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Revenue Effects and Information Processing
in English Common Value Auctions

By DAN LEVIN, JoHN H. KAGEL, AND JEAN-FRANCOIS RICHARD *

An experiment analyzing behavior in English common value auctions is reported.
English auctions raise more revenue than first-price auctions only when bidders
do not suffer from a strong winner’s curse. Agents employ other bidders’ drop-
out prices along with their private information as Nash bidding theory predicts.
However, a simple and natural signal-averaging rule, that does not require rec-
ognizing the adverse-selection effect of winning the auction, better characterizes
the data than the Nash rule. Monte Carlo simulations using FIML estimates of
the signal-averaging rule predict a number of data characteristics not directly
employed in the estimation procedure. (JEL D44, C92.)

In a common value auction, the value of the
item is the same to all bidders, but unknown
at the time they bid. Rather, bidders have pri-
vate information correlated with the unknown
value. Mineral lease auctions are usually
modeled as pure common value auctions, but
there is a common value component to most
auctions.

Economic theory predicts that the choice of
institution for a common value auction will af-
fect expected revenue. In particular, with sym-
metric, risk-neutral Nash equilibrium (RNNE)
bidding, English auctions are predicted to raise
more revenue than first-price, sealed bid auc-
tions. This happens because both the pricing
rule (the high bidder wins the item at the sec-
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versity, Columbus, OH 43210. Kagel and Richard: De-
partment of Economics, University of Pittsburgh,
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the comments of two referees, and the many comments
received when presenting earlier versions of the paper.
Able research assistance was provided by Susan Garvin.
Special thanks to Wei Lo for his tireless efforts with dif-
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spondence regarding appendixes and data should be
addressed to the second author.
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ond highest bid price) and the ‘‘public’’ in-
formation disseminated during bidding (lower
bidders’ drop-out prices reveal their estimates
of the value of the item) increase expected rev-
enue (Paul R. Milgrom and Robert J. Weber,
1982).! Nash equilibrium bidding theory also
makes precise predictions about how bidders
combine this endogenously released and noisy
public information with their private infor-
mation in English auctions. This paper com-
pares the information processing mechanism
underlying the Nash model with an alternative,
very sensible, signal-averaging rule that sug-
gests itself.

The first part of the paper is concerned with
the revenue-raising predictions of Nash equi-
librium bidding theory. We find that, contrary
to the theory, English auctions reduce rather
than raise revenue for inexperienced bidders.
These bidders suffer severely from the win-
ner’s curse in first-price auctions, bidding
substantially above the Nash equilibrium pre-
diction. They use the ‘‘public information’’ in-
herent in other bidders’ drop-out prices to

! These theoretical considerations played an important
role in the design of recent U.S. government spectrum
auctions (John McMillan, 1994; Peter C. Cramton, 1994).
Although the underlying structure of the spectrum auc-
tions is substantially more complicated than existing auc-
tion models, results from extant auction theory and related
empirical work guided their design. The results of this
paper are intended to add to this underlying knowledge.
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(largely ) overcome the winner’s curse in Eng-
lish auctions. The net effect is a reduction in
revenue. In contrast, more experienced bidders
have learned to overcome the worst effects of
the winner’s curse in first-price auctions, so
that there is scope for the public information
inherent in bidders’ drop-out prices to increase
revenue, as the theory predicts.

The second part of the paper develops an
econometric model to explore how bidders
combine endogenously released and noisy
public information with their private infor-
mation in the English auctions. Two versions
of the model are specified: one uses ordinary
least squares (OLS) and observed drop-out
prices to analyze bidding round by round. The
other uses a full-information, censored bidding
model which corrects for potential biases in-
herent in the OLS estimates and applies all the
information at our disposal (including the
drop-out prices implicit in continuing to bid
when others have dropped out). Both specifi-
cations indicate that a rule in which bidders
act as if they are averaging their own signal
value and the signal values underlying the drop-
out prices of all earlier bidders, characterizes
behavior better than the Nash rule, irrespec-
tive of bidders’ experience. Simulations using
maximum likelihood estimates of the full-
information signal-averaging model show that
it can quantitatively account for a number of
data characteristics not directly employed in the
maximum likelihood estimates (most impor-
tantly, the frequency of ‘‘panic’’ dropouts).
These simulations also show that the relatively
low percentage (50—-60 percent) of high signal
holders winning the auctions is completely con-
sistent with a symmetric bidding model, given
the bidding errors actually observed.

With symmetry, under our design both the
signal-averaging rule and the Nash rule pro-
vide unbiased estimates of the expected value

of the item conditional on winning, and the

same average prices and profits. In principle,
the averaging model permits profitable, uni-
lateral deviations by high-valued signal hold-
ers who employ a ‘‘signal-jamming’’ strategy.
The averaging rule continues to be employed,
however, since it is substantially more natural
to apply than the Nash rule and profitable de-
viations are difficult to detect, given the com-
plexity of the environment.
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The paper is organized as follows: Section I
outlines our experimental procedures. The
theoretical underpinnings of the analysis are
developed in Section II. Forces promoting as
well as inhibiting revenue raising in English
compared to first-price auctions are discussed,
along with their observable implications.
Section III reports the experimental results.
Section IV briefly compares our results to the
limited field data examining the revenue rais-
ing effects of English auctions. Section V con-
cludes with a summary of the main results.

I. Structure of the Auctions

Each experimental session consisted of a se-
ries of auction periods in which a single unit
of a commodity was awarded to the high bid-
der. The value of the item, x,, was unknown
at the time bids were submitted. In each auc-
tion period x, was drawn randomly from a
uniform distribution on [ x, X ]. Each bidder
received his own private information signal,
x, randomly drawn from a uniform distribu-
tion on [x, — &, x, + €]. The number of
bidders (n), the value of &, and the distribu-
tions underlying both x, and x were common
knowledge.

In first-price auctions each bidder submitted
a single, sealed bid with the high bidder earn-
ing a profit equal to the value of the item less
the price bid. The English auctions used an
ascending clock to set price, with price starting
at x and increasing continuously. Bidders de-
cided when to drop out of the auction and
could not reenter once they had left (an irre-
vocable exit auction).? The last bidder earned
a profit equal to x, less the price at which the
next-to-last bidder dropped out. Posted on each
bidder’s screen was the current price of the
item and the number of bidders remaining in the

% Prices started at x as any other price rule would have
involved revealing information about x,. Initially, the price
increased every second with increments of $1.00. Once the
first bidder dropped out there was a brief pause after which
prices increased every three seconds with smaller price in-
crements as fewer bidders remained. With only 2 bidders
remaining the price increments were $0.05 with € = $6.00,
$0.10 with £ = $12.00 and $0.20 for ¢ > $12.00. There
were no additional pauses as more bidders dropped out. A
single stroke on any key was required to drop out.
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TABLE 1—TREATMENT CONDITIONS

Number of
Treatment Number experimental Auction
condition Experience of bidders sessions type
1 None 4 4 English
2 None 4 5 First-price
3 Experienced (from 1) 4 3 English and
first-price
4 Experienced (from 2) 4 4 First-price
5 None 7 3 English
6 None : 7 3 First-price
7 Experienced (from 5) 7 2 English
8 Experienced (from 6) 7 2 First-price
9 Super experienced 4 8 English and
first-price first-price
10* Super experienced 7 7 English and
first-price first-price
(from 4 and 8)

*Includes a few periods with n = 6. Earlier work shows that pooling n = 6 and 7 is
justified (Kagel and Levin, 1986; Kagel et al., 1995).

auction (with no information regarding bidders’
identity). Bidders who did not win the item
earned zero profit for that auction period.

At the end of each auction period, all bids
were posted from highest to lowest along with
the corresponding signal values (bidder iden-
tification numbers were suppressed) and the
value of x, . Profits (or losses) were calculated
for the winning bidder and were reported to all
- bidders, and cash balances were updated.

To cover the possibility of losses bidders
were given starting capital balances of at least
$10.00. Losses were subtracted from this bal-
ance and profits added to it. Subjects were told
that if their balance went to zero or less they
would no longer be allowed to bid. Bidders
were paid their end of session balances in cash,
along with a $4 or $5 participation fee.

