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Abstract 
We report on a series of experiments that test the effects of an uncertain supply on the formation 

of bids and prices in sequential first-price auctions with private-independent values and unit-demands. 
Supply is assumed uncertain when buyers do not know the exact number of units to be sold (i.e., the 
length of the sequence). Although we observe a non-monotone behavior when supply is certain and an 
important overbidding, the data qualitatively support our price trend predictions and the risk neutral 
Nash equilibrium model of bidding for the last stage of a sequence, whether supply is certain or not. 
Our study shows that behavior in these markets changes significantly with the presence of an uncertain 
supply, and that it can be explained by assuming that bidders formulate pessimistic beliefs about the 
occurrence of another stage. 
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In his survey of various real-world auction markets, Cassady (1967) reports the existence of 

auctions where sellers withhold from buyers any information concerning the amount of 

supply available for sale. Such practice has been observed in various fish markets of France 

and Spain, and in some flower markets in the Netherlands. In the fish market of Sète (France) 

for example, the auction starts when the first trawler disembarks. The merchandise is offered 

in lots of a certain number of kilos of a given species of fish. Each of these lots is then carried 

on a moving belt from the storeroom to the buyers and additional supply is displayed, in the 

same way, according to the boats' order of arrival. Buyers can thus only see the offerings as 

the auctioneer starts the auction, without further information about the day's supply. Another 

example where this feature applies are internet auctions since bidders in these auctions 

typically do not have information about future supplies. 

In this paper we study the effects of an uncertain supply on the formation of bids and 

prices in sequential first-price auctions and we test our theoretical predictions with 

experimental data. We consider the benchmark model for sequential auctions of Milgrom and 

Weber (1982) that assumes private-independent values and unit-demands. A well-known 

result of this model is that if k identical units are sold one after the other to n risk neutral 

bidders, then the resulting series of expected prices is constant if buyers are certain about k. A 

large body of subsequent research on sequential auctions stems from Ashenfelter’s (1989) 

observation of a ‘declining price anomaly’ at wine auctions, and has characterized conditions 

on buyers’ preferences (e.g., von der Fehr, 1994, Engelbrecht-Wiggans, 1994, Bernhardt and 

Scoones, 1994, Ginsburgh, 1998) or on market specifics to observe deviations from the Law-

of-One-Price (e.g., Ashenfelter and Genesove, 1990, Black and De Meza, 1992, Menezes, 

1993, Gale and Hausch, 1994, Beggs and Graddy, 1995, Gandal, 1998, Katzman, 1999). 

McAfee and Vincent (1993) show that for the benchmark model of Milgrom and Weber 

(1982), expected prices would decline and an efficient allocation of goods can be guaranteed 

only if buyers display non-decreasing absolute risk averse (NDARA) preferences, which is 

not considered to be a plausible assumption for real-world behavior. If buyers’ preferences are 

characterized by the more realistic assumption of decreasing absolute risk averse (DARA) 

preferences then no increasing equilibrium strategies can be defined, so that the allocation of 

goods can be inefficient and expected prices may not decline. Laffont, Loisel and Robert 

(1998) show that the price trend predictions of the benchmark model with NDARA buyers 

extend to the case where they can decide not to bid in stage t k< and bid again in stage 1t + . 
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We study the effects of an uncertain supply by assuming that the maximum number of 

items sold is k  but that in each stage 1 t k< < , the probability that there will be another stage 

1t +  is equal to 1δ < . We determine the symmetric pure Risk Neutral Nash Equilibrium 

(hereafter, RNNE) bidding strategies and show that the greater the uncertainty (i.e., the 

smaller δ), the more the expected prices decline. The intuition underlying this result is that the 

RNNE bidding strategy for stage t is the average of the remaining 1k t− +  RNNE bids 

assuming 1δ = , weighted by the probabilities that there will be 0, 1, 2,…, ( )k t−  more units 

for sale. To this extent, the analysis of supply uncertainty in a model à la Milgrom and Weber 

(1982) provides clear predictions not only on bids and prices but also on their respective 

stage-to-stage patterns. Since the effect of such an uncertainty on bids and prices is equivalent 

to assuming that bidders discount their future profits, our predictions hold for sequences of 

auctions in which bidders are impatient to acquire their units. This framework is also simple 

enough to allow for extensions regarding the seller’s optimal policy about the release or 

withholding of information about supply (Pezanis-Christou, 1996) or to check the effects of 

the arrival of new information about supply during the course of a sequence (Jeitschko, 1999). 

Burguet and Sákovicz (1997) consider a similar framework for second-price auctions in 

which buyers are also uncertain about total demand, which is technically equivalent to 

assuming the existence of a buyer’s option as in Black and De Meza (1992). 

We choose to limit our study to sequences of first-price auctions because most markets 

in which supply is uncertain are organized in sequences of descending-price auctions, which 

are usually assumed to be strategically equivalent to first-price auctions (e.g., Laffont, Loisel 

and Robert, 1998).1 Also, the first-price auction format allows a better assessment of bidding 

behavior than the Dutch format since it generates bid and price data whereas the Dutch format 

generates only price data. The effect of an uncertain supply on bidders’ equilibrium behavior 

would also be palatable in more sophisticated settings that involve multi-unit demands and 

affiliated values, as in Hausch (1986, 1988), since bidders would still have to account for the 

likelihood of future stages in their early bids. However, its effect on price trends is model-

dependent. In the unit-demand framework of Milgrom and Weber (1982), the impact of 

supply uncertainty on price trends when bidders have affiliated values would depend on the 

                                                           
1 This is the case only if the winning bid is announced after each auction stage. For the single-unit case, Cox, 
Roberson and Smith (1982) report experimental evidence that the strategic equivalence of these two formats 
does not hold in the laboratory because first-price auctions generate higher revenues than Dutch auctions. 
However, Katok and Kwasnica (2002) show that the revenue ranking of these two formats depends on the speed 
at which the selling price decreases in Dutch auctions so that the strategic equivalence of the two formats, which 
implies revenue equivalence, would hold only for specific clock speeds. 
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potential for the winner’s curse (which decreases as the sequence unravels so that when δ = 1 

price trends are increasing) and the likelihood of future supply (which induces bidders to 

weigh more early stages). As laboratory studies of bidding behavior in sequential auctions are 

still scarce, our experiments aim at analyzing the effects of an uncertain supply in the simplest 

multi-unit version of the first-price auction mechanism, for which behavior is already well 

documented in the experimental literature (Kagel, Harstad and Levin, 1987, Cox, Smith and 

Walker, 1988, Chen and Plott, 1998, Goeree, Holt and Palfrey, 2002; see Kagel, 1995, for a 

survey of the literature). 

Frahm and Schrader (1970) report a first experimental examination of price convergence 

in sequential English and Dutch auction mechanisms when bidders compete with entire 

demand schedules and are uncertain about supply. These experiments, which were not aimed 

at studying real-world auction mechanisms or the possible effects of supply uncertainty on 

bids and prices, provide some evidence that price volatility is more important when an 

English auction is used. Burns (1985) compares the bidding behavior of professional bidders 

on wool markets to the one of students in sequential English auction experiments with multi-

unit demands. These experiments suggest that prices decline less severely in sequences 

involving students than in sequences involving professional bidders because the latter use 

heuristics (“reflex actions”, Burns, p.151) which they follow in the real-world wool market. 

