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1 Introduction 

The first-price sealed bid auction is empirically important. It has been used for the auctioning 

of mineral rights to U.S. government-owned land; it has also been used in the sales of 

artwork, timber and real estate. Sealed-bid auctions are also of great significance in tendering 

for government procurement contracts (McAffee and McMillan 1989). The standard theory 

which is due to Vickrey (1961) models the first-price auction as a one-shot game since some 

of these markets involve the sale of one single object to a certain group of bidders. Vickrey 

showed that if bidders are risk neutral and values are privately known and independently 

distributed, each bidder bids the expected second highest value assuming she has the highest 

one in the unique Nash equilibrium. Thus, theory predicts that the bid and the price (i.e., the 

high bid) in the first-price auction are an increasing function of market size.1 

This paper reports on an experimental study into the relationship between bids, prices 

and market size in the first-price auction. Since the study aims at studying the behavior of the 

one-shot game, in the experimental design all bids are kept private in order to remove any 

feedback effect following from the observation of other participants’ behavior.2 That such a 

feedback effect occurs in the repeated first-price auction experiment has been documented in 

the recent literature; subjects evidently adapt their bids in the direction of the observed 

competitors’ bids if they receive this information (Selten and Buchta 1998; Duwfenberg and 

Gneezy 2002; Güth et al. 2003; Ockenfels and Selten 2005; Engelbrecht-Wiggans and Katok 

2005; Neugebauer and Selten 2006; Crawford and Iriberri 2007; Neugebauer and Perote 

2007; Ozbay and Filiz 2007). Indeed, the experimental literature on the first-price auction has 

already reported a positive correlation between the bid and the market size (Cox et al 1982; 

                                                 
1 Engelbrecht Wiggans (1980) surveys the theoretical literature on bidding models. 
2 I shall remark that the feedback free experimental approach proposed here, though not yet standard in the 
auction literature, is the state of the art approach in the literature on individual decision making under risk and 
uncertainty. In an individual decision experiment, usually several lotteries are valued and, only thereafter, one is 
played out for real (Hey 1991; Camerer 1995). 
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Dyer et al 1989; Battalio et al. 1990; Kagel and Levin 1993).3 However, given the recent 

evidence on the feedback effect, the possibility cannot be excluded that the observed 

correlation follows from this effect. Furthermore, since most experimental tests of the first-

price auctions have involved a rather small number of bidders, N ≤ 4 (for a survey see Kagel 

1995), a re-examination of the correlation between bids and market size, also for bigger 

market sizes, seems most desirable. Based on the data reported in this study it can be 

concluded that market size matters as the price and the bid-value ratio increase with the 

number of participants in the first-price auction. The observed increase of bids and prices 

seems to be monotonous as suggested by the risk neutral Nash equilibrium, though not as 

steep as predicted. Consequently, bids are more likely to be above [below] the equilibrium for 

the small [big] market size and at equilibrium for some market size (see also Neugebauer and 

Perote 2007). 

The present study involves 164 independent observations gathered in two experiments. 

The first experiment which involves human competitors is reported in the following section. 

The third section reports on the second experiment which involves computerized competitors. 

In the fourth section the bid and price functions of market size are estimated from the 

experimental data. Finally, the fifth section concludes.  

 

2 Experimental study featuring human competitors: HC 

2.1 Design  

The experimental design involves between-subject variation. Each subject was exposed to one 

treatment; the different treatments are completely described by market size N = {3, 5, 7, 9, 

14}. The experiment was computerized (Urs Fischbacher’s z-Tree, 2007). At the beginning of 

the experiment, the computer assigned participants randomly to experimental auction markets 
                                                 
3 Related experimental studies in oligopolistic markets have shown that competition increases with the number 
of oligopolists (Huck et al. 1999, 2004; Duwfenberg and Gneezy 2000; Abbink and Brandts 2007; Brandts and 
Guillen 2007). 
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of size N. Subjects anonymously competed within the same market in 50 experimental auction 

periods. In each auction period, individual private values were independently drawn from a 

uniform distribution over the interval from 0 to 1, multiplied by 100 and rounded to the next 

integer.4 Given the value, the subject had to submit a non-negative integer bid at or below that 

value. According to the first-price auction rule, the winning bidder paid a price equal to her 

bid. In case of a tie, the winner of the auction was randomly chosen among the high bidders. 

Bids were private, i.e., subjects received no information feedback on the winning bid or any 

other bid, and they were not told their payoff in any period. Only after the final period, i.e., 

after 50 periods of bidding, subjects were told their total payoff. During the experiment, each 

subject had an on-screen record of her past private values and bids.  

