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Abstract

We analyze mechanism choices of competing sellers with private valuations and
show the existence of monotone pure strategy equilibria where sellers with higher
reservation value choose mechanisms with a lower selling probability and a larger
revenue in case of trade. As an application we investigate the choice between posted
prices and auctions and demonstrate that sellers refuse to offer posted prices as long
as (risk-neutral) buyers do not differ with respect to their transaction costs in both
trade institutions. If some buyers have lower transaction costs when trading at
a posted price, it is optimal for sellers to offer posted prices if and only if they
have a sufficiently high reservation value. We develop an econometric technique
to compare the selling probabilities and revenues of posted prices and auctions
and confirm our theoretical predictions with data from the EURO 2008 European
Football Championship.
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1 Introduction

Anyone who wishes to sell via an (online) trading platform has to decide upon two issues:
What type of trade mechanism to choose and how to specify this mechanism. At eBay, for
instance, sellers can decide to run an auction or to offer a transaction at a posted price and
have to fix a reserve price for the auction or the posted price.! Design recommendations
by trading platforms or user-groups® typically share the following three insights: First,
the higher the reserve price in an auction or the posted price, the lower is the probability
that the good will be sold. Thus, high start prices® should only be considered if one cares
about the trading price rather than the probability of trade. Second, while auctions are
superior when the uncertainty on the potential buyers’ valuations is high, posted prices
are recommended when a standardized product with a clear-cut reference price is offered.
Third, if a seller highly values the good herself, she may offer a high posted price hoping
for the “lucky punch” to meet someone with an even higher willingness to pay.

All these recommendations read as if they were directly taken from the standard text-
book treatment based on the seminal work by Myerson (1981) on monopolistic mechanism
design, i.e. optimal mechanism design for a given set of buyers: First, the trade-off be-
tween selling probabilities and revenues follows from individual rationality as only the
high- valuation buyers participate when reserve prices or posted prices are high. Second,
incentive compatibility requires that buyers with a high valuation bid more aggressively
in auctions, and this allows for higher revenues due to price discrimination. This advan-
tage of auctions as compared to posted prices, however, decreases when buyers do not
differ much in their valuations, and posted prices may then be optimal due to reduced
uncertainty, immediate payments, or other perceived virtues of posted prices.* Third, the
advantage of auctions over posted prices is lower for sellers with high valuations since price
discrimination becomes more relevant as the number of buyers with a valuation above the
reserve price gets large.

But while Myerson (1981) and the vast majority of the literature on optimal selling

In practice, there are several variants of posted price or auction-institutions (e.g. at eBay it is possible
to allow for price suggestions by buyers or to set secret reserve prices in auctions) and hybrid designs
such as buy-it-now options.

2See, for instance, the user guide to eBay on http://ebay.about.com/ by Aron Hsiao.

3Throughout, we will use the general term ”start price” both for reserve prices in auctions and posted
fixed prices. In the latter case, start prices are identical to selling prices in case of a trade.

4See e.g. Mathews (2004) who demonstrate a superiority of posted prices over auctions due to risk

aversion and Zeithammer and Liu (2006) who emphasize the impact of time discounting.



strategies (see the literature review below) assume a monopolistic seller, the usual online
seller faces considerable competition by other providers of identical or similar products.
We develop a theoretical model to demonstrate that the aforementioned trade-off between
the selling probability and the revenue in case of trade is not only a feature of monopolis-
tic mechanism design, but also ensures the existence of monotone pure strategy equilibria
when sellers compete. In such an equilibrium, sellers of higher type (i.e. with a more
valuable outside option) choose mechanisms with a lower selling probability and a higher
revenue in case of trade. We apply this model to the choice between posted prices and
auctions with reserve prices and use data from secondary ticket sales for the 2008 UEFA
European Football (Soccer) Championship in Austria and Switzerland on German eBay
(EURO 2008) to illustrate its explanatory power for real-life mechanism design. Specif-
ically, we demonstrate that, in line with our theoretical prediction, auctions outperform
posted prices if and only if the (induced) selling probability is high.

We model the strategic choice of a trade mechanism by a set of sellers as a finite
action game with incomplete information as analyzed in Athey (2001). Sellers have quasi-
linear preferences with a private valuation for one unit of a homogenous good drawn
independently from (not necessarily identical) continuous probability distributions with
full support. Sellers are endowed with one unit of the homogenous good and choose a
trade institution. For a given strategy of mechanism choice by the other sellers, any
mechanism is — for the purpose of optimal mechanism choice — fully characterized by the
associated probability of trade P and the expected revenue in case of trade R. The set of
mechanisms at a seller’s disposal (for given strategies of the other sellers) can therefore
be depicted by a set of points in the plain, and we will refer to this set of points as a
(P, R)-plot of mechanisms. For a given strategy of other sellers, a seller will never choose
a mechanism that is dominated in the sense that another mechanism would yield a higher
selling probability with at least the same revenue in case of trade or a larger revenue in
case of trade with at least the same selling probability. Mechanisms that are undominated
in this way can therefore be ordered according to their selling probability, and a seller’s
mechanism choice satisfies single-crossing of incremental returns as defined in Milgrom
and Shannon (1994): If a mechanism with a lower selling probability is better for a seller
of type t as compared to a mechanism with a higher selling probability, it is also better
for any seller with a larger type (or outside option). Then, (Athey 2001, Theorem 1)
implies the existence of a monotone equilibrium where sellers with a higher type choose

mechanisms with lower selling probability.



We apply these findings to sellers’ choices between posted prices and auctions. We
follow Peters and Severinov (2006) by assuming that buyers cross-bid such that auctions
determine market clearing prices (for the reserve prices set by sellers). Whenever buyers
face identical transaction costs for auctions and posted prices and traders do not differ too
much with respect to their expectations for market clearing prices, we demonstrate that
there are no mutually beneficial posted prices that sellers are willing to offer and buyers
are willing to accept. In this case, posted prices are dominated mechanisms and sellers
will only offer auctions with reserve prices that are monotone increasing in their type.
If, however, some buyers face transaction costs for posted prices that are sufficiently
low relative to transaction costs in an auction, (P, R)-plots, and thereby equilibrium
mechanism choices, exhibit single-crossing in the sense that sellers offer posted prices if
and only if they have a sufficiently high type.

Our model yields a set of hypotheses regarding the shape and relative position of
(P, R)-plots for posted prices and auctions. We test these hypotheses with data from the
secondary market for tickets to matches of the 2008 UEFA European Football Champi-
onship in Austria and Switzerland on German eBay. First of all, undominated mechanisms
resemble a downward sloping graph in the (P, R)-plot as an undominated mechanism with
lower selling probability yields a higher revenue in case of trade. Together with the single-
crossing of undominated mechanisms in (P, R)-plots for posted prices and auctions, this
implies that selling probabilities for posted prices are lower than selling probabilities for
auctions, whereas successfully posted prices are above final auction prices. In line with
the previous literature (see below), we confirm these hypotheses. But our model does
not only allow to draw conclusions regarding the aggregate performance of posted prices
and auctions. If (P, R)—plots of posted prices and auctions indeed satisfy single-crossing,
there should be an excess revenue of auctions relative to posted prices for reserve prices
and posted prices that yield a large selling probability, but an excess revenue of posted
prices over auctions for reserve prices and posted prices with a small selling probability.
To test this hypothesis, we first develop an econometric model for estimating the selling
probability both for auctions and posted prices. We then use this predicted selling prob-
ability in order to explain the excess revenue of an auction over a hypothetical posted
price at which this item would have needed to be offered in order to be sold with the same
probability. We find that the excess revenue of auctions over posted prices is increasing
in the selling probability. If the selling probability is low, then posted prices indeed tend

to be superior.



2 Relation to the Literature

Our result regarding the existence of monotone pure strategy equilibria adds to the lit-
erature on competing mechanism designers that establishes the superiority of auctions
and addresses the convergence of optimal reserve prices to the sellers’ costs in a compet-
itive equilibrium setting (see McAfee (1993) or Peters (1997)) or for a restricted set of
mechanisms (see Peters and Severinov (1997), Burguet and Sakovics (1999), Peters and
Severinov (2006), Hernando-Veciana (2005), or Virag (2010)). As this literature focuses
on the emergence of efficient trade institutions as the result of competition between sell-
ers, it is typically assumed that sellers have identical or publicly observable costs (for an
exemption see Peters (1997)). In contrast, our paper analyzes the impact of unobservable
seller heterogeneity on mechanism choice and thereby addresses the question of optimal
mechanism design for different types of sellers. Specifically, the representation of a seller’s
choice set by (P, R)-plots visualizes how straightforward trade-offs between selling prob-
ability and revenue in case of trade ensure the existence of pure strategy equilibria.

The specific model for the comparison between posted prices and auctions offers a
simple and tractable environment to establish the superiority of auctions in the absence
of transaction costs as also demonstrated in the competitive setting of McAfee (1993)
or Peters (1997). The optimality of posted prices for sellers with high outside options
has also been found by the structural estimations in Hammond (2013) for compact disc
sales and Bauner (2010) for baseball tickets. In Hammond (2013), buyers decide upon a
trade mechanism before they actually observe the available offers, and in Bauner (2010)
buyers learn their valuation after their choice of a mechanism. Our model suggests that
the superiority of posted prices for sellers with large valuations does not rely on these
frictions (as soon as some buyers have sufficiently different transaction costs in the two
mechanisms).

The predictions of the model regarding the aggregate performance of auctions and
posted prices has been confirmed by the empirical literature: posted prices sell less often,
but yield higher revenues in case of trade (see Halcoussis and Mathews (2007) for a study

5

on concert tickets and Hammond (2010) for compact discs.” This revenue-probability

trade-off is an interesting observation, but if observed posted prices and reserve prices are

SHowever, Ariely and Simonson (2003) and Lee and Malmendier (2011) find that auction prices fre-
quently exceed simultaneous posted prices within or outside the auction platform, which the latter authors
attribute to limited attention to posted prices by those who participate in auctions. In our dataset, 15.2%

of auction prices are above at least one posted-price offer that was active at the same time.



the result of sellers’ self-selection into trade institutions, it cannot answer the question
which sales mode is superior for a given seller. Our main empirical contribution is to
close this gap. Econometrically, we identify posted prices and reserve prices that yield
identical selling probabilities and then compare the revenues for a given selling probability.
We find that auctions are superior if and only if the selling probabilities are high. This
identification technique allows to compare the relative performance of auctions and posted
prices (i.e. their position in the (P, R)-plot) without assuming equilibrium behavior (as
in Hammond (2013) and Bauner (2010)), without the need to observe experiments by
(possibly price-discriminating) sellers who sell the same commodity multiple times as in
Einav et al. (2013), and without a reference to inventories as a proxy for a seller’s valuation
as in Hammond (2010).

The remainder of the paper is organized as follows: We present our general model
on the choice of mechanisms in section 3. Section 4 turns more specifically to auctions
vs. posted prices and derives our empirically testable hypotheses. Section 5 presents our

empirical analysis. We conclude in section 6.