Pitchik and Schotter (1988) analyze the effect of budget constraints on behavior in two-period 

two-bidder auction experiments with multi-unit demands and perfect information and find that 

the observed prices support well a trembling-hand perfect equilibrium argument. Our study 

relates most to the one of Keser and Olson (1996) on sequential first-price auction 

experiments with supply certainty. They report negative prices trends and a significant 

overbidding (i.e., bidding above the RNNE prediction) so that both the bid and the price 

predictions of Milgrom and Weber (1982) would not be supported by data. Our experiments, 

which involved longer series of repetitions than Keser and Olson (1996), suggest instead that 

some of these predictions hold qualitatively and that some even hold quantitatively. 

We considered three treatments: two with supply uncertainty (δ = 0.6 and δ = 0.8) and 

one with supply certainty (δ = 1). In each treatment, subjects played in 100 sequences of first-

price auctions that involved eight bidders. In each round of the uncertainty treatments, a 

maximum of four units of a fictitious good were sequentially put up for sale whereas in the 

certainty treatment there always were four units for sale. 
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Our main results can be summarized as follows. First, despite a significant overbidding 

for the first three units in all treatments, we could not reject the RNNE model of bidding for 

the fourth unit in all treatments. Second, most stage-to-stage patterns of bids are consistent 

with the RNNE predictions in the aggregate. Third, consecutive average prices are constant 

when supply is certain and they are declining when supply is uncertain. Fourth, average prices 

decline more severely as δ decreases, and the average price of the last unit is the same across 

treatments, as predicted in the RNNE. 

These results are interesting in the light of subjects’ behavior. Overbidding in first-price 

auction experiments is a commonly observed pattern and has usually been attributed to the 

presence of constant relative risk aversion (Cox et al., 1982, 1988; see also Kagel, 1995) 

However for this sequential framework, monotone increasing equilibrium strategies for 

constant relative risk averse (DARA) bidders do not exist (cf. McAfee and Vincent, 1993). 

Yet, the outcomes of spline regressions indicate that bidders use monotone increasing 

strategies, but only when supply is uncertain. Therefore, overbidding in these treatments 

would be consistent with the RNNE predictions if bidders were assumed to formulate 

pessimistic beliefs δ∗  < δ about the occurrence of another stage. We find that this behavioral 

hypothesis fits well subjects’ bids in these treatments. However, when supply is certain, 

subjects bid as if they “wait-and-see” the outcome of this first stage whenever they receive a 

high value, and they more aggressively upon receiving a low value. Such an ex-post 

asymmetric behavior is not supported by the model’s predictions and shows that behavior in 

these auctions is very sensitive to the presence or not of an uncertain supply.    

The next section provides the theoretical framework and the predictions to be tested. 

Section 2 describes the experimental procedure. Results are reported in Section 3, and Section 

4 concludes the paper. 

1. Theoretical framework 

We assume that n > 2  risk-neutral buyers attend a market in which nk <<1  homogeneous 

units are to be sold one after the other, in k auction stages. At the end of each stage, one unit is 

awarded to the buyer who submitted the highest bid. Each buyer i  has private information 

concerning his own resale value xi  for the item to be sold. All resale values are independently 

drawn (with replacement) from a given probability distribution function F , which has a 

continuous density f  defined on [ )0;+∞ . Buyers have unit demands: each of them desires 

only one unit of the items offered for sale. Uncertainty about supply is introduced by 
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assuming that there is a maximum possible number k  of items to be auctioned and that after 

each auction stage t k< , one more sale may occur with probability (0,1)δ ∈ . We assume 

that n , k, δ and F  are common knowledge to all buyers and that only the winning bid is 

revealed at the end of each auction stage. As the results refer to order statistics, we define the 

random variable ( )X i  (and its realization ( )x i ) as the i th highest of a sample of n  identical 

and independent draws from F so that ( ) ( ) ( )nXXX ≥≥≥ ...21 . 

In a first-price auction, the item is awarded to the highest bidder for a price equal to 

his/her bid. If there is only one item to be sold, Vickrey (1961) showed that a symmetric 

equilibrium strategy would be for a buyer to submit a bid equal to the expectation of the 

second highest value given that he/she is supposed to have the highest one. That is, 

( ) ( ){ }xXXExb == 12 |)( . For k > 1 and δ = 1, Milgrom and Weber (1982) showed that in a 

sequence of k  stages a bidder's symmetric equilibrium strategy is to submit in stage t k≤  a 

bid equal to the expectation of the ( )k +1 th highest value given that his/her valuation is the 

t th highest (i.e., ( ) ( ){ }xXXExb tkt == + |)( 1 ). The following proposition generalizes this result 

to cases where δ ∈  (0; 1]. 

 

Proposition 1: Let k  be the maximum possible number of items to be sold, and define δ  as 

the probability that one more auction stage will occur. For the sequential first-price sealed 

bid auction with unit-demands and private-independent values there exist a unique k -tuple 

( )b b bk1 2, ,..,  of symmetric increasing equilibrium bidding strategies whose components are 

defined as follows: 
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Proof: See Appendix 2. 

 

It appears from Proposition 1 that for ( )δ ∈ 0 1;  and for t k< , the equilibrium bidding 

strategy is a pure strategy that evens out all possible outcomes: at stage t , the equilibrium 
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strategy is an average of equilibrium strategies of the k-t+1 remaining subgames when δ = 1, 

weighted by the probabilities that there will be 0, 1, 2, (k-t) more units for sale.  These 

equilibrium strategies have two other interesting properties. First, as Milgrom and Weber 

(1982) observe, the sequence of bids submitted by a given bidder is increasing when supply is 

certain. The intuition behind this pattern is that the ratio of remaining items to remaining 

bidders decreases as the auction proceeds from one stage to the next. As a result, this decrease 

in supply relative to demand induces buyers to bid more aggressively as the sequence 

unravels. However when supply is uncertain, equilibrium bids can be decreasing (or first 

decreasing and then increasing) for some sets of parameters n, k, δ, and F. For very small 

values of δ, bidders would perceive each stage t as being likely to be the last one so that their 

bids would be very close to the single-unit RNNE bid for an auction with n-t+1 bidders. As 

this bid decreases with t, a small likelihood that the sequence will proceed to stage t+1 can, 

for given n, k and F, offset the effect of a decrease in supply relative to demand (which 

induces a more aggressive bidding) and produce a lower equilibrium bid for stage t+1. 

Second, these equilibrium bids do not depend on past prices. This directly follows from the 

fact that buyers’ resale values are identically and independently distributed. The following 

proposition states that equilibrium prices follow a martingale if supply is certain, that they are 

declining for any positive amount of supply uncertainty and that the decline is more severe as 

δ decreases. 

