — %(%/lileage’
so constant but dierent “depreciation” rates with age and mileage, then
p2(Age) = a2 + y2Age
and

uz(Mileage) = a3 + y3Mileage.
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We estimated the following empirical specification:
logWit = yo + y110g pt + y2Age, + ysMileage; + Uyt 3

by the method of least squares using all data concerning mid-sized vefloiclehich complete observations
concerning age and mileage as well as the purchase price were avdilabgbe. data are listed in talple 2 for the
rows labelled “Mid-Size, Sub.”: the subsample for which complete datasroirg covariates exist. We report
our parameter estimates as well as robust standard errors il table 3stirhated “depreciation” parameters

for Age (measured in years) amileage (measured in tens of thousands of miles) make sense: in the first year,
a vehicle is predicted to lose &2 percent of its value; controlling for vehicle age, an extra ten thousaled

is predicted to reduce the vehicle’s value by arourié? Jpercent. In figur€_10, we present the EDFs of the
fitted residuals (by Regime), while in figurel11, we present the estimatedli@moothed densities of the fitted
residuals (by Regime). In tadlé 4, we present the descriptive statistiesndkt important statistic to notice in
this table is the mean: under Regime 2, the average residual is positive, widleRegime 1 it is negative. The
average dterence in the reported prices i9033 (so B3 percent or 33 basis points), having a standard error
of 0.0062, which implies a p-value of®for the hypothesis that the mean under Regime 2 is greater than that
for Regime 1. Of course, the Regime 2 traded pricesiatef commissions, which average around ten percent,
while the Regime 1 prices aggossprices. When we adjusted the Regime 2 prices by the average commission,
the diference rose t0.0986 (or 986 percent), again having a standard error.0062, so a p-value of less than
0.001. These results suggests that the additional information releasedthedenglish auction relative to the
Internet auction is important, evidence supporting the linkage principleth&natriking feature of figurds 10
and[11 is that the estimated residuals from the Engish auctions have muclardes®r than those from the
Internet auctions, a result consistent with tlikeet of dfiliation on English versus other auction formats that
release less information.
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Figure 8: Empirical Distribution Functions of Traded Prices—Mid-Sizedd®id&C

Table 3: Least-Squares Estimates—Mid-Sized Vehicles

Parameter| Estimate| Std.Error
Y0 2.0884 0.2557
Y1 0.7886 0.0255
Y2 -0.2528 0.0103
v3 -0.0174 0.0024

T=8316| RP=043| 6 =0.2429

As an epilogue, we note that some odometer readings were quite low, gaseetiltle’'s age—for example,
less than ten thousand miles. We do not know whether an odometer readifigsafeally 1, 000, 020 miles,
or a mis-reported observations; for example, someone rec@@austead of20, 000. Thus, we constrained
ourselves to vehicles having mileages of greater tt®800. At the suggestion of a referee, we also experi-
mented with lower thresholds; our regression results were not robustitmling observations whose odometer
readings were less tha) 000 miles. Basically, observations with unusually low odometer readings became
leverage points in the data, so those observations were given usuallyeights in the regression and were
excessively influential; for more on this, see Belsley et al. [lSﬂ]hiIe the estimated regression ¢eents
did, however, change, the main result that the average price was higtier Regime 2 than under Regime 1
remained unchanged.

9Specifically, look in the index for the so-calléat matrix
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Table 4: Sample Descriptive Statistics—Least-Squares Fitted Residualed@yn&

Sales Regime Mean St.Dev. L.Q. Med. u.Q. No.Obs.
Regime 1 | —0.001347| 0.287709| —0.130008| 0.034165| 0.190377| 4,557
Regime 2 0.001633| 0.173741| —0.041629| 0.036839| 0.099573| 3,759

4 Conclusions

In this paper, we have presented empirical results derived from aeinigqy dataset concerning the revenues
earned by a large rental car company that sold used cars atffigcedi kinds of auctions. This company exper-
imented with several éierent selling mechanisms to dispose of unwanted, used vehicles, incluadiiggichg a
unique new Internet auction. To our knowledge, this Internet auctismbeaer been analyzed theoretically, or
empirically. Using simple empirical methods, we have analyzed these data to exdmmidfect that diferent
auctions rules had on the average revenues earned by the rentaimgzary, especially the role of information
release.

Our empirical results are potentially subject to alternative interpretationsth©wone hand, in general,
we found that average traded prices were highest when vehiclessalerander the oral, ascending-price for-
mat (the standard English auction) as opposed to the Internet auctionwiidé very little information was
released. A potential, alternative explanation exists for the increase iaggv&aded prices: the increase in
average traded prices occurred because the number of potentiatshiddeased. This increased number of
potential bidders alone is icient to explain why the average traded prices increased. Although ove tkre
exact number of participants at each Internet auction as well as thé peteatial bidders, unfortunately, the
data do not allow us to determine the number of potential bidders at the Engdistrres, let alone which bidders
participated at the English auction. From other sources (specifically, Kihh ae [2008]) we have learned that
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134 distinct bidder identification numbers were recorded by the auctiosehatnich is very close to our 124.

Thus, we believe the most likely explanation for what we have found is tHanwhe company switched
from the Internet auctions to the English auctions conducted by the audimehthe increase in information
provided to participants at these auctions (that is, the linkage principle)dg eekson why the average traded
prices increased at these auctions. While we do not know the numbertiofgamnts at any given auction, we
do know that the pool of potential bidders was larger, around 134, ttieupool of potential bidders at the
Internet auctions conducted by the rental company where there w&oiéntial bidders. When the number of
potential bidders is large, however, the relatiffeets of competition on traded prices is much smaller than when
the number of potential bidders is small. Unfortunately, we have no wayafikig how many bidders actually
participated (that is, called-out bids) at the English auctions conductétebguction house. It is possible that
the English auction induced increased participation by members of the setesftipl bidders, but it is that
increased participation which is predicted by the linkage principle uniéaton: emboldened by the actions
of their rivals, additional potential bidders tender bids (participate) aigdrtbreased participation increases the
average traded price.

Thus, while the results of our empirical analysis are relatively unambiguthes average traded prices
earned by the rental car company at the English auctions conducted laydtien house were the highest,
especially when we note consider tp@sstraded prices rather than thettraded prices received by the rental
car company—we cannot be absolutely certain whether the increaseragaveaded prices reflects primarily
the linkage principle or a demand-aggregatidieet (that is, an increased number of potential bidders at the
auctions conducted by the auction house).
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