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Abstract

This paper tries to rationalize the empirical finding that more experienced bidders, as
measured by the number of auctions in which they have participated or won, tend to lower,
or “shade”, their bids less than do bidders with little or no previous experience. This is sur-
prising because although we do expect shading to occur in order to correct for the “winner’s
curse” - winning an auction but at the cost of overpaying - previous experimental evidence
suggests that bidders become better at accounting for this effect with experience and should,
if anything, shade more. I use the asymmetric ascending auction model of Hong and Shum
(2003), together with a unique data set of roughly ten thousand online automobile auctions
from Sweden, to show that this can be explained by a difference in the accuracy of bidders’
private signals; through experience, bidders become better at estimating the value of auto-
mobiles being auctioned and, as a consequence, less reliant on the more inaccurate private
information of bidders with little or no experience.
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1 Introduction

Imagine auctioning off a jar full of coins, the value of which is known to you but unknown to
everyone else - an example of a common value auction, one in which the object being auctioned
has the same value to all auction participants. Although the value of the jar is the same for
every participant, each will have their own unique estimate of what’s inside; someone may take
the scientific approach, guessing the volume of the jar and the volume of the average coin whereas
someone else may pick a number at random. Assuming these estimates are correct on average, if
the participants are inexperienced, chances are that the average placed bid will be below and the
average winning bid above the true value of the coins in the jar. In other words, the winner will
on average end up bidding more for the jar than it is actually worth, overpaying in the process.
This example described by Richard H. Thaler (Thaler, 1982) beautifully exemplifies the “winner’s
curse” whereby bidders do not correctly account for the possibility that their estimates may be
overly optimistic. In theory, if bidders were fully rational, they would foresee the possibility of the
winner’s curse and correctly reduce their bids to reduce the risk of overpaying, a process known
as bid “shading”.

The winner’s curse phenomenon was first discussed in early work by Capen, Clapp and Camp-
bell (1971), pondering why oil companies drilling for oil in the Gulf of Mexico weren’t getting the
returns they had anticipated from their investments. The authors conclude that the industry as
a whole was paying far more for the drilling rights than they were actually worth. Not because
of bad luck, however, but because of the complexity of the bidding environment the companies
were competing in for the drilling rights. Additional evidence of the winner’s curse has also been
found for example in studies of auctioned books (Dessauer, 1981), free agents in major league
baseball (Cassing and Douglas, 1980) and corporate takeovers (Roll, 1986). Although these earlier
studies highlighted the winner’s curse problem, more recent work has tried to quantify how bidders
account for the effect; Bajari and Hortagsu (2003) study eBay coin auctions and find that in the
average auction, bidders lower their bid by roughly 3% for every additional participating bidder.
In a similar manner, Hong and Shum (2002) show that in low-price highway procurement auctions,
increasing the number of bidders from 3 to 10 results in an increase of a bidder’s median bid from
$0.2m to over $0.6m."

Experimental evidence also suggests that bidders fail to account for the winner’s curse; Bazer-
man and Samuelson (1983) auctioned off jars of coins, paperclips and other miscellaneous objects
with a value of $8 to M.B.A. students, finding that on average, they overpaid for the contents by
roughly $2. These results are not unique, with other experiments confirming that participants tend
to overbid even in a classroom environment (Bazerman and Samuelson, 1985, Kagel and Levin,
1986, Kagel, Levin and Harstad, 1987 and Dyer, Kagel and Levin, 1987). Interestingly, in their
classroom experiment involving both students and experts, Dyer et al. (1987) found that industry
experts tended to overbid just as much as the college students.

It may be unsurprising that inexperienced bidders are not perfectly rational, perhaps never
before having participated in auctions. The majority of us do not participate in auctions very
frequently, much less auctions in which we stand to incur significant losses by overpaying. Frequent
auction winners, although having started out inexperienced, are likely to learn to avoid making
costly mistakes or run out of money and stop participating. Experimental evidence suggests this is

'In low-price procurement auctions, the winner is the bidder that places the smallest bid. Hence, the winner’s
curse effect takes the opposite effect to a first or second-price auction; the bidder suffers the winner’s curse if he
bids an amount which is too small in comparison to the estimated costs of completing the project. This is why to
avoid the effect, bidders should increase, rather than decreasing their bids, in procurement auctions.



at least partly the case with more experienced bidders learning to account for the winner’s curse by
lowering, or shading, their bids after having participated in a number of auctions beforehand (e.g.
Kagin and Levin, 1986, Weiner, Bazerman and Carroll, 1987, Garvin and Kagel, 1994). Similarly,
frequent participation, which although not as costly as winning and overpaying, is also likely to
exhibit effects on behavior similar to winning auctions, albeit at a slower rate.