 

Proposition 2: In sequential first-price auctions with private-independent values and unit-

demands, if δ  stands for the probability that one more auction will occur, then 

1. the sequence of expected prices follows a martingale if δ = 1  [Milgrom and Weber, 1982] 

{ } { }E b X E b Xk l k l k l k l− − − − − −=( ) ( )( ) ( )1 1  

2. the sequence of expected prices is declining for )1;0(∈δ  and the decline is more 

important as δ decreases, so that  

{ } { }E b X E b Xk l k l k l k l− − − − − −≤( ) ( )( ) ( )1 1  

and 

1 1 [ { ( )} { ( )}] 0k l k l k l k lE b X E b X
δ

− − − − − −∆ − <
∆

 

 

Proof: See Appendix 2. 
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Pezanis-Christou (1996) shows that similar predictions hold for the second-price auction 

mechanism and that both the first- and second-price formats generate the same expected 

revenues to the seller. It is worth noting that although the effect of such an uncertainty on the 

formation of bids is similar to the one of NDARA preferences, these two concepts remain 

fundamentally different. The latter expresses buyers’ reluctance, for a given auction stage, to 

play a lottery which certainty equivalent can be obtained on payment of a risk premium while 

the former only characterizes a link between stages which is determined by bidders’ common 

belief δ and k. To this extent, from an experimental standpoint, the presence of an uncertain 

supply may lead to a significant misbehavior if bidders do not correctly assess this common 

belief. 

To test the predictions of these propositions, we assume values to be uniformly 

distributed on [ ]x x; , so that by Proposition 1 the k-tuple of symmetric RNNE bidding 

strategies takes the following expression 
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Since these equilibrium strategies are linear in x, we report in Figure 1 the RNNE bid-to-value 

ratios for each item assuming: x → U [ ]100;0 , n=8, k=4 and δ=0.6, 0.8 or 1.0. For these 

parameters, the following thirteen hypotheses about bidders’ behavior and prices are derived 

from Propositions 1 and 2, and are tested in Section 3.  

 

H1) Unit t (t = 1, 2, 3, 4) is awarded to the bidder with the tth highest value, 

H2) Bidders use monotone increasing bid functions in all treatments,  

H3) Bids in stage t are independent of the observed prices in stage t-1, 

H4) Consecutive average bid-to-value ratios are increasing (except for the 1st and 2nd unit 

when δ = 0.6), 

H5) Consecutive average bid-to-value ratios increase less as δ decreases, 

H6) The average bid-to-value ratio of unit t (t < 4) increases as δ decreases, 
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H7) The average bid-to-value ratios for the 4th unit are stochastically equivalent across 

treatments, 

H8) Average bid-to-value ratios are equal to the RNNE ones, 

H9) Average prices are equal to the RNNE ones, 

H10) The average price of unit t (t < 4) increases as δ decreases, 

H11) The average prices of the 4th unit are stochastically equivalent across treatments, 

H12) The decrease of consecutive average prices decreases as δ increases, 

H13) When supply is certain, average prices are trend-free. 

 

Figure 1: Risk Neutral Nash Equilibrium (RNNE) Bid-to-Value Ratios 

 

2. Experimental Design 

The experiment was conducted in the Laboratory for Experimental Economics (LINEEX) at 

the University of Valencia. Subjects were recruited by public advertisement on campus and 

were mostly undergraduate students in economics. They were required to have never 

participated in other auction experiments and were allowed to participate in only one session. 

We considered three treatments, δ = 0.6, δ = 0.8 and δ = 1.0 and conducted three sessions per 

treatment. Henceforth, we will refer to these treatments as the δ0.6, δ0.8 and the δ1.0 

treatments. At the outset of each session, subjects were given written instructions that were 

read aloud and were introduced to the computer software used for the experiment.2 

                                                           
2 A translation of the instructions is reported in Appendix 2. The software was produced with the RatImage 
programming package (Abbink and Sadrieh, 1995). 

Theoretical Bid-to-Value Ratios

stage 1 stage 2 stage 3 stage 4
δ=0.6 0.728 0.720 0.733 0.800
δ=0.8 0.631 0.654 0.700 0.800
δ=1.0 0.500 0.571 0.667 0.800

0.5

0.6

0.7

0.8

0.9

1

1 2 3 4

δ=0.6 δ=0.8 δ=1.0
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In each session, the pool of 16 subjects was divided into two independent groups 

(markets) of 8 subjects each. This way we were able to collect two independent sets of 

observations per session. Subjects stayed in the same market for the whole session and did not 

know who of the other subjects were in the same market as themselves. Each session 

consisted of 100 repetitions (rounds) of sequential first-price auctions and lasted for 2 to 3 

hours. In each round, up to 4 identical units of a fictitious good were auctioned off one after 

the other. In each treatment, the first unit was always supplied, the second unit was supplied 

with probability δ , the third unit with probability δ 2, and the fourth unit with probability δ 3. 

To determine whether an additional unit is sold in a given round (and to ensure that subjects 

understand the randomness and the independence of this event), a “Wheel of Fortune” was 

spun on the subjects’ monitors. A unit was sold in approximately 10 seconds, and the average 

earning from participating in these experiments was €8.45 per hour.3 

Following the first-price auction rule, at each stage of a given round the item was 

awarded to the subject who submitted the highest bid at a price equal to his/her bid. If the 

highest bids were tied, a random procedure was used to determine the winner. Subjects who 

were already awarded a unit in a given stage were not allowed to participate in the remaining 

auction stages of that round. Hence whenever the last unit was put up for sale, there were only 

5 bidders left in the auction. 

At the outset of each round, each bidder received an integer private value which was 

drawn from a uniform distribution defined on [0;100]. Subjects knew their own value but not 

those of the others and they were informed that all values were drawn (with replacement) 

from the same distribution. It was explained that if they were awarded a unit, they would 

make a profit equal to the difference between their bid and the value they received in that 

round. 

Subjects were required to bid in all stages and their bids were restricted to lie in the 

[0;100] interval so that bidding above one’s private value was allowed. However, whenever 

they entered a bid above their value, a warning message popped up on the subject’s terminal 

screen before they validated their bid, announcing a possible loss in case he/she was awarded 

the unit. 

At any stage t in a given round, subjects were informed about their value, the prices 

fetched so far, their cumulative profit (over the rounds played so far) and the updated 

probabilities that there will still be (4-t) more items for sale. At the end of each round, this 

                                                           
3 At the time of the experiment, 1€ = 1.06US$. 
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information was appended to a “history window” that could be retrieved at any time during 

the experiment. 

3. Experimental Results 

Most of our conclusions refer to group average statistics (i.e., averages of individual averages) 

and are based on the outcomes of non-parametric tests for independent or related samples of 

independent observations (see Siegel and Castellan, 1988). The reported rejection 

probabilities assume samples of 6 independent observations and we reject the null hypotheses 

tested at a significance level of α = .05. In the following sections, we start by checking the 

efficiency of allocations in the different treatments to give an overview of the outcomes, and 

we proceed with checking whether the data support the bid and price predictions of the Nash 

equilibrium. 