3 Competing Trade Mechanisms

3.1 A Finite Action Game with Incomplete Information

In this section, we analyze a game of mechanism choice by players who, based on the
anticipated strategy profile of other players, form expectations regarding the probability
that a given mechanism is accepted and the expected payoff in case of acceptance. In
Section 4, we will then consider a particular example in which players are sellers at an
online trading platform and mechanisms are posted-prices and auctions with reserve price.
Throughout this section, we do not model the behavior of individuals who participate in
the mechanisms offered by the players. All we need for the analysis is the acceptance
probability of a mechanism and its expected return for a given profile of mechanisms
chosen by the other players. For the particular example in Section 4 we will also describe
how these features of a mechanism emerge from the participants’ (i.e. buyers’) behavior.

Consider the following game with s > 2 players: Player i € S = {1, ..., s} observes
her own type t; € T; = [t;,1;] C R and chooses a mechanism m; € M; where M; is a
finite set. Let t = (¢1,...,ts) be a profile of types and m = (my,...,ms) a profile of
mechanisms. A pure strategy «; of player ¢ specifies a mechanism choice for every type,

le, o 0T > M. Let T=Ti x ... x Ty, M =My x...x Mg, and a = (aq, ..., qq).



The type of player i is distributed with a continuous density h;(¢;) with full support, and
types are private information in the sense that players only know their own type and the

distributions of other types.® Player i’s payoff function is u; : M x T; — R.

Mechanisms We describe a mechanism by the probability with which the mechanism
is accepted and the expected revenue that is generated in case of acceptance. For a profile
of chosen mechanisms m, player ¢’s mechanism is accepted with probability ¢;(m) € [0, 1]
and is rejected with probability 1 — ¢;(m). If player i anticipates strategies a_; = o\
by the other players, we denote the probability that player ¢ assigns to the event that
mechanism m; is accepted by P;(m;, ;). If the mechanism is rejected, player i enjoys a
(reservation) utility 7;(¢;) where r; is a strictly monotone increasing function of ¢;. If the

mechanism is accepted, player i’s expected revenue will be denoted by R;(m;, ;).

(P, R)—plots To represent player i’s expectations regarding the choice of different mech-
anisms, we plot the expected return in case of acceptance for player i (of type t;) when
choosing mechanism m; and anticipating strategies a_;, R;(m;, a_;), against the expected
probability of acceptance P;(m;, a_;).” Note that a point in this plot fully captures player
1’s expected payoff

Pi(my, a_i) Ri(mi, o) + (1 = Pi(mg, a;)) mi(t;)

from offering mechanism m; when he expects the other players to play strategies a_;.
Formally, for player i who expects the other players to play the profile a_;, a (P, R)-plot
is a set

PR(a—;) = {(P(m;,a_;), Ri(mi, o)) | m; € M;}.

Observe that — for private valuations — the (P, R)-plot does not depend on the players
type t; but only on the strategy profile a_; he anticipates.

Applications This set-up captures a variety of situations where players compete with
the mechanisms they choose and the profile of chosen mechanisms determines when a
player’s mechanism is accepted and what the expected return in case of acceptance will

be. Consider, for instance, sellers who choose a trade institution such as a certain posted

6We will discuss the extension towards a joint density of types — i.e. interdependent valuations — at

the end of this section.
"If expectations are simply based on past observations, (P, R)-plots coincide with the demand plots

in Einav et al. (2013).



Ri(mi,a_;)

Pi(mi, a_;) Pi(.,a_y)

Figure 1: An example of a (P, R)-plot PR(«_;) of player i who anticipates strategies a_;.

price or an auction of a particular format with certain reserve prices or buy-it-now options
etc. The profile of competing mechanisms then determines the probability with which a
particular seller manages to sell the good and what his expected revenue will be. In
general, a mechanism m; at player i’s disposal can thereby capture various aspects of the
corresponding interaction between player ¢ and agents who participate in mechanism m;.
Next to m; being a mapping from the set of participants (and their reported valuations)
to the set of allocations and payments (as in the classical literature on mechanism design),
m; can also capture the point in time when the mechanism is offered or characteristics
of a mechanism that may induce behavioral biases such as anchoring or an endowment
effect.

As an illustration and for further reference, let us introduce the following two examples.

Example 1 (Competing posted prices) A mechanism m; offered by player i (i.e. a
seller) is the offer to purchase the good of player i at a price f;. Agents (i.e. potential
buyers) apply or try to purchase at a subset of sellers and the good is sold at price f; to
a randomly chosen buyer among those who are willing to purchase. For other players’
strategies a_;, Pi(m;, a_;) therefore depicts the probability that at least one buyer selects
seller v who offers posted price f; as indicated by mechanism m; and the corresponding

revenue R;(m;, a_;) is f;.

Example 2 (Competing auctions) As in Peters and Severinov (2006) assume that a
mechanism m; 1s an auction with a reserve price s; and suppose that — as in the Perfect
Bayesian Equilibrium discussed in this paper— bidders cross-bid until a market clearing
price is reached. Then, Pj(m;, a_;) is the probability that the market clearing price is

above reserve price s; as indicated by mechanism m; and R;(m;, ;) is the expected market



Figure 2: An undominated mechanism m; € PR(«_;).

clearing price (conditional on being at least s; ) if seller i expects the other sellers to choose

reserve prices according to strateqy profile a_;.

3.2 Equilibrium Analysis

Dominated mechanisms Consider a (P, R)-plot PR(a_;) for player i who expects
the other players to play strategies a_;. We call a mechanism dominated for player i
who expects strategies c_; if there is another mechanism m/) that yields a strictly higher
expected utility with a probability of acceptance that is not below the corresponding
acceptance probability for m; and an expected return in case of acceptance that is not

below the corresponding expected return for m;.% Formally,

Definition 1 A mechanism m; € M, is dominated in PR («a_;) if there is a mechanism
m;, € M; with Py(m;,a_;) < P;(m},a_;) and R;(m;,a_;)) < R;(m},a_;)) with one of the

two inequalities being strict.

Graphically, a mechanism m; is dominated in PR(«_;) if there is a mechanism m; in
PR(a_;) that does not coincide with m; and is weakly above and weakly to the right of
m;. We denote the set of mechanisms that are dominated in PR(a_;) by PRg(a_;) and
the complement (i.e the set of mechanisms that are not dominated or undominated in

PR(a—;)) by PRy ().

8Note that our notion of dominance refers to returns in case of acceptance and acceptance probabilities
for a given strategy profile of all other players. Hence, a dominated mechanisms does not resemble a
dominated strategy in the usual game theoretic sense. We opted for the term “dominated” because of

the graphical similarity to the notion of a dominated portfolio in portfolio choice.



Note that — as the (P, R)-plot — the set of dominated mechanisms may differ across
beliefs over actions of other players. However, as types are drawn independently, the plot
and the set of undominated mechanisms does not depend on player ¢’s type. This implies

the following result.
Lemma 1 Player i who expects o_; will always choose a mechanism in PR, (a_;).

Example 3 (Auction vs posted prices) Suppose players are sellers of a homogenous
good and the set of mechanisms M; for each player i is comprised of posted price offers
fi and Vickrey auctions with reserve price s;. Let posted prices and reserve prices be
taken from the same finite set on [0, 1] and suppose that buyers and sellers have private
valuations for the good that are drawn from a continuous density g(.) on [0,1]. Now let
buyers randomly pick one mechanism m; for which v; > f; or v; > s; — and apply for the
corresponding posted price transaction or submit their valuation as a bid in the auction.
Then, a posted price f; is dominated by an auction with reserve price s; = f; because
both mechanisms have the same probability of acceptance (as buyers randomize and accept
a posted price or start bidding at an auction whenever their valuation is at least f;) and
whenever there is more than one buyer accepting or bidding (which happens with a positive

probability) the auction yields a strictly larger revenue.”

Monotone mechanism choices and single crossing If player ¢ anticipates profile
a_;, the undominated mechanisms can be ordered according to their probability of accep-
tance. Le., for player i and profile a_; mechanisms in PR, (a_;) = {m',m? ...} can be

ordered in such a way that P,(mF, a_;) < Bi(m* a_y).

Definition 2 A monotone strategy «;(a_;) of player i who expects profile a_; is a
mapping o;(a—;) : T, — M, such that fort > t': Py(u(t),a—;) < Py(ai(t'), a_;).

Suppose for instance that in Example 1, higher posted prices are less likely to be ac-
cepted. Then, a monotone strategy assigns higher posted prices to higher types. Likewise,
a monotone strategy in Examples 2 and 3 would be a strategy that assigns higher reserve

prices to higher types.

9The dominance of auctions for a seller who anticipates other sellers to conduct auctions (with reserve
prices equal to the sellers valuation) also follows from the results in McAfee (1993) and Peters (1997)

who analyze competitive mechanism choice.
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Monotone equilibria The following theorem indicates that there always is an equilib-

rium in monotone strategies.

Theorem 1 There is a pure strateqy Nash equilibrium where each player iv’s equilibrium

.
strategy o 1S monotone.

Proof. According to Athey (2001, Theorem 1), there is a pure strategy Nash equilib-
rium in a finite action game with incomplete information whenever the single-crossing
condition for games with incomplete information (SCC) (Athey (2001, Definition 3)) is
satisfied. To translate this single-crossing condition into our framework, take a complete
order >=; over each player i’s action space M;, i.e. for any two mechanisms m,m’ € M,
either m =; m’ or m’ »=; m (or both). For player i, a function h : M; x T; — R sat-
isfies the (Milgrom-Shannon) single-crossing property of incremental returns (SCP-IR)
in (m;,t;) if, for all m#, mt € M; with m* =; m% and all ¢t tL € T; with t% > t&:
h(mH ) — h(m® t5) > (>)0 implies h(m™ t7) — h(m®, t7) > (>)0. For a given order
>, a pure strategy of player i, o; : T; = M is called monotone (or, non-decreasing) if
for t > ', a;(t) =; a;(t'). The game satisfies SCC for a given order > if for each i € S:
Whenever every other player j # i uses a strategy a; : 7, — M, that is monotone,
player i’s objective function, U;(m;, t;; a_;) satisfies single crossing of incremental returns
(SCP-IR) in (my, t;).

To prove the Theorem, we will demonstrate that our game satisfies SCC if actions
(or mechanisms) are ordered according to their acceptance probability. By Lemma 1 we
know that player ¢+ when anticipating strategy a_; will never choose a mechanism m; €
PRa(ca—;). To establish SCC it therefore suffices to order mechanisms in PR, (a—;). Now
order mechanisms in PR, («_;) according to their acceptance probability: For m,m’ €
PR.(a_;), m =; m' whenever P;(m,a_;) < P(m/,a_;), i.e. mechanisms with a higher
“rank” have a lower probability of acceptance (and a higher expected return).

Anticipating the profile a_;, player i (with type ¢;) expects
Pi(mg, a_s) Ri(mg, a_;) + (1 — Pi(mg, ) )ri(ts)

from choosing m;. Now consider any two mechanisms m?, m* € PR,(a_;); and suppose
that P;(m",a_;) < Pi(mY a_;). As both mechanisms are undominated in PR(a_;),
P, (m" o) < P(m*, a_;) implies R;(m”,a_;) > R;(m" a_;). Now suppose that m*

yields weakly higher returns than m?® if player i is of type t*, i.e.
Pi(m", a_))Ri(m™, a_;) + (1 — P(m™, a_))r(t")

11



> Pi(m", a_)Ri(m*, a_;) + (1 — Pi(m", a_y))r(t").