In this paper, I start by presenting reduced form evidence from a unique data set of roughly
ten thousand online automobile auctions carried out in Sweden that, surprisingly, as bidders gain
experience their average bid increases and they seem to lower, or shade, their bids less than less
experienced bidders. Although counter-intuitive at first, given the previous findings, this behavior
has previously been observed in the experiments of Weiner et al. (1987) who saw the average
bid drift upward towards the end of their experiment, after bidders had already participated in a
number of auctions.

An increase in average bids is the opposite of what we may expect if inexperienced bidders
shade too little to account for the winner’s curse but start shading more with experience. By using
the asymmetric ascending auction model of Hong and Shum (2003), I try to explain why more
experienced bidders shade less than do less experienced bidders and find that through experience,
bidder’s signals become more accurate. In other words, more experienced bidders are better able to
estimate the value of the auctioned automobiles and become less reliant on the estimates of others.
Because of this, the more experienced bidders do not need to adjust their beliefs as much during
the course of the auctions and as a consequence lower their bids less as new information becomes
available. I also show that as a consequence of asymmetries in signal precision, when a bidder with
an accurate signal drops out, the remaining bidders adjust their beliefs more than when a bidder
with an inaccurate signal drops out. In other words, bidders do not treat all information equally,
with more accurate public information being more important than less accurate information.

This paper is organized as follows; In Section 2, I present the data used in this study, descrip-
tive statistics together with reduced form evidence of experienced bidders shading their bids less
than bidders with little or no past experience. In Section 3, I present the structural asymmetric
ascending auction model of Hong and Shum (2003). In Section 4, T discuss the identification of the
model and its parameters, and in Section 5, I discuss the simulation procedure used to estimate
the parameters from the data. In Section 6, I present and discuss the results and in Section 7 1
present the results of various robustness tests. In Section 8 I discuss the revenue consequences of
signal precision with Section 9 concluding.

2 A First Look at Bidder Experience

In this section, I begin by presenting a detailed summary of the data used in this study, brief
descriptive statistics of the variables used throughout and thereafter present somewhat surprising
reduced form evidence that bidders tend to shade their bids less and less, as they gain additional
experience.

2.1 Data

The automobile auction data used in this study is collected from Kvarndammen AB (KVD), a
large Swedish auction site, using an automated collection algorithm. The site conducts auctions
of, among other things, automobiles, boats, motorcycles and commercial real estate property. This
study focuses solely on KVD automobile auctions.



Automobile auctions on KVD are conducted on a weekly basis, with new vehicles being listed
throughout the day every Friday and ending on either Tuesday, Wednesday or Thursday the
following week. Auctions are conducted sequentially, with a single new auction starting every five
minutes from 9 a.m. and often proceeding until 9 p.m.2 Depending on the supply of vehicles a
given week, there may be periods when no auctions take place, often lasting no more than a few
hours.

Once a car has been listed for auction, anyone is free to follow the bidding process and view the
detailed vehicle information without having to register an account. Persons interested in placing a
bid have to register an account and are able to place bids, with a minimum incremental bid of 500
SEK,? at no cost.* If a bidder wants to withdraw a bid, it is possible to do so, although cannot
be done by bidders themselves,”> up until six hours before the final countdown (described below)
is officially initiated. Should a bidder place the winning bid, the bidder is legally bound to go
through with the purchase.® The history of bids is publicly available, although only the five latest
bids are shown, together with the username of the user placing the bid, the time at which the bid
was placed as well as the bid itself. Once the auction ends, all information regarding the vehicle
is removed, including the final five bids.

Every automobile listed for auction is carefully reviewed by a KVD mechanic, either in-house
or affiliated, and a summary of the review together with detailed technical information is made
available to the public at the start of each auction. The information is provided in a standardized
format and can be broadly categorized into technical, legal and qualitative; Technical and legal
information is taken from the Swedish Transport Agency’s vehicle register, containing information
about the bodywork, engine, size as well as the MOT period and tax details. The qualitative
information contains the mechanic’s assessment of the different parts of the vehicle including an
overall vehicle assessment and more detailed assessments of the bodywork, engine, breaks, gearbox
and interior. Each vehicle is located at one of roughly 15 locations in Sweden and anyone interested
may go and test-drive the given vehicle on prespecified dates. Sometimes prespecified dates are
not given, in which case one has to call and make an appointment.