 

Table 1: Average Efficiency  
(only 4-stage sequences) 

δ0.6 
(127 obs) 

δ0.8 
(318 obs) 

δ1.0 
(600 obs) 

.997 .992 .989 
 

Cross-Treatment Comparisons 
δ0.6~δ0.8 δ0.8~δ1.0 δ0.6~δ1.0 

.065 .240 .002 
Note: Mann-Whitney two-tailed test results; 
significance levels in italics. 

 

3.1. Efficiency of allocations 
We measure the efficiency of allocations by the ratio of the sum of the values of the four 

winning bidders to the sum of the four highest values. A ratio smaller than one indicates that 

there still are some gains from trade to be exhausted or equivalently, that the allocations are 

inefficient. Table 1 reports the average efficiency statistics and the outcomes of Mann-

Whitney tests that check for significant cross-treatment differences. These differences appear 

to be very small but they are significant when the δ0.6 treatment is compared to the δ1.0 

treatment so that uncertainty improves, though slightly, the efficiency of allocations in four-

stage sequences. The average efficiency levels for the δ1.0 treatment are also comparable to 

the 98% reported by Keser and Olson (1996) for a similar bidding environment. 
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Figure 2: Percentage of allocations of item t to the buyer with  

the 1st-, 2nd-, 3rd- and 4th-highest values. 

 

Figure 2 reports for each treatment the percentage of allocations of unit t to the bidder 

with the highest value, the 2nd-highest, the 3rd-highest, the 4th-highest value and to a bidder 

with a value smaller than the 4th-highest one. Since in all treatments, the relative frequency of 

allocating unit t to bidders with the tth highest values is far below the predicted 100%, the data 

do not support H1. The plots further indicate that the likelihood for subjects with the tth-

highest value to be awarded the tth unit decreases as δ increases. When supply is certain, 

subjects with the highest value are equally likely to get the first or the second unit whereas 

subjects with the second highest value are equally likely to get any of the first three units sold. 

Furthermore, the likelihood that subjects with a value smaller than the 4th-highest are 

allocated one of the first three units is greater when δ = 1 than when δ < 1, which is in line 

with the finding that average efficiency decreases with δ. This overview of allocations 

indicates that behavior changes whether supply is certain or not. While bidders with the tth 

highest value have the modal (relative) frequencies of allocations of units t when supply is 

Treatment δδδδ0.6

0
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0.6

0.8

1

item 1 item 2 item 3 item 4

Treatment δδδδ0.8
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0.6

0.8
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Treatment δδδδ1.0

0

0.2

0.4
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1
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2nd
3rd
4th
>4th
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uncertain (as assumed in the equilibrium), they seem to “wait and see” the outcome of the first 

stage when supply is certain, thereby giving a chance to bidders with lower values to win in 

the early stages of a sequence. 

 

3.2. Bidding behavior 
3.2.1. Monotone Increasing Strategies 

The lower efficiency of allocations when δ = 1.0 suggests that in this treatment bidders did 

not consistently use monotone increasing strategies, as is required by the RNNE prediction. 

To check this hypothesis (H2), we estimate piecewise-linear (spline) bid functions for each 

stage of each treatment (Greene, 2000), assuming four equal segments (i.e., one segment for 

values smaller then 25, one for values between 25 and 50, one for values between 50 and 75 

and one for values greater than 75). The plots of these bid functions are reported in Figure 3 

and indicate that upon receiving a value greater than 50, subjects bid less aggressively (i.e., 

the slopes of the estimated bid functions are smaller) when supply is certain than when it is 

uncertain. 

As the number of bid observations corresponding to values greater than 75 decreases as 

the auction proceeds, the estimation of the last segment for the last three stages does not 

characterize reliably an aggregate behavior. We therefore limit our discussion to the shape of 

the estimated bid functions for the first stage, in which all bidders of a given session 

participated. 

The estimated bid functions for each group are reported in Appendix 3. The plots 

indicate that in three groups of the δ1.0 treatment, the last segments of these bid functions (for 

the first stage) have a negative slope whereas they are positive in all groups of the uncertainty 

treatments. The estimated negative slopes are equal to -.07 (Group 3) and -.03 (Group 4 and 

Group 6) and the regression outcomes (not reported here) indicate that the dummy estimates 

for these last segments are significant at α = .005 in all treatments. When we estimate 

individual bid functions, 50% of subjects who participated in the δ1.0 treatment display a 

non-monotone behavior in the first stage whereas only .4% and 15% of them did so in the 

δ0.6 and δ0.8 treatments. Such a behavior conflicts with the hypothesis of monotone 

increasing strategies and is more likely to be observed as the experiment proceeds since it is 

present in only two groups during the first 25 or 50 rounds but it is present in five groups 

when the estimation accounts for the last 50 rounds.  
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The plots further suggest that in all stages of the certainty treatment, behavior is almost 

linear for values below or above 50 so that we proceed with testing all our bid predictions by 

looking at average bid-to-value ratios over the whole range of values as well as for values 

lower and greater than 50. Such a clustering of the data allows us to check the use of non-

linear strategies, and is consistent with subjects’ written statements (collected at the end of the 

sessions) that they bid differently whether they received a “low” or a “high” value. 

Henceforth, we refer to a high (low) value bidder when a subject receives a value greater 

(smaller) than 50 in a given round. 

 

Figure 3: Estimated Piecewise Linear (Spline) Bid Functions 

Table 2 reports the average differences between the bid-to-value ratios of low and high 

value bidders. These differences are usually significant and characterize a very different 

behavior whether supply is certain or not. When it is uncertain, subjects bid significantly more 

aggressively (i.e., their bid-to-value ratios are greater) upon receiving a high value than upon 

receiving a low value. This bid pattern is also more pronounced as supply is more uncertain. 
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When it is certain, the opposite occurs: they bid less aggressively (for the first three units) 

when they receive a high value than when they receive a low value. To this extent, the 

presence of an uncertain supply would seem to discourage bidders from bidding actively 

when they receive a low value and to induce them to bid aggressively when they receive a 

high value. When supply is certain, the contrary would occur: the prospect that there are four 

units for sale seem to discourage high value bidders from bidding actively (especially in the 

first two rounds) and to trigger an aggressive bidding from low value bidders.   

 

Table 2: Average Differences in Bid-to-Value Ratios of High and Low value bidders 
Treatment δ0.6  Treatment δ0.8 Treatment δ1.0 

1st 2nd 3rd 4th  1st 2nd 3rd 4th 1st 2nd 3rd 4th 
.095 .094 .084 .094  .049 .063 .064 .063  -.098 -.072 -.038 .017 
.031 .031 .031 .031  .031 .031 .031 .031  .031 .031 .031 .156 
Note: Wilcoxon Signed Ranks two-tailed test results; significance levels in italics. 

 
 
 
3.2.2. Independence of bids to past prices 

As bidders have independent private values and unit demands, their bids in stage t + 1 should 

be independent of the prices observed in stage t. We test this hypothesis (H3) by first 

computing for each bidder the Spearman rank correlation between the prices observed in stage 

t and her/his bids in stage t + 1. We then conduct a (two-tailed) Wilcoxon Signed Ranks test 

on the average correlation coefficients of a group to check if they are significantly different 

from 0 or not. The test outcomes are reported in Table 3 and indicate that the average 

correlation coefficients are significantly different from 0 (positive) only in the δ1.0 treatment. 