Bidding was studied under two different
values of n (4 and 7), five different values
of £ (6, 12, 18, 24, and 30) and with three
different levels of bidder experience (inex-
perienced, once experienced, and super-
experienced). Super-experienced bidders are
defined as having been in at least two previous
first-price auction series. Experimental ses-
sions using both first-price and English auc-
tions had bidders first participate in a series of
first-price (English) auctions, followed by
bidding in a series of English (first-price ) auc-

tions, followed (sometimes) by an additional
cross-over back to first-price (English) auc-
tions.” Table 1 cross-classifies the experimen-
tal sessions by subjects’ experience level, the
number of active bidders, and by auction
institution.

Subjects were primarily senior undergrad-
uate economics majors and MBA students at
the University of Houston (treatments 1—8
and 10) and the University of Pittsburgh
(treatment 9). To cover the possibility of
bankruptcies there were typically (up to
three) extra bidders in each experimental
session, with the active bidders in each auc-
tion period determined either randomly or
through a rotation rule. For experienced
subject sessions all bidders were invited
back, with the exception of treatment 10
where the few bidders who went bankrupt
early in both previous sessions were not
invited back.* Each experimental session

? Detailed specification of treatment conditions along
with the raw data from the experiment are available from
the authors on request.

* Susan Garvin and Kagel (1994) provide evidence that
in sealed-bid common value auctions returning bidders
self-select with subjects who went bankrupt significantly
less likely to return and with bidders who did not return
bidding more aggressively than those who did return in
the initial series of auctions.
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lasted approximately two hours and had a
minimum of 20 auction periods.

II. Theoretical Considerations

A. Factors Promoting Revenue Raising
in English Auctions

With symmetric risk-neutral Nash equilib-
rium bidding (RNNE), English auctions are
predicted to raise more revenue than first-price
auctions. In what follows we apply the theory
to our design. The basic theoretical results un-
derlying this analysis are developed in Robert
Wilson (1977), Milgrom (1979a,b), and
Milgrom and Weber (1982).

1. First-Price Auctions.—For first-price auc-
tions the RNNE bid function y(x) is given by

(la) y(x)=x+ (x—x+eg),

n+1
X—e=sx=x+te
(Ib) y(x) =x— &+ h(x),
X+ & =x=X— & where

2e

h) =1

Xexp[—%[x—(§+8)]],

n—1

(le)® (x—2¢) + (x—x+¢)

=y(x)=x-—s¢,

X—e=sx=x+es.

Bidding in first-price auctions combines stra-
tegic considerations, similar to those involved

* Assuming h(¥ — &) is negligible, which it is for the
parameter values employed. An appendix outlining the
derivation of the bid functions along with the expected
profit functions is available from the authors on request.
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in first-price private value auctions, and item
valuation considerations. The latter involves
recognizing that although x is an unbiased es-
timate of x,, winning with it implies that it is
the highest of the n signals and, therefore, must
be used as a first-order statistic rather than an
unbiased estimate of x,. Failure to account for
this adverse-selection effect is commonly re-
ferred to as the winner’s curse. Both forces,
strategic and item valuation, promote bidding
below x, with the strategic forces reinforcing
efforts to avoid the winner’s curse.

Under (la—c) expected profit for the high
bidder is bounded from below and above as
follows:

2e
n+1

[ 4e? 3n + 2
X—x||n(n+1)(n+2)

2
(2b) E;[ﬂ]=E,L,[7r]+[_28 ][ 1 ]

Xx—x||n+2

(2a) Eg[n] =

For the values of n (4 and 7), & (6, 12, 18, 24,
30) and [ x, ¥ ] (50-250) employed, the lower
bound of expected profit lies between —17 to
—2 percent of 2¢/(n + 1) and the upper bound
lies between —5 to +2 percent of 2e/(n + 1).

2. English Auctions.—Milgrom and Weber
(1982) offer a symmetric RNNE for the irrev-
ocable exit English auction. When there are
three or more bidders, however, the prices at
which earlier bidders drop out of the auction
convey information to those who continue to
bid. The irrevocable exit English auction, with
its continuous display of prices and number of
active bidders makes this price information un-
ambiguously clear to other bidders.°

¢ Milgrom and Weber argue that the more loosely struc-
tured English auctions encountered in practice are best
approximated by the irrevocable exit auction. Sushil
Bikhchandani and John G. Riley (1991) disagree, arguing
that they are better approximated by a second-price sealed
bid auction as information revelation only occurs in Eng-
lish auctions despite the best efforts of the bidders. It’s
obviously beyond the scope of this paper to try and settle
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Let x, < x, < - < x, denote the ordered
private signals and d, < d, < ~ < d,_, the
sequential drop-out prices (ties occur with
zero probability, lower case letters represent
actual values and, when appropriate, caps de-
note the corresponding random variables). Let
I; denote the auction conveyed information
available to a bidder who is active in round j
(the round advances when an additional bidder
drops out), so that I, = 0 and ; = (d,, ...,
d;_,). Let y(x; I;) denote the round j reser-
vation bid of an active bidder with private in-
formation signal x. The v;’s which are ob-
tained below are strictly monotone in x, given
I;. Tt follows that d; = y(x;; I;) and that there
is a one-to-one (recursive) correspondence be-
tween I, and (x,, .., x;_;). Following
Milgrom and Weber (1982), v; is given by

3) Yi(x; L) = E[x,1&(x; 1) ]

where £, (x; I,) denotes the event X; = x for
all i and for j: 2 > n — 1; {;(x; ;) represents
the event X; = x; fori <jand X; = x fori =
J- In other words, bidders form their reser-
vation bids on the basis of earlier bidders’
drop-out prices and their own signal value, as-
suming that all remaining bidders have the
same signal value that they do. Active bidders
infer whatever they can from the quitting
prices of bidders who are no longer active.
With affiliated signal values, the result is that
each bidder remains active until the price rises
to the point where the bidder is just indifferent
between winning and losing at that price
(Milgrom and Weber, 1982).’

this issue (however, see Kagel et al. [1995] for an exper-
imental investigation of bidding in second-price, common
value auctions). The spectrum auctions contained an ir-
revocable exit element since, during the final stage, bid-
ders generally had to remain active (be the current high
bidder or put in a bid that exceeded the current high bid
by the specified increment) on the number of licenses for
which they wished to remain eligible.

"In equilibrium, lower-valued signal holders cannot
profit from the information of higher valued signal holders
since this information is only revealed after the latter have
dropped out, at which point price is greater than the expected
value of the item. The theory assumes a continuous price
clock, which is not practical. With the discrete time clock
employed, d, is set at the nearest tick of the clock to (3).

JUNE 1996

Given the uniform distributions from which
x, and x are drawn, conditional on ¢, x, is
uniformly distributed on the interval [a(x),
b(x)] where a(x) = max(x, x — &) and
b(x) = min(x, x + £); conditional on ¢;, x, is
uniformly distributed on the interval [a(x),
b(x,)]. It follows that

_ a(x;) + b(xy)

) q >

If x+e<x <x,<Xx— & (referred to as
region 2 in the following discussion) then

_ (x + x)

(5) d; 2

Note that in equilibrium, conditional on the
event of winning, for bidder j the pair [a(x;),
b(x,)] is a sufficient statistic for x,. That is, in
the equilibrium of our design, the bidder with
the lowest signal value determines his drop-
out price strictly on the basis of his own signal
value. Later bidders determine their drop-out
prices based strictly on their own signal value
and the first bidder’s drop-out price; that is,
bidders ignore the information contained in in-
termediate round drop-out prices.

The expected profit for the high bidder in
the English auctions is

€
n+1

[ 4¢? 1
[J?—J_\: m+Dn+2)|’

which is close to half the expected profit from
winning in first-price sealed bid auctions.
Lower profit, of course, translates into higher
prices, so that with symmetry and risk neu-
trality, the English auction is within +10 per-
cent of doubling expected revenue (after
normalizing for the value of x,) under our
design.®

(6) Eg[n]=

8 Bikhchandani and Riley (1991) show that the ex-
pected profit of the symmetric RNNE is unique even
though the reservation price functions (4) are not unique
for j < n — 1. The problem is this. Although the low-
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B. Forces Inhibiting Revenue Raising
in English Auctions

There are three principle reasons why Eng-
lish auctions may raise less revenue than first-
price auctions or why the revenue increases
might be smaller than predicted: the existence
of asymmetric equilibria in English auctions
(even with risk-neutral bidders), risk aver-
sion, and the winner’s curse. We consider each
of these factors briefly.