The exact time at which an auction ends is not known in advance; every vehicle is listed with
a so-called “countdown time” at which a 3-minute timer starts and proceeds to reset until no new
bid is placed within a consecutive 3-minute period.” Once the 3-minute period passes with no
new bid being placed, the auction ends and the item is suspended. Every vehicle has a secret
reserve price® and if the winning bid is above this reserve price, it is automatically accepted and

’The sequential nature is such that, depending on popularity, a given auction may not end until the next one
begins. This means there are periods when multiple auctions are underway simultaneously.

3Roughly $70 at an exchange rate of 7 SEK/USD.

4The site also offers an automated, or proxy, bidding service at no extra cost. Any user interested in using the
service, merely states the maximum price he or she is willing to pay and the proxy bidding system automatically
places bids until you have either won the auction or the currently highest bid has exceeded your maximum limit.
Should the same bid be placed by two users, either automated or human, it is the bid that was placed first that is
counted. For a more detailed discussion on the mechanics of proxy bidding see e.g. Bajari & Hortagsu (2003).

SInstead the user has to contact KVD directly and ask for the bids to be withdrawn.

6This means that should you decide to back out after having won the auction, you will have to pay a fee for
that particular auction as well as costs incurred by the seller in putting the vehicle up for auction again. While this
means that one does not actually have to purchase the vehicle and incur the entire cost, the cost of compensating
the seller for loss of business may still turn out to be significant.

"This is called a “soft” close in the literature. Online auction house eBay on the other hand has a “hard” close
whereby the auction ends at a prespecified time.

8 An item’s reserve price is not fully secret as there is a publicly available “Yes/No” indicator which lets bidders
know whether the reserve price has been reached or not during the entire auction. Due to data collection issues, I



the winning bid, together with the vehicle name, winner’s username, winning bid and ID number
of the vehicle, is posted online for 10 days. Should the reserve price not be reached, the seller is
free to choose whether to sell the vehicle at the highest achieved bid or to withdraw the item and
attempt to resell it at a later date.

A much more thorough description of the vehicle data provided for each auction can be found
in the appendix.

2.2 Descriptive Statistics

From Table 1, we see that the sample of data used in this study is comprised of roughly ten
thousand automobile auctions collected from Swedish online auction house KVD between October
7th 2011 and July 18th 2012.

INSERT TABLE 1 ABOUT HERE

The number of unique bids submitted in these auctions is roughly 470 000 with 108 686 bids
being “final”, or dropout bids. Although dropout bids may not correspond to the actual unobserved
dropout bid, in this study I use the final bid at which a bidder was active as that bidder’s dropout
bid. These bids were placed by 24 586 unique bidders, with, on average, almost 11 bidders
participating per auction. Some auctions were more popular than others, with the most popular
having attracted 33 unique bidders and the least popular seeing only a couple of bidders.” Having
only one observable bidder does not necessarily imply that the automobile being auctioned is
unattractive; the majority of auctions that attracted only one observable bidder were auctions in
which the first bid was also the winning bid, that is, the initial bidder submitted a high first bid,
or “jump” bid. As such bids cannot be considered to be dropout bids, auctions with only a single
participating bidder have been excluded from the sample.

The average price at which a bidder drops out is roughly 76 000 SEK, with bidders having
dropped out as low as 200 SEK and as high as 523 000 SEK. The average winning bid is roughly
105 000 SEK whereas the average appraised value of an automobile is just over 144 000 SEK.
While this gap between winning bids and appraisal values may suggest that cars are being sold at
a discount, this is not obvious because of how the appraisal is conducted - the appraised value is
that of an identical vehicle in flawless condition. The sample contains all manner of automobiles,
ranging from older models to newer or more luxurious makes with appraisals ranging from 10 000
SEK to 775 000 SEK. In a few cases high-performance sports cars such as Ferraris, Maseratis and
Lamborghinis have been auctioned during the sample period. As these vehicles differ significantly
as compared to the average car, both in terms of characteristics and price, these have been excluded
from the sample.