Then,
Pi(mH7 a—i)Ri(mH7 a)+(1— Pi(mHv O‘—i))r(tH)

> Pi(m*, a_)Ry(m*, a_;) + (1 — Py(m", a_))r(t?)

for any t¥ > t& because r(t") > r(t%). The same holds for strict inequalities. This implies
SCR-IR for any (m,,t;) and thereby satisfies SCC for any player ¢ and profile a_;. With
Athey (2001, Theorem 1) our Theorem follows as we consider finitely many actions (or
mechanisms) and independently drawn types.'® m

According to Theorem 1, there is always an equilibrium in pure strategies where every
player chooses a mechanism with (weakly) lower acceptance probability and (weakly)
higher returns in case of acceptance as the player’s type (or reservation value) increases.
Graphically, players move down the set of undominated mechanisms in the (P, R)-plot
that belongs to the equilibrium profile o*, as their type gets smaller. The higher a
players type (and reservation value) the more willing he is to sacrifice selling probability
in exchange for higher revenues in case of selling. This simple and intuitive trade-off that
shapes the set of undominated mechanisms therefore ensures single-crossing and thereby
the existence of a monotone equilibrium.

For instance, in Example 1, there is an equilibrium where sellers with higher reserva-
tion value choose higher posted prices as long as higher posted prices are less frequently
accepted. Likewise, there is an equilibrium such that sellers with higher reservation value
choose auctions with higher reserve prices in Examples 2 and 3.

While the assumption of independently drawn types is not necessary for equilibrium
existence in Athey (2001, Theorem 1) where actions are real numbers and can be ordered
by the usual relation, the type-independence of the acceptance probability and expected
returns in case of acceptance is needed for the Theorem to hold without further restric-
tions on the set of available mechanisms. If a player’s type contains information about
the acceptance probability and the expected returns of a mechanism (as it is the case,
e.g., for interdependent values), (P, R)-plots do not only depend on the profile a_; that
player i anticipates but also on ;. As a consequence, neither the set of undominated
mechanisms nor the ordering of mechanisms has to coincide between (P, R)-plots for the

same anticipated strategy but for different types of player ¢. In particular, the dominance

With independently drawn types, Athey (2001, Assumption 1) that ensures a well-defined objective

function for every player is trivially satisfied.

12



of a certain mechanism for type t* has not necessarily an implication regarding the dom-
inance for a type t¥ # t*. However, as long as mechanisms can be easily ordered with
respect to their acceptance probability (consider, for instance, different posted prices or
auctions that only differ in their reserve price), the existence of a monotone pure strategy
equilibrium can be extended to joint densities over types as discussed in Athey (2001,

Assumption 1).

4 Auctions Vs Posted Prices

4.1 The Model

As an application of our framework, consider the following set-up modelling online trade.
s > 2 risk-neutral sellers are endowed with one unit of an indivisible, homogenous good.
Seller i € S = {1, ..., s} has a reservation value r; € [0, 1] for her unit of the indivisible
good. For each i € S, r; is distributed with a continuous density h;(r;) with full support
on [0, 1].

b > s + 1 risk-neutral buyers like to purchase one unit of the indivisible, homogenous
good. Buyer j € B = {1,...,b} has valuation v; € [0, 1] for one unit of the indivisible
good. For each j € B, v; is distributed with a continuous density g;(v;) with full support
on [0, 1]. Le., sellers and buyers have independently drawn private valuations for one unit
of the indivisible good. If buyer j fails to trade, his utility is zero, if he trades at a price p,
his utility is v; —p —c. Le. buyer j faces a transaction cost (e.g. trading fee, waiting cost
etc.) of ¢ from trading. We call a buyer a posted price seeker if he enjoys transaction costs
distributed with full support on [0,¢] for a posted price and transaction costs distributed
with full support on (¢, 1] for auctions. All other buyers have constant transaction costs
of 0 < ¢ < 1. Buyers know their own valuation and transaction costs but (as the sellers)
only know the distribution of valuations and transaction costs as well as the fraction of
posted price seekers in the population. We will refer to the vector r = (rq,...,7s) as the
sellers” and to the vector v = (vy, ..., ) as the buyers’ profile. And we call the collection
(B,S) a market.

The set M; of mechanisms at seller i’s disposal consists of posted price offers f; and
English auctions with reserve price s; where f;,s; € P C [0,1] with P = {0,4,24,...,1}
being a grid with grid step § < %

First, all sellers simultaneously choose a mechanism and then buyers compete for the

offered units as follows.
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Buyer competition After the sellers’ mechanism choice, buyers observe all mechanisms
offered by sellers 1,...,s. Then, buyers decide whether to apply for any of the posted
prices offered. Let B be the set of buyers who apply for the posted price offered by seller
i. The good of seller i who offers posted price f; is randomly allocated to a buyer in B
who then pays f; to seller 7. Regarding the choice between posted prices, we assume an
incentive consistent behavior as in Peters (1997). Le., a buyer j has a threshold price f]-
such that (i) he never applies to a posted prices f with f > fj and (ii) applies to each f

with f < f; with a type-independent positive probability.!!

Then, all buyers who have
not or unsuccessfully applied to a posted price participate in the auctions.

Denote the set of buyers who participate in the auctions by B4 and denote their
profile of valuations by vA. Further denote the set of sellers who offer auctions by S
and their profile of reserve prices by s®. The identities of transacting buyers and sellers
as well as transaction prices are now determined as in a sellers’ offer double auction (see
Satterthwaite and Williams (1989)). IL.e., buyer j submits a threshold value w; and with
a profile of reserve prices s® and a profile of threshold values w?, the transaction price
p is the |[B4|th highest value in (s®,w#). All sellers with a reservation value not larger
than p trade with all buyers with a threshold strictly larger than p. As at price p the
market clears (according to the profiles of reserve prices s and thresholds w#) there is
a well-defined pairwise exchange of goods.

We model the interaction between sellers and buyers at the auctions by a simple
sellers’” offer double auction because Peters and Severinov (2006) have shown in a model
with a finite grid of valuations that cross-bidding in a competing auction setting (i.e.
overbidding the lowest current standing bid by an increment until no-one overbids or the
buyer’s valuation is reached) forms a Perfect Bayesian Equilibrium for the buyers that
yields the same allocation as a sellers’ offer double auction for given reserve prices and is
— as a result — considered as strategically equivalent to a sellers’ offer double auction by
the sellers.

With the sellers’ choices of mechanisms and the buyers’ decisions to apply for a posted
price or to participate in the auctions, we have defined a finite action game with incomplete
information of sellers and buyers. To determine equilibrium selling and purchasing strate-
gies, we proceed in four steps. First, we analyze equilibrium behavior in the auctions, i.e.

the buyers’ optimal threshold values and the sellers’ optimal reserve prices whenever they

HWe only require incentive consistency to simplify the exposition. Our central findings will only rely
on the existence of mutually beneficial posted prices and are therefore independent of the specific way in

which buyer’s choose between multiple posted prices.
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choose to offer an auction. Second, we analyze the buyers decision between posted prices
and auctions. Third, we discuss (P, R)-plots for different design choices by the sellers.
And fourth, we discuss equilibrium mechanism choices by the sellers with and without

posted price seekers using these (P, R)—plots and our Theorem 1.

4.2 Analysis

Auction The buyers’ threshold values w#

are easily analyzed, as buyers have a weakly
dominant strategy to reveal their valuation in a sellers’ offer double auction with con-
tinuous action space (see e.g. Satterthwaite and Williams, 1989). With a finite grid of
admissible prices, this weakly dominant strategy to reveal the valuation translates into
a weakly dominant strategy to pick the admissible price which is the largest among all

admissible prices that do not exceed the buyer’s valuation net of transaction costs.
Lemma 2 Buyer j has a weakly dominant strategy to set w; = maXpep.p<o;—c P-

Intuitively, buyers cannot gain from another threshold as a buyer does not trade
whenever he influences the price (recall that only buyers whose threshold strictly exceed
the |B4|th highest value in (s®, w#) actually trade). Hence, lower thresholds would only
reduce the number of instances where the good is purchased at a profitable price and higher
thresholds would only add instances where the good is purchased at a non-profitable price.

In contrast, there is a positive probability that a seller determines the price at which
she trades so that there is an incentive to overstate the reservation value. Optimal reserve
prices are determined by the trade-off between this incentive to overstate the reservation

value and the corresponding reduction of the probability to sell the item.

Lemma 3 When seller ¢ with reservation value r; offers an auction, her optimal reserve

price si(r;) (i) satisfies st (r;) > r; and (i) is a non-decreasing function of r;.

Choosing reserve prices (and expecting buyers to act according to Lemma 2) estab-
lishes a finite action (sub)game with incomplete information between the sellers. We
adopt the following notation. When choosing a reserve price, seller ¢ expects m,4 other
sellers and n4 buyers to be active at the auctions with probability a;(ma,na). Setting
reserve price s; herself and considering the case of m 4 other sellers and n 4 buyers at the

auctions, the seller expects price p to be the final price at the auctions with probability
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li(p, si;,ma,m4).12 Accordingly, her expected utility U#(r;, s;) from having reservation

value r; and setting a reserve price s; reads

U (ry, si) = Z ai(mA,nA)Z(p—ri)li(p, SiyMA,NA).
0<ma<s—1,0<ns<b P=>Si

Proof of Lemma 3. Part (i). If seller i sets reserve price s; and at least one buyer
is active at the auctions (recall that b > s+ 1) there is a strictly positive probability that
the final auction price at which seller ¢ trades is indeed s;. Hence, s; < r; is dominated
by s; = min,ep.p>r, P

Part (ii). For the proof of this part, we will utilize Athey (2001, Theorem 1). For inde-
pendently drawn reservation values and a finite action space as in our model, this theorem
indicates that there exists a pure strategy Nash equilibrium in non-decreasing strategies
st (r;) whenever the single crossing condition for games of incomplete information (SSC)
(see Athey (2001, Definition 3)) is satisfied for every seller i. SSC is satisfied for seller
i if her objective function satisfies single-crossing of incremental returns (SCP-IR) (see
Athey (2001, Definition 1)) whenever all other sellers k # ¢ use a non-decreasing strategy
sk(rk) Seller i’s objective function U(r;, s;) satisfies SCP-IR if for all s# > sl and
rf> L UA(rE ) > (5)UA(rE, st) implies UA(rf ) s7) > (>)UA(r®, s¥). To see that
seller i’s obJect1ve function U/ (ri, s;) satisfies SCP-IR, consider r# > rl and s# > st
Then,

Ut s = Z a;(ma,na) Z (p = r™)li(p, 8™, ma, na)

ma,mA p>sH
= Z a;(ma,na) Z (p =1t = (" = r")L(p, 8" ma,na)
ma,mA p>sH
> Z a;(ma,na) Z(p—TL)li(p, st ma,na)— Z a;(ma,na) Z(TH—TL)'li(P> s, ma, na)
mA,MA p>sl ma,mA p>sH
> Z a;(ma,na) Z(p—TL)li(p, s¥ ma,na)— Z a;(ma,na) Z(TH—TL)'li(Pa s¥ ma,na)
ma,mA p>sl ma,mA p>sk
= Z a;(ma,na) Z(P—TH)li(P, stoma,na) = Uf(rf, 7).
ma,mA p>sk

The first inequality follows from UA(rl, sf) > UA(rE, s¥). The second inequality is
implied by >~ u li(p, s, ma,na) <37 00 li(p, 8%, ma,na) for all my and ny. Similarly,
UA(rE, sf) > UA(rE, s) implies a strict inequality. Hence, U (ry, s;) satisfies SCP-IR. for

12Both probability distributions a(.,.) and I(., s;,ma,n4) certainly depend on the strategy profile of

sellers and buyers that seller ¢ anticipates. We do not mention this dependence for expositional ease.
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every seller ¢ and a given profile of the other sellers’ strategies such that the (sub)game

of reserve price choice satisfies SCC and Athey (2001, Theorem 1) implies Part (ii). m

Posted prices The following Lemma characterizes sellers’ optimal choices of posted

prices given that they choose a posted-price mechanism at all:

Lemma 4 When seller i with reservation value r; offers a posted price, her optimal posted

price fr(r;) (i) satisfies fF(r;) > r; and (ii) is a non-decreasing function of r;.