 

2.2 Procedures 

Experimental sessions were conducted at the Centre for Experimental Economics EXEC at 

the University of York, UK, and at the Leibniz University of Hannover, Germany. Table A1 

in the appendix provides a detailed record of the treatments, number of observations, the year 

and location incurred. At the beginning of the experiment, subjects were given written 

instructions and were asked to read them carefully.5 Thereafter, the experimenter read the 

instructions aloud. Eventual questions were answered. Finally, participants were introduced to 

the simple interface on their computer-screens. At the end of the experiment, subjects were 

debriefed in a questionnaire regarding the actions they took in the experiment and their 

personal details before they were privately paid their cumulative payoff plus a show up fee of 

3£ and 5€ respectively. The average payoff was £9 Sterling and 13€ (about the same amount), 

                                                 
4 From the theoretical perspective, this way of presenting the problem is equal to having values and bids over the 
unit interval rounded to the second decimal. 
5 The instructions are appended to the paper.  
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respectively; including instructional reading the experiment was completed within an hour 

and a quarter.6 

 

2.3 Equilibrium Prediction 

It is a standard result in auction theory that the symmetric risk-neutral Nash equilibrium 

(hereafter RNNE) of the first-price auction involves a bid-value ratio of (N-1)/N (Vickrey 

1961). The RNNE bid can be interpreted as the expected second highest value given the 

bidder has the highest one. Hence, the expected price for values drawn from the uniform 

distribution over the unit interval is equal to the expected high value times the RNNE bid-

value ratio, i.e, (N-1) / (N+1).7  

 

2.4 Experimental results 

In total, 110 first year students (who had never participated in any auction experiment before) 

participated in the HC experiment; 12, 15, 28, 27 and 28 subjects participated in the market 

with N = {3, 5, 7, 9, 14}. Since bids were private, these numbers indicate the number of 

independent observations per market size.8  

 

2.4.1 Bid-value ratio 

The averages of the bid-value ratio are recorded in Table 1 by market size. The first column in 

the table records the market size N; the second one records the number of subjects whose 

average bid-value ratio exceeded the RNNE, (N - 1)/N;9 the third one records the observed 

                                                 
6 The reported task was the first one of several ones in the experiment.  
7 Given the parameters of the experiment, the predicted outcome is this number multiplied by 100. 
8 The experiment conducted at York involved market size N = 7 only. The participants were students of different 
subjects in York, while in Hannover only economics students participated. For the market size N = 7 (the data 
including some replies to the debriefings are detailed in Neugebauer and Perote 2007), there were no significant 
behavioral differences between the samples from Hannover and York.  
9 The bid-value ratio which is a number between 0 and 1 is defined as the quotient of bid and value of a subject 
in a certain period. The average bid-value ratio refers to the average of this quotient in 50 periods. 
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average bid-value ratio; the fourth column records the difference between the observed and 

the predicted bid-value ratio and the fifth one the corresponding p-values of the Wilcoxon 

signed ranks test. These records lead us to the first main conclusion regarding the HC 

experiment.  

 

Observation 1 (HC experiment) 

a) The data indicate both bidding above and below the RNNE. 

b) The bid-value ratio increases with N. 

c) Bidding above the RNNE decreases with N. 

 

Support:  

a) Note that the positive and negative signs in the second last column of Table 1 indicate 

bidding above and below the RNNE, respectively. The p-values recorded in the last 

column show that the differences are significant at the 10% level for all N ≠ 5. 

b) The one-tailed Jonckheere-Terpstra test for ordered alternatives is run on the data of 

individual average bid-value ratios. It rejects the null hypothesis that all samples come 

from the same distribution in favor of the alternative hypothesis that bids weakly 

increase with N with at least one inequality at the 10% significance level; the p-value 

is 0.028.10  

c) The two-tailed Jonckheere-Terpstra test supports the alternative hypothesis that the 

differences between the bid-value ratio and the RNNE ratio decrease with increasing 

N at any conventional significance level; the p-value is 0.000. The Spearman rank 

correlation coefficient between the share of “overbidders” (i.e., subjects whose 

                                                 
10 The null hypothesis that all samples come from the same distribution is tested against the ordered alternative 
that bids weakly increase with N with at least one inequality, see Conover (1999). 
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average bid-value ratio is above the RNNE) and N is -0.975. This correlation is 

significant since the two-tailed p-value is 0.005. 

 

Observation 1 convincingly shows that bidding above the RNNE is not a consistent 

description of behavior in the first-price auction experiment with private bids. Already for 

rather small N (e.g., N = 5) the average bid-value ratio involves no significant bidding above 

the RNNE.11 In contrast to this observation, the experimental results on the repeated first price 

auction design which reveals the winning bid after each period suggest bidding above the 

RNNE for all market sizes N ≤ 10 (see Kagel 1995).12 In line with these two conclusions, we 

report a feedback effect for market size N = 7 for the experimental treatment that reveals the 

winning bid after each round in Neugebauer and Perote (2007). There we show that the bids 

in the feedback design significantly exceed both the RNNE and the bids elicited in the 

presented HC experiment under otherwise identical conditions. 