Looking at bidder experience we see that over the sample, the average bidder participates in
around 4 auctions with the average number of wins being 0.29, suggesting that the majority of
bidders walk away from this sample of auctions empty-handed. Not only that, but it suggests that
there are a number of bidders that are buying significantly more than one vehicle. The highest
number of wins sustained by a single bidder during the period was 87 whereas the bidder that

do not observe the reserve price signal in my data.

90n very rare occasions, there have been auctions in which not a single bid was placed. As the model presented
in Section 3 requires at least one observable dropout bid to estimate, such auctions have been excluded from the
sample.



was most active in terms of participation, participated in 853 auctions. The average cumulative
experience variables, which give the number of auctions won or participated in from the sample
period until the present auction, are less instructive as they are heavily influenced by the most
active bidders, both in terms of participation and in terms of winning.

2.3 Reduced Form Evidence

As pointed out by Bajari and Hortagsu (2003), one of the implications of the Milgrom and Weber
(1982) model, describing both first and second-price common value auctions, is that the possibility
of overpaying (or suffering the winner’s curse) increases with the number of bidders participating
in the auction. That is, as a bidder you are more likely to overpay when you are facing many
competing bidders than when only facing a handful. To reduce the chances of overpaying, the
bidders should lower, or “shade” their bids, with the degree of shading increasing in the number of
auction participants.

Despite these predictions, there are a number of studies suggesting that bidders in actual
fact fail to account for the winner’s curse by not lowering their bids enough, both in real life
auctions (e.g. Capen, Clapp and Campbell, 1971) and classroom experiments (e.g. Bazerman
and Samuelson, 1983). However, in a number of classroom experiments, it has been found that
although there is an overall failure to account for the winner’s curse, participants’ judgment does
improve as the experience of the participant increases (Kagel and Levin, 1986, Weiner et al.,
1987). With every additional auction, bidders shade more and more approaching the bids one
would theoretically expect. This suggests that if we were to look at more experienced auction
participants in real-world auction data, we may find that they shade their bids more than do less
experienced players or, at the very least, that experience doesn’t make a difference.

INSERT TABLE 2 ABOUT HERE

The results of simple, reduced-form Ordinary Least Squares (OLS) regressions of the number
of bidders, the experience of a given bidder as measured by the cumulative number of wins or
cumulative auction participation, on logarithmized dropout prices'® presented in Table 2 suggest
that, as in Bajari and Hortagsu (2003), average bids decline with the number of bidders participat-
ing in the auction. This is consistent with bidders accounting for the winner’s curse and lowering
their bids more and more with each additional participating bidder. However, we also see that
the more experience the bidder has the less he lowers his bid with every new participating bidder;
experience has a positive effect on bid shading as measured by the positive and statistically signif-
icant interaction terms. Taken at face value, this would contradict an improvement in judgment of
more experienced bidders in accounting for the winner’s curse. If anything, it would suggest that
more experienced bidders are getting even worse. Alternatively however, it may be the case that
the degree to which bidders with little or no experience lower their bids is too high to begin with,
with inexperienced bidders lowering their bids too much. Experienced bidders may realize that
they were lowering their bids too far and instead increase their bids to equilibrium levels. This
alternative explanation however contradicts a large body of existing evidence which suggests that
the degree of shading is lower, rather than higher, than one would expect (e.g. Capen, Clapp and
Campbell, 1971) with bidders tending to suffer the winner’s curse.

°Dropout prizes are logarithmized to ensure consistency between the reduced form specifications and the log-
normal specification of the Hong and Shum (2003) model. The results remain qualitatively the same if one instead
uses dropout prices normalized by appraisal value.



A concern with the reduced form specification is that, not only is the number of bidders an
endogenous variable, but that the two measures of experience are as well, rendering OLS estimates
biased and inconsistent. It is not unlikely that the number of times a given bidder participates is
related to that bidder’s participation cost; bidders with lower participation costs are more likely to
participate more frequently perhaps in the hope of winning their preferred car at a bargain price,
whereas a bidder with high participation costs is more likely to participate less and pay a little
extra to avoid participating again in the future. Similarly, the number of times a bidder wins is
likely driven by the demand of that particular bidder; a private individual will not be looking to
buy more than one or two cars whereas a professional dealer or trader is likely to have a much
higher demand, potentially leading them to be more aggressive and win more auctions.