Proof. Part (i). If seller i sets posted price f;, his profit is (f; — r;) whenever the
posted price is executed. Hence, f; < r; is dominated by f; = min,cp.p>,, p.

Part (ii). As in the proof of Lemma 3, we will utilize (Athey 2001, Theorem 1) to show
the existence of a pure strategy Nash equilibrium in non-decreasing strategies. For the
optimal choice of a posted price, seller i’s objective function is U (r;, fi) = Q(f:)(fi — 74)
where Q(f;) denotes the probability that a posted price f; is executed. Note that Q(f) <
Q(fL) for any f7 > fL. To see that seller i’s objective function Ul (r;, f;) satisfies SCP-
IR, consider f# > fF and r¥ > rf and suppose that U (rE, f7) > (>)UF(rE, f1).
Then,

Ul 7 = QU = ™) = QU =t = (T —1h))
> QU =) = QUP)-(rF =) 2 QU 1)~ QU - —r") = UF (. ).
The first inequality follows from UF (r% fH) > UF(rl, ) and the second inequality
from Q(fH) < Q(f*). Similarly, UF (r, fH) > UF(r®, f¥) implies a strict inequality.
Hence, U (r;, fi) satisfies SCP-IR for every seller i and a given profile of the other sellers’
strategies so that the (sub)game of posted price choice satisfies SCC and (Athey 2001,
Theorem 1) implies Part (ii). =

Buyers’ Choices Between Auction and Posted Prices When deciding upon the
threshold posted price f; that buyer j is willing to execute, buyer j compares his utility
from a posted price transaction at a posted price f, UjF = vj; — [ — c with the expected
utility U]-A('Uj) from being active at the auctions (anticipating behavior as described in
Lemma 2)
Ui (v;) = > aj(ma,na) Y (v;—p—0c)li(p,vj,ma, )
0<n 2 <b—1,0<ms<s p<vj—c

where a;(m4,ny4) is the probability with which buyer j expects ny other buyers and my4

sellers to be active at the auctions and [;(.,vj, ma,n4) is the probability distribution over
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market clearing prices from buyer j’s perspective. Hence, buyer j considers a posted price
f profitable if (v; —c— f) > U]A(vj).

Likewise, seller ¢ considers a posted price offer f profitable if the expected revenue from
the posted price transaction UF = Q(f)(f — r;) (weakly) exceeds her expected optimal
auction revenue U/ (r;, si(r;)). A profitable posted price f of seller i therefore satisfies
f = gqpUit(ri, si(ri)) + i

To summarize, a posted price f is profitable for buyer j and seller ¢ if v; —c—U jA(vj) >
f> ﬁUiA(ri, st(r;))+r;. Inparticular, for a posted price transaction at a price f, mutual

profitability for the pair of buyer 5 and seller i requires that

=01 2 Uw) + iU i), 1)
Dominated Mechanisms A necessary condition for a posted price offer to be better
than an auction for seller ¢ is that a positive mass of buyers considers the posted price
profitable such that Ineq. 1 is satisfied for r; and a set of buyers, i.e. a positive measure
of valuations v;.

A potential problem for a clear-cut evaluation of Ineq. 1 is that each trader may
expect a different market clearing price at the auctions because a seller’s reserve price
may actually be the market clearing price and buyers and sellers may hold differing
beliefs regarding the number of traders at the auction. For the results in the remainder
of this section, however, we only have to consider the configuration where a seller expects
all other sellers to conduct an auction and buyers face only one posted price. In this case,

the difference between the expected market clearing price as computed by seller ¢

ﬁf: Z ai(mA,nA)Zp'li(p78i7mA7nA)

ma,mA p=>0

and the expected market clearing price as computed by buyer j

by = Y aj(ma,na) > p-li(p,vj,ma,na)
ma,na p=>0
shrinks as the number of buyers and sellers grows large. For a large market, the probability
that seller ¢’s reserve price determines the market clearing price tends to zero and so does
the difference between market clearing prices for one more seller or buyer. We regard the
maximal difference between market clearing prices as expected by a seller ¢ and a buyer

J as a measure for the homogeneity of expectations regarding the final auction price.
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Definition 3 A market (B,S) has expectations of heterogeneity Ap if
Ap = max {[p} —p7|||Vi € S, j € BY}.

If heterogeneity of expectations is sufficiently small, it is straightforward to see that

no posted price is mutually profitable in the absence of posted price seekers.

Proposition 1 Suppose there are no posted price seekers. If heterogeneity of expectations

15 sufficiently small, there is no mutually profitable posted price.

Proof. Would expectations have heterogeneity Ap = 0, we could rewrite the surplus

of trade between buyer 7 and seller i as follows

vi—e—ri = (v—c)- > aj(ma,na) Y Lip,vymana)—ri > ai(ma,na) > Li(p, sima,na)

ma,mA p ma,ma p
= (’UJ'_C)' Z aj(mA7nA) Zl](p7 UjamAanA)_Z_)?—{—]_?f_ri' Z ai(mAanA) le(p7 SiamAanA)
ma,nA p ma,mA p
- Z a;(ma,na) Z(Uj_c_p)'lj (p, vy, ma, na)+ Z ai(ma,na) Z(p—ﬁ)'li(p, SiyMA,NA)
mA,nA p ma,nA p

= UM v;) + Ul (ri, 50)
+ Z aj(mA7nA) Z (Uj_c_p)'lj(pavjamAunA)_’— Z a/i(mAunA)Z(p_Ti)'li(p7 Si7mA7nA)

ma,ma p>vj—c ma,na p<S;

Q(fi)
For the first equality, we just used the fact that a;, a;, l;, and [; are probability distribu-

< UiM(vy) + UL (ri, s7(ry))

tions. The last inequality follows from the fact that

> ajmana) Y (j—c=p)lipmana)t Y ai(ma,na) Y (p—ri)li(p,ma,na) <0
ma,mA p>vj—c ma,nA p<s;
with a strict inequality if either r; > 0 (and therefore s; > 0) orv; <lasp=0andp=1
are in P and occur with positive probability. But if ; = 0, f; = 0 is not profitable as
UA(0,0) > 0 (recall that s < b+ 1). Therefore Q(f;) < 1 has to hold for any profitable
posted price because with a strictly positive probability all buyers have a valuation below
fi > 0. Hence, Ineq. 1 is violated for every pair of seller and buyer if the heterogeneity of

expectations is sufficiently small as indicated by the Proposition. m
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Figure 3: Posted prices (diamonds) and auctions (bullets) without posted price seekers.

(P, R)—plots With Proposition 1, we can now discuss the structure of (P, R)—plots for
sufficiently small heterogeneity of expectations and in the absence of posted price seekers.
Consider seller ¢ and suppose that she expects all other sellers to offer auctions following a
monotone strategy a_; as depicted in Lemma 3. The auctions (i.e. reserve prices s; € P)

that seller i can offer are represented in the (P, R)-plot as the set of points

{ (Z Li(p, si, s, b), Ri(si, Oai)> s; € 73}

P>Si
where R;(s;, a_;) denotes the expected revenue in case of selling. Note, in particular,

that this set contains the point (0, 1), as the selling probability is zero for a reserve price
of 1, and the point (1,p) as the selling probability is one for s; = 0.

When seller i offers a posted price f; the selling probability is zero for all f; > 77 as
otherwise a seller with r; = 0 (who expects p¥ from conducting an auction) could establish
mutually beneficial posted price trading with a positive mass of buyers in contradiction
to Proposition 1. For f; < P there may be a positive mass of buyers who consider trade
at f; profitable, but this mass is bounded away from 1 as long as f; > 0. Trivially, the
(P, R)—plot for posted prices contains the point (1,0) as a posted price of zero is sold
with probability 1. Hence, posted prices are represented in the (P, R)—plot by points with
P=0for f>p},0<P<1for0< f<py and P =1 for f=0.

As already indicated by Proposition 1, posted prices appear as dominated mechanisms
in the (P, R)-plot and will never be offered according to Lemma 1.

Now suppose that ¢ > § and that there is a probability € > 0 for a buyer to be a
posted price seeker. Then, any posted price f < 1 — 9 will be accepted with a positive
probability: With a positive probability a posted price seeker has transaction costs at the

auction that absorb all his valuation and almost vanishing transaction costs for a posted
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price. So if he has a valuation exceeding 1 — 9, he is willing to pay a posted price of
1 — ¢ if all other sellers offer auctions. If ¢ > §, a seller with 1 — 6 > r > 1 — 29, i.e.
a seller who has to receive at least 1 — § will never trade at an auction but sell with
a positive probability at f = 1 — §. Therefore f = 1 — ¢ is not dominated if all other
sellers offer only auctions with a positive probability as the revenue of 1 — ¢ will never
be expected in an auction but f =1 — ¢ is sold with a positive probability. Now observe
that posted prices f > Pl will only be accepted by posted price seekers. Hence, if € > 0
is sufficiently small, we get single crossing of (P, R)-plots by posted prices and auctions
in such a way that posted prices yield a higher revenue in case of trade for sufficiently
small but positive trading probabilities and auctions yield higher revenues in case of trade
for large trading probabilities. By Theorem 1 there exists a pure strategy equilibrium in
monotone strategies such that high valuation sellers offer posted prices and low valuation

sellers offer auctions. We summarize as follows:

Proposition 2 Suppose ¢ > 0 and let the heterogeneity of expectations be sufficiently
small. Then, there is € > 0 such that for all € with 0 < e < € there is a 7(e) € (0,1) with

seller i offering an auction if r; < 7(€) and offering a posted price if r; > 7(€).

4.3 Testable Hypotheses

Our theoretical findings imply the following testable hypotheses.

As buyers choose between posted prices in an incentive consistent way, the probability
that the good is sold at a posted price f, Q(f), is non-increasing in f. Likewise, as buyers
choose the maximal feasible price weakly below their valuation as a threshold value in
the auction, the probability that the good is sold at an auction with reserve price s; is

non-increasing in s;:

Hypothesis 1 The selling probability of a particular item is decreasing in reserve prices

and posted prices.

Since the envelope of a (P, R)-plot (i.e. the set of undominated mechanisms) is de-
creasing by construction, this also implies that the lower a start price of an undominated
mechanism, the more to the south-east the corresponding mechanism is in the (P, R)-plot.