1. Asymmetric Equilibria.—Bikhchandani
and Riley (1991) prove that when n = 3 there
exist a continuum of asymmetric equilibria in
irrevocable exit English auctions. The idea
underlying these asymmetric equilibria is as
follows: there exist a continuum of asymmet-
ric equilibria in second-price auctions with
two bidders where one bidder bids higher and
the second bidder bids lower than in the sym-
metric equilibrium (Milgrom, 1981). There
does not exist a completely convincing way
to rule out these ‘‘strange’’ equilibria, as
Milgrom characterizes them (they are all per-
fect). These asymmetric equilibria apply to
the irrevocable exit auction with n = 3 bid-
ders since it reduces to a second-price auction
with only two bidders, once n — 2 bidders
have dropped out. Under certain regularity
conditions, which are satisfied in our de-
sign, expected revenue in these asymmetric
equilibria are lower than in the symmetric
equilibrium (Bikhchandani and Riley, 1991
Proposition 3 and Corollary 1). Hence, the
possibility for a revenue reversal relative to
first-price auctions.’

signal holder never wants to drop out above (4), in a sym-
metric RNNE he is indifferent between dropping out at
(4) or below it (since he never wins in equilibrium). Thus,
bidders other than the two highest-signal holders may use
alternative drop-out rules. We do not consider these alter-
native symmetric equilibria for several reasons: (i) they
are not robust to the possibility that other signal holders
may err by dropping out sooner than predicted by (4), (ii)
they involve an implausible degree of coordination be-
tween bidders, and (iii) there is no evidence that alterna-
tive equilibria of this sort are present in our data.

? Although, Bikhchandani and Riley (1991) note that
symmetrically informed bidders are most likely to behave
symmetrically, one might still see the emergence of such
equilibria. No comparable asymmetric equilibria have
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2. Risk Aversion.—The effects of risk
aversion in first-price common value auctions
are, in general, ambiguous, as there are two
opposing forces at work: with positive ex-
pected profit, strategic considerations promote
bidding above the RNNE, just as in first-price,
private value auctions (Milton Harris and
Arthur Raviv, 1981; Charles A. Holt, 1980;
Riley and William F. Samuelson, 1981).
However, unlike private value auctions, in
equilibrium there exists the possibility of neg-
ative profits which, other things equal, pro-
motes lower bidding for risk averse bidders.

In contrast, there is no ambiguity about the
role of risk aversion in English auctions, as
average prices must be reduced in auctions
with symmetric risk averse bidders. This re-
sults from the fact that the reservation bids (4)
correspond to simple expectations, so that with
risk aversion these are replaced by their cer-
tainty equivalents, which are less than the
simple expectations. This may reduce bids suf-
ficiently to offset the revenue raising possibil-
ities of the English auction, although we would
doubt that this could happen, given the size of
the payoffs involved and the strong revenue
raising possibilities inherent in our design.
Nevertheless, to use risk aversion to help ex-
plain any revenue raising shortfalls, prices
must be lower, hence average profits must be
higher, than predicted under the symmetric
RNNE in the English auctions.'

3. The Winner’s Curse.—Failure to ac-
count for the adverse-selection effect associ-
ated with winning a common value auction is
called the winner’s curse. The winner’s curse
is likely to result in substantially higher bid-
ding, relative to the RNNE, in first-price auc-
tions, but much less overbidding in English
auctions. The reason is that in English auctions
drop-out prices of bidders reveal information
regarding their signal values. If this infor-
mation is not too distorted, it can alert higher

been established for risk neutral bidders in first-price
auctions.

' We do not consider risk loving as the evidence from
the experimental literature indicates risk-neutral or risk-
averse bidding (see Kagel [1995] for a review of the
literature).
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TABLE 2—INEXPERIENCED BIDDERS: ACTUAL VERSUS THEORETICAL REVENUE CHANGES AND PROFIT LEVELS

n=4

n=7

) Average profit
Average change in

English less first-price First-price English

i Average profit
Average change in ue:

English less first-price

First-price English

Actual Theoretical Difference
£ 1) )] (©)] 4) ) 6) @]

Actual Theoretical Actual Theoretical Actual Theoretical Difference Actual Theoretical Actual Theoretical

®) ) (10) (1) (12) (13) (14)

$6 —1.54 154 =308 -213 2.76 —-0.58 1.23
(0.72)* (0.49) 0.71)* (0.52)*  (0.38) (0.50)  (0.30)

[29] [28]
$12 -0.54 276 —-330 -1.32 5.01 -0.78 2.25
(1.25) (0.92) 0.84)*  (0.79)  (0.60) 0.95)  (0.69)

[41] [45]
$24  1.09 8.10 -7.01 1.20 9.83 0.11 1.73
(3.29) (2.32) (3.05)% (1.93) (1.25) 264) (214

[25] [13]

-1.98 -0.10 -2.08 -3.85 0.99 —1.87 0.89
0.87)*  (0.39) 0.78)*  (0.7D)*  (0.19) ©.51)*  (0.29)
(18] (18]
-1.95 1.08 -3.03 =375 2.76 -1.80 1.68
(1.19)*  (0.65) 0.92)*  (0.89* (0.53) 0.77)*  (0.40)
[30] [43]
ND ND

Notes: All values are d in dollars. B
* The null hypothesis that the value is greater than or equal to zero can be

d terms are the number of auction periods. Standard errors are given in parentheses. ND stands for no data.

d at the 5-pi t level.

“ The null hypothesis that the value is greater than or equal to zero can be rejected at the 10-percent significance level.

valued signal holders to the fact that they have
formed overly optimistic estimates of x,,,
which will help attenuate overbidding. No
such help is available in first-price auctions
since they involve sealed bids. In this scenario,
prices are substantially higher than predicted
in first-price auctions and relatively closer
to their predicted value in English auctions,
hence the possibility for revenue reversals or
reductions in revenue relative to those predicted.

There is precedent for this outcome from
experimental studies of first- and second-price
sealed bid auctions with public information
(Kagel and Levin, 1986; Kagel et al., 1995).
In these auctions, public information consisted
of announcing x, (the lowest signal value).
This is exactly the same information that is
supposed to be revealed by the low signal
holders’ drop-out price in English auctions. In
cases where bidders suffered from a clear win-
ner’s curse with only private information, an-
nouncing x, lowered revenue, contrary to the
Nash prediction. It is another question entirely
whether English auctions are capable of gen-
erating the same effect, as now information
regarding x, is generated endogenously which
(i) may degrade the quality of the information
and (ii) may be more difficult for bidders to
interpret, since they must now deduce that the
low bidder’s drop-out price is reflective of the
underlying signal value.

III. Experimental Results
A. Revenue Effects of English Auctions

1. Inexperienced Bidders.—Table 2 shows
average changes in the auctioneer’s revenue
between English and first-price auctions, as
well as the winner’s average profit in both
types of auctions.'' ‘‘Actual’’ figures are arith-
metic means (and their standard deviations)
obtained from the data while ‘‘theoretical’’
values are produced by computing equilibrium
bids corresponding to actual signals and the
realized value of x,. The null hypothesis of
interest is that the actual revenue changes re-
ported in columns (1) and (8) are nonnega-
tive. However, with the exception of n = 4 and
€ = $24, actual revenue changes are all neg-
ative and are significantly less than zero (at
the S-percent level) in two cases. Further, as

' Common value auctions involve pure surplus trans-
fers so that revenue differences are calculated as: [r, —
mg] where 7z and 7, correspond to profits in English and
first-price auctions, respectively. In this way we have ef-
fectively normalized for sampling variability in x, by sub-
tracting x, from the price. For x > X — ¢ in first-price
auctions we use the upper bound of the bid function in
(1¢) to compute predicted profit. Exact bid functions are
used throughout in computing predicted profit for the Eng-
lish auctions.
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TABLE 3—ONE-TIME-EXPERIENCED BIDDERS: ACTUAL VERSUS THEORETICAL REVENUE CHANGES AND PROFIT LEVELS

Average change in revenue: English less

Average profit

first-price First-price English
Actual Theoretical Difference Actual Theoretical Actual Theoretical
(1) (2) 3) @ 5) (6) ()
n=4 1.62 2.72 -1.10 1.37 4.32 -.25 1.60
e =$12 (0.89) (0.65) (0.63)* (0.49) 0.41) (0.80) (0.45)
[89] [49]
n=17 0.31 0.68 -0.37 -0.32 2.93 -0.63 225
e =$12 (1.02) (0.69) (0.96) (0.56) (0.54) (0.71) (0.43)

[19] (32]

Notes: All values reported in dollars. Bracketed terms are the number of auction periods. Standard errors are given in

parentheses.