To account for the potential endogeneity of the number of participating bidders as well as bidder
experience, I instrument the endogenous variables in the reduced form analysis; to instrument for
the number of bidders in an auction, I proceed in a manner similar to Bajari and Hortagsu (2003)
who use the auction’s reserve price, or minimal accepted bid normalized by the item’s book value.
As I do not observe the reserve price and, due to data collection issues do not have access to the
public signal of whether the secret reserve price has been surpassed, I instrument using the first
observed bid in the auction. In some sense, the first bid in the auction becomes an effective public
reserve price for potential bidders that have not yet decided to enter the auction. If the smallest
placed bid is $10, the effective public reserve price for bidders that are yet undecided, or have
only just entered the market, is at least $10. However, if an aggressive bidder decided to place a
jump bid at the very start of the auction to say $5000 dollars, then the effective reserve price for
undecided bidders is instead at least $5000.

To instrument for bidder experience, as measured by the cumulative number of wins or cumu-
lative auction participation, I use the bidder’s percentual participation rate of the auctions having
occurred to date, with the interaction term between experience and the number of bidders being
instrumented by the product of the two individual instruments.

From Table 2, we see that after instrumenting, both effects persist and are now stronger; average
bids decline with the number of bidders participating in the auction and experience has a positive
effect on bid shading. In the remaining sections of the paper, I try to show why this somewhat
surprising behavior is rational and does not contradict behavior accounting for the winner’s curse.

3 Model

In this section, I present the asymmetric ascending auction model of Hong and Shum (2003).
The choice of model used in this study is driven by a number of different considerations, both
empirical and theoretical.

The focus of this study is to determine whether experience gained by either participating in,
or winning an automobile auction can help in explaining why more experienced bidders seem to
lower, or shade, their bids less than do bidders with little or no experience. By its very nature, this
problem is about determining whether asymmetries in experience affect bidder behavior, something
easily incorporated into the general asymmetric framework of the Hong and Shum (2003) model.
Furthermore, incorporating both private value and common value components, the model is very
well suited to study automobile auctions, likely incorporating both types of components.

Despite there being a wide range of models proposed to study data from online auction house
eBay, these models are theoretically unsuitable due to the nature of the auctions’ ending rules. eBay
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auctions have a predetermined ending time publicly displayed to all bidders, something known as
a “hard” close. The auctions studied in this paper end only after a period of inactivity, something
known instead as a “soft” close. This difference is seemingly small, but does have implications for
how bidders of the two types of auctions will behave in equilibrium; eBay auctions are prone to
a phenomenon known as “sniping” whereby the majority of bids are submitted very close to the
end of the auction, something that looses strategic value in “soft”-close auctions.!’ For a more
extensive discussion on sniping and auction ending rules see e.g. Roth and Ockenfels (2002).

3.1 Equilibrium Bidding

Consider an auction with N known bidders. The auction proceeds in rounds with a new bidder
dropping out irrevocably in every round k. Let bidders be indexed by the round in which they
drop out;'? bidder N drops out in round 0, at price P,, and bidder N — k drops out in round k at
price Py, with bidder 1 finally winning the auction at the final observed dropout price Py_s.

Each bidder ¢« = 1,..., N attaches a value of V; to the object being auctioned. The valuation
is unobservable to each bidder and instead, each bidder observes a private, noisy signal X; about
their value V.

In round k, as the N — k + 1% bidder has already dropped out, the remaining N — k bidders
can invert the dropout price Py_j.1 to learn the private information Xx_j.; of that bidder. In
common value auctions, this information is useful to the remaining bidders as they can use it to
update their beliefs about their own valuation.

A Bayesian-Nash equilibrium of the asymmetric ascending auction game is given by bid func-
tions B¥ (X;; Q) for each bidder i = 1,..., N and every round of the auction k. Each bid function
BF (X;; Q) determines the price above which player i should drop out in round k given the player’s
private signal X; and €2, the collection of & — 1 signals observed prior to round £.!3 Denote the
collection of equilibrium bid functions for player ¢ as

B, = {ﬁ? (X4 Q0) , ~~,ﬁiN_2 (X5 QN—Q)}

Assume that for all bidders ¢ = 1,..., N the bidding functions B, of all other players j # i are
common knowledge.
Assume further that

(A1) The conditional expectation E[V;|X1,..., Xy] is strictly increasing in signals X; for each
bidder:=1,.., N

(A2) The solution of the N — k unknown variables, X, ..., Xy_g, in the equation system given by
E[%’Xlw'vXka;XkaJrlu"'7XN] = P

E[VN—k’le'--aXN—kSXN—k-Ha'-'>XN] = P

1 Gniping is the practice of trying to place a bid as late as possible so as to avoid revealing private information to
other participants. As there is no predetermined or fixed ending time in soft-close auctions, no matter what time
you choose to submit your bid, there will always be a minimum amount of time remaining until the auction ends.