But the single-crossing of (P, R)—plots as expressed in Proposition 2 also implies several
Hypotheses regarding the relative position of posted prices and auctions in the (P, R)—plot

(for an illustration see Figure 4). If auctions dominate posted prices if and only if the
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Figure 4: Single-crossing (P, R)—plot and Hypotheses 2—4.

selling probability exceeds a threshold P and sellers do not choose dominated mechanisms,

the selling probabilities of auctions and posted prices should differ significantly.

Hypothesis 2 Selling probabilities for posted prices are lower than selling probabilities

for auctions.

Furthermore, the optimality of auctions compared to posted prices beyond a threshold
selling probability P also implies that the two mechanisms should differ in the vertical
dimension, i.e. regarding the revenue in case of trade and as a consequence regarding the

start prices.
Hypothesis 3 Start prices in auctions are below posted prices.
Hypothesis 4 Successful posted prices are above final auction prices.

If it is indeed optimal that high valuation sellers offer posted prices, we should expect

posted prices to be sold more frequently as compared to equally high reservation prices.

Hypothesis 5 Posted prices are more frequently sold than auctions with equally high

reserve prices.

Finally, equilibrium mechanism choice as described in Proposition 2 implies an inter-
action effect between the auction dummy and the selling probability when describing the
revenue difference between auctions and posted prices. Due to the single-crossing prop-
erty of (P, R)-plots, all auctions with selling probabilities below (above) that intersection
of (P, R)-plots are dominated by (dominate) posted prices with the same selling proba-

bility. Hence, Proposition 2 concludes that high valuation sellers (i.e. sellers that prefer
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low selling probabilities and high revenues in case of selling) offer posted prices and low
valuation sellers (i.e. sellers that prefer high selling probabilities and low revenues in case

of selling) offer auctions:

Hypothesis 6 For low selling probabilities, posted prices are superior while for high sell-

ing probabilities, auctions are superior.

5 Empirical Analysis

The main hypothesis derived from our theoretical model is that, when selling probabilities
are the same for both selling modes, auctions lead to higher expected revenues for low
probabilities, while posted prices are superior for high probabilities (see Hypothesis 6).
In the model, this means that the (P, R)-plot for auctions cuts the one for posted prices
from below, so that there exists a cutoff probability p such that auctions are superior if
and only if p > p.

In the empirical part of the paper, we proceed as follows: After describing the data
and explaining why we have chosen ticket sales, we first confirm hypotheses 1-5 by simple
t-tests, and we show that all results also hold when we extend to multivariate analyses.
We then turn to our main issue by calculating, for each reserve price observed in an
auction, the posted price that would have matched the auction’s selling probability had
the item been offered under that selling mode. Since auctions and posted prices differ
with respect to start prices and the impact of those start prices on selling probabilities,
this is the appropriate way of making the two selling modes comparable. We can then
regress the difference between the actual auction price and the estimated posted price on
selling probabilities which are identical for both sales modes. This comparison will confirm
Hypothesis 6 that auctions are superior if and only if the selling probability, implemented

via start prices, are low.

5.1 Data

We use data from secondary ticket sales for EURO 2008, the European Football (Soccer)
Championship for national teams. 16 teams participated in this major European sport
event, which took place in Austria and Switzerland from June 7th to June 29th. Tickets
were valid for a particular game of the championship. Altogether, 31 games were played,

including 24 games in the preliminary round of four teams each in four groups playing

23



round robin. The best two teams of each group qualified for one of the four quarter finals,
from which on teams succeeded to the semi-final and the final in a knock-out-system.

We have chosen ticket sales for two reasons: First, for many items sold on eBay such
as computer hardware, there is a competitive fringe as they can also be purchased in
retail stores, for instance. This reduces the impact of buyers’ and sellers’ heterogeneity
considerably as, independently of their own valuations, the competitive fringe establishes
an upper bound on the buyers’ willingness to pay, and a lower bound on the sellers’
reservation value. Second, tickets are perishable goods which we consider as an advantage
for investigating the effects we are interested in: A durable good which has not been sold
can immediately be posted again with a similar expected revenue for the seller. Thus, a
seller’s ex ante valuation of not selling the item at an auction has a lower bound at the
expected revenue times the discount factor for the duration of the auction (which is only
a couple of days in eBay). By contrast, in the extreme case of a good that completely
perishes soon after the end of an auction or posted price offer, the seller’s valuation of an
unsold item is equal to her utility when consuming the item herself should there be enough
time left to do so. Since we are interested in the heterogeneity of sellers’ preferences, a
perishable good is, therefore, most suitable for our analysis.

Tickets were originally sold by the United European Football Association (UEFA)
and the regarding national football associations. Because of excess demand, tickets were
distributed in a lottery among the applicants in the end of January 2008.1% In each game,
there were three categories of tickets with regard to the quality of the seats. Original
prices differed between qualities and varied form €45 for quality 3 to €110 (quality 1)
for games in the preliminary round, up to €550 for the highest quality 1 in the final.
A seller’s type t; in the model can be interpreted as the utility from watching the game
herself, which is, of course, unobservable to us.

Ebay provided the main platform for re-sales, and created an own category for the
EURO 2008 on their German website (ebay.de, Tickets > Sport > Fufiball EM 2008). By
using the software tool BayWotch which automatically archives items offered on Ebay,
we started collecting data at February 1, 2008 and distinguish postings with respect to
the game and the ticket category. Sellers could decide on the selling mode. We restrict
our analysis to the comparison of pure auctions and posted prices and do not take mixed

options into account.'* Our final data set includes more than 12,000 observations with 87%

BTickets were not auctioned due to distributional issues.
QOur original data set included about 14% of mixed offers where an auction could be terminated by

a buy-now option. These offers were excluded in our analysis.
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auctions and 13% posted prices (see table 1 for an overview of variables and descriptive
statistics). In auctions, sellers could use reserve prices, and we will refer to both the
reserve price in an auction and the posted price as the start price. For making prices for
different games and categories of seat quality comparable, we measure all start prices and
selling prices as multiples of the original price, and we refer to these multiples as (relative)
mark-ups. In the following, we therefore always use the terms start price and selling price

in this relative way.
Insert table 1 about here

The first three lines show the mean and the variance for the variables that we are
mainly interested in, that is, start prices, selling frequencies and selling prices. For the
categories in the next box, note that Category 1 is the highest category. For tickets sold
together, we aggregate sales with three and more tickets to one category due to the limited
number of observations.'® Next, as the final price is likely to be affected by the number of
competing offers, we control for the number of simultaneous homogeneous offers in terms
of tickets for a certain match and a certain quality running at the same time. On average,
there are 72 homogeneous offers at one point of time.

Furthermore, the buyers’ willingness to pay (wtp) is likely to depend on the days left
to the actual match. Straightforwardly, one might assume that, due to higher attention,
the wtp is first increasing when the match approaches. A few days before the match
starts, however, the wtp decreases as transaction costs for exchanging the tickets in due
time become very high. Therefore, we will also take the square of days left until the start
of the match into account.

For auction duration, one might presume that longer auctions will attract more con-
sumers, but there may be countervailing effects as potential buyers might be reluctant to
enter auctions ending only in some days. Sellers have the choice among one, three, five,
seven and ten days, and both in auctions and with posted prices, about 40% of sellers
choose either one or three days.!'® Finally, the literature has shown that prices may de-

pend on the duration of postings and on the weekday and time when an auction ends.!”

5The dominance of packages of two tickets can be attributed to two reasons. First, the likelihood of
receiving more than two tickets in the original allocation by the UEFA was low. Second, most soccer fans

prefer buying at least two tickets in order to share the experience.
16We aggregated periods of one and three days in one variable which we will use as reference category

in our regressions. Disaggregating between one and three days has no impact.
17See, for instance, (Lucking-Reiley et al. 2007, p. 230).

25



It has been argued that bidders may be more active in their leisure time, so that demand
and selling prices should be highest for auctions ending at the weekend and/or in the
evening. In our sample, a majority of postings ends on Sundays (27%) and during the

evening hours between 6 and 10 p.m. (69%).

5.2 A First Look at Start Prices, Selling Probabilities and Sell-
ing Prices

As shown in table 1, the mean posted price amounts to more than the quintuple of the
original price (5.73), while the mean reserve price for auctions is far below one (around
0.34). A usual two-sample t-test shows that the difference is highly significant (p < 0.001).
This confirms Hypothesis 3 from our theoretical model. The main reason for this huge
difference is that around 86% of auction sellers do not set a reserve price, and the minimum
reserve price of €1 is assigned to these auctions.

When restricting attention to reserve prices weakly above the original ticket price, then
the average mark-up in auctions is about four which means that, if applied at all, reserve
prices are high. Still, the difference to posted prices is highly significant (p < 0.001).

Next, table 1 shows that most tickets offered in auctions are sold (97.1%), while
only 54.6% of all posted prices were successful (t-test, p < 0.001). This is in line with
(Hammond 2010, Table 6, Column (4)) and confirms Hypothesis 2 from our model. If
items with posted prices are sold, however, selling prices are higher with posted prices
(mark-up of 4.89 compared to 3.96. t-test, p < 0.001), as predicted by Hypothesis 4.

In a next step, we examine whether these differences are robust to multivariate analyses
by using the control variables listed in table 1. As reference categories, we use sales
with one ticket, the highest category of ticket quality (category 1), the shortest auction
duration, and posted prices. We run OLS regressions with regard to start prices (model
1) and selling prices (model 3), and a binary probit for estimating the selling probability

(model 2). All regressions include match dummies.
Insert table 2 about here

Model 1 shows that the impression from the descriptive statistics extends to the mul-
tivariate analysis, thereby confirming Hypothesis 3 that reserve prices in auctions are, on
average, below posted prices. As for the control variables, we find that start prices are

higher for tickets of inferior categories and for bundles of tickets, which can be attributed
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to the fact that the willingness to pay for watching matches by-oneself is lower. Further-
more, the start price is slightly lower when the number of simultaneous auctions for the
same match is high.

The probit on the selling probability in column 2 displays marginal effects, calculated
at the mean of all variables. In line with Hypothesis 2, the selling probability is about 40
percentage points higher for auctions. Given that the selling probability for posted prices
is about 57%, this amounts to a large increase by about 70%. The selling probability is
decreasing in the time left to the match and in the number of simultaneously running
offers, and increasing in auction duration.

Confirming Hypothesis 4, regression model 3 in table 2 shows that the selling price
is considerably lower for auctions.'® Selling Prices are decreasing in the remaining time
to the match at a decreasing rate, and also decreasing in the number of simultaneously
running offers for the same match and the same category of tickets. As expected, tickets
of lower quality and bundles of tickets yield higher relative mark ups.

Summing up, table 2 is consistent with the standard trade-off stressed in the liter-
ature that posted-price items are sold at higher prices, but with a lower probability.*”
It is obvious, however, that start prices, selling probabilities and selling prices are not
independent from each other. We will empirically explore these interdependencies in the

following section.

5.3 A Closer Look at the Probability-Price Trade-Off

The regression analyses in table 2 confirms the impression from the descriptive statistics
that there are large differences between auctions and posted prices with respect to start
prices, the fraction of successfully sold items, and selling prices. To provide more detailed
information, table 3 shows the number of offered items, the percentage of sold items and
the mean start prices and selling prices for auctions and posted prices within certain
intervals of start prices. This is useful as start prices are considerably higher for posted
prices, so that the disaggregation sheds light on the impact of the selling mode when start

prices are similar.