* The null hypothesis that the value is greater than or equal to zero can be rejected at the 10-percent significance level.

indicated in columns (3) and (10), actual rev-
enue changes are significantly lower than theo-
retical revenue changes in all five cases. Thus,
for inexperienced bidders, in all cases there is
less of a revenue increase than the theory pre-
dicts, and in 4 out of 5 cases average revenue
is actually lower under English compared to
first-price auctions, so that the theory does not
even get the directional prediction right.

Average winner’s profits are reported in col-
umns (4) to (8) and (11) to (14) and provide
the explanation for the ‘‘perverse’’ revenue ef-
fects just reported: inexperienced bidders suf-
fer from a winner’s curse in both English and
first-price auctions, but the curse is relatively
stronger in first-price auctions. The revenue
results in Table 2 cannot be explained on the
basis of risk aversion or the existence of asym-
metric equilibria in the English auctions, since
actual profits are always below predicted
RNNE profits in the English auctions.'?

This perverse revenue effect is, however,
consistent with earlier experimental work in
which revenue was reduced following the an-

'2 Limited liability for losses establishes the possibility
of more aggressive bidding than predicted under the one-
shot Nash equilibrium as potential losses are truncated
(Robert G. Hansen and John R. Lott, 1991). However, the
use of sizable starting cash balances controls for limited-
liability problems and has been shown, as a practical mat-
ter, to eliminate the problem in first-price auctions (Kagel
and Levin, 1991; Barry Lind and Charles R. Plott, 1991).

nouncement of x; in first- and second-price
sealed bid auctions when bidders suffered
from a winner’s curse (Kagel and Levin, 1986;
Kagel et al., 1995). There is one important
difference, however, between these earlier re-
sults and those reported here. With x,; publicly
announced, average profit was positive. In
contrast, average profit here is negative for all
n and £ (with the exception of n = 4 and € =
$24). This suggests that information dissem-
ination in the English auction is noisier relative
to when x, is publicly announced.

2. One-Time Experienced and Super-
Experienced Bidders.—Tables 3 and 4 report
average changes in the auctioneer’s revenue
between English and first price auctions, as
well as the winner’s average profit in both
types of auctions for one-time experienced and
super-experienced bidders. In all cases English
auctions fail to increase revenue as much as
the theory predicts (column (3) in Table 3
and columns (3) and (10) in Table 4). How-
ever, the qualitative implications of the theory
are generally correct, as the actual revenue
changes are all essentially nonnegative, and
are significantly greater than zero in two cases.

For the one-time experienced bidders, av-
erage revenue is higher under the English auc-
tion rules for both n = 4 and 7 (with the
increased revenue being significantly greater
than zero at the 10-percent level with n = 4).
The increased revenue from the English
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TABLE 4—SUPER-EXPERIENCED BIDDERS: ACTUAL VERSUS THEORETICAL REVENUE CHANGES AND PROFIT LEVELS

n=4 n=17
. Average profit 3 Average profit
Average change in : Average change in
English less first-price First-price English English less first-price First-price English
Actual Theoretical Difference Actual Theoretical Actual Th ical Actual Th | Difference Actual Th ical Actual Th ical
£ a 2) 3) @ ) (6) ©] [©)] (©)] (10) an (12) 13 (14)
$18 221 3.96 =175 3.37 6.77 1.16 2.82 -0.25 2.85 -3.10 0.76 3.86 1.01 1.01
(0.95) (0.73) (0.68)*  (0.50) (0.48)  (0.88) (0.53) (0.86)  (0.61) (0.59*  (0.65) (0.50) (0.56) (0.37)
[163] [107] [751 [96]
$30 120 298 -178 845 1127 725 829 ’
(3.10) (2.30) (2.19)  (1.28) (1.34)  (2.76) (1.93) ND ND ND

31] [33]

Notes: All values reported in dollars. Bracketed terms are the number of auction periods. Standard errors are given in parentheses. ND stands for no data.
* The null hypothesis that the value is greater than or equal to zero can be rejected at the 5-percent significance level.

auctions is, in both cases, associated with
considerably higher average profit in the first-
price auctions than for completely inexperi-
enced bidders (holding & constant), as the
worst effects of the winner’s curse have been
eliminated.

For super-experienced bidders, with n = 4,
actual revenue is higher in the English auc-
tions for both values of &, with a statistically
significant increase (at the 5-percent level)
for € = $18. However, for n = 7, there is es-
sentially no difference in revenue between the
first-price and English auctions. The signifi-
cant increase in revenue in English auctions
with n = 4 and & = $18 is, once again, asso-
ciated with elimination of the worst effects of
the winner’s curse in first-price auctions, as
bidders earned a substantial share (more than
50 percent) of predicted profit. The impor-
tance of eliminating the winner’s curse for the
revenue raising prediction of the theory to hold
is reinforced by the absence of any revenue
increase with n = 7, in conjunction with the
relatively low share (21 percent) of the profits
that could have been earned in these first-price
auctions.

The increased revenue in English auctions
with experienced bidders who have largely
overcome the winner’s curse is consistent with
earlier experimental work in which revenue
was increased following the announcement of
x, in first- and second-price sealed bid auctions
when there was no winner’s curse (as reported
here, in these earlier experiments actual reve-

nue increases were always lower than the the-
ory predicts; Kagel and Levin [1986], Kagel
et al. [1995])."* The important difference be-
tween the two sets of results is that in the Eng-
lish auctions the ‘‘public information’’ is
generated endogenously so that (i) this infor-
mation is noisier and (ii) bidders must figure
out for themselves that lower bidders’ drop-
out prices have important informational con-
tent. Finally, since average actual profits are
consistently at or below theoretical profits in
the English auctions, the failure to raise as
much revenue as the theory predicts cannot be
attributed to risk aversion, but is more than
likely due to residual traces of the winner’s
curse, which tends to be stronger in the sealed
bid auctions.

'* There is a potential artifactual explanation for the
higher revenue in English auctions with super-experienced
bidders. Since all of their experience was in first-price auc-
tions it may be argued that the higher revenue in English
auctions simply results from a lack of experience with
English auctions, which results in larger errors and resid-
ual traces of the winner’s curse than in the more familiar
first-price auctions. However, as the data in Table 4 shows,
realized profit as a percentage of predicted RNNE profit
is roughly the same or greater in the English compared to
first-price auctions. Further, comparing revenue effects
over time for super-experienced bidders shows the same
pattern as Table 4, albeit with some fluctuations in the size
of the revenue differences (two auction sessions were con-
ducted each week, for four weeks with n = 4 and for two
weeks with n = 7, with subjects returning once a week in
various combinations).
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B. Bidding Behavior in English Auctions

This section explores the behavioral process
underlying bidding in English auctions. We
ask what kind of information do bidders rely
on in the English auctions. Is it their own sig-
nal value and the first drop-out price as the
theory predicts or is there some other behav-
ioral process at work? If it is some other pro-
cess, what is it and how does it work?

In developing an econometric model of the
bidding process in English auctions we first
introduce some notation. Three indices will be
used: i for bidders (i: 1 — n); j for bidding
rounds (j: 1 = n — 1) and k for auctions (k:
1 — K). Without loss of generality, we can
index bidders within each auction according
to the order in which they drop out (so that the
actual identity of bidder i varies across auc-
tions). The relevant variables are:

vi: the reservation bid of bidder i in round
Jj of auction k (with i = j, in line with
our indexing rule);

d;: the drop out price in round j of auction &;

xz: the private signal of bidder i in auction k.