12This is done without loss of generality.

130ne can think of ), as being either the collection of k — 1 dropout prices or inverted private signals of the k — 1
bidders that have dropped out prior to round k.



is unique and strictly increasing in the given parameter P, for all possible realizations of Xy 11, ..., Xy.

Proposition 1 (Hong and Shum, 2003) Given assumptions Al and A2, there exists an
increasing-strategy Bayesian-Nash Equilibrium of the asymmetric English auction for which the
strategies are defined recursively. In round k:

B (X; Q) = E [V;’XiQXj = (5;-{)71 (BF (X)) ,j=1,...,N,j # i,Qk]

for the bidders i = 1, ..., N—k remaining active in round k, where €2, denotes the public information
set consisting of the signals of the bidders N — k + 1, ..., N who have dropped out prior to round

k,ie.,
0 = {Xj —(

Proof: See Hong and Shum (2003), p331.

A —1
@N—J) (Pv_j),j=N—k+1,.. N}

Let the valuation of bidder ¢ have a multiplicative form given by V; = A; x V where A; is a
bidder-specific private value component and V' is a component common to all bidders in the auction.
Let A; and V, both unobserved by all bidders, be independently log-normally distributed;!*

nV =0v= m+€UNN<m7T3)
A, =a;= @+ eq, ~ N (@12

The mean parameters, a;, m, can be thought of as governing the magnitude of the average bid
within auctions whereas t? can be thought of as governing the dispersion of those bids. The
variance of the common value component rZ, governs the dispersion of bids across auctions.

Each bidder observes a private noisy signal X; of the value V;, given by X; = V;exp {s;e;},
where e; is a normally distributed unobserved error term with a mean of zero and variance of one.
The variance of the noise, s?, can be thought of as the informativeness or accuracy of signal Xj.

Let the parameters
_ N 2N 2 .2V
{{ai}z‘:1 ) {ti }izl » 11, T, {Si }i:1}
be denoted by # and assumed to be common knowledge among all bidders.

Under the assumption of log-normality of the errors, the conditional expectation given under
A1l will have the general form given by

1
E [‘/1|X17 "'aXN—k;XN—k+17 ...,XN] = exXp {E (Ui|1231, ...,ZL’N) + §V(ZT (Ui|l'1, ...7$N)} (1)

Let us denote the marginal mean-vector, variance-covariance matrix of the valuation of bidder
2 *
i =1,...,N and the signals of all bidders (v;, (z1,...,xx)) by (ui,,u*/) and ¥, = { ZZ* ;Z* } respec-
i
tively. We can then rewrite the conditional expectation in the exponential term of equation (1)
as

E (vi]x = (z1,...,zn)") = (ul - ,u*,E*_laf> + 2’y o (2)

4By lemma 1 of Hong and Shum (2003), p335, this log-normal log-additive specification satisfies assumptions A1
and A2, ensuring existence of an increasing-strategy Bayesian-Nash Equilibrium of the asymmetric English auction.



and the conditional variance in the exponential term of equation (1) as
Var (vilr = (21,...,an)) = 07 — oo (3)

(2

For round k, let us partition the Vector of signals (z1,...,xy) into an (N — k) x 1 vector of
51gnals of bidders that remain active, 2%, and a k x 1 vector of signals of bidders that have dropped

out, 2% - that is let « = (aF, 2%).
2*71
Similarly, let us partition the variance-covariance matrix of the signals as Y*~! = [ fol }
k

where Zz . isan (N — k) x N matrix pertaining to the bidders active in round k and 2231 akxN
matrix pertaining to the bidders that have dropped out prior to round k.
Substituting expressions (2) and (3) into the equation given by (1), we get

/ ’ 1 !
exp { (uz — 2*’1@*) + o] E,’; Tk 4 or EM zh + 3 (aiz — o] E*lo’j)} (4)

for the 2 =1, ..., N — k bidders still active in round k.