 

Table 1. Average bid-value ratio and RNNE in the HC experiment 

N 

 

Number of 

observations 

Number of 

“overbidders” 

Bid-value 

ratio 

Bid-value ratio 

٪ RNNE ratio 

Significance level 

of the differencea) 

3 12 8 0.755 0.088 .071 

5 15 10 0.810 0.010 .211 

7 28 10 0.827 -0.030 .065 

9 27 8 0.832 -0.057 .005 

14 28 4 0.842 -0.087 .000 

a) p-values of the two-tailed Wilcoxon signed ranks test; H0: (b/v) = RNNE ratio; H1: (b/v) ≠ RNNE ratio 

                                                 
11 As indicated in Table 1, the share of overbidders is 36% (= 40 / 110). In contrast to this number, one observes 
about the double of this share of overbidders in the feedback information condition which reveals the winning 
bid only after each period (see the data reported in Neugebauer and Perote 2007). As the data in Neugebauer and 
Perote suggest, overbidding immediately sets in after the first revelation of the winning bid. In the HC 
experiment, 39% (= 43 /110) of subjects bid above the RNNE in the first period. 
12 Experimental markets with more than 10 participants have not been investigated before, as far as I know. 
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2.4.2 The price-ratio 

Given that we observe an average bid below the RNNE prediction for greater N it seems 

straight forward to conjecture that the prices, i.e., the winning bids, are below the RNNE 

prediction, too. Yet, this conjecture turns out to be wrong as the following observation shows. 

 

Observation 2  (HC experiment) 

The observed price exceeds the expected one for all N, but the deviation decreases in N.  

 

Support 

The result is supported by a simulation of the winning bids.13 In every single 

simulation, the k⋅N participants of each treatment N are randomly matched into k 

markets of size N. The winning bid in market j = {1, 2,.., k} in a period is the high bid 

submitted in j in that period. The average price in one simulation is then the average 

winning bid in the k markets in the 50 periods. Additionally to this simulated average 

price, the efficient, average RNNE winning bid is simulated. For each of the k markets 

and periods, the RNNE bid-value ratio is applied to the subjects’ values and the 

average RNNE price is computed. The simulated RNNE price is compared to the 

simulated average price. In total 10,000 such simulations were run, the average 

outcomes of the simulations are recorded in Table 2 (including also the share of 

efficient outcomes in these simulations to which we discuss in section 4 of the paper). 

The conclusion is that the simulated average price exceeds the simulated RNNE price 

for each simulation in the markets N < 14. Only for N = 14, the simulated RNNE 

price-ratio exceeds the simulated average price-ratio in some (in 14 out of the 10,000) 

                                                 
13 Since subjects’ information about their competitors in the market and their bids was only probabilistic, the 
actual market composition seems as arbitrary as any other. Therefore, the price data must be simulated. 
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simulations. The likelihood that such an extreme deviation from the expected prices 

occurs by chance is 0.000 in each treatment (see Table 2).14 The deviation of the price-

ratio from the RNNE decreases significantly with N both in absolute and relative 

terms. The Spearman rank correlation coefficient is -1.000. The probability that such 

an extreme correlation occurs by chance is 0.000, too.  

 

Table 2. Prices and efficient allocations in the HC experiment 

N 

 

Number of 

simulations 

Share of efficient 

allocations 

RNNE 

price-ratio 

Average 

price-ratio 

Significance level 

of the differencea) 

3 10,000 0.816 0.481 0.574 .000 

5 10,000 0.743 0.668 0.705 .000 

7 10,000 0.769 0.754 0.784 .000 

9 10,000 0.795 0.795 0.810 .000 

14 10,000 0.774 0.871 0.882 .000 

a) p-values; H0: simulated average price-ratio = simulated RNNE price-ratio; H1: sampled price-ratio ≠ RNNE. 

 

3 Experimental study featuring computerized competitors: CC 

3.1 Design  

In the CC experiment, participants were exposed to one treatment N only, too. However, the 

experimental design differed from the HC experiment in the following aspects. First, the 

experiment involved 100 periods in a standalone modus; subjects completed the task at their 

own pace (the design is described in detail in Neugebauer and Selten 2006). Some subjects 

completed the task in fifteen minutes others took three quarters of an hour (when finished they 

could leave immediately). Including instructional reading, the sessions typically lasted one 

                                                 
14 The observation is not an artifact of the averages over all periods; within the simulation, similar results obtain 
for each period. 
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hour. The software was programmed by means of RatImage (Abbink and Sadrieh, 1995). 

Second, the treatments involved the following market sizes N = {3, 4, 5, 6, 9}, involving one 

human subject and N - 1 computerized competitors. More precisely, the N - 1 computerized 

bids were random drawn numbers from the distribution of integers between 0 and 100. Third, 

the subject faced a value of 100 in every period and had to submit a bid between 0 and 100 

and earned the difference between her value and her bid if the bid was higher or equal to the 

highest competitors’ bid.15 Fourth, although a subject received no information feedback on the 

competitors’ bids, she learned if her bid was winning after every period; thus a subject learned 

whether the highest competitors’ bid was above or below her own. During the experiment, 

each subject had an on-screen record of all past observations including her own bids and 

payoffs. Finally, subjects in the CC experiment did not receive any show-up fee (the average 

payoff was eight Euro) and were, in contrast to the HC experiment, not debriefed in a 

questionnaire. The experiment was conducted at the ESSE laboratory of the University of 

Bari, Italy.  