When a distinction is made between high and low value bidders, the outcomes further reveal 

that the information on past prices is relevant only to high value subjects and when δ = 0.8 or 

1.0 so that in these treatments, high value bidders would “anchor” their bids for stage t + 1 to 

the prices observed in stage t. 
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Table 3: Average Correlation Coefficients Between Bids and Past Prices 
 Treatment δ0.6  Treatment δ0.8  Treatment δ1.0 
 Cor1 Cor2 Cor3  Cor1 Cor2 Cor3  Cor1 Cor2 Cor3 

All
H 
L 

.139 

.261 
-.064 

.216 

.392 
-.079 

.186 

.410 
-.060 

 .135 
.312 
-.015 

.239 

.459 

.023 

.331 

.599 

.094 

 .140 
.343 
.019 

.215 

.514 

.029 

.288 

.461 

.107 
All 
H 
L 

.917 

.600 

.345 

.116 

.249 

.345 

.463 

.345 

.028 

 .116 
.028 
.600 

.173 

.028 

.345 

.463 

.028 

.600 

 .028 
.028 
.463 

.028 

.028 

.463 

.028 

.028 

.753 
Note: Cort: Average correlation coefficient between prices in stage t with bids of stage t+1; 
Wilcoxon Signed Ranks two-tailed test results, significance levels in italics; All: All bidders; H: 
High-value bidders; L: Low-value bidders. 

 

 

3.2.3. Increasing Consecutive Bid-to-Value Ratios 

The predicted changes in consecutive bid-to-value ratios reflect how the competitive pressure 

evolves throughout the sequence of a given treatment. Table 4 reports the expected and 

observed (average) bid-to-value ratios as well as the outcomes of a Wilcoxon Rank Sum test 

for within-treatment comparisons. The null hypothesis of equal consecutive bid-to-value 

ratios is rejected in all stages of the δ0.8 and the δ1.0 treatments in favor of the alternative 

that they increase from one stage to another. As this is observed for both low and high value 

bidders, the prediction of increasing consecutive bid-to-value ratios is supported by the data 

when δ = .8 and 1.0. For the δ0.6 treatment, the increments of average bid-to-value ratios 

from the first to the second stage are increasing (significantly) whereas they should be 

decreasing, and they are stochastically equivalent for the last two stages whereas they should 

be increasing. As this pattern holds for both low and high value bidders, the observed 

behavior would thus not fully support the RNNE predictions for this treatment. However, the 

declining proportion of subjects who increase their three consecutive average bid-to-value 

ratios as δ decreases (i.e., 79%, 52% and 21% for δ = 1.0, 0.8 and 0.6, respectively) suggest 

that this hypothesis (H4) still holds qualitatively as supply is more uncertain. 

Table 5 reports the outcomes of cross-treatment comparisons. The hypothesis tested in 

the upper panel is that the change in average bid-to-value ratios from one stage to another 

increases less as δ decreases (H5). Those tested in the lower panel are that the average bid-to-

value ratio in stage t < 4 increases as δ decreases (H6) and that average bid-to value ratios for 

the last stage t = 4 are equal across treatments (H7). The test results support H6 and H7 since 

they reject the null of equal average ratios for the first three stages and they do not reject it for 

the last stage. However, the data do not support H5 when the δ0.8 and δ1.0 treatments are 
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compared. Also, the behavior of low value bidders does not support H5 and H6 and the one of 

high value bidders does not support H7 when the δ0.8 and δ1.0 treatments are compared. We 

provide an intuition for such inconsistencies with the RNNE predictions in the next section. 

 

Table 4: Average Bid-to-Value Ratios and Within-Treatment Comparisons 
 Treatment δ0.6  Treatment δ0.8 Treatment δ1.0 
 1st 2nd 3rd 4th  1st 2nd 3rd 4th 1st 2nd 3rd 4th 
 [.728] [.720] [.733] [.800]  [.631] [.654] [.700] [.800]  [.500] [.571] [.667] [.800] 
 .794 .804 .813 .815  .717 .746 .768 .803  .651 .702 .735 .786 
 D1 D2 D3  D1 D2 D3  D1 D2 D3 

All 
H 
L 

1.00 
1.00 
1.00 

.016 

.047 

.016 

.500 

.156 

.281 

 .016 
.016 
.016

.016 

.016 

.016 

.016 

.016 

.016 

 .016 
.016 
.016 

.016 

.016 

.016 

.016 

.016 

.016 
Note: RNNE bid-to-value ratios in brackets; Dt refers to the difference between the average bid-to-value ratios of 
stage t and those of stage t+1. Wilcoxon Signed Ranks one-tailed test results; significance levels in italics; All: 
All bidders; H: High-value bidders; L: Low-value bidders.  

 

 

 Table 5: Cross-Treatment Comparisons of Differences 
 

  D1 D2 D3  
δ0.6~δ0.8 All 

H 
L 

 .001  
.002 
.090 

.021 

.002 

.066 

.021 

.033 

.033 

 

δ0.8~δ1.0 All 
H 
L 

 .008 
.066 
.409 

.047 

.047 

.954 

.090 

.001 

.531 

 

 
Cross-Treatment Comparisons of Average Bid-to-Value Ratios 
  1st

 2nd 3rd 4th 
δ0.6~δ0.8   All 

H 
L 

.002 

.001 

.021 

.004 

.001 

.047 

.047 

.021 

.047 

.394‡ 

.132‡ 

.818‡ 
δ0.8~δ1.0 All 

H 
L 

.004 

.001 

.650 

.033 

.001 

.803 

.033 

.001 

.706 

.310‡ 

.015‡ 

.699‡ 
Note: Mann-Whitney one-tailed test results; ‡: two-tailed tests; 
significance levels in italics; Dt refers to the difference between the 
average bid-to-value ratios of stage t and those of stage t+1. All: All 
bidders; H: High-value bidders; L: Low-value bidders. 

 

3.2.4. Risk Neutral Nash Equilibrium Bidding 

Table 6 reports statistics on average deviations from the RNNE bid-to-value ratios. The test 

outcomes indicate that in all treatments, we reject the null of RNNE bid-to-value ratios (H8) 

for the first three stages in favor of a significant overbidding, but not for the fourth stage. We 

also checked for “learning trends” and found no significant convergence of behavior to the 



 18

RNNE predictions as the experiment proceeds, so that these bid patterns appear to be 

persistent over time.4 

 

Table 6: Average Deviations from RNNE Bid-To-Value Ratios 
 Treatment δ0.6  Treatment δ0.8 Treatment δ1.0 
 1st 2nd 3rd 4th  1st 2nd 3rd 4th 1st 2nd 3rd 4th 
 .066 .084 .080 .015  .086 .092 .068 .003  .151 .130 .069 -.014 

All .031 .031 .031 .313  .031 .031 .031 .688  .031 .031 .031 .063 
H .031 .031 .031 .031  .031 .031 .031 .031  .031 .031 .031 1.00 
L .156 .031 .031 .313  .063 .031 .031 .438  .031 .031 .031 .063 

Note: Wilcoxon Signed Ranks two-tailed test results; significance levels in italics; All: All bidders; H: High-
value bidders; L: Low-value bidders. 