Letting In P = p, I, be a k x 1 vector of ones, u, = [uy,....,un_x, Tp = [0%,...,012\,7,6]/,
A, = [cf{, e UTV—IJI and logarithmizing both sides, we can write a system of equations analogous
to the one given under assumption A2 for the log-normal case as

1 ,
— M+ A+ AT e+ (rk _ diag (AkE*‘lAk» —pxl,  (5)

From this system of equations we can obtain the set of (N — k) round & log-inverse bid functions
by solving for %, the vector of signals of those bidders that remain active, as

o — = s o
where
AR = (AREZJV)_I A
ct = % (AkEZ,f’)_l (Fk — diag (AkE*”A;{) T Quy — 2Ak2*71u*>
o= () (nm)
For each bidder ¢ = 1, ..., N — k active in round k this gives the inverse bid function as
= () (o (ws ) = Abp — Dl - Cf (7)

and consequently, the log-bid function as
1
In Bf (exp{z;}; Q) = bf (xi; ZBZ) = (a:ffz + Df:clj + C’f) (8)
3.2 The Likelihood Function

Although a full derivation of the likelihood function for the observed dropout price vector can

be found in Hong and Shum (2003), I present a concise summary below in order to clarify certain
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restrictions that need to be placed on private signals to ensure consistency with the equilibrium
bidding strategies and the observed dropout order.

The log-bidding functions in (8), relate all bidders’ signals to their equilibrium dropout prices
for each round k. In the data we do not observe dropout prices for all bidders in every round,
instead observing only the dropout price for bidder N — k, the bidder that actually does drop out
during that round.'® This means that only the equations relating the observed dropout prices to
unobserved private signals are used in the likelihood function. Let the bid functions of bidders
dropping out in round k be denoted

1
Vi (onv—i 2h) = T (zn—r + Di_yzl + Cx_) Vk=1,..,N—2 (9)
N—k

Letting

F o= (C_fov %)
A Ay
1 Di_.
G = |0,..,0 — =N
—— Ay_; Ay
N—i—2

G = (GornGivms)

we can write the vector of dropout bids as
P =G (x2,..an) +F (10)

In deriving the likelihood function for the asymmetric ascending English auction, Hong and
Shum (2003) point out that one must condition on the observed dropout order of bidders in an
asymmetric ascending auction model. This implies a constraint on the log-signals (x1,...,xy),
confining them to some region ¥ (6) C RY. Furthermore, although we observe the identity of the
winning bidder, we, unsurprisingly, do not observe the winning bidder’s dropout bid. This means
we need to put a restriction on the signal of the winning bidder that is consistent with his winning
the auction but never revealing his dropout price. This also restricts the signal of the winning
bidder to a region Sy (22, ..., zy;0) C RN that is consistent with bidder 1 having won the auction.
In essence, these restrictions ensure that dropout prices are increasing given the model parameters
6.

Let Pr (S (G (P — F);0);0) denote the probability that the signal of the winning bidder is
consistent with bidder 1 having won the auction, that is z; € 9 (0), conditional on the observed
dropout vector P and let Pr (3 (0);0) denote the probability that (zq,...,zx) € 1 (6).

Defining u3 (0) as the N — 1 sub-vector of u* and X3 (6) the (N — 1) x (N — 1) sub-matrix of
>* corresponding to bidders 2, ..., N, let

pp(0) = F(O)+G(0)ns(0)
5p(0) = G(0)23(0)G(0)

5The player that finally drops out during round k will be the player with the lowest dropout price during that
specific round.
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The authors show that the likelihood function for a given auction can be written as

f(P;0)Pr(32(G7" (P —F);0);0)
Pr (34 (0);0) (11)

which resembles a truncated multivariate normal likelihood function, where

L(P0) =

£ (P36) = (2m) VR, (0) 2 exp [ 3 (P — 1y (6)) S5 (6) x (P — 1y 9)

and f(-;0) is an N — l-variate normal distribution with mean and variance given by pu, () and
¥, (0) above.

Despite being able to explicitly derive the likelihood function, it is difficult to implement because
of the need to calculate the multivariate integral in Pr (3 (0);6).1® This is why, I, as well as Hong
and Shum (2003), use simulation based estimation methods to estimate the asymmetric ascending
English auction model.

4 Identification

The focus of this study is to determine whether experience gained by either participating in, or
winning an automobile auction can help in explaining why more experienced bidders seem to
lower, or shade, their bids less than do bidders with little or no experience. Intuitively, we may
expect that participating in many auctions over a longer period of time would give even the most
inexperienced bidder a better understanding of how others value a certain brand or make of car.
However, we may also expect winning an au