 

3.2 Experimental Results 

The experiment involves 56 independent observations; 10, 12, 12, 10 and 10 first year 

students (i.e., inexperienced subjects) participated in the auction treatments N = {3, 4, 5, 6, 9}, 

respectively. The averages of the bid-value ratios in the CC experiment are recorded in Table 

3, analogously to Table 1. From the data the following conclusions can be drawn.  

 

Observation 3 (CC experiment) 

a) The data indicate underbidding relative to the RNNE for N ≥ 6. 

b) The bid-value ratio increases with N. 

                                                 
15 Neugebauer and Selten (2006) prove that the best response involves bidding the share (N-1/N) of the value in 
this setting, too. 
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c) Bidding above the RNNE decreases with N.16 

 

Support:  

a) See the test results recorded in the last column of Table 3. 

b) The one-tailed Jonckheere-Terpstra test suggests that bids increase with N; the p-value is 

0.014. 

c) According to the two-tailed Jonckheere-Terpstra test, the difference from the RNNE 

ratio significantly decreases with an increase in N; the p-value is 0.000.17 The Spearman 

correlation coefficient of the share of overbidders and N is -1.000. This correlation is 

highly significant, too; the two-tailed p-value is 0.000. 

 

Table 3. Average bid-value ratio and deviation from the RNNE in CC 

N 

 

Number of 

observations 

Number of 

overbidders 

Bid-value 

ratio 

Bid-value ratio 

٪ RNNE ratio 

Significance level 

of the differencea) 

3 10 7 0.702 0.035 .203 

4 12 8 0.763 0.013 .308 

5 12 5 0.769 -0.031 .272 

6 10 2 0.802 -0.031 .074 

9 10 0 0.812 -0.077 .005 

a) p-values of the Wilcoxon signed ranks test; H0: bid-value ratio = RNNE ratio; H1: bid-value ratio ≠ RNNE. 

 

                                                 
16 Overall, 41% (= 22 / 54) of subjects’ average bids exceed the RNNE in the CC experiment. In Neugebauer and 
Selten (2006) we report, in contrast to this share, that a 75% of subjects’ average bids exceed the RNNE in the 
(more standard) treatment in which the winning bid is revealed after each period. 
17 The data reported in Neugebauer and Selten (2006) show a similar result in the feedback conditions that reveal 
the winning bid only (involving 60 independent observations); the corresponding p-value in that design is 0.041. 
Nevertheless, the number of overbidders does not decrease significantly with an increasing N. Hence, the 
number of overbidders seems to be the more meaningful statistic for the test.  
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Observation 4  (CC experiment) 

The winning bids are not different from the RNNE (with the exception of N = 5). 

 

Support:  

In case of the CC experiment, subjects’ average winning bids are taken as the price-

ratios and compared to the RNNE.18 The winning bids of the computerized 

competitors are neglected as they represent the RNNE. The average RNNE price-

ratios which coincide with the expected price ratio (N-1)/(N+1), since subjects’ value 

is constant, are recorded in the Table 4. The two-tailed Wilcoxon signed ranks test as 

reported in the last column of the table indicates that the difference between the 

individual average price-ratio and the RNNE price-ratio is significant at the 10% level 

only for the treatment N = 5. The deviation of the price from the RNNE-price does not 

decline with N. The Spearman rank correlation coefficient between the difference of 

the price-ratio from the RNNE and N is -0.800. This correlation is not significant at 

the 10% level; the two-tailed p-value of this correlation is 0.104. (The result of the 

Jonckheere-Terpstra test is similar). 

 

4 Heterogeneity and efficiency 

One possible explanation for the apparently odd pattern of lower bid-value ratios and higher 

price-ratios is heterogeneity of behavior.19 As the following proposition shows, the effect of 

bidding above the RNNE has a greater effect on prices than a comparably equal bidding 

below the RNNE.  

 

                                                 
18 The price-ratio is the bid-value ratio of a subject’s successful bids multiplied by (N - 1)/N. In the experiment, 
computerized bids are drawn from the interval between 0 and 1 (multiplied by 100) which corresponds to values 
drawn from 0 to N/(N - 1) as the computerized bids are supposed to apply the RNNE bid-value ratio. 
19 The reader may be reminded that the RNNE assumes homogeneous behaviour and preferences. 
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Table 4. Prices and efficient allocations in the CC experiment 

N 

 

Number of 

observations 

Share of efficient 

allocations 

RNNE 

price-ratio 

Average 

price-ratio 

Significance level 

of the differencea) 

3 10 0.780 0.500 0.520 0.333 

4 12 0.769 0.600 0.630 0.084 

5 12 0.799 0.667 0.680 0.583 

6 10 0.797 0.714 0.729 0.386 

9 10 0.795 0.800 0.800 0.575 

a) p-values of the Wilcoxon signed ranks test; H0: price = RNNE; H1: price ≠ RNNE. 