 

According to previous studies of bidding behavior in single-unit first-price auctions with 

private-independent values (Cox, Roberson and Smith, 1982, and Cox, Smith and Walker, 

1988), our data would suggest that bidders behave as if they were risk averse for the first three 

units and as if they were risk neutral for the fourth unit. However, McAfee and Vincent 

(1993) show that for such sequential auctions, increasing symmetric Nash equilibrium 

strategies do not exist if buyers display constant relative risk averse (DARA) preferences and 

that allocations are not necessarily efficient. As this non-existence of increasing equilibrium 

strategies holds for δ ≤ 1, the presence of an overbidding and the use of monotone increasing 

strategies for the first stage of the uncertainty treatments do not support the hypothesis of 

constant relative risk aversion. If subjects were assumed to have NDARA preferences, then 

they should display monotone increasing strategies when δ = 1 and their final bids should be 

greater than risk neutral ones. As the observed behavior does not support the latter two 

predictions, it appears that neither the DARA nor the NDARA hypothesis can consistently 

explain the observed behavior. 

In what follows, we provide a rational for the bid patterns observed in the uncertainty 

treatments by casting the behavioral hypothesis that bidders formulate a belief *δ  about the 

true probability δ . We assume in particular that before the first stage takes place, bidders 

formulate a pessimistic belief *
1δ δ<  about the probability of occurrence of a second stage, 

and that a losing bid in stage t reinforces this pessimistic belief *
1δ  for stage t + 1, so that 

                                                           
4 We checked for convergence by testing whether the average absolute difference between observed and RNNE 
bid-to value ratios was decreasing or not over time with Spearman correlation tests. We also checked if the 
average absolute deviation from RNNE was greater in the 25 first rounds than in the 25 last rounds and found no 
significant pattern. 
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* *
1t tδ δ δ+ ≤ <  for t = 1, 2. Since there is no more uncertainty about future supplies once the 

fourth stage is reached, this hypothesis would not explain overbidding in the last stage of a 

sequence. To this extent, the non-rejection of the RNNE prediction for the last stage of these 

treatments would support this behavioral hypothesis. 

Table 7 reports for each of the first three stages of the uncertainty treatments, the highest 

estimate of *
iδ  such that deviations from the corresponding RNNE bid-to-value ratios would 

not be significant. The figures suggest that in both of these treatments, subjects’ bid as if 
*
1δ δ<  and as if these beliefs worsen as the sequence unravels. Notice that with such beliefs 

for the δ0.6 treatment, consecutive equilibrium bids would also be increasing for the first 

three stages, which is line with the test outcomes reported in Table 4.5 

 

Table 7: Estimated Beliefs *
iδ  when δ =0.6 and δ=0.8 

 Treatment δ0.6 Treatment δ0.8 
 1st 2nd 3rd 1st 2nd 3rd 
*
iδ  
 

0.45 
[.782] 

0.3 
[.801] 

0.15 
[.808] 

 0.65 
[.707] 

0.60 
[.720] 

0.55 
[.742] 

 .011 .002 .005  .011 .026 .027 
 .156 .563 .438  .689 .219 .219 

Note: Average RNNE bid-to-value ratios, assuming *
iδ  in brackets; Average deviations 

from RNNE bid-to-value ratios, assuming *
iδ ; significance levels in italics (Wilcoxon 

Signed Ranks two-tailed test results). 
 

When we check the bidding behavior of low and high value bidders, the figures in Table 

6 show a significant overbidding for the latter in all stages and no overbidding for low value 

bidders in the first and fourth stages. In terms of our misperception hypothesis, high value 

bidders would be more likely to formulate pessimistic beliefs about the available supply as the 

auction proceeds than low value bidders. Also, as the differences between the consecutive bid 

increments of high and low value bidders are not significant from one stage to another (cf. 

Table A in Appendix 4), losing an auction-stage would equally affect their behavior. To this 

extent, the overbidding by high value bidders in the last stage of the uncertainty treatments 

                                                           
5 For this treatment, an estimate of *

3 0.2δ =  would yield an equilibrium bid-to-value ratio of 0.8 for the third 
stage; the same as the one expected for the fourth stage. Therefore, the previous finding that average bid-to value 
ratios for the last two stages were stochastically equivalent (cf. Table 4) would be supported by this hypothesis. 
However, with such an estimate, average deviations from the corresponding RNNE bid-to-value ratios would not 
be significant only at α = .10, so that we opted the more conservative estimate of *

3 0.15δ = . 
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could be seen as the result of the negative feedback from losing the three previous stages 

while having a value greater than 50. 

In the supply certainty treatment, subjects’ bidding departs from the RNNE predictions 

in the first three stages of a sequence but we cannot reject this prediction in the last stage for 

both types of bidders. Since in this treatment, competition increases as the sequence of 

auctions proceeds, the larger consecutive bid increments by high value bidders suggest that 

those bidders who did not bid aggressively in the early stages can be expected to increase 

their consecutive bids more than those who started off by bidding aggressively (cf. Table A in 

Appendix 4). Also, the previous findings that i) bidders tend to use non-monotone increasing 

strategies for the first stage, ii) they increase their bids with past prices when they receive high 

values and iii) we cannot reject the RNNE prediction for high value bidders in the first stage, 

suggest that upon receiving a high value in this treatment, subjects “wait-and-see”, i.e., they 

start by not bidding aggressively (i.e., submitting RNNE bids) and by bidding more 

aggressively as the auction proceeds. The aggressive bidding of subjects who receive low 

values would then be motivated by the prospect of making a profit if those subjects who 

receive a high value bid too low on these first units. Such an ex-post asymmetric behavior, 

which is not supported by the symmetric predictions of the model, would also explain the 

lower percentages of allocations of the first three items in this treatment (cf. Figure 2). 

 

3.3. Price behavior 
3.3.1. Average Prices and Cross-Treatment Comparisons 

A foreseeable consequence of overbidding in first-price auctions is that the observed prices 

should exceed those expected in the RNNE. We report in Table 8 the “expected” and the 

observed average price statistics.6 A series of one-tailed Wilcoxon Signed Ranks test (not 

reported here) indicate that we reject the null hypothesis (H9) of equality in favor of the 

alternative that average prices are greater than expected in all stages of all treatments (in all 

cases, p = .016). Such a rejection for the last stage therefore suggests that only winning bids 

were significantly greater than those expected in the RNNE. 