8Following the literature (see, for instance Lucking-Reiley et al. (2007) or, more recently, ?), we use
censored normal regressions with variable censoring point when estimating unconditional revenue, i.e.
here and in table 4. OLS estimations would not take unsold items into account for which we would
observe low prices if it was not for the high start price, so that OLS parameter estimates would be

upwards biased.
9Hammond (2010), Hammond (2013), Halcoussis and Mathews (2007).
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Insert table 3 about here

For both selling modes, table 3 shows the expected clear inverse relation between the
start price and the selling probability. With one exception for posted prices, the selling
probability is consistently decreasing from category to category. For auctions, the selling
probability is almost 100% for mark-ups below two, which can be attributed to the fact
that most auctions in this category entail the minimum start price of one Euro only.
Selling probabilities then decrease to less than 19% for mark-ups above 6. For posted
prices, the impact of the start price is less pronounced as the selling probability is still
40% even for start prices above six.

Recall that model 3 in table 2 shows that, when considering the whole data set and
without controlling for start prices, the mark ups for successful auctions are considerably
lower compared to posted prices. We now disaggregate the analysis by separating the
regressions for the different categories of start prices considered in table 3. We use the

same reference categories as in table 2.
Insert table 4 about here

For easier reference, the last column repeats the aggregated regression from table 2,
which shows that auctions sell at lower prices than posted-price offers do. Notably, how-
ever, the coefficients for the auction dummy are largely heterogenous across the intervals
of start prices: For the two intervals with the lowest start prices, the auction dummy
is significantly positive, for the three intermediate intervals it is insignificant, and it is
significantly negative only for the interval with mark-ups above six. Hence, when we
disaggregate by intervals, we no longer find that the mark-ups for sold items are always
higher for posted prices.

Summarizing, table 4 shows that auctions sell at lower prices than posted-price items
do, but that this effect is driven by lower start prices. Consequently, in order to gain a
better understanding on the actual impact of the selling mode on selling probabilities and

revenues, we need to control for the start price.
Insert table 5 about here

For easier reference, the Probit regression in model (1) of Table 5 repeats model (2) of
table 2 and does not control for the start price. It shows a highly significant positive effect

of the auction dummy on the selling probability. However, controlling for the logarithm

28



of the start price in model (2) reverses the result and yields a significantly negative
coefficient.?® Hence, the positive coefficient of the auction dummy in Model (1) is driven
by the fact that, in our data set, the vast majority of auctions had a very low start price
and, consequently, were successful.?’ Over all, model (2) of table 5 confirms Hypothesis
5, the second most important result from our theoretical model after Hypothesis 6: Our
theory shows that, for posted prices ever to be profitable for sellers, there must be some
buyers who strictly prefer a posted-price transaction over an auction with the same reserve
price. In this respect, model (2) of table 5 provides evidence that this is indeed the case.

The Probit model (2) in which we control for the selling mode is based on the rather
strong assumption that the regressors have similar effects on the selling probability across

selling modes: The probit model for this regression is given by

@ Bo + Bs InS; + BA + Bxxi> , if i is auctioned; )
2

b= d Bo + BS In S; + Bxxi> , if 7 is offered at a posted price,
where ®(.) denotes the standard normal distribution, S; is the start price and x; the
observable characteristics of item 2, and ,5’0, BS, BA and Bx are the parameter estima-
tions for the constant, the start price, the auction dummy and the items’ characteristics,
respectively.

In order to avoid the assumption that the impact of the control variables is the same
for both sales modes, models (3) and (4) consider auctions and posted prices in separate
regressions. We will later refer to the notation used in the following formalization of the

estimated selling probabilities for the respective subsamples:
pt = @ (B4 BEmsi+ Bixi) = 93 (3)
i = @ (B + BEmsi+ Bixi) = o(3F) (4)

where ¥ denotes the predicted argument of the probability function for the regression
based on the data for selling mode k. The most important result is that the start price

matters more for auctions: increasing the logarithm of the mark-up for the start price

20We use the logarithm to account for the nonlinear relationship between the impacts of the start price
and other characteristics of the item: While the start price is irrelevant even for a winning bidder’s utility
as long as there are at least two bidders whose valuations exceed it, the item’s characteristics are always

relevant for the winning bidder, and the selling mode may even be relevant upon mere participation.
21The cheapest item that ever went unsold in our dataset had a mark-up of 0.8333, and 9, 397 out of

our 12,315 observations had mark-ups below. Note that our regression model reports that 9,313 out of

our 12,315 observations are completely determined successes which indicates that the model fits well.
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by one reduces the selling probability for auctions by 63 percentage points in auctions

compared to 24 percentage points with posted prices.

5.4 Selling Probabilities and the Ranking of Selling Modes

In our theoretical model, the relationship between expected revenue in the case where
an item is sold and the selling probability was represented by a (P, R)-plot for each
selling mode. The main result of the model is that there is a single cutting point for
the (P, R)-plots for auctions and posted prices, so that posted prices dominate auctions
if an only if the selling probability is below some probability p and vice versa. The
aforementioned empirical finding that the impact of start prices on selling probabilities
is far more pronounced for auctions compared to posted prices already indicates that
auctions may only be superior if one wants to keep the selling probability, implemented
via the start price, at a high level.

In order to analyze the ranking of the two selling modes for given selling probabilities,
our first step is to calculate, for each item offered in an auction, the posted price that
would have matched the auction’s selling probability had the item been offered under
that selling mode. As auctions and posted prices differ both with respect to the selling
probabilities and the selling prices, this is the appropriate way of making the two selling
modes comparable. Whenever an auction yields a higher revenue for a given selling
probability than a posted price does, then a seller would have been better off by choosing
an auction rather than a posted price, and vice versa. In a second step, we then regress
the difference between the actual auction price and the estimated posted price on the
auction’s reserve price, which serves as a proxy for the selling probability. In a way, this
difference is the vertical distance between the (P, R)-plots for auctions and posted prices.
We will see that, in line with the single crossing property of the (P, R)-plots derived in the
theoretical model, this difference is strictly increasing in the selling probability. Hence,
the optimal selling mode indeed depends on the selling probability the seller (implicitly)
wants to implement by choosing the start price in the way predicted by Hypothesis 6.

For the first step, recall the Probit regression in model (2) of table 5. Suppose that
observation i is an auction, so that the upper case of (2) applies. We calculate the posted
price F; at which the item would have had to be offered so as to keep the selling probability
constant by substituting F; for S; in the lower case of (2), and equate both cases. Solving
for F; yields

F, = GBA/BSSi. (5)
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Hence, if R; denotes the selling price of the auction observed, the excess selling price of
auction ¢ over a hypothetical posted-price offer with the same selling probability, denoted
by ESP;, is

ESP, =R, — F,= R, — e’/sg,. (6)

Model (1) of table 6 estimates this excess selling price ESP; for all auctions in our
dataset by using the logarithmic start price as an independent variable along with the
usual control variables.?? The coefficient of the logarithmic start price is highly signif-
icantly negative, that is, the excess return of auctions compared to posted prices with
the same selling probability decreases in the start prices. Thus, the lower the selling
probability a seller is willing to accept by choosing a higher start price, the better is the
performance of posted prices compared to auctions. This confirms our Hypothesis 6 as

derived in the theoretical model.
Insert table 6 about here

As we have just discussed, model (1) of table 6 estimates the impact of the start price
on the difference between the selling price in the auction and the hypothetical posted
price at which an auctioned item would have had to be offered to yield the same selling
probability. For doing so, we use the parameter estimates from a single probit regression
for both types of selling modes. However, this is appropriate only if the independent
variables have the same influence under both selling modes. Comparing the separate
probit regressions for auctions and posted prices (models (3) and (4) of table 5) reveals
that the convex shape of the selling probability in the time remaining until kickoff in model
(2) is entirely driven by the posted prices. For auctions, on the other hand, the weakly
significant coefficient of the quadratic remaining time suggest, if anything, a concave
pattern.

Hence, we redo the whole exercise with estimates from the two separate Probit re-
gressions given in models (3) and (4) of table 5 as a robustness check. As a preliminary
step, we use the estimates from model (3) to predict the argument ' of the probability
function in (3) for both auctions and posted prices. Similarly, we use the estimates from

model (4) to predict the corresponding ¢!, again both for auctions and for posted prices.

22Note that, since (P, R)-plots are a concept related to revenue conditional on sale, the regressions
in table 6 include only sold items and, thus, do not require a censored normal regression. For further

discussions on estimations of conditional and unconditional revenue see also 7.
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Again, we can calculate the hypothetical posted price F! by equating the right-hand sides
of (3) and (4):

F = o0 —BE —BEx)/BE _ (9 —gF +BE n5:)/BE (7)

The excess selling price of auction ¢ over a hypothetical posted-price offer with the same

selling probability is then
ESP = R; — F! = R, — (0 ~0{ +85 nS)/55 (8)

Model (2) of table 6 shows that our main result that the excess return of auctions is
decreasing in the start price (and, thus, increasing in the desired selling probability) is
robust.?® The impact of our control variables is also basically the same in both estimations,
with the exception of the remaining time to the match. The difference of this variable
is intuitive as the remaining time is less important for posted prices due to the lower
transaction costs.

We had argued earlier that the difference between actual revenue of an auction and
the hypothetical posted price that would have been sold with the same probability, which
serves as the endogenous variable in the regressions presented in table 6, represents indeed
the vertical distance between the (P, R)-plots of auctions and posted prices. The negative
sign of the coefficient for the reserve price in table 6 confirmed our single crossing result
from the theoretical model. Another way of illustrating how our theoretical model is
confirmed by our data is to directly look at (P, R)-plots generated by our data. For the
specifications of our respective empirical models, our parameter estimates can be used to
derive the shapes of these plots for any combination of item characteristics.

For instance, suppose that selling probabilities for auctions and posted prices are
given by equations (3) and (4), respectively. Then, the (P, R)-plot for posted prices is
immediately given by the inverse of (4), as revenue conditional on sale is equal to the
start price in this case. However, this will typically not be the case for auctions, so that
we need to estimate the relationship between reserve prices and revenue conditional on

sale first. The empirical model for this estimation is:**

Ri = 660 + OAéssl + @xXi. (9)

23 Another objection could be that, due to the high number of auctions without any reserve price set,
these auctions may drive the results in a trivial way. However, applying the whole procedure set out
in this Subsection to a subsample that excludes auctions without a reserve price yields qualitatively the
same results, which are given in the appendix in tables 7 (which corresponds to the main table 5) and 8

(corresponding to table 6).
24The result of this estimation is given in table 9 in the Appendix.
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Solving (9) for S; and substituting for S; in (3) yields the inverse of the (P, R)-plot for
auctions.

Figure 5 displays the (P, R)-plots obtained in this way for the case where all continuous
variables are at their means and all categoric variables are at the reference category. Again,
the single crossing result with the (P, R)-plot for auctions cutting that for posted prices

from below is confirmed.