 

Proposition 

In case of a mean-preserving deviation from the RNNE, the expected price in the auction rises 

above the RNNE. 

 

Proof 

See Appendix A2, where a definition of mean-preserving deviation is given, too. 

 

The proof also indicates that the price is increasing in the variance of bids. Thus, even if the 

average bid-value ratio is below the RNNE, if bids are heterogeneous, the price can be below, 

at or above the RNNE price. A straight-forward consequence of the heterogeneity in bidding 

is thus that market efficiency is decreased, since the bidder’s likelihood of winning increases 

with increasing her bid-value ratio while decreasing the likelihood of winning of all other 

bidders in the market. Tables 2 and 4 indicate that on average about 0.78 of auctions involve 

efficient allocations. Efficiency seems lower than in markets in which feedback information is 
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given after each round.20 Cox et al. (1982) report an average efficiency of 0.88 in 

experimental first-price auctions. This would suggest that heterogeneity is greater in the non-

feedback framework. This suggestion is supported by the data of Neugebauer and Perote 

(2007) for the market size N = 7 and for the all market sizes in by the data of Neugebauer and 

Selten (2005). 

 

5 The bid-value ratio function 

According to the observations 1b) and 3b), the experimental evidence supports the theoretical 

implication that the bid must increase with N. A similar observation has been made also in 

earlier experiments (see Kagel 1995) involving the information feedback condition which 

reveals the winning bid after each auction period.  However, in the presented experiments, 

bidding increases obviously less sharply than predicted by the RNNE; there is apparently 

more competition for small N and less competition for greater N than suggested by the RNNE.  

 

5.1 The model 

In order to formulate the observed average bidding as a function of market size N, we use the 

following ad-hoc bidding model which is linear in value.21 

 

            (1) 

Equation (1) models the bid-value ratio as a function of N > 1 involving two parameters α and 

A > 0;22 v denotes the private value of the bidder and b her bid. The model contains the 

                                                 
20 For the HC experiment with N = 7, the highest efficiency level is 0.855 in the 10,000 simulations. In contrast, 
the smallest share of efficient outcomes in four independent observations of the treatment with information 
feedback (Neugebauer and Perote 2007) was 0.860 and the average level of efficiency was 0.895. In the CC 
experiment (Neugebauer and Selten 2006), there were no significant differences in efficiency for any N. 
However, this fact seems not too surprising as the computerized competitors do not react to the bidding of the 
human subject, while, as we report in Neugebauer and Selten for all treatments, the human subjects adapt their 
actions in hindsight in line with learning direction theory (Selten and Buchta 1998). 
21 Chen and Plott (1998) report evidence for linear bidding in auctions with uniformly distributed values.  
22 Other bid-value ratio functions have been suggested in the literature; Kagel et al. (1987) suggest a bid-value 
function of (1 - A·N-1) and Cox et al. (1982) propose (N - 1)/(N - r), A and r being positive constants. In contrast 

αα
α

−−−=
−
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v
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RNNE, which is the prominent benchmark in the present study, as a special case; thus, the 

observed bidding can be directly related to the RNNE. The RNNE suggests that the bid-value 

ratio is (N - 1)/N, thus, implying the condition (N/A)α = 1 in equation (1).23 This condition has 

the two solutions α = 0 and A = N. For different values of α, the parameter A determines the 

location where bidding is at the RNNE and α determines the steepness of the bid-value ratio 

function of N. For instance, α < 0 implies that bidding is above the RNNE if N > A, that 

bidding is below the RNNE if N < A, and bidding is at the RNNE for N = A, A < ∞.24 The 

opposite characteristic is implied by α > 0; bidding is above the RNNE for small N and below 

the RNNE for large N, i.e., N > A.25 Finally, α = 1 implies an insensitive reply to a marginal 

increase in the number of bidders, i.e., constant average bidding, which is one possible 

outcome if we acknowledge the bounded rationality of subjects (see Crawford and Iriberri 

2007).26 The parameter A would then represent the channel capacity for processing 

information (Miller 1956).  

 

5.2 The bid-value ratio function estimate 

To estimate the bid-value ratio function of N, we transform equation (1) by taking natural 

logarithms.27 Including the index i for the individual and the error term εi, the transformation 

yields the following expression, 

 

            (2) 

                                                                                                                                                         
to equation (1), these models allow either for bidding above or below the RNNE for constant parameter values 
but not both.  
23 If (N/A)α < 1, bidding is above the RNNE, and if (N/A)α > 1 bidding is below the RNNE. 
24 For some parameter values of α < 0 and some N, equation (1) implies negative bidding. As a matter of fact, 
negative bidding is impossible, but not excluded by the model. 
25 If α = 1, bidding is constant for all N, and for greater values, α > 1, bidding decreases in N. Both are rather 
unlikely outcomes for the average behavior, but not excluded by the model.  
26 Hansen (1985) finds that the potential number of bidders makes little difference in empirical forestry auction 
prices.  
27 Since equation (1) contains the equilibrium bid-value ratio as a special case, the estimation of equation (1) 
implies another test (a parametric one) of the RNNE. 