The information set available to bidder i in
round j (j = i) of auction k consists of his
private signal x; and, for j > 1, the drop-out
prices of previous rounds {dg; s: 1 —j — 1}.
Hence, under an overall linearity assumption,
our baseline model for reservation bids is
given by

€ Yie = a; + Bixp + g,

(i:1—-n,k: 1K)

j-1
®) va=a;+ Bxa+ X 6dy+ ep

s=1
(i:j—n;j:2->n-1k:1>K).

We also assume that the &;;’s are distributed
independently of each other with zero means
and variances o7 = var(e;). The assumption
of mutual independence of the £’s could be
relaxed in a number of ways that would not
affect the consistency of our estimates, but
only their efficiency. However, one assump-
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tion which is critical for the consistency of our
estimates is independence of the &’s ‘‘across
equations,”’ that is, for different values of j.
We will provide empirical verification of this
assumption later.

In order to avoid technical complications,
we only consider auctions with draws in re-
gion2 (x + & <x <x,<Xx+ ¢). It follows
that the RNNE bidding model imposes the fol-
lowing restrictions on the parameters of the
system of equations in (7) and (8)

(9) a; =0 ﬂ|=1.0
(10) a;=0, B,=6,=05, 6,=0
(:2—-n-1;1<s<j).

Weaker versions of these restrictions, as well
as alternative hypotheses, will be considered
in the course of our analysis.

The econometric analysis is complicated by
the fact that the sole observables are

(11)

All other y’s are ‘‘censored’’; that is, for those
bidders who do not drop out in round j we only
have categorical information regarding 7y
(the censoring process is characterized in full
in subsection B2 below). Our problem is com-
plicated by the fact that a Full Information
Maximum Likelihood (FIML) search on an
unconstrained parameter set consisting of all
the coefficients in equations (7) and (8) —in
all 3n + (1/2)(n — 1)(n — 2) coefficients—
is neither practical nor likely to be numerically
reliable. Some form of simpler pretest analysis
is required. Ordinary least squares (OLS) es-
timation based on the equalities in formula
(11) are computationally attractive in this re-
spect. But OLS estimates suffer from potential
bias since conditional on 7y, being the lowest
order statistic, the residuals ¢;; have negative
expectations and are potentially correlated
with the x’s. However, Monte Carlo (MC)
simulations based on the FIML estimates show
that the most significant biases are in the in-
tercepts and variances (these are downward
biased ), which are essentially nuisance param-
eters, and the OLS estimates of the 8’s and
the 8’s (and of constrained versions thereof)

yix=4dy (j:l—=n-—1;k:1—->K).
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provide a remarkably reliable picture of the
salient features of the sampling process.'*

1. An OLS Pretest Analysis.—Considering
only the identities in formula (11) and substi-
tuting them into equations (7) and (8), we
obtain the following system of equations for
the observable drop-out bids

(12) dip=a + Bixu + ek

j=1
di = a5 + Bixp + X, §,da + £

s=1

(13)

(:2-n-1).

Note that this system is triangular in the drop-
out bids. In particular, the covariance matrix
of the residuals is diagonal since the €’s are
assumed to be independent of each other for
different j’s. Hence, individual equation OLS
estimators do not suffer from (additional) si-
multaneity biases.

Tables 5 and 6 report the results of these
regressions, where we have pooled data from
auctions with similar levels of bidder experi-
ence. Also shown are F test statistics for the
null hypothesis that the restrictions implied by
the symmetric RNNE model apply. The £’s
and the §’s being our primary coefficients of
interest, we only report ‘‘conventional’’ F test
statistics, whereby the constant «; are left
unconstrained.'”” Two forms of the Nash hy-
pothesis are considered: (i) the weak Nash hy-
pothesis which assumes that §;; = 0 for all j >
s > 1; and (ii), the strong Nash hypothesis
which assumes in addition that §; = 6, =

'* An appendix detailing the FIML estimates along with
the MC simulations reported is available from the authors
on request.

'3 MC simulations show that the OLS estimates of the
a’s are essentially uninterpretable: on the one hand they
suffer from a downward censoring bias. On the other hand
the existence of bidding ‘‘errors’’ biases downward bid-
ders’ own estimates of x,. Bidders appear to raise their
intercepts in (12) and (13) to compensate for this bias.
Which effect dominates is likely to vary from one round
to another.
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0.50.'® The system of equations (12) and (13)
being recursive, the F test statistics are eval-
uated for each equation individually.

We focus first on super-experienced bid-
ders, those bidders who, according to the profit
data reported, come closest to the symmetric
RNNE model’s predictions. For each round
where a weak Nash test can be made (round
3 and higher), we overwhelmingly reject the
Nash model’s prediction that bidders ignore
drop-out prices beyond the first round. In fact,
looking at the coefficient estimates, from
round 3 on, the lowest bidder’s drop-out price
is virtually ignored as the coefficient estimates
for 6, are all essentially zero. Instead, bidders
place weight on their own signal value and the
drop-out price of the bidder who dropped out
just before them (the drop-out price is round
Jj — 1). Further, looking at auctions with n =
7, there is a general tendency for bidders who
drop out later in the auction to put relatively
less weight on their own signal value and more
weight on the drop-out price in the preceding
round. That is, for j > 1, bidders essentially
appear to have adopted a (symmetric) rule of
the form
(14) Yie = NXa + Hj‘ij— 1.k
where the \;’s decrease and the y;’s increase
as j increases. This same pattern characterizes
the drop-out prices of inexperienced and once
experienced bidders as well.

The obvious question is, what kind of in-
formation processing rule does (14) represent
and is it sensible in the context of our English
auctions? A little exploration immediately pro-
duces the following (quite plausible ) scenario:
assume bidders were not aware of all the sub-
tleties of the RNNE model and, in particular,
of the fact that the (joint) use of the suffi-
cient statistic underlying the Nash formulation
would protect them against the adverse selec-

'® The weak Nash model tests are valid tests of the al-
ternative symmetric RNNE described in footnote 8. The
strong Nash model tests are not. Note, the F statistics re-
ported have different degrees of freedom so that simply
comparing F values between the weak and strong tests is
not meaningful.
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TABLE 5—EFFECT OF OWN SIGNAL AND OTHER BIDDERS’ DROP-OUT PRICES ON BIDS (n = 4)

Coefficient estimates®

Signal-averaging

Nash test statistics” test statistics”

Bidder Dependent Intercept Xik dy d Adjusted
experienced variable (a;) B) (61) (82) Weak® Strong* Weak*® Strong" R?
Super
experienced dy 1.16 0.99 NA 0.11 NA 0.11 0915
(3.60) (0.03)**
dy 2.81 0.19 0.80 NA 62.1 NA 62.1 0.993
(1.00)** (0.03)** (0.03)** (0.01) (0.01)
dy 1.23 0.17 0.07 0.76 85.1 63.2 0.97 179 0.995
(0.94) (0.03)** (0.07) (0.08)** (0.01) (0.01) (0.01)
One-time
experienced dy —-0.62 1.01 NA 0.19 NA 0.19 0.987
(2.83) (0.02)**
dy 2.04 0.22 0.77 NA 12.1 NA 12.1 0.998
(1.06) (0.06)** (0.06)** (0.01) (0.01)
dy, 0.07 0.21 -0.24 1.04 60.4 29.1 343 4.56 0.998
[(AR)] (0.04)** (0.13) (0.13)** (0.01) (0.01) (0.07) (0.01)
Inexperienced dy 0.66 1.00 NA 0 NA 0 0.987
(1.96) (0.01)**
dy -0.11 0.19 0.82 NA 39.9 NA 399 0.998
(0.79) (0.04)** (0.04)** (0.01) 0.01)
dy 0.37 0.25 0.04 0.72 1.5 384 0.22 3.34 0.999
(0.63) (0.03)** (0.08) (0.08)** (0.01) (0.01) (0.02)

Notes: Data analysis restricted to x,, in the interval x + &, ¥ — . NA stands for not applicable.