6 Concluding Remarks

The model of competing mechanisms in Section 3 offers a general discussion of the trade-
off between prices conditional on sale and the selling probability, and its implications for
the existence of monotone equilibria in a framework of private values. As the existence
theorem for monotone equilibria in Athey (2001) is formulated for types drawn from an
atomless joint probability distribution (thereby allowing for interdependent values), it is
worthwhile to discuss how essential the assumption of private values actually is. In the
proof of Theorem 1, we only need the assumption of private values to guarantee that
the set of undominated mechanisms (and its ordering) for a given strategy of other sellers
does not depend on a seller’s type. Consider, for instance, the comparison of posted prices
and auctions in a set-up with correlated valuations of sellers and buyers. A low valuation
seller (who expects buyers to have predominately low valuations) may then consider an
auction with a high reserve price inferior to a high posted price as the auction is unlikely
to be visited by a buyer, whereas the posted price may be attractive to buyers with large
auction specific transaction costs. In contrast, a high valuation seller (who expects buyers
to have high valuations) may consider the same auction superior to the posted price as she
expects multiple high valuation buyers to participate in the auction. However, as long as
all available mechanisms can be easily ordered according to their acceptance probability
(consider, for instance, auctions with different reserve prices), Theorem 1 can be extended
to joint probability distributions as in Athey (2001), Theorem 1.

The specific model in Section 4 utilizes the existence of monotone equilibria to demon-
strate the superiority of auctions in the absence of auction specific transaction costs and
the single-crossing of optimal mechanisms in the presence of transaction costs. In the
model, these results are based on the ability of competing auctions (with cross-bidding)
to retrieve market clearing prices — and the inability of posted prices to offer mutually

beneficial deals as long as buyers and sellers have sufficiently similar expectations regard-
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ing market clearing prices. In this sense, our model gives a “better shot” at auctions than
the usual approach of the literature that assumes a commitment to a particular mecha-
nism of a particular seller either before or after the buyer learns his own valuation (see
McAfee (1993), Peters (1997), Virag (2010), Hammond (2013), or Bauner (2010)).

Admittedly, posted prices appear to have a rather limited appeal to sellers in our
model since they are no longer available after the auction started, and because buyers
cross-bid in auctions and refrain from sniping. However, the same outcome would result
in a model where posted prices remain valid and buyers execute a posted price only if the
market price reaches the posted price, or in a model where buyers and sellers do not differ
too much in their beliefs regarding final auction prices and sellers can costlessly replace
posted prices by auctions. If all buyers engaged in sniping (i.e. wait until the last minute
of an auction and submit a incremental bid above the reservation price), then an auction
with reserve price f and a posted price f + 0 would result in identical selling probabilities
and prices in the absence of institution specific transaction costs. But as soon as a fraction
of buyers cross-bid as in our model, our results can be restored. In contrast, however,
posted prices would certainly become more attractive for sellers if buyers systematically
overshot with their expectations of market clearing prices (e.g. due to a representativeness
bias). As long as only a small group of buyers is expected to exhibit this bias, we would
still recover the single-crossing result as obtained in our model and tested with our data.

Empirically, we have used ticket sales for the European Soccer Championship to test
the hypotheses drawn from our model. Our most important result is that, when selling
probabilities are identical for the two sales modes, auctions lead to higher expected rev-
enues if and only if selling probabilities are low. This confirms our main Hypothesis 6
from the theoretical model that the (P, R)-plot for auctions cuts that for posted prices
from below.

To see the value added of our empirical strategy, recall that a large body of empiri-
cal literature has shown that, on average, posted prices yield larger revenues compared
to auctions when the items are actually sold, but at the expense of lower selling prob-
abilities. To the best of our knowledge, our paper is the first to compare the revenues
from posted prices and auctions with identical selling probabilities. Controlling for selling
probabilities is, in our view, an appropriate way of making the revenues from auctions
and posted prices comparable to each other (without a reference to seller experiments as
in Einav et al. (2013)). Hence, the empirical strategy follows the theoretical model which

identifies the undominated (P, R)—plot and, therefore, the selling mode that maximizes a
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seller’s revenues for his individually optimal selling probability, which is determined by
his reservation value.

Let us now add some methodological remarks concerning the link between our model
and the empirical analysis. In our model, the reservation values determine the sellers’
choice of the selling probabilities in the envelope of the (P, R)-plot, and thereby also the
choice of the sales mechanism. For the empirical analysis, this means that the self-selection
to sales modes is driven by a variable that is unobservable to us, and for which we cannot
think of a good proxy or instrument. This raises two issues: First, we cannot directly test
whether reservation values are in fact decisive for the choice of the mechanism. All we can
say is that our empirical results strongly confirm the hypotheses derived from the theory.
Furthermore, other papers using inventories as proxies for reservation values (Hammond,
2010) support that self selection is driven by reservation values. Hence, we might say that
our theory adds to our general understanding of self-selection into different sales modes.

The second potential issue concerns our empirical comparison of the (P, R)-plots for
the two sales modes. Our main result is that a seller who wants to implement a high
selling probability gets higher expected revenue with auctions, while higher revenues are
realized with posted prices for low selling probabilities. For any selling probability that
a seller may prefer, our analysis, therefore, identifies his optimal mechanism choice. Note
that, for such a conclusion, unobserved heterogeneity on reservation values is no problem:
The reservation value determines the optimal selling probability, but for a given selling
probability, the mechanism that yields higher revenue is superior for each seller type.

While unobserved heterogeneity of reservation values themselves is thus no concern for
our empirical strategy, a potential endogeneity problem arises when these reservation val-
ues are correlated with other unobservable attributes of sellers, and when these attributes
influence revenue in the two sales modes in different ways even for identical selling prob-
abilities. To see this, recall that, when we estimate revenue in auctions by controlling
for selling probabilities, we can only use data from sellers who self-selected into auctions.
When we then estimate the hypothetical revenue of a posted-price seller in an auction,
we assume that this seller faces the same (P, R)-plot as auction sellers do. However, we
cannot fully exclude that posted-price sellers would behave in a different way in auctions
with regards to side factors influencing the revenue, such as the auction duration and
the day on which an auction ends. If the sellers’ attributes which determine these side
factors are correlated with the factors determining their desired selling probabilities, then

the revenue of a posted-price seller switching to an auction can be slightly different from
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the average revenue estimated from our auction data, even after controlling for the selling
probability. Note, however, that the main attributes that buyers are interested in, such
as the category and the number of tickets, are observable to us, so that we can control for

them. Hence, the assumption that sellers face identical (P, R)—plots seems reasonable.
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Table 1: Summary Statistics.

Whole sample Auctions | Posted prices
(n=12,315) | (n=10,715) (n =1,600)
Start price 1.038 0.337 5.728
(5.858) (1.282) (11.217)
Selling frequency 0.916 0.971 0.546
Selling price (if sold) 4.035 3.963 4.892
(4.169) (3.872) (6.917)
Category 1 0.202 0.199 0.221
Category 2 0.509 0.513 0.484
Category 3 0.289 0.288 0.295
1 Ticket 0.142 0.141 0.147
2 Tickets 0.745 0.771 0.575
3+ Tickets 0.113 0.088 0.278
Simultaneous homogenous offers 72.00 72.77 66.86
(4694.97) (4676.01) (4794.57)
Remaining time (until kickoff / days) 20.78 20.48 22.75
Duration 1 or 3 days 0.421 0.423 0.404
Duration 5 days 0.188 0.195 0.144
Duration 7 days 0.241 0.252 0.171
Duration 10 days 0.150 0.130 0.281

End of auction on
Saturday 0.103 0.101 0.116
Sunday 0.271 0.288 0.154
Evening (6 to 10 p.m.) 0.686 0.713 0.504

Variance in brackets.
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Figure 5: A (P, R)-plot derived from observed bidder behavior.
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Table 2: Start Prices and selling modes.

Dep. Variable | Start Price | Status (sold = 1) | Selling Price
Auction | -5.295%** 0.409*** -0.482%**
(-62.82) (28.34) (-11.46)
Remaining time | 0.001 -0.001** -0.012%**
(0.42) (-2.61) (-6.37)
Remaining time? | -0.000 0.000 0.000*
(-1.09) (1.73) (2.38)
Simultaneous | -0.001* -0.000*** -0.006%**
(-2.36) (-4.77) (-19.28)
Category 2 | 0.187%** -0.008 0.585***
(5.55) (-1.57) (17.12)
Category 3 | 0.663%** -0.004 2.745%**
(14.66) (-0.78) (79.14)
Saturday | 0.058 -0.010 0.107**
(1.23) (-1.53) (2.71)
Sunday | -0.011 -0.010%* -0.076**
(-0.33) (-2.23) (-2.71)
Evening | -0.153*** 0.002 -0.065*
(-4.63) (0.59) (-2.50)
2 Tickets | 0.128** 0.006 0.679%**
(3.18) (1.08) (19.67)
3+ Tickets | 0.237*%* -0.009 0.520%#*
(3.63) (-1.22) (10.74)
Duration 5 | -0.024 0.017*%* 0.293***
(-0.58) (4.31) (8.66)
Duration 7 | -0.016 0.021*** 0.380***
(-0.42) (5.22) (11.05)
Duration 10 | 0.079 0.016%** 0.493%**
(1.43) (3.86) (11.75)
Constant | 5.113%** 2.936%**
(19.97) (15.49)
Observations | 12,315 12,315 12,315

Regressions are OLS (models (1) and (3)) and probit (model (2)). For model (2), marginal effects
calculated at the mean of all variables are reported. All regressions include match fixed effects. *, ** and
*** denote significance at 10-percent, 5-percent and 1-percent levels, respectively. t values (models (1)

and (3)) or z values (model (2)) in brackets.
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Table 3: Probability of Sale and Selling Prices for

Different Start Prices.

Start Price Auctions Posted Price
Number | Share in Mean | % Sold Mean | Number Share in Mean | % Sold Mean
Auctions | Reserve Pr. Selling Pr. Posted Pr. | Posted Pr. Selling Pr.
S <2 10,050 93.8 0.09 99.7 3.94 56 3.5 1.46 92.9 1.45
(0.11) (3.83) (0.22) (0.23)
2<S5<3 257 2.4 2.46 77.8 3.78 177 11.1 2.59 79.7 2.60
(0.07) (2.78) (0.07) (0.07)
3<S<4 158 1.5 3.40 60.8 4.73 275 17.2 3.45 64.4 3.44
(0.08) (3.33) (0.08) (0.08)
4<85<5 98 0.9 4.41 53.1 5.27 249 15.6 4.48 49.4 4.48
(0.08) (2.23) (0.09) (0.10)
5<S5<6 71 0.7 5.38 38.0 6.03 231 144 5.48 59.3 5.48
(0.12) (1.07) (0.10) (0.10)
6<S 81 0.8 8.35 18.5 9.35 612 38.3 8.65 39.9 7.88
(9.46) (12.48) (13.14) (8.24)
All 10,715 100.0 0.34 97.1 3.96 1,600 100.0 4.89 54.6 4.89
(1.28) (3.87) (11.22) (6.92)

Variance in brackets.




Table 4: Impact of selling mode on Price Within Intervals of Start Price.

S <2 2<5<313<85<414<85<5(5<85<6(6<S All
Auction | 1.109%** | 0.321** 0.135 0.182 -0.108 -1.043* -0.482%**
(6.80) (2.59) (1.12) (1.84) (-1.10) (-2.13) (-11.46)
Rem. time | -0.010*** | 0.002 -0.005 -0.013* -0.013* -0.082%** | _0.012%**
(-5.67) (0.20) (-0.73) (-2.38) (-2.59) (-4.23) (-6.37)
Rem. time? | 0.000%* -0.000 -0.000 0.000 0.000 0.001*** | 0.000*
(2.08) (-0.36) (-0.12) (1.73) (1.69) (3.31) (2.38)
Simultaneous | -0.005%** | -0.003* -0.003** -0.004%** | -0.003** -0.020%** | -0.006***
(-17.65) (-1.98) (-2.85) (-3.69) (-3.00) (-5.47) (-19.28)
Category 2 | 0.605%** | 0.113 0.268* 0.193 0.236 0.123 0.585*#*
(17.54) (0.81) (2.08) (1.58) (1.85) (0.23) (17.12)
Category 3 | 2.738%** 1.434%%* 1.410%%* 0.841%** 0.996%** 2.723%** | Q. T45%**
(78.25) (7.95) (7.84) (5.51) (7.03) (5.69) (79.14)
Saturday | 0.083* 0.073 0.175 0.231 0.010 0.197 0.107**
(2.04) (0.45) (1.03) (1.83) (0.10) (0.46) (2.71)
Sunday | -0.063* -0.044 -0.071 -0.009 -0.115 -0.668 -0.076**
(-2.25) (-0.30) (-0.57) (-0.09) (-1.21) (-1.70) (-2.71)
Evening | -0.061%* 0.121 -0.077 0.073 0.062 -0.578* -0.065*
(-2.29) (1.15) (-0.79) (0.91) (0.87) (-2.09) (-2.50)
2 Tickets | 0.655%** | -0.091 0.501** 0.388** 0.477+%% | 1.344%* 0.679%+*
(18.84) (-0.57) (3.08) (3.20) (4.36) (3.24) (19.67)
3+ Tickets | 0.479*** | 0.017 0.479%* 0.334* 0.411%** 0.672 0.520%**
(9.34) (0.09) (2.58) (2.41) (3.44) (1.42) (10.74)
Duration 5 | 0.282%** | 0.414** 0.399%* 0.118 0.317* -0.597 0.293*#*
(8.30) (2.73) (2.73) (1.03) (2.57) (-1.30) (8.66)
Duration 7 | 0.352*¥*%* | 0.357* 0.096 0.256* 0.271%* 0.196 0.380%**
(10.19) (2.00) (0.63) (2.14) (2.67) (0.48) (11.05)
Duration 10 | 0.442%** | 0.599** 0.533*** | 0.158 0.383** 0.448 0.493*#*
(10.22) (2.88) (3.32) (1.23) (3.31) (1.09) (11.75)
Constant | 1.514*** | 2.489%** 2.618%* 3.480%** 5.2098%** 4.072%* 2.936***
(5.94) (5.47) (2.91) (6.17) (10.54) (3.02) (15.49)
Observations | 10,106 434 433 347 302 693 12,315

The dependent variable is the selling price. All regressions include match fixed effects. *, ** and ***

denote significance at 10-percent, 5-percent and 1-percent levels, respectively. ¢ values in brackets.
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Table 5: Explaining the Selling Probability.

) ) ) )
All All Auctions only | Posted Prices only
Auction | 0.409%** | -0.117%%*
(28.34) | (-8.11)
In Start Price -0.574%*% | -0.626%** -0.245%**
(-19.24) | (-13.83) (-6.35)
Remaining time | -0.001** | -0.004*** | 0.004* -0.004***
(-2.61) | (-4.00) | (2.03) (-3.47)
Remaining time? | 0.000 0.000** -0.000%* 0.000**
(1.73) (2.63) (-2.30) (3.07)
Simultaneous | -0.000%** | -0.002*** | -0.000 -0.001***
(477) | (:9.18) | (-1.33) (-4.19)
Category 2 | -0.008 0.104***% | 0.045 0.057*+*
(-1.57) (4.71) (1.11) (3.74)
Category 3 | -0.004 0.264*** | 0.287%** 0.111%%*
(0.78) | (14.54) | (9.89) (5.96)
Saturday | -0.010 -0.021 0.015 -0.022
(-1.53) | (-0.87) | (0.41) (-1.44)
Sunday | -0.010%* -0.059** -0.019 -0.048%**
(-2.23) | (-2.82) | (-0.59) (-2.64)
Evening | 0.002 -0.038%** -0.058%* -0.007
(0.59) (-279) | (-2.50) (-0.87)
2 Tickets | 0.006 0.110*** | 0.063 0.055%#*
(1.08) (4.28) (1.50) (3.65)
3+ Tickets | -0.009 0.059** 0.042 0.032%*
(-1.22) | (3.10) (0.98) (2.95)
Duration 5 | 0.017%%% | 0.062*** | 0.084*** 0.021*
(4.31) (3.77) (3.34) (2.25)
Duration 7 | 0.021%%* | 0.097*** | 0.101*** 0.031*
(5.22) (5.67) (3.48) (2.85)
Duration 10 | 0.016™%** | 0.100*** | 0.056 0.051 %+
(3.86) (6.69) (1.34) (3.94)
Observations | 12,315 12,315 10,565 1,600

The dependent variable is the status (sold versus unsold). The table displays marginal effects calculated
at InS; = 1 and at the mean of all other variables. All regressions include match fixed effects. *, ** and

*#* denote significance at 10-percent, 5-percent and 1-percent levels, respectively. z values in brackets.
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Table 6: Selling Probability and Comparison of Auctions and Posted Prices Conditional

on Sale.

(1) (2)

In Start Price | -0.463%** | -0.430%***
(-49.85) | (-43.84)
Remaining time | -0.110%** | -0.031

(-4.80) | (-1.32)

Remaining time? | 0.003 -0.002

(1.61) (-1.15)

Simultaneous | -0.005%** | -0.004***
(-15.35) | (-11.81)
Category 2 | 0.717%** | 0.656%**
(22.54) | (20.47)

Category 3 | 3.005%** | 2.966%**
(73.46) | (72.90)

Saturday | 0.108** 0.133**
(2.61) (3.19)

Sunday | -0.076** | -0.047

(-2.58) | (-1.61)

Evening | -0.055* -0.090**
(-1.97) | (-3.23)

2 Tickets | 0.333*** | 0.305%**
(8.51) (7.92)

3+ Tickets | -0.066 -0.049

(-1.17) | (-0.87)

Duration 5 | 0.304*** | 0.299%**

(8.85) (8.91)
Duration 7 | 0.354%** | (0.371%**
(9.99) (10.67)

Duration 10 | 0.466*** | (0.424***
(10.89) (9.88)

Constant | 0.271 0.452*
(1.31) (2.40)
Dep. Variable | ESP ESP!

Observations | 10,409 10,259

Both regressions are OLS and include match fixed effects. *, ** and *** denote significance at 10-percent,

5-percent and 1-percent levels, respectively. ¢t values in brackets.
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Table 7: Explaining the Selling Probability, Excluding Auctions without Reserve Price.

o) ) ) @)
All All Auctions only | Posted Prices only
Auction | 0.265%** | -0.123%**
(14.85) | (-7.97)
In Start Price -0.447F*% | -0.755%H* -0.245%**
(-23.52) | (-15.30) (-6.35)
Remaining time | -0.067*** | -0.033*** | 0.048* -0.037%**
(-4.86) | (-3.94) | (2.00) (-3.47)
Remaining time? | 0.004*** | 0.002** -0.004* 0.002%**
(3.61) (2.62) (-2.26) (3.07)
Simultaneous | -0.001%** | -0.001*** | -0.000 -0.001%**
(-6.99) | (-8.87) | (-1.34) (-4.19)
Category 2 | -0.002 0.081*** | 0.055 0.057*+*
(-0.06) | (4.75) (1.11) (3.74)
Category 3 | -0.028 0.195%** | 0.321%** 0.111%%*
(-1.04) | (14.74) | (11.49) (5.96)
Saturday | -0.026 -0.016 0.018 -0.022
(-0.91) | (-0.86) | (0.41) (-1.44)
Sunday | -0.094*** | -0.048%* -0.023 -0.048%**
(-3.86) | (-274) | (-0.59) (-2.64)
Evening | -0.036* -0.030%** -0.072%* -0.007
(-2.04) (-2.74) (-2.49) (-0.87)
2 Tickets | 0.028 0.084*** | 0.075 0.055%**
(1.07) (4.41) (1.54) (3.65)
3+ Tickets | -0.014 0.046** 0.051 0.032%*
(-0.45) | (3.10) (0.96) (2.95)
Duration 5 | 0.070** 0.047***% | 0.103%** 0.021*
(2.93) (3.79) (3.30) (2.25)
Duration 7 | 0.110%** | 0.072%** | 0.122%** 0.031%*
(4.54) (5.67) (3.52) (2.85)
Duration 10 | 0.085%* 0.078*%** | 0.069 0.0517%**
(3.24) (6.53) (1.32) (3.94)
Observations | 3,096 3,096 1,476 1,600

The dependent variable is the status (sold versus unsold). The table displays marginal effects calculated
at In S; = 1 and at the mean of all other variables. All regressions include match fixed effects. *, ** and

*#* denote significance at 10-percent, 5-percent and 1-percent levels, respectively. z values in brackets.
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Table 8: Selling Probability and Comparison of Auctions and Posted Prices Conditional

on Sale, Excluding Auctions without Reserve Price.

(1) (2)
In Start Price | -0.800*** | -0.757***
(-17.49) | (-15.89)

Remaining time | -0.123 0.451 %+
(-1.55) | (5.30)

Remaining time? | 0.002 -0.039%**
(0.33) (-4.79)

Simultaneous | -0.004** | 0.005***
(-3.16) (3.77)
Category 2 | 0.308** -0.096
(3.04) (-0.91)
Category 3 | 1.441%** | 1.623***
(10.36) | (11.14)

Saturday | 0.141 0.415%+*
(1.21) (3.36)
Sunday | -0.133 0.163
(-1.28) (1.57)

Evening | -0.074 -0.244**

(-0.86) (-2.76)
2 Tickets | 0.338%* | -0.031

(2.70) (-0.26)

3+ Tickets | 0.203 -0.116
(1.16) (-0.68)

Duration 5 | 0.403%* 0.462%**

(3.26) (3.85)

Duration 7 | 0.221 0.342%*
(1.71) (2.75)
Duration 10 | 0.401%* 0.078
(2.51) (0.49)
Constant | 0.493 0.626
(0.69) (1.16)
Dep. Variable | ESP ESP
Observations | 1,190 1,170

Both regressions are OLS and include match fixed effects. *, ** and *** denote significance at 10-percent,

5-percent and 1-percent levels, respectively. ¢t values in brackets.
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Table 9: Reserve Price and Revenue Conditional on Sale.

Start Price | 0.077*
(2.07)
Remaining time | -0.114%**
(-5.23)
Remaining time? | 0.004*
(2.13)
Simultaneous | -0.005%**
(-17.00)
Category 2 | 0.607***
(20.16)
Category 3 | 2.724%**
(70.78)
Saturday | 0.098*
(2.51)
Sunday | -0.063*
(-2.21)
Evening | -0.046
(-1.73)
2 Tickets | 0.655%**
(17.96)
3+ Tickets | 0.492%%*
(9.37)
Duration 5 | 0.285%**
(8.80)
Duration 7 | 0.355%%*
(10.56)
Duration 10 | 0.462%**
(11.33)
Constant | 2.596%**
(15.33)
Observations | 10,409

Dependent variable: Revenue conditional on sale. *, ** and *** denote significance at 10-percent, 5-

percent and 1-percent levels, respectively. ¢ values in brackets.
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