i
i
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v
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This equation is estimated by ordinary least square on the basis of the individual average bid-

value ratio (HC: 110 observations; CC: 54 observations); the estimated coefficient for the 

slope is equalized to (α - 1), and the estimated constant term is equal to -α ⋅ ln A. Thus, we 

obtain the best linear unbiased estimate for the parameters α and A in the two experiments 

(both coefficients -α and (α - 1) in equation (2) are significantly different from zero)28. For 

the CC experiment we estimate the values A = 4.365 and α = 0.612 and for the HC 

experiment, A = 6.239 and α = 0.772. As pointed out above, N = A is the market size for 

which the average bid-value ratio equals the RNNE. The α value shows that the bid-value 

ratio function of N is flatter for the HC experiment than for the CC experiment since the 

parameter value is closer to one. The estimated bid-value ratio functions of N are plotted in 

Figure 1 together with the average bid-value ratios observed in the treatments of the 

experiments and contrasted with the RNNE. A glance at Figure 1 reveals that the estimated 

bid-value ratio functions are quite different between the experiments for small N, but that they 

apparently coincide for greater N. The between-experiment comparison leads us to the 

following observation. 

 

Observation 5 

 The bid-value ratio functions are not different between experiments. 

 

Support:  

A dummy regression is run on the pooled data according to equation (2) but including 

a dummy variable which takes the value one for HC experiment and zero for the CC 

experiment. This dummy variable is interacted on the slope and on the intercept. Both 

                                                 
28 For the CC experiment, the p-values are 0.000 and 0.002. In the HC experiment, the p-values are 0.000 and 
0.051, the latter one being the outcome for the slope (α - 1).   
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estimated coefficients are not significantly different from zero (the p-value of the 

dummy interacted on the intercept [slope] is 0.173 [0.458]). 

 

Indeed, the fit of the model is not perfect; the determination coefficient for the HC estimation 

of equation (2) is 0.035 and 0.171 for the CC experiment. The determination coefficient 

indicates that the heterogeneity of behavior is quite important in the data, in particular for the 

HC experiment (recall the results on prices in the HC experiment).29 One source for the 

heterogeneity in our parameter estimation for the HC experiment is involved in the changing 

values between periods. Subjects’ bid-value ratios are more heterogeneous for lower values 

than for higher values. Such behavior has been noted before (Kagel and Levin 1993; 

Kirchkamp et al. 2006).30 As a matter of fact, low values are excluded in the CC experiment 

by the design. However, for the HC experiment it turns out, that the bid-value ratio function 

estimate of N changes and the determination coefficient increases if we neglect the bids of 

subjects when they receive a value v ≤ 40. For restricted samples involving values v > 40, the 

changes in the estimated bid-value ratio function seem negligible indicating linear bidding for 

these greater values. The restricted sample of values v > 50 which thus seems to be a good 

representation for these greater values induces the parameter estimates A = 10.240 and α = 

0.479. The location parameter A of the restricted sample proposes that the bid-value ratio is 

likely to be above (below) the RNNE for market sizes N < (>) 10, and the steepness parameter 

α suggests that the bid-value ratio curve is closer to the RNNE than the corresponding one of 

                                                 
29 The heterogeneity in bidding behavior was pointed out before in the literature for the repeated setting with 
feedback (Cox et al. 1982; Cox et al. 1988; Van Boeing et al. 1998; Goeree et al. 2002; Pezanis-Christou and 
Sadrieh 2004). 
30 In Neugebauer and Pezanis-Christou (2007), we observe different behavior of low and high value bidders in 
the sequential first price auction. 
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the unrestricted sample.31 The determination coefficient of the estimate on the restricted 

sample is 0.106.32  

 

Figure 1. Bid-value ratio function estimate of market size N 
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The following equation extends the idea of average bid-value ratio as a function of N, 

possibly different from the one proposed by the RNNE, to the price-ratio. Let v  denote the 

upper-bound on the value distribution (zero being the lower-bound) and p denote the price. 

Equation (3) describes the corresponding price functions of market size. 

 

            (3) 

                                                 
31 The differences between observed bids and the RNNE restricted to values v > 50 is significant only for N = 3. 
The number of overbidders relative to the RNNE still decreases significantly in N (the p-value of the Jonckheere 
test is 0.000). On this restricted sample, the share of overbidders is one half for N ≥ 9.  
32 Given that the determination coefficient of the HC on the restricted data is lower than for the CC data, one 
may speculate that feedback information on bidding (even qualitative one) can help to homogenize behavior.  
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Analogously to equation (1), in equation (3) the RNNE implies (N/A)α = 1, which is obtained 

at A = N or if α = 0. To estimate the parameters, we solve (3) for (N/A)α and take the natural 

logarithm of the resulting equation. The regression results show that α is not significantly 

different from zero (the corresponding p-values are 0.321 and 0.339 for the CC and the HC 

experiment). The exact estimates are α = 0.083 and A = 11.95 in the CC experiment and α = 

0.089 and A = 120.50 in the HC experiment.33 Hence, since α reasonably approximates the 

RNNE price-ratio parameter and A < ∞, it seems plausible to conclude that the RNNE price-

ratio fits the observable price-ratio reasonably well at least for some N. The plausibility of the 

conclusion seems further encouraged by the plots presented in Figure 2 and by the following 

observation. 