** Significantly different from O at the 1-percent Tevel.
“ Standard errors are given in parentheses.
® Probability F = 1 in parentheses.
¢ Tests the null hypothesis that 8;, = 0 for all s > 1.
4 Tests the null hypothesis that 8; = &, = 0.50 and &, = O for all s > 1.
© Tests the null hypothesis that §;, = 0 for all s <j — 1.

"Tests the null hypothesis that 8; = 1/j, ;;-, = 1 — (1/j) and 6, = O forall s <j — 1.

tion problem which is inherent in common
values auctions.'” Consider the problem of
choosing a reservation bid vy for bidder i who
has reached round j (in auction k). If he or she
knew the private signals of all the bidders who
dropped out in earlier rounds, but was unaware
of the adverse selection problem and the as-
sociated sufficient statistic underlying the uni-
form distribution, then it would be quite
natural to average the signal values revealed
to this point, along with their own signal value,
and to use this to determine their reservation
bid

"7 There is an adverse selection problem: for super-
experienced bidders the high signal holder won the auction
57.1 and 53.1 percent of the time withn =4 and n = 6
or 7, respectively. Further, the high signal holder and the
second-highest signal holder won the auction 85.0 and
70.8 percent of the time with n = 4 and n = 6 or 7, re-
spectively. See subsection B3 below for more discussion
of these apparent deviations from symmetric bidding.

1 il
(15) ')’ijk=—.<xik+ > x.vk)

J s=1

for i=j>1.

In fact, bidders do not know their rival’s in-
dividual private signals. However, assuming
symmetric behavior by all participants according
to rule (15), they can infer by recursion that

1 i
(16) dj—l.k=')’j—|.j—|.k=jT1“s=lxsk
for j>1.

Substitution of that partial sum in the right-
hand side of equation (15) produces a rule of
the form given in equation (14) where

1 j-1

J J
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TABLE 6—EFFECT OF OWN SIGNAL AND OTHER BIDDERS’ DROP-OUT PRICES ON BIDS (n = 7)

Signal-
Coefficient estimates* Nash test averaging test
- otiocd eiecd
Bidder Dependent  Intercept Xk di dy dy dy dsi Adjusted
experience variable (a;) By (6) (42 (63) (6;4) (s) Weak®  Strong’ Weak® Strong" R
Super
experienced dy -4.21 0.97 NA 2.84 NA 2.84 0.971
(292)  (0.02)** (0.10) (0.10)
dy -0.18 045 0.56 NA 0.51 NA 0.51 0.984
(2.23)  (0.06)**  (0.07)**
dy 1.14 0.36 0.15 0.49 359 127 4.96 1.74 0.992
(1.56)  (0.05)**  (0.07)* (0.08)** 0.01) (0.01) (0.03) (0.17)
dy 0.26 0.18 0.01 0.09 0.73 195.0 103.3 1.54 2.71 0.997
(1.08)  (0.03)**  (0.04) (0.07) (0.06)** (0.01) (0.01) (022) (0.04)
ds; 1.99 0.10 0.04 0.03 —-0.08 0.91 198.2 119.7 141 542 0.998
(0.76)* (0.02)**  (0.03) (0.05) (0.07) (0.07)** 0.01) (0.01) (0.25) (0.01)
dy 1.43 0.19 -0.01 0.09 -0.02 0.00 0.75 105.4 70.8 0.77 0.78 0.998
(0.98) (0.03)**  (0.04) (0.06) (0.09) (0.16) (0.15**  (0.01) (0.01)
One-time
experienced dy -2.22 1.00 NA 0.0 NA 0.0 0.962
(4.89)  (0.03)**
dy 0.89 0.16 0.85 NA 154 NA 154 0.992
(2.30)  (0.06)* (0.06)** (0.01) (0.01)
dy 3.08 0.19 0.09 0.71 13.0 7.01 0.26 1.16 0.999
(2.85)  (0.08)* (0.18) (0.20)** 0.01) (0.01 (0.34)
dy -0.73 0.06 -0.01 —-0.06 1.01 2213 114.0 088 107 0.999
(0.96) (0.04) (0.06) (0.07) (0.06)** (0.01) (0.01) (0.01)
ds; 295 0.20 0.18 -0.14 -0.37 1.12 429 28.3 1.69 1.47 0.997
(1.43)*  (0.04)**  (0.09) (0.12) (0.29) (0.26)** (0.01)  (0.01) (0.19) (0.23)
Inexperienced dy -3.39 1.03 NA 2.13 NA 2.13 0.979
(3.10)  (0.02)** (0.15) (0.15)
dy 2.68 0.32 0.67 NA 5.18 NA 5.18 0.997
(1.16)* (0.06)**  (0.05)** (0.01) (0.01)
dy 1.62 0.15 0.04 0.81 484 185 0.20 442 0.998
(1.00)  (0.05)** (0.09) (0.12)** (0.01) (0.01) (0.01)
dy 1.37 0.08 0.03 -0.18 1.06 85.9 458 1.00 4.64 0.999
(0.78)  (0.04)* (0.07) (0.13) (0.12)** (0.01) (0.01) (0.01)
dy 1.30 0.07 0.09 0.17 0.20 0.80 159.9 1134 2.04 120 1.00
(0.49)* (0.02)**  (0.04)* (0.08) (0.13) (0.10)** (0.01) (0.01) (0.12) (0.01)
dex 0.44 0.08 0.02 0.00 -0.01 -0.38 1.29 90.3 61.9 243 3.58 1.00
(0.49)  (0.03)**  (0.04) (0.08) 0.11) 0.15*  (0.15)**  (0.01) (0.01) (0.06) (0.01)

Notes: Data analysis restricted to x,, in the interval x + €, ¥ — . NA stands
* Significantly different from O at the 5-percent level.
** Significantly different from 0 at the 1-percent level.
“ Standard errors are given in parentheses.
® Probability F = 1 in parentheses.
© Tests the null hypothesis that &, = 0 for all s > 1.
Tests the null hypothesis that 8; = &, = 0.50 and &;, = O for all s > 1.
“ Tests the null hypothesis that §;, = 0 for all s < j — 1.

for not applicable.

"Tests the null hypothesis that 8; = 1/j, 8, = 1 — (1/j), and §;, = O for all s < j — 1.

which we will refer to as the (symmetric) sig-
nal averaging rule. The signal averaging rule
offers a number of key advantages to the play-
ers. First and foremost, it helps them to over-
come the winner’s curse by processing the
information offered by the bid sequence. Sec-
ond, it does not actually require deducing sig-
nals from bids and averaging them along with
one’s own signal (a process that is neither
transparent or easy to do given the rapidity
with which prices increased in our auctions),
since it strictly relies on readily observable

data that is quite natural to employ (one’s own
private signal and the latest drop-out price).
Third, it is efficient in that except for bidding
errors, players are eliminated in ascending or-
der of their private signals. Fourth, it provides
the winning bidder with an unbiased and ro-
bust estimator of x, . Finally, given the uniform
distribution of signal values, within region 2
average profits and prices are the same under
the signal averaging and Nash bidding rules,
as is round by round bidding. As such, as dis-
cussed in Section V below, it would take an
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exceptionally sophisticated player to take ad-
vantage of signal-averaging opponents. In
many ways the signal-averaging rule consti-
tutes a very sensible (symmetric) rule of
thumb and it is remarkable to find it emerging
as a natural strategy for bidders at all levels of
experience.

The F statistics reported in Tables 5 and 6
under the heading ‘‘averaging rule’’ test two
versions of the averaging model: (i) a weak
signal-averaging hypothesis which assumes
that §;, = O forall 1 = s <j — 1in (14),
and (ii) a strong signal-averaging hypothesis
which assumes in addition that 8; = 1/j and
6ij-1=1-p;.