We check whether the average price in stage 4t <  increases with supply uncertainty 

(H10) and whether it is equal across treatments for the last stage (H11) with one-tailed Mann-

Whitney tests. The test outcomes are reported in the lower panel of Table 9. As the null 

                                                           
6 The “expected” price statistics are the ones that would be observed if all bidders submitted RNNE bids.  
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hypothesis of equality is rejected for all 4t <  but not when 4t = , the data supports both 

predictions.7 

 

Table 8: Average Prices and Within-Treatment Comparisons 

Treatment δ0.6  Treatment δ0.8 Treatment δ1.0 
1st 2nd 3rd 4th  1st 2nd 3rd 4th 1st 2nd 3rd 4th 

[64.8] [56.2] [49.6] [45.9]  [56.1] [51.1] [46.8] [45.3]  [44.7] [44.6] [44.7] [44.9] 
75.5 67.8 60.7 52.5  66.8 61.0 55.1 49.6  51.7 51.0 50.2 49.5 

D1(p) D2(p) D3(p)  D1(p) D2(p) D3(p)  D1(p) D2(p) D3(p) 
.016  .016 .016  .016 .016 .016  .219‡ .219‡ .844‡ 

Note: RNNE price predictions in brackets; Dt(p) refers to the difference between the average prices of stage t 
and those of stage t+1; Wilcoxon Signed Ranks one-tailed test results; ‡: two-tailed test results. 

 

Table 9: Cross-Treatment Comparisons of Differences 
 

 D1(p) D2(p) D3(p)  
δ0.6~δ0.8  .033 .008 .001  
δ0.8~δ1.0  .001 .001 .001  

 
Cross-Treatment Comparisons of Averages Prices 

 1st
 2nd 3rd 4th 

δ0.6~δ0.8      .001 .001 .001 .180‡ 
δ0.8~δ1.0 .001 .001 .001 .699‡ 

Note: Mann-Whitney one-tailed test results; ‡: two-tailed test results; 
significance levels in italics; Dt(p) refers to the difference between the 
average prices of stage t and those of stage t+1. 

 

3.3.2. Price Trends 

According to Proposition 2, average prices should decline when supply is uncertain and they 

should be constant when supply is certain. We test these predictions by means of a series of 

Wilcoxon Rank Sum tests on the average price samples of each treatment and by means of a 

series of Mann-Whitney tests that check that the average difference of consecutive average 

prices decreases with δ (Η12). The test outcomes are reported in Tables 8 and in the upper 

panel of Table 9, respectively. Both tests reject the null hypotheses of equality in favor of the 

alternative that average prices decline when supply is uncertain and the statistics of Table 8 

indicate that we cannot reject the trend-free prediction (H13) of Milgrom and Weber (1982) 

when supply is certain.  

This trend-free result contrasts with the declining price pattern reported by Keser and 

Olson (1996) for a similar bidding environment (i.e., n = 8, k = 4 and U[0;1000]) but in 

                                                           
7 We also conducted a Kruskal-Wallis test that does not reject (at α = .10, two-tailed) the null hypothesis of 
equal average price distributions across the four stages of this treatment. 
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which subjects played for only 20 rounds. Given that the multi-period nature of these markets 

makes bidding a rather complicated task for subjects, a possible reason for not observing 

trend-free prices in Keser and Olson (1996) could be the subjects’ lack of bidding experience. 

When we conduct our analysis of price behavior for the first 20 rounds of the δ1.0 treatment, 

we also find a significant decline in average prices, so that subjects’ experience in these 

previous experiments may indeed have been too limited for the Law-of-One-Price to be 

verified. 

 

4. Concluding remarks 
In this paper we analyze the effects of an uncertain supply on the formation of bids and prices 

in sequential first-price auctions with private-independent values and unit demands. We 

determine the symmetric risk neutral equilibrium bidding strategies for such an environment 

and test our predictions with experimental data. Despite a significant overbidding and the 

systematic violation of the quantitative predictions for the first three stages of a sequence, we 

find that most risk neutral Nash equilibrium predictions are qualitatively supported by the 

data. For the last stage of a sequence, the observed bidding behavior supports the quantitative 

predictions of this model, whether supply is certain or not.  

Although bidders are ex-ante symmetric in their preferences (i.e., their values are drawn 

with replacement from the same distribution), their behavior changes considerably whether 

supply is certain or not and whether they receive a high or low value. When supply is 

uncertain, subjects’ behavior supports well the risk neutral Nash equilibrium predictions if we 

cast the behavioral hypothesis that they formulate pessimistic beliefs about the occurrence of 

future stages and that these beliefs worsen as the sequence proceeds. When supply is certain, 

50% of subjects display a non-monotone behavior for the first stage of a sequence that 

consists in not bidding aggressively upon receiving a high value and in bidding aggressively 

upon receiving a low value. Such a change in behavior across treatments cannot be captured 

by the usual risk aversion hypothesis and suggests that the apparently innocuous feature of 

supply uncertainty can have a significant impact on bidders’ behavior. Also, the fact that 

prices are trend-free when supply is certain shows that the “Law-of-One-Price” may well 

obtain even if bidders adopt an asymmetric behavior once they receive their respective values.  

Clearly many other features of real-world auctions still need to be taken into account to 

fully assess the effects of an uncertain supply on bids and prices in sequential auctions; these 

include bidders’ multi-unit demands and the presence of affiliated values and/or asymmetric 
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preferences. However, we believe that the model we study captures well the strategic 

implications of an uncertain supply on the formation of bids and prices, and that its laboratory 

testing provides some first insights into buyers’ behavior in such markets. 
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Appendix 1: Proof of Propositions 1 & 2 
 
The proofs closely follow those of Milgrom and Weber (1982) and McAfee and Vincent 
(1993). 

Proof of Proposition 1: 
The proof casts the following Lemma, proved in Laffont and Tirole (1993, p.121). 
 

Lemma A: Consider a twice continuously differentiable function R→Π ))(,,( rbxr  where 

b(.) is a continuous monotonic function of r. If 0|))(,,( =Π =xrr rbxr∂  then sufficient conditions 

are also satisfied: r x=  represent a global optimum for (.,.,.)Π . 

 

To determine the symmetric equilibrium bidding strategies, it is convenient to consider 

the standpoint of a given buyer whose value is x  and who defines Y Y Yn1 2 1> > > −.. as the 

order statistics of the ( )n −1  other values. As all values are independently and identically 

drawn from a well-defined distribution F(.)  defined on +R , the distribution of Yl  given the 

realization of Y yl l− −=1 1  and its density are defined as 
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with F y y y F yY t Y tt t
(.| , ,..., ) (.| )1 2 1 1− −= . The symmetric equilibrium bidding strategy at period t 

given the observed realizations of Y1, Y2, …, Yt-1 is denoted by bt(.,y1,...,yt-1) and the 

expression xrr rbxr =Π |))(,,(∂  stands for the first derivative of ))(,,( rbxrΠ  with respect to r. 

The proof proceeds in two steps. It is first shown that if buyers use increasing bidding 

strategies then, in any given stage t a bidder can do no better then to bid b a function of 

min{x,yt-1}. This is done recursively by starting from the last auction stage and by using a 

subgame perfection argument. At each stage t, a bidder will estimate his eventual gain or loss 

from deviating from the symmetric equilibrium strategy given that all other bidders adopt the 

equilibrium strategy and that he will bid at equilibrium in all subsequent stages. The 

equilibrium bidding strategies are then determined in a second step. 