 

Figure 2. Price-ratio function estimate of market size N 
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33 The estimates of the HC are based on the simulated average price. For the CC experiment, the regression is run 
on the 54 independent observations. 
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Observation 6 

 The price-ratio functions are not different between treatments.  

 

Support:  

The dummy regression is run on the pooled data according to equation (3) analogously 

to the one reported in Observation 5 (but including only the average price-ratio as 

recorded in Table 4 for each treatment in the HC experiment). The coefficients 

estimated for both dummies (i.e., the one interacted on the slope and the one for the 

intercept) are not significant; the p-values are 0.977 and 0.571, respectively.  

 

6 Concluding remarks 

Bids and prices are increasing functions of the number of bidders in first-price auctions. This 

standard result of auction theory has been tested in the present study and has been supported 

by the experimental data. The result is in line with earlier experimental results (Kagel 1995) 

although the experimental design of this study differs from earlier studies in important points. 

In the present study, the feedback effect has been eliminated (in the HC experiment) or 

reduced (in the CC experiment); competitors’ bids were not revealed in hindsight. In the 

experiments, the average bid-value ratio was below the equilibrium prediction for markets 

with greater N and above the equilibrium prediction in markets with small N. This observation 

is one important contribution to the literature as earlier experimental research has suggested 

bidding above the equilibrium for all N in first-price auctions. The bid-value ratio function 

showed that observed bidding differs significantly from the equilibrium bidding. The bid-

value ratio function indicated that observed average bidding is at equilibrium in markets 

between four and ten bidders (the latter number is the estimate for the top half of private 

valuations). Although this range is indicated for equilibrium bidding, the price function lies 

above the Nash equilibrium in this range (though not necessarily significantly). This deviation 
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follows apparently from the considerable heterogeneity in bidding. In the HC experiment, 

heterogeneity can be decreased through revelation of the price after each round, but it does 

not disappear as the results of earlier literature convincingly show (e.g., Cox et al. 1982).  

Since the price function estimates show no significant differences from equilibrium prices, in 

particular for the empirically relevant range,34 the impression is reinforced that Nash 

equilibrium bidding theory does a reasonably good job of predicting laboratory market 

behavior. 

 

Appendix 

Table A1. Experimental sessions 

Experiment Treatment 

N 

Number of 

observations

Year Institution 

HC:   3 12 2007 Univ. of Hannover 

Human  5 15 2007 Univ. of Hannover 

Competitors 7 28 2001 Univ. of York 

 9 27 2006 Univ. of Hannover 

 14 28 2006 Univ. of Hannover 

CC:   3 10 2001 Univ. of Bari 

Computerized  4 12 2001 Univ. of Bari 

Competitors 5 12 2001 Univ. of Bari 

 6 10 2001 Univ. of Bari 

 9 10 2001 Univ. of Bari 

 

 

                                                 
34 Gupta (2002) reports of a maximum number of 19 bidders in empirical studies of government procurement in 
the highway construction industry in Florida. The potential number of bidders is higher; e.g., Brannman (1996) 
estimates seventy potential bidders in the local forestry industry.  
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A2. Definition (mean-preserving deviation) 

Let ε ∈ [0;1), define the bid function of bidder 1 as 

v
N

Nvb )1)(1()(1
ε+−

=         (A1)  

the one of bidder 2 is  

v
N

Nvb )1)(1()(2
ε−−

=          (A2) 

and let the remaining (N-2) bidders bid according to the RNNE, i.e., j ≠ 1, 2,  

v
N

Nvbj
)1()( −

= .          (A3) 

The bid deviation from the RNNE involving the functions as defined in (A1) and (A2) is 

mean-preserving; the average bid-value ratio is the RNNE.  
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Proof of proposition 

Some notation is required. For the ease of the exposition, we use a “~” to emphasize 

randomness. Since the high bid is the price, we are interested in the distribution of the high 

bid, which is given by 

]~Pr[...]~Pr[]~Pr[]~Pr[)( 211)1( bbbbbbbbbF Ni

N

i
≤⋅⋅≤⋅≤=≤Π=

=
    (A5) 

where “Pr” denotes probability, i indexes the individual, and the index (1) denotes the highest 

order statistic, b(1) ≥ b(2) ≥…≥ b(N). The cumulative probability that the high bid does not 

exceed b is the product of the N individual probabilities that i’s bid does not exceeds b. These 

probabilities are defined for the bidders to be 
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Since v is uniformly distributed over the interval [0;1], eq. (A5) rewrites as follows. 
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Differentiate F(1)(b) to obtain its density function: 
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The expected price is the expected high bid in the auction, which we compute as follows. 
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Substituting the integration variable yields 
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Inserting the values in the bidding function gives 
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Integration yields 
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Since we do not necessarily need to compute the expected price for the auction involving a 

mean-preserving deviation from the RNNE, we notice that Pr[b1 = max {b}] > Pr[bj = max 