Again, we start by focusing on super-
experienced bidders, those who come closest
to the predicted RNNE profits. With the ex-
ception of round 3 with n = 6 or 7, the weak
signal-averaging test fails to be rejected at con-
ventional significance levels for all j > 2. The
strong test fails to be rejected at p < 0.05 in 6
of 10 rounds (when the strong hypothesis is
rejected, particularly with n = 4, subjects put
more weight on d;_,, than (17) allows).'
Looking at all the data, a similar pattern
emerges. The weak signal-averaging hypoth-
esis can be rejected at the 5-percent signifi-
cance level in only 1 of 15 rounds in total.
The strong hypothesis is consistently re-
jected in auctions with n = 4 and for inex-
perienced bidders with n = 7, but it fares
considerably better, being rejected at a 5-
percent significance level in 4 of 10 cases
with n = 7 for super-experienced and one-
time experienced bidders. "’

'® The FIML estimates show that the OLS estimates of
the residual variances are downward biased (by as much
as 50 percent in the first two rounds). Hence, actual
p-levels are larger then those reported in Tables 5 and 6,
to the effect that the signal-averaging hypothesis fares
even better.

'* There is a natural *‘semi-strong’* test for the signal-
averaging model: 5, = Ofor 1 < s <j — 1and §; +
;-1 = 1.0 in (13). This semi-strong test does nearly as
well as the weak test: with n = 4, it is rejected using a 5-
percent significance level in only one round (in this case
involving inexperienced bidders) and with n = 6 or 7 it
fails to be rejected in any round for all three data sets. The
biases inherent in the OLS estimates indicate that this is a
more reliable test of the signal-averaging rule than the
“‘strong’’ test reported.
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The results reported in Tables 5 and 6 are
robust to a number of alternative specifica-
tions. We obtain the same qualitative, and
virtually the same quantitative, results using
a fixed effects regression model specifica-
tion, with subject dummy variables serving
as the fixed effect. Interestingly, for super-
experienced bidders the dummy variables are
not significant at the 5-percent level in any
auction round, although these dummy vari-
ables do achieve statistical significance in
close to half the auction rounds for inexperi-
enced and once experienced bidders. The re-
sults reported are also robust to controlling for
different values of & by restricting the analysis
to auction periods with same value of &.

In summary, our OLS pretest analysis ap-
pears to have produced a superior alternative
to the Nash model. Bidders do not rely exclu-
sively on their own signal value and the lowest
bidder’s drop-out price. Rather, behavior ap-
pears to be better characterized by a model in
which bidders implicitly average their own
signal value with the signal values implicit in
all earlier bidder’s drop-out prices.

One final point in concluding this section.
Using the OLS estimators, we calculated the
sample residual correlations across equations
to test the assumption of independence of the
residual &’s across equations (that is, for dif-
ferent j’s). Among the 108 correlations that
were computed, only one was significantly dif-
ferent from zero at the 10-percent level (with
none significantly different from zero at the 5-
percent level). This result strongly supports
the assumption of independence across equa-
tions, which is essential to the consistency of
the FIML censored estimators discussed next.

2. Full Information Analysis.—When a
player continues to bid after someone has
dropped out of an auction, this bidder reveals
that his reservation value is greater then the
observed drop-out price; that is, y;; > dj,. Fur-
ther, in a model which permits bidding errors,
there are times immediately after a bidder
has dropped out that a remaining bidder, on
reevaluating his drop-out price in light of
the new information, may wish that he had
dropped out at the same time or even earlier
than the bidder who just dropped out. The ob-
vious response of such a bidder is to drop out
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immediately before the price has had a chance
to increase.”’ We refer to such exits as panic
drop outs. For these bidders, y; =< d;_,, is
less than the observed dj; for that round. A
FIML censored bidding model incorporates
the additional information about reservation
bids associated with both these cases and cor-
rects for the potential bias associated with our
OLS estimates.

In developing these estimates we reformu-
late the decision problem as one of choosing
among two rival point hypotheses—the Nash
and the signal-averaging models. Estimation
was done under two different assumptions
regarding the error structure (&) in equa-
tions (7) and (8): (1) The errors for indi-
vidual i are independent across successive
rounds (j) of each auction, and (2) The er-
rors for individual i are perfectly correlated
across rounds.”’ Under both specifications
the signal-averaging model outperforms the
Nash model over all six data sets having (i)
smaller standard errors and (ii) larger maxi-
mum likelihood values.? Further, the variance
dominance of the signal-averaging model is
consistently greater in auctions with n = 7 than
with n = 4, which is as it should be, since the
difference between the two formulations in-
creases with n.

% The computer program running the experiment had
a built in delay of 10 seconds following the first dropout.
After that the clock continued to increase rapidly at about
1 tick every 1-2 seconds. Bidders could tell immediately
after someone had dropped out by the sound of that bidder
hitting their terminal key and were able to respond before
the clock could tick up. Our data files report these bidders
as having dropped at the same price as the previous bidder
while correctly ordering these ‘‘simultaneous’’ dropouts
with respect to the order in which they dropped. Both our
hardware and software were updated for the n = 4 auctions
with super-experienced bidders. For these auctions we re-
corded these panic dropouts as having dropped out at the
next programmed tick of the clock, so that for this data
set we cannot distinguish between panic dropouts and bid-
ders who chose to remain active for one more tick of the
clock.

2! Both specifications employ restrictions on the resid-
ual variance ratios (‘‘weights’’) across auction periods
which were suggested on both theoretical and empirical
grounds.

22 For example, under the independent error specifica-
tion, the log likelihood differences were 15.3 with n = 4
and 61.4 with n = 7 for super-experienced subjects (for
which we have the most data).
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3. The Effect of Bidding Errors on Other
Observable Quantities.—Table 7 reports the
percentage of auctions won for the highest and
second highest signal holders, average profits
of these bidders when they win, and the per-
centage of panic dropouts for all six data sets.
Also shown are the results of MC simulations
based on the censored FIML estimated bid
functions, assuming independent error draws
across successive rounds of bidding. The sim-
ulated profit data ‘ ‘truncates’’ drop-out bids so
that in cases where the g;; drawn results in a
panic dropout, we treat this bidder as dropping
out at the previous price. Table 7 provides a
number of insights:

(i) In the MC simulations, the existence of
stochastic bidding errors in conjunction
with independent error draws implies
that with signal averaging the high signal
holders will win the auction around 55
percent when n = 4 and around 35 per-
cent when n = 7. These are dramatically
lower than the 100 percent winning
percentage implied by homogeneous
bidding without bidding errors. These
predicted frequencies are remarkably ac-
curate for n = 4 and, for n = 7, lie within
the 95 percent confidence interval or just
below it (super-experienced subjects).?
Thus, what appears to be a breakdown in
the symmetry assumption of the model is
quite consistent with symmetry in con-
junction with stochastic bidding errors.

(ii) The simulated frequencies of panic drop-
outs lie within the 95-percent confidence
interval of the realized data for the
signal-averaging model with indepen-
dent errors in all cases. In contrast, the
simulated frequency of panic dropouts
assuming perfectly correlated error terms
across successive rounds of each auction

2 Part of the explanation for the super-experienced
n = 7 case may have to do with our simulations assuming
a normal distribution for the error term, whereas the actual
error distribution in this case deviates significantly from
the normal distribution, with a higher frequency of early
dropouts than the normal distribution implies. In contrast,
for the n = 4 cases, a null hypothesis of normal errors fails
to be rejected at conventional significance levels in all
cases.
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TABLE 7—COMPARISON OF ACTUAL DATA WITH FULL INFORMATION SIGNAL-AVERAGING MODEL SIMULATIONS
Actual data Simulations
Percentage Percentage
wins by signal  Average profit wins by signal  Average profit
rank by signal rank Percentage rank by signal rank Percentage
2nd 2nd panic 2nd 2nd panic
Experience high High high High drops high High high High drops
n =4 Super 284 568 —0.96 2.20 ND* 287 554 =275 -1.01 15.1
experienced (5.01) (5.50) (1.95) (1.28) (0.04) (0.05) (0.01) (0.01) (0.04)
One-time 268  56.1 1.39 -0.28 15.5 286 563 —-1.66 —0.46 14.8
_ experienced (6.92) (7.75) (1.16) (1.17) (3.26) (0.04) (0.05) (0.01) (0.01) (0.04)
Inexperienced 27.5 60.0 —0.66 —0.12 10.8 284 572 -097 0.23 153
(7.06) (7.75) (1.60) (0.98) (2.84) (0.04) (0.05) (0.01) (0.01) (0.04)
n =7 Super 174 579 -0.76 222 237 253 355 -1.61 -1.02 255
experienced (4.56) (5.94) (1.25) (0.48) (2.09) (0.04) (0.05) (0.01) (0.01) (0.04)
One-time 240 480 -062 -—0.27 32.1 244 331 -1.63 -1.28 26.6
experienced (8.54) (9.99) (1.50) (1.49) (3.67) (0.04) (0.05) (0.01) (0.01) (0.04)
Inexperienced 37.1  37.1 -3.14 -0.76 26.7 257 366 —334 -291 21.1
8.17) (8.17) (1.64) (0.92) (3.05) (0.04) (0.05) (0.01) (0.01) (0.04)

Notes: Standard errors reported in parentheses.
# ND stands for no data. See footnote 20.

are considerably smaller than the real-
ized frequencies. For example, with
super-experienced bidders and n = 7, the
FIML estimates for the signal-averaging
model yield a panic drop-out rate of 3.4
percent, which is far too low to provide
a reasonable characterization of the data.
(iii) The simulated profit data for the signal-
averaging model are well below the re-
alized data for super-experienced bidders
with both n = 4 and 7. The simulated
profit data are quite sensitive, however,
to the intercept value employed, and
these coefficients are subject to reason-
ably large standard errors (see Table 1 of
an appendix available from the authors).
For example, for super-experienced bid-
ders with n = 7, reducing the intercept
value by one unit generates positive prof-
its of $1.91 in the averaging model sim-
ulation when the high signal holder wins.

Accounting for the way in which constant
terms accumulate across rounds within a given
auction, expected profits would be signifi-
cantly larger—by as much as $5 1o $10—if
the intercepts of the FIML bid functions were
set to zero in the simulations. These are con-

siderably larger than expected profits with er-
ror free bidding. This finding indicates that
bidding errors, if unaccounted for, bias down-
ward estimates of x, and raise expected profits.
However, the significant positive intercepts for
the estimated bid functions suggest that bid-
ders have become aware of this bias, and com-
pensate for it by adjusting the intercepts of
their bidding rules, thereby preserving their in-
trinsic ‘‘simplicity.’”

IV. Relationship to Field Data

Comparisons of revenue raising effects of
English auctions using field data have been
largely confined to U.S. government timber
lease sales. Using OLS regressions, Walter J.
Mead (1967) reports that first-price sealed bid
auctions had significantly higher prices than
English auctions; that is, English auctions re-
sulted in significantly lower average revenue.
Further study by Hansen (1985, 1986), who
noted a selection bias caused by the way the
forest service chose which auction to use, and
corrected for it using a simultaneous equa-
tions model, found that although first-price
auctions had slightly higher prices than English
auctions, the difference was not statistically
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significant, so that revenue equivalence could
not be rejected. The puzzling part about
these results is that there are strong common
value elements to timber lease sales which
should, in theory, result in English auctions
raising more revenue. R. Preston McAfee and
McMillan (1987 p. 727) note this puzzle and
go on to add, ‘‘The puzzle could be resolved
by appealing to risk aversion of the bidders,
but this remains an open empirical question.”’

Results from our common auction experi-
ments offer an alternative resolution to this
anomaly. In auctions with inexperienced bid-
ders who clearly suffered from the winner’s
curse, English auctions consistently yield less
revenue than first-price auctions (recall Table
2). Further, even in auctions where bidders
earned positive profits, but still exhibited rel-
atively strong traces of the winner’s curse, as
in auctions with one-time experienced and
super-experienced bidders with n = 7, the two
auctions yield roughly the same revenue. In
other words, in auctions where bidders suffer
from strong traces of the winner’s curse, Eng-
lish auctions fail to raise more revenue. Of
course, to use this mechanism to resolve the
anomaly for the timber lease sales requires
postulating that bidders suffer from a winner’s
curse, something many economists are loath
to do. Nevertheless, this hypothesis is more
consistent with the experimental data than the
risk-aversion hypothesis.*

V. Summary and Conclusions

Irrevocable exit English auctions are capa-
ble of raising average revenue compared to
first-price, sealed bid auctions as symmetric
RNNE bidding theory suggests. A necessary
condition for this outcome is for bidders to
have largely overcome the winner’s curse in
sealed bid auctions. Otherwise average reve-
nue in first-price auctions is substantially
higher than predicted and the public informa-
tion released in the English auctions serves
primarily to correct for the winner’s curse.
These results replicate earlier experimental re-

? See Michael H. Rothkopf and Richard Englebrecht-
Wiggans (1993) for an alternative explanation of this
anomaly.
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sults concerning the release of public infor-
mation in first- and second-price sealed bid
auctions (Kagel and Levin, 1986; Kagel et al.,
1995). The important difference between the
two cases is that public information is endog-
enous and noisy in English auctions and ex-
ogenous and precise in the sealed bid auctions.
Hence, there was no prior assurance that these
earlier results would generalize.

In English auctions, later bidders employ
earlier bidders’ drop-out prices in determining
what to bid, as Nash bidding theory suggests.
However, the information processing mecha-
nism is quite different from what Nash bidding
theory predicts, involving a signal-averaging
rule that, under our design, with symmetry,
yields the same average prices and profits as
the symmetric RNNE. We attribute the adop-
tion of the signal-averaging rule to the fact that
(i) it is easy and quite natural to use and (ii)
it yields results quite similar to the Nash model
without requiring that bidders explicitly rec-
ognize the adverse selection effect of winning
the auction. The latter seems essential to ex-
plain the data since inexperienced and one-
time experienced bidders use the same rule,
while bidders with comparable experience in
first-price, sealed bid auctions suffer from a
strong winner’s curse.

The econometric model used to test between
the signal-averaging and Nash bidding models
provides strong support for the averaging
model. Both OLS estimates using only ob-
served drop-out prices and censored FIML
estimates show that the averaging model pro-
vides a remarkably accurate characterization
of the data. MC simulations based on the cen-
sored estimates of the signal-averaging model
accurately predict the frequency of panic drop-
outs and the frequency with which the highest
and second-highest signal holders win the
auction. These same simulations show that
the relatively low percentage (50-60 per-
cent) of high-signal holders winning the auc-
tions is fully consistent with a symmetric
bidding model, given the bidding errors ac-
tually observed.

Although the symmetric signal-averaging
rule yields the same drop-out prices, on aver-
age, hence the same expected profit for the
high bidder as the RNNE, it is not a Nash equi-
librium. With n = 4, given that all other bid-
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ders follow the averaging rule, when the
second-highest signal holder determines he
has an above average signal value, he can uni-
laterally deviate by ‘‘hiding’’ his signal value
and not dropping out. In doing so, he induces
the highest-signal holder, who is forming his
drop-out price according to the averaging rule,
to drop out at an expected value that is below
the true value. Thus, such a unilateral devia-
tion will, on average, be profitable. In contrast,
under the Nash rule, this ‘‘signal-jamming’’
strategy, except by the lowest-signal holder,
will not affect the drop-out prices of the other
bidders (and hiding by the lowest-signal
holder only causes other bidders to drop out at
an expected value that is above the true value,
so that it does not constitute a profitable
deviation).

One might ask, of course, why this signal-
jamming strategy does not destroy the signal-
averaging strategy, to which there are several
possible answers. The most likely one is that
the signal-jamming option (i) is not transpar-
ent and (ii) given the noise in applying the
signal-averaging strategy and the noise
inherent in the realizations of expected values,
it is very unlikely to be discovered.

Arguably, there is no way that our subjects
could hit on the Nash bidding strategy since
they were not trained to recognize sufficient
statistics. On the other hand, averaging the
lowest drop-out price with one’s own signal
value seems simpler and easier to do then
tracking all the signal values and implicitly av-
eraging them. The key point, however, is that
bidders do make use of the public information
inherent in other bidders’ drop-out prices, as
Nash equilibrium bidding theory predicts. The
results of both rules are quite similar, on av-
erage, under our design. This raises an inter-
esting topic for future research: will the
signal-averaging rule still have drawing power
for distribution functions when it leads to
markedly different outcomes relative to Nash
equilibrium bidding.
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