 If the kth auction stage takes place, a bidder's expected profit from deviating in the kth 

stage by bidding as if he has a value rk ≠ x given that he inferred from the previous winning 

bids the (k-1) highest values, takes the following expressions. 
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The first order condition requires that ( , , ( ))| 0
k kr k k k r xr x b r∂ =Π = . From Lemma A, since bk(.) 

is increasing in bidders' values, this necessary condition is also sufficient. For rk ≤ yk-1, it thus 

follows that  
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This is a first-order differential equation which has for boundary condition b(0,.)=0. 

Since ∂r k kk
b x y y( , ,.., )1 1−  is independent of y1,.., yk-1 for any x ≤ yk-1, bk(x, y1,.., yk-1) = bk(x). 

On the other hand, for x > yk-1, bk(x, y1,.., yk-1) = bk(yk-1). The last stage equilibrium bidding 

strategy is thus a function defined by bk(min{x, yk-1}). 

For stages t=1,..,k-1, the bidder's expected profit can be expressed as depending on his 

willingness to deviate from bt(.), given that in stage t+1 he will bid in equilibrium. For the 

next-to-last stage, his expected profit takes the following expression 
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If rk-1 ≤ yk-2, the second line represents the profit a bidder expects for the kth stage given that he 

did not win the previous auction (where he bid as if his value was rk-1 ≤ yk-2) and that he will 
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use his optimal strategy in the kth auction. On the other hand, by bidding in the next-to-last 

stage as if his value was rk-1 > yk-2, that bidder will win with probability one since the bidding 

strategies are assumed to be strictly increasing in bidders' values. 

 The maximization of the bidder's expected profit for the last stage requires that 

1 11 1 1( , , ( ))| 0
k kr k k k r xr x b r∂
− −− − − =Π = . That is, for rk-1 ≤ yk-2 
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The solution of this equation is different whether x > rk-1 or x < rk-1 but it converges to the 

same value as rk-1 approaches x. By setting it equal to 0 at x = rk-1, we obtain the following 

differential equation 
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It follows that the equilibrium bidding strategy for the (k-1)th auction stage is independent of 

y1,.., yk-2 if x ≤ yk-2, so that bk-1(x, y1,.., yk-2) = bk-1(x); and that bk-1(x, y1,.., yk-2) = bk-1(yk-2) if x > 

yk-2. The equilibrium bidding function for the (k-1)th auction stage is thus again defined as bk-

1(min{x, yk-2}) and bids do not depend on past prices. 

 The same procedure is used to define the equilibrium bidding strategies for the (k-2) 

remaining auction stages. At the outset of the sequence, y0 is assumed to be equal to infinity 

(or to the maximum of the support of F(.) if its support has an upper-bound). The tth-stage 

optimal bidding strategy is then defined as bt(min{x, yt-1}). As the bidding strategies are 

monotone increasing in the buyer's valuation, the symmetric bidding strategy bt(min{x, yt-1}) is 

actually equal to bt(x) since x ≤ yt-1, for all t. Therefore, for the kth auction stage, the 

equilibrium strategy has the following expression 
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 and for the next-to-last auction it has the following expression 
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bk-2, bk-3, .., b1 are recursively obtained in a similar way.�  

 

Proof of Proposition 2: 

 
1.  For δ = 1, bk-l(x) = E{X(k+1)|X(k-l) = x} 
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2.  For 0< δ < 1, take the difference between the expected price of the (k-l)th stage (i.e., the 

unconditional expected winning bid) obtained when δ ∈  (0,1) with the one obtained when 

δ = 1. That is,  
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or equivalently, 
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which is positive for any 0 < l < k-1, and increasing with l for any δ ∈  (0,1). For l = 0, this 

expression is equal to zero. By differentiating it with respect to δ, it follows that its sign 

would always be negative for δ >0. �  
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Appendix 2: (Translated) Instructions (0.6-treatment) 

Outline of the experiment 
 
1. In the experiment, each of you will participate in 100 auction rounds. 
2. In each round, up to 4 identical items are sold and you compete with 7 other participants to buy one 
of those. Since there are 8 participants in the auction and since there are at most 4 items to be sold, at 
least 4 of the 8 participants will not get an item in a given round. 
3. You will compete with the same 7 other participants during the 100 rounds.   
4. The items are sold sequentially, one after the other, in up to 4 stages. Once the first item is sold, a 
“Wheel of Fortune” is run. The possible outcomes are Green with a probability of 60% and Red with a 
probability of 40%.  If the outcome is Green, the next stage will take place. Otherwise, the current 
round ends instantaneously, and the next round takes place.  
4. Your objective in a given round is to submit bids to get an item. A bid consists in proposing a price 
of purchase.  
5. In each auction, the participant who submitted the highest bid is awarded the item for a price which 
is equal to his/her bid.  
6. When an item has been awarded to you, you will not be allowed to submit any further bid in that 
round. You will have to wait for the next round, because you can only buy one item a round.  
7. If in any stage of an auction, two or more participants submit the same highest bid, then the winner 
will be randomly chosen among them (with equal probability).  
 
The Gains 
 
8. At the outset of each round, each of you will receive a number that is randomly drawn between 0 
and 100 (any number has the same probability of being drawn). This number represents the value that 
you assign to any of the items sold in that round.  
9. You know your value, but you do not know the values of the other participants.  
10. Your bid may be any number between 0 and 100. If nobody submits a bid greater than 0 in a given 
stage of a round then the round will be cancelled.  
11. If you win and your bid is smaller than your value then you will make a gain that is equal to the 
difference between your value and your bid (i.e., the price you pay).  
12. If you win and your bid is equal to your value then you will make no gain. 
13. If you win and your bid is greater than your value, then you make a loss that is equal to the 
difference between your value and your bid (i.e., the price you pay). 
14. If you do not win, then you make no gain.  
15. The payoff from participating in this experiment will be equal to the sum of all your gains.  
16. Values, bids, prices, gains and payoffs in this experiment refer to Coronas. The exchange rate is 1 
Corona for 5 Ptas. The payoff you made will be anonymously paid to you at the end of the experiment. 
 
The menu 
 
17. At any time during the experiment, you can check your past values, the prices at which previous 
items were sold and the gains you made by looking at the History window, press key "H". 
18. If you want to use the calculator of the program, press key "A". 
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Appendix 3: Estimated Four-Piecewise Linear (Spline) Bid Functions 

 

Treatment: δδδδ0.6 
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Treatment: δδδδ0.8 

       Average
%(bids) for values > 75
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Treatment: δ1.δ1.δ1.δ1.0 

        Average
%(bids) for values > 75

Legend: Stage 1 25.3
Stage 2 21
Stage 3 15
Stage 4 9.3
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Appendix 4  
 

Table A: Average Differences in Stage-to-Stage Bid-to-Value 
Ratios of Low and High Value bidders 

Treatment δ0.6  Treatment δ0.8 Treatment δ1.0 
D1 D2 D3  D1 D2 D3  D1 D2 D3 

.001 .010 -.010  -.014 -.001 .001  -.027 -.034 -.054 
1.00 .219 .844  .156 .438 .438  .031 .031 .031 
Note: Wilcoxon Signed Ranks two-tailed test results; significance levels in 
italics. Dt refers to the difference between the average bid-to-value ratios of 
stage t and those of stage t+1. 

 

 