{b}] > Pr[b2 = max {b}] and that b1/v > bj/v > b2/v. Hence, equation (A13) follows straight-

forward.  
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Showing that the term on the right-hand side of (A13) is greater than the expected price in the 

RNNE, i.e., (N-1)/(N+1), reduces to showing inequality (A14), after some simple operations.  

[ ] [ ] 02)1()1()( 11 ≥−−++≡ ++ NNG εεε       (A14) 

Since ε ∈ [0;1), (A14) is satisfied; note that G(0) = 0, and G’(ε) > 0. Thus, we have shown 

that a mean-preserving deviation from bidding the RNNE leads to an increase in the expected 

price, and the increase grows with ε.  
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A3. Instructions  

1. HC experiment: 

General Information 

1. You are about to participate in 2 x 50 rounds of an auction experiment. In each of these 

rounds, you will be assigned to a group of N bidders:35 yourself and 6 other participants. Your 

group will stay the same throughout the experiment. However, you will not receive any 

information about the identity of the other group members. 

2. In each of the 100 rounds, 1 fictitious item will be sold and you have to submit a bid for it. 

A bid consists in proposing a price of purchase (i.e., an integer number between 0 and 100). 

The Auction Rule 

3. In each auction round, the bidder who submitted the highest bid wins the auction. 

4. If ever the highest bid is submitted by more than one bidder, the winner will be determined 

randomly. (There will be an equal chance for each of them to be selected as the winner).  

5. The winner of the auction round is awarded the item and pays a price equal to her/his bid. 

Your Payoff in the Auction Round 

5. At the outset of each auction round, the computer draws integer numbers between 0 and 

100 at random, one for each bidder. (These numbers are independent of each other.) 

6. One of these numbers will be assigned to you. The number represents your resale value for 

the item for sale. 

7. The resale value determines the amount the experimenter is going to pay you if you win the 

item in the auction round. 

8. Therefore, if you win the item, your round payoff will be equal to the difference between 

                                                 
35 For the instructional sessions N was substituted according to the market’s number of participants N = {3, 5, 7, 
9, 14}. 
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your resale value and your bid. If you don’t win the item your round payoff will be zero. 

9. Note: In order to prevent negative payoffs, you will NOT be allowed to submit a bid above 

your resale value. 

Your Payoff in the Experiment 

10. Round payoffs, bids, prices and resale values will be expressed in the Experimental 

Currency Unit ECU. 

11. At the end of the experiment you will be paid your accumulated payoff of the experiment 

privately in the adjacent office. The exchange rate will be 1 ECU = £0.06 (UK, N = 7); 1 ECU 

= € {0.05, 0.05, 0.10, 0.10, 0.20} (Germany, N = {3, 5, 7, 9, 14}).  

Information feedback 

12. In the first 50 auction rounds: you will not receive any information about prices or 

payoffs. 

13. …  

14. Throughout the experiment you will be given on-screen a record of all information you 

have received in the previous auction rounds (including values, bids, etc.). 

 

2. CC experiment: 

In the experiment you will participate in 100 auctions. 

At the beginning of each round, (N −1) numbers between 0 and 100 are drawn randomly and 

independently (i.e., in each draw every number between 0 and 100 is equally likely).36 

These numbers represent the (N − 1) bids of your competitors in the auction. Without 

knowledge of the others’ bids you will be asked to submit your bid, which can be any number 

                                                 
36 For the instructional sessions (N − 1) was substituted accordingly to the session’s number of computerized 
competitors N − 1 = {2, 3, 4, 5, 8}. Instructions were read aloud. Subjects were encouraged to ask questions in 
case of doubts. 



 27

between 0 and 100. In each round, the highest bid (including your own) determines the market 

price. 

Your bid determines your round payoff as follows: 

If your bid is equal to the price, you will receive the difference between 100 and your bid (i.e., 

payoff = 100 − price) expressed in ECU (experimental currency units), otherwise you will 

receive nothing. The exchange rate will be 1 ECU= 5(N) ITL. At the end of the experiment 

you will be paid your accumulated payoff privately. 

At the end of a round, you will be informed about 

(1) the auction price only if it is equal to your bid,  

(3) your resulting round payoff; (note: if you submit a bid equal to the highest bid of your 

competitors you win the auction without further notice.) 

(4) your accumulated payoff. 

Furthermore, throughout the experiment you will receive on-screen information about all 

corresponding past records. 
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