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Landsberger et al. (2001) identified optimal bidder behavior in first-price private-value auc-
tions when the ranking of valuations is common knowledge, and derived comparative-statics
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bids, the expected revenue does not increase on a regular basis, contrary to the theory’s
predictions.
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1 Introduction

Traditional auction models assume that agents do not know how their valuations
stand relative to those of their rivals, with knowledge limited to the underlying distri-
bution from which values are drawn. In real-life situations, this is often an unrealistic
assumption since agents know more than this. Such would be the case in procure-
ment auctions, where due to accumulated experience, bidders might learn who the
strongest bidder is. There is also a general perception that, in privatizations, firms
already in the market or, in takeovers, firms with related activities have a greater
valuation than potential entrants or competing firms. For instance, in the recent
privatization of airwaves in the US, there was a general perception that the Pacific
Telephone Company had a greater valuation for the Los Angeles area than did the
other similar potential bidders. Another example would be the auctioning of the
third generation mobile phone licenses in the UK, where firms already in the market
were believed to have greater valuations for the new licenses being sold than similar
potential entrants.! The relevance of information revelation on bidding behavior is a
common factor to all of these examples, some of them using different auction formats.
Thus, there is currently a need to determine the impact of information revelation on
bidding behavior in auction markets, on seller’s revenue, and on the efficiency of the
auction outcome.?

Early theoretical contributions in auction theory considered the symmetric and

independent private-values model: a single unit auction under the assumptions of

I Further examples include art auctions, where bidders might revise their bidding strategies based
on the participation of a wealthy art collector who is known to have a high valuation. In the
selling process of Wellcome, a drug company, it was commonly known that Wellcome and Glaxo
had particular synergies that made Wellcome worth more to Glaxo than to any other competing
firms (Klemperer, 2003). Fang and Morris (2003) quote situations where bidders can obtain some
information about similar opponents’ estimates via insider rumors and industrial espionage. Looking
form the seller’s perspective, Kaplan and Zamir (2002) cite situation in which a seller knows the
object’s worth to each buyer, which provides him valuable information to obtain additional rents.

2For a description of the importance of information revelation in auction markets, see Krishna
(2002), Klemperer (2003) and Wolfstetter (1996, 1999) for recent surveys in the theoretical research,
and Kagel (1995) for a survey in the experimental research.



bidders’ risk neutrality, independence of bidders’ reservation values and symmetry of
bidders’ beliefs (Vickrey, 1961; Myerson, 1982; Riley and Samuelson, 1981). Milgrom
and Weber (1982) provided comparative-statics predictions regarding the impact of
public information on the revenue ranking among different auctions institutions with

3 In that case, bidders’ private values are no longer inde-

affiliated private-values.
pendent, but are still symmetric. Introducing asymmetry in the distributions while
preserving independence, Maskin and Riley (2000) and Plum (1992) provided some
revenue ranking propositions between the second-price and first-price auctions, based
on stochastic dominance across distributions. Relaxing simultaneously the assump-
tions of independence and symmetry, Landsberger, Rubinstein, Wolfstetter and Zamir
(2001) — hereafter referred to as LRWZ — developed a theoretical model in which
two bidders draw their values from the same distribution, but the ranking of these
valuations is common knowledge. The auction is ex-ante symmetric since bidders’
valuations are drawn independently from a single density distribution. However, the
revelation of the rankings makes it affiliated and asymmetric since the subsequent
conditional distributions differ.*

In this paper, I concentrate on evaluating experimentally the comparative-statics
predictions derived by LRWZ (2001). In particular, I report the results of an auction
experiment in which two bidders are required to bid for a single item following a first-
price sealed-bid allocation rule and under two different information conditions. While

each bidder knows the value of the item to herself, the revelation of the valuation

3In auctions with affiliated private-values, values might remain private for bidders, but the higher
(lower) the value is for one bidder, the more likely the value will be higher (lower) for other bidders
as well (Milgrom and Weber, 1982).

4Fang and Morris (2003) have followed a similar approach to LRWZ in the context of multidimen-
sional private value auctions. In particular, they consider parametric examples of two bidder private
value auctions in which valuations are drawn from the same distribution and each bidder observe a
noisy signal about her opponent’s private valuation. Among other results, they show that for the
first price auction inefficiency increase as the signal becomes more informative. Kaplan and Zamir
(2000) also study theoretically the strategic use of seller information using LRWZ as a baseline. In
their work, the seller can increase his expected revenue by committing to a signaling strategy to both
bidders. For more on information in asymmetric auctions see Kim and Che (2004) and McAdams
(2004).



ranking induces a particular asymmetric affiliation between bidders’ valuations.’
The experiment reported here evaluates the key predictions of LRWZ’s model
regarding the auctioneer’s expected revenue and the efficiency of the first-price auction
in cases when the ranking of valuations is common knowledge to two bidders: (i) The
bidder with the lower reservation value will bid more aggressively than the high-value
bidder. Thus, the proportion of efficient allocations should be lower than when the
bidders lack information about the ranking of valuations. (i7) Bidders are expected
to bid more aggressively than in the standard first-price auction model, in which
information regarding the ranking of valuations is not available. (ii7) For a number
of distributions, including the uniform distribution studied here, the seller’s expected
revenue should be higher when rankings are known than when they are unknown.
These comparative-statics predictions are founded on two behavioral components:
For the low-value bidder, the more aggressive bidding behavior is an immediate con-
sequence of knowing her position. Meanwhile, for the high-value bidder, the more
aggressive bidding behavior is a consequence of incorporating her expectations about
the low-value bidder response to her strategy. Note that this behavior presumes a
higher level of strategic thinking for the high-value bidder. If the high-value bidder
does not take the low-value bidder’s more aggressive bidding into consideration, she
might be tempted to bid less in an attempt to take advantage of her higher valuation.
The current paper is closely related to previous auction experiments where indi-
viduals can use information strategically. In the context of affiliated private-values,
Kagel, Harstad and Levin (1987) tested the effects of public information about ri-
vals’ valuations on the seller’s expected revenue (Milgrom and Weber, 1982). In that
paper, bidders are required to bid for a single item following a first-price sealed-bid
allocation rule and under two different information conditions.® While each bidder

knows the value of the item to herself, the revelation of a public signal induces a

®While for Milgrom and Weber (1982) the affiliation is among symmetric distributions of signals,
LRWZ (2001) consider a model in which the affiliation is among asymmetric distribution of signals.

0Kagel et al. (1987) also tested similar predictions for the second-price sealed bid and english
auctions.



particular symmetric affiliation between bidders’ valuations. As a consequence, the
low-value bidder should raise her bid in an effort to win the item once she has realized
she has a lower valuation than she had assumed prior to the announcement of the
public signal. In turn, this should put pressure on the high-value bidder to raise her
bid, resulting in more expected revenue for the seller. In the context of independent
private-values, but with values drawn from different distributions, Pezanis-Christou
(2000) and Giith, Ivanova-Stenzel and Wolfstetter (2004) concentrated on testing pre-
dictions derived respectively by Maskin and Riley (2000) and Plum (1992). In those
papers, one strong-bidder and one weak-bidder are required to bid for a single item
following a first-price sealed-bid allocation rule, where the weak-bidder is more likely
to draw values lower than the strong-bidder.” While in Pezanis-Christou (2000) the
weak-bidder has a positive probability of not bidding at all, in Giith et al. (2004) the
upper bound of the distribution for the weak-bidder is smaller than for the strong-
bidder. In both cases, the strong bidder has an incentive to low-ball; that is, to submit
low bids for a range of low values.®

As mentioned earlier, the main goal of these experimental papers is to evaluate
qualitative predictions when individuals can use information strategically. Kagel et al.
(1987) showed that the revelation of information about others’ valuations increases
average bidding and market prices. However, the increase in prices is closer to the
predictions of the risk-averse Nash equilibrium (RANE) model, which permits some
increase in revenue lower than the predicted by the risk-neutral Nash equilibrium
(RNNE) model. Meanwhile, Pezanis-Christou (2000) and Giith et al. (2004) showed
that although the strong-bidder is willing to low-ball, the reduction in the average
bidding and market prices is not as significant as expected when compared to the
second-price auction.

The experimental results of this paper support the prediction that low-value bid-

"These papers also compared bidding behavior and seller’s expected revenue between second-price
and first-price sealed bid allocation rules.

81n a follow up paper, Pezanis-Christou and Sadrieh (2003) explore a similar issue eliciting bidders’
bid functions.



ders are inclined to bid more aggressively once information about the ranking of
valuations has been revealed. Contrary to the predictions of the theory, high-value
bidders are inclined to bid less aggressively. Thus, consistent with the theory, the
overall proportion of efficient allocations is lower than in the first-price auction before
information is revealed. But as a result of high-value bidders decreasing their bids,
the expected revenue does not increase consistently. Although both kinds of bidders
improve their average payoff per auction by moving toward the asymmetric RNNE
after information is revealed, high-value bidders continue to bid above it. The RANE
model seems an alternative way to explain why high-value bidders may bid above
the RNNE (Cox, Smith and Walker, 1988). However, risk aversion should induce
the same changes in behavior as predicted by the risk-neutral model. In order to
reconcile these experimental results, a high-value bidders’ best response is derived
assuming that they are risk-averse and that they do maximize with respect to the
empirical low-value bidders’ bid function. The resulting high-value bidders’ bid func-
tion reflects their incentives to reduce their bids after information is revealed and the
tendency to bid above the RNNE.

The experimental results of this paper are also related to the research on beliefs
that people have about others’ beliefs and their behavior in response to those beliefs.
This line of research has focused on testing the degree of subjects’ strategic sophisti-
cation (Camerer, 2003). For the LRWZ’s model, the main theoretical predictions are
based on the fact that the low-value bidder should not violate dominance by bidding
the same or lower after knowing her position. It is also expected that the high-value
bidder’s response should incorporate her expectations about the low-value bidder re-
sponse into her strategy and should not violate dominance by bidding lower after
knowing her position. Previous experimental studies have evaluated simple games
where iteration of dominance eliminate one, two or three strategies (see, for example,
Beard and Beil, 1994 and Schotter, Weigelt and Wilson, 1994). These studies have
found little support for more than one step of deletion of dominant strategies. Al-

though few subjects violate dominance, most of them seem unwilling to bet heavily



that others will obey dominance. Trying to measure the number of steps of iterated
elimination of weakly dominated strategies, Nagel (1999) studied strategic reasoning
in the beauty contest game. She found that a typical participant uses one or two steps
of reasoning. One feature of the way this game is played is that subjects who think
just one step ahead of the median population should do better than those who iterate
further. Other studies have looked at games in which iterated reasoning decreases
payoffs (see, for example, McKelvey and Palfrey, 1992), and games in which iterated
reasoning increases payoffs (see, for example, Capra, Goeree, Gomez and Holt, 2002).
The results of this experimental study indicate that low-value bidders seem to obey
dominance in general by bidding higher, though a large proportion of the deviations
from this prediction involve no change in bids. Meanwhile, high-value bidders increase
their average payoff conditional on winning by becoming less aggressive. This can still
be explained either as a failure to take into account low-value bidders’ response to
the revelation of the ranking and/or as a consequence of increasing her eagerness to
take advantage of her comfortable position to increase her monetary profits.

This paper is organized as follows. Section 2 describes the experimental design.
Section 3 specifies the RNNE bidding strategies for the auction models and states
the comparative-statics predictions for the first-price auction when the information
about the ranking of valuations is revealed. Section 4 evaluates the experimental

results regarding these auctions settings. Section 5 summarizes the research results.

2 Experimental Design

The experimental design used directly measures the information impact of the ranking
of valuations on bidding behavior in first-price private-values auctions. The particu-

lars of the experimental design follow.



2.1 Structure of the Auction

Subjects in this experiment are required to bid for a single item following a first-
price sealed-bid allocation rule under two different information conditions. In the
first-price sealed-bid auction, the high bidder earns a payoff equal to her value of the
item less the high bid, while the other subject earns nothing. In one information
condition (hereafter referred to as symmetric condition), two private values, one for
each bidder, are independently drawn from a commonly known uniform distribution.
In the symmetric condition bidders have no information about the rank order of
valuations. In the second information condition (hereafter referred to as asymmetric
condition), both bidders are informed about the rank order of their valuations before
bidding, whether they have the highest or lowest valuation (but not informed about

the size of the differences in valuations.)

2.2 Dual-Market Bidding Procedure

A dual-market bidding was employed. In the dual-market, bidders just submit a bid
under the symmetric condition. Then, once these bids are collected, but before they
are posted, information about the ranking of valuations is released and subjects are
asked to then submit a second bid. The winner in each market is determined after the
second bid is submitted. Payoffs are determined based on just one of the two markets
(chosen with equal probability). Participants’ positions as high-value or low-value
bidder are determined randomly in each period.

The dual-market bidding procedure, involving the same two bidders bidding for
the same item under two different information conditions, has the advantage of di-
rectly controlling for between-subject variability in bidding.” The rule of flipping
a fair coin to determine which market to pay in ensures that, under the expected
utility hypothesis, the optimal strategy in the private information market should be

unaffected by bids made after the ranking is revealed, and vice-versa.

9A similar procedure has been used in previous auction experiments by Kagel and Levin (1986)
and Kagel, Harstad and Levin (1987).



Table 1: Experimental Design

Experimental Sessions | Auction Markets Information

Treatment Periods Condition

Asym. Condition and | 1 & 2 1 to 10 | Single-Auction | Asymmetric

Dual-Market Bidding 11 to 30 | Dual-Auction | Sym./Asym.
Sym. Condition and | 3& 4 | 1to 10 | Single-Auction | Symmetric
Dual-Market Bidding 11 to 30 | Dual-Auction | Sym./Asym.

Note: In session 1, during the dual-auction markets, only 18 trading periods (out

of 20) were actually run since the network system broke down at that stage.

In order to determine whether the dual-market bidding procedure actually affects
the way bidders bid, and to familiarize subjects with the auction conditions so as to
make it easier for them to bid in dual-auction markets, each session began with bid-
ding in single-auction markets. For the single-auction markets, each bidder submitted
one bid in each period. Table 1 briefly summarizes the experimental treatments. Ses-
sions 1 and 2 began with ten periods of single-auction markets with the asymmetric
condition followed by twenty periods of dual-auction markets. During these ten ini-
tial periods, each bidder maintained her role as a high-value or low-value bidder.!°
Sessions 3 and 4 began with ten periods of single-auction markets with the symmetric

condition followed by twenty periods of dual-auction markets.

2.3 Design Parameters

This section characterizes the basic parameters and the general procedure of the
experiment.

Valuation Distribution. All bidders were informed that their valuations were
drawn randomly from the interval $0.00 to $6.00 and that any value in this inter-

val has an equally likely chance of being draw. Valuations were any penny amount

0There is certainly the possibility of randomizing the roles of being low-value and high-value
bidders in the asymmetric auctions, favoring learning in the bidding procedure once roles change.
However, we keep subjects in fixed positions in order to maximize the prospect that rivalrous elements
will come into play, allowing us to make a stronger comparison against the situation when players
did not know the ranking.



from 0.01 up to 6.00.!

Payoff Mechanism and Participation Fee. Each group of players received an initial
cash balance of zero. Players were paid in cash the total earnings obtained from each
auction period, plus a participation fee, at the end of the experiment. Since bidders’
roles were not changed during the initial ten auction periods of sessions 1 and 2, the
low-value bidders received an additional $5 at the end of each session. Players were
informed at the beginning about this additional payment. This was a fixed amount
that was not expected to impact behavior.

Matching Procedure. Bidders were informed that participants would be randomly
matched in every period, but that no pair of bidders would be matched twice in two
consecutive periods. Bidders were also informed that, in the dual-auction markets
section, each of them would face the same opponent (with the same valuation) in
both markets.

Information Feedback. At the end of every period each player got the following
information. For the single-auction markets with the asymmetric condition, each
subject received feedback about her earnings and the competing bidder’s valuation
and bid. For the single-auction markets with the symmetric condition, additional
information about the ex-post ranking of valuations was posted on the computer
screens. For the dual-auction markets, each subject received complete feedback about
who the high bidder was in each market, as well as her earnings in each market, what
the other bidder’s value and bids were in each market, and which market was randomly
selected to pay off in. Subjects’ identifications were not revealed.

Dry Runs. In order to familiarize subjects with the auction procedures, two prac-
tice periods occurred at the beginning of the single-auction markets, and one practice
period occurred just before the dual-auction markets began.

Subjects. For each session, subjects were drawn from a wide cross-section of stu-

dents (mostly undergrads) at the University of Pittsburgh and Carnegie Mellon Uni-

1 Actually, the valuations mean for low-value and high-value bidders were 2.00 and 4.00, respec-
tively, while the standard error was 0.05 for both cases.

10



versity. There were 18 subjects for session 1 and 20 subjects for sessions 2, 3 and 4.
Subjects participated in only one session. The experiment was run in the economics

lab at the University of Pittsburgh using computers.'?

3 Theoretical Predictions

LRWZ consider the specific situation where a single object is auctioned between two
bidders. Both bidders have risk-neutral utility functions and independently drawn
private valuations. These valuations are ex-ante identically distributed according
to a differentiable cumulative distribution function, which is common knowledge to
bidders. Each bidder knows whether she has the higher or the lower valuation but
does not know her opponent’s exact valuation.

LRWZ proved that there exists a unique equilibrium in pure strategies that is
strictly increasing with regard to the valuation. It should be noted that LRWZ’s
analysis is not trivial and works with a non-standard ordinary differential equation
system, which lacks an analytical solution. Under the assumption that the underlying
distribution of valuations is uniform with the support [0, 6], both agents maximization
problems can be reduced to the following differential equation system by the first order

necessary conditions:

/

I'(b) (h(b) — b) = 1(b)
B (5) (1(6) — b) = h(b) — 1(b)
h(0) = 1(0) =0

3b* € [0, 6] such that A(b*) = 1(b*) = 6

where [(-) and h(-) are the inverse bid functions of b, and by, respectively. By

I'Hopital’s Rule, /'(0) = 2 and I'(0) = 3. Notice that in equilibrium, v, = I(b) when

2The site http://ciep.itam.mx/~elbittar/instructions/Irwz.pdf contains the set of instructions
given to subjects.
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L bids b, and vy = h(b) when H bids b. For a numerical approximation of the above
system of equations, I follow a general method implemented by Elbittar and Unver
(2001).

The bidding response for the symmetric and independent private-values first-price
auction model, bg, can be derived analytically. For the case of n risk neutral bidders
with a uniform distribution, the unique symmetric Nash Equilibrium bid function is
bs(v) = "Ly (Vickrey, 1961).

The equilibrium bidding response for the low-value bidder and for the high-value
bidder are represented in Figure 1 by by, and by, respectively. In the same graphic,
the equilibrium bidding response for the symmetric and independent private-values

model when n = 2 is represented by bg.'?

3.1 Comparative-Statics Predictions

The comparative-statics predictions of these two auction models define the theoreti-
cal benchmark for measuring the possible impact of valuation ranking revelation on
bidding behavior. These predictions also provide us with precise statements about
the changes in the seller’s revenue and the proportion of optimal allocations. First,
the high-value bidder should bid less aggressively than the low-value bidder for any
given value (br(v) > by (v), Vo € (0,6)). Since the low-value bidder can obtain the
item with positive probability, the proportion of efficient allocations should decrease.
Second, for a number of different distributions, including the case of uniform distri-

bution studied here, revealing the ranking should induce the low-value bidder to bid

13The discreteness of the strategy space introduced in the experimental design does not have
an effect on the equilibrium bid functions and the resulting predictions. Athey (2001) has proved
that pure strategy Nash equilibria (PSNE) exists in every finite-action game under single crossing
condition. That is, “whenever each opponent uses a nondecreasing strategy, a player’s best response
strategy is also nondecreasing.” Furthermore, there exists a sequence of PSNE to finite-action games
that converges to a PSNE of the continuum-action game for games with continuous payoffs and a
continuum of actions. These conditions are satisfied in first-price auctions with general affiliated
private values with two bidders, as it is in our case. For this experiment, the average difference
between the Nash bid and the Nash bid truncated using the last two decimals is of $0.0025 with an
standard error of 0.6406 x 103, which is not significantly different from zero.

12
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Figure 1: Equilibrium Bid Functions: by (v) [—], by (v) [—] and bg(v) [— —]
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strictly higher than when this information is not known (bz(v) > bs(v), Vo € (0, 6]).
It should also induce the high-value bidder to bid the same for valuations below or
equal to 4 and the strictly higher for valuations above 4 (by(v) = bs(v), whenever
v € (0,4] and by (v) > bs(v), whenever v € (4,6]). Therefore, the seller’s expected
revenue should increase.'*

These changes are associated with two behavioral components, both producing
positive effects on the seller’s expected revenue (Maskin and Riley, 2000). One com-
ponent is the “sure thing effect”: The high-value bidder must take into consideration
that the low-value bidder is willing to increase her bid in order to increase her proba-
bility of winning the object. Note that the high-value bidder must think more deeply
to formulate the right response compared to the low-value bidder. However, if the
high-value bidder does not take the low-value bidder’s more aggressive bidding into
consideration, she could be tempted to bid less in a misguided attempt to take advan-
tage of her higher valuation. The second behavioral component would be the “weight
effect”: The low-value bidder must bid more aggressively once she is informed about
her position. Therefore, since the low-value bidder is expected to bid more aggres-
sively than the high-value bidder, the higher bid is weighted more in the expected
revenue due to the higher probability of winning.

Table 2 summarizes some important theoretical predictions for both auction mod-
els using the equilibrium bid functions. The seller’s expected revenue, the proportion
of Pareto-Optimal Allocations (POA), the proportion of the maximal payoff — or
Mean Efficiency (ME) —, and each type of bidder’s conditional expected payoff and
probability of winning the item are numerically estimated, drawing valuations from
the uniform distribution in the interval [0,6]. The values used in these results indi-
cate that the theoretical impact of the valuation ranking revelation would increase the
seller’s expected revenue from $2.00 to around $2.22, with the percentages of POA

and of ME decreasing from 100.0% to 71.0% and 95.7%, respectively.

14This will always be true for the low-value bidder. However, for the high-value bidder, LRWZ
showed that there exist probability distributions for which bg(v) > by (v) for some values of v.

14



Table 2: Numerical Results from the Equilibrium Bid Functions

Auction Sellers Regular Buyer High-Value Low-Value Proportion

Model Revenue | Payoff | Pr[Win] | Payoff | Pr[Win| | Payoff | Pr[Win] | of POA® | ME
Symmetric* 2.000 1.000 | 0.500 (-) (-) (=) (-) 1.000 1.000
Asymmetric | 2.219 (-) (-) 1.361 | 0.710 | 0.263 | 0.290 0.710 0.957

Note: Valuations are drawn from the uniform interval [0,6]. Mean is computed by Monte Carlo

using 10,000 samples of 1,000 drawings.

*: Calculations are made analytically.
@: Pareto-Optimal Allocations: POA
b. Mean Efficiency: M E = Ywin

Uh

Table 3: Observed Bid Factors

Bid Factor™ Bid Factor

Symmetric Asymmetric

Condition Condition

Statistics | 47 (v) | o5(v) | 0°(v) | 61(v) | om(v)
Median 0.303 0.342 0.326 0.180 0.393
Mean [0.333] | [0.356] | [0.344] | [0.243] | [0.400]
s.e. (0.007) | (0.006) | (0.005) | (0.008) | (0.006)

Note 1: §° is the aggregation of 5“2 and (5%.
*:. Bid Factor: §7 =

U—b(v)’

15
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4 Experimental Results

This section compares the experimental results for the dual-auction markets in order
to directly measure how revealing the ranking of valuations affects bidding behav-

iOI'.15’16

4.1 Bidding Behavior

Table 3 reports the observed bid factor, 5? (v), for each type of bidder, and each infor-
mation condition. The bid factor, or relative difference between subjects’ valuations
and bids, tells us how much a bidder shaves off her own reserve value when bidding
for an item.

LRWZ predict that both types of bidders bid more aggressively under the asym-
metric condition than under the symmetric condition (65 (v) > 62 (v), i =L,H).

Analysis of the actual bid factors in Table 3 indicates that, contrary to expec-
tations, 07 (v) < d4(v). For the pooled data, the high-value bidders shave off in
average 4.4 percentage points more after information is released, which is about 15
cents per auction. Although bids according to Figure 1 do not begin to increase
measurably until valuations exceed 4, bidding reduction happen in the whole range
of valuations. Bidders with valuations less than 4 shave off in average 6.4 percent-
age points in average more after information is released, which is about 16 cents per
auction. Meanwhile, bidders with valuations greater than 4 shave off 2.9 percentage
points in average, which is about 15 cents per auction. Thus, high-value bidders tend
to bid lower under the asymmetric condition. By contrast, low-value bidders tend to

discount less after information about the ranking of valuations is released. For the

15 As we will see in each of the following sections, the results of single-auction markets are consistent
with the results for the dual-auction markets and indicate that the dual-market bidding procedure
does not to affect the bidding behavior.

16The total number of bids from both market is 1524. However, some observations were excluded
from the statistical analysis: Either because the subject’s bidding was above her own valuation (18
observations), or the subject’s valuation was less than two cents, so the corresponding symmetric
RNNE was less than a cent (10 observations). The final number of observations over which I
concentrate the analysis is 1496.
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Table 4: Matched Pairs Wilcoxon Test Statistic for Comparison of Bid Factors

Auction Auction

Period ‘Wi, Wy Period Wy, Wy
11 2.724** | -0.560 21 3.907*** | -1.988
12 1.666* -2.183 22 3.256™** | -1.154
13 2.607** | -1.609 23 4.411*** | -2.886
14 3.391%** | -2.198 24 3.743*** | -2.986
15 2.621** | -2.812 25 3.021** | -1.512
16 4.223*** | -1.406 26 4.413*** | -3.464
17 2.326™* | -3.151 27 3.406™** | -1.669
18 3.067** | -3.431 28 4.460*** | -2.707
19 1.972* -1.476 29 2,977 | -0.446
20 3.464™** | -2.707 30 3.275%* | -3.036

@ Hy: 07 <07 against Hi: 67 > 02,

Reject Hy for *: p < 0.05, **: p < 0.01 or ***: p < 0.001

pooled data, the same bidders shave off 9.0 percentage points less after information
is released, which is about 23 cents per auction. As expected, low-value bidders tend

to bid higher under the asymmetric condition.'”

Table 4 displays, for every auction period, a one-tailed Matched Pairs Wilcoxon
(W;) test statistic for each group of players type i. The null hypothesis that the bid
factor for low-value bidders under the symmetric condition is lower than or equal to
that under the asymmetric condition is rejected in all auction periods. For high-value
bidders, however, the same null hypothesis holds for all auction periods.

Based on the second of the comparative-statics predictions, it is expected that

high-value bidders bid less aggressively than low-value bidders for any given value

17For the single-auction markets, the results are similar to those for the dual-auction markets —
i.e., low (high) value bidders under the asymmetric condition tend to bid more (less) aggressively
than bidders under the symmetric condition. For the pooled data, the low-value bidders shave off
11.1 percentage points less in the asymmetric auctions than in the symmetric auctions. The high-
value bidders shave off 4.0 percentage points more in the asymmetric auctions than in the symmetric
auctions. Using a one-tailed Rank-Order test statistic, the null hypothesis that the bid factor for
the low-value bidders under the symmetric condition is lower than or equal to this factor under the
asymmetric condition is rejected for every period. However, for the high-value bidders, the same
null hypothesis is not rejected for every period.
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Table 5: Estimated Parameters of Bid Functions

Estimates
Bid Function Q ‘ s(a) ‘ Jé] ‘ 3(P) ‘ R?
bs 0.651* | 0.023 | 1.024* | 0.015 | 0.840
by, 0.680* | 0.046 | 1.073** | 0.018 | 0.758
by 0.548* | 0.037 | 1.026* | 0.022 | 0.699

*: Reject Hp : 8 =0.0 or Hy : @ = 0.0 for p < 0.001
*: Reject Hy : 8= 1.0 for p < 0.001

Table 6: Difference of Estimated Bid Factors

Difference
Statistics | 35 (v) — 0, (v) | 8 () =0, (v) | 3 (v) — 3y (v)
Mean 0.163 0.104 -0.059
s.e. (112 X 1079) | (1.11 X 107°) | (1.36 X 107°)

Note: 5{ = (v—">(v))/v,i=L,H and j = S,A.

under the asymmetric condition (by(v) > by (v)). In order to better assess this pre-
diction, it is necessary to estimate and compare subjects’ actual bid functions for the
same valuation. In order to estimate the actual bid functions, I consider the following
non-linear specification: b;; = owft, where b;; is the player i’s bid sent in period ¢
and vy is the player i’s valuation in period t. Notice, first, that this specification
encompasses both a lineal and a non-linear model, where 3 and « characterize the
curvature degree of the actual bid function. Second, that an increment (a reduction)
in 8 would represent a more (less) responsive behavior for the same group of bidders.
Third, that a would represent the shaving proportion out of the reservation value

when [ is equal to one.

Table 5 reports the estimated parameters of each regression, a and E, using the
pooled data.'® This table also reports the standard deviation of the estimates, 5(-), as

well as the R-squared, }A%2, for the each of the bid functions. ZL and ZH correspond to

18To account for individual agent variability, I used a random effect model. For these estimations,
the fixed effect estimates do not differ significantly from the random effect estimates.
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Figure 2: Estimated Bid Functions: bg(v) [, by (v) [—] and by (v) [— —]

the estimated bid functions under the asymmetric condition for low-value and high-
value bidders, respectively. Meanwhile, Bg corresponds to the estimated bid function
under the symmetric condition. All coefficients are significantly different from zero
for a p < 0.001. Since the 3 coefficients for /b\g and by are not significantly different
from one, these two bid functions seem highly linear. Figure 2 graphs each of the
estimated bid functions. From these estimations, it is not perceived the existence of
a common ceiling in bids.

Table 6 reports the mean of the difference in bid factors evaluated for the same

set of random draws.!” The mean of the difference in bid factors between low and

9Valuations were drawn from the common support of the bid functions. Mean and standard error
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high-value bidders, 5’;(@) - gf(v), represents a significant difference in bidding be-
havior.?? Specifically, high-value bidders shave off their reserve value approximately
16.3 percentage points higher than low-value bidders. Thus, for the same set of ran-
dom draws, low-value bidders, on average, bid 55 cents more than high-value bidders.
This difference can be broken down into two components. The first component is the
mean of the difference in bid factors between low-value bidders under both conditions,
gs(v) - gzl(v) In particular, low-value bidders shave off their reserve value around
10.4 percentage points less under the asymmetric condition than under the symmetric
one, thus representing an additional bidding of approximately 37 cents. The second
component is the mean of the difference between the bid factors of high-value bidders
in both conditions, gs(v) - 32(1}) High-value bidders shave off their reserve value
around 5.9 percentage points more under the asymmetric condition than under the
symmetric one, resulting in a lower bidding of approximately 18 cents.

In conclusion, bid functions estimates based on the experimental data indicate that
revealing the ranking of valuations induces low-value bidders to bid more than high-
value bidders with the same valuation. This result is consistent with the comparative-
static prediction of LRWZ. It also supports our previous finding that low-value bidders
tend to bid more aggressively under the asymmetric condition and high-value bidders

are inclined to bid less aggressively.

Using the pooled data, Tables 7 reports how individual subjects alter their bids
following the announcement of the valuation ranking. For the upper part of this ta-
ble, each entry is the percentage of values drawn in a particular range, as in the row
heading, for which high-value bidders respond as in the column heading. The same

information is shown for low-value bidders. As said, LRWZ predict that high-value

were computed by Monte Carlo using 10,000 samples of 1,000 drawings.

20Tn order to assess the accuracy of the estimated bid functions, we compare the estimated bid
factors using the same set of valuations drawn in the experiment and the direct estimated bid factors
available from the experiment (See Table 3). The null hypothesis that the estimated bid factors for
high-value and low-value bidders in the asymmetric environment are each equal to those estimated
in the experiment cannot be rejected for p < 0.05.
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Table 7: Effects of Valuation Ranking Information on Bidders’ Bids

Bids
Valuation Range | bg(v) < bs(v) ‘ br(v) = bg(v) ‘ br(v) > bg(v)
6>v>14 52.5% 19.9% 27.6%
4>v>0 57.9% 21.2% 20.9%
6>v>0 54.9% 20.5% 24.6%
Valuation Range | br(v) < bg(v) | br(v) =bs(v) | br(v) > bs(v)
6>v>0 13.7% 22.2% 64.1%

bidders will raise their bids for valuations above 4 and keep them the same for valu-
ations below or equal to 4. As shown in Table 7, a sizable proportion of high-value
bidders decrease their bids over the whole support (54.9%), which can be counted
as violations of the comparative-statics predictions. For valuations above 4, the pro-
portion of violations is even larger: 52.5% decreasing their bids and 19.2% bidding
the same. For valuations below 4, the proportion of violations is also larger: 57%
decreasing their bids and 20.9% increasing their bids. The same model predicts that
low-value bidders will raise their bids. As shown in the same table, low-value bidders
increase their bid in 64.1% of the observations, with large majority of deviations from
this prediction (22.2%) involving no change in bids.?!

In conclusion, low-value bidders seem in general to obey dominance by bidding
higher. Meanwhile, there is an indication of a larger variation in the response of high-
value bidders than in that of low-value bidders. This result could be attributed to
the greater complexity of bidding strategies for high-value bidders once information
is released. For low-value bidders, the obvious response to such information is to
increase their bids in order to increase the probability of obtaining the object. For
high-value bidders, the response is less obvious: Once high-value bidders are aware of

their strong position, they might either be reluctant to take on the risk of submitting

2IKagel et al. (1987) found that a large percentage of bidders increase their bids after a public
signal was revealed (67%), while a large majority of deviations from this prediction involved no
change in bids (between 17% and 27%).
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Table 8: Probability of Modifying Bidding Behavior

Estimates
Probability a |s@ ] B sG] B |35y
P(bs > by) | 1.834*** | 0.422 | -0.198* 0.079 | 0.610* | 0.261
P(br, > bg) | -0.903** | 0.285 | 0.695*** | 0.087 | 0.633** | 0.244
Hy:8=000r Hy: a=0.0
Reject Hy for *: p < 0.05, **: p < 0.01 or ***: p < 0.001

lower bids because of low-value bidders’ more aggressive bidding behavior or be willing
to take such a risk in hopes of increasing their average payoff.??>* This behavior do not
change over time. However, the probability of a high-value bidder decreasing her bids
is positively correlated and significant with respect to a similar action in a previous
period. Table 8 reports the estimates of the probability that a high-value bidder
decreases her bid after information is released: P(y; = 1) = F(a + Byvit + Balit—1)s
where F(z;) = # is the cumulative logistic distribution function; y; = 1 means
that a bid was reduced, b5 > b1, v; is the player i’s valuation in period ¢; and y;_,
is a dummy equal to one when bidder ¢ decided to reduce or keep the same bid in the
previous period she was a high-value bidder. Similar results are found for low-value
bidders, when the dependent variable is equal to one if the bid has been increased,
bk > b5, The positive sign of B2 indicates that a high-value (low-value) bidder tend to
decrease (increase) her bid more frequently when she had taken the same choice in a
previous period acting in the same role. As it is shown below, high-value (low-value)

bidders’ behavior seemed to be reinforced by the fact that by decreasing (increasing)

their bids, they could improve their average payoff conditional on winning.

22This kind of mixed response for high-value bidders is observed at individual level too. The
frequency mode for high-value bidders decreasing their bids is 0.50. For low-value bidders, the
frequency mode of increasing their bid is 1.

23 At the end of the sessions, subjects were asked to write down what their bidding strategies were
once they learned their positions as either high-value bidder or low-value bidder. Most of answers
were as follow: “If I was a low I raised my bid. While, if I was a high I lowered my bid.” Just a
few participants indicated an apparently more sophisticated reasoning: “Once I knew I was a high
bidder, T usually lowered my bid. Sometimes I highered (sic) it because I knew the other person
knew they were a low bidder, so they might also increase their bid.”
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Table 9: Overbidding Factor

Overbidding Estimates
Factor a ‘ s(a) ‘ B ‘ 5(81) ‘ By ‘ 5(85)
As 0.187*** | 0.013 | -0.015*** | 0.003 | 0.063*** | 0.019
XL -0.026 0.021 | 0.026*** | 0.005 | -0.004 0.030
XH 0.362* 0.081 | -0.043** | 0.015 | 0.322* 0.096

H(]ZﬂZO.OOI'H()ZOZZO.O
Reject Hg for *: p < 0.05, **: p < 0.01 or ***: p < 0.001

4.2 Do bidders bid at equilibrium?

The baseline of the comparative-static predictions in LRWZ is what risk-neutral, fully
rational bidders bid under the symmetric condition. Well known pattern of bidding
above RNNE in first-price independent private value auctions is replicated here, as
well as for the high-value bidders in the asymmetric condition. The overbidding
factor, \; = M, ¢ =L,H,S, is the relative deviation of the actual bid with
respect to the RNNE bid. The mean of the overbidding factor under the symmetric
condition is 15.6 percentage points more than the RNNE response, which represents
44 cents. Under the asymmetric condition, the mean of the overbidding factor for
high-value bidders is around 8.0 percentage points more than the RNNE response,
which represents 27 cents. The proportions of bids above the RNNE are 82.6 and
68.9 percent, respectively.?? Although a significant proportion of low-value bidders
bid above the RNNE (67.8 percent), the overbidding factor is 1.6 percentage points,

which is not significantly different from zero.?® This percentage difference represents

9 cents.?S

24Using a one-tailed binomial test statistic on the observed bids compared with the theoretical
bids, the null hypothesis that the proportion of actual bids above the RNNE is lower than or equal
to 50 percent is rejected for all auction markets within each information condition for p < 0.01.

25This is confirmed by a one-tailed Kolmogorov-Smirnov test on observed bids against theoretical
bids at every period.

26For the single-auction markets, a pattern of overbidding behavior is found under the symmetric
condition. Under the asymmetric condition, a similar pattern is found for high-value bidders, while
not for low-value bidders.
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The comparative-statics predictions have been derived in a static framework fo-
cusing on equilibrium behavior. However, often it takes quite some time for an equi-
librium to emerge and repeated interaction gives subjects a change to experiment in
order to make better choices. Experimental results indicate that bidding behavior
for the symmetric bidders and for the high-value bidders move respectively toward
each of the RNNE over time. In contrasts, low-value bidders’ bidding behavior do
not change over time. Using the pooled data, Table 9 reports the estimates of the
following specification: Ay = a+ B,v; + Boper:, where \;; is the player i’s overbidding
factor at period t, v;; is the player i’s valuation in period ¢, and per is the inverse of
the time period, per = $.7:*® The time trend coefficient, B,, is significant for both
symmetric bidders and high-value bidders with a positive coefficient value indicating
lower bidding over time. However, they seem to converge at lower rates, keeping bid-
ders bounded away from the RNNE. By the last period, the mean of the overbidding
factor under the symmetric condition is 16.7 percentage points more than the RNNE
response, which represents 40 cents. Under the asymmetric condition, the mean of
the overbidding factor for high-value bidders is around 5.4 percentage points more
than the RNNE response, which represents 17 cents by the same period. Finally, the
time trend coefficient is not significant for low-value bidders.

The risk-averse Nash equilibrium (RANE) model has been considered as alterna-
tive way to accommodate the experimental data because there is a significant num-
ber of subjects bidding above the RNNE response (See, for example, Cox,.Smith and

Walker, 1988.)* The intuition behind this consideration is that aversion toward risky

2TCompared to a linear adjustment, this non-linear specification is superior since it allows a more
rapid adjustment and convergence to a stady state behavior. Actually, I could not reject the null
hypothesis that the convergence in time is non-linear for the symmetric bidders and for the high-value
bidders.

28To account for individual agent variability, I used a random effect model. For these estimations,
the fixed effect estimates do not differ significantly from the random effect estimates.

29 There has been a long discussion about the relevance of risk attitude in the context of the first-
price auction to explain deviations from the RNNE. Readers interested should look at Kagel (1995)
extensive review of the different positions on this particular issue and the interchange on Harrinson
(1989) that took place in the December 82 issue of the American Economic Review.
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situations (the risk of not getting the object) would induce a more aggressive behav-
ior. Following the same intuition for our benchmark model, the introduction of a
risky parameter (assuming that the individual parameters are stable across different
informational environments) would induce an even more aggressive bidding behav-
ior than the one predicted from the risk-neutral model since now high-value bidders
would like to reduce more the risk of losing the object knowing that low-value bid-
ders would like to win the object more eagerly.>® Therefore, the aversion toward risk
should induce the same changes in behavior as predicted by the risk-neutral model.
Thus, given the observed changes in behavior, the consistent pattern of overbidding
behavior would not be fully consistent in our case with the idea of risk averse bidders
since risk aversion would induce a more aggressive bidding behavior of both bidders

after information revelation for a given parameter of risk aversion.’!

30This can be checked introducing a coefficient of relative risk aversion into the system of dif-
ferential equations presented by LRWS and working out the numerical solution for a given set of
parameter. Under the assumptions that the underlying distribution of valuations is uniform and
that both agents are risk averse, both agents maximization problems can be reduced to the following
differential equation system by the first order necessary conditions:

I'(b) (h(b) = b) = ri(b)
R'(b) (I(b) = b) = r(h(b) = I(D))
h(0) = 1(0) = 0
I* € [0, 6] such that h(b*) =1(b*) =6

where (< 1) is the risk aversion coefficient, being the same for every bidder, and I(-) and h(-) are the

inverse bid functions of by, and by, respectively. By 'Hopital’s Rule, h’'(0) = 14r and I’(0) = 81;);
Notice that if r decreases, the slopes of the bid functions close to zero would increase, implying a
more aggressive behavior.

31 Actually, a risk-loving behavior (i.e., a risk parameter greater than one, r > 1) would induce
changes in behavior in the opposite direction since now h'(0) > 2. Thus, a high-value bidder would
be willing to reduce her bid.

Another relevant question is whether the revelation of information about the ranking might affect
subjects’ attitudes toward risky situations. The answer to this question goes beyond the original
goal of this research paper. There are other papers where a similar question has been addressed
using different institutions (Isaac and James, 2000.)
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Table 10: Estimated Bid Functions Comparison: Numerical Results

Bid Functions Seller High-Value Low-Value
Comparison Stat. Revenue Payoff ‘ Pr[Win] Payoff ‘ Pr[Win]
by (v) vs br(v) | Mean 2.366 1.322 0.773 0.205 0.227
se. | (278 x 107%) | (2.82 x 107%) (1.26 x 107%)
bs(v) vs b (v) | Mean 2.556 1.251 0.848 0.1439 0.152
se. | (293 x 107%) | (2.25 x 107%) (1.12 x 1074
b (v) vs bg(v) | Mean 2.290 1.564 0.908 0.130 0.092
se. | (2.60 X 107%) | (2.37 x 107%) (1.38 x 1074

Note: Valuations were drawn from the common support of the bid functions. Mean and standard

error were computed by Monte Carlo using 10,000 samples of 1,000 drawings.

4.3 Do bidders profitably deviate?

The question to be addressed next is whether there exist monetary incentives for
high-value bidders to decrease their bids rather than increase them (or at least keep
them approximately the same). In order to check whether such incentives exist, I
check whether high-value bidders increase their average payoft by bidding based on
the estimated bid function, /Z)\H(v), rather than continuing to use the estimated bid

function previous to the revelation of the ranking, /b\s(?)).
In Table 10, the first row displays the results of a Monte Carlo experiment in

which high-value bidders bid against low-value bidders, with both groups bidding
based on the estimated response functions /b\H(v) and BL(U), respectively. The second
row indicates results of a similar numerical experiment in which high-value bidders
based their bids on the estimated response before the ranking was revealed, /b\g(v).
Table 10 displays, for each comparison, the seller’s expected revenue, the bidder’s
expected monetary payoff conditional on winning and the probability of winning the
item.

The numerical results of Table 10 indicate that, if high-value bidders were using
the bid function previous to the revelation of the ranking, /l;g(v), the unconditional
average payoff would drop from $1.70 to $1.48 per auction (by around 23 cents per

auction); meanwhile, the probability of winning the item would increase from 0.77 to
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0.85. As result, their average payoff, conditional on winning, would fall by around 7
cents per auction. Therefore, it is better for high-value bidders to reduce their bids,
which in fact is what they do.

For low-value bidders, the question is whether it is better to increase their bids
based on the estimated bid function, by (v), rather than continuing to use the esti-
mated bid function prior the revelation of the ranking, bs(v). The third row of Table
10 reports results of a numerical experiment in which low-value bidders bid based
on the estimated response before the revelation of the ranking, Zg(v), but high-value
bidders based their bids on the estimated bid function after information is revealed,
by (v). Comparing the numerical results of the first and the third rows in Table 10, it
is clear that, if low-value bidders were bidding using the bid function previous to the
revelation of the ranking, gs(v), they would suffer a reduction in their average payoff
conditional on winning (of around 7 cents per auction).

As general conclusion, it can be claimed that each group of bidders improves
the average monetary payoff per auction by properly deviating after information is
released. In particular, the revelation of the ranking provides incentives for high-
value bidders to decrease their bids and to obtain additional benefits. However, this
behavior can be explained either as a failure to take into account low-value bidders’
response to the revelation of the ranking and/or as a consequence of increasing her

eagerness to take advantage of her comfortable position to increase her profits.

4.4 High-Value Bidders’ Behavior: An Ex-Post Analyses

In the previous sections, we have observed that high-value bidders tend to reduce
their bids after information is released. Although high-value bidders tend to properly
deviate improving the average monetary payoff per auction, they keep bidding above
the RNNE. The goal of this section is to try to reconcile these experimental results.
With this in mind, I have defined a bidding strategy which might involve less ratio-
nality than what theory claims. A plausible strategy should reflect high-value buyers

incentives to reduce their bids after information is being revealed and still tend to bid
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above the RNNE.
Let’s consider a risk averse bidder that maximize with respect to the other bidder

empirical bid function: b; = av®. This yields the following bidding response:*?

v
bi, (v, B;) = Tﬁjr

where 1 is the coefficient of risk aversion for player i and (3, is the coefficient of
responsiveness for the competing bidder j. Notice also that b;,_ is a decreasing function
with respect to ;. So bidder ¢ becomes less aggressive if the competing bidder j
becomes more responsive. The specification of b; is consistent with the fact that the
estimations of bg and by are highly linear with respect to valuations. Assuming that r
does not change across informational environments, I check whether the beta estimate
for the low-value bidders, B 1, is greater than the same estimate for the symmetric
bidders, BS, (B L > BS) when bs > by. Using a test for the difference between two
means of independent samples, we can reject the null that 5, < g for p < 0.0132.
Therefore, if we consider the increment of the beta coefficient as an expression of the
bidder j increasing eagerness to get the object, bidder ¢ should be decreasing her bid
and still bidding above the RNNE conditional on having the higher valuation than
bidder ;.

32Under the assumptions that the underlying distribution of valuations is uniform, that agents are
risk averse, and that agents perceive the empirical bid function from a competing bidder j, a bidder
i maximization problem (for the symmetric case and for high-value bidders) can be reduced to the
following differential equation by the first order necessary condition:

['(b) (h(b) = b) = ri(b)
h(0) = 1(0) = 0

where (< 1) is the risk aversion coefficient, being the same for every bidder, and I(-) and h(-) are
the inverse bid functions for bidder j, b; = av?, and for bidder i, b;, respectively. Since it was not
perceived a ceiling in bidding, I do not impose any restriction in the upper bound of the distribution.
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Table 11: Effect of Ranking Information on Revenue

Symmetric Asymmetric
Condition Condition
Statistics ps PA
Mean 2.610 2.572
s.e. (0.037) (0.038)
Median [2.655] [2.620]
e -2.049
bw -2.378

@; Matched Pairs t-test. Hy: pa(b) < pg(b)
against Hyi: pa(b) > ps(b).

b. Matched Pairs Wilcoxon test. Hy: pa(b)
< ps(b) against Hi: pa(b) > ps(b).

*: Reject Hy against H; at p < 0.05.

4.5 Expected Revenue and Efficiency

With the high-value bidders decreasing their bids, the enhanced revenue possibili-
ties of the FPA with the ranking of valuations revealed no longer necessarily holds;
rather it becomes an empirical question of whether high-value bidders’ decreasing

bids dominate low-value bidders’ increasing bids after information is released.

Table 11 reports the mean, standard error and median of the observed price re-
alization for each information condition. Each average price realization represents
the observed seller’s expected revenue for a particular information condition j: p;,
Jj =S,A. According to LRWZ, seller’s revenue expected to be higher under the asym-
metric condition than under the symmetric condition (p4 > ps).

As noted in the statistics in Table 11, however, the mean of the selling prices
under the symmetric condition ($2.61) is slightly higher than under the asymmetric
condition ($2.57). This observation is confirmed by a one-tailed Matched Pairs t-test
statistic (¢), the result of which is displayed at the bottom of the same table. The null
hypothesis that the price realization under the symmetric condition is larger than or

equal to the price realization under the asymmetric condition could not be rejected,
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Table 12: Effect of Ranking Information on Efficiency

Symmetric Asymmetric
Concepts | Condition Condition
‘ME 97.2 94.8
"POA [87.1] [74.8]
CZME 2.376*
17 poa 6.134*

¢: Mean Efficiency: ME = ”“”v”% x 100.

b: Percentage of Pareto-Optimal Allocations: POA.
¢. Population Proportion test. Hy: M Eg < MFE4
against Hi: M Eg(b) > ME4.

4. Population Proportion test. Hy: POAg < POA4
against Hy: POAg(b) > POAy4.

*: Reject Hy against Hy at p < 0.05.

showing that the seller’s expected revenue does not always increases after information
is released.??

In conclusion, the experimental data do not support the prediction that the seller’s
revenue increases after information about the ranking is released.?* As discussed,
this is due to a significant reduction of the high-value bidders’ response under the
asymmetric condition.®®

Table 12 reports the following two measures of optimal allocation and economic

efficiency: i) Pareto-Optimal Allocations (POA), reported as the percentage of ob-

33Testing for every auction period, the null hypothesis that the price realization under the sym-
metric condition is larger than or equal to the price realization under the asymmetric condition could
not be rejected in nineteen out of the twenty auction periods at p < 0.05.

3 For the single-auction markets, the average price realization under the asymmetric condition
is not higher than under the symmetric condition. This observation is confirmed by a one-tailed
t-test. The null hypothesis that the price realization under the symmetric condition is larger than or
equal to the price realization under the asymmetric condition could not be rejected for every auction
period for p < 0.05.

35Notice that due to the significant pattern of overbidding behavior, the average revenue for each
information condition was significantly higher than the expected revenue at the risk-neutral equilib-
rium. For the dual-auction markets, the average price realization for the asymmetric (symmetric)
condition was $2.57 ($2.61). Meanwhile, the expected revenue at equilibrium for the asymmetric
(symmetric) condition was $2.22 ($2.00).
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jects given to the high-value bidder; and ii) Mean Efficiency (ME), reported as the
percentage of the maximal payoff that was generated as a result of the auction.?¢
Since low-value bidders generally have a positive probability of obtaining the item,
the percentage of efficient allocations was expected to be lower under the asymmetric
condition than under the symmetric condition.

As seen in the calculations displayed in Table 12, the percentage of POA and ME
are consistently higher under the symmetric condition than under the asymmetric
condition. This result is due to the more aggressive bidding of the low-value bidders
and to the less aggressive bidding of the high-value bidders under the asymmetric
condition. In the same table, a one-tailed Population Proportion (Z) test statistic
for each measure of optimal allocation is reported. The null hypothesis is rejected in
favor of the alternative hypothesis that the efficiency under the symmetric condition
is higher than under the asymmetric condition.?”

In conclusion, the first-price auction is, in the aggregate, more efficient in the
absence of information.® This result confirms the prediction about the reduction of

the proportion of optimal allocations.?’

5 Conclusion

A first-price private-values auction experiment was conducted in which the same

two bidders had to bid for a single item in two markets and under two different

36 A level below 100 characterizes unrealized gains from trade.

37Testing for every auction period, the null hypothesis is rejected in favor of the alternative
hypothesis that the efficiency under the symmetric condition is higher than under the asymmetric
condition in nineteen of the twenty auction periods for p < 0.05.

38 A result similar to the one obtained with the dual-auction markets was observed for the first-price
auction efficiency under each information condition in the single-auction markets. The percentage
of POA and ME are consistently higher under the symmetric condition than under the asymmetric
condition. These results are consistent with the more aggressive behavior of low-value bidders and
the less aggressive behavior of high-value bidders under the asymmetric condition as compared to
the symmetric condition.

39Notice that for the dual-auction markets, the actual proportion of optimal allocations for the
asymmetric condition (74.80%) was higher than at the risk-neutral equilibrium (71.02%), but not
for the symmetric, when the proportion of optimal allocations (87.14%) was significantly lower than
at equilibrium (100%).

31



information conditions. The purpose of this experiment was to examine the impact of
information about the ranking of valuations on bidding behavior in first-price private-
values auctions.

Experimental results indicate that, after information about the ranking of val-
uations was released, the two groups of bidders responded differently: As theory
predicts, low-value bidders were inclined to bid more aggressively. Contrary to the
theory’s prediction, high-value bidders tended to bid less aggressively. By properly
deviating after information was revealed, each group of bidders improved their aver-
age payoff per auction. However, while the probability of low-value bidders winning
the item increased, the probability of high-value bidders winning it decreased. There-
fore, as expected, the proportion of efficient allocations decreased with respect to the
FPA under the symmetric condition. Contrary to the predictions, seller’s expected
revenue did not increase on a regular basis because high-value bidders decreased their
bids once information was released.

Based on theoretical predictions, it was expected that both groups of bidders would
increase their bids once information is released. This expectation presumes strategic
thinking from high-value bidders: i.e., once they are aware that low-value bidders need
to increase their bids in order to obtain the item, high-value bidders will be reluctant
to take on the risk of submitting lower bids. The baseline of this prediction is that risk-
neutral fully rational bidders bid under the symmetric condition. In the laboratory,
however, bidders were observed bidding well above the risk-neutral equilibrium under
the symmetric condition. Based on this, high-value bidders were willing to take on
the risk of submitting lower bids and increase their expected payoft once information
about the ranking was released. This behavior seemed to be reinforced by the fact
that, by decreasing their bids and moving in the direction of the optimal responses,
bidders could still improve their average payoff conditional on winning.

In order to reconcile these two experimental results, I consider a risk-averse bidder
that perceive the empirical bid function of the competing bidder. The resultant

strategy reflect high-value bidders’ incentives to reduce their bids after information
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is reveled and still tend to bid above the RNNE